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Abstract

The compromise effect in consumer choice is widely observed and has been
extensively studied. Standard choice theories typically assume that this context-dependent
behaviour will disappear if decision makers have a chance to explore all options to learn
their true preferences. If this is true, firms will not be able to exploit consumers at
equilibrium. This thesis investigates whether, and under what conditions, the compromise
effect may exist in equilibrium in repeated markets even when consumers have extensive
market experience. It also studies whether the compromise effect can emerge without
attribute trade-offs by focusing on one-dimensional cases. Motivated by relative rank
theory and the idea of contextual inference, this thesis develops two psychological models
in which consumers’ judgements and corresponding choices are influenced both by their
“true” preferences and by information that consumers derive from available options in the
market. According to relative rank theory, consumers’ evaluations of each option are
rank-based and constructed from binary ordinal comparisons within the choice set. Using
the two different models, this thesis shows that the one-dimensional compromise effect
may arise in equilibrium in repeated markets due to consumers’ perceptions of their own
relative position in the population. Computer simulations of the models show that, under
certain conditions, a monopolist may be incentivised to exploit consumers by
manipulating the context of market options to take advantage of the compromise effect
displayed by consumers. This thesis also reports an experiment to test the basic
assumptions of the models. It is concluded that existing models of the compromise effect
are inadequate in that they typically fail to allow for the possibility that the compromise
effect may persist even in equilibrium when consumers have extensive experience and no

attribute trade-off occurs.



Chapter 1: Introduction

This thesis examines how context affects everyday choice. Specifically, it explores
conditions under which the context of market alternatives may have permanent effects on
consumer choice; that is, influences on the interactions between consumers and a
monopolist under market equilibrium'. This thesis goes beyond existing models of
context-based choice, most of which focus on one-off influences of context on choice and
typically fail to address whether the compromise effect (one of the most important context
effects)! will persist in the absence of attribute trade-offs'! as well as the extent to which
the effect may disappear with learning". Although the models developed in this thesis are

intended to address the general issue of the one-dimensional compromise effect in

" In economics, market equilibrium refers to a situation where the quantity demanded of a
commaodity is equal to its quantity supplied at a particular price.

It “Context effect” is a psychological term that represents contextual influences on choice.
More specifically, it describes the phenomenon whereby a decision between two alternatives can
be systematically altered by the presence of other options in the choice set (Prelec, Wernerfelt,
& Zettelmeyer, 1997). One of the most widely documented context effects is the compromise
effect, which dictates that the choice share of an option can increase when that option becomes
the middle option in a consideration set in terms of some physical attribute space (e.g., quality,
price) (Simonson, 1989; Tversky & Simonson, 1993). A more detailed introduction of these two
effects will be presented in Section 1.1 and 1.2.

il Most of existing models of the compromise effect (e.g., Leong & Hensher, 2014;
Sheng, Parker, & Nakamoto, 2005; Simonson, Bettman, Kramer, & Payne, 2013) consider two-
or multi-dimensional cases and many of their accounts fail if there is no need for attribute trade-
offs. Thus, this thesis goes beyond these models by showing that attribute trade-offs are not
necessary for the compromise effect to appear.

v Learning, here and throughout the thesis, means that consumers will infer their own
preferences (partially) through experiencing products in the market and will make future

purchasing decisions accordingly.



equilibrium, the key issues are first illustrated using consumer choice of food portion sizes
as an example.

Over the last four decades, portion and packaging sizes of several nutritionally poor,
energy-dense foods have increased (Nielsen & Popkins, 2003; Piernas & Popkin, 2011),
potentially leading to increased consumption and hence posing a threat to public health
and consumer well-being. The trend toward larger food portions is most manifest and best
investigated in the US (Livingstone & Pourshahidi, 2014; Young & Nestle, 2007), but has
gradually been mirrored in many other Western countries such as the UK (Wrieden,
Gregor, & Barton, 2008), Denmark (Matthiessen, Fagt, Biltoft-Jensen, & Beck, 2003),
the Netherlands (Steenhuis, Leeuwis, & Vermeer, 2010), and Australia (Van der Bend,
2017). An associated problem is overeating and increased caloric intake. A number of
studies (e.g., Diliberti, Bordi, Conklin, Roe, & Rolls, 2004; English, Lasschuijt, & Keller,
2015; Kling, Roe, Keller, & Rolls, 2016) report that given unchanged perceived levels of
biologically determined satiety, expanding portion sizes have a powerful and prolonged
effect on amounts of food intake". This phenomenon is known as the portion size effect
(for reviews, see Benton, 2015). Moreover, attention has been drawn to the potential
contribution of enlarged portion size to the alarming prevalence of overweightness and
obesity¥' (Chandon & Wansink, 2011; Steenhuis & Vermeer, 2009; Young & Nestle,

v Several experimental studies on energy-dense foods, including beverages (Flood, Roe, &
Rolls, 2006), candies (Marchiori, Waroquier, & Klein, 2011), chips (Vermote, 2018), and a pre-
packaged snack (Rolls, Roe, Kral, Meengs, & Wall, 2004) confirm that reducing (increasing)
portion size may lead to reduced (increased) caloric intake, with no significant moderating effect
of appetite or satiety ratings and food characteristics being found. Moreover, a meta-analysis
conducted by Zlatevska, Dubelaar, and Holden (2014) shows that overall consumption rises by
35% with a doubling of portion size.

Vi For example, BMI is found to be positively correlated with the portion size of some
energy dense foods (Rippin, Hutchinson, Jewell, Breda, & Cade, 2019) and of snacks (Albar,
Alwan, Evans, & Cade, 2014). Yet, although a positive association between portion size and

caloric intake has been identified, there is no established causal link between portion size and



2002), together with criticism of marketing’s manipulation of consumer choices and its
responsibility in the obesity epidemic"".

The portion size effect is just one of many phenomena that imply that consumption
choices are driven not just by biological needs but also by contextual cues. The empirical
discoveries of this effect have led to a cluster of perplexing questions about contextual
influences on judgement and decision making. One prominent research question
originates from doubt about the existence of innate, context-independent ideal points.
More specifically, if people possess context-independent underlying preferences that
directly inform choices, why and how are observed choices so susceptible to market
contexts? This query leads to an important, albeit relatively under-discussed, question
regarding the persistence of contextual influences on choice. The example of the long-
lasting increase in portion size might be taken to suggest that changes in consumer

obesity in the literature (Livingstone & Pourshahidi, 2014; Rolls, 2014). This may be because
factors contributing to obesity are complex, making it difficult to examine the direct causal
relationship between portion size and obesity.

Vi There is no clear empirical evidence on whether consumers intrinsically prefer larger-
sized portions or whether their behaviour are shaped by marketers. However, if consumers
demand a supersized product, they could simply buy multiple amounts of it when only small
sizes are available. If so, the portion size effect would not be observed as quantity demanded and
food consumption would remain constant. On top of that, as pointed out by Nestle (2003),
Wansink, and van Ittersum (2007), and Liang, Gemming, Wellard-Cole, and Rangan (2019),
recent portion sizes are normally larger than the United States Department of Agriculture’s and
Australian Dietary Guidelines standard’s recommendation. Therefore, it is widely accepted that
marketing strategies such as setting very low prices for portion upgrades (Dobson & Gerstner,
2010) and introducing premium loss leaders (Smith & Nagle, 1995) tempt people to consume
more than they need and thereby boost the sales of firms (Chandon & Wansink, 2012).

Vil In the thesis, the term “underlying preferences” is defined as “preferences that people
are born with and will not change across choice contexts™. This definition is created to
distinguish inborn, consistent preferences from other types of preferences (e.g., preferences that
are computed during evaluations of options or decision making). A discussion of different types

of preferences and the corresponding terms used in the thesis will be provided in Section 1.3.1.
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demand for food quantity will endure. In other words, consumers may repeatedly choose
and consume suboptimal products even after they have tried the ideal one(s). Perhaps
under some contexts, experience per se is insufficient to help consumers find their true
ideal points and make the corresponding choices, assuming that such ideal points exist.
The observations of enduring context effects also imply that there may be other forces
than ideal points, such as social norms™, that affect consumers’ judgements about products
and downstream choices as well as contribute to the observation of the long-lasting
compromise effect. Yet, if there is no (psychological/ environmental) mechanism that
curtails context-dependent choice behaviour, can firms take advantage of context effects
by manipulating market context to promote their most profitable products? For example,
if selling a larger portion of soft drinks is more profitable, will firms be monetarily
incentivised to increases the sizes of soft drinks they produce to the maximum extent that
is biologically feasible?

Unfortunately, despite the many efforts that have been made to understand
contextual influences on consumer choice, the literature lacks an overarching model that
addresses all of these questions simultaneously. Motivated by this lack, the present thesis
examines the key issues directly by developing alternative models of the compromise
effect based on existing choice theories as well as new empirical evidence. In particular,
the thesis will examine the interactive roles of experience and perceived social norms in
consumer choice and focus on cases where no attribute trade-off occurs during decision
making. Moreover, through investigating shifts of market equilibrium along with context
distortion, the thesis explores how firms may make more profit by intentionally taking
advantage of consumer bias.

This introductory chapter will begin by reviewing the economic theory of rational

choice and its failure to predict behavioural anomalies such as context effects. Then,

* Social influence is crucial in studying consumer choice. To take the example of the
portion size effect: The most common explanation is that portion size may signal a social norm
and recalibrate people’s perceptions of the amount that is appropriate to consume (Herman,
Polivy, Pliner, & Vartanian, 2015; Robinson & Kersbergen, 2018). Other research on social

influence on decision making will be explored in Section 1.3.4.



several economic and psychological models that account for context-dependent choices
will be discussed under three different headings, classified by their assumptions and
arguments. The chapter ends with an overview of the novel models that will be proposed
in the later chapters.

1.1 Standard economics, rational choice theory, and context effects

“Economics is the science which studies human behaviour as a relationship between

ends and scarce means which have alternative uses.” (Robbins, 1932, p. 15)

In the late eighteenth century, economic studies hinged on a debate concerning the
roles of passions, emotions, bodily desires, and reason in human behaviour, mainly based
on observing and analysing pricing and purchasing behaviour in a market. The concept of
the “rational maximiser” subsequently emerged, but its formal definition and properties
were, nevertheless, rather approximate at that time*. In the twentieth century, with
Robbins’ (1932) ground-breaking viewpoint paving the way, rational choice theory
invaded the territory of classical economics and soon became a dominant view of standard
economic theory. Three crucial assumptions about the nature of rational behaviour
became central to mainstream economics.

First, individuals are assumed to possess (or to behave as if they possess) underlying

preferences, which are exogenously determined, enduring over at least a certain period,

* Deriving efficient allocations of resources or optimal actions requires preferences to be
well-defined. However, economists used to believe that people act in order to maximise their
self-interest or satisfy their personal ends, without formalising the meaning of self-interest and
ends, making the theory seem to be virtually tautological (McFadden, 2001).

X Robbins’ redefinition extends the scope of economics to a broad investigation of
incentive-led behaviour in all types of human activities and social interaction. Being forced to
address complex decision-making problems encouraged early economists such as John Hick,
Hendrik S. Houthakker, and Paul Samuelson to develop a more rigorous specification of rational

behaviour.



stable across choice contexts, and amenable to memory storage and retrieval (Brown,
Kingsley, Peterson, Flores, Clarke, & Birjulin, 2008). It is also assumed that preference
orderings over choice alternatives are completely context-independent and rank-ordered
on an ordinal scale (Sen, 1973, 1977). Further, in order to generate a utility
representation X for individuals under perfect certainty, the rationality assumption
requires preference orderings to comply with certain formal axioms. Therefore, in
mainstream economics, the binary preference relation is normally assumed to be complete,
transitive, continuous, strictly monotonic, and strictly convex X" (Hausman, 1992;
Houthakker, 1950; Jensen, 1967; Marschak, 1950). Last, individuals are assumed to have
an ability to rationally choose the right means to realise a given goal or their own ends. In
the language of the standard utility paradigm, this assumption indicates that a rational
agent should be able to select the options that maximise utility function subject to

Xi By definition in economics, a utility function is a function mapping consumption
bundles or choice alternatives to real numbers. Utility values is transformed subjective values
that represent an agent’s ordinal preference orderings. Formally, the utility function, u, is said to
represent preference if for any bundle x and y and a weak preference relation =, u(x) =
u@y) @xzy.

Xiii | et x, y, and z denote consumption bundles in a feasible set X. Suppose % indicates a
weak binary preference relation such that x =z y means bundle x is judged at least as good as Y.
The completeness axiom suggests that Vx,y € X,x = y Vy = x. The transitivity axiom
suggeststhat Vx,y,z € X,x Z y Ay Z z = x Z z. The continuity axiom suggests that for n =
1,2,...,and Vx,y,z€ X,{x"} > yAx" 2 zVn >y z where {x"} = (x},x2,..) refersto a
sequence of options and the arrow — refers to convergence to a limit point. The strict
monotonicity suggests that fori=1,2, ...,and Vx,y € X, x; = y;Vi A x; > y; forsome i = x >
y. These four axioms are necessary and sufficient for the preference relation Z to be represented
by at least one continuous utility function. The addition axiom of strict convexity is used to
guarantee a quasi-concave utility function, which is necessary for the demand functions
generated by utility maximisation to be single-valued, continuous, and differentiable. The strict
convexity axiom suggests that Vx,y e X, x 2 y,y Z zAx#y=>Ax+ (1 -y >2zV0 <
A< 1



prevailing constraints (Afriat, 1967). Altogether, standard economics generally describes
decision makers as being optimising, deliberative, autonomous, and self-regarding, in the
sense that they always behave as if they meticulously evaluate all the possible outcomes
and choose the alternative with the highest utility value based on their innate, static
underlying preferences.

While the approach that standard economic theory employs to approximate human
decision-making has occupied a dominant position in social science for nearly a half-
century, it has long been criticised for its inability to offer a coherent and rigorous account
of observed behaviour as well as lack of predictive capability under some circumstances
(Friedman, Isaac, James, & Sunder, 2014; Levin, Gaeth, Schreiber, & Lauriola, 2002;
Maniadis, Tufano, & List, 2014; Tversky, 1972). Many of these criticisms revolve around
the independence of irrelevant alternatives (I1A) and the regularity principle — two
important properties of rational choice that serve as a root of many economic models. In
accordance with Luce (1959), the former states that the relative choice probabilities of
two alternatives are independent of the choice set in which the alternatives are presented”".
By extension, the I1A posits that the introduction of a new option to the available choice
set must not change the preference order of any pre-existing alternatives® (Bettman, Luce,
& Payne, 1998). Further, the I1A connotes the regularity principle, which states that the
probability of choosing, or the absolute market share of, an option from a choice set cannot
be increased by enlarging the set (Rieskamp, Busemeyer, & Mellers, 2006). Overall, these
two principles imply that if decision makers satisfy the aforementioned assumptions of
rationality, their choices should not, in theory, be influenced by the presence of other

options.

XV At the time of the IIA’s inception, its definition often varies with authors (e.g., Arrow,
1951; Luce, 1959; Radner & Marschak, 1954). Although those definitions were claimed to be
essentially the same by their respective author, they are in fact quite different (Ray, 1973). To
avoid confusions, this thesis will use the definition developed by Luce (1959).

* This extended definition presupposes that choice is purely and directly governed by a

well-defined underlying preference.



However, in practice, numerous counterexamples to the IIA and regularity
principles have been observed in both human (e.g., Tversky & Simonson, 1993; Chernev,
2004) and non-human subjects (e.g., Latty & Beekman, 2011; Lea & Ryan, 2015; Shafir,
Waite, & Smith, 2002). Indeed, shortly after Luce (1959) positioned the IlA as a choice
axiom, Becker, DeGroot, and Marschak (1963) reported a violation of the IIA. As
demonstrated in their work, adding an option to a choice set takes disproportionately more
share of choices from similar ones than from dissimilar ones. This was later termed the
“similarity effect” by Tversky (1972). A decade later, Luce (1977) declared that regularity
was the only axiom of general choice probabilities that had not been experimentally
violated. Yet, history repeats itself. In 1982, Huber, Payne, and Puto used a simple
laboratory study to confirm that the mere addition of asymmetrically dominated or
relatively inferior alternatives increased the absolute share of the alternative that
dominates it. This is known as the attraction effect. Henceforth, research on this topic
continues to flourish, with a growing body of evidence demonstrating the fact that choice
behaviour is often affected by the composition of the choice context, which runs counter
to the traditional assumption that options are ranked independently. Together with more
recent demonstrations of other phenomena, such as the compromise effect"' (Simonson,
1989; Tversky & Simonson, 1993), and the attribute-balance effect™" (Chernev, 2004),
the context-relevant behavioural anomalies are grouped together as context effects.

xi The compromise effect was first identified by Simonson (1989), who distinguished it
from another two context effects — the attraction effect and the similarity effect. Although it is
distinct from those two effects, its violation of regularity (Kivetz, Netzer, & Srinivasan, 2004;
Simonson, 1989) and the 1A (Hutchinson, Kamakura, & Lynch, 2000) are found in many
experiments.

il The attribute-balance effect suggests that a choice alternative with equal attribute
values will be perceived as a compromise option even when it is not positioned in the middle of
the choice set (Chernev, 2004).



1.2 The compromise effect

To answer the research question outlined at the beginning, the present thesis
concentrates on the causes and consequences of one of the most-studied context effects,
namely the compromise effect, and its effect on a firm’s design of product line, market
equilibrium points, and consumer welfare.

By definition, the compromise effect occurs when the choice share of an option is
boosted when it becomes the compromise (i.e., middle) option as a new, non-dominating
option is introduced to the original choice set (Simonson, 1989). The compromise effect
implies that choices are sensitive to the relative positions of options in a consideration set,
with options that are positioned between other non-dominating options being chosen more
frequently than extreme ones (Mdiller, Vogt, & Kroll, 2012). While the compromise effect
contrasts markedly with standard economic theory, it has been documented across various
domains and product categories®'"', ranging from the demand for wine (McFadden, 1999)
and soft drink size choices (Sharpe, Staelin, & Huber, 2008) to healthcare-related
decisions (de Bekker-Grob & Chorus, 2013) and choices of portable computers and
speakers (Kivetz, Netzer, & Srinivasan, 2004). In addition, its practical implications have
been found useful in altering dietary intake (Carroll & Vallen, 2014; Pinger, Ruhmer-
Krell, & Schumacher, 2016; Sharpe, Staelin, & Huber, 2008; Wu, Gong, Chen, & Hu,
2020).

Technically, there are two basic forms of choice-set type employed to examine the
compromise effect. In most studies, the change of choice shares is compared under either
a binary and a trinary choice set or using two triplets, with the binary-trinary set
comparisons receiving more attention. The novel models proposed in the present thesis
will use equal-sized set comparisons (e.g., in a quintuplet-quintuplet case) to investigate

it According to a meta-analysis conducted by Neumann, Bockenholt, and Sinha (2016),
the average magnitude of the compromise effect exhibits substantial variation across the uses of
product and attribute types (e.g., durable vs. nondurable goods, hedonic vs. utilitarian products,
and numeric vs. non-numeric attributes) and experimental methodologies (e.g., using binary-

trinary choice sets vs. trinary-trinary choice set, numbers of trade-off dimensions, etc.).



10

the psychological mechanism behind the one-dimensional compromise effect, together
with its influence on a firm’s optimal menu, market equilibrium points, and consumer

well-being.

1.3 Models of the compromise effect

The existence of context effects undermines some assumptions of rationality, with
some arguing that it proves that humans are irrational, but others defending the idea that
the definition of rationality in standard economics is too narrow and that departing from
this narrowest sense of rationality cannot be counted as irrational behaviour (Thaler, 1992).
Nonetheless, it is undeniable that the violation of the IIA and regularity reveal that
anomalous behaviour belies at least one assumption of rational choice and is incompatible
with many choice theories. In response to this crisis, economists and psychologists have
developed many theoretical explanations built upon various modified assumptions and
experimental evidence.

Most behavioural economic models of context effects retain the classical utility
paradigm with additional ad hoc modifications such as adding an extra element like the
relative position of options (Sharpe, Staelin, & Huber, 2008) or an uncertainty parameter
(Guo, 2016) or introducing psychological factors such as salience (Bordalo, Gennaioli, &
Shleifer, 2013) or limited attention (Manzini & Mariotti, 2014) to a utility function. By
contrast, psychological models are less likely to assume the existence of innate, context-
independent underlying preferences defined over attributes. Far fewer are inclined to
involve utility calculation, with some even assuming no value computation (Vlaev, Chater,
Stewart, & Brown, 2011). Nevertheless, several psychological models (e.g., Howes,
Warren, Farmer, El-Deredy, & Lewis, 2016; Ronayne & Brown, 2017; Wernerfelt, 1995)
implicitly hold that people make choices in order to maximise their utility from
consumption, which is in line with the assumption of maximisation.

The rest of this section will explore some important choice theories and models that
may help to explain the compromise effect. Section 1.3.1 will briefly introduce the debate
about preference stability, which is vital in understanding the theoretical implications of
context effects and assumptions of relevant models. The subsequent subsections will

review prior economic and psychological models of the compromise effect.
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1.3.1 Preference stability

One intuitive interpretation of context-dependent choices is that an individual’s
underlying preference over a choice alternative or an attribute is influenced by the
environment in which the decision is made (Grether & Plott, 1979; Sen, 1993; Simonson
& Tversky, 1992) since choice is typically thought to be purely achieved by preference
maximisation. This viewpoint not only questions the assumption of preference stability,
but limits the applicability of the revealed preference approach, a conventional economic
method for inferring people’s preference from observed behaviour under different
circumstances.

The idea of revealed preferences was first introduced by Samuelson (1938), at a
time when economists were eager to abandon psychological foundations and aspired to
positivism. Unlike the approach of psychologists who strive to uncover the black box of
a decision-making process, the theory of revealed preference works backwards by
assuming that a set of preferences that governs choices can be empirically deduced from
analysing observed behaviour, without needing to assume any functional form of utility
(Richter, 1966) or any underlying psychological or biological causes such as moral
standards, personality, patience, cleverness, etc. (Binmore, 2008). More specifically, this
theory entails that choosing a certain consumption bundle over others reveals that the
chosen one is preferred to other affordable consumption bundles in the consideration set,
given constant income and prices (Samuelson, 1948). Hence, a representative model of
revealed preferences can be legitimately inferred by altering circumstances such as
income or prices or both. Yet, under this framework, context-sensitive choices may
produce revealed preference orderings that are unstable, or may even reverse, across

contexts, which in turn incapacitates the revealed preference approach**.

XX The weak axiom of revealed preference argues that if one product is purchased rather
than another, then it must be so in every case unless there is a change in relevant information for
decision-making such as prices, incomes, product qualities, and so on. In straightforward terms,
it is assumed that choice is consistent under the same circumstance (Mariotti, 2008). This axiom

is required because revealed preference orderings are generated by recording a decision of each
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The evidence of seemingly labile underlying preferences and the failure of the
revealed preference approach accelerated the development of an extreme perspective
according to which there are no innate, context-independent underlying preferences that
can be stored, retrieved and revealed (Lichtenstein & Slovic, 2006; Payne, Bettman, &
Johnson, 1992; Weber & Johnson, 2009), and that therefore preferences are typically
constructed at the time of decision, probably through using arbitrary cues as anchors
(Bettman, Luce, & Payne, 1998; Slovic, 1995; Stewart, Chater, & Brown, 2006). However,
as | will argue in this thesis, context effects may be mistakenly construed as an evidence
of preference construction. As pointed out by Warren, McGraw and van Boven (2011),
the existing literature usually defines preference construction in terms of computation but
operationalises it as context sensitivity, since researchers often confuse preference
incompleteness with preference instability. More specifically, the need to construct
preferences at the time of decision stems from the lack of a complete underlying
preference and/or incompetence in discerning a pre-existing preference, rather than from
preference instability. Put differently, if people are endowed with an underlying
preference that is always retrievable but context-dependent, whereby one is preferred to
another in one context but the reverse in another context, then people would not need to
calculate a specific preference for the choice set (thanks to retrievability) but would still
exhibit context-dependent behaviour. In short, preference construction is not inherently
incongruent with preference stability, nor does stability necessarily imply complete innate
preferences (Bettman, Luce, & Payne, 2008). Accordingly, the first step in appropriately
interpreting the implications of context effects for preference stability is to investigate
whether there exists a set of innate underlying preferences for each attribute or product,
followed by examining their properties such as stability, retrievability, and completeness.

Due to technological and methodological issues, definitive evidence as to the

existence of an innate underlying preference has not yet been gathered. Nor has research

pairwise comparison within the set (Rulli & Worsnip, 2016). If observed choices reverse when a
context changes, or less abstractly, if 1A is violated, the revealed preferences, inferred from

pairwise comparisons, may be inconsistent with the choice made in the original set.
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hitherto directly examined the properties of such preferences if they do exist. In behaviour
genetics, robust heritable effects on variation in attitudes and behaviours, including
overconfidence (Cesarini, Lichtenstein, Johannesson, & Wallace, 2009), prosocial
tendency (Hur & Rushton, 2007), political orientations (Funk et al., 2013), party
affiliation (Settle, Dawes, & Fowler, 2009), and investment decisions (Crongvist & Siegel,
2014), have been identified. Moreover, Simonson and Sela (2011) report that the
propensity to choose the compromise option has a heritable component. They argue that
this genetic predisposition reflects the fact that people are born with different degrees of
susceptibility to behaving in a way that departs from standard economic predictions.
Although these studies appear to confirm that human dispositions and individual
differences have a significant genetic component, they are not sufficient to substantiate
genetically determined underlying preferences. This is because such evidence cannot
exclude the possibility that what genes really affect is the process of preference
formulation. For example, variations in the level of enjoying the burning sensation of chili
peppers among people who grew up in the same village (Rozin & Schiller, 1980) may
come from individuals’ inborn differences in the ability to learn to eat foods containing
chili peppers. Overall, then, past evidence on innate underlying preferences is still
fragmentary.

Even if innate preferences exist, it is difficult to empirically prove whether they are
context-dependent or not. Indeed, acknowledging context effects as cogent evidence of
preference instability is only “in a manner of speaking” since the link between choice and
underlying preferences is more intricate than what standard economic theory, including
the revealed preference approach, assumes. More concretely, as there are numerous
factors that interact with innate underlying preferences in affecting decision-making,
context sensitivity may result from other causes or their joint effects. For instance,
recognition of each option’s objective information, amounts of experiences in selecting
under the same choice set, and a tendency to retrieve underlying preferences may be time-
and context-dependent (Natenzon, 2019; Warren, McGraw & van Boven, 2011). Thus, a
revealed preference elicited from a group of observed choices can reflect multiple forces
under each choice context, rather than a simple innate preference (Smith, 2008). Observed

choice behaviour therefore does not necessarily imply properties of an innate preference.
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Behavioural scientists typically admit the existence of context-insensitive
preferences that are genetically or evolutionarily formed and hard-wired (Durante &
Griskevicius, 2016). One reason behind this is the limited effects of environment on stated
preferences and choices. A simple example could be a preference for a warm over a cold
or hot ambient temperature (Hsee, Yang, & Shen, 2009). Evidently, neither living
environments nor choice contexts can cause people to prefer exposure to extreme
temperatures. This logic can be applied to preferences in other domains such as instinctive
tastes for food attributes. Furthermore, as suggested by Simonson (2008), although the
assumption of innate stable preferences is still non-falsifiable to date, it is a convenient
and powerful device that facilitates theorisation of observed behaviour phenomena and
generation of novel insights.

Most existing models of the compromise effect are based on the default assumption
of preference stability, with some involving preference construction. The definition of
“preference” is slightly slippery in the literature. To clarify, throughout this thesis, the
term “underlying preference” will be used to denote a biologically determined preference,
that exists before the preference objects are considered. In contrast, the term “inferred
preference” indicates a preference that individuals learn™, form, or perceive during the
process of choosing. Conceptually, inferred preferences more or less resemble constructed
preferences. In addition, to capture the possibility that people may not choose solely in
light of their inferred preferences, the term “expressed preference” is employed to denote
observed preference orderings. This classification of preferences allows a more nuanced

investigation into the causes of anomalous behaviour, than current literature does.

1.3.2 Group 1: Preference uncertainty

The first group of accounts of the compromise effect consists of a triad of classic

explanations, namely, justification (Simonson, 1989), the extremeness aversion principle

* |t is important to note that in the models proposed by the thesis, inferred preferences
will (at least partially) come from experience consuming products. “Learning” will thus require

physical consumption.
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(Simonson & Tversky, 1992), and expected-loss minimisation (Sheng, Parker, &
Nakamoto, 2005). Rather than arguing about the nature of preferences, these accounts
assign considerable importance to the issues of uncertainty and decision conflicts, positing
that in conditions of preference uncertainty, people often have difficulty in making a
choice, especially when the decision task involves tackling a conflict associated with how
much of one attribute to forgo in favour of another. In order to cope with this problem, it
is asserted that people tend to resort to pre-coded strategies depending on the choice
environment, and consequently may behave as if they systematically violate rationality.

The need to justify one’s choice is the first documented explanation of the
compromise effect. This narrative account was conceived by Simonson (1989),
suggesting that compromise behaviour arises from a search for reasons either to oneself
or to others as well as a desire to be positively appraised by others. More precisely,
compromise/ middle options are usually perceived as safer and more sensible options as
they can be easily justified by stating that they contain more balanced attribute values,
which potentially helps reduce the likelihood of being criticised (Dhar & Simonson, 2003;
Simonson, 1989). This point of view implies that people often expect their choices to be
assessed by others. It is one of the few explanations of context effects that mention the
importance of interpersonal influence but, unfortunately, it is not further formalised as a
theory. On top of that, the notion of justification is apparently fashioned ad hoc and
oversimplifies the motivations behind decision making.

Some years later, Itamar Simonson and Amos Tversky proposed a more thorough
account of the compromise effect, known as the extremeness aversion principle.
Extending the theory of loss aversion™ to include relative advantages and disadvantages,
Simonson and Tversky (1992) argue that individuals tend to compare advantages and

disadvantages of options with each other with respect to every attribute dimension.

i |_oss aversion was first introduced by Kahneman and Tversky (1979), and is arguably
the most prominent aspect of prospect theory. The concept of loss aversion suggests that
individuals tend to overweight real or potential losses relative to equivalent gains (for reviews,
see Sokol-Hessner & Rutledge, 2019).
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Usually, options have relative advantages in some dimensions and disadvantages in others
and intermediate options have small disadvantages in relation to the other options. As, by
the definition of loss aversion, disadvantages are weighted more heavily than advantages
and marginal values of attributes is diminishing, middle options are normally perceived
to be more attractive than other options. This implies that if more than one attribute needs
to be evaluated, the possibility of attribute conflict may increase, which would enhance
preference uncertainty and then drive extremeness aversion. Put the other way round, this
account tacitly assumes that the compromise effect may be hard to observe in the absence
of attribute trade-offs, making it less useful in explaining one-dimensional cases such as
a change in portion sizes.

Likewise, the idea of expected-loss minimisation (Sheng, Parker, & Nakamoto,
2005) suggests that uncertainty motivates people to undertake value computations in a
decision-making process. More specifically, their model is built based on the idea that
uncertainty affects choice through perceived risk of choice outcome. To capture the effect
of risk on choice, Sheng, Parker, and Nakamoto (2005) use expected loss as a proxy for
measuring risk. Combined with the fact that minimising expected loss is equivalent to
maximising expected gain, when there is uncertainty as to which choice alternative can
produce the highest value, Sheng, Parker, and Nakamoto (2005) argue that consumers
tend to minimise expected losses during decision making in the presence of uncertainty.
Mathematically, the expected loss of a potential choice is calculated as a summation of
the probability of an alternative i being the best choice multiplied by the difference
between subjective values of the potential choice and the alternative i. Accordingly,
individuals who encounter greater uncertainty about subjective values, as reflected by a
more uniformly distributed probability of an option being the optimal one, are more likely
to believe middle options are the best options and therefore exhibit compromise behaviour.
From this perspective, attribute conflicts may increase the likelihood of the compromise
effect through increasing preference uncertainty.

In summary, none of these three accounts specify the properties of preferences.
Instead, the main argument is that when people have little information about preferences
or subjective values in advance, they are more likely to use strategies to make an optimal

decision. This attempt however may make their behaviour seem biased. On the positive
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side, this implies that once preference uncertainty is resolved, choice will be consistent
with the true (underlying) preference, no matter what it is, as people are maximisers™/',
To date, this viewpoint has been indirectly supported by numerous empirical studies. For
example, experimental results show that middle options are less likely to be chosen when
decision makers have complete information about products (Chuang, Kao, Cheng, &
Chou, 2012), when they have more knowledge concerning attribute or option differences
(Sheng, Parker, & Nakamoto, 2005), and when their private self-awareness or self-
confidence in decision making is greater (Chuang, Cheng, Chang, & Chiang, 2013). Since
preference uncertainty is generally assumed to arise from insufficient information or a
lack of knowledge about options, these findings partly support the idea that less
uncertainty makes people more likely to select what they would really like rather than

choosing the compromise one.

1.3.3 Group 2: Informative menu

Along the lines of the first group, models in the second group also recognise the
role of uncertainty in the compromise effect, while differing in explicitly assuming an
accessible and stable underlying preference and in adopting the standard utility paradigm
to model individual behaviour. More importantly, this group of models considers context-
dependence that naturally arises through rational inference based on market context
during decision-making processes. Three behavioural economic models that represent
three distinct facets of this account are described below.

Firstly, it is argued in some economic literature that context effects may be

endogenously driven by context-dependent beliefs. Piermont’s (2017) model provides an

it This implication does not mean the reason-based justification and extreme aversion
accounts exist to resolve the uncertainty. What it actually means is that theories addressed in this
subsection attribute the compromise effect to uncertainty and believe that people deliberately
adopt various strategies to make an optimal decision. Therefore, it is expected that when
uncertainty is resolved (by whatever reasons), these “maximisers” will choose strictly according

to their underlying preferences.
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example. In this model the compromise effect is characterised as a shift in the chooser’s
beliefs about the state space, which is ex ante uncertain and can be inferred through
treating a choice set as a signal about the possibility of different states™". More
specifically, since the utility of an option is contingent on which state of the world is
realised, choosers have to maximise expected utility with respect to the menu-induced
belief over the state space, making their choices likely to change with contexts in response
to the updated beliefs. To illustrate the idea of the model less abstractly, Piermont (2017)
provides the following example of equilibrium market behaviour. Consider a situation
where firms in the market are privately endowed with a profile associated with the quality
of products they supply and the cost of production. Suppose that firms differentiate
themselves by setting different menus, and that consumers are perfectly aware of this
signalling mechanism. To differentiate from low-type firms, high-type firms are inclined
to introduce additional high-quality, high-cost products, which are expensive for low-type
firms to carry. Therefore, in equilibrium, consumers can infer firms’ types by observing
menus. As proved by Piermont (2017), consumers’ optimal decisions under contexts
provided by different types of firms are different. The compromise effect occurs because
consumers choose low-quality, low-priced options (e.g., the first option in an ordered
choice set) or an outside option when they believe the menus are provided by low-type
firms, while choosing slightly better but more costly options (e.g., middle options) when
menus are thought to be offered by high-type firms due to an inclusion of additional high-

il piermont’s (2017) model is an application of signalling theory in economics, which
was initially developed by Spence (2002) with the aim of showing how two parties (e.qg.,
prospective employees and organisations) engage in activities that may lower the level of
asymmetric information between them. According to Spence (2002), when there is information
asymmetry, one party, who holds information about the true state that is hard to be observed by
others, will choose a means to credibly signal the state (e.g., use an education qualification to
signal one’s competence), and the other party will choose a way to interpret the signal. In
Piermont’s model, the monopolist will treat a menu as a signal of quality of its products and
consumers will interpret the menu in a sensible way to obtain information about products’

quality.
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end products. Conversely, if consumers know with certainty which state of the world was
to be realised, choices would be consistent across menus as consumers’ underlying
preferences for alternatives, and thus utility and ex post tastes, are assumed to be the same
across menus.

Interestingly, it is postulated that in a world without state uncertainty, the
compromise effect may still arise when there is a sufficient proportion of uninformed
consumers who infer their preferences over available products from payoff-relevant
information conveyed in menus. Wernerfelt (1995) suggests that knowledge of one’s own
relative position in the population distribution of tastes is enough for the optimal product
to be identified if the entire menu is observed™V. Following from this theory, Kamenica
(2008) argues that even though all consumers correctly know their relative, but not
absolute, tastes and recognise the overall distribution of tastes, the distinction between
technical (e.g., lumen) and hedonic (e.g., brightness) units of quality often makes a
proportion of consumers unsure about the hedonic interpretation of quality. Therefore,
when products are described in technical units, these uninformed consumers need to
rationally infer their preferences from market offerings, which may consequently trigger
seemingly irrational behaviours. More concretely, these uninformed, rational agents can
be assumed to understand that an introduction of high-quality, high-priced products
signals that there exists a great number of consumers who have a high hedonic value of
technical units of quality (e.g., brightness per lumen) since it is not profitable to introduce
the options if consumer characteristics are otherwise. As proved by Kamenica (2008),
uninformed agents may rationally speculate that they are more likely to have high
willingness to pay per technical unit of quality when a firm offers multiple products than
when just one product is sold in the market. Deductively, the overall demand by

uninformed consumers for the second option is greater in a trinary set relative to that in

XV This is based on the viewpoint that product lines are designed to capture consumers’
tastes as much as possible. Hence, rank among products is believed to correspond to a
consumer’s rank in true preference. This idea and relevant experimental evidence will be

explored in detail in the next subsection.
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the binary set — a quintessential exhibition of the compromise effect. Furthermore,
Kamenica (2008) underlines the fact that if many consumers rely on context to make an
inference, the monopolist will be incentivised to manipulate the informational content of
the menu by introducing a costly option of overly high quality that is unprofitable per se,
but effectively improves the demand for other options. This indicates that supply
distortions and compromise behaviour may be present in market equilibrium as long as
there exists a sufficient number of uninformed consumers.

Offering an additional perspective, Guo (2016) develops a novel decision-making
theory called contextual deliberation, which approaches the idea that a choice set is
informative from a completely different angle. As argued by Guo (2016), market context
systematically affects the purchase decision purely through its influence on pre-choice
deliberation. This approach therefore differs from the above-mentioned contextual
inference models in which context per se carries payoff-relevant information. In Guo’s
(2016) model, underlying preferences about available products are ex ante uncertain, even
when product attributes are known. This uncertainty, however, can be (partially) resolved
by engaging in costly deliberation such as retrieval or revelation of preference cues from
memory, reflection of personal need, inspection of product specification and so on. Since
introduction of a new choice alternative to the set may increase the benefits of garnering
information, the incentive for deliberation is enhanced™". Thereby, choice probability will
be increasingly reallocated from prior preferred alternatives that are usually chosen by

feeling to other alternatives that are ex ante not preferred but are optimal under

*¥ This more or less corresponds to the viewpoint of the first group, whereby difficulty of
choice tasks may dispose people to deliberately use cognition to make a decision, and thus
exhibit the compromise behaviour. However, Guo (2016) also notes that it is not always the case
that expanding the choice array can boost the incentive to deliberate. For instance, the level of
deliberation is expected to decline if the newly added alternative obviously dominates other pre-

existing options.
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deliberation; that is, the compromise options™"'. Yet, it is important to note that the
compromise effect may not emerge when the cost of deliberation exceeds a reasonable
range, because this may substantially reduce the incentive to deliberate when the choice
set expands (Guo, 2016).

Despite large differences in proposed decision-making mechanisms, these three
models share similar assumptions. First, models in this group attempt to explain
seemingly irrational behaviour like the compromise effect while embracing traditional
assumptions of rationality used in mainstream economics, including the general axioms
of preferences and the expected utility paradigm. More specifically, these models are built
on the assumption that individuals are, to some degrees, aware of their underlying
preferences regarding existing products Vi and may rationally maximise happiness
gained from consumption. However, in respect of the potential effects of experiences on
decision making, these models have slightly different viewpoints. Though it is not
explicitly mentioned in Kamenica’s (2008) paper, it appears that uncertainty concerning
the value transformation from technical units to hedonic units can be reduced by
experience. It is then reasonable to predict that the compromise behaviour may disappear

Vi The notion that the compromise options are more likely to arise from deliberate
information processing, instead of the adoption of some choice heuristics or simply being based
on feeling has much empirical support (Dhar & Gorlin, 2013). The compromise effect is found
to be less visible if participants’ cognitive resources are depleted, for example, by a
pharmaceutical reduction of brain serotonin levels (Lichters, Brunnlieb, Nave, Sarstedt, & Vogt,
2016) or by increased time pressure (Pettibone, 2012).

xvit piermont (2017) clearly points out that underlying preferences for ex-post outcomes
are fixed and consumers are aware of their state-dependent preferences of products. In other
words, consumers know their preference orderings over products in each state. Slightly
differently, Guo (2016) assumes that although people realise their underlying preferences, the
memory retrieval of these preferences in a decision task may be structurally affected by the
characteristics of the decision context. As for Kamenica (2008), consumers are assumed to only
know their relative position in the population distribution of tastes, although they are endowed

with a stable underlying preference.
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in conditions of repeated purchasing. Likewise, albeit in a slightly different vein, Piermont
(2017) surmises that rational agents will adjust their perceptions of the information
conveyed in a given menu based on their experiences. This makes people’s beliefs about
the state space aligned to the true probability of states and reduces the probability of
manipulation by the supply side. On the other hand, Guo’s (2016) analysis implies that
experience or knowledge of products may increase the compromise effect through
lowering the cost and/ or boosting the need of deliberation. The role of experience in the
relationship between uncertainty and the compromise effect will be explored in more

detail in a later subsection.

1.3.4 Group 3: Social norm models

As mentioned, Kamenica’s (2008) explanation of the compromise effect relies on
the assumption of a rank-order decision rule " proposed by Wernerfelt (1995).
According to this theory, decision makers normally believe that the choice array reflects
the distribution of absolute tastes or valuations in the population. Therefore, in the
presence of uncertainty about preferences and/ or unavailability of attribute information,
decision makers may leverage comparative information about themselves and available
options to infer the optimal decision. One possible way of doing this is to estimate their
relative position among others on a relevant taste, and then choose the alternative whose
ranked position in the market matches decision makers’ estimated relative standing in the
population (Burson, 2007; Simonson, 1993; Wernerfelt, 1995). If the market context
precisely reflects the distribution of taste and the estimate of relative taste is accurate,
choices made using the rank-order decision rule will be identical to the utility-maximising
choice (Wernerfelt, 1995).

However, this choice rule also implies that a shift of choice sets can profoundly alter

decision makers’ inferred preferences and in turn affect the resulting choice through

xviit This choice rule is also referred to as the matching strategy by Burson (2007). The
term “matching” here refers to the process of selecting an option by aligning its rank in an

ordered choice set with the decision maker’s perceived rank in a taste distribution.
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altering perceived social norms, while leaving the estimate of own relative position in the
population unchanged. Based on this idea, Wernerfelt’s (1995) theory explicates a
possible mechanism underlying context-dependent behaviour. Indeed, Wernerfelt (1995)
uses two examples to formally illustrate that the rank-order decision rule may ultimately
give rise to the compromise effect if decision makers first face a smaller and then an
extended set and are unsure about the population rank of products provided in the initial
set since they know the set is censored. Importantly, in both examples, consumers are
assumed to know their true relative taste in the population. The compromise effect is
ascribed to uncertainty about interpreting preference-relevant information revealed by
censored choice sets that first appear because consumers do not know on which side the
censoring occurs.

This theory is supported by multiple experimental studies. Firstly, a preliminary
survey briefly mentioned in Prelec, Wernerfelt, and Zettelmeyer (1997) shows that short
participants often selected the shortest waterproof poncho in the choice set, even though
with perfect information, the optimal one for almost all participants would be the largest
size. Furthermore, in a more thorough experiment, Prelec, Wernerfelt, and Zettelmeyer
(1997) find that across eight distinct product categories, including air conditioners,
cameras, coffeemakers, etc., participants do choose the product whose relative position in
the set on the price-quality Hotelling line matches their estimated relative willingness to
pay in the population distribution. More importantly, their result indicates that, on average,
this inference effect alone explains two-thirds of the magnitude of the compromise effect.
This result constitutes powerful evidence for Wernerfelt’s (1995) theory.

The idea that rational inferences shape choices is confirmed empirically by other
researchers such as Burson (2007), Gershoff and Burson (2011), and Hamilton, Ratner,
and Thompson (2010). Yet, in contrast to the theoretical assumptions of Wernerfelt (1995)
and Kamenica (2008), many of these studies demonstrate that individuals’ self-perception
about their relative standing in population is usually distorted. Bias arises since choice is
made by aligning options with this inaccurate self-perception. One possible, and
straightforward, reason behind the erroneous self-perception is people’s poor judgement
of their own absolute standing on dimensions such as taste, ability, attitude, belief, and

behaviour. Take the example of ability. A low correlation between self-assessed and
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objectively measured ability has often been reported in past research (e.g., Freund &
Kasten, 2012; Krueger & Mueller, 2002; Zell & Krizan, 2014). More importantly in the
present context, several experimental results (e.g., Burson, 2007; Burson, Larrick, &
Klayman, 2006; Kruger, 1999) find that people’s assessments about their skills relative to
others can be manipulated by assigning them to either a hard or easy task. Furthermore,
as pointed out by Burson (2007), manipulation of task difficulty that significantly alters
an individual’s perceived comparative ability may consequently lead to downstream
behaviour of inconsistent product choices. This finding suggests that suboptimal choice
is likely to stem from imprecise perception of comparative position, rather than arbitrary
changes in sizes of choice sets.

Incorrect estimation of the population distribution is another crucial factor
responsible for the flawed estimate of relative position. In the psychology literature, this
type of judgemental error is frequently attributed to the tendency to overestimate the
variability or dispersion of the population distribution (Gershoff & Burson, 2011; Judd,
Ryan, & Park, 1991), which can result from a memory bias for extreme examples
(Gershoff, Mukherjee, & Mukhopadhyay, 2007; Madan, Ludvig, & Spetch, 2014; Nisbett
& Kunda, 1985). More specifically, even when people are fully aware of their true
absolute standing, their overestimation of the popularity of extremes may generate an
estimate of overly dispersed distribution of population, which leads to biases in estimating
relative position (Burson & Gershoff, 2015). Accordingly, Gershoff and Burson (2011)
argue that simply presenting extreme examples of others to a person can effectively shift
his/ her perceived relative position in population and observed choices. Based on this
perspective, it is predicted that better remembering extremes may lead people to feel their
relative position is close to the middle, resulting in compromise behaviour when the rank-
order decision rule is adopted.

A separate line of scholarship holds instead that incorrect estimation of population
distribution may result from extrapolating unrepresentative samples obtained from social
circles to the population. This stream of research (e.g., Galesic, Olsson, & Rieskamp, 2012,
2018; Hertwig, Pachur, & Kurzenhé&user, 2005; Juslin, Winman, & Hansson, 2007) shows
that a majority of people seem to be capable of accurately perceiving information in their

social contacts, but the direct use of the social-circle information to infer population
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properties™™ may predispose them to suffer prediction errors. It is likely that the errors
stem from the fact that in many situations people prefer to interact with like-minded others
and move in similar social circles (Currarini & Mengel, 2016; McPherson, Smith-Lovin,
& Cook, 2001; Smirnov & Thurner, 2017), inevitably yielding far lower variances in
individuals’ social circles, relative to the real population variances, as well as to
unrepresentative samples being generated (Galesic, Olsson, & Rieskamp, 2018).

Not surprisingly, group homophily, together with its contribution to biased
population estimates, has been considered a possible key driver of the false consensus
effect (Kitts, 2003), a well-documented phenomenon referring to an overestimation of
prevalence of one’s own views, traits, and preferences in a general population* (Marks
& Miller, 1987; Mullen et al., 1985). As reported by Galesic, Olsson, and Rieskamp (2018)
and Bruine de Bruin, Galesic, Parker, and Vardavas (2020), the size of the false consensus
effect is positively associated with the extent of homophily in individual social circles.

Extending this notion, it is speculated that people who encounter strong in-group

xix These studies show that regardless of representativeness, people like using their
immediate social circles to estimate broader social environments, while population estimates are
found to be smoother than social-circle distributions. According to Galesic, Olsson, and
Rieskamp (2018), when estimating a population distribution, participants are apt to activate
sample from the biggest category (i.e., the one with largest frequency) first and then proceed
toward the one with the lowest frequency. However, since the frequency of the category
activated first is normally underestimated, population estimates are higher for rare categories in
the social circle and lower for frequent categories, compared to social-circle distributions
(Galesic, Olsson, & Rieskamp, 2018).

*X This pattern of judgemental errors is observed in many real-life scenarios. Take an
example of estimates of national income distribution. Dawtry, Sutton, and Sibley (2015) report
that wealthier Americans, compared to the less wealthy, estimate higher (mean) levels of wealth
in their social circles and the U.S. population. Moreover, Proto and Sgroi (2017) show that in
several distinct domains such as political stance, mobile phone purchases, hights and weights,
etc., people at extremes are inclined to believe themselves to be closer to the middle of the

distribution than is the case.
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homophily while being uncertain about their own characteristics may be deluded into
believing that they are in the categories that the modes of the population distributions
occupy. As a result, if contexts are thought to reflect the population’s true taste
distribution, relative ranks of available options will be regarded as a credible signal of
popularity that indirectly informs false-consensus decision makers of options they are
supposed to choose. Given that many human characteristics and traits, such as 1Q scores,
heights, personalities, and performances, which strongly influence choices, are commonly
presumed to be approximately normally distributed (O’Boyle Jr. & Aguinis, 2012; Sartori,
2006; Uysal & Pohlmeier, 2011), the rank-order decision rule, combined with the above
speculation, predicts that false-consensus decision makers will perceive the middle
options as optimal and thus behave as if they irrationally pursue the compromise options.

Finally, I return to the original principle of Wernerfelt’s (1995) theory. Broadly
speaking, the idea of matching embodies a special form of social influence, whereby
contexts act as social norms that reveals information about the population’s tastes for
decision makers to infer their preferences. Put simply, apart from other types of social
influence such as social conformity, compliance, identification, and peer pressures, the
rank-order decision rule implies that affecting decision makers’ inferred preferences via
context is the main channel through which social norms shape choice.

Relating to the examples of increased portion sizes presented at the beginning of the
chapter, the notion that choice context communicates information about social norms is
reminiscent of the most widespread account of the portion size effect, although its
emphasis is typically placed on the role of other kinds of social influence. A large body
of research in the field of food choice (e.g., Herman, Polivy, Pliner, & Vartanian, 2015;
Rolls, Morris, & Roe, 2002; Wansink, Painter, & North, 2005) has long argued that
portion sizes in the market may subtly set a consumption norm and guide the amount that
is perceived to be appropriate to eat. More importantly, many experimental studies

demonstrate that portion sizes can vary substantially while still being considered equally
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normal and sensible for people to follow™ (Robinson, te Raa, & Hardman, 2015;
Robinson, Oldham, Cuckson, Brunstrom, Rogers, & Hardman, 2016). For instances, one
recent study conducted by Robinson, Henderson, Keenan, and Kersbergen (2019) shows
that exposure to a smaller portion size of snack food leads participants to regard, on
average, the smaller portion size as “normal” and consume less on later food intake. These
studies consistently highlight the perceived link between market context and norms of
appropriate eating, and the effect of this link on consumption choice. Accordingly,
observed choice change, or choice reversal, may be due merely to a change of perceived
norms resulting from context change. This gives rooms for firms to manipulate choice
context (such as portion sizes on sale) to raise profits.

As noted above, the mainstream literature concentrates on discussing how market
context affects choice through setting standards for what constitutes appropriate
consumption. Far less research, unfortunately, delves into contextual influences on
preferences inferred from the market™ . Yet, in fact, Wernerfelt’s (1995) theory can more
or less account for the portion size effects on the basis of social norms. As implied by his
theory, even though context keeps changing, as long as perceived relative standings
remain unchanged, options with the same relative ranks will still be chosen. Of course,
this explanation rests on the assumption that people trust social norm indicators (i.e.,
market contexts) more than their own feelings about products and thereby rationally
calibrate absolute judgements of their own preferences accordingly in order to maintain
the same estimate of relative positions. Furthermore, Wernerfelt’s (1995) theory provides

an alternative, illuminating perspective on why people’s feelings of an option are found

»xi The reasons behind the tendency to converge with social norms are generally thought
to be that conforming to other people’s behaviour is mentally rewarding (Higgs & Thomas,
2016; Klucharev, Hytonen, Rijpkema, Smidts, & Fernéndez, 2009), social norms are believed to
be reasonable and correct (Deutsch & Gerard, 1955; Higgs, 2015), and imitating others is a good
way to smooth social interaction (Chartrand & Bargh, 1999).

Xt A few papers (e.g., Bem, 1972; Higgs, 2015) mention that conforming to social norms
is likely to trigger a change in self-perception and attitudes. But this psychological mechanism is

obviously different from the implication of Wernerfelt’s (1995) theory.
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to shift with its relative rank*>"" as well as why participants tended to purchase a product
with a larger portion following a person who first buys a large one, while the choice is
significantly smaller in size when that person is overweight than being slim (McFerran,
Dahl, Fitzsimons, & Morale, 2010).

In summary, this subsection introduced the rank-order decision rule proposed by
Wernerfelt (1995) and expounded three possible psychological factors underlying the
compromise effect. To recap, Wernerfelt (1995) explains the compromise effect by
arguing that decision makers are unable to correctly employ the rank-order decision rule
under the first-appearing context because they know that the first context does not capture
the general population’s tastes. The compromise effect mainly arises from suboptimal
choice made in the first context. Based on recent experimental evidence on social
sampling, the present thesis surmises that compromise behaviour is possibly precipitated
by inaccurate estimate of population distributions, naturally arising from in-group
homophily and/ or a propensity to remember and activate extreme samples. Despite these
differences, all these accounts indicate that seemingly irrational behaviours can be a result

of rational inferences about one’s innate, context-independent underlying preferences.

1.3.5 Experience in decision-making

Most existing models of the compromise effect assumes uncertainty in underlying
preferences and/or lack of knowledge about options’ features, but often do not make
predictions about whether the compromise effect reduces with experience. Yet, in
everyday life, market involvement is not one-off — consumers normally face the same
purchase tasks repeatedly. Investigating whether experience per se is able to help people
learn their true underlying preferences to defeat contextual influences is thus of great
practical importance.

I consider the empirical findings on this issue first. Much existing experimental

evidence appears to confirm that behavioural anomalies fade out as experience of decision

il Sharpe, Staelin, and Huber (2008) find that a beverage is judged as smaller and more

appropriate when its relative rank is second-largest as opposed to the largest.
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making accumulates. Many experimental studies (e.g., Brouwer, 2012; Hoeffler & Ariely,
1999) find a positive correlation between choice stability and experience in the same
domain. In similar vein, Coupey, Irwin, and Payne (1998), Erev, Ert, Plonsky, Cohen, and
Cohen (2017) and Kramer (2007) observe that experienced choosers on average behave
more consistently across problem frames, choice tasks and elicitation methods than do
inexperienced choosers. In addition, the degree of the willingness to pay and willingness
to accept gap is much smaller for experienced traders (List, 2003, 2004, 2011) and in
repeated experimental markets such as repeated Vickrey (1961) auction experiments®*V
(e.g. Cox & Grether, 1996; Shogren, Margolis, Koo, & List, 2001; Plott & Zeiler, 2005).
Concerning context effects, extensive research (e.g., Brouwer, Dekker, Rolfe, & Windle,
2010; Duncan, 1972; Hoeffler, Ariely, West, & Duclos, 2013) finds that experience may
equip decision makers with information and knowledge about the results of choosing
certain options to overcome uncertainty and boost their confidence about choice, which
are later proved to be helpful in purging the compromise behaviour™*¥ (Chuang, Cheng,
Chang, & Chiang, 2013; Chuang, Cheng, Chang, & Chiang, 2013). To sum up, such
empirical observations seem to support the conjecture that experience gained in a repeated
choice task can cause choosers to become more immune to external influences.

This conclusion is unsurprising from a standard economic point of view. The
economic tradition tends to favour the notion that markets are institutions that help
engagers learn and reveal their underlying preferences (Isoni, Brooks, Loomes, & Sugden,
2016). One relevant early representative theory is Plott’s (1996) discovered preference
hypothesis. This theory captures the idea that rational agents may utilise the market
environment to acquire their underlying preferences by trial and error (Loomes, Starmer,

& Sugden, 2003; Plott, 1996). Therefore, as experience increases, underlying preferences

xxiv A Vickrey auction is a sealed-bid, second-price auction designed by Vickrey (1961),
whereby bidders submit bids while being unaware of the bids of their opponents and the one
who offers a highest bid wins but only needs to pay at the second-highest bidding price.

** This may be because the extreme options are perceived as being riskier than others

(Chernev, 2004), which scares off inexperienced or less self-confident people.
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are expected to become more accessible®*¥! and more able to direct behaviour, promoting
choice stability and consistency (List, 2003). To make it less vague, the hypothesis was
later refined by Loomes, Starmer, and Sugden (2003), where the roles of repetitions,
feedbacks and incentives in preference discovery are specified. By their supposition,
repetitions enhance individuals’ familiarity with choice tasks and options; feedback
informs people of the consequences of certain decisions, and incentives encourage
choosers to behave carefully during tasks. Notably, unlike Plott (1996), this refined
version does not underline the involvement of the market mechanism since other choice
environments that are characterised by these factors may exist. Hence, what this more
developed hypothesis suggests is that as long as decision makers perform the same choice
tasks repeatedly, with incentives and feedback regarding the results of previous trials, the
outcomes will converge to an anomaly-free state (Loomes, Starmer, & Sugden, 2003).
Nonetheless, these are not the only interpretations of the disappearance of anomalies.
This evidence can also be interpreted within an entirely different, and even opposite,
perspective. Despite agreeing on the idea that some learning occur during repeated trials,
the shaping hypothesis holds that people with ex ante blurry preferences have a natural
tendency to adjust their inferred preferences in response to environmental cues®™" which
need not contain relevant information (Loomes, Starmer, & Sugden, 2003, 2010). In other
words, this hypothesis suggests that there are no such things as pre-existing, well-
articulated underlying preferences waiting to be discovered. Rather, people generate an
answer using heuristics to address a task (Loomes, Starmer, & Sugden, 2003). Along the
same lines, Ariely, Loewenstein, and Prelec (2003) experimentally show that subjective
valuations converge to an arbitrary, stable level, subject to contextual or other framing
cues. This adjustment process effectively helps decision makers gradually behave more
coherently and consistently given a fixed context (as if they really have “discovered” their

underlying preferences). Accordingly, the conventional revealed preference approach in

XV In other words, people are more aware of what they truly like and dislike.
xovit Eor example, consumers in repeated markets may refer to the observed market price

to revise their subjective valuations of commodities.
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which underlying preferences are estimated through observed data may be fallacious. In
summary, these viewpoints imply that instead of inducing individuals to act on their
underlying preferences, learning through (market) experiences moves behaviour towards
context-specific patterns, contradicting the predictions of traditional economic theory.

To illustrate this set of ideas more concretely, take an example of the disparity
between willingness to pay and willingness to accept. Based on the shaping hypothesis,
the vanishing of the gap observed in repeated Vickrey auction markets (e.g., Shogren,
Margolis, Koo, & List, 2001) may result from bids and asks being adjusted towards the
market-clearing price presented in the previous periods™ which is not necessarily
affiliated to participants’ true ideal values (Loomes, Starmer, & Sugden, 2003). Moreover,
although the gap is found to be attenuated in a second-price auction, it can still be found
in a strategically similar, second-to-last price auction®™ (Knetsch, Tang, & Thaler, 2001).
Thus, Loomes, Starmer, and Sugden (2003) conclude that decision-making experience
per se may be unable to erode behavioural anomalies, and experimental evidence that
appears to support those arguments may be an artefact of the experimental designs
adopted.

Targeting the conflict between these two contrasting viewpoints, Amir and Levav

(2008) develop a third, and more compatible, argument, in which learning strategy in

il 10 fact, the empirical results of this hypothetical market dynamics are mixed. Tufano
(2010) provides evidence to support the shaping hypothesis, as an alternative to the discovered
preference hypothesis, while Braga, Humphrey, and Starmer (2009) only find a tendency to
lower bids posterior to unpleasant outcomes, rather than an inclination to calibrate bids in terms
of market prices. This suggests that the market may shape consumer behaviour, but maybe not
always in the way depicted by the shaping hypothesis.

xxix Both types of auctions are modified versions of the Vickrey auction. According to
Knetsch, Tang, and Thaler (2001), in the second-price auction, ten mug sellers (buyers) were
told that the seller (buyer) willing to sell (buy) at the lowest (highest) price sells it at the price of
the second lowest (highest) bid. By contrast, in the second-to-last price auction, mug sellers and
buyers were instructed that eight mugs will be sold (bought) at the ninth lowest (highest) price
(Knetsch, Tang, & Thaler, 2001).
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repeated markets depends on the structure of the choice environment. Firstly, they find
that a binary choice set with evident attribute trade-offs may impel decision makers to
evaluate and learn their subjective valuations on each attribute, leading their final inferred
preferences to be relatively stable across contexts. This learning propensity possibly
results from the problem regarding trade-offs between conflicting attributes that people
can only resolve by determining their subjective value for each attribute, as well as the
absence of any effect of salient environmental cues (Amir & Levav, 2008). Contrarily,
when learning in a trinary set, especially in an attraction and compromise paradigm, Amir
and Levav (2008) find that people tend to learn context-specific heuristics* rather than
engaging in arduous value assessment*". The authors then ascribe this tendency to the fact
that an increased number of options creates a greater choice uncertainty that makes it even
harder to learn subjective valuations. In contrast, more pronounced contextual cues may
allow people to address the local choice tasks without relying on relatively vague
underlying preferences (Amir & Levav, 2008). In other words, through interacting with
choice contexts, decision makers learn how they prefer to deal with the local tasks, which
keeps them from needing to figure out their willingness to trade off attributes. However,
compared to trade-off learning, this type of learning strategy may produce stronger
preference uncertainty, less sensitive valuations on an attribute, and more inconsistent
choices as context changes (i.e., as if learning never takes place). In summary, Amir and
Levav’s (2008) findings demonstrate that people do not always attempt to learn subjective
valuations of attributes or the underlying preference relations, which, as a guideline, are
portable across contexts. In some decision-making structures, they may instead favour
relying on contextual cues to develop a context-specific choice heuristic for problem

solving.

XI'For example, in a compromise condition, individuals learn to always select the
compromise option, in lieu of seeking the one they may have an underlying affinity for.

Xl In effect, in some circumstances, people may still engage in trade-off learning under
large contextual influence. For example, experts may intentionally learn knowledge of attribute
values and trade-offs and hence exhibit stronger resistance to environmental influence (Carlson
& Bond, 2006).
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Interestingly, decision making under risk reveals a different story about the impact
of experience. Recent experimental results (e.g., Ert & Lejarraga, 2018; Hadar, Danziger,
& Hertwig, 2018) show that context effects that have been reported in decisions-from-
description studies cannot be observed in situations involving learning from experience'".
Even worse, Spektor, Gluth, Fontanesi, and Rieskamp (2019) find reversals of the
attraction and the compromise effects in decisions-from-experience scenarios, while a
significant similarity effect is still observed. This indicates that the “standard” context
effects may not be robust in decisions-from-experience environments. One possible
reason is that, for context effects to emerge, the differences (or dominance relationships
if any) between lotteries must be large enough for people to clearly recognise'" (Hadar,
Danziger, & Hertwig, 2018; Huber, Payne, & Puto, 2014; Simonson, 2014). This
condition becomes difficult to meet when lotteries’ payoff-relevant information is not
explicitly presented, requiring people to infer it over trials (Frederick, Lee, & Baskin,
2014; Hadar, Danziger, & Hertwig, 2018). Furthermore, this experimental evidence
seems to be better explained with reference to attentional and retrieval biases. As argued
by Spektor, Gluth, Fontanesi, and Rieskamp (2019), the nature of decisions-from-
experience tasks lead options with similar feedback value to inhibit each other in memory
during evaluation, rendering both being perceived as less attractive. In contrast, options

with distinct outcomes are more likely to stand out, receive more attention, and be

Xli Experimental paradigms in decision making research can often be classified into
description-only and experience-only tasks, in which the former, to date, is far more popular in
behavioural research than the latter is (Weiss-Cohen, Konstantinidis, Speekenbrink, & Harvey,
2016). Technically speaking, the distinction between these two paradigms concerns whether
payoff-relevant information is exhaustively described (i.e., information about potential outcomes
of choice alternatives and their associated probabilities are described for decision makes) or
sampled (i.e., which outcomes will occur and what their probabilities may be have to be learnt
through experience since there is no such conclusive information).

it In Amir and Levav’s (2008) language, when differences among (three) options are
clearly perceived, contextual cues become salient and play a dominant role in learning, reducing

the inclination to learn absolute subjective values and willingness to trade off attributes.
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perceived as more attractive, in line with a wealth of past studies on human attention (e.g.,
Krajbich, Armel, & Rangel, 2010; Madan, Ludvig, & Spetch, 2014; Theeuwes, 2010).
The distortion of individuals’ inferences about options’ characteristics eventually drives
decision makers to prefer options that are dissimilar to others (Spektor, Gluth, Fontanesi,
& Rieskamp, 2019). This implies that cognitive biases may play a crucial role in learning
one’s own underlying preferences, causing inferred preferences and resulting choices to
fail to follow true preferences. Such behaviour would be incompatible with the predictions
of the discovered preference hypothesis and its refined version.

To conclude, subject to the structure of the choice set, experience gained in repeated
decision-making tasks may change individuals’ behaviour by helping people learn their
context-independent underlying preferences, possibly with some biases, or learn context-
specific choice strategies from salient contextual cues to cope with the decision problems
they face. Amir and Levav’s (2008) account predicts that the compromise effect will arise
and even persist in repeated markets since the desire to simplify the tasks eclipses the
desire to make an optimal decision as the main driver. This then raises the question of
whether the compromise effect can be eliminated by consumers’ experience, which is one

of the research questions in the present thesis.

1.3.6 Relative Rank Theory (RRT)

Continuing the previous discussion, a model that is useful in understanding the role
of experience in compromise behaviour is introduced in this subsection. The selected
model is RRT, proposed by Brown and Walasek (2018). Note that RRT does not explicitly
suggest a psychological mechanism for the effect of market experience on decision

making. Rather, it holds that the expressed preferenceX'" that guides the final choice is

XV In language of the RRT, the term “expressed preferences” denotes preference learnt
through binary comparisons as well as preference that directs downstream behaviour. That is,
Brown and Walasek (2018) do not distinguish inferred preferences from expressed preferences.

To make the definition of the terms coherent in the thesis, the present subsection does not follow
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constructed via ordinally comparing the consequences of actions in pair¥. RRT is
introduced here because its preference-learning framework will be used to build up the
first proposed model of the thesis and some its major assumptions will be retained in the
second model. An implementation of extended RRT model will be presented in next
chapter, while the following explains RRT in more detail.

The key feature of RRT is that it accepts the assumption from standard economics
of stable underlying preferences to account for individual differences, while injecting this
idea with a behavioural claim that people cannot consciously access the strength of these

underlying preferences®"' and therefore must infer them based on past choices. Due to the

their nomenclature — inferred and expressed preferences are still treated differently when
describing RRT.

XV RRT suggests that it is the expressed (or inferred) preference, rather than the
underlying preference, that directly determines final choices. However, this preference does not
exist naturally — it must be formed by decision makers through a certain preference-learning
process under a choice context. More concretely, in RRT, it is assumed that individuals can
realise their preference over two alternatives only after physically experience them, and this
preference relation should be ordinal and based on the underlying preference. Accordingly, RRT
assumes that the expressed (or inferred) preference is constructed through a series of binary,
ordinal comparisons between a pair of experienced choice alternatives. The whole formation
process of the expressed (or inferred) preference and explanations of relevant assumptions will
be presented in the rest of the section.

Vi The term “cannot consciously access” means that the strength of the underlying
preference can be processed to affect more complex cognitive processes such as decision
making, but itself is unknown to decision makers. That is, despite having a pre-existing
underlying preference that can be processed by the brain, individuals cannot retrieve, and thus
speak out, their true, absolute valuations of options they evaluate or value representation of
consumption utility. According to RRT, individuals can acquire no better than ordinal
information about their underlying preferences over products after consuming or utilising them.
Moreover, it is important to note that the term “consciousness” is rather ambiguous in the

literature. For example, it is typically viewed as “wakefulness” in clinical practice, whereas
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assumption of scale inaccessibility, preference judgements regarding available options are
assumed to be formed by a series of binary, ordinal comparisons of paired options’
consumption outcomes (Brown & Walasek, 2018). More specifically, during preference
construction, the underlying preferences merely underpin the ordinal dominance relation
for each compared pair, whereas they are incapable of revealing any cardinal information
such as by how much one is preferred to another (Brown & Walasek, 2018). As a result,
contrary to Plott’s (1996) discovered preference hypothesis, in RRT the inferred
preferences, that is the preferences that are inferred from outcomes of binary comparisons
in a given context and are responsible for directly and exclusively guiding downstream
behaviour, are defined in relative rank coordinates, not in absolute, real-world quantities.
In other words, the inferred preferences can only be informative about the relative
attractiveness of relative ranks of options. Brown and Walasek (2018) argue that this
context-specific, rank-dependent mechanisms is the cause of seemingly irrational or
biased behaviour!,

There are three key assumptions at the heart of the RRT. First, it assumes that there
exists a context-independent, yet scale-inaccessible, underlying preference, which reflects

usually thought as “awareness” elsewhere (Cavanna, Shah, Eddy, Williams, & Rickards, 2011;
Zeman, 2006). Roughly speaking, in terms of information processing, both “consciousness” and
“awareness” can be defined as the content of one’s subjective experience that may involve in
human information processing and is composed of various psychological processes such as
sensations, thoughts, emotions and memory (Zeman, 2001; Zeman, 2006). Here, however, when
stating the assumption of restricted accessibility to the underlying preference, the thesis tends to
use the term “consciousness” rather than “awareness” since the former is more often used
together with human brain and reflection.

XMt Eor example, people who have derived an inferred preference that suggests an option
lying at the 40 percentile of the choice set is the mostly preferred one may tend to choose the
option with the relative rank equalling to 0.4, even when context changes. This tendency will not
be altered until they re-learn inferred preferences in the new context. Therefore, people may
behave as if they have a preference towards a certain relative rank of products, instead of

towards attribute values.
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properties of a real-world object on an absolute psychological scale. As noted, the
assumed existence of a stable underlying preference is conceptually consistent with the
traditional economic account of preference, in that both perspectives view preference as
an innate characteristic that is formed prior to any choice task and is stable within a person.
Moreover, the assumption that the strength of an underlying preference is not consciously
accessible accords with the long-lasting view of the “strangers to ourselves” perspective
(Wilson, 2002) in social psychology. The theory suggests that decision makers have little
or no direct access to their high-level cognitive processes (Keeling, 2018; Nisbett &
Wilson, 1977) as evidence shows that their stated reasons for choices or ability to predict
their future behaviours may be no better than a friend or stranger’s (Helzer & Dunning,
2012; Jackson, Connolly, Garrison, Leveille, & Connolly, 2015; Vazire & Mehl, 2008).
Following the theory, RRT assumes that people have no conscious access to an internal
subjective scale of an object and that therefore the scale cannot directly underpin the final
choice.

The lack of privileged access to decision-relevant mental facts implies that people
form their judgements possibly through a process of interpreting their own behaviour.
Hence, RRT assumes that preferences are inferred from a comparison sample provided
by individuals’ own past choices. Firstly, this assumption rests on self-perception theory
(Bem, 1967, 1972), which argues that people come to realise their internal states,
including preferences and attitudes, by inferring them from the history of their own
choices, particularly when internal cues are too weak or ambiguous to be recognised. In
other words, the theory suggests that people may adjust their internal values to align with
ex post rationalisation of their choice (Bem, 1967). This resonates with the later-found
phenomenon, namely choice-induced preference change, which shows that the post-
choice subjective valuations of chosen items are usually higher than their pre-choice
estimates (Izuma & Murayama, 2013; Sharot, Fleming, Yu, Koster, & Dolan, 2012;
Sharot, Velasquez, & Dolan, 2010; Voigt, Murawski, & Bode, 2017). This even happens
when the “choice” given to be ex post rated or justified is not decision makers’ intended
one (Hall, Johansson, Téarning, Sikstrom, & Deutgen, 2010; Johansson, Hall, Sikstrom, &

Olsson, 2005). In a nutshell, due to constrained conscious access to the underlying
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preference, decision makers are assumed to infer their preferences through their past
choice.

Further, RRT assumes that the process of constructing inferred preference involves
a series of ordinal, binary comparisons of choice samples in memory. Sample
comparisons are assumed to be ordinal and binary since the underlying preference is
assumed to underpin only ordinal choices between pairs of options that had been ex ante
experienced. This assumption is inherited from the theory of Decision by Sampling
(Stewart, Chater, & Brown, 2006), which asserts that mental judgements are formed based
on pairwise, ordinal comparisons between the target option and other stimuli retrieved
from memory. Also, the view that judgements are formed by a comparison of salient
samples is compatible with a wealth of work in economics (Bordalo, Gennaioli, & Shleifer,
2013, 2020; Jehiel & Steiner, 2020), psychology (Denrell, 2005; Fiedler, 2000; Hertwig
& Pleskac, 2010; Noguchi & Stewart, 2014; Ronayne & Brown, 2017), and neuroscience
(Bornstein & Norman, 2017; Hu, Domenech, & Pessiglione, 2020; Shadlen & Shohamy,
2016). Notice that since the inferred preference is derived from a process of ordinal
comparisons under a particular context, it must be defined in relative rank coordinates.
This property may in turn account for the finding that people’s subjective judgements of
physical stimuli are often relative-rank based and context-sensitive (Aldrovandi, Wood,
Maltby, & Brown, 2015; Boyce, Brown, & Moore, 2010; Niedrich, Weathers, Hill, & Bell,
2009; Riskey, Parducci, & Beauchamp, 1979). In summary, due to the limited cognitive
accessibility of underlying preferences, decision makers are assumed to infer their
preferences through ordinal, pairwise comparisons of experienced options. This rank-
based inferred preference is the one that directly guides final choice.

The distinction between underlying and inferred (or expressed) preferences allows
RRT to complement the literature by explaining “biased” decision making from the angle
of context-specific preference learning while retaining the standard assumption of stable
underlying preferences in economics (as is needed to capture individual differences). This
idea echoes Isoni, Brooks, Loomes, and Sugden’s (2016) proposition that attributing
context-dependent behaviours to completely malleable underlying preference may be too

extreme. In the light of this, the present thesis will adopt RRT’s framework, particularly
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the process of pairwise comparisons, to build up the first model, and will retain some key

assumptions in the second model.

1.4 Gaps, objectives, and thesis outline

Motivated by the observation of the upward shift in portion size and food intake,
the present thesis poses three key questions regarding contextual influences on choice.
The first question is about the existence of an innate, context-independent underlying
preference that guides choice behaviour. If there is one, why and how do people’s choices
often appear to be susceptible to influence by market contexts? Second, it is asked under
what conditions the (one-dimensional) compromise effect will or will not persist in market
equilibrium when consumers have extensive market experience. Further, is there any other
factor that can yield the compromise effect, so that experience per se is unable to
completely remove contextual influences? Finally, the thesis asks how a profit-
maximising firm reacts to consumer bounded rationality and its impact on consumer
welfare.

There is no existing overarching model that addresses these questions
simultaneously. Although models listed above tend to, explicitly or implicitly, assume
stable underlying preferences, many of them do not discuss the role of experience in the
compromise effect. It is speculated here that most models in the first three groups predict
disappearance of the compromise effect in a repeated-purchase scenario since they
generally ascribe the effect to uncertainty about preferences, attribute information, or
choice outcomes. Yet, this makes those models unable to explain the trend in increased
portion size and food intake. Moreover, most of these models do not explore factors that
limit contextual influences. As to firms’ responses, only a few models touch on this topic,
with some demonstrating that firms may have an incentive to introduce a high-end option
that is unprofitable on its own but that nevertheless prompts demand for other goods (e.g.,
Kamenica, 2008) while other models (e.g., Piermont, 2017) do not support this
proposition.

In addition to the failure to answer the proposed questions, there are other common
limitations of existing models of the compromise effect. Firstly, the involvement of

attribute trade-offs in decision making is typically assumed as a default and is sometimes
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viewed as a key driver of the effect (e.g., Dhar, 1996; Simonson, 1989). The possibility
that the compromise effect may exist in a one-dimensional case is often neglected in the
literature. Secondly, many models work only when choice context is shifted from a binary
toatrinary set (e.g., Guo, 2016; Kamenica, 2008; Wernerfelt, 1995). These models cannot
easily be generalised to a scenario where the size of choice set is the same before and after
contextual change. Thirdly, most conventional models do not capture external factors
such as social influences, much less the effect of social norms on preferences inferred

from the market offerings.

1.4.1 Summary of the proposed models

To fill this void, the present thesis goes beyond current theoretical models of the
compromise effect by offering two alternative models based on earlier work and evidence,
namely RRT (Brown & Walasek, 2018), the rank-order decision rule (Wernerfelt, 1995)
and the false consensus effect (Mullen et al., 1985). Both of the proposed models inherit
RRT’s assumption of the distinction between underlying and inferred preferences to
capture individual difference and common behavioural tendencies such as the
compromise effect. Moreover, the idea that consumers learn their inferred preferences
through physically experiencing and/ or observing their own choices is also retained from
RRT. More specifically, the first model assumes that consumers perform a series of
pairwise, ordinal comparisons to infer their preference before making final decisions.
Here, the preference-learning stage and the decision-making stage are separate and one-
way, unless people want to relearn their preferences. Thus, consumers in the first model
will always choose according to the same inferred preference throughout all purchasing
periods. In contrast, the second model relaxes the assumption of this one-way path by
assuming that consumers may choose sometimes based on past choice records, i.e., their
inferred preferences, and sometimes on the “norm-based” preference (defined below) or
randomly. This potentially leads choice and the inferred preferences in the following
rounds to vary across choice rounds.

In both models, norm-based preferences embody the influence of perceived social
norms on people’s inferred preferences. The specific assumption of the norm-based

preference results from the rank-order decision rule, which suggests that people tend to
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choose the product whose rank in the set matches their perceived relative standing in the
population’s taste distribution. Both models assume that the inclination to believe that one
is at the middle of the taste distribution biases the norm-based preference towards
favouring the middle options.

1.4.2 Contribution

With the proposed models and their predictions, the present thesis contributes to the
literature by making the following arguments. Firstly, attribute trade-off is not necessary
for the compromise effect to occur as both models predict that difference in values along
one dimension is sufficient to trigger it. Secondly, the compromise effect may still exist
even in a market equilibrium in which consumers can repeatedly purchase and learn their
preferences through experience. This further implies that the seemingly irrational
behaviour represented by the compromise effect can be a result of a rational, albeit biased,
inference about one’s own underlying preferences. This also highlights the importance of
the ability to accurately estimate one’s own position in the population as well as to identify
deceptive information conveyed by market context. Thirdly, it is posited that the existence
of stable underlying preferences is a crucial factor in preventing market context from
being unlimited. These internal cues may serve to help consumers detect relative
(un)desirability of options. Fourthly, context manipulations by the firm will happen when
it is profitable to do so. This will potentially shrink consumer welfare as distorted menus

mislead consumers more than they educate them.

1.4.3 Thesis Outline

The remainder of the thesis is organised as follows. Chapter 2 and 3 will
respectively present models of the compromise effect with preference learning to address
the research questions outlined above. Both chapters will consist of a formal description
of the model and the market along with several computer simulations. Chapter 4 will
present an experimental study that uses a non-standard approach to test key assumptions
adopted in the proposed models such as the false consensus effect and the rank-order
decision rule. The thesis will close by discussing theoretical and practical implications,

along with limitations and recommendation for future research.



Chapter 2: Model 1

Focusing on the compromise effect, the chapter begins to address the three questions,
identified in Chapter 1. To recap: The first question concerns the existence of context-
independent underlying preferencesVil | Irrespective of the empirical data, it is of
theoretical importance to understand why and how people with context-independent
underlying preferences may still exhibit a compromise behaviour. The second question
then asks about the conditions under which the compromise effect will or will not persist
in market equilibrium when consumers have an opportunity to learn their underlying
preferences by exploring all market offerings. To answer this question, it is important to
investigate whether there are other factors that lead to the compromise effect. These two
questions arise because, in reality, consumers appear not to choose the middle option
under all market contexts, while exhibiting the compromise behaviour under some
contexts despite enormous experience. Therefore, it is essential to identify in advance
what other factors contribute to the compromise effect if experiencing all market offerings
is possible. This chapter examines the informative role of market context and social norms
in compromise behaviour.

The last question relates to a producer’s strategic reactions. In markets where
changing menus is profitable (e.g., in the soft drinks market, a firm can make more profits
by increasing the portion size), what is the firm’s optimal menu-setting strategy in
response to consumers’ compromise tendency? Moreover, the question of how market
equilibrium and consumers’ welfares are affected by distorted product lines is also of

great concern.

Xviii As defined in Chapter 1, the “underlying preference” refers to the preference that is
inborn (i.e., biologically determined) and therefore is context-independent and pre-existing prior
to a choice task. By contrast, the term “inferred preference” denotes a preference that individuals
learn and form assumably from experience consuming choice alternatives during the process of

choosing.
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The lack of an overarching model that tackles all these questions at once points to
the need to develop an alternative, more comprehensive model of context effects. The
present chapter therefore aims to begin development of a plausible psychological
mechanism that underlies consumer behaviour, including learning, to explain why market
experience may result in compromise behaviour and at the same time why it does not
eventually, given firms’ incentives, push attribute values of market offerings to infinity.

The chapter begins by explaining the rationale behind the model, followed by a
formal description of consumer and producer behaviour in the market. Then, several
computer simulations are presented. The simulations first explore a single-consumer case
and then move to a scenario with multiple, heterogenous agents. The chapter ends with a

summary of simulation results as well as their implications and limitations of the model.

2.1 The model

2.1.1 Overview

The first model is built on three theories: RRT (Brown & Walasek, 2018), the rank-
order decision rule and the matching strategy (Wernerfelt, 1995), and the false consensus
effect (Marks & Miller, 1987). The framework of the model is based on RRT. Many
assumptions and rules made in the RRT are retained, including the distinction between
underlying preferences (preferencesy) and inferred preferences (preferences)),
characteristics of these two preferences, the way people infer their preferencesy, and the
criterion for choice deferral. Inspired by Wernerfelt (1995), the model introduces a new
type of preference, namely preferencen (norm-based preferences), to RRT to capture the
idea that consumers usually treat menu and social norms as informative and tend to use
them to assist decision making. This extension allows the model to answer the thesis’
research questions.

In line with RRT, the model assumes that, while individuals are endowed with an

underlying preference, which is defined in terms of context-independent quantities, its
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absolute magnitudes are not consciously accessible*™. Therefore, preferencesy can
underpin only ordinal choices between pairs of alternatives that have been experienced.
In other words, over a pair of options A and B, people can state that they prefer Ato B or
B to A after experiencing both of them, but are unable to indicate how much they prefer
one to another. This restriction requires people to use some decision rules to make a choice
in a set that contains more than two options.

According to RRT, when faced with a choice set people start learning their (rank-
based) preference for each option through a series of binary ordinal comparisons, and the
choice made in each binary comparison is purely guided by their preferencesu. The model
proposed here differs from RRT in that the outcome of each pairwise comparison is also
influenced by environmental factors such as menus. This idea comes from Wernerfelt’s
(1995) theory of market inference. In his theory, consumers often assume that firms make
rational product-design choices given the preference distribution of the population, and
that therefore, when consumers are uncertain about their true, absolute valuations of
products, they may rationally choose the product with a rank that corresponds to their
perceived rank in the taste distribution. For instance, if a consumer believes he/she is at
the 20th percentile of the taste distribution in the population, he/she would choose the

20th percentile option from the ordered set.

Xlix As noted in Section 1.3.6, the term “cannot consciously access” means that the
absolute values of the preferencey over an attribute can be processed by the brain to affect
judgements and decision making, without being aware by decision makers. Therefore,
individuals cannot retrieve, and thus precisely report, their innate, absolute valuations of choice
alternatives they evaluate. In addition, the term “consciousness” and “awareness” have similar
definitions in terms of information processing and thus often used interchanably in the field of
behavioural science. More specifically, both refer to the content of individuals’ subjective
experience that may involve in human information processing (Zeman, 2001; Zeman, 2006).
That being said, when it comes to describing the accessibility of the underlying preference, the
thesis tends to adopt the term “consciousness” since it is more commonly used in depicting

things related to human brain and reflection.
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The results of market inference coincide with the predictions from standard
economics only when consumers know their true relative standing of the population’s
taste distribution and also menus are designed to reflect that distribution. Indeed, a host
of studies such as those of Burson (2007), Gershoff and Burson (2011), and Hamilton,
Ratner, and Thompson (2010) find that many consumers do not make optimal purchase
decisions because they typically have incorrect beliefs about their relative standing. For
example, the false consensus effect reveals that many people overestimate the extent to
which their own attitudes are shared by the population at large (Hoch, 1988; Marks &
Miller, 1987). This highlights the important role of precision of estimation about one’s
relative position in the population in determining the accuracy of market inferences.
Given the idea of market inference, consumers who inaccurately perceive themselves as
an average person will be more likely to choose the middle option. Consequently, the
presence of false-consensus consumers contributes to the observation of compromise
behaviour in the market.

More concretely, the learning process in the model operates as follows. A figure
that visually presents the learning process is displayed in the next subsection (Figure 1).
Firstly, consumers are assumed to hold no prior knowledge of products, but are endowed
with stable underlying preferences, which they cannot consciously access. After seeing
all market alternatives, consumers start inferring their preferences through a series of
binary, ordinal comparisons. For each pair of market options, one option is chosen over
another only when its preferencey value exceeds that of another by a certain amount' (the
threshold criterion). Otherwise, no choice is made for that pair. Consumers are therefore
not forced to make a choice during pairwise comparison. Conversely, if the difference in
preferencesy passes the threshold criterion, the actual choice probability of a paired

alternative will be governed by both internal signals (preferencesy) and market inference

' The relative comparison decision rule is also inherited from RRT. The use of it captures
the findings that undesirability of options (Dhar & Sherman, 1996; Gerasimou, 2017; Mochon,
2013) and cognitive and emotional difficulty of selecting (Anderson, 2003) are important drivers

of choice deferral.
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(the rank-order decision rule). Since “false-consensus” individuals may overestimate the
extent to which others share their attitudes and opinions, at this stage the option whose
rank in an ordered choice set is closer to the middle will be more likely to be selected
from the pair.

After experiencing all market options and comparing them in pairs, consumers are
assumed to infer their preferences (their preferences;) by computing how frequently a
product has been chosen relative to other market alternatives. Note that in both RRT and
the proposed model, preference, are defined not in terms of absolute, real-world quantities,
but in relative rank coordinates. That is, consumers can only know that they prefer a
product at a given percentile of the distribution of choice set offered in the market. Finally,
these learned preferences, drive purchase decisions in all following consumption periods
(in which consumers are assumed to always choose the product with highest preference,
value). Note that since the learning stage and the decision-making stage are separate, the
preferences, remains unchanged across purchasing periods in this model unless consumers
relearn their preferences.

Overall, the model represents and explores the possibility that the compromise
tendency arises from biased preference learning in the market due to the false-consensus
effect, rather than from unstable preferencesy, uncertainty about products, or attribute
trade-offs. Moreover, it shows that if the value of the preferencey of the middle option is
too low to pass the threshold criterion when it is compared with other options, that option
will not be chosen during learning, reducing compromise behaviour in the decision-
making stage. More specifically, there are two conditions that must be met for the middle
option to be chosen more frequently than others during learning. Firstly, its corresponding
preferencey’s magnitude should sufficiently differ from that of other options. Otherwise,
pairs that contain the middle option cannot pass the threshold criterion, rendering the

middle option unlikely to be chosen during learning". Secondly, if the middle option is

i More specifically, if the middle option is the second or third best option and its
associated preferencey value is not high (low) enough to make the pair that consists of it and an

inferior (superior) alternative pass the threshold criterion, it will be less likely to be chosen,
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not the optimal one, it should not be less preferred to dominant options by too much.
Otherwise, it may not be selected from the pair as often as the dominant one is, even
though it gains the largest benefits from the false-consensus effect. These two conditions
together imply that the effect of false consensus on preference learning is restricted in the
proposed model, and that preferencesy serve to inhibit the possible extent of a firm’s

manipulation of market context.

2.1.2 Model description

This section introduces the psychological model of context effects in formal terms.
There are four types of preferences assumed in the model, each of which has its own
properties and functions. These are preferencesy, namely the predetermined, stable
underlying preferences for consumers, preferencesn, namely the preferences obtained
from market inferences, combined preferences (preferencesc), namely the combined
preferences of preferencesn and preferencesu, and preferences), namely the preferences
formed by consumers’ inference about their own preferences of available products. As
argued before, the distinction among these four preferences is crucial in investigating the
compromise effect with learning and stable preferencesy. A diagram that demonstrates
the model’s approach to the consumer decision-making process is displayed below (see

Figure 1).

compared to the inferior option, during the whole pairwise learning process. This is because
options with lower preferencey values can still gain some, albeit very small, choice probability
when being paired with the optimal option if the difference in the preferencey value is high

enough to pass the threshold criterion.
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Figure 1. A graphical illustration of the model. Parameter values used in the figure are: n =11,
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2.1.2.1 The market

This subsection introduces the notations and assumptions about market context,
which corresponds to the top-right corner of Figure 1. Consider a monopoly market where
a profit-maximizing firm sells a range of products varying in attribute levels (e.g., quantity,
quality, price) to a continuum of consumers. Let each x € X be a market alternative, and
X be a compact set of technologically feasible market alternatives. Each alternative x is
characterized by a vector of physical attributes, s, € S.

Suppose the monopolist designs a product line consisting of n market alternatives x
= {Xx1, X2, ..., Xn} € X, in which all products are presented in ascending order with respect
to the magnitude of a common attribute m, indexed by j, where j =1, 2, ..., n. A set of
products’ levels of the attribute m is hence written as syt = {s{", s7%, ..., sn*} € R,, with

s;" representing the attribute level of xj on m.

2.1.2.2 Preferencesu

Now consider the demand side of the market where consumers have unit demand.
The properties of preferencesy are described in this subsection. Suppose that for any
attribute type m, the consumer i is equipped with a stable, single-peaked underlying
preferences which satisfies some standard axioms of preferences such as completeness
and transitivity. Following RRT, preferencesy over the full set of feasible quantities of an
attribute m, s™, are represented by the probability density function of a beta distribution,
Beta(a", B™), where o™, " > 1 to guarantee a unimodal distribution and quasi-
concavity. The parameters o and g jointly characterize the distribution, thereby
determining the precision of preferencesy and the absolute preference level over each
attribute value. Based on its properties, the function of preferencesy is denoted as
PU™:s™ — R,. An example of consumer i’s preferencesu is shown on the top left of
Figure 1.

Importantly, the exact value of any PU; is assumed to be unknown by choosers. This

assumption of inaccessibility of the strengths of preferencesy implies that despite having
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physically exploring all products in the market, ex-post knowledge on PU; (x)'i is limited.
As a result, preferencesy can underpin only ordinal choices between alternatives with
respect to one attribute type.

Put differently, let x,,, be the perceived binary preference relation over the common
attribute m, such that vx,y € X,x =,, y & PU™(x) = PU™(y). For any choice pair
{xj, xx} € x, the consumer i is able to state x; =, x; and/or x; ., x; after experiencing
both choice options, while still being unaware of how much one is preferred to another or
the exact magnitude of PU;"(x;) and PU;" (x,). Hence, if the taste difference is too small
to be recognised, the consumer i may be incapable of establishing a preference ordering

Z . based on internal feelings, violating the completeness axiom of revealed preferences.

2.1.2.3 The learning process: An overview

Resting on the above assumptions, the following model of consumer learning and
decision-making process is assumed. Recall that consumers are ex ante inexperienced
such that they have no prior knowledge of available products, x, the technologically
feasible set that subsumes those products, X, or their absolute preferences over the
common attribute, m, PU™. They therefore need to learn their preferences in the market
in order to maximise their expected benefits of consumption. The term “preference
learning” in this model refers to the process whereby consumers conduct a series of binary
ordinal comparisons to form an ex-post rank-based belief about their true tastes of

products. This learning outcome then serves as a guide for final decision making.

2.1.2.4 The learning process: The first stage

The proposed learning process consists of two sequential stages, each of which is
presented in Figure 1. This subsection formally introduces the first stage of the learning

process.

i For simplicity, PU;(x) is used to refer to the consumer i’s preferencesy of each market
alternative x, although PU; is not literally a function of x. More specifically, Vj €
{1,2,..,n},PU"(x;) & PUl-m(s}”).
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In the first stage, consumer i compares pair alternatives along a common attribute,
m, solely based on preferencesy, and then decides whether to make a choice from the pair.
If the decision is “yes”, they will proceed to the next stage at which they decide which
pair alternative to choose. For n market alternatives, the consumer i will follow the same
process for each pair till all P}' = n(n — 1) pairs are compared. Notice that the order of
the elements in the pair matters, such that {x;, x; } # {x;, x;} v j # k.

The first stage of learning includes scenarios in which consumers may experience
difficulty in choosing between pair alternatives due to a lack of a preference-dominant
option. A threshold criterion that implements this consideration is introduced as follows.

For any pair, {x;, x; }, where x; # x, the consumer i will proceed to the second
stage of the pairwise comparison if and only if PUim(xj) — PU™(x) >t or PU™(xy) —
PU™(x;) > t; otherwise, they will not make a choice from this pair and will move to the
next pairwise evaluation, if any.

The threshold parameter, t € R*, is viewed as a fixed dispositional trait. This
threshold criterion implies that for a “reasonable” market context'", the more imprecise
the preferencesy are (i.e., the larger the variance of the preferencesy distribution), the less

likely a consumer is to make a choice, yielding lower consumer demand overall.

2.1.2.5 The learning process: The second stage

Conversely, if the taste difference is large enough to pass the criterion, the consumer
i will need to decide which alternative is to be chosen at the second stage. This subsection
provides a detailed description of the second stage of the learning process, including how
preferencesy and preferences jointly determine pairwise choice.

The model extends RRT’s approach according to which the choice made from each
pair is no longer solely based on individuals’ internal tastes. The model assumes that the

uncertainty in subjective valuations of products may predispose people to rationally

it The word “reasonable” means the set of attribute values of all market offerings does not
lie within the area where the preferencey is flat. In other words, a reasonable context refers to

one that contains at least one option that is more desirable than others given the preferencey.
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leverage external information to aid in decision making. More concretely, as suggested
by Wernerfelt (1995), consumers tend to buy a product with a rank (within the market
distribution) that corresponds to their estimated position in the population’s taste
distribution, presupposing that consumers believe the firm makes a rational product-
design choice to meet the needs of all consumers. Accommodating this idea, consumer
choice at the second stage of learning relies on two disparate devices — the preferenceu
and the preferencen — that operate in parallel and compete to control actual choice.
Formally speaking, let PN™(x|x) be a one-dimensional function that converts the
preference ordering acquired from the rank-order decision rule into a real value, given the
information that the firm introduced the product line x. The magnitude of PN™ is
represented by the probability density function of a normal distribution, ' (u, 62). The
values of the normal distribution parameters are estimated from s, where u is the mean
of s™ and o2 is an unbiased estimator of the variance. Given the nature of the normal
distribution, the false consensus effect is captured since the bell shape of PN™ implies
that middle options are most attractive, whereas extreme options are least attractive.
Mathematically, for any middle options, denoted by x,;s, and Vj, k € {1,2,...,n}\
{Mid},k = j > MidVMid > j = k = PN™(xy4]x) > PN™(x;|x) = PN™(x; | x).
The combined preferences (the preferencesc), PC/™, that determine the consumer
I’s preference ranking over a pair in the learning stage are defined as a convex

combination of the two preference distributions:

PC™ = (PC™(x|x): PC™(x|x) = (1 — ®) - PU™(x) + & - PN™(x|x),Vx € x C
X, € [0,1]}.

The parameter @ is construed as the tendency for the consumer i to employ the rank-
order decision rule vis-a-vis preferencesy, with @ = 0.5 indicating a balance of preference.
A high @ models the case where pairwise choices are more norm-based rather than
feeling-based, whereas a low @ represents a situation where feelings greatly outweigh the
influence of market inference. Importantly, @ also reflects the degree to which consumers

trust market information. If consumers are convinced that the product line is randomised
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or distorted so that it does not contain any information that the monopolist possesses, they
may assign @ = 0 and the outcome of learning will then resemble the one in RRT.

Note that the relative precision of preferencesy and preferencesn may affect their
relative contribution to PC/™, regardless of the value of @. More specifically, even when
attention is paid equally to these two preferences (i.e., @ = 0.5), their relative effects on
choice will depend on their relative magnitudes. The rationale behind this is
straightforward. Suppose that one preference is more imprecise than another and that
therefore, for some choice pairs, it may show relatively smaller differences in
consumption utility between alternatives than the latter does. That is, for some pairs, the
less precise preferencey may indicate that pair alternatives are somehow indifferent to
each other in terms of pleasure of consumption, whereas the latter is able to clearly
represent taste differences between the two alternatives. Thus, when judging those pairs,
the relatively more precise preferences will have more impact on the resulting decision
since it offers clearer information on preference orderings.

Based on these assumptions, at the second stage of pairwise comparison, the choice
probability is computed using a softmax function with the preferencec as an input.

Mathematically, the probability of choosing an alternative, x;, over its paired option, x;,

1
1+e—(Pc§”(xj|x)—Pc{”(xk|x))

under the context x is C; (x; |x; {xj, x}) = . By the same token, the

1
+e—(Pc§”(xk|x)—Pc?1(xj|x)

choice probability of x; is C; (x| x; {xx, x;}) = -, or equivalently,
1

1-— Ci(xj|x; {xj, x}). This means that no matter which pair option is indeed preferred in
terms of preferencesy, both can generate some choice share as long as the threshold

criterion for this pair is passed.

2.1.2.6 Post-learning stage

After performing comparisons of all possible pairs, the consumer i will make an
inference about his/ her preference of each market alternative (i.e., preferences;) based on
the relative choice frequency of each product obtained from pairwise comparisons. This
subsection formally describes how preferences, are formed and how they underpin final

choice. An illustrative example is displayed at the bottom of Figure 1.



54

The summation of the probability that a market alternative x is chosen during
preference  learning is calculated as  Choice;(x|x) = X; C;(x|x; {x, x;}) +

consumer i will make an inference about her personal preferencesy by computing how

x;{xj,x}), where x; € x\ {x}. Given this summed choice probability, the

frequently an option is chosen relative to other options in the learning stage. This inference
about the preference of available products is named as the inferred preference (the

preferences), PI;, and is defined as:

nlower,+0.5nequal,

PI; = {PI;(x|x): Z3 = R, |PI;(x|x) = Vx € x C X},

nlower,+nhigher,+nequal, ’

where nlower, indicates the number of alternatives chosen less frequently than
option x, nhigher, refers to the number of alternatives chosen more frequently than x,
and nequal, denotes the number of alternatives chosen equally often to x (x itself is not
included). Note that PI; is defined not in terms of absolute quantities, but in relative rank
coordinates. That is, consumers can only know that they prefer a product at a given
percentile of the product line. They do not know their preferences in terms of the absolute
quantities of an attribute m, s™.

The ex-post learned preferences; will inform the final purchasing decision in the
decision-making stage, given that the income constraint is not binding"". Consistent with
the standard assumption of utility maximisation, the unit-demand consumer i will buy the
product with the highest PI;. If more than one option has highest PI;, those options will
be chosen with equal probability". The consumer i will choose an exogenous outside

option, xo, if the shape of PE; curve is completely flat.

' This presumption rules out any price effects, and thereby allows the analysis to throw
light on contextual influences on purely preference-guided consumer behaviour.

v The model assumes that options in the set of h most preferred options will be chosen

with probability = % + €; x, Where g; , are independent and identically distributed shocks with

E[e; ] = 0. On average, the probability of choosing an option in the set will approximate to %
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Moreover, it is assumed that once the firm changes the menu, consumer i will re-
construct her preferences, through the same learning process. Since the model assumes
complete learning, past contexts will not influence consumers’ evaluations in a new
context at all.

Finally, recall that consumer choices change in response to the product line x, rather
than price. To clarify, in the rest of the thesis the notation, D(x;; x), will be used to depict
the relationship between context x and quantity demanded of good x;, holding the number
of market offerings n constant"'. More specifically, D(xj; x) specifies how many units of
x; are demanded in the various contexts, ceteris paribus. One noteworthy point is that for
the same j, s/ may differ across contexts. Therefore, market demand D (x;; x) does not

describe quantity demanded for a certain attribute level in different contexts.

2.1.3 The firm's profit-maximisation problem and the market equilibrium

This section analyses the monopolist’s best response to market demand. To
explore the firm’s optimal strategy, the following will discuss the profit-maximising
problem under two distinct cases: (1) products’ marginal costs and prices are independent
of attribute values, e.g., cheese varying in sharpness, and (2) products’ marginal costs and
prices linearly increase™" with their attribute levels, e.g., soft drinks varying in portion
Slze.

Let p; and c; be the price and marginal cost of the product x;, respectively. To

increase the transparency of the proposed underlying mechanism, it is assumed that p;

M In order to ensure that the relative positions of products and their labels are consistent
across contexts, products with same ranks in different contexts receive the same contextual
influences.

Mi The assumption of linearity is necessary for one-dimensional products. Otherwise, there

may involve a price-quality trade-off, which does not fit the research object of the thesis.
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and ¢; are exogenously determined"". Moreover, the fixed costs FC, which provide
exogenous variation in the market context, are assumed to remain unchanged for a certain
range of output levels.

Denote m(x;; x) as the monopolist’s profit from selling x; under a particular
context x. The total profit gained under the market context x is defined as Il =
Y x) = Xioap; a? () — ¢ - qi (x)] = FC, where g7 (x) and q;(x) refer to
quantities sold and quantities supplied of option x; under the context x, respectively.
Suppose that the monopolist has reliable information about demand for available market
offerings, i.e., suppose that D(xj; x) is known. To obtain the maximum possible profit,
the firm first identifies its profit-maximising supply function, S(x;; x|D(x;; x) )tix, which
specifically gives the profit-maximising output level of x; under feasible contexts, given

consumer demand D (x;; x), and then choose that product line x that will lead to maximum

profits. That is, the firm will use information about D (x;; x) to determine optimal output
(supply) levels for each context, and then choose the context that maximises total profits,
given consumer demand and the optimal output levels..

Selection of profit-maximising context involves determining the number of
options, n and attribute levels of all products s7. To simplify the analysis, it is assumed
that the values of the attributes m of each product form an arithmetic progression, whereby
products’ attribute levels differ from those of their adjacent neighbours’ by a common

difference, d € R,,. In other words, s/}, —s" =dVj=1,...n— 1.

Vil The assumption of exogenous price is necessary to guarantee a perfectly price-inelastic
demand. If prices were endogenous, the monopolist would charge prices out of the reasonable
range, binding the budget constraints. Consequently, the discussion of the pricing strategy, price
effects, etc. would complicate the analysis.

' In other words, S(x;; x|D(x;; x)) gives the optimal quantity supplied of the product x;
in all possible contexts, given the market demand D (x;; x). Similarly, to market demand, it

portrays a relationship between profit-maximising output levels of x; and context x.
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2.1.3.1 Case 1: Constant price and marginal cost

The subsection analyses the firm’s profit-maximisation problem in a case where
products’ marginal costs and prices are independent of their attribute levels. That is, the
price p;, the marginal cost c;, and their differences (p; — ¢;) are fixed for all j. Taking
consumer demand D(x;; x) as given, the firm obtains S(x;; x|D(x;; x)) by maximising

profits with respect to q; for each possible x : rpaxl'lEp-Z;‘zlqu(x)—c-
qa;ER4

=14 (x) — FC, subject to qj (x) = qu (x). The constraint corresponds to the fact that,
for any context, quantity supplied of good x; should be at least as much as its quantity
sold — consumers are unable to buy products that have not been produced. With regards
to the solution, the first order necessary condition™ suggests that the optimal quantity

supplied under a context x, namely qf-*(x), equals to quantity sold, qf (x), for any option
x;. That is, when market clears, there is no excess supply for any market alternative in the
partial equilibrium, i.e., S(x;; x| D(x;; x)) = D(x;; x).

Considering the learning process, in the short run qu (x) may fluctuate substantially
since consumers are learning their preferences through experiencing and comparing
market alternatives. At this stage, g;” (x) and thus S(x;; x|D(x;; x) )™ is not stable. In
the longer term, when consumers’ preferences| have been established, q]L-) (x) will be fixed

at its long-term quantity demanded q][-’*(x) and the firm will produce x; at qj*(x) =

q?" (x).

™ The Lagrangian of this maximisation problem is £(q?,1) = p- X7_, q7 (x) — ¢~

Y7145 (x) — FC + A(q3 — q7)- This gives the Karush-Kuhn-Tucker conditions: (1) ;—;‘S =
j

—c+1=0,(2)q]—q7 20,(3) 2= 0,and (4) A(q7 — q7) = 0. The solution is (¢; ", 2*) =

(a7, 0.

" This is because g; (x) is an output of the function S(xx;; x|D(x;; x)) for each x.
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The firm’s second step in solving the profit-maximisation problem is to choose x*

such that x* € argmax (p — ¢) * ¥}, D(x;; x) — FC . The first order and second order
XEX

. oxT, D(xjx*)

ax*

conditions imply that (p —c¢) ()2

=0 and (p—c) <0,

respectively. Specifically, the first order necessary condition suggests that for any (p —
c) # 0, the profit is optimised at a context that either maximises or minimises total

demand. The second order condition further indicates that the sign of (p —c) and
62 ?=1D(xj;x*) - - - - . -
—owy S different and neither of them is zero. This means that if (p — c¢) > 0, the
optimal context is the one that maximises market demand. Conversely, if (p — ¢) < 0,
the optimal context minimises market demand. Accordingly, the possible solution is

selecting the context(s) that maximise total market quantity demanded as long as (p - ¢) >

aD(xj;x)
ox

0. Note that this solution implies that x* is not necessarily chosen to make = 0 for

all j. That is, the firm only cares whether products are bought, but which one is bought is
not of interest. Because of this, the major concern of the firm is whether the context can
cause at least one choice pair to pass the threshold criterion during learning ™. The
accuracy of relative rank estimation and the tendency to adopt the rank-order decision rule
are far less important in this case. Therefore, the firm has almost no incentive to take

advantage of the compromise effect by manipulating menus in a certain direction.

2.1.3.2 Case 2: Attribute-value dependent price and marginal cost

This subsection explores the case where products’ marginal costs and prices linearly
and positively depend on their attribute values. Consider a case where selling products

with higher values of the attribute m is more profitable. In this case, the exogenous p; and

i | note that D(xj ; x) represents sequences of several discrete data points. To treat it as a
differentiable function, it is assumed that D (x;; x) had been transformed into a polynomial,

continuous function by using Newton’s divided differences approach.
il The existence of one pair that passes the threshold criterion is sufficient to give rise to

a non-flat preferencese curve.
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c; are no longer constant over all j. Instead, their values depend on the attribute level of

x; on the attribute m. To avoid trade-offs in the price-attribute space™", assume p and ¢

p(s ) dc(s ) S 0 for

are a linear function of values of the attribute m such that > 0 and —

all feasible s™. For simplicity, let p; = &, - s/ and ¢; = & - sj", where &y, 6C eER,,.

The first result of the profit-maximising problem in this case is that the firm’s
optimal quantity supplied under a context x should be equal to the quantity sold for any

option x;, consistent with the previous case. To illustrate, rewrite the total profit earned
under a particular context x as M(x) = X7, w(x;x) = X7-4[(6, - s/") - qf (x) —
(8c-s") - qi ()] - FC = N(x) = 57"+ [6, - a7 (1) — 8- g1 (O] + (d + 57 - [8, -
a5 (x) = 8¢ - q3 ()] + + + [(n — 1)d + s7] - [6, g7 (x) — 8. - g5,(x)] = FC . With
knowledge of consumer demand D(x;;x), the firm obtains S(x;; x|D(x;;x)) by
maximising profits IT with respect to g7 for each possible x, subject to g; (x) = q7 (x).
Not surprisingly, the solution suggests that the profit-maximising output level, qj?*(x),
that constitutes S(x;; x|D(x;; x)) is same as previously: g;”(x) = q? (x). This implies
that no excess supply exists in the market equilibrium.

Likewise, in the short run q}?*(x) may change considerably with the progress of
learning. The supply of products becomes stable in the long run, when consumers have
enough experience to choose on a regular basis. As stated before, in the long run, qj?*(x)
equals a constant quantity demanded q][-’ "(x).

Secondly, it is found that, as intuition suggests, profit-maximising firms will under

plausible assumptions choose the context that maximises the sum of “attribute value” sold.
With complete information on qf-*(x) and q}’*(x) for all possible x, the firm will choose
an optimal context x* so as to maximise its profits. Mathematically, the monopolist will

choose x* € argmax (8, — &) - X7—y[s/"(x) - D(x;; x)] — FC. By the same token, the
xcX

XV One of the main purposes of this paper is to show that the context effects may be

present in the absence of attribute trade-offs.
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first and second order conditions imply respectively that (&, — &) -

Y™ [sT(x")-D(xx*) 923 [s™(ax)-D(x;3x")
]1[Jax* L ]=Oand(6p—5c). “[Q(x*)z j ]

< 0. This reveals that the
attribute values of products in this case have a direct effect on the choice of optimal
context. The possible solution is to choose the contexts that maximise total attribute values
sold as long as (6, — 8.) > 0.

The solution can be illustrated by a simple example. Rewrite the profit as I1(x) =
(8, = 6.) - Xy[s™ - 2" (x)] — FC. Suppose that for any two possible contexts Xoid and
Xnew, Where s¥! = sy +¢&, >0, the quantities demanded of options with same
relative rank under Xoid and Xnew are equal (i.e., q]l-’*(xold) = q]l-’*(xnew)Vj). Then, the

firm’s best strategy is to choose the context with higher attribute values, namely x, ..,
[} * . . . .

over x4 as long as 6—7” >1land X7, qu > 0xv, This example implies that if (by chance)

consumer demand for each market alternative x; is identical across contexts, the firm is

better off setting s3* as high as possible, including increasing the magnitude of si" or d,

as long as the price exceeds marginal costs or at least that one qu "> i,

" Formally, let options in Xoiq and Xnew be labelled identically as {xi, X2, Xs, ..., Xn}, With
St = 1487085 o sptyand sit = {sT" + & 57" + &5 +¢, .., 55 + €}, where s —
si* =dforall j=1,..., n-1. Express the profits under Xnew as I(xpew) = (6p -8.)"
"™ +€) - P (new)] = FC. 1T 27 (Xo1a) = 7" (new) = P, the difference between
profits will be Il(Xpew) — 1(Xp1a) = (6, — 8c) - XMy [(s" +€) - ¢ —s™ - qP7] =
* 5 * . -
(8, —6c) Xhyle-q? ] = [(5—1: —1)-e-X7.1q] ] 8.. For amonopolist to benefit by
choosing Xnew OVEr Xoig, the condition that I1(x,,,,) — [(x414) > 0 is required. As, by definition,
S * .. . 1)
8c >0, M(Xpew) —M(xp1q) >0 & (6—” —1)-e-X7_1q7 > 0. Thisimplies thats—” > 1 and
¥ 1qP" > 0as e is strictly positive by definition.
i Importantly, even though these two conditions are satisfied, the firm may choose to

producing nothing if FC is too high such that 0 > I(xpew) > H(Xg14)-
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Consider another special situation where consumers are highly “extremeness
averse”, so that they always purchase the middle option, say Xo, in a three-option set
regardless of its actual attribute level. The firm’s optimal context choice here is to produce
X2 only, and to set s7* as large as possible as long as qg’*(x) > Ovii, In other words, if the
quantity demanded of the middle option is positive, the firm can enjoy an increase in
profits by shifting s towards its upper limit. Together, consistent with the solution, these
two examples illustrate the fact that when levels of products’ common attributes are
directly associated with profits, the firm has a monetary incentive to manipulate the
product line to increase the quantity demanded for more profitable products.

However, consumer behaviour in the proposed model is more complex than in these

two special examples. In effect, once s;™ exceeds the value that produces the maximum
preferenceu, any increment in s/ will incur a loss in qu, which reflects a trade-off in

determining the menu. Yet, x* here may be closer to the upper limit of the attribute space

than in the first class of the profit-maximisation problem, since the presence of s;" in the

first and second order condition allows profit-maximising context to (slightly) move away
from the preferencey-maximising point. Moreover, in this case, consumers who suffer a
stronger degree of social influence may be exploited more than those who are relatively
less biased. This is because the false consensus effect may mislead biased consumers to
choose the middle option when others are actually preferred. As a result, it is predicted
that the firm will be incentivised to distort context information to take advantage of

consumer bias in this case.

2.1.3.3 Summary

This formulation of the model suggests that when marginal costs and prices are
constant, the firm is best off producing a context that maximises total market quantity
demanded, as long as prices exceed marginal costs. That is, the distribution of market

demand over market alternatives does not affect profit. Therefore, there is no incentive

hvii This result can be obtained by plugging in g2~ = q?” = 0 into the previously-derived

condition ¥, 7" > 0.
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for the monopolist to exploit biased consumers by distorting context. In contrast, results
from the second case, where products’ marginal costs and prices are linearly dependent
on attribute values, suggest that the attribute values of products have a direct effect on the
choice of context. The firm here is best off choosing contexts that maximise total attribute
values sold. The firm hence has a monetary incentive to manipulate the product line to

increase the quantity demanded for more profitable products.

2.3 Computer simulation of the compromise effect

2.3.1 Preliminaries

This section illustrates the model’s predictions about how market context and
preferencesy affect consumer decisions made from experience. Focussing on the
compromise effect, the model argues that context-sensitive behaviour does not necessarily
arise from violations of rationality assumption™"", lack of market experience, or difficulty
in trade-offs among common attributes. In fact, biased market inference per se can be a
contributor to the existence of the compromise effect in long-term equilibrium. To
demonstrate this, the following sections will use several simulations to illustrate consumer
decision-making and derive the boundary conditions of the compromise effect, the firm’s
optimal responses, and consumer welfare loss in the partial equilibrium. The simulation
will first use a single agent to explain the model’s mechanism in more details and then
use multi-agents to simulate real market scenario. The proposed model is programmed
with Matlab 2020b.

2.3.1.1 A rational choice benchmark model

To investigate how consumer choices predicted by the proposed model deviate from
theoretically optimal choices, a benchmark model that operates within the general

framework of rational choice theories will be presented in the simulation. In line with the

il This includes a violation of any standard axiom of preferences and a violation of

value/ utility maximisation.
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homo economicus assumptions of rationality, the benchmark consumer i is assumed to
physically evaluate all market offerings to acquire a subjective valuation of each of them,
i.e., to know the absolute magnitude of PU;™ (x;), from sensory experiences™™, and then
rationally select the one with highest PU/™. To reduce the complexity of comparisons of
predictions, the threshold criterion used in the benchmark model implies that the
consumer i will choose nothing or an outside option, Xo, if the difference between the
preferenceu of the most preferred available option and the least preferred available option
is smaller than the threshold t"*. This is because as long as the PU™ of the most preferred
option differs from the least preferred one by an amount greater than t, a pairwise choice
will be made. Therefore, even if it is the only pair that passes the threshold criterion,
eventually the consumer i will still buy a product in the market. Moreover, the value of t
is the same for a given consumer no matter which model is used since it is assumed to be
a fixed dispositional trait. Given a non-binding budget constraint, once the threshold
criterion is passed, the unit-demand consumer i will choose the option that maximises

PU™ under the current context. If there is more than one option that maximises it, one of

bix Since the exact attribute levels of products are here assumed not to be shown (or are
shown but not attended to) on the products’ labels, consumers have to experience the products to
know their subjective values.

" One can justify this assumption by viewing the threshold, t, as an opportunity cost of
buying in the market. The rational agent buys the product only if its subjective value exceeds t
(i.e., the threshold criterion is a necessary condition for a product being brought). The use of
relative comparison (PU{™(x;) — PU™ (x.) for x; # xj A xj,x;, € x) is to make this condition
consistent with the one in the proposed model, so that the effects of preference uncertainty and
biased learning can be detected more easily by comparisons. This can be justified by the
following intuition. The consumer may feel it is painful to forgo any option with high PU™. If
the valuations of all options are high and arbitrarily close to each other, consumers may choose
an outside option to avoid making decisions among them, even though they all are good in an
absolute sense. Consumers may be more willing to choose among available products if there

exists at least one option associated with a relatively low PU/™.
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these options will be chosen randomly. In addition, past contexts will not affect consumer

decision making in the benchmark model.

2.3.1.2 A measure of the compromise effect

For all simulations conducted in this section, the product line is assumed to comprise
five market offerings ordered along one dimension. Therefore, the analysis of contextual
influences will be based on quinary-quinary set comparisons. As suggested by Simonson
and Nowlis (2000), one way to measure the compromise effect is called the “middle
proportions” approach™, which treats the probability of choosing the middle option as
an indicator of the propensity to compromise. However, a relatively high choice
probability of the middle option may result from its high associated preferencesy. That is,
the middle option itself may simply be more intrinsically desirable than any other choice
alternatives. A high tendency to choose the middle option in this case is irrelevant to the

chosen option’s rank in the choice set, making it inconsistent with the definition of the

b Another two frequently employed measures are changes in absolute share (Simonson,
1989) and changes in relative share (Simonson & Tversky, 1992). The former compares the
market share of an option before and after it becomes the middle one, and the latter assesses
changes in relative share of the same choice pair, of which one option should be at the middle of
the choice set, before and after context shifts. The reason why these two measurement
paradigms are not used in this section is mainly because they are not suitable for analysing the
case where choice probability is either 0 or 1. For example, suppose the predicted quantity
demanded for products x, Xz, Xs, X4 is (q2", g2, ¢?”) = (0, 0, 1) in context 1 and
(qé’*, q? " qf*) = (0, 1, 0) in context 2. The changes in absolute/ relative share approach may

conclude there is no such compromise effect since g2~ is the same across contexts and the
relative choice probability of x» and xs is the same. Suppose the benchmark quantity demanded
is (gP”, q2",q2") = (0,0, 1) in context 1 and (¢2", ¢2", g2") = (0, 0, 1) in context 2. The
changes in absolute and relative share of x; should be bounded between 1 and 0. If the model
predictions are compared with benchmark results, the deviation may be detected. However, it is
difficult and complex to implement this kind of comparison quantitatively. Therefore, | decided

to drop these two paradigms.
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compromise effect. To address this issue, in this all following simulations, the
compromise effect will be assessed by comparing the model’s estimated probability of
choosing middle options with the benchmark model’s probability under each choice set.
A comparison with benchmark results allows the estimated strength of the compromise
effect to rule out the possibility that an observed concentration of choice on the middle
option is purely thanks to the middle option’s high associated preferenceuy, relative to
other choice alternatives’. Moreover, the degree of the compromise effect may vary with
context. By comparing against the benchmark, contextual influences on consumer choices
can be understood in relation to other choice drivers such as actual attribute values of
products, because the benchmark does not capture the impact of the relative rank position

within a choice set.

2.3.1.3 Consumer welfare

Consumption choices will be appraised from a hedonic perspective in order to
estimate consumer detriment. Suppose that the output of the preferenceu’s representative
function is quantified in a cardinal term. The consumer i’s psychological welfare loss™*!
under each market context will be computed by subtracting the (averaged) PU;™ of the
predicted choice(s) from the benchmark. In addition, since the firm may take advantage
of consumer bias™, welfare loss resulting from the firm’s manipulation of context will
be examined by comparing the consumer welfare in the present model’s predicted
equilibrium with the welfare level of the choice predicted from the proposed model under
the equilibrium context in the benchmark model. The welfare losses in these two

equilibria will also be compared.

i Despite consumers being potentially unaware of their loss of happiness, it is important
to investigate potential negative effects of contextual influences on consumer welfare.

bl Recall that for some product categories, it is more profitable to sell products with
higher attribute values. If consumers show a bias towards the middle option, the monopolist can
be benefited from distorting the product line to increase the demand for its more profitable

products.
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2.3.2 Simulation 1: The compromise effect

To illustrate the compromise effect and its potential influences on partial market
equilibrium, consider a situation with a single agent (or multiple identical agents) and two
menus X1 = {X1, X2, X3, X4, Xs} and X2 = {Xz, X3, X4, Xs, Xs}"*VV, where all alternatives are

arranged in order according to their values of the attribute m. In this simulation, let s%; =

{0.25, 0.35, 0.45, 0.55, 0.65} and s™. = {0.35, 0.45, 0.55, 0.65, 0.75}.

2.3.2.1 The benchmark model

Suppose that the representative consumer i is endowed with a context-independent
preferenceu, PU™ = Beta (5, 15) and a threshold parameter t = 0.5. As shown in Figure 2
(a), the benchmark choices under x1 and xz are x1 and xz, respectively, since PU"(s{") —
PUM(s") > 05V =2,3,4,5 and PU™(s7") — PU(si") > 0.5V k = 3,4,5,6 .

Thus, the revealed preference orderings here do not change with context.

2.3.2.2 Choice estimated by the proposed model and the compromise effect

If the consumer i cannot consciously access the absolute magnitude of preferencesu,
the choices may be, to some degree, governed by the self-perceived relative position in
the taste distribution and the tendency to leverage context-generated information. This
subsection assesses choice behaviour of three types of consumer i under each context
using the proposed model and then compare their tendency to choose the middle option
from a menu with the benchmark results. The types of consumers investigated are as
follows: (1) a type that does not trust any preference-related information conveyed in the
menu at all, i.e., @ = 0; (2) a type that assigns equal attention to internal and external cues
during learning, i.e., @ = 0.5, and suffers some degree of the false consensus effect, and
(3) a type that pays attention only to external cues, i.e., @ = 1, and is susceptible to the

false consensus effect like the second type but to a greater extent.

bV In terms of relative ranks, options would be labelled as X1, X2, Xs, X4, X5 under both
contexts. The use of x> = {Xz, X3, X4, Xs, X6} IS t0 emphasise that the jth option in X is the (j-1)th
option in X», with respect to their attribute values. This is just to make the explanation of the

compromise effect more clear.
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Figure 2 (b) shows the preferenceu, the preferencen, and the preferencec for the @
= 0.5 type, under x1 and x2. Notice that during every pairwise comparison, if a pair passes
the threshold criterion, the preference that guides the pairwise choice will be the
preferencey when @ =0, the preferencec when @ = 0.5, and the preferencen when @ = 1.
The record of choice probability of each option will then be translated into the preference;,
the preference that informs final choice. The preferences, for @ = {0, 0.5, 1} are shown
in Figure 2 (c) and (d).

As shown in these figures, the choice made by the consumer with @ =0 is identical
to the benchmark one as they have the same threshold criterion and strictly adhere to their
preferenceu. Interestingly, the fact that the preference; curves of the @ = 0 and 0.5 types
are the same suggests that, under the current parameter values, the bias in the social norm
perception is not strong enough to effectively alter the final choice when the weight
assigned to the external cues is moderate. This is because in x1, the dominant option, Xu,
substantially outstrips the less extreme options like x2 and xs. As a result, the bonus gained
from the preferencen is not sufficient to offset the inferiority in the preferenceu (see Figure
2 (b)). Yet, if the consumer i can completely ignore the internal cues after deciding to
choose from the pair, i.e., if @ = 1, the preferencen will take full control in the second
stage of the pairwise comparison. This significantly increases the probability of choosing
X2 and x3 from pairs and leads the consumer i with @ =1 to eventually act as if X2 is mostly
preferred in x1, as shown in the yellow preference, line in Figure 2 (c).

Note that in the case of @ > 0, the preferencesny come to affect pairwise choice only
at the second stage of comparison, which occurs only when a difference in the
preferencesu between pair alternatives exceeds a threshold value. This means that whether
the preferencesn (or @) have an opportunity to influence choice and the preferences; is
solely determined by preferencesu. The indispensability of the preferencesy in decision
making explains why the middle-ranking option is not chosen most often in x1 even when
& =1.

To explore this explanation in more detail, consider the following example. Suppose
there is a middle option, say xwmid¢, whose associated preferencey value is fairly equal to
the threshold value. There are three possible situations regarding pairwise comparisons

that xmiq IS involved in. First, if xwmig IS paired with an option that is associated with an
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even lower preferencey value, it is highly possible that the pair cannot pass the threshold
criterion due to a low preferenceu. In this situation, the preferencesn play no role in
pairwise choice and hence in the formation of preferences,. Second, if Xmid is paired with
an option whose associated preferencey value is slightly higher than xwmiq’s, the threshold
criterion still cannot be passed. The result is same as in the previous case. Third, if Xmig’s
paired option is associated with a much higher preferencey value, the threshold criterion
is highly likely to be passed. The preferencesn, finally, can have an effect on pairwise
choice and the preferences;, with the degree of the effect depending on preferencesy,
preferencesn, and @. When @ is large, e.g., 1, Xwmid can of course receive more choice share
than its paired option in this case. However, this pair will not be the only pair that pass
the threshold criterion. The option that has a high preferencey value can still generate
choice share from other pairwise comparisons. In the end, the advantage that @ and
preferencesn give to Xmida may not be enough for it to have the highest accumulated choice
share gained from pairwise comparisons among all choice alternatives. This is exactly
what happens to xz in x1 (and even x2) when @ = 0.5 and 1.

I return now to the discussion of consumer choice estimated by the proposed model.
In X2, the far higher preferenceu value still gives the first option, x2, an unsurpassable
advantage in pairwise comparison when the interference of external forces is moderate (¢
= 0.5). Therefore, the preferencec in X2 shown in Figure 2 (b) is somewhat downward-
sloping, similar to the pattern of the preferencey curve. This then causes consumers with
@ =0and @ =0.5to exhibit identical preference; curves. Conversely, if @ is large enough
to significantly amplify the relative influence of the preferencen on the pairwise choice,
then the advantage of associating with the highest preferencey value may be overcome.
Figure 2 (d) shows that when the second stage of the pairwise comparison is totally
controlled by the preferencen, i.e., @ = 1, the second option, x3, will instead be chosen
more frequently over other options in x2. Apparently, the prediction that the consumer
with @ =1 chooses the second option under both x1 and x2 implies that x2 is preferred to
X3 under x1, whereas the option xs is preferred to x> under x2, indicating a preference
reversal. Yet, in fact, the consumer i does not make an optimal decision under each of
contexts. Compared with the benchmark consumer, the consumer with @ = 1 exhibits a

strong propensity to choose the second option under both x1 and x2. This shows that even
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given a stable preferencey and market experience, uncertainty over the preferencey and
the false consensus effect may bias inferences about the preferencey. Consequently, the

consumer acts as if the relative ordering of x2 and Xz is not consistent.
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Figure 2. Simulation results for the demand side. (a) The consumer i’s preferencey and market
offerings; (b) Consumer preferences under each context on one scale. The bell-shaped
preferencen reflects the existence of the false consensus effect; (c) The rank-based preference, in
the first context. The zero preference; value of the fourth option possibly results from the fact
that PU[™(x,) is too high to make pairs (xs, X4) and (X4, x3) pass the threshold criterion, whereas
Xs can obtain some pairwise choice probability from pairs (s, Xs) and (s, X3). Notice that this
does not happen in the case where @ = 1 since the strong tendency to use biased market
inference effectively raises the choice probability of x. in other pairs; (d) The preference; in the
second context. The reason why the preference, reaches zero or substantially slumps at the

middle is similar to the one stated in (c).
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2.3.2.3 The monopolist’s optimal strategy, equilibrium contexts, and consumer

welfare: Case 1

This subsection explores the firm’s profit-maximising strategy, given market
demand and equilibrium context in the case of a fixed price and marginal cost. Consumer
welfare under market equilibrium context is also examined. Consider the case where the
price p and the marginal cost ¢ are constant for all market alternatives. Given what the
unit-demand consumer i will choose in the market under both contexts, the firm is
indifferent between providing x: and x2. If (p — ¢) - ¢~ = FC, the partial equilibrium
context will be x™ = {x1, x2}, with the consumer in the proposed model choosing x2 in x1
and x3 in X2 when @ =1 and choosing x1 in x1 and xz in X2 when @ =0 and 0.5. Otherwise,
the firm may be better off producing nothing. Notice that for all three types, the consumer
i is better off if the firm produces X1 rather than x2, since consumer welfare obtaining from
consumption is higher under x1 than under x2"V. Under x1, welfare loss resulting from

biased learning is larger than the welfare loss under x2™i,

2.3.2.4 The monopolist’s optimal strategy, equilibrium contexts. and consumer

welfare: Case 2

The second case examines the scenario where the prices and marginal costs of
products are linearly associated with their attribute levels. The firm’s optimal responses
to market demand, equilibrium contexts, and consumer welfare under each context are

investigated in this subsection.

bV 1n the benchmark model and the @ = {0, 0.5} cases, the consumer i gains PU™ (x;) =
4.0466 by choosing x: under x: and gains PU;™ (x,) = 2.0967 by choosing x under x.. The fact
that PU™(x1) > PU[™(x,) suggests that the consumer i is better off under xi. Likewise,
PU™(x,) > PU™(x3) = 0.5526 suggests that in the @ = 1 case, the consumer i will be better off
under Xi.

bovi Under x1, the welfare loss due to compromise behaviour is computed as PU™(x;) —
PU™(x,) = 1.9499, and the welfare loss under Xz is PU[™(x;) — PU[™(x3) = 1.5441, which is

smaller than the former.
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Assume that ¢; = .- sj" and p; = 6, - sj", and the profit function is TI(x) =
(8, = 8.) - Xj[s™ - q?"(x)] — FC. Given consumer choice predicted above, for all cases

of @ and the benchmark, the monopolist has an incentive to set the menu to be x2 rather
than x1 as long as ‘;—” > 1"Vil This implies that when ¢ is high, enlarging the gap
between &, and 8. generates more monetary benefits of changing context from x1 to x2

than when ¢P” is low, provided that i—” > 1.

In a nutshell, if ‘;—” > 1 holds and I1(x,) > 0, the partial equilibrium context will be

X" = x2 and the consumer with @ = 1 chooses x3 and those with & = 0 and 0.5 chooses x..
If any condition does not hold, the firm will be better off by producing x1, or choosing to
shut down, depending on whether T1(x;) = 0. As mentioned, consumer welfare is lower
at x2 than x1. However, this does not mean that the firm distorts the informational content
of its product line with the intention of exploiting consumers, since the firm’s optimal
strategy is same as the one in the benchmark model. In other words, consumers’
psychological and monetary loss (paying ps instead of p2) in this case stems from their

own biases, not from the firm’s manipulation.

2.3.3 Simulation 2: Boundary conditions of the compromise effect

To derive the boundary conditions of the compromise effect, Simulation 1 was
extended to the world where the monopolist changes the context each time by raising
attribute levels of all current options by 0.01 units till the last option’s attribute value

equals to 1. The simulation started at s¥* = {0.01, 0.11, 0.21, 0.31, 0.41} and ended when

bovvii |t js a special case when the equation TT(x;) — I(x;) = [(i—’z —1)-0.1-¢g""]-86,
holds for all cases, i.e., @ = {0, 0.5, 1} and the benchmark. This is because the chosen option in
X1 and Xz has the same relative rank and s;'; = s}"l + d. As discussed in the previous section, in

this case, the differences between profits do not depend on which option was chosen, but on the

total quantity demanded of the chosen option. Importantly, this coincidence is unlikely to occur

when there exist many heterogenous consumers since it requires q})*(xl) = q}’*(xz) Vj.
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it reached s3* ={0.60, 0.70, 0.80, 0.90, 1.00}. In total there are 20799 1 1 = 60 contexts.

0.01

Moreover, retaining the same settings as in Simulation 1, consumer i is endowed with
PU™ = Beta (5, 15), a decision-making threshold of 0.5, and three possible values for
weighting parameter: @ = {0. 0.5, 1}. The preferenceuy curve and market offerings of

contexts x1 and xeo are presented in Figure 3 (a).

2.3.3.1 The benchmark model
The simulation first explores choice made by the benchmark consumers under each
context. Given that the PU/™ peaks at s™ = 0.2222, the fourth and the fifth options will

never be the most preferred ones as they are always dominated by the third option in the
set. Moreover, the middle option beats the other four options when context lies between
x1 and x7 (s7* = {0.07, 0.17, 0.27, 0.37, 0.47}). The benchmark agent, therefore, chooses
x3 from the menu x = {x1, Xz, ..., X7}, as shown in Figure 3 (b). However, when the context

moves to xs, the second option becomes the optimal one since sy ., = 0.18 is closer to

X8
0.2222 than sy; x, = 0.28 is. The benchmark agent will then continue choosing x. until the
context reaches xiz, where s}}zllx” = 0.27 = s,’gm . Repeating what had happened
previously, at xis, the dominant position of x. is replaced by x: as s,’{zllxls is now 0.28 and
Sxy 121 DECOMES 0.18, which is closer to 0.2222. Afterwards, when context goes beyond

X5, the benchmark consumer chooses nothing as none of the pair differences can pass the
threshold criterion. Together, owing to the awareness of the exact value of PU/™(x|x),
choices made by the benchmark consumer perfectly reflect the preference orderings of

the market alternatives. Consumer choices are consistent and stable across contexts.

2.3.3.2 Market share estimated using different values of @ and the compromise

effect

The choices of consumers who are not directly influenced by the magnitudes of
preferencesy may be influenced by available options’ relative ranks in addition to their
absolute attribute levels. This subsection assesses choices made by cognitively-
constrained consumers who cannot consciously access the absolute value of their
preferencesy using the proposed model. As in Simulation 1, three types of consumers (@

= {0. 0.5, 1}) are investigated. By comparing their choice behaviour to each other and to
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the benchmark results, the subsection shows why deliberately using market information
and information about social norms to assist decision making may bias decisions.

Firstly, the behaviour of consumers with @ = 0, mirrors the benchmark result, as
indicated in Figure 3 (c). This suggests that unbiased preference learning may bring about
optimal outcomes, despite uncertainty about the magnitudes of preferencesu.

Conversely, Figure 3 (d) and (e) illustrate that consumers with @ = 0.5 and 1 are
more likely to buy the options close to the middle, compared to the benchmark. More
specifically, the choices of consumers who suffer moderate degree of social influences
may remain at xs or xz for a few more contexts when they are no longer the best option in
the set. Yet, choice will soon be switched to the optimal one when these previously-
dominating options become far worse, e.g., at X9 and Xz21. The compromise effect as
measured by the middle proportion approach occurs at context x = {Xs, X18, X19, X20}. Apart
from this, choice reversal is observed when the context is {xo, x19} and {x1o, X20}. For
both pairs of contexts, choices in the latter context, i.e., X1 and xzo0, imply that x. is
preferred to x1, which, however, is not consistent with the preference relation implied in
the former context since X2 (X1 in the latter context) is chosen over xz (x2 in the latter
context) in X9 and Xuo.

The most socially influenced consumers, i.e., where (& = 1), choose the middle
option until x24, with a temporary shift to xs and x2 at {x7, xs}"* and {x13, X1},
respectively. According to Figure 3(e), consumers with @ = 1 turn back to the optimal
option after context moves to xss. In this case, the compromise effect defined by the
middle proportion measure is seen when the context is context x = {Xo, X10, X11, X12}U{X15,

X1s, ..., X24}. Compared with the result obtained in the case of @ = 0.5, it is suggested that

bovilt This is because at these two contexts, the difference between the preferencey of the
optimal option and the second-best option is too small to pass the threshold criterion, rendering
the pairs involving these two options less likely to be chosen during the pairwise comparison.
This largely benefits the third best option, x4. This does not happen when @ = 0 and 0.5 possibly
because the value of the fourth option’s preferencey is too low to be offset by this benefit. The
same logic can be applied to the observation at {xi3, X1}, where PU;™ values of the first and

third option are too close.
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consumers with @ = 1 are more likely to exhibit a biased tendency towards the middle
option because they trust their biased estimates of their relative positions in population
more. Moreover, as in the previous case, choice reversals appear in many pairs of contexts:
{x1, x11}, {X2, X12}, {Xs, X15}, {Xs, X16}, {X9, X19}, {X10, X20}, {X11, X21}, {X12, X22}, and {Xazs,
xss}. Apparently, if preferences are legitimately inferred from observations of final
choices, one easily concludes that the changes of market context result in preference
reversals. However, the relative ranks of available products affect their relative
attractiveness without changing preferencesu.

In summary, the presence of the compromise effect implies that when the PU[™ of
the middle option is high enough, the false consensus effect will play a prominent role in
decision making by biasing individual’s preferencesc, which inclines consumers towards
choosing the middle option. Yet, this also means that consumer choice is not solely based
on products’ relative rank. If the middle option is not attractive enough in terms of its
absolute attribute value, the existence of the context-independent preferencesy and
opportunities to experience prevent consumers from exhibiting the compromise behaviour.
In other words, the limit of contextual influences is also determined by preferencesy and

the market context.
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Figure 3. Consumer choice under each feasible context in the respective model. Note that
consumers are assumed to buy an outside option, Xo, if they do not make a choice from the
market offerings. Therefore, the choice of xo shown in figures (b), (c), (d), and (e) indicates a

situation where consumers choose to opt out.

2.3.3.3 The monopolist’s optimal strategy, equilibrium contexts, and consumer

welfare: Case 1

This subsection investigates the monopolist’s profit-maximising strategy and
equilibrium contexts in the situation where all products have the same price and marginal
cost, which is a constant. Consumer welfare for different types of consumers under their
respective market equilibrium is also explored.

Firstly, all types of the consumer i consistently choose only one option from the
menu from X1 to xss, and so the profits gained from setting x within this context range is
the same when prices and marginal costs are constant across all feasible products.
Mathematically, the profit will be IT = (p — ¢) - ¢°~ — FC. In line with the conclusions
of the theoretical analysis and Simulation 1, profits in this case do not depend on which
option is chosen, but on the relative magnitudes of exogenously determined prices and

marginal costs as well as the total quantity demanded of the chosen option, g°". Therefore,
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the monopolist is indifferent between these contexts. The partial market equilibria are x*
= {X1, Xs, ..., X4s5} if profits earned under these contexts are positive. Otherwise, the firm
will choose to produce nothing.

However, consumer welfare under these equilibria differs substantially. As shown
in Figure 4, except for those with @ =1, the consumer i enjoys the highest happiness level
when x = {X2, X12, X22} as the attribute value of the chosen option is closest to 0.2222,
while gaining the least pleasure from consumption when x = xss. Additionally, under
contexts where the compromise effect exists, consumer experience welfare loss to varying
degrees because of cognitive constraints and biased social sampling. Obviously,
consumers with @ =1 suffer substantially more than other two types of consumers do, as
shown in Figure 4. If the society consists of equal amounts of different types of consumers,
the socially optimal equilibrium context in this case will be x2 where both biased and

unbiased consumers make an optimal choice.
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Figure 4. The average welfare level resulting from buying in the market. The benchmark
welfare level is identical to the one that the (& = 0) type consumers gain as they exhibit the
same behaviour in all feasible contexts. The average welfare level becomes zero when the

context goes beyond xss because all types of consumers stop purchasing in the market.
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2.3.3.4 The monopolist’s optimal strategy, equilibrium contexts, and consumer

welfare: Case 2

To examine whether the firm has an incentive to take advantage of consumers’
ignorance by inducing supply distortions, the monopolist’s profit-maximising responses
to market demand and equilibrium contexts are studied in the case where products’ prices
and marginal costs are linearly associated with their attribute values. Consumer welfare
under equilibrium contexts is also examined.

Consider the second case where ¢; = & - s;" and p; = 8, - s for all j, and the
profit function is TI(x) = (8, — 8,) - X;[s™ - 4P (x)] — FC. Suppose that fixed costs
and &, are small enough that I1(x) = 0 for all contexts ranging from xi1 to Xss. As
consumers only choose one option after learning, the profit-maximising context in this
case can be derived by comparing the attribute value of the ith option in the last context
where it is chosen. For example, to obtain the benchmark profit-maximising context, one

can simply compare sgm, s,’{zl|x17, and s,?’i'x%. The firm’s optimal context choice in the

benchmark model is x™ = x5, the context just prior to the context that generates zero
demand. In the proposed model, the firm confronted with consumers who experience zero
or moderate degrees of social influence will also optimally produce at X = xus.
Interestingly, owing to deviation from optimality, the profit-maximising contexts in the
market comprised completely of the (& = 1) type consumers are {xss, X4s}. A graphical
illustration that reveals the variation of profits is shown in Figure 5.

Apparently, in this case the firm is not incentivised to take advantage of consumers’
bounded rationality by distorting contexts. More specifically, the firm in the proposed
model does not have a monetary incentive to provide contexts with larger attribute values
than the benchmark ones. Although the properties of the context, including the space
between options and the numbers of options, matter, this estimated outcome occurs
mainly because in the proposed model, the threshold criterion purely depends on the
preferencesu, which limits the influence of false consensus on choice, and in turn leads to

the same equilibrium context across models.
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Moreover, according to Figure 4, all types of consumers gain the same level of
welfare at Xss as they all choose xi in this context. This suggests that biased consumers
are not worse off at equilibrium, even though in some circumstances they exhibit a
compromise tendency and do not behave consistently. Therefore, although learning in the
market per se is unable to totally eliminate the bias, it somewhat benefits false consensus
consumers in the sense that it helps consumers choose the best options and avoid being

exploited in the market equilibrium when the non-optimal option is strongly dominated.
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Figure 5. Attribute value of the demanded option by context. The deviation implies that

consumers with @ = 0.5 and 1 do not choose optimally under the corresponding context.

2.3.4 Simulation 3: Multi-agent scenario

Simulation 3 models a large number of heterogeneous consumer agents in an
artificial market to explore the compromise effect phenomenon at an aggregate level. The
simulation created an artificial market with fifty unit-demand consumer agents varying in

the mean of their preferencesy distributions over the attribute m, i.e., the mean of
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Beta(a/™, ™). Fixing the variance of all PU™ at 0.0089™, the computer randomly
generated values of the mean of each agent’s preferencesy from Beta (5, 5) ™. The
computer redrew all values of the mean if there existed any mean that caused PU;™(x) to
be infinity or if there existed any a/", 8" < 1. In total, twenty sets of consumer
preferencey were sampled and the simulation randomly chose the 9th set for analysis. The

set of fifty consumers’ preferencesy curves used in this subsection is shown in Figure 6.

Consumers’ PreferencesU Curves

PreferenceU

03 04 0.5 06 0.7 0.8 09 1
Attribute Levels

Figure 6. Consumers’ preferencesy curves in the simulated market. All distributions have

variance of 0.0089 and different means randomly sampled from Beta (5, 5).

bodix |t s the variance of Beta (5, 15), the preferencey distribution used in Simulation 1 and

b The authors note that in many real-world scenarios, the distribution of preferencey in
the population would be (positively) skewed. Examples include people’s preferences for portion
size, spiciness, cheese sharpness, etc. Yet, the overall finding and conclusion obtained in the
case of skewed preference distribution largely resembles the one explored in Simulation 2. To
avoid repetition, this subsection concentrates on investigating the market where consumer

preference is symmetrically distributed.
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The values of the rest of the parameters are identical to the ones in Simulation 2.
False-consensus consumers have preferencesn ( PN™ ) represented by a normal
distribution, three possible values of the weighting parameter (@), which indicates the
strength of the tendency to make market inferences during decision making, and a
decision-making threshold (t) of 0.5. The computer simulation started from the context
with s%; ={0.01, 0.11, 0.21, 0.31, 0.41} and ended at the context with s¥! = ={0.60, 0.70,
0.80, 0.90, 1.00}, with the attribute value of each option increasing by 0.01 units each

time.

2.3.4.1 The probability of opting out

This subsection explores the probability of choosing nothing from the market
offerings in both benchmark and the proposed models. Figure 7 shows the market quantity
demanded for each option, including the outside option, under each feasible context. Note
that consumers who do not choose from the market offerings are assumed to choose an
outside option. Moreover, given that both benchmark models and the proposed models
use the same value for the decision-making threshold, t, and the threshold criterion only
involves value comparisons in preferencesuy, the probability of opting out (i.e., choosing
the outside option), is identical across both models, regardless of levels of @ assumed in
the proposed model.

In addition, examination of Figure 7 (a) reveals an approximately symmetric
distribution of total market quantity demanded, with no consumer opting out in contexts
between x1s and xss. This is because the mean of preferencesy in the market follows a
symmetric distribution, namely Beta (5, 5), centred at 0.5. Given that the difference in
attribute values between adjacent products in the set, d, is fixed at 0.10 and n = 5, when
the mean of sT* approaches 0.5 more consumers will choose to buy in the market since
the threshold criterion is more likely to be met. By this token, if the mean of preferencesu
was drawn from a skewed distribution, the distribution of market quantity demanded
would be skewed in the same direction. Since the threshold criterion is also employed in
the benchmark model, total market quantities demanded in both models are identical

under each context.
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2.3.4.2 Quantity demanded estimated using different values of @ and the

compromise effect

This subsection discusses how estimated quantity demanded of a market alternative
differs with values of @. In other words, this subsection is concerned with the effect of
using marketing inferences during consumer choice. In addition, by comparing quantity
demanded estimated by the proposed models (respectively with @ = {0. 0.5, 1}) and the
benchmark results, this subsection illustrates how the compromise effect arises and when
it disappears.

The estimated quantity demanded of market offerings in the proposed model may
be different from the benchmark results, although they exhibit a similar pattern.
According to Figure 7(f), market quantity demanded of the fifth option, g2, increases as
the context moves from x1 to some points around x7***!, followed by a dramatical decline.
Similarly, Figure 7(b) reveals that g?" climbs gradually before the context reaches some
points beyond xs3, and then sharply drop. Note that xs gains more market demand than xz
does until context is at around X2s and x29, and qf*outnumbers qg* for all contexts beyond
this point. These choice patterns appear in all models because, when the attribute values
of market offerings are small overall, only a few consumers choose to buy and most of
them are those who strictly prefer xs to x1. As the context moves towards x29, more and
more consumers opt in, while those who chose to buy when the context includes very
small attribute values gradually switch to choosing other options over xs or opt out.
Similarly, when the context approaches the high-end, more and more consumers will opt
out and those who stay or start choosing to buy mostly are those who prefers x; over xs.

The reason why g2 (x;|x) and g° " (x5|x) do not peak at x2s or X9 is that when the
context is close to these two points, more and more consumers who choose to buy may
prefer the middle option to the other options. Therefore, the curve of g2~ (x3|x) seems to

be symmetric, as shown in Figure 7(d). Note that these values do not exactly peak at xso

i Since the mean of each preferencesy distribution is a random draw, the exact context

that maximises g2~ depends on the results of the randomisation.
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since mean of preferencesy is a random variable which may not spread symmetrically in
practice.

Moreover, due to the false consensus effect, the magnitude of g°" (x3|x) is higher
in the proposed model than in the benchmark model when @ =0.5and 1 (see Figure 7(d)).
This implies the presence of a compromise effect in the proposed model under each of all
contexts. More specifically, according to Figure 7 (d), the suboptimal, compromise option
was more likely to be chosen as the average attribute values of market options approached
0.5 (s%;, = {0.29, 0.39, 0.49, 0.59, 0.69}). This is because the bell-shaped distribution of
the mean of preferencesy causes the modes of preferencesy to be distributed around 0.5.
As a result, when the market context gets closer to x29, more and more consumers may
choose to buy. Meanwhile, choice pairs that involve the middle option may be more likely
to pass the threshold criterion, raising the possibility that false consensus consumers are
affected by inaccurate estimation about their relative standings in the population during

learning. As the market context moves away from Xz9, the compromise effect gets weaker.
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Figure 7. Market quantity demanded for each option by context, averaged across the number of
consumers. The first figure indicates the proportion of consumers in the market who choose the
outside option. The reverse of the graph implies the averaged market quantity demanded.

Because of the constant threshold criterion, the curve is the same for all types of consumers.
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2.3.4.3 Consumer welfare

This subsection explores average consumer welfare gained from consuming in the
market as well as the effect of utility of an outside option, Xxo, on average welfare.
Consumer welfare under market equilibrium and a change in welfare due to distortion of
market context will be addressed in the next two subsections, together with a discussion
of the firm’s optimal strategy.

Figure 8 (a) indicates that the mean level of welfare gained from choosing in the
market is lowest under the first and the last context owing to an unsatisfactory choice set
that causes a majority of consumers to opt out and choose nothing at all. Conversely, the
highest mean welfare level is obtained under contexts around the middle of the space of
feasible contexts. This may be because the attribute values of options there satisfy most
consumers, even though a very high proportion of false consensus consumers may not
choose the optimal option in the market due to bias. This also explains why the average
welfare level gained in the extreme context can be effectively raised by increasing the
utility of the outside option, as shown in Figure 8 (b), (c), and (d).

Furthermore, the deviation from optimality due to social influence is reflected in the
gap in absolute welfare level between the benchmark results and the ones estimated by
the proposed model with @ = 0.5 and 1. The greater the value of @, the larger the gap (see
Figure 8 (a)). However, this welfare gap is unlikely to be reduced by increasing the utility
of the outside option because the probability of opting out is the same for all types of

consumers.
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Figure 8. Consumer welfare under each context. (a) The average welfare level gained from
choosing in the market. The context that maximises average welfare from consumption for the
cases where @ = {0, 0.5, 1} and the benchmark is {Xs3, X3, X21, X33}. In addition, the magnitude
of the difference in welfare level between the proposed model and the benchmark results
indicates the degree of deviation from optimality.; (b), (c), and (d) Average consumer welfare
with three possible levels of utility of the outside option. The difference among these three
figures implies that the high probability of choosing outside may improve welfare level
considerably if utility of the outside option raises to a certain level. Therefore, the shapes of all

curves reverses as PU;(x,) increases.

2.3.4.4 The monopolist’s optimal strategy, equilibrium contexts, and consumer

welfare: Case 1

The monopolist’s best response to market demands and equilibrium contexts in the
case where prices and marginal costs are constant regardless of products’ attribute values
is now investigated. Consumer welfare market equilibrium context in this case is also
explored.

Theoretically speaking, if selling a product with more attribute value cannot
increase profits, the firm’s profit-maximising strategy of context setting will be to sell as

many products as possible, instead of trying to promote a particular product at expense of
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losing demand for other offerings. Therefore, the profit-maximising contexts in the case
of a fixed p and ¢ should be the contexts that minimise consumer’ probability of opting
out. Consistent with information shown in Figure 7 (a), the monopolist is best-off
producing at X" = {X1s, X19, ..., X45} in the benchmark and proposed models as long as the
profit is positive. The reason why the set of profit-maximising contexts does not differ
with models (i.e., the benchmark versus the proposed model) and the values of @ used in
estimation is because the assumed value of the decision threshold is identical for both
models and the value of @ cannot affect results of threshold assessment in pairwise
comparison. Therefore, in line with theoretical predictions and previous findings, when
profits do not depend on which option is chosen, the firm has no incentive to take
advantage of consumer bias.

In addition, the set of market equilibrium contexts X contains a socially optimal
outcome in both models. As indicated in Figure 8 (a), mean consumer welfare in the
benchmark model and the proposed model with @ =0, 0.5, and 1 is highest when context
is {Xa3, X32, X21, X33}, respectively. This result demonstrates that a strong compromise
effect may exist in equilibrium even when complete learning is possible and when

consumers choose rationally based on their learned preferences.

2.3.4.5 The monopolist’s optimal strategy, equilibrium contexts, and consumer

welfare: Case 2

Now consider the second case, where price and marginal cost are linearly and
positively associated with values of attribute m of products, s%'. As before, the firm’s best
responses to market demand and equilibrium contexts in this new case are investigated in
this subsection. In addition, if manipulation of market context is likely to happen, a change
in consumer welfare due to manipulation is examined for different types (with respect to
@) of consumers.

Recall that the profit function in this case is [1(x) = (8, — &) - X,;[s/ - 7" (0)] -
FC. Accordingly, for a monopolist to earn positive profits, the term (8, — &..) should be
positive. Suppose that the fixed costs are small enough that IT1(x) > 0 for all contexts that

generate positive demand. Profit-maximising contexts are X~ = {Xus, Xa7, X47} respectively

for @ = {0, 0.5, 1} in the proposed model and the benchmark x* = xss. This result is in



86

line with the theoretical predictions, which suggest that the optimal context may be closer
to the upper bound of the set of all feasible contexts than the one that maximises total
quantity demanded (i.e., X" in the previous case) will be when prices and marginal costs
are linearly dependent on attribute values of products. More specifically, when @ = 0.5
and 1, an increase in the average attribute value sold compensates for the very small loss
in overall quantity demanded. This strongly incentivises the firm to raise the overall
attribute values of market offerings in the proposed model. Hence, it is predicted that in
this case, there is a strong monetary incentive for firms to distort the informational content
of product lines to take advantage of consumer bias.

However, the welfare impact of context distortion is negative for all types of
consumers. As shown in Figure 8 (a), for consumers with @ = 0.5, the average consumer
welfare gained from consuming in the market declines from 3.4061 at xss to 3.3169 at X47.
Similarly, the average welfare for the (& = 1) type consumers decreases from 2.0493 at
Xs5 to 1.9282 at x47. This suggests that profit-induced context distortion may
psychologically harm biased consumers in a market equilibrium, despite consumers’

efforts in learning their preferences and choosing the optimal products.
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Figure 9. Attribute values sold by context, averaged over fifty sampled consumers. Comparing
across the three lines, the sizes of profits are similar when consumers suffer zero to moderate
degree of social influences. This reflects the similar simulated choices made by the benchmark
consumers and by consumers with @ =0 and 0.5. For the market constituted by consumers with
@ =1, the profits earned under the first half of contexts, namely contexts prior to Xzs, are strictly
lower than benchmark profit levels. This is because under those contexts, biased consumers tend
to choose xs and x4 rather than xs, which is the option that generates more profits. The situation
reverses under the second half of the contexts (i.e., those with larger values) because biased

consumers are less likely to choose xi.

2.4 Summary

This chapter proposes a model of context effects to explain and predict consumer
behaviour with preference learning. The model incorporates RRT, the rank-order decision
rule, and the false-consensus effect. Most of the assumptions held in the RRT are retained
in the proposed model, including the assumption that final purchasing choices are driven
not directly by the pre-existing preferenceu, but by the context-specific preference;, which
is formed by outcomes of preference learning in the market. More concretely, the model

inherits the assumption that the conscious inaccessibility of values of the preferencey may
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motivate decision makers to learn their preference through a series of pairwise
comparisons between market offerings. To prevent people from choosing extremely
undesirable products, it is also assumed that, for each pair, a choice will be made only if
the difference in the preferencey between alternatives exceeds a certain threshold value.
If the pair passes the threshold criterion, it is uniquely assumed by the proposed model
that choice probability of a paired alternative is co-governed by internal signals
(preferencey) and the market inference (the rank-order decision rule). Since false
consensus individuals tend to generate flawed estimates of their relative standing in the
population’s taste distribution, they may be biased to believe that the middle option fits
them the most during preference learning. Consequently, the presence of this type of
consumer potentially contributes to the observations of the compromise behaviour in the
market. In other words, according to the proposed model, the misperception of one’s
relative position in the population distribution may incur errors in preference learning as
consumers adopt the rank-order decision rule, and this is the cause of compromise
behaviour.

However, the involvement of errors in making market inferences does not
necessarily mean consumers are irrational. Believing social norms and product lines are
informative and thus attend to them can arguably be viewed as a rational move. Therefore,
the proposed model indeed suggests that rationally using a strategy to assist decision
making can lead to seemingly irrational behaviour.

The proposed model is complex. However, each aspect of it is essential and thus
cannot be omitted. Firstly, as with RRT, the distinction between preferencesy and
preferences is crucial in modelling human behaviour, whereby preferencesy are important
in explaining natural individual differences whereas preferences, reflect environmental
influences. Therefore, it is necessary to include these two preferences in the model. More
concretely, having a preferencey means that there must be two parameters that jointly
define preferencesy’s properties (as a Beta distribution). Moreover, having preferences;
requires us to understand the learning process because decision makers need to form these
preferences;.

Incorporating the idea from psychology literature that a preferencey can only

underpin ordinal information about it, the learning of preferences through a series of
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pairwise comparisons between choice alternatives is a necessary assumption. Otherwise,
preferencesy cannot exert their influences on choice. Moreover, the threshold parameter
that appears in the first stage of learning is also necessary, because it is a reasonable and
simple mechanism that prevents people from choosing extremely undesirable products.

In addition, the involvement of social influences in the pairwise learning process is
assumed based on extensive behavioural evidence that shows the effect of social norms
on decision making (e.g., Herman, Polivy, Pliner, & Vartanian, 2015). Without it, the
model may be less realistic. In addition, the reason why the proposed model adopts the
rank-order decision rule to embody the idea of social influences is because it has been
proven effective in explaining the compromise effect as well as decisions under
preference uncertainty (see Section 1.3.3 and 1.3.4 for more information). Yet, as the
rank-order decision rule does not explicitly specify how decision makers estimate their
relative standings in the population’s taste distribution, the notion of the false consensus
effect must be incorporated into the proposed model (for review, see Section 1.3.4). To
account for individual differences in resisting social influences, the parameter @ that
controls the tendency to use the rank-order decision rule is necessary.

Last, to reduce complexity of the proposed model, the joint effect of preferencesu
and preferencesy is computed by the convex combination approach, rather than any other
more complex integration. Similarly, the decision made in each pair is computed based
on a simple but useful softmax function. Finally, the way that the preferences; are formed
from outcomes of preference learning in the proposed model is directly inherited from
RRT. It is one of the most essential parts of the model as the existence of preferences; is
core of the model. Altogether, based on the above-mentioned reasons, it is believed that
each part of the proposed model is essential. Removing any of them will decrease the
descriptive power of it.

The predictions of the proposed model were derived via computer simulations. In
the single agent case, the results suggest that decision makers who do not use the rank-

order decision rule at all, i.e., whose @ = 0, behave in the same manner as the benchmark
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consumer™X" does. This implies that unbiased preference learning may lead to optimal
outcome, even in presence of uncertainty about the magnitudes of the preferenceu.
However, consumers with @ = 0.5 and 1 may exhibit a strong tendency to choose the
options close to the middle, with consumers who use the biased market inference more
frequently (i.e., @ = 1 versus 0.5) showing more biases towards the middle option. In
addition, choice reversals are observed for these two types of consumers in some contexts.
This may potentially prompt an outside observer to conclude that the preferencey is
context-dependent, although, in effect, it is the relative ranks of available products that
affects relative attractiveness without changing preferencesy. Also note that choice
reversal and the propensity to choose the compromise option only appear in some contexts.
For a context that is very unfavourable, even consumers with @ =1 would act consistently
with the benchmark agent. Altogether, the results on the demand side demonstrates that
when the value of the preferencey of the middle option is high enough, the perceived
locations in the population’s distribution play a crucial role in decision making by biasing
outcomes of preference learning. Yet, if the middle option is too unattractive in terms of
its absolute attribute value, the existence of the context-independent preferencey and
market experience are sufficient to prevent biased consumers from endlessly exhibiting
the compromise behaviour.

With regard to the firm’s profit-maximising strategy, when prices and marginal
costs are constant across all feasible products, it is found that the monopolist has no
incentive to manipulate the market context. Likewise, in the case where attribute values
of sold products are direct inputs to the profit function, i.e., the firm can benefit from
selling products with larger attribute values, the simulation results still do not find
evidence of incentives for context distortion. This outcome can be attributed to the fact
that in the proposed model, the threshold criterion purely depends on the preferencesy,

which limits social influence on choice, and in turn leads to the same equilibrium context

it The benchmark model is not a special case of the proposed model. It assumes
consumers know their own preferencesy values, and thus can make a purchase decision

accordingly.
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across models. Moreover, given that choice in the equilibrium context is identical across
all consumer types, biased consumers are not found to be psychologically worse off.
Therefore, although learning in the market per se cannot beat the bias, it may benefit false-
consensus consumers by helping them choose the better options and avoid being exploited
in the market equilibrium.

The present chapter also conducted a simulation of a multiple-agent scenario. The
overall results obtained from fifty randomly sampled, unit-demand consumers are roughly
consistent with the theoretical predictions. Firstly, as found in the previous case,
consumers who do not use market information at all, i.e., whose @ = 0, make the same
choice as the benchmark consumer does in all feasible contexts. In contrast, consumers
with @ = 0.5 and 1, on average are more likely to choose the middle option than the
benchmark consumer does, with the degree of the bias increasing with the value of @. In
addition, for these two types of consumer, the compromise tendency gets weaker as the
market context moves towards the boundary of the space of feasible contexts. This is
possibly because more consumers choose to opt out when context becomes more extreme,
which shrinks the effect of the preferencen on choice since the rank-order decision rule is
only used at the second stage of the pairwise comparison.

The results on the producer side are largely consistent with the theoretical
predictions. Given that the likelihood of opting out is the same for all types of consumer,
the set of the profit-maximising menus is the same when prices and marginal costs are
constant. Since the mean consumer welfare gained in the market differs across types of
consumers, the socially optimal equilibrium context may not be identical. Additionally,
even at the socially optimal equilibrium point, consumers who suffer the strongest social
influences, i.e., @ = 1, gain lowest welfare due to their biased behaviour.

In another case, where price and marginal cost are positively associated with the
attribute values of products, the results suggest that a monopolist may be monetarily
incentivised to offer products with higher attribute values to biased consumers, i.e., those
with @ = 0.5 and 1, than to the benchmark agent. Yet, this finding is highly dependent on
the preferencey distributions sampled, as the results in the single-agent case clearly
illustrate the possibility that distortion of informational content of product lines may not

occur. Moreover, the welfare impact of context distortion is negative for consumers with
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¢ = 0.5 and 1, suggesting that both consumers experience a welfare loss resulting from
being offered a less favourable context.

In a nutshell, the results demonstrate that the compromise effect may exist in market
equilibrium, even when preference learning is possible and consumers choose rationally
based on their learned preferences. It is also found that if the market comprises many
heterogenous, false-consensus agents, it can be profitable for a monopolist to distort
menus, but this conclusion strongly depends on the settings of parameter values and
market contexts. Combining these two points, the simulation results suggest that the
existence of biased consumers may be the reason why compromise behaviour is often
observed in the market and why the possibility of context distortion should be of great
concern. Fortunately, the results also find that there is a limit to menu manipulation since
unpleasant signals sent from the preferenceu will become more salient as market offerings
get more unsatisfactory. In addition, context distortion does not always harm consumers
as they may choose less optimally in the benchmark equilibrium context. However, based
on these results, it seems that the influence of biased estimation about social norms is not
strong enough to exert a powerful impact on the downstream behaviour. At least, it is
observed that a very high value of @, e.g., @ = 1, is required to show the effect. This
limitation motivates development of an alternative model which allows social norms to
have a more direct and independent effect on the final purchasing choice. The details of

the second model and its predictions will be presented in the next chapter.



Chapter 3: Model 2

This chapter develops an alternative model of context effects in consumer choice
under repeated-purchase conditions. As in Chapter 2, the purpose is to model both (a) the
role of market context in consumers’ judgement and decision making and (b) a firm’s best
response to (biased) consumer behaviour. To recap, the key research questions that the
thesis aim to address are: (1) If consumers are endowed with a context-independent
preferencey, why do they behave as if they are biased towards the compromise options?
(2) Under what conditions will the compromise effect persist or be eliminated in market
equilibrium when consumers are experienced? Also, is there any other factor that
contributes to the compromise effect? (3) If increasing the attribute values of products is
profitable, what is a firm’s optimal strategy in setting the product line, and how does this
strategic reaction in turn affect consumers’ welfare in equilibrium?

As discussed in Chapter 2, there are some limitations to the first model that make
its behaviour slightly different from initial expectations. The main problem of the first
model is that the decision about whether to buy (at all) in the market solely depends on
innate, context-independent preferencesy. As attribute values of available products get
larger (i.e., the choice context moves towards the upper extreme of the attribute space),
the decision maker becomes more likely to choose nothing at all in pairwise comparisons.
This leads consumers to eventually choose the first option from the ordered choice set
with certainty (i.e., with a probability of 100%) when market context goes beyond a
critical point™i, Thus people’s market-based inferences play a very limited role in final
purchase choice when there are too few available options satisfying the preferenceu. This
in turn gives the firm no incentive to distort the market context to take advantage of biased

consumers. Another problem of the first model lies in its assumption that consumers will

boxiit \When the preferencey of the first option is the only one that passes the threshold, the
first option will be the most frequently chosen one during learning and therefore obtains the
highest preference;, compared to other options. Social norms do not have any effect on the final

decision in this case.
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never adjust their purchase decision once they have formed their own inferred preferences.
This means that they will always choose the same product for all remaining periods, which
is inconsistent with consumer behaviour as documented in the literature™", Finally, the
assumption of pairwise comparisons may not hold in reality. In particular, for products
varying in portion size, it is extremely unlikely that consumers will in reality compare two
products simultaneously. This fact limits the applicability and generalisability of the first
model.

These limitations motivated development of a simpler one-dimensional model that
abandons the strong assumption of pairwise comparisons, while retaining the assumptions
about preferencesu and norm-based preferences with false consensus. More specifically,
the new model employs a classical explore-exploit framework and assumes that false-
consensus consumers will choose either on the basis of preferencesy (i.e., exploration), or
on the basis of their inferred preference, which is formed by their past choices (i.e.,
exploitation).

A key new aspect of the new model is that choice will lead to subsequent inhibition
of both chosen and (some) non-chosen options. This version of “inhibition of return” is a
psychological mechanism that prevents people from immediately re-choosing products
that are known to be unfavourable until enough time has passed for the inhibition to decay.
Regardless of which strategy (explore vs exploit) is adopted, on any given occasion
consumers will choose only from options that are inhibited less than some threshold
values. These threshold values may in turn be influenced by the preferencesy, such that
inhibited items that are believed to be desirable (according to market inferences) will re-
enter an individual’s choice set sooner than will equally-inhibited items that are not

believed to be desirable. Note that preferencesn can therefore affect choice in two quite

boxiv |t is suggested in the consumer research literature that consumers tend to choose
variety with the objective of counteracting physiological and psychological satiation from
repeated choices (Kahn, Kalwani, & Morrison, 1986; Levav & Zhu, 2009; Sevilla, Lu, & Kahn,
2019).
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different ways — by determining choice probability in exploration trials, but also by
influencing how quickly inhibited items become re-eligible for choice.

More specifically, after every choice that is made in the market, inhibition is added
to that option and to all options that are inevitably less favourable than it. The amount of
this inhibition of return is determined by the preferencey value of the chosen option and
by two other exogenously determined parameters. The amount of inhibition, and also the
memory of choice history, are assumed to decay over time with a constant rate. Overall,
by allowing social norms to influence decision thresholds, choice is made based on
preferencesy and the social norm more directly. Moreover, in this model, consumers never
stop learning and updating their inferred preferences, and therefore their choices may
change over time.

A concrete example of the proposed consumer decision making process is provided
in the next section for illustrative purposes, followed by a review of the literature relating
to two main additional assumptions of this alternative model — the explore-exploit trade-
off, and inhibition of return. Then, a formal description of the new model as well as the
firm’s profit-maximisation problem will be presented. The chapter will close by
presenting a series of computer simulations, along with a discussion of estimated

consumer behaviour and market equilibrium.

3.1 An Example

Consider two representative consumers, Alex and Sam, who are each endowed with
a preferenceu for sizes of a soft drink but cannot consciously access the relevant absolute
magnitudes. One day they, separately, go to a newly-opened shop in which soft drinks are
labelled in terms of their sizes on an ordinal scale (e.g., small, medium, and large) and
displayed in order. Alex and Sam do not have any prior experience of purchasing or
consuming soft drinks sold in that shop.

Suppose that Alex always chooses based on his/her feelings, i.e., preferencesy, and
never makes market-based inferences about social norms. At the first time of visiting,
Alex will randomly choose one from the set of available soft drinks (“exploration”). After
consuming the chosen drink, Alex will have a feeling about its favourability (based on a

preferenceu) and based on that feeling will unconsciously assign inhibition to it. Items
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with lower preferenceu values will receive more inhibition. The magnitude of this
inhibition of return represents the degree that he/she is unwilling to choose it again.
Moreover, if Alex is able to identify whether the size of the choice is too large or small
for him/her, the inhibition will be spread to options that are perceived as more
unfavourable (i.e., all drinks that are larger or smaller than the choice). However, if the
choice is good enough™V, Alex may fail to consider other drinks’ desirability and hence
inhibition of return will not spread out, while the chosen one is nonetheless inhibited.

At the second time of visiting, Alex may either choose randomly again (exploration)
or choose based on the preference inferred from his/her past choices (exploitation). Note
that no matter which strategy is adopted, products will be considered only when their
inhibition is less than a threshold value. Because Alex is not sensitive to social norms,
these threshold values will be constant for all items. If all soft drinks in the shop are
inhibited above threshold levels, Alex will make no purchase. The post-choice stage will
be same as in the first time period, unless Alex decides not to buy in the shop at all™>i,
Further, at the beginning of each shopping period, memory of inhibition of return and
choice history decay by a constant amount. Following this proposed decision-making
process, it is predicted that if all soft drinks in the shop are very undesirable with respect
to the preferenceu, Alex will nonetheless end up choosing the least unfavourable one
occasionally, with other products even more rarely being chosen.

Consider now another consumer, Sam. Suppose that Sam tends to adopt a matching
strategy when deciding whether to purchase a soft drink. The use of the matching strategy
indicates that Sam believes that the product line is designed to meet the whole
population’s tastes on the soft drinks, and therefore that the relative rank of the most
desirable (for Sam) product in the product line should match his/her rank in the

population’s taste distribution. In other words, if Sam believes himself/herself to fall at

o That is, Alex cannot consciously recognise whether he/she prefers a larger or smaller
option to the choice as it is so satisfactory in terms of the preferencey. Importantly, the “good
enough” choice is not necessarily the one that maximises satisfaction of the preferencevu.

boxvii|n this case, none of the options will be inhibited in that round since no choice is

made.
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the nth percentile of the population distribution of tastes, Sam will believe that the product
at the nth percentile of the distribution of market options will be the product that is most
suitable for himself/herself. Yet, the model further assumes that Sam suffers a certain
degree of false consensus effect when evaluating his/her own position, such that he/she is
prone to estimating that his/her preferencey is located at around the 50th percentile of the
population. Accordingly, Sam may think that he/she most prefers the option with a relative
rank of 50% and that he/she will prefer extreme options least. These beliefs will influence
Sam’s exploration-based choices.

At the first time of visiting the shop, Sam will choose in proportion to his/her beliefs
about the social norms (i.e., choices made by others), which indicate that the medium size
Is the most favourable one and the extreme sizes of soft drinks are the least. This makes
Sam most likely to choose the median option at first (in the first exploration-based choice).
Similarly to Alex, in the post-choice stage Sam will unconsciously assign an inhibition to
the chosen drink based on his/her preferenceu. Again, whether the inhibition of return will
be spread to other options depends on Sam’s ability to identify the less favourable ones.
If the choice is satisfactory, Sam may be unable to recognise whether the chosen drink is
too large or too small in its size and therefore cannot make a sensible inference about
other products’ desirability.

On the second visit, Sam will either explore again, in which case choice probability
will be based on the perceived social norms, or exploit based on past choices. Like Alex,
Sam will only consider soft drinks with inhibition values less than threshold values. In
other words, Sam will not choose options that he/she has very negative impressions of.
However, due to the tendency to use the matching strategy, the threshold value is assumed
to be increased, to various extents, by the false consensus effect. This is because to false
consensus consumers, middle options are optimal products as suggested by market
inferences. More specifically, Sam will be more tolerant of the middle-size drink, in the
sense that he/she may still consider the middle option even when he/she has a negative
impression on it. Sam is still more tolerant of extreme options than Alex, even though the
extreme options are less likely to be considered than the medium one, due to their lower
threshold values (i.e., inhibition must be smaller for extreme items to be considered for

choice). This is because Sam tends to believe that the product line is reasonably designed
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to capture preferences — Sam’s assumption is that none of the soft drink sizes presented
in the shop are definitely deficient. Consequently, Sam is not only more likely to exhibit
compromise behaviour, but also more likely to make purchases at all.

If observers infer Alex and Sam’s preferenceu simply based on their choices under
various market contexts, they may easily conclude that Sam behaves less rationally than
Alex since Sam shows a great tendency to choose the middle option, regardless of its
attribute value. However, this claim ignores the fact that both Alex and Sam cannot access
the absolute magnitude of their preferencesy and Sam, in fact, is the one that deliberately
attempts to adopt a (rational) strategy in order to make a better decision. A diagram that
summarises the proposed model is shown below (Figure 10).

Note that false consensus effects and social norm effects are intertwined in models
such as the present one. Intuitively, a consumer might have a tendency to choose
compromise options for reasons that are psychologically distinct but which are not
distinguished in the present formulation of the model. Thus a consumer might believe that
other people tend to choose extreme options less frequently than middle options
(unimodal social norm), and also accurately estimate his/her own relative ranked position
within the population. Alternatively, the consumer might believe that population choices
are uniformly distributed over market options, but believe that his/her own relative ranked
position within the population is closer to the median than it truly is. Either of these
possibilities could give rise to compromise effects; the current implementation is neutral

between them.
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Figure 10. A diagram of the second model. The parameter y refers to the likelihood of
exploring, ¢ denotes the tendency to use the matching strategy, and t indicates the rate of

memory decay. In the example, Alex has ¢ = 0 and Sam’s ¢ lies in an interval, 1> ¢ > 0.

3.2 Assumptions

The novel features of this second model (as compared with the model presented in
the previous chapter) are the explore-exploit framework and inhibition of return. Both
concepts have been explored extensively and received substantial empirical support in
literature. This subsection will review literature relevant to these two assumptions and
explain how the assumptions were derived.

Searching is a commonly observed phenomenon in both the human and animal
world and has been studied in fields such as behavioural science (Stoji¢, Schulz, Analytis,
& Speekenbrink, 2020; Wu, Schulz, Speekenbrink, Nelson, & Meder, 2018), and biology
and neuroscience (Blanco, Love, Cooper, McGeary, Knopik, & Maddox, 2015; Cohen,
McClure, & Yu, 2007; Mobbs et al., 2013). While trying untested options or looking for
new opportunities may bring uncertain outcomes, gathering information about the

environment is of vital importance in terms of long-term reward maximisation (Schulz &
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Gershman, 2019). The trade-off between exploiting familiar, relatively riskless options
and seeking novel, more risky options frames the explore-exploit dilemma.

Existing research on the explore-exploit dilemma mainly focuses on exploratory
behaviour, leaving the algorithms of exploitation relatively less well specified in the
literature. Normally, exploitation refers to the choice of options with (possibly highest)
known rewards (Feng, Wang, Zarnescu, & Wilson, 2021). Integrating with RRT, the
proposed model extends the idea of exploitation to assume that consumers exploit by
choosing based on their inferred preferences, which are formed based on the relative
frequency with which an option has been chosen in the past. Note that since it is also
assumed that people are insensitive to absolute attribute values, the inferred preference is
completely rank-based. It is therefore an option’s relative rank being exploited, not its
attribute value or any other features.

In contrast to exploitation, decision-making in exploration trials has been widely
studied. Exploration strategies can generally be classified into three groups™*V!!, of which
the first two belong to the family of uncertainty-guided exploration (Wilson, Geana,
White, Ludvig, & Cohen, 2014). The first group is called random exploration, which
describes exploration as an injection of randomness into choice that enables choice
stochasticity to reflect one’s uncertainty about the outcomes (Schulz & Gershman, 2019).
For example, options can be sampled randomly (Schulz et al., 2019) or in proportion to
their respective (expected) values (Schulz & Gershman, 2019). The second group is
termed directed exploration, where exploration is guided by assigning an uncertainty
bonus to each available option or action (Auer, 2002). The inflated (by uncertainty)

expected values channel sampling into more uncertain or unfamiliar options (Kakade &

boxvii There is a separate line of research discussing the rate of exploration. For example,
Riefer, Prior, Blair, Pavey, and Love (2017) empirically examine consumer explore-exploit
trade-offs over time and report that the longer consumers exploited a product, the less likely they
were to explore, possibly due to coherence maximisation. Yet, in the second model, the explore-
exploit parameter is a free parameter, which means that there is no specific constraint on it.
Therefore, the current review of research on human exploration focuses on strategy rather than

timing.
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Dayan, 2002). Consistent with the theory, experimental findings (e.g., Gershman, 2018;
Schulz, Wu, Ruggeri, & Meder, 2019; Wilson, Geana, White, Ludvig, & Cohen, 2014)
confirms that human may adopt both types of uncertainty-guided heuristic.

The third, and more recently proposed, group is belief-guided exploration, which
states that searching relies on structured knowledge or beliefs about the environment
(Dayan & Berridge, 2014; Markant & Gureckis, 2014; Otto, Knox, Markman & Love,
2014). More specifically, it suggests that people leverage information about the structure
of the environment to decide where and when to explore. In line with the theory, Schulz,
Bhui, Love, Brier, Todd, and Gershman (2019) find that consumers buy from novel
restaurants by adaptively referring to signals of restaurant quality and may generalise their
experiences across the same type of restaurants. This finding is supported by Stojic,
Schulz, Analytis, and Speekenbrink (2020), who show experimentally that knowledge
about the outcome that an option’s features are associated with generalise to other
unexplored options. Therefore, they argue that whether human exhibit novelty seeking (or
avoidance) depends on whether the novel option’s features resemble those of highly
rewarding (or nonrewarding) options. Furthermore, both Schulz, Bhui, Love, Brier, Todd,
and Gershman (2019) and Stoji¢, Schulz, Analytis, and Speekenbrink (2020) observe
some degree of directed exploration from people. This indicates that these exploration
strategies are not mutually exclusive — decision makers may simultaneously consider
prospective rewards and the degree of uncertainty.

Extending the existing literature, the belief that menus are designed to capture the
population’s taste distribution may predispose consumers to relate a product’s relative
rank to its subjective desirability. As a result, they are expected to be more inclined to
adopt belief-guided exploration, which, by assumption, involves choosing proportionally
to norm-based preferences with some degree of random error. Moreover, in the proposed
model, menus may be local and small, and therefore exploration does not necessarily
mean people try out an option that is never chosen. Instead, exploration here refers to the
situation when choice is not purely based on past choice. Hence, in explore trials,
consumers attempt to choose options that may surprise them, even though they may have
tasted it.
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However, modelling exploitative and exploratory behaviour in this way makes
preferencesuy, and thus utility gained from consumption, ineffective in decision making,
potentially leading consumers to repeatedly choose inferior options in both trials.
Information gathered from experience or feedback about one’s previous behaviour is
frequently used in human and animal search. Taking the example of food foraging:
whether to return to a place that has been examined greatly depends on whether the locus
of a food source in that area is found to be exhausted (Klein, 2000). In the visual search
literature, a mechanism that encourages orienting towards a novel or significant stimulus
by biasing attention and/or eye movements from an (overly) exposed stimulus is called
inhibition of return (Klein & Maclnnes, 1999; Posner, Rafal, Choate, & Vaughan, 1985;
Tipper, Weaver, Jerreat, & Burak, 1994).

The term “inhibition of return” comes from an experimental finding of Posner and
Cohen (1984), who showed that participants responded more quickly to targets presenting
at previously cued locations than to targets at uncued locations as long as the time between
the cue and the target, i.e., stimulus onset asynchrony, was short. This phenomenon,
however, reversed when stimulus onset asynchrony increased, as evidenced by longer
response times for cued targets than for uncued targets (Posnher & Cohen, 1984). This
finding suggests that the early facilitation, possibly thanks to the rapid and correct
stimulus information at cued locations, is followed by a long-lasting inhibitory effect
reflecting the removal of attention from that location (Bennett & Pratt, 2001; Klein, 2000;
Satel, Wang, Trappenberg, & Klein, 2011; Taylor & Klein, 1998). In short, inhibition of
return describes the phenomenon whereby attention is slow to return to an originally
attended location.

The implication of inhibition of return is that people tend to restrain themselves
from revisiting previously examined places, especially those that do not produce valuable
outcomes for a long time. Following this insight, the second model assumes that
consumers may label options they have chosen and be disinclined to reconsider them. The
size of the inhibitory effect in the model is computed as an inverse function of one’s own
preferenceuy and is assumed to accumulate over time. It is therefore expected that the
worse the consumption experience is, the more likely the chosen option is to be inhibited,

regardless of its relative rank in the set. Furthermore, inhibition of return is found to spread
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to adjacent locations in a graded manner (Birmingham, Visser, Snyder, & Kingstone,
2007; Christie, Hilchey, & Klein, 2013; Taylor, Chan, Bennett, & Pratt, 2015). Exploiting
this observation, the proposed model assumes that options that are conjectured to be worse
than the chosen one will suffer inhibition of return following the choice.

3.3 Theory

3.3.1 Model description

A formal description of the model is presented below™Vii, Let x = {x1, Xz, ..., Xn}
denote a finite set of n market alternatives ordered in terms of magnitudes of a common,

quantifiable attribute m, and let s;" € [0,1] denote a normalised attribute value of an

option xj on an attribute m. A unit-demand consumer i’s preferencey of absolute values of
an attribute m, PU/™, is represented by the probability density function of a beta
distribution, Beta(a;", B{™), with ", 8" > 1 to guarantee unimodality. Note that the
exact value of PU; is consciously inaccessible and consumers do not have any ex ante
knowledge or experience of available products x and the technological feasible set X.

Moreover, as noted before, the norm-based preference, PN™(x|x), refers to a
(context-dependent) preference relation acquired from the product line x and one’s
perceived rank position in the population preference distribution. Mathematically,
PN™(x|x) is a one-dimensional function that converts the preference ordering acquired
from the rank-order decision rule into a real value, given the information that the firm
introduced the product line x. The magnitude of PN™ is represented by the probability
density function of a normal distribution, V' (u, a2). The values of the normal distribution
parameters are estimated from s™, where u denotes the mean of s™ and ¢ is an unbiased
estimator of the variance. Given the nature of the normal distribution, the bell shape of
the distribution implies that middle options are most favourable.

booviit Sjnce most of the model settings and assumptions are identical to those of the first

model, the repeated part of the model description is just a brief reminder.
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3.3.1.1 Explore vs exploit

Although the basic properties of preferencesy and preferencesn are same as before,
unlike the first model (which simply sums up the respective influences of these two
preferences in the learning stage), the present model separates their influences on choice
and assumes that consumers will adopt either an exploration or an exploitation strategy in
the choice stage. Denoting the parameter that controls explore-exploit tradeoffs as y €
[0,1], this explore-exploit parameter y specifies the likelihood of adopting an exploration
strategy and is assumed to be constant across menus. In the computer simulation,
exploration occurs when y > &, where € € (0,1] is randomly drawn at each round. It is

assumed that consumers will always explore in the first round.

3.3.1.2 Explore

In an exploration trial, consumers are in the state of searching (i.e., exploring). The
option they decide to try may be influenced their perceived social norms. More
specifically, choice is, to a degree @, determined in proportion to PN™ of available
options™ and to degree (1- @) suffered determined by random noise*¢. The parameter
@ € [0,1] reflects the extent the which choice is affected by social norms in a marketplace

as well as the tendency for consumers to utilise market information when making a

booix The word “available” here refers to options that have inhibition values less or equal
to thresholds.

*¢ In order to achieve choice proportional to PN, the choice sampling is modelled as

Z{[‘P . cumulative sum of available PN™ cumulative sum of available unif (0,1)

+(1-9)- 1<

max(cumulative sum of available PN™) max(cumulative sum of available unif (0,1))
€} + 1, where € € [0,1] is an arbitrary random number, the term “available PN™” refers to the
value of the preferencen on an option that is not inhibited at the time of calculation, and
“available unif (0,1)” similarly denotes an “available” option’s assigned value, which is
randomly drawn from a uniform distribution. The whole term }.(-) + 1 gives an index of an
“available” option. Note that for available unif (0,1), the computer assigns random values to all

options first and then uses the ones assigned for “available” options. Due to difference in the

scales between PN™ and unif (0,1), the summation between these two occurs after rescaling.
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decision. The latter also relates to how much consumers trust the preference-relevant

information conveyed by market context.

3.3.1.3 Exploit
In contrast, in exploitation trials consumers make a decision by exploiting their past

choices. As in the first model, consumers in this such a trial make rank-based inferences
about their preferences by computing how frequently an option has been chosen relative
to other options in their choice history. Consumer i’s context-sensitive inferences about
market offerings is referred to as their inferred preference, PI;. The formula for computing
this is::

nlower,+0.5xnequal,

PI; = {PI;(x|x): Z% > R, |PLi(x]x) =

Vx € x € X},

nlower,+nhigher,+nequal, ’

where nlower,indicates the number of alternatives chosen less frequently than the
option x, nhigher,refers to the number of alternatives chosen more frequently than x, and
nequal, denotes the number of alternatives chosen equally frequently to x (x itself is not
included). Recall that PI; is defined not in terms of absolute real-world quantities, but in
relative rank coordinates. Therefore, consumers can only know that they more frequently
chose an option at a given percentile of the product line. They do not know their
preferences in terms of the absolute quantities of an attribute m, s™.

In addition, in this new model, there is no pre-choice, separate learning stage —
consumers are assumed to learn and adjust their inferred preferences every time they make
a decision. Finally, the inferred preferences deterministically inform a purchasing

decision in exploitation trials, assuming that the income constraint is not binding®. In

cumulative sum of available PI;

practice, the choice in such trials is given by Y:( <é&)+

max (cumulative sum of available PI;)

1, where € is a random number that lies between zero and one and the word “available”

* This presumption rules out any price effects, and thereby allows the analysis to

illuminate contextual influences on purely preference-guided consumer behaviour.
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in the formula means consumers only take into account options whose inhibition of return

is less than their corresponding threshold values .

3.3.1.4 Post-choice stage

In the post-choice stage, regardless of which strategy is employed, for every choice
made the chosen option x; will gain one more point in its choice history, denoted as h;.
Thus, the choice history vector h; = [hl,l- hyi.. hj; ... hn_l-] records the total numbers of
times that an individual option x; has been chosen by the consumer i under a certain
context. Importantly, due to the fact that memory fades as time passes, at the beginning
of each purchasing round, h; decays*" with a rate of t. Since PI; is computed based on
this imperfect choice history in memory, the parameter = € [0,1] indirectly controls the
relative impact of early and recent past choices on the current purchasing decision. The

smaller 7 is, the stronger the recency effect is.

3.3.1.5 Rationale for using inhibition of return

Due to the complexity of the method of computation of inhibition of return, it is
difficult to introduce the function of inhibition of return and how it operates to prevent an
undesirable choice. The description of inhibition of return, thus, begins with rationale of
building it. After each choice, consumers may encounter more or less negative feelings
towards the chosen product. This may happen because the choice itself is unsatisfactory
or simply because consumers are weary of that option. To capture this idea, the model
assumes that consumers will inhibit the chosen option and that market options whose
levels of inhibition are strictly greater than some threshold values (see the next subsection)
are excluded from the consideration set. Conversely, if an option’s level of inhibition is
less than its threshold value, it will be included. Note that since the idea of inhibition of
return is used to capture the fact that consumers often do not consider products known to
be unfavourable based on past consumption experiences, it is reasonable to assume that a

chosen product will be assigned a high inhibition value if its associated preferenceu is low.

Xl Choice history at the beginning of each round is choice history in the previous round

multiplied by .
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Mathematically, inhibition of return is computed as an inverse function of chosen products’
associated preferencey value. Combined with thresholds, the consequence is that the
higher the inhibition is, the more likely it is that the product will not be considered in a
given choice round, holding the threshold value the same.

Another important feature of inhibition is that the amount of inhibition is immune
from social influence. Social norms only play a role in determining threshold values. This
may sound counter-intuitive, but the purpose of modelling in this fashion is to make
inhibition more straightforwardly indicative of consumers’ feelings towards their choice.
That is, inhibition is expected to reflect people’s immediate, direct emotional responses
to their choice after consumption. It thus should be separated from rational market
inferences. By contrast, thresholds often intervene when consumers are faced with a
choice task and are deliberately used as a criterion to evaluate an option’s eligibility for
consideration.

Moreover, according to research studies in psychology, inhibition of return usually
spreads to adjacent areas (Birmingham, Visser, Snyder, & Kingstone, 2007; Christie,
Hilchey, & Klein, 2013; Taylor, Chan, Bennett, & Pratt, 2015). Thus, it is also assumed
that products that are conjectured to be worse than the chosen one will be inhibited
following a choice. In other words, if consumers are able to identify whether the chosen
product have too much or too little attribute m relative to the desired level determined by
preferencesu, they will assign inhibition to products that are logically considered worse
than the chosen one.

The more detailed and formal description of inhibition of return will be presented
below. To make it more understandable, it will be helpful to introduce thresholds first
because calculation of inhibition involves a use of thresholds.

3.3.1.6 Thresholds

Thresholds are calculated as follows. Recall that unlike in the first model, thresholds

in this model work in a reverse way — an option whose inhibition is less than the relevant
threshold value will be included in the consideration set. Therefore, counter-intuitively,
passing a threshold means that a level of inhibition is less than a threshold value. In
addition, the threshold value of each market option in this model will be influenced by

social norms if consumers believe that menu contains population’s preference-relevant
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information, i.e., @ > 0. The threshold equation represents the idea that consumers (with
@ > 0) are more willing to give a future chance of being chosen to options that are
perceived to be desirable based on market inferences. In other words, an option is more
likely to be in future consideration sets when it is located at middle versus extremes and
is in a high social influence setting versus a low one. Mathematically, the threshold value
of any market alternative x € x is expressed as T(x|x) =t - (1 + & - PN 1)) The
parameter t € R, is an arbitrary constant that determines the threshold value in the
absence of social influence. Note that thresholds depend only on the social norm (and on

@ which is fixed for an individual and context).

3.3.1.7 Inhibition

This subsection will explain how inhibition is calculated and spread to necessarily
worse products in the market. The inhibition function is designed to meet the following
intuitively plausible requirements:

a) The amount of inhibition calculated using the following formula is an
increment to past (accumulated) inhibition after a choice is made.

b) More inhibition should be added to a chosen item if its preferencey is low.

¢) Inhibition must always be positive.

d) The formulation should specify the number of time cycles necessary for a
product with zero preferenceu value to be reconsidered in the choice stage
in the no social influence case. Importantly, the calculation does not take
inhibition inherited from other chosen options into account. Therefore, it is
possible for a product never to be considered again due to continually
receiving inhibition from others.

e) The formula of inhibition should specify a level of preferenceu such that a
chosen product with preferenceu below this level should not be considered

in next round, no matter what.
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f) Non-chosen items should also be inhibited if it is logically obvious that they
should be.

g) Inhibition decays over time. Specifically, it decays at the beginning of each
round.

Based on the requirements above, the formula of inhibition is developed and
presented as follow. First, it is worth emphasising again that the value of inhibition
computed using the following formula is an amount added to past inhibition after a choice
is made. Second, the functional form of calculating inhibition of return follows a Gaussian
function, so as to guarantee only positive inhibition and to distinguish between

unfavourable and favourable options. Individual i’s inhibition for a chosen x € x, is

—In (7771

T U9y Consistent

Inhibition;(x) = a - eI PUMGNY \where a =Tiz and b =

with intuition, this has the effect of adding more inhibition to a chosen item if its
associated preferencey is small. Note that the input x here indeed refers to the choice x’s
actual attribute value, s;*. The whole function Inhibition;(x) operates on the normalised
real attribute space, which is independent of the attribute values offered in the market, of
the relative ranks of options, and of choice history. Importantly, the incremental value of
inhibition can be computed for any attribute value. The resulting quantity specifies the
amount of inhibition that an option with a certain attribute value will accrue if it is chosen.
Therefore, the incremental value of inhibition is independent of market offerings or choice
history. Moreover, the presence of a preferencey in the formula for inhibition implies that
whether consumers are going to make a future purchasing choice and which option should
be considered largely depend on the preferencesu of market alternatives. Social norms
affect an option’s eligibility for consideration only through their influence on threshold

values*®ii,

*elil This is because inhibition in this model is used to reflect consumers’ immediate
feelings towards chosen items. The specific reason why inhibition is independent of market
influences is addressed in the previous subsection, named “Rationale for using inhibition of

return”.



110

The parameters t, t, z, and g can be viewed as fixed dispositional traits. As noted
before, T refers to a decay rate of memory and t denotes the threshold value in the absence
of social influence. The parameter z € N in the equation indicates the number of rounds
required for an option with zero preferencey value to be reconsidered in the choice stage
in the no-social-influence case**". Importantly, since z does not change with @, the
maximum number of rounds that must pass before zero-preferencey options can be
reconsidered in the case where @ > 0 is expected to be smaller than z itself, thanks to
higher threshold values.

A further intuition concerns the need to ensure that options with sufficiently low
preferencesy (defined as < b) must not be in the consideration set for the next round .
Therefore, the denominator of the variable b, (max (PU™) - g)?, gives the smallest value
of the preferencey that satisfies 7 - Inhibition; < t. For convenience, this lower-bound
value is set to be proportional to the maximum preferencey over the technologically
feasible set, and the value of the proportion is controlled by the parameter g € (0,1] €
R,.

3.3.1.9 Indifference area and spreading of inhibition

It is often observed in reality that consumers can sometimes report their relative

preferences between products, but sometimes cannot. This is possibly because if products

v The process of deriving the expression of the variable a in terms of parameters 7, t,

and z is shown as follows. First, substitute PU/™(x) = 0 into the equation of Inhibition;(x) to
get Inhibition;(x) = a - e (%) = g Then, by the definition of z, a - 7% < t. Rearranging it,
a< Tiz is obtained.

** The following steps were used to derive the variable b with respect to parameters t, z,
and g. Given the definition of g, the inequality a - e (2" max (PU9)*) . ¢ < ¢ s obtained.
Rearrange the inequality, e(~b"(max (PU)9)*) < ﬁ Then, take the In of both sides and

~In (-5)

rearrange the inequality, —b - (max(PU™) - g)* < In (ﬁ) >b >

—In (z771)

substitute the equation a = — into the inequali b=
q a s q ty (maX(PUim)-g)z
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are satisfactory, people may feel they are indifferent. To incorporate this observation, it
is assumed that options with preferencesy greater than the lower bound value (i.e.,
max (PU™)-g) are all believed to be “good enough”. Among these options, the
consumer i is assumed not to know which one is preferred to others*®!, although their
associated amounts of inhibition of return (if chosen) are different*¥"', Therefore, a higher
value of g reflects a small “indifference area.”

Put the other way around, market options lying outside the indifference area are
assumed to be consciously distinguishable as their associated preferencesy values are too
low to satisfy consumers. The model assumes that consumers are capable of identifying
whether the attribute values of these options are too high or too low, relative to the
optimum. That is, consumers can clearly recognise that options that are further away are
even worse than the chosen one. According to this point of view, it is reasonable to assume
that options that are thought to be worse than the choice will inherit the same amount of
inhibition of return as the chosen option*V'", Formally, the conditions for any market

alternative x € x to inherit inhibition from the choice x; € x are (1) PU"(x;) <

max (PUT™) - g, and (2) either s™" > s/ = s or sJ* = s/ > s™", where s™" refers to

Vi This idea is consistent with the assumption of the first model, which suggests that
consumers cannot make a pairwise choice when the difference between the two options’
preferencesy are less than an arbitrary threshold.

xvii As noted, the magnitude of inhibition of return can be interpreted as the strength of a
negative feeling on an option. It is akin to an emotional response based on one’s intrinsic
preferences, rather than a conscious assessment of an option’s badness. Hence, like
preferencesy, the value of inhibition of return is consciously inaccessible.

xvill The reason why consumers are assumed to assign the same level of inhibition, instead
of more, to obviously worse products is because consumers may not know how much worse
other products are than the chosen one. They will likely be unaware of actual attribute levels of
market alternatives and hence of their real feelings of products that are thought to be worse.
Even if consumers have tasted those worse products before, they are likely to forget the exact
feelings they had. Therefore, the only sure thing is that the worse products should be get

inhibition at least as much as the chosen product.
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the optimal level of the attribute m. Note that the first condition stresses that the spill-over
effect only happens on alternatives outside the indifference area. For those “good enough”
options, consumers cannot identify the preference direction, and thus are unable to
distribute inhibition to other options.

As with the choice history vector, the size of inhibition, including inhibition
generated by the option itself when it is chosen and inhibition inherited from other
alternatives in the rounds that others are chosen, will accumulate across iterations but will
decay with a constant rate of 7 at the beginning of each round. This reflects the fact that
bad memories or negative impressions about options will also fade over time.

Finally, the model assumes that if the monopolist changes the product line, the
consumer i will re-construct the all of the variables, including choice history, inhibition
of return, and preferences,, through the same process under the new context. Past contexts

will not influence consumers’ evaluations on market offerings in the new context at all.

3.3.2 The firm's profit-maximisation problem and the market equilibrium

The analysis of the monopolist’s best response to market demand is identical to the
one explored in Chapter 2. This subsection is a summary of its counterpart in that chapter.
The aim of the section is to briefly remind readers of how the profit-maximising firm will
react to market demand under two cases: (1) products’ marginal costs and prices are
constant, and (2) products’ marginal costs and prices linearly increase with their attribute
values.

Let p; and ¢; be exogenously determined prices and marginal costs of the product
x;, respectively. Moreover, a fixed cost FC is assumed to exist and to remain unchanged
for a certain range of output levels. Then, denote m(x;; x) as the profits obtained from
selling x; under the context x. The total profit earned by offering x is I(x) =
Yiim(x; %) = Xia[pj a7 (0) — ¢ q; ()] = FC , where q7(x) and qj(x)
respectively refer to quantities sold and quantities supplied of the option x; under the

context x. Suppose that the monopolist has reliable information about demand for x; given

product line x, i.e., D(xj; x) is known. To solve the profit-maximisation problem, the firm
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will first identify its profit-maximising supply function, S(x;; x| D (x;; x) )xix, which gives
the profit-maximising output level of x; under each feasible context, and then choose a
product line x that will lead to maximum profits. That is, the firm will use information
about D(xj;x) to determine optimal output (supply) levels for each context, and then
choose the context that maximises total profits, given consumer demand and the optimal
output levels.

Selection of the profit-maximising context involves determining the number of
options, n, as well as choosing the attribute values of all products s3*. To simplify the
analysis, it is assumed that the magnitudes of the attribute m of each market offering form
an arithmetic progression, whereby products’ attribute levels differ from their nearby

neighbours” by a common difference, d € R, ,. Mathematically, s/}, —s/" =dVj =

1,...n—1.

3.3.2.1 Case 1: Constant price and marginal cost

This subsection analyses the firm’s profit-maximisation problem in the case where
products’ marginal costs and prices are independent of their attribute levels. That is, the

price p;, the marginal cost c;, and their differences (p; — ¢;) are fixed for all j. Taking
consumer demand D(x;; x) as given, the firm obtains S(x;; x|D(x;; x)) by maximising

profits with respect to q; for each possible x : rsnaﬁg(rlsp-yj?zlq}’(x)—c-
ajeR+

7=1q;(x) — FC, subject to q; (x) = q}’ (x). The constraint exploits the fact that for any
market context, quantity supplied of good x; should be at least as much as its quantity

sold — consumers are unable to buy products that have not been produced. To obtain a

X In other words, S(x;; x|D(x;; x)) shows the profit-maximising quantity supplied of x;
in each of all feasible contexts, given the market demand D(xj ; x). By its nature, it portrays a

relationship between the profit-maximising output level of x; and context x.



114

solution, the first order necessary condition® implies that the optimal quantity supplied

under a context x, namely qf-*(x), should equal the quantity sold, q][-’ (x), for any option
x;. This suggests that when the market clears, there is no excess supply for any market
offering in the partial equilibrium, i.e., S(x;; x|D(x;; x)) = D(x;; x).

The second step in solving the problem is to choose the profit-maximising context,

x*, such that x* € argmax (p — ¢) - ¥}, D(x;; x) — FC . The first order and second

xS X

a 7]:1=1 D(xj;x*)

order conditions imply respectively that (p —c) - o

=0 and (p—c)-

22y™  D(x;x* . e . ...
% < 0. Specifically, the first order necessary condition suggests that for any
(p — ¢) # 0, the profit is optimised at a context that either maximises or minimises total
demand. The second order condition further indicates that the sign of s(p — ¢) and

CEDWS X" . . . . .
Z’g(lx—lz)(zx’x) are different and that neither of them is zero. This means that if (p — ¢) >
0, the optimal context is the one that maximises market demand. Conversely, if (p — ¢) <
0, the optimal context minimises market demand. Accordingly, the solution is to choose

the contexts that maximise total market quantity demanded as long as (p - ¢) > 0. Note

aD(xj;x)

that the solution implies that x* is not necessarily chosen to make = 0 for all j.

That is, the firm only cares whether products are bought; which products are bought is not
of concern. Thus in this case the aim of the firm is not to promote a particular product,
but to minimise the probability of choosing nothing. Therefore, the firm tends to choose
the context(s) that best satisfies consumers’ expressed preferences, instead of striving to
manipulate context to a certain direction based on the degree of consumer bias.

© The Lagrangian of this problem is £(g$,1) = p - X}-1 q7 () —c- X197 (x) —FC +
A(qj - q]L-’). This gives the following Karush-Kuhn-Tucker conditions: (1) :—% =—c+A=0,
(g3 —q?=0,(3)2=0,and (4) A(q5 — q}) = 0. The solution is (¢5*, 2*) = (g7, c).

° Note that D(xj; x) represents sequences of several discrete data points. To treat it as a

differentiable function, it is assumed that D(x;; x) here has been transformed into a polynomial,

continuous function by using Newton’s divided differences approach.
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3.3.2.2 Case 2: Attribute-value dependent price and marginal cost

This subsection explores the case where products’ marginal costs and prices linearly
and positively depend on their attribute values. Consider an alternative state where selling

products with higher values of the attribute m is more profitable. In this case, p; and ¢;
are no longer constant over all j. In effect, their values depend on the attribute level of x;

on the attribute m. To avoid trade-offs in the price-attribute space, assume p and c are a
dc(s™)

wED < 0 and LE2 5 0 for all

ds™m ds™

linear function of values of the attribute m such that

feasible s™ . For simplicity, let p; = &, -s/" and ¢; = &. - s/

", where &, and &, are

strictly positive constants.

The first result of the profit-maximising problem in this case is that the firm’s
optimal quantity supplied under a context x should equal to the quantity sold for any
option x;, consistent with the previous case. To illustrate this, rewrite the total profit
function as M(x) = X7, w(xji x) = X7-q[(6p ™) - a7 () — (80 s/) - q; (0)] — FC.
Mathematically equivalently, I(x) = si*- [8, - qP(x) — 8. - ¢§ ()] + (d + sT*) - [5,, -
g2 (x) = 8. a3 ()] + -+ [(n — 1)d + 57" - [8, - g2 () — 8. - g5 (x)] = FC . Given
knowledge of consumer demand D (x;; x), the monopolist first derives S(x;; x| D(x;; x))
by maximising profits with respect to g; for each possible x, subject to g (x) = q]L-) (x).
The solution suggests that the optimal output level, q}?*(x) , that constitutes
S(xj; x|D(x;;x)) is same as previously: g3"(x) = g7 (x). This implies that no excess
supply exists in market equilibrium.

Secondly, it is found that profit-maximising firms will under plausible assumptions

choose the context that maximises the “sum of attribute value” sold. With complete
information on qj*(x) and q][-’*(x) for all possible x, the firm will then choose an optimal

context x* to maximise its profits. Mathematically, it will choose x* € argmax (6p —
xXCX

8c)  Xi-q[s/"(x) - D(x;;x)] — FC . By the same token, the first and second order

conditions imply that (8, — &) - AL ;’:*)'D(x";x*)] =0 and (8,-6.)

92 ’]?zl[s;-" (x*)-D(x]-;x*)]
d(x*)2

< 0, respectively. This clearly indicates that the attribute values of
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products in this case have a direct effect on the choice of context. The solution is to choose
the contexts that maximise total attribute values sold as long as (&, — &) > 0.

The solution can be illustrated by a simple example. Suppose that for any two
possible contexts Xold and Xnew, Where sk, = sy, + &, € > 0, the quantity demanded of
options with the same relative ranks under Xois and Xnew iS identical at market equilibrium,
ie., q][-’*(xo,d) = qj?*(xnew)Vj € {1, ...,n}. The firm’s best strategy will be choosing the
context with higher attribute values, namely x,,,,,, OVer x,;4. This further implies that if

by any chance, consumer demand on each market alternative x; is identical across
contexts and at least one qu* > 0, i.e., the curve of D(x;; x) is a horizontal line above

zero, the firm will be better off by setting sT* as high as possible as long as (6p — 6C) and
there will be no limit to this process. In other words, the equilibrium context will be as
close as possible to the upper limits of the technologically feasible set of an attribute m.
However, consumer behaviour in the proposed model is of course more complex
than in the above example, and consequently q}’*(x) is not always the same for all j across
contexts. In effect, once s/™ is beyond the level that generates the maximum preferencey
value, any increment in s;™ is likely to be accompanied by a loss in q}’, which yields a

trade-off in determining s7*. Yet, for consumers who are strongly biased towards
choosing middle option(s) owing to the false consensus effect, their quantity demanded

for middle options will be hard to change, unless the increment in s;™ is too large. This

gives the firm an incentive to distort context. Therefore, it is expected that x* here may
be closer to the upper limit of the attribute space than in the first class of the profit-
maximisation problem (i.e., when profit is independent of attribute value), since the

presence of s/ in the first and second order conditions allows profit-maximising context

to (slightly) move away from the preferencey-maximising point. In this case, consumers
who suffer a stronger degree of social influence may be exploited more than those who
are relatively less biased, since the false consensus effect will predispose biased
consumers to choose the middle option(s) when options with smaller values of attribute

m are indeed preferred in terms of preferencesu.
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3.3.2.3 Summary

This formulation of the model suggests that when marginal costs and prices are
constant, the firm does best if it offers a context that maximises total market quantity
demanded, as long as prices exceed marginal costs. That is, the distribution of market
demand over market alternatives does not affect profit. Therefore, there is no incentive
for the monopolist to exploit biased consumers by distorting context. In contrast, results
from the second case, where products’ marginal costs and prices are linearly dependent
on attribute values, suggest that the attribute values of products have a direct effect on the
choice of context. The firm here is best off choosing contexts (i.e., sets of market options)
that maximise total attribute values sold. The firm hence has a monetary incentive to
manipulate the product line to increase the quantity demanded for more profitable

products.

3.4 Computer simulation of the compromise effect

3.4.1 Preliminaries

This section uses computer simulations to illustrate the model’s predictions of
human choice behaviour under various contexts. In particular, the aim is to show how
biased market inferences contribute to the existence of compromise behaviour in
equilibrium. The firm’s responses in changing contexts and consumer welfare in market
equilibrium will also be explored. As in Chapter 2, the simulation will begin with a simple
single agent case and then move to the multi-agent case to simulate a real market scenario.
Also, for simplicity and transparency, throughout all simulations, the number of market
offerings is fixed at five and all offerings are ordered along one dimension. Importantly,
it is assumed that consumers who make no choice in the market will choose an outside

option Xo instead. The simulation is programmed with Matlab 2020b.

3.4.1.1 A rational choice benchmark model

To examine the extent of deviation from rational choice and the degree of the
compromise effect, a benchmark model that operates within a framework of logit choice

rules (e.g., Fudenberg & Kreps, 1993; Luce, 1959) will be used in the simulation. That is,
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a softmax function will be employed as a benchmark to approximate rational/optimal

behaviour with random noise. Mathematically, for any option x € x = {x, ..., x,}, its

market share (MS) obtained from a consumer i in the benchmark model is: MSF (x|x) =
LPUT ()

n PUT (%))

. The use of a stochastic choice rule allows the benchmark results to reflect

preference orderings of all options, which the conventional utility maximisation theory,
characterised by the “winner takes all” rule, cannot have. Obtaining information about
relative preferences of options is of crucial importance in computing the degree of the
compromise effect since it often requires market shares of non-dominant options as inputs.
That being said, preferencey-maximising choice will still be computed and presented as
an additional rational choice benchmark. Finally, since there seems no sensible way to
assume a certain choice threshold level for rational/ benchmark agents, profit-maximising
contexts as well as equilibrium welfare predicted by the proposed models will not be

compared to the benchmark.

3.4.1.2 Measurement approaches of the compromise effect

According to Neumann, Bdckenholt and Sinha (2016), there are three commonly-
adopted methods of quantifying context effects: Middle proportions, absolute-share
changes, and relative-share changes. Yet, none of these specifies the strength of the
effect®. This motivates the present paper to develop three different formulae to compute
the degree of the compromise effect based upon each of these three measurement
approaches. All these three formulae use market share rather than choice probability,
because benchmark choice probability is unknown. Note that given that the number of
market alternatives is fixed at five for all possible contexts in the computer simulations
presented in this section, the analysis of contextual influence is based on a quinary-
quinary set comparison. Consistently, for purpose of clarity, the following illustration of

¢l The traditional methods only show how much (absolute/ relative) choice probability
changes due to contextual change, without specifying how strong the change is on a normalised
0-to-1 scale. This makes it difficult to compare the degree of the compromise effect across

contexts and models.
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each approach is based on a situation where the firm offers five products in the market.
Therefore, x3 refers to the middle option, whereas x1 and xs are the most extreme options

in any menu.

3.4.1.3 Middle Proportions

The first assessment approach uses the classical method called “middle proportions”,
which treats the share of choices taken by the middle option as an indicator of the
propensity to compromise (Simonson & Nowlis, 2000). The advantage of middle
proportions is that it is straightforward and results calculated using it are easy to interpret
and explain. This method, however, does not capture the possibility that a high choice
share of a middle option is a result of its high associated preferencesu. In other words, the
option may be attractive in terms of preferencesu, independently of its position in a choice
set. To precisely compute the degree of the compromise effect and meanwhile retain
benefits of using middle proportions as a measure, a formula was developed based on the
original middle proportions approach.

The new formula was created based on the idea that by comparing the proposed
model’s estimate of market share of the middle option (x3), noted as MS? (x3|x), with the
benchmark result, namely MS® (x3|x), it is possible to cancel out the share gained from
the attractiveness of the middle option itself. Moreover, to derive the strength of
contextual influences for each possible market context, the (log) difference in estimated
market share of a middle option between the proposed model and the benchmark is
compared with the (log) difference between benchmark market share of the middle option
and 1. The number, 1, here represents the maximum possible market share the middle
option can gain. The (log) difference between benchmark results and 1 thus represents
how much additional market can accrue to the middle option due to the compromise effect
when the compromise effect is at its maximum possible. Accordingly, by using the new
formula of middle proportions, the maximum degree of the compromise effect is observed
when market share of the middle option estimated by the proposed model is 1 and is larger

than the benchmark.
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ln(MSf?(x3|x))—ln(MSlP(x3|x))
In (MSE (x3]2)) ’

The degree of the compromise effect is computed as

which is a simplified version of a more intuitively explicable formula cii

In (MSF (x31x)/MSR (x5]2))
In (1/MSR (x3]%))

. The natural logarithm is used to indicate the “growth rate”, which

gives the percentage change in the share of the middle option treating the benchmark
result as the baseline. Therefore, the numerator specifies the percentage by which the
share of the middle option estimated by the proposed model is different from the
benchmark. In other words, this implies the likelihood that consumers in the proposed
model chooses a middle option from the choice set more or less frequently than the
benchmark consumers do. The denominator, in similar vein, represents the situation
where the compromise effect is strongest (in which the share is raised from its baseline
value to 1). Thus with this formula, the maximum predicted degree of contextual
influences is normalised to 1.

However, this approach is incapable of estimating the degree of any effect in the
reverse direction. If the estimated share of the middle option is smaller in the proposed
model, i.e., MS? (x3|x) < MSF(x;|x), the predicted effect size will turn negative and,
more problematically, it may easily exceed -1. In effect, by setting the target share to be
1 in the denominator, the formula can necessarily only account for only one direction of
contextual effect. Thus, in all of the following simulations, all negative predicted sizes

will be set as zero and interpreted as if there is no compromise effect. Furthermore, using

In (MSF (x312) /MSE (x31%))

ciii
The term In (1/MSR (x3]%))

is mathematically equivalently to

In(Msf (x312))—In(MSf (x; 1))
In(1)—In (MSR (x3]x))

, according to the logarithm quotient rule. Given the fact that In(1) =

n(MSl-P (x3 |x))—ln(MSiR (x3 Ix))

. e 1
0, the terms can be further simplified to be Tin MSF )

, which is equivalent to

—(in(msF Gx31x))-In(MsF (x312)))
In (MSf (x312))

. According to the distributive rule, it is equal to

In(Msf (xs]2))—In(MSF (x; 1))
In (MSf (x312))
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the softmax function as the benchmark model is essential in this case as it guarantees that

the denominator will be non-zero.

3.3.1.4 Absolute-share changes

The second measure is based on changes in absolute share, and was developed by
Simonson (1989). This paradigm examines the compromise effect by comparing the
market share of a certain option before and after it becomes the middle option. It therefore
complements the first measure as it directly measures the effect of contextual change on
an option and tests the regularity principle. Yet, without contrasting with the benchmark
prediction, the result derived from this measure may be misleading. This is because when
choice involves a stochastic element, changes in absolute share can be quite natural — the
removal of the most attractive option, e.g., the first option, can effectively increase the
popularity of all remaining options. This motivates the present paper to develop a new
measure to assess the degree of the compromise effect based on changes in absolute share.

Due to the complexity of the new formula, an explanation of the rationale used for
its development may be useful. Firstly, the term “absolute-share changes” in the formula
is computed as the percentage change in absolute market share of an option before and
after contextual change. In practice, the conventional method of computing a growth rate
is employed to calculate a percentage change in market share. That is, the difference
between the natural logarithms of an option’s market share before and after contextual
change is used in the formula. Secondly, since the formula was developed to measure the
strength of the compromise effect, the option of interest is the one that is not a middle
option in the initial context but becomes the middle one after a contextual change.
Therefore, the formula focuses on this option’s percentage change in market share before
and after contextual change. For convenience, all options mentioned in the following
refers to this type of option.

As noted in a previous subsection, if the strength of the compromise effect is at its
maximum, market share of the option will be raised to 1 after contextual changes, no
matter what its market share in the original context is. Therefore, the maximum possible
value of the absolute-share change of the option is computed as the difference between
the natural logarithms of the option’s market share before the contextual change and 1.

To obtain the degree of the compromise tendency for consumers in the proposed model,
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the percentage change in market share of the option before and after a contextual change
estimated in the proposed model is divided by the maximum possible value stated above.
This measure corresponds to the first term (i.e., the first [-]) of the numerator of the
formula.

However, this is not the end of the story. As stated, an observed increase in market
share of the option after a contextual change can occur simply because the most attractive
option is removed from the set. Accordingly, the degree of the “compromise tendency”*"
for benchmark consumers must also be computed to serve as a reference point. Similarly
to what has been done in the proposed model, the benchmark compromise amount is
computed by dividing the estimated percentage change in the benchmark market share of
the option before and after a contextual change by the maximum possible value. This
measure is shown as the second term (i.e., the second [-]) of the numerator of the formula.
The difference between the degree of the compromise tendency estimated in the proposed
model and the benchmark reflects how much consumers in the proposed model are biased
towards an item placed at the middle in the set.

Yet, simply taking the absolute difference between the degrees cannot accurately
give the strength of the compromise effect. One primary reason is that the absolute
difference largely depends on the size of the benchmark result. For example, suppose that
the benchmark market share of an option increases from 0.5 to 0.9 after a contextual

change. The estimated degree of the compromise tendency in the benchmark model will

In©9)-1n(03) _ .8481. Such a high value leaves little room for increase. In other
In(1)-In(0.5)

words, even if consumers in the proposed model exhibit the strongest possible
compromise effect, the estimated of it derived from taking the absolute difference is just

1-0.8481 = 0.1519.

v Although the term compromise is used, it does not mean benchmark consumers have a
preference towards a middle option. As noted before, an item’s relative position in the set does
not affect benchmark choice. The reason of using the word “compromise” is to emphasise that
the number to compute is the benchmark counterpart of the degree of the compromise tendency

calculated in the proposed model.
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To resolve this problem, the absolute difference between the two compromise effect
measures is divided by the absolute difference between the benchmark degree of the
compromise tendency and the degree computed in the proposed model, with the
assumption that consumers in the proposed model exhibit the strongest compromise effect
(i.e., their degree of the compromise tendency is 1). By doing so, the formula can produce
a more precise estimate of the actual degree of the compromise effect. Continuing the

previous example, the final estimated degree of the compromise effect now is

_In(5)-In(03)
In()-In(05) _ 1-0.8481 _
_In(09)-n(05) = §_g481
In(1)-In(0.5)

In summary, the value computed using this formula gives the strength of the
compromise effect in terms of absolute-share changes. It is worth noting that if percentage
changes in market share of the option is purely a result of a change in available products’
associated preferencesu (i.e., if no systematic bias is involved), the value computed with
the formula will be zero. Moreover, just as with the middle proportions approach, this
formula only works when becoming a middle option can increase an option’s market share.
If the market share of an option decreases after it becomes the middle option of the choice
set, the estimated effect size computed using the formula will be misleading. In addition,
if the degree of the compromise tendency estimated by the proposed model is smaller than
the benchmark result, the final value produced by the formula is meaningless too. This is
because in such a case consumers in the proposed model may less prefer options placed
in the middle of the set than other options, but the formula cannot precisely indicate the
size of the reversed compromise effect.

The next part of this subsection shows the formula. As before, the illustration of the
formula uses x3 to represent the middle option in the choice set. The notations x1 and x2
are used to denote the contexts before and after change. More specifically, the change in
contexts involves dropping an option with the lowest attribute value in the original context,
I.e., dropping x1 in x1, and adding an option with an attribute value greater than any pre-
existing alternative, i.e., adding xs to x2. As the result, the original 5th option in x1 is now

Xa in X2. Furthermore, since the formula is developed to measure the strength of the
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compromise effect, the option used in the illustration is x4 in X1 (and then it becomes x3 in
x2)%.

The effect size is computed as follow:

in(MF (x4]x1))-In(mSF (x3]x2) ) ) 1n(MsR (x4]x1))-1n(MsR (x3]x2))
ln(MSlP(x4|x1)) ln(MSF(x4|x1)>
- [ln(MS? (x4 |x1))—ln<MS§ (x3 |x2))l

ln(MSf (x4|x1))

The rationale behind this formula is consistent with the one using the middle-
proportion approach. Each numerator component [-] represents the percentage change in
the absolute share of a particular option before and after contextual change. In other words,
it specifies how much additional share an option can obtain or lose when it becomes the
middle option, xs. The number 1 in the denominator instantiates the idea that the strongest
compromise effect is defined as the one yielding MS? (x5]x5) = 1, given MSE (x5]x,) <
1. Therefore, the denominator returns the value that the strongest compromise effect
should produce.

Finally, as stated, this measure only captures the compromise effect in one direction.
In following simulations, any negative effect size will therefore be turned into zero.
Moreover, by the property of logarithms, for the formula to work all inputs, i.e., market

shares, are assumed to be non-zero®' and share in the first context, i.e., MSF (x,|x;) and

MSR (x4 1), must be strictly below 1. In addition, the condition In (MSR (xslx1)) #

& Although x4 is used as an example, it is also possible to compute an effect size for other
options with the formula. For instance, the estimated degree of the compromise effect for xs in
X1 can be computed by replacing the notation X4 to Xs and x» to the context where xs becomes the
middle option.

™ This assumption is likely to be violated in practice. Some options, especially the very
unfavourable ones, may generate zero demand and thus zero market share. To avoid an
undefined result, when computing via this method the market share of the option of interest will

be temporarily set as 0.00001 if it is zero.
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In (MSL-R(xglxz)) needs to be met to prevent the denominator from being zero. This

implies that the preferenceu of the newly introduced option should be different from that

of the removed option.

3.3.1.5 Relative-share changes

The third method to investigate the size of the compromise effect incorporates the
idea of changes in relative share, as proposed by Simonson and Tversky (1992). This
measurement method assesses changes in the relative shares of options in the same choice
pair before and after context shifts. This approach is therefore highly relevant to the issue
of choice reversal, which occurs when an option is chosen more frequently than another
in one context, but less frequently in another. Also, it is useful in detecting violations of
the 1A assumption.

To examine the degree of choice reversal and the role of contextual influence, in the
following simulations this measurement method will be broken down into two parts, with
the first illustrating the probability of choice inconsistency between two contexts and the
second computing how much (in %) observed choice inconsistency stems from the
compromise effect. Note that the second part is essential because choice inconsistency
may just arise from random noise in decision making. For example, for consumers who
choose randomly in every context, the probability of choice inconsistency measured
between any two context (e.g., the probability of choosing product A over B in one context,
but choosing product B over A in another) will be 50%, which is low. Yet, the underlying
factor that causes this inconsistency has nothing to do with the compromise effect or any
systematic bias. Therefore, the second part is needed to detect the proportion of
inconsistency that results from the compromise effect.

For simplicity, the investigation of choice inconsistency focuses on the relative
share of x3 and x4 in the first context (x1) and x2 and xs in the second context (x2), in which
{x3, x4} and {xo, x3} are the same choice pair in terms of attribute value. The reason for
selecting this pair is that it contains a middle option in each context, allowing the analysis
to measure the relative probability of consistently choosing the middle option over its
paired option in both contexts.
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Choice reversal occurs when consumers choose x4 over x3 in X1 while choosing x.
in x2 or alternatively choose X3 over x4 in X1 but choose x3 over X2 in X2. Importantly, since
choice reversal is defined as inconsistency in choice over the same pair of options before
and after context changes, the formula measuring it uses the relative choice frequency of
one option over another, rather than the absolute market share of each paired option. Thus,
despite the existence of other options in the set (e.g., Xz in X1, etc.), only the relative market
share of the pair {xs, x4} in x1 and {x2, Xx3}in X2 is considered. Moreover, although the term
“market share” is used, the formula measures individual consumer’s degree of choice
inconsistency between two contexts, instead of in the market as a whole.

In simulations, the probability of choice reversal for a consumer i is computed with

the formula:

MS; (x4 x1; {x3,%43) - MS; (x3x2; {2, x3}) + MS; (x31x4; {x3,%4}) -
MS;(x3]|x2; {x2,x3}).

The first multiplication describes the joint probability of choosing x4 over X3 in x1
and x2 over xz in x2. Similarly, the second multiplication indicates the joint probability of
choosing x3 over Xs in X1 and x3 over Xz in x2. Both capture the situation of choice
inconsistency between two contexts, while only the second multiplication captures a
preference towards an option located at the middle of the choice set. Notice that the use
of multiplication implies that relative choice frequencies before and after context change
are treated as independent events. That is, the relative choice probability in x1 does not
affect that in x2.

Nonetheless, as noted, simply assessing probability of choice inconsistency is not
sufficient to demonstrate compromise behaviour. Choice reversal may stem from a
psychological indifference between options, due to highly similar preferencey values.
This indistinguishability is likely to allow an influence of random noise in decision
making, which may make the benchmark results more inconsistent than the proposed
model’s predictions. Therefore, it is necessary to conduct a more nuanced investigation
into how much choice reversal is triggered by the propensity to choose the middle options

in whatever context. Accordingly, the second formula captures how much the probability
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of choice reversal computed using the first formula stems from the relative probability of
consistently choosing the middle option over its paired option in both contexts, which is
exactly the second part of the first context. In other words, the second formula measures
the proportion of joint probability of choosing xs in both contexts in the probability of

choice reversal. In practice, it is computed as follow:

MS;(x3|xq; {x3,x4}) - MS;(x3]|x2; {x2, x3})
MS;(x41x1; {x3,%4}) - MS;(x21x2; {x2, x3}) + MS; (x3]x4; {x3,%x4}) - MS; (x3]x2; {x7, x3})

The formula incorporates the idea that the higher the predicted value is, the more
likely it is that the inconsistency has arisen from the compromise effect. Put differently,
if this second formula returns a low value, observed choice inconsistency is more likely

to reflect random noise, rather than any bias towards the middle option.

3.3.1.6 Consumer welfare

This subsection explains how consumer welfare at market equilibrium is computed.
For this welfare analysis, the values of preferencesy will be given a hedonic interpretation.
The simulations will first examine average happiness gained from consuming in the
market. This is achieved by summing up the product of each option’s associated
preferencey and its absolute market share in a context. The average welfare gain or loss
will be obtained by comparing the proposed model and the benchmark as well as
comparing manipulated and non-manipulated contexts. The former reveals the extent to
which cognitive constraints and social influences affect welfare gained in the market. The
latter addresses the welfare impact of firm’s manipulation of context. Furthermore, to
capture the welfare effect of the outside option, a condition on utility of an outside option
for equalising consumer welfare under manipulated and non-manipulated equilibrium

contexts will also be proposed.

3.3.1.7 Notations
Before presenting the simulation results, it is helpful to remind the reader of the

definitions of important notation. Table 1 summarises the model’s frequently-used
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notation relevant to all simulations in this section. Note that a[™*, 8", v, ®,t, 7,z and g

are free parameters that all influence consumer i’s final choice according to the model.

Table 1. Notation used in the proposed model

Notations Definition
Market
n The number of market offerings
X Any market alternative
Xo An outside option, i.e., an option that is not offered in the market.
X O {0 Yo ... X0 A set of n market alternatives ordered in terms of magnitudes of a
common attribute m
X A technological feasible set that contains x
si" A normalised attribute value of an option x; on an attribute m
. A set of a normalised attribute values of each market alternatives,
Sx X, on an attribute m (i.e., a set of s}”)
d A difference in attribute levels between adjacent products
Preferences
PU™ Consumer i’s preferencesy for absolute values of an attribute m
PN™(x|x) A preferencen of any option x in a context x for an attribute m
PI;(x|x) The consumer i’s preferences; of any option X in a context x
o Parameters of probability density function of a beta distribution

The proposed model

hj;

that represents the consumer i’s preferencesy for an attribute m

The probability of adopting an exploration strategy versus

exploitation

The tendency for consumers to use the rank order decision rule

The consumer i’s choice history over a market alternative, X;
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A set of the consumer i’s choice history over each market
hi or [hl,i hZ,i hj,i hn,i]

alternative
T(x|x) A threshold value of any market alternative x in context x
t Constant threshold value in the absence of social influence
T Decay rate of memory

The number of rounds necessary for an option with zero

z preferencey value to be reconsidered in the choice stage in the no
social influence case
A parameter used to specify the lower bound value of an

indifference area, i.e., max (PU™) - g

3.4.2 Simulation 1: A simple illustration of the compromise effect and equilibrium contexts

The main purpose of this simulation is to demonstrate the presence of the
compromise effect and its potential influence on long-run market equilibrium. Consider a
situation with a unit-demand agent and two market contexts x1 = {X1, X2, X3, X4, X5} and X2
= {X2, X3, X4, Xs, X6}, where all market alternatives are arranged in order along their
values of the attribute m. Let their corresponding attribute values be sy = {0.40, 0.50,
0.60, 0.70, 0.80} and s¥’ = {0.50, 0.60, 0.70, 0.80, 0.90}.

Suppose that the representative consumer i is endowed with a stable preferencey,
PU™ = Beta (5, 15). As revealed by Figure 11 (a), x1 and x2 will then be preferred to all
other available alternatives under x1 and x2 respectively, since PUl-m(s]-m) declines with j
forallj=1,2, ..., 6. As a result, the preferencey-maximising choice is {x1, Xo} in X1 and
{x2, Xo} In X2, depending on the attractiveness of the outside option xo, since it is assumed

that consumers who do not choose in the market will choose xo. Less strictly, the

il The use of X2 = {X2, Xa, Xs, X5, Xg} iS to emphasise that the jth option in x; is the (j-1)th
option in X, in terms of their attribute values. This is to make the explanation of the compromise

effect clearer.
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benchmark model, computed by the softmax function, suggests the market share of
options in x1 will be {0.4292, 0.1669, 0.1364, 0.1338, 0.1337} and {0.2369, 0.1937,
0.1899, 0.1898, 0.1898} in x2. Note that this result does not take xo into account, as there
IS no sensible way to assume a certain choice threshold level for benchmark agents. As
stressed previously, the benchmark model cannot predict the probability of not choosing
in the market.

However, the absolute magnitude of preferencesy is assumed not to be accessible.
This causes choice to be partly shaped by market inferences. At the choice stage,
consumers will either explore (i.e., choose based on preferencesn) or exploit (i.e., choose
based on preferences)). The tendency to explore is controlled by the parameter y, which
was set to be 0.5 in the simulation. Moreover, by fitting a normal distribution to each
context x, PN,,™ = PN,,™ = {1.1337, 2.0658, 2.5231, 2.0658, 1.1337} is obtained.

3.4.2.1 Inhibition of return: Pre-iteration predictions

Given parameters T = 0.9, t = 1, z = 20, and g = 0.7, the expected size of the
inhibition of return for every attribute value®" is shown in Figure 11 (b). Notice that the
“size” shown in Figure 11 (b) refers to the incremental amount of inhibition that will be
added to some products’®™ total inhibition if a choice is made. In other words, the
quantities of inhibition provided in Figure 11 (b) show the additional amount of inhibition
that an option with a certain attribute value will receive if it is chosen. This value can
therefore be computed for any attribute value, no matter whether these attribute values are
offered in the market or chosen by the consumer i.

Moreover, the inhibition curve (Figure 11 (b)) and the threshold curve (Figure 11
(c)) jointly imply that once chosen, the market alternatives, except for x1 (the first option

wiii Tq recap, it is computed using the formula Inhibition;(x) = a - PPV D™,

—In (z771)

o (PUTD 9% This formula does not require any information about

t
wherea = —and b =
T

market offerings and choice history.
* The term “some products” refers to a chosen product and possibly products that inherit

inhibition from the chosen one.
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in x1), will be excluded from the consideration set for nearly 20 purchasing periods when
® = 0. In other words, it requires nearly twenty rounds for an option’s accumulated
inhibition to reduce to a value below the constant threshold, t. Yet, this value (i.e., 20
purchasing periods) takes neither the spill-over effect nor inherited inhibition values into
account. It only uses the expected amount of inhibition immediately generated by a chosen
option.

In fact, since contexts x1 and X2 do not contain any “good enough” option, i.e., Vj =
1,2,..,6,PU(s]") < 0.7 - max(PU]™) = 2.9424, existing market alternatives that are,
in the attribute space, more extreme than a chosen option will inherit a large amount of
inhibition from it. Therefore, it is predicted that products that are not the most preferred
ones in the context (according to preferencesu), will not be reconsidered for more than 20
purchasing periods when @ = 0. For the case of @ > 0, the number of periods that must
pass before reconsideration is possible may be fewer than in the case of @ = 0, because

threshold values are increased by preferencesy (see Figure 11 (c)).

3.4.2.2 Probability of not choosing in the market

This subsection investigates the probability of not making any choice from the
market for different values of @, namely, a tendency to adopt the rank order decision rule,
as well as possible factors related to this probability. The selected values of @ are {0, 0.5,
1}, represent no, medium and high tendency to use market inferences during decision
making. The simulation results indicate that over 10000 purchasing periods®, the average
probability of choosing nothing in the market when @ = {0, 0.5, 1} is {0.9261, 0.8058,
0.7185} under x1 and {0.9395, 0.8174, 0.7274} under xa. It is evident the higher the @ is,

the more likely the consumer i will choose in the market. The reason behind this will be

® The simulation was conducted with 1000, 3000, 5000, and 10000 iterations, separately.
The results were found to converge as the number of iterations increases, with the one with more
iterations exhibiting less random error. Since the goal of the analysis is to understand consumer
behaviour in the long run (i.e., with large amount of purchasing experience), the present
simulation, as well as all of the following ones, are run over 10000 iterations as a proxy of

infinite learning.
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explored later. Moreover, the slightly higher probability of choosing nothing in x2 versus
x1 for each level of @ stems from the fact that the mean value of inhibition of return in x1
is lower than in x2. This lower inhibition is because options in x1, on average, are preferred
to options in x2 in terms of preferencesy. The results suggest that the difference between
inhibition values under x1 and x2 may yield a difference in the probability of opting out.
The results also reflect the fact that the probability of not making any choice from
the market is significantly affected by market inference (represented by the value of @)
mainly through its influence on threshold values. Figure 11 (c) shows how threshold
values are influenced by products’ relative ranks and the false consensus effect and how
threshold values of all market alternatives increase with the social influence parameter @.
Recall that a market alternative is considered by the consumer i at the choice stage only
when its inhibition is below the associated threshold value. The higher the threshold
values, the more likely an alternative is to be considered at the choice stage, holding the
value of inhibition fixed. Therefore, the fact that the threshold value is highest for the
middle option and when @ = 1 means that an item can be more inhibited but still
considered because its amount of inhibition is more likely to be less than the threshold
value. Moreover, Figure 11 (c) indicates that as the tendency to adopt the matching
strategy gets higher (i.e., as @ increases), consumers are more likely to allow middle
options into the consideration set™, giving middle options an extra advantage over other
options. This bonus is reflected in the fact that middle options are more likely to be chosen

when @ is high versus low™" as revealed by Figure 11 (d), (e), and (f).

i By the definition of the matching strategy, consumers choose an option whose rank in
the product line corresponds to consumers’ perceived rank in the population. Combined with the
false consensus effect, consumers are assumed to believe the middle option is most desirable,
and therefore raise its threshold.

it Of course, the probability differences can also be attributed to choice differences in the
exploration trials, where choice is determined in proportion to the norm-based preference with
some random noise subject to (1- @). Yet, since inhibition of return of market offerings is quite

large, choice is rarely made, limiting the social influence from exploration.
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3.4.2.3 Market share for different values of @

As displayed in Figure 11 (d), the first option in each context ought to attract more
demand than other market offerings since it is most intrinsically desirable and does not
inherit inhibition of return from others. Yet, Figure 11 (e) and (f) show that if consumers
are likely to use the rank order decision rule during decision making (i.e., @ > 0), demand
for the first option in each context is spread to the second, third and fourth option in the
set, but not to the fifth option. This reflects that the false consensus effect, which increases
the thresholds of middle options more, allows the middle options to be included in the
choice set despite their inhibition. Thus, the tendency for the first three options in the
context to gain almost equally high choice share increases as @ rises (as shown in Figure
11 (d), (e), and (f)). This change in market share of options as a result of a change in value
of @ implies the presence of the compromise effect when @ > 0, since middle options,

as revealed in Figure 11 (d), are in effect not that attractive in terms of their preferencesu.

3.4.2.4 The strength of the compromise effect

The detection of the compromise effect leads to a question about how strong the
effect is for each level of @. This subsection therefore assesses the strength of the
compromise effect using each of the three methods described earlier, namely middle
proportions, absolute-share changes, and relative-share changes. By comparing the
absolute market share of the middle option in the present and the benchmark model, the
estimated strength of the compromise effect in x1 and x2 respectively is 0.3462 and 0.2885
when @ = 0.5 and 0.3893 and 0.3376 when & = 1, with no compromise effect for @ = 0.
The between-model and between-context differences indicates that the compromise effect
reduces as the tendency to adhere to internal cues, i.e., the preferencey, increases as well
as with the unfavourability of a context.

Moreover, Figure 11 (e) implies that x4 (in X1) becomes chosen more often when its
relative rank approaches the middle due to context change. Specifically, in the case
where @ = 1, the absolute market share of x4 grows from 0.0004 to 0.3327 as its rank
drops to the 3rd in x2. This is primarily attributable to an additional advantage from the
false consensus effect, since this growth in the absolute market share is not found in x.

and x3 as context changes from xi1 to x2, with their percentage increases being merely
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6.91% and 12.55% when @ = 1, much smaller than the corresponding benchmark results
of 41.95% for both. Also, this growth in market share due to a contextual change does not
appear for x2a when @ = 0. Figure 11(d) shows that the market share of x4 in x1 drops of
0.59% after it becomes the third option in x2 when @ = 0. By reference to the benchmark
results, which suggest the natural percentage growth of x4 to be 41.95% due to the removal
of x1, the impact of the compromise effect quantified via this measure (i.e., absolute-share
changes) is 0.8322 and 0.8110 for @ =1 and 0.5, respectively. Apparently, the estimated
magnitudes of the compromise effect are substantially higher than those obtained with the
middle-proportions approach. This difference reflects the fact that in addition to being
sensitive to the size of the positive bias towards the middle option, the current measure
reflects a relatively low estimated market share x4 generated in context 1 in the present
model, in comparison to the benchmark.

Furthermore, the preferential treatment for middle options may trigger context-
specific choice orderings. Figure 11 (e) suggests that x, and x3 are markedly preferred to
Xs under x1, but that all these three options come to be close to indifference when the
market context moves to x2. To be more specific, the relative choice frequencies of x4 to
X2 and x3 respectively are 0.11% and 0.12% in x1 and 49.92% and 49.94% in x2 when @
= 1. This conspicuous change is also discerned when the degree of social influences is
moderate (& = 0.5), with the relative shares of x4 to x2 and xs respectively being raised
from 0.17% and 0.19% to 44.23% and 50.00%. In contrary, in the no-social-influence
case, the change in context causes the relative choice frequency of xa to x2 and x3 to drop
from 22.22% to 5.62% and from 39.08 to 26.92%. Overall, comparing Figure 11 (d), (e),
and (f), it is evident that the weaker the social influence is, the more consistent the choice
Is.

Note that the closeness between PU[™(x3) and PU{™(x,) leads the estimated
probability of choosing consistently between them to be just 50% in the benchmark model,
slightly below the estimation of 55.04%, 50.00%, and 50.05% under the proposed model
with @ =0, 0.5, and 1. More importantly, the probability of choosing xs over X4 in x1 and
X4 Over Xz in Xz is 36.48%, 99.81%, 99.88%, 50.00 % respectively under @ =0, 0.5, and
1 and the benchmark. Such a high contribution (> 50%) detected under conditions of high
social influence implies a strong systematic bias towards the third option in the context,
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in contrary to random errors appearing in the benchmark model. In short, while false-
consensus consumers overall seem to be slightly more consistent than the rational agent
with random errors, the high probability of reversing relative frequency in favour of the
middle option reveals a strong compromise tendency.

In summary, the compromise effect may, to various degrees, be present when
consumers are biased by perceived social norms and attempt to use an inaccurate market
inference to make a decision. The present simulation shows that if learning in the market
Is independent of social influences, i.e., @ = 0, the choice pattern will resemble the
preferencey-maximising one. By contrast, false-consensus consumers in the proposed
model exhibit a strong propensity to choose the compromise option under both contexts.
Therefore, despite having stable preferencesy and considerable market experience, an
uncertainty over preferencesy and the false consensus effect may bias choice.
Consequently, consumers may act as if preference orderings of the pair {x2, x4} and of {xs,

Xa} were not well-defined in isolation.
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Figure 11. Simulation results on the demand side. (a) The representative consumer i’s

preferencey over an attribute m; (b) The size of inhibition of return for every attribute value,
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computed as Inhibition;(s™) = 8.2253 - e(~0-2312:(PU* ™)) |mportantly, this is not a total
amount of inhibition gained after a certain iteration. Rather, it indicates an incremental value of
inhibition if a product is chosen. Therefore, it is computed without choice data. Moreover, the
area between the inhibition function and the line of the threshold constant is the indifference
area. Options with attribute values lying in this area will neither spread nor inherit any inhibition
of return from others; (c) Values of the threshold T'(x|x) under full social influence, half social
influence and no social influence cases, respectively. It is again, calculated before iteration
started because computing threshold values only require a value of t and preferencesn. The bell-
shape of the curves indicate that false-consensus consumers are more willing to give options that
are ranked close to the middle a chance to be purchased again; (d), (e), (f) The average numbers
of times that a product is purchased relative to other available market offerings throughout
10000 iterations, sorted by different levels of social influence @. Numbers presented in figures
are averaged over total number of purchased in the market. Therefore, it is “market share”, not
“choice probability”. The later denotes the number of times that a product is purchased divided

by total purchasing periods (i.e., 10000 iterations).

3.4.2.5 The monopolist’s optimal strategy and equilibrium contexts: Case 1

This subsection explores the monopolist’s profit-maximising strategy, given
consumer choice as described above, and the market equilibrium contexts in the case
where products’ marginal costs and prices are constant. Consider the case where the price
p and the marginal cost ¢ do not change with attribute value and their difference is strictly
positive, i.e., (p —c) > 0. The profit function is thus written as I = (p —c) - QP -

=1 Pri(x; QP) — FC, where QP € Z refers to the total number of purchasing periods,
Pr;(x; QP) € [0,1] indicates the probability of choosing x; under context x, given Q”, and
FC is denoted as an exogenously determined fixed cost. The probability, Pr;(x; Q®), is
computed as the average quantity demanded of x; across all experienced purchasing
periods. Note that the probability of choosing an option is not directly linked to the market
share of an option, in that the latter does not include data about choosing nothing in the

market.
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According to the present simulation results, over 10000 consumption periods, the
total quantity demanded, as estimated under x1 and X2 respectively, is 2815 and 2726 when
@ =1, 739 and 605 when @ = 0, and 1942 and 1826 when @ = 0.5. Given this, the

estimated equilibrium context is x™ = x1 for all three levels of social influence, if and only

if the total market demand under x1 exceeds (:TCC)- Otherwise, the firm may not produce

anything.

Moreover, the present results show that the firm has a higher monetary incentive to
enter the market when consumers are subject to stronger social influence. Indeed, in either
of the contexts, the monopolist enjoys extra profits from consumer bias. Mathematically,
the actual size of the additional benefit depends on (p — ¢) and Q”. For instance, if the
estimated probability, Pr;(x; QP), is robust for all possible @7, the firm earns (p — ¢) -
QP - 0.2076 units more in the equilibrium by selling x1 to consumers with & = 1, rather
than to consumers who are immune to social influences. This is because the total quantity
demanded of market alternatives is higher when @ is higher due to that fact that the
threshold value of each product is effectively increased by social influences (see Figure
11 (c)).

3.4.2.6 The monopolist’s optimal strategy and equilibrium contexts: Case 2

The monopolist’s optimal strategy and the equilibrium contexts in the case where
products’ marginal costs and prices depends on their attribute values are discussed in this
subsection. Consider the alternative case where prices and marginal costs are both linearly
associated with products’ attribute levels. More specifically, suppose that ¢; = & - s/
and p; = 6, s/*, the profit function is instead written as M(x) = (&, — &.) - Q° -

Toals™ e Pry(x;QP)] — FC. The term X7 [s/™ - Prj(x; Q)] therefore determines the
optimal context for the firm. Also, the amount of gains/ losses due to switching context is
positively linked to Q” and (8, — &..).

With the current settings, the estimated results show that the summation of the
product of each option’s attribute value and its probability of being chosen, i.e.,

S=1ls™ - Pry(x; QP)], under x1 and x respectively is 0.1381 and 0.1635 when @ = 1,
0.0335 and 0.0326 when @ = 0, and 0.0941 and 0.1081 when @ = 0.5. In words, the
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monopolist can sell more “attribute values” under X2 than X1 in the case where consumers
are affected by their perceived social norms™'". Accordingly, the firm has an incentive to

set the context to be x2 when @ = {0.5, 1} but x1 when & =0 when the aggregate attribute

FC

value sold over the whole periods exceeds Gomb)"
p~9c

Otherwise, the firm is better off

shutting down.

As shown above, if the firm chooses to enter the market it will earn more profits in
equilibrium when consumer i tends to use market inferences to assist decision making. In
this case, loss of quantity demanded due to offering a less attractive context is well
compensated for by the additional gain from selling products with large attribute values.
That is, the additional benefit from consumer bias motivates the firm to distort the

informational content of its product line to take advantage of consumer bias.

3.4.2.7 Consumer welfare

Making the assumption that the values of preferencesu represent levels of happiness,
this subsection explores average happiness gained from consuming in the market and
potential welfare gain or loss as a result of a contextual change (or, the firm’s
manipulation of market context). A condition on the utility of an outside option for
equalising consumer welfare under manipulated and non-manipulated contexts will also
be investigated. Recall that it is assumed that consumers who do not choose in the market
will instead choose an outside option. Note that the following analysis will not be true if
consumers’ preferencesy are uncertain and people are like the average person.

The simulation results indicate that estimated consumer welfare increases when the

consumer is more resistant to the perceived social norms. More concretely, the average

oxiit Note that the social influence parameter @ being strictly positive is not a necessary
condition for market context x; to be preferred. In fact, X, turned out to be an optimal context in
the “no social influence” case in some computer simulations when iterations = 1000, holding all
other settings identical. As the magnitude of iterations grew, the finding that x; is the profit-
maximising context became more robust. In contrast, results obtained when @ = {0.5, 1} are
much more robust across many replicated simulations even when the number of iterations is just
1000.
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happiness gained from consumption in the market under respective context is {0.8500,
0.1749} for @ = 0, {0.5706, 0.0922} for @ = 0.5, and {0.5314, 0.0810} for @ = 1.
Apparently, the average welfare level decreases with the magnitude of social influence
parameter @V, This implies that using market information incorrectly may reduce
consumption-derived happiness.

Further, still considering welfare gain from consuming in the market, the strategy
of shifting the context from xu to x2 seemingly leaves the consumer i worse off. According
to the present computational results, for @ = {0, 0.5, 1}, the corresponding consumption
welfare is decreased by 79.43%, 83.85%, and 84.76%. No surprisingly, percentage loss
in welfare is larger in the biased-learning situation. Together with the fact that the profit-
maximising context is x2 when @ = 0.5 and 1, the findings implies that social-norm
influences may further reduce consumers’ welfare.

Yet, the existence of the outside option can possibly offset the welfare loss resulting
from context change, in the sense that the consumer i is prone to opt out under x2. The
condition on the utility of an outside option xo for equalising welfare under x1 and x2 is
PU;(xy) ={3.8983, 8.1015, 14.3277} for @ = {0, 0.5, 1}. Recall that the maximum value
of PU™(x) is merely 4.2034. This means that false-consensus consumers require very
high utility from an outside option if they are to avoid excessive psychological loss due

to social-norm induced biases as well as the firm’s manipulation.

3.4.3 Simulation 2: Boundary conditions of the compromise effect

One of the key findings from Simulation 1 is that the degree of compromise effect
falls as context moves away from the preferencey-maximising attribute value. The present
subsection conducts a more detailed investigation of this phenomenon by extending
Simulation 1 to the world where context changes in the way that attribute levels of all

o This conclusion may be invalid if the utility of an outside option is considered. Since
the probability of choosing in the market is positively related to @, the real welfare that
consumers with @ = 0 gain may be significantly reduced by a low level of utility of the outside

option, while false-consensus consumers are far less affected.
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current options are simultaneously raised by 0.01 units until the last option’s attribute
value equals to 1. That is, the computer simulation will start at s%; = {0.01, 0.11, 0.21,
0.31, 0.41} and end when it reaches s%;, ={0.60, 0.70, 0.80, 0.90, 1.00}. For each context,
there were 10000 purchasing periods. Note that unlike in Simulation 1, the notation x; here
will refer to the jth option in a context because there are more than two contexts simulated.

All other settings are identical to those in Simulation 1. Recall that parameter values
were set as PU/™ = Beta (5, 15), a decision-making threshold (t) = 1, an explore-exploit
parameter (y) = 0.5, a recency effect parameter (t) = 0.9, the maximum inhibition periods
(z) imposed to options with PU/™ = 0 in a no social influence scenario = 20, and the
parameter (g) that controls for the good-enough area, a.k.a. the indifference area, = 0.7.
The rest of the subsection will compare the consumer i’s choice under three different

levels of social influence, @ = {0, 0.5, 1}, and the benchmark model.

3.4.3.1 The benchmark predictions in choice

To begin with, given the PU™ which peaks at s™ = 0.2222, the preferenceu-

maximising choice x* of the consumer i is

x5 if x = {x4, ..., X7},
x* =1 x, ifx = {xg,..., 17},
x; otherwise.

This prediction from rational choice theory is that there will be no choice reversal
between any two options observed across contexts. Given the possibility of random errors
occurring during decision making, the benchmark market share of each option is
computed by the softmax function, as shown in Figure 12. While the benchmark choice
distribution follows the prediction of rational choice theory, in which options that
maximise the preferencey gain most shares, the market shares of all options estimated by
the softmax function converge when the market context moves to the upper extreme of
the attribute space, where the preferencey is almost flat. As shown in Figure 12 the
benchmark market share of x; declines gradually when the context goes beyond Xzs,

whereas a slight increase in shares of other four options is seen.



141

3.4.3.2 Market share for different values of @

The market shares of options estimated by the proposed model for different value
of @ are discussed in this subsection. Like the benchmark model, Figure 12 shows that
the market shares estimated by the present model with no social influence (@ = 0)
strikingly resemble the rational choice theory’s predictions, even when the context is
unfavourable. This implies that learning in the market can steer cognitive-constrained
consumers toward preferencey-maximising choices. However, this observed similarity
may not apply in the case of real choice probability as this observation is purely based on
market share among options, which does not take probability of choosing nothing into
account. Moreover, although x1 seemingly dominates the market when the context moves
away from the peak of the preferencey in the attribute space, the probability of choosing
it is quite small®¥ and hence the difference of choice probability among market offerings
is trivial. The observation of small choice probability stems from the high likelihood of
opting out under contexts with large attribute values owing to high inhibition of return, as
revealed in Figure 12 (a).

Prior to xzs, the “M” shape of the curve observed in Figure 12 (a) reflects the fact
that the optimal option shifts from xs to x2 and then to x;*"' as context changes to include
higher attribute values. More precisely, the probability of choosing an outside option®™V!,
Xo, climbs as the inhibition of return of xs rises, followed by a drop as x2, which moves
towards the maximum PU;™, replaces xs as the optimal product. As context changes, x2
moves cross the peak of PU™, leading the probability of choosing outside of the market

to bounce back. This recovery continues after the best available option switches to xi,

v Over 10000 iterations, the estimated probability of choosing x; is less than 5% under
contexts from x4 onward.

Vi This phenomenon does not appear in another two cases mainly because the threshold
for considering an option is enlarged by the norm-based preference when @ > 0. The fluctuation
of minimum inhibition of return due to context change is too small to influence probability of
choosing in the market.

ovil Remember that it is assumed that if consumers do not choose in the market, they

choose an outside option.
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while falling again as xi gradually departs from the maximum PU/". Afterwards, when
context passes a critical point, a dramatic increase in the optimal market option’s
inhibition of return precipitates a surge of choosing outside of the market.

Furthermore, Figure 12 illustrates that in presence of social influence, i.e., @ = {0.5,
1}, choice in the repeated market may nonetheless deviate from optimality, with choice
under @ = 1 showing greater divergence. A glance of Figure 12 (b), (c), and (d) reveals
that false-consensus consumers are less likely to choose the optimal option than unbiased
(@ = 0) and benchmark consumers do®'". More specifically, when the context lies
between x1 and x7, where the middle option, xs, is the optimal option, the market share of
X3 is partly taken by x> and x4 in the case of @ = {0.5, 1} since these two options also
benefited from the false consensus effect to some degree and incur moderate inhibition of
return. Yet, as context moves towards the upper end, the benefit added to x4 can no longer
offset the large inhibition value it generates. Even worse, X4 may receive inhibition of
return spread from xz and X2 as they gradually leave the “good-enough” zone. Therefore,
when context enters the area where PU[™ is rather flat, only x> and x3 are observed to have
an asymmetrical advantage. In particular, this positive bias increases with @ and is more

obvious on x3, which helps it gain almost equal share to x; and Xo.

exviit Note that for x4 onwards, the market share of x; estimated by the proposed model
exceeds the benchmark results, making the predictions of the proposed model closer to the
optimal (fully rational) outcomes. This is because differences in the preferencey between x; and
other alternatives get smaller as context becomes larger, amplifying randomness in the
benchmark model while benefiting x: in the proposed model through the spill-over effect.
Meanwhile, x, and xs, which receive inhibition of return from options with lower relative ranks,

obtain almost equal shares to x; thanks to social influences that raise the threshold values.
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Figure 12. Consumer choice under each feasible context in the model. Plots (b), (c), (d), and (e)
shows that the model with @ = 0 behaves similarly to the benchmark model, whereas the models

that include social influence by setting @ = {0.5, 1} behave very differently.

3.4.3.3 The strength of the compromise effect

The extent to which choice is biased towards the middle option, x3, is presented in

Figure 13 and discussed below. Overall, the figure suggests that the degree of the
compromise effect and its pattern vary with measures, with the middle proportion measure
showing a downward trend whereas the rest indicate an upward shift. This difference
highlights the effect of choosing different measurement approaches.

Starting with the most straightforward measure, the middle proportion approach,
Figure 13 (a) illustrates that xs is the watershed of the relative strength of the compromise
effect. This is because prior to xs, the middle option, xs, is the optimal choice, which
makes consumers with @ = 0 choose it more frequently than other options. For false-
consensus consumers, choice of xs is dispersed to x> and x4 since their corresponding

preferencey values are satisfied with the enlarged thresholds. Hence, the seemingly high
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concentration on xs simply reflects the fact that the model with @ = 0 is closer to the
rational choice model in terms of its predictions. Contrarily, after xs, where Xz is no longer
the optimal option, the models with strong social influence show a preference towards Xa.
This bias falls slightly when the context passes X21 owing to a sufficiently low preferenceu
value of x3. To sum up, Figure 13 (a) implies that the compromise effect may be mitigated
as context becomes unfavourable.

Interestingly, a reverse pattern is observed in Figure 13 (b), in which the degree of
the compromise effect increases when context goes beyond xsi1. This discrepancy mainly
stems from the fact that the measure here is substantially influenced by the market share
of x4, rather than just depending in choices of xs. As shown in Figure 13 (d) and (e), in the
cases of @ = 0.5 and 1 the market shares of x4 in the first ten contexts and those of x3 in
contexts between x11 and xzo are alike, yielding a small change in the market share of x4
due to a change in the relative position. However, a slight increase in the market share of
X3 at xso0, with that of x4 remaining low from Xzo, triggers a noticeable change in the
estimated absolute share. In particular, since the benchmark market shares of xz and x4
gradually converge to each other, the estimated degree of the compromise effect for @ =
0.5 and 1 becomes stronger as context moves towards the upper end, as presented in
Figure 13 (b). In contrast, the degree of compromise effect estimated by the model with
@ = 0 stays around zero®™ for almost all feasible contexts because the estimated patterns
on x3 and X4 behave similarly to the benchmark results, as indicated in Figure 13 (d) and
(e). In conclusion, the upward trend of the size of the compromise effect observed in the
proposed model with @ = 0.5 and 1 shows that the absolute share of x3 in a context x
relative to that of x4 in a context where xz in x is presented as the 4th option increases,
whereas the difference between their preferencey values declines. This type of favouring

of the middle option is not captured in the first measure.

ix The fluctuation in the degrees shown in Figure 13 (b) reflects the randomness of
market shares of x; and x. estimated by the proposed model. Therefore, in the case of @ = 0, the
degree of the compromise effect fluctuates more evidently when the absolute market share of x4

gets smaller, given the fact that a smaller base value produces a larger percentage change.
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Finally, the third measure focuses on the issue of choice consistency. It compares
the relative market share between xs and x4 in one context with that between the same pair
of options in the context where they become xz and xs in the set. Figure 13 (c) shows that
benchmark choice is highly consistent prior to x2s. This is due to a high estimated
probability of choosing xs over x4 in the first ten contexts, which reduces as context moves
up. This then leads the benchmark probability of choice consistency to approach to 50%
as the relative share between xs and x4 approximates 50%. Notice that the inconsistency
in choice does not necessarily imply a systematic bias. As shown in Figure 13 (d),
choosing xs over x4 in one context and x3 over xz in the context where the pair {xs, x4}
becomes {x2, x3} due to a contextual change contributes the same amount to the overall
inconsistency as the reverse case does. This means that benchmark consumers do not
exhibit any bias towards the middle option. The choice inconsistency is purely due to
random noise.

Moreover, regarding choice consistency, as illustrated in Figure 13 (c) and (d) a
similar pattern is found in the case where @ = 0, while noise is observed due to
randomness®*. The sharp decline in consistency between context xi4 to x21 is due to a
dramatic decrease in the market share of xs in contexts with larger options than xz. As the
relative share of xs and xs becomes stable across contexts, the probability of choice
consistency plateaus at around 55%.

Contrary to results obtained shown in the above two models, the results in the cases
where @ = 0.5 and 1 shows a systematic bias towards the middle option. Less abstractly,
although the probability of choice consistency estimated under these two models is close
to, and later slightly higher than, the benchmark estimate, Figure 13 (d) illustrates a strong
tendency for false-consensus consumers to choose xs over x4 in one context and xs over Xo
in the context where the pair {xs, x4} becomes {x, x3} as a result of a change in contexts.
Indeed, the seemingly more consistent choice observed in some contexts does not mean

that false-consensus consumers suffer less bias than benchmark consumers do. Also, the

@ The fluctuation in probability of choice consistency is expected to be reduced by

increasing the number of iterations or consumers.
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initially high inconsistency does not imply a great systematic bias towards xs. Instead, the
inconsistency in the beginning mainly arises from the fact that the relative share of xs over
X4 in the first ten contexts as well as that of the same pair in contexts between x11 and x20
is around 50%. As for contexts beyond xss, where choice appears to be as inconsistent as
the benchmark but shows a strong bias, the main driver of inconsistency turns out to be
the fact that false-consensus consumers are far more likely to choose xs over x4 in one
context, whereas choosing xz over xz in the context where {xs, Xa} becomes {xz, xs} with
a probability of approximately 50%. Therefore, the probability of choosing consistently
is computed as 0.5 x 1, where 1 refers to the sum of relative share between x3 and Xa
before the context change. Overall, despite seemingly low choice inconsistency across
contexts, the degree of the compromise effect estimated with @ = 0.5 and 1 grows with
the context.

It is clear that the use of different measures can give different, and even opposite,
patterns of the strength of the compromise effect. This implies that whether one takes the
market share of x2 and x4 into account does matter. In addition, it is noteworthy that the
whole computation is based on market share, not real choice probability. Therefore, a
stronger compromise effect does not necessarily indicate that the middle option is more
frequently chosen when attribute values in the context are large. Nonetheless, the results
of the simulation imply that the compromise effect is highly likely to exist in equilibrium.
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The Degree of The Compromise Effect under Each Context
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Figure 13. A graphical illustration of the degree of the compromise effect under each context.

Plots (b), (c), and (d) start from x11 because they measure a change of absolute/ relative market

shares from one context to the one located ten-contexts away. For example, results predicted

under Xy1 indicate the difference between the market shares estimated under x; and X1;. Note that

a pair of options {xs, X4} in X1 is options {xz, X3} in Xi1.

3.4.4 Simulation 3: The market equilibrium

This subsection extends the previous simulation with a focus on the firm’s optimal

response and consumer welfare in the equilibrium. It will explore the firm’s strategy and

equilibrium contexts in the market where only one type (characterised by @) of consumers

exists. That is, the firm can design a context that is specifically offered to consumers with

a certain level of @ and consumers with other values of @ cannot see that context because

they are not in the same market. By separately investigating markets consisting of only

one type of consumers, the effect of consumers’ tendency to use (biased) market

inferences on the firm’s profit-maximising strategy and equilibrium contexts can be
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evaluated. The parameters and predicted consumer behaviour are same as in Simulation
2.

3.4.4.1 The monopolist’s optimal strategy and equilibrium contexts: Case 1

This subsection discusses the monopolist’s optimal responses to consumer demand
and equilibrium contexts in the case where prices and marginal costs are fixed. It is also
assumed that there is only one type of consumers in the market, whereby consumers with
different levels of @ are in different markets and therefore see different market contexts.

Assume that the price p and the marginal cost c is an arbitrary constant and
(p — ¢) > 0. Accordingly, the profit function is IT = (p — ¢) - Q° - X7, Prj(x; Q") —
FC, where QP € Z represents the number of purchasing periods, Pr;(x; Q") € [0,1]

refers to the choice probability of an option x; under context x given Q?, and FC is an
exogenously determined fixed cost. With fixed values of p, ¢, QP, and FC, the profit is
maximised under contexts that generate maximum quantity demanded. Mathematically
speaking, the optimal contexts also minimise the probability of choosing outside of the
market. Therefore, a direct illustration of it is presented in Figure 12 (a).

Given the results estimated in Simulation 2, over 10000 consumption periods, a set
of contexts that maximise total quantity demanded is X* = x1 when @ = 0, {xu, ..., X27}
when @ = 0.5, and {xu, ..., X290} when @ = 1. This suggests the optimal contexts of market

options that the firm should provide if and only if the total quantity demanded under x*
FC
(p-o)
there is an overlap of profit-maximising contexts, there is no incentive for a firm to

exceeds Otherwise, the firm may be better off producing nothing. Note that since

manipulate context information. In other words, the firm can enjoy earning the maximum
possible profits by setting context x™ = x1 for all types of consumers in the equilibrium.
Consistent with the findings of Simulation 1, the total quantity demand generated
by the profit-maximising context, X1, is higher when consumers experience stronger social
influences. This is captured by the fact that the probability of choosing xo under xu is
0.0519 when @ =0, but is zero when @ = 0.5 and 1. The greater quantity demanded gives
the monopolist a stronger monetary incentive to enter the market as well as a higher
possible profit it can earn in the market. Based on the present results, assuming the

estimated choice probability, Pr;(x; Q°), is constant for all possible @, the firm can earn
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(p — ¢) - QP - 0.0519 units more in the equilibrium by selling X" to consumers with @ =

0.5 and 1, rather than to consumers who are immune to social influences.

3.4.4.2 The monopolist’s optimal strategy and equilibrium context: Case 2

The second way to address the profit-maximisation problem and equilibrium
contexts is to assume that prices and marginal costs are linearly associated with products’
attribute levels. Again, it is assumed that the market consists of only one type of consumer.
Consider ¢; = 6 - s/ and p; = &, - s;", the profit function is thus expressed as I1(x) =
(6, = 68c) - QP - Xioy[s/* - Pry(x;QP)] — FC . Here, it is the new term Y7_,[s/ -
Prj(x; QD)] that determines X", instead of the total probability of choosing in the market
alone. Moreover, the size of gains/ losses resulting from switching context is positively
associated with @ and (6, — &)

As demonstrated in Figure 14, the summation of the product of each option’s
attribute value and its probability of being chosen, i.e., ¥>_;[s/ - Pry(x; QP)], is
maximised under X" = {xa1, X27, X290} respectively for @ = {0, 0.5, 1}. This indicates the

optimal context for a firm to produce at when the aggregate attribute value sold exceeds

FC
(8p=8c)’

that x™ is no longer the one that maximises Zﬁzl[Prj(x; QD)], while the small difference

Importantly, x* with @ = 0 here is different from that in the first case in the sense

in 32_4[s/" - Pry(x; QP)] between context xz1 and x1 implies that the effect of s on

profits is limited. An increase in the attribute value provided easily offsets the loss in
quantity demanded. However, when @ = 0.5 and 1, the fact that X" = {x27, X20} implies
that the negative impact of the large increase in the probability of choosing outside of the
market cannot be compensated for by the increased attribute values of available products.
That being said, thanks to a high tolerance of somewhat unfavourable products, the
monopolist is still able to sell more “attribute values” (and hence receive more profits)
when consumers’ choices are substantially affected by their perceived social norms.
Consequently, in this case, the firm is strongly incentivised to distort the informational

content of its product line to take advantage of consumer bias.
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Figure 14. Attribute values sold under each market context, averaged over 10000 iterations. The

observed reductions reflects an increase in the probability of choosing nothing. Comparing

across the three graphs, the monopolist on average earns more when consumers are more likely

to be influenced by their perceived social norms.

3.4.4.3 Consumer welfare

The manipulation of market context is of critical importance as it is inextricably

intertwined with consumer welfare. Assuming that the values of preferencesy represent

the levels of happiness of consuming products, this subsection first investigates average

happiness gained from choosing in the market and potential welfare changes as a result

of the firm’s manipulation of market context. It then explores a condition on utility of an

outside option, xo, for equalising consumer welfare under manipulated and non-

manipulated contexts. Note that it is assumed that consumers who do not choose in the

market will choose xo.

| begin by examining the first case of the firm’s profit-maximisation problem, where

the monetary incentive to distort context is absent. As shown in Figure 15 (a), the socially
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optimal context is {Xi1, xz3, X24} for @ = {0, 0.5, 1}, where the average welfare gained
from consuming in the market is {3.6454, 3.4919, 3.1096}, respectively. Accordingly, if
we only consider welfare gained in the market, the estimate result implies that “rationally”
using market information may reduce consumption happiness in the equilibrium if
information is perceived with biases.

Furthermore, in the case where the monopolist is incentivised to manipulate the
product line, the impact on consumer welfare is mixed. First, the firm intentionally sets
context X* = {X21, X27, X290} for consumers with @ = {0, 0.5, 1}, to best respond to consumer
bias. Again, considering only average welfare gained from consuming in the market,
Figure 15 (a) reveals that switching the set of market offerings from x21 to the respective
profit-maximising context decreases the average consumption welfare by 5.81% when @
=1, but increases it by 1.68% when @ = 0.5. The growth in welfare in the case of @ = 0.5
points to the possibility that biased consumers benefit from the firm’s context
manipulation. This is because although x21 is preferred to x27 in terms of the preferencey,

i 5 me.m 5 me.m i
i.e, Xj=1PU; (ij|x21)>2j=1PUi (Sx;lxz7) choices made by false-consensus

consumers do not meet this criterion well, with the extent of deviation being larger at x21
than at x2r® as shown in Figure 15 (a). However, the fact that consumers with the
strongest social influences (@ = 1) are worse off in the equilibrium implies that the
unexpected “advantage” given by deviation in choice may fail to offset the negative effect
of an unfavourable context on welfare. To conclude, the manipulation of context may not
always reduce welfare gained from consuming in the market. Rather, its impact may
depend on the degree of the bias.

i This phenomenon can be observed in Figure 12 (b) and (c). In the context of Xz1, X2
gains a high market share when @ = 0.5 due to its low inhibition value and the preferential
treatment imposed by (inaccurately) perceived social norms. Therefore, consumers with @ = 0.5
exhibit a greater deviation from choosing the optimal option, x1, in X21. Yet, when context moves
to X7, the attribute value of x. is too undesirable, leaving it with high inhibition value. As a
result, in X27, X2 is unable to steal market share from xi1, whose inhibition value remains relatively

low. The market share of the optimal option (x1) thus increases, narrowing down the deviation.
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Moreover, the evident welfare gap among different types of consumers observed in
Figure 15 (a) implies that even if the monopolist does not manipulate the context, i.e., X"
= x21 for all @, false-consensus consumers will still suffer a welfare loss due to cognitive
constraints and biased social sampling. This disparity purely results from the deviation
from optimality.

Finally, the welfare obtained during the whole purchasing periods, including the
situation of choosing outside of the market, is of equal importance to welfare gained from
consuming inside the market. Figure 15 (b), (c), and (d) reveal how the utility of the
outside option xo influences overall consumer welfare. The higher the utility of xo is, the
more benefits consumers can receive from buying outside the market. In other words, the
utility of Xo affects consumers with @ = 0 more strongly because false-consensus
consumers are far less likely to choose outside of the market under each of all possible
equilibrium contexts. Hence, consumers who are not influenced by social norms (@ = 0)
have the greatest advantage.

Note however that this argument cannot be made in the first case of the firm’s profit-
maximisation problem because, according to Figure 12 (a), the probability of choosing an
outside option for consumers with @ = 0 is zero under equilibrium context x™ = x1. Given
that there is no incentive to manipulate context, it is expected that consumers who make
choices purely based on their internal feelings, i.e., preferencesy, cannot benefit from (a
high) utility of xo. Moreover, since false-consensus consumers never choose outside of
the market under their respective equilibrium contexts and there is no potential distortion
of context, welfare of consumers with @ = 0.5 or 1 are not influenced by the utility of xo
either. In other words, the utility of Xo does not affect the previously-noted analysis and
conclusion regarding equilibrium consumer welfare in the first case, which suggests that
the tendency to rationally make market inferences during decision-making may reduce
consumption happiness in the equilibrium if information is perceived with biases.

With reference to the second case, the utility obtained from choosing Xo is still not
likely to compensate for the welfare loss resulting from the distorted context for
consumers with @ = 1. This is because the probability of choosing outside of the market
in the equilibrium context, x29, is 0. Likewise, it cannot make xz1, the equilibrium context

for @ =0, be the welfare-maximising context of all feasible contexts for each of all types
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of consumers®" pecause when market context is at x21, only consumers with @ = 0
choose xo sometimes, whereas other types of consumers always choose market offerings
(see Figure 12 (a)). This limits the effect of utility of xo on welfare of consumers with @
= 0.5 and 1. For consumers with @ = 0, there are many contexts where consumers are
more likely to opt out than under x21. Consequently, a large utility value of xo benefits
those contexts more than x21, leaving consumers under the equilibrium context, x21, never

enjoying the highest possible welfare level.
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Figure 15. An illustration of consumer welfare under each context. (a) The average welfare level
gained from choosing in the market is computed by summing up the product of market share of
an option and its corresponding preferencey value. Note that since the estimated welfare level
here only captures those gained in the market, the slump in welfare level reflects a decline in the

magnitudes of the choice’s corresponding preferencey, not a decline in probability of choosing

oxit \Welfare levels for other types of consumers also matter as X1 represents the

equilibrium context if the firm chooses not to take advantage of consumer bias.
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in the market. The context that maximises average welfare from consumption for the cases
where @ = {0, 0.5, 1} is {X22, X23, X24}; (b), (), and (d) Average consumer welfare with three
possible levels of utility of the outside option. The difference between (a) and (b) reflects the
fact that consumers with @ = 0 are at disadvantage when utility of xo is trivial. This is likely
because the probability of choosing in the market is relatively low, even though choice itself is
close to the optimal. Moreover, the main difference among these three figures appears when
context lies in {Xzs, ..., Xs5}. The large change in welfare shown in (b) and (c), to some degree,
corresponds to the one found in (a). As utility and choice probability of xo rises, the reduction

gradually disappears.

3.4.5 Simulation 4: Multi-agent Scenario

To examine consumer behaviour and market equilibrium at an aggregate level,
Simulation 4 created an artificial market with fifty unit-demand, heterogeneous
consumers varying in the mean of their preferencesy distributions on the attribute m, i.e.,
the mean of Beta(a!™, B/™). Fixing the variance of all PU™ at 0.0089°", the computer
randomly selected the mean of each agent’s PU™ from a symmetric distribution®™V, Beta
(5, 5). All values of the mean were redrawn if there existed any mean that caused PU;™(x)
to be infinity or made the derived o/, 5" < 1. In total, twenty sets of consumer

preferencey were sampled and the simulation randomly chose the 9th set for analysis. The

oxiit 1t js the variance of Beta (5, 15), the preferencey distribution used in the previous
simulations.

oV The authors note that in many real-world scenarios, the distribution of preferencesy in
the population would likely be (positively) skewed; for example, this might apply to people’s
preferences for portion size, spiciness, cheese sharpness, etc. However, the overall finding and
conclusion obtained in the case of skewed preference distribution is very close to the one
explored in Simulation 2 and 3. To avoid repetition, this subsection concentrates on

investigating the market where consumer preference is symmetrically distributed.
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set of fifty consumers’ preferencesy curves used in this subsection is displayed in Figure
16.

Consumers’ PreferencesU Curves in The Market
I I |

Preferencesu

0 0.1 0.2 03 04 0.5 0.6 0.7 0.8 0.9 1
Attribute Levels

Figure 16. Consumer preferencesy curves in the representative market. All distributions have
variance of 0.0089 and different values of mean, randomly sampled from Beta (5, 5).

As before, the computer simulation was repeated 10000 times to approximate long-
term consumer behaviour. The values of the parameters are identical to those used in
Simulation 2. Contexts examined here are same as those in Simulation 2 and 3. More
specifically, the simulation started from the context with s%; = {0.01, 0.11, 0.21, 0.31,
0.41} and ended at context with s%; = {0.60, 0.70, 0.80, 0.90, 1.00}. For each change in
context, attribute values of all options are increased by 0.01 units. This subsection will
compare consumer behaviour under three different levels of social influences, @ = {0, 0.5,
1}, along with rational choice theory and the benchmark model. For convenience, this

subsection sometimes uses the benchmark (optimal) model to refer to rational choice
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theory and the benchmark (noisy) model to denote the original benchmark model which

is computed with a softmax function.

3.4.5.1 Market share estimated by each of all models

The market shares of options estimated by the rational choice theory, the benchmark
(noise) model, and the proposed model with different values of @ are explored in this
subsection. How and why predictions from the latter two models deviate from the rational
choice theory’s estimation is also discussed.

First, Figure 17 shows the estimated market share of each option and the deviation
from the prediction of rational choice theory. Despite a difference in the magnitude of
market share, the choice pattern observed in each model is strikingly similar across
models, whereby xs gains most of the share at the beginning but the demand gradually
moves towards x: as attribute values in the context get larger. This pattern reflects the fact
that when attribute values available are too small or too large overall, the market offerings
with less extreme attribute values attract more demand since these less extreme products
are associated with more favourable preferencesy than other products in the menu. Notice
that this difference in products’ ability to attract demand under an extreme context is
reduced by random noise. As illustrated earlier in Figure 12 in Simulation 2, when context
is close to the extreme, market shares of all options will be nearly equal under the noisy
benchmark model due to the small differences in products’ corresponding preferencesu.
Therefore, Figure 17 (a) shows that the benchmark (noisy) model has a U-shaped mean
squared error curve.

It is noteworthy that the results estimated by the proposed model with zero bias are
more consistent with the rational choice theory’s predictions than those of any other
models, as shown in Figure 17 (a). This indicates that unbiased learning in the market
may help cognitive-constrained consumers make optimal choice more often. The change
in the deviation observed in Figure 17 (a) simply reflects the fact that the optimal
benchmark model is a deterministic model that is highly affected by switches of consumer
choice. For example, as demonstrated in Simulation 2, a change of context from x7 to xs
would lead rational consumers to fully shift their choice from xs to x2, while in all other

models, market share of x3 only declines by a few percentages. This characteristic makes
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the fluctuation in the market shares particularly noticeable under the optimal benchmark

model, as shown in Figure 17.
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Figure 17. Market share of each option by context, averaged across consumers over 10000
iterations. The mean squared error was computed by subtracting market share of the best option
estimated by the rational choice theory (the optimal benchmark model) from the one estimated
by the model of interest, and then squaring it, followed by averaging out across consumers under

each context.

However, this similarity in estimated market shares may not be generalised to the
case of choice probability because the optimal probability of choosing the outside option
Xo is unknown. According to Figure 18, the probability of opting out, as well as its standard
deviation, are high when context is extreme. This reduces the real choice probability of x;
and xs under the small and large context respectively. If the optimal choice probability
does not follow the same pattern, the proposed model will exhibit a greater deviation from

optimality than the above observations do.
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With regards to false-consensus consumers, i.e., @ = {0.5, 1}, Figure 17 implies
that biased perception of social norms may prompt consumers to exhibit extremeness
aversion, in spite of their considerable consumption experience. More specially, the high
tolerance of middle options underpins an abnormally high market share of x3. As shown
in Figure 17 (d), the effect is larger when market context is at the extremes. This is because
most of the means of PU™ are located around the centre of s™, blurring the distinction
between the most favourable option and the middle option under the extreme contexts.
This enables xs to effectively take demand from the extreme, but more desirable, options,
as shown in Simulation 1. To say it the other way around, when the context is set to be
close to the middle of the attribute space, xs itself becomes optimal, giving social norms
less room to exert influence. Interestingly, the deviation from optimality is higher when
context is at a moderate level, as seen in Figure 17 (a). This counter-intuitive finding is
rooted in the fact that almost all false-consensus consumers show a certain degree of
deviation when context is located close to the middle of the feasible space, whereas a
relatively smaller portion of consumers deviate when context is extreme®*¥ due to a high
inhibition of return for unfavourable products. The use of the mean squared error approach
amplifies the impact of several small errors and therefore suggests that divergence is
higher under the moderate contexts.

v Correspondingly, the standard deviation of squared errors is larger when context is at

the two extremes of the context space, compared to at the middle.
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Figure 18. The probability of choosing the outside option and the standard deviation of that
probability. The top figure suggests that false-consensus consumers are more likely to choose
inside the market thanks to higher tolerance of unpleasant products, embodied as higher
threshold values for all options. The fact that market quantity demanded is maximised at an
intermediate context reflects the symmetric distribution of the mean of consumer preference.
Less abstractly, when the mean of s7* gets closer to 0.5, more consumers will choose to buy in
the market owing to a lower level of inhibition of return. By the same token, if the mean of
market preferencesy was drawn from a skewed distribution, the distribution of market quantity
demanded would be skewed in the same direction as Figure 12 (a) shows. In addition, the
bottom panel implies that the existence of consumers with more extreme tastes would make the
standard deviation of probability of choosing xo under extreme context larger than the middle
one. The, on average, higher level of standard deviation for the (& = 0) case implies a lower

tolerance of such consumers for unfavourable products.

3.4.5.2 The strength of the compromise effect

The degree of the compromise effect is examined and presented in Figure 19. As

noted in Simulation 2, the magnitude of the degree and its pattern vary with measurement
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approaches, with the absolute share approach showing a conspicuous upward shift (Figure
19 (b)) whereas the other two measures, namely middle proportions and relative-share
changes, show a convex trend (Figure 19 (a) and (d)). Compared with the results in Figure
13, curves shown in Figure 19 look far smoother, because they capture the averaged

behaviour of fifty heterogenous consumers.

3.4.5.3 Middle proportions
Beginning with the discussion of the middle proportion approach: Figure 19 (a) is

consistent with Figure 17 (d), in that the compromise effect found in the case of positive
social influences, i.e., @ = 0.5 and 1, is strongest when context is at the extremes. Not
surprisingly, this observation is different from the finding in the case of a single consumer
with positively skewed preferencesuy i.e., PU/™ = Beta (5, 15) (Simulation 2), as revealed
in Figure 13 (a). This is because in the present simulation, the existence of false-consensus
consumers with negatively skewed preferencesy effectively increases the market share of
X3 When the context is at the upper extreme of the attribute space, making the estimated
degree of the compromise effect bounce back in the end. Also, as implied in Figure 12
(d), the market share of x3 may be at a low level when context is moderate, due to increased
relative attractiveness of xo. As a result, it is expected that consumers with extreme tastes
may together drive down the market share of x3, making the degree of the compromise
effect weaker. Conversely, Figure 19 (a) suggests that the market of consumers with ¢ =
0 exhibits no compromise effect for almost all contexts. This can be explained by the spill
over of inhibition of return, which makes the extreme options more likely to be chosen
under the proposed model with @ = 0| except in the situation where xs is the
preference-maximising option. In sum, the results derived from the middle proportion
approach state that in the market with false-consensus consumers, the aggregate

compromise effect is most intense under extreme contexts.

oxvi Meanwhile, random noise slightly increases the benchmark model’s market share of

Xz when it is not the best option.
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3.4.5.4 Absolute-share changes

However, if the compromise effect is measured via absolute-share changes, a
different pattern of the strength of the compromise effect for @ = {0.5, 1}, as shown in
Figure 19 (b). As suggested by Figure 17 (d) and (e), the observed upward trend in Figure
19 (b) mainly stems from the fact that the share of xs in the proposed model with @ ={0.5,
1} does not fall as much as it does in the noisy benchmark model (due to social influence),
while the share of x4 is roughly the same across all models when context lies between Xis
and xss. For contexts from {xi, ..., X1} to {Xu, ..., X20}, the change in the absolute
share™Vii as contexts include increasingly large attribute values is similar in magnitude in
the proposed models and the benchmark model with random errors, weakening the
compromise effect at the beginning. Furthermore, as expected, consumers with ¢ = 0 do
not exhibit any compromise behaviour for all feasible contexts, since the relative shares
of x3 and x4 behave similarly to the benchmark results. The only difference occurs in the
share of x4 when context x goes beyond xso, which is not captured in the measure. To
conclude, the increase in the degree of the compromise effect found in the proposed model
with @ = 0.5 and 1 indicates that the size of the bias towards x3 is exaggerated as the

preferential treatment imposed on x4 is not effective enough to overcome its undesirability.

3.4.5.5 Relative-share changes

This subsection discusses results using the last measurement approach of the
compromise effect, namely relative-share changes. This measure investigates choice
inconsistency in a pair of options between two contexts and the proportion of the observed
inconsistency results from the tendency to choose the middle option in the set. To recap,
the measure of choice (in)consistency relies on the comparison between the relative
market share between x3 and x4 in one context and that between the same pair in the

context where {xs, x4} becomes {xz, xs}.

oxvii Recall that the change in share here particularly refers to the difference in the
absolute share between x4 in one context and xs in the context where x4 becomes the middle

option, xs, in the set. Based on the settings, X4 and Xz are in options with the same attribute value.
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Figure 19 (c) suggests that the benchmark results are more consistent than those of
any other model. The slightly concave shape of the benchmark curve indicates that choice
is more random (= 50%) when context is around the two extremes. This is because, for
most consumers, the preferenceu curve is rather flat for the extremely small and large
attribute values. The horizontal line located at the probability of 50% in Figure 19 (d)
further confirms that the choice inconsistency is due to random errors. In other words,
benchmark consumers are not systematically biased towards the middle option.

Likewise, the proposed model with @ = 0 shows no selective preference for xs, as
illustrated in Figure 19 (d). The probability of choice inconsistency, however, appears to
be higher than the benchmark estimation, as shown in Figure 19 (c). This is because, for
all contexts, the relative share of x3 to x2 and xs to Xa, respectively, is lower in the proposed
model than in the benchmark one (see Figure 17). That is, the high relative share of x4 to
X3 In one context cannot be fully translated into the share of x3 to x2 in the new context
where the pair {xs, x4} becomes {x2, X3}, causing choices to be inconsistent as the context
changes. In addition, the slight increase in choice consistency under contexts around the
two extremes stems from the existence of consumers with skewed preferencesu, which
allow them to choose more consistently in the desirable contexts consisting of options
with extreme attribute values®>V"",

Equally importantly, although Figure 19 (c) shows that choice consistency
estimated by the models with @ = {0.5, 1} resembles the results when @ = 0, Figure 19
(d) suggests that the inconsistency under the former models is possibly a consequence of
a tendency to choose x3 over x4 in one context and xs over xz in the context where {xs, x4}
becomes {x2, x3}. More specifically, observations under @ = {0.5, 1} in Figure 19 (d) can
be explained by the conclusion obtained in Simulation 2. The small increase in the size of

the bias as context goes beyond xs3 may be attributed to the existence of consumers with

oxviil This phenomenon does not appear in the benchmark model possibly because the
random noises make choice less optimal. As shown in Figure 13 (c), choice is initially more

consistent in the (@ = 0) model than in the benchmark one.
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positively skewed preferencesy®*™. In similar vein, the slightly higher size of the bias in
contexts between x11 and xis is due to the behaviour of consumers with negatively skewed
preferencesy. Consumers with more symmetrical preferencey curves also, to some degree,
contribute to the larger bias observed in the contexts consisting of options with extreme
attribute values. On the whole, despite a moderate degree of choice inconsistency, the
occurrence of choice reversal under the case of @ = {0.5, 1} occurs mainly because of a
systematic bias towards the middle option.

In summary, different measures produces different patterns of the intensity of the
compromise effect. This underlines the importance of considering the market share of x>
and x4, in addition to xs. Also, the results of the computer simulation imply that the

compromise effect is highly likely to be present in the market equilibrium.

oxix According to Simulation 2, when market context becomes unfavourable, consumers
with positively skewed preferencesy may more frequently choose xs over x4 in one context, yet
choosing xs over X. in the context where {xs, X4} becomes {x», xs} with a probability of merely
50%.
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The Degree of The Compromise Effect
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Figure 19. A graphical illustration of the degree of the compromise effect under each context.
Note that for the first two measures (referring to panels (a) and (b)), instead of computing the
degree of the effect for each consumer and then taking the mean, market shares were averaged
out across consumers before computing the size of the compromise effect. This is because all
resulting negative values would be treated as zero, leading to an underestimate of the effect of
consumers who exhibit the “reverse” compromise behaviour. This would thus make the
estimated degree larger than it ought to be. Moreover, as mentioned before, plots (b), (c), and (d)
start from X1 since they measure a change of market shares of options with same attribute
values. It is necessary to compare one context with one shifted by 10 increments because the

context increases by 0.01 unit each time.

3.4.5.6 The monopolist’s optimal strategy and equilibrium contexts: Case 1

To investigate consumer welfare in market equilibrium, the firm’s profit-
maximising contexts need to be identified in advance. As stated before, there are two
possible cases of the profit-maximisation problem, in which the first case assumes a
constant price p and marginal cost c. This subsection explores the firm’s profit-

maximising contexts and equilibrium contexts in the first case.
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With a constant p and c, the aggregate profit function is writtenas I1(x) = (p — ¢) -
QP - X2 [X3-, Prij(x;QP)] — FC, where QP € Z denotes the number of purchasing
periods and Pr; ;(x; Q°) € [0,1] refers to the choice probability of an option x; under
context x given QP for the consumer i. Based on the function, the profit is expected to be
maximised at contexts that receive maximum total quantity demanded. Mathematically
speaking, this is equivalent to minimising the mean probability of opting out. A graphical
illustration of this is thus reflected in Figure 18.

As indicated by Figure 18, over QP = 10000 consumption periods, contexts that
maximise market quantity demanded is X* = {Xa2, X27, X31}*** for @ = {0, 0.5, 1}. This

suggests the contexts the firm should offer if and only if the total quantity demanded, QP -

P2y [X3=1 Pryj(x*;QP)], exceeds % . Otherwise, the monopolist may be better
offering nothing. Note that [1(x*) is higher when consumers suffer stronger social
influences, i.e., when they are endowed with a higher &. This is reflected by the fact that
the probability of choosing Xo is negatively associated with the values of @, as suggested
in Figure 18. The larger quantity demanded, induced by higher @, gives the firm a stronger

monetary incentive to enter the market and allows it to earn more profits in the equilibrium.

3.4.5.7 The monopolist’s optimal strategy and equilibrium contexts: Case 2

This subsection discusses the firm’s optimal responses to market demand and
equilibrium contexts in the case where prices and marginal costs are no longer fixed. More

specifically, the second case of the profit-maximisation problem assumes that prices and

sm

marginal costs are linearly associated with products’ attribute values, i.e., ¢; = &, * 5

X The fact of no overlap among profit-maximising contexts provokes a suspicion of
context manipulation. However, there seems no specific direction of manipulation. As the set of
the randomly sampled market preferencesy change, the suspected “relationship” between profit-
maximising contexts and the level of @ changes. For example, under the 17th set, X = {25, 30,
32} for @ = {0, 0.5, 1}, whereas x” = {29, 30, 28} under the 4" set. Based on these results, there
is insufficient evidence to argue that the firm may distort the context based on consumer bias, @,

in this case.
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and p; =6, s™ . The profit function is expressed as M(x) = (&, —8.) - Q" -
P {20 [s]" - Pryj(x; QP)]} — FC. As shown in Figure 20, profits are maximised at X"
= {x33, X38, X39} respectively for @ = {0, 0.5, 1}. The profit-maximising firm will produce

at these levels if the aggregate attribute value sold in the market with fifty consumers

exceeds —<—
(6p_5c).

Apparently, the profit-maximising context in this case is located closer to the upper
extreme of the set of feasible contexts than in the previous case for all values of @. This
IS because the profit is now determined both by available attribute values and by
probability of choosing in the market. According to Figure 18, when @ = {0.5, 1}, the
probability of opting out is almost equally low at context x = {X22, ..., X39}, making market
attribute values more critical in generating profits. An increase in the attribute values
compensates for the very small loss in quantity demanded. This strongly incentivises the
firm to raise the overall attribute values of market offerings. Contrarily, when @ = 0, the
great fluctuation of probability of choosing an outside option, Xo, limits the relative effect

of s; on profits. This implies that the sharp decline in the probability of opting out cannot

be offset by the increased attribute values of available products. Furthermore, as
illustrated in Figure 20, the firm earns more profits under all feasible contexts when
consumers are substantially influenced by their (inaccurately) perceived social norms. To
conclude, in this case, there is a strong monetary incentive to distort the informational

content of a product line to take advantage of consumer bias.



167

Average Attribute Values Sold under Each Context
0.55 T

0.5

o o o
N = w = I
@ w @ FS n

Market Quantity Demanded, Averaged over Consumers
=1
o

0.15

1
0.1
X1 xﬁ xl 0 x1 5 XZ 0 xﬁ 5 XSO xJ 5 xdo X4 5 XSD x55 xﬁ 0

Figure 20. Attribute values sold by context, averaged across 10000 iterations and fifty sampled
consumers. Comparing across the three lines, the firm earns more when consumers are more
likely to be influenced by their perceived social norms. Moreover, the observed fluctuation,
especially for the (@ = 0) line, reflects the probability of opting out (see Figure 18). Specifically,
the averaged attribute values sold in the market is inversely related to the probability of
choosing the outside option. This perfect reflection indicates that the relative effect of attribute

values sold on profits is limited when @ = 0.

3.4.5.8 Consumer welfare

To examine whether the manipulation of contextual information will harm
consumers, equilibrium consumer welfare is analysed in the following sections. This
subsection first examines average happiness gained from consuming in the market and
potential welfare change due to the firm’s manipulation of market context. Since
consuming an outside option Xo also brings happiness to consumers, this subsection also
explores a condition on utility of xo for equalising consumer welfare under distorted and

non-distorted contexts.
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First, in the first case of the profit-maximisation problem where price and marginal
cost are constant, the average welfare gained from consuming in the market is {3.4639,
3.1145, 2.9191} under X" = {xs2, X27, X31} for @ = {0, 0.5, 1}, respectively. Interestingly,
although equilibrium context is not the same for different types of consumers, false-
consensus consumers seemingly are, on average, not hurt from this kind of
“manipulation”. According to Figure 21 (a), for consumers who are subject to social
influence, the averaged welfare level obtained from consuming in the market is relatively
constant when context is between x27 to xss. The loss in consumption welfare here mainly
stems from deviation from optimality owing to limited access to the magnitude of PU™
and social influences. Consistent with Figure 17 (a), deviation and thus disparity in
welfare is greater when context is closer to the middle.

However, in the second case of the profit-maximisation problem, where product’s
prices and marginal costs linearly depends on their attribute values, a negative impact on
consumption welfare is found. As argued earlier, the firm in this case is strongly
incentivised to distort the product line in such a way that a context with larger attribute
values will be offered to consumers with greater bias, i.e., consumers with higher values
of @. The estimated equilibrium context is X = {Xas3, X3s, 39} for consumers with @ = {0,
0.5, 1}. Again, considering welfare gained from consuming in the market only, Figure
13(a) suggests that switching market context from xs3 to the respective profit-maximising
context decreases the average consumption welfare by 2.79% and 1.57% for @ = 1 and
0.5. Unlike the results found in Simulation 3, an increase in deviation from optimality is
no longer able to eliminate the negative effect of an unpleasant context on welfare. False-
consensus consumers in this case are obviously harmed by the manipulation of context,
even though they may have substantial purchasing experience.

Moreover, as consumers are allowed to choose outside of the market, the utility of
the outside option, PU;(x,), plays a crucial role in equilibrium welfare analysis. Figure
21 (b), (c), and (d) show the effect of PU;(x,) on the overall welfare. Not surprisingly,
the figure suggests that the magnitude of PU;(x,) affects consumers with @ = 0 more
since consumers with strictly positive @ are less likely to choose xo due to a higher

tolerance of unfavourable products arising from social influence. Therefore, consumers
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who are uninfluenced by social norms (& = 0) receive greatest benefits from a growth in
the value of PU;(x,).

Finally, since consumers in the first case of the profit-maximisation problem do not
suffer any welfare loss from context differentiation, the analysis on how PU;(x,)
improve equilibrium consumer welfare focuses on the second case. For consumers with
@ = 0.5, the required value of PU(x,) to equalise welfare® under the non-distorted
context, xs3, and the distorted equilibrium context, xss, is approximately 2.7153. In the @
=1 case, it is, however, not easily possible to reverse the welfare loss by simply having a
high value of PU(x,) since the averaged probability of choosing xo under x33 exceeds that
under xss, making PU(x,) unable to influence the outcome. This implies that the

psychological loss due to the firm’s manipulation is hard to avoid.

oxxi Note that since for some consumers, Xss generates more welfare than xs3 and/or the
probability of choosing Xo is greater under Xss, it is possible to obtain a negatively infinite value
of PU;(x,) for those consumers. To avoid this situation, the computation took the market
average of probability of choosing xo under each context of interest first. In other words, the
analysis does not compute the value of PU;(x,) for every consumer. The same method is used

for all of the following analysis.
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Figure 21. An illustration of consumer welfare under each context, averaged across fifty
heterogenous consumers. (a) The average welfare level gained from choosing in the market,
given the absolute market share of each choice and its corresponding preferencey value. The
context that maximises average welfare from consumption for the cases where @ = {0, 0.5, 1}
and the benchmark is {Xas, X34, X28, X33}. The symmetrical shape of the curve implies that even
consumers with extreme tastes enjoy a high level of consumption welfare when context is
located around the middle of the attribute space. This can be seen, for example, in Figure 15,
where consumers with PU™ of Beta (5, 15) gain the highest consumption-related welfare under
contexts around Xz2 to Xzs. In addition, the magnitude of the difference in welfare level between
the proposed model and the benchmark results implies the degree of deviation from optimality.
(b), (c), and (d) Average consumer welfare with three possible levels of utility of the outside
option. The difference between (a) and (b) reflects that consumers with @ = 0 are at
disadvantage when utility of Xo is trivial. This can be explained by their relatively low
probability of choosing in the market when @ = 0 due to a relatively high threshold value for all
options. However, the high probability of choosing outside may in turn improve welfare
considerably as utility of the outside option raises to a certain level. Therefore, all of the curves

become straight when PU; (x,) is high, as shown in Plot (d).
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3.5 Summary

This chapter presents an alternative model of context effects to account for
consumer behaviour in the condition of repeated purchase. Several computer simulations
were conducted to answer the following research questions. First, why do people with
context-independent preferencesy exhibit the compromise effect? Second, under what
conditions will the compromise effect persist in market equilibrium, despite that fact that
consumers have extensive market experience? More specifically, will consumers be more
or less likely to exhibit the compromise behaviour when context is unfavourable? Further,
is there any factor other than preferencesy that affects consumer choice and can potentially
lead to the compromise effect? Last, what is the firm’s profit-maximising strategy in
response to consumer bounded rationality and how does its strategic reaction affect
consumers’ welfares in equilibrium?

The second model is built upon the explore-exploit framework, in which false-
consensus consumers at every purchase round will either explore, i.e., choose in
proportion to the norm-based preference, or exploit, i.e., choose based on their inferred
preferences. If choice is made from the market context, inhibition of return will be
attached to the chosen option, with its amount being subject to the option’s desirability.
Products considered to be less favourable are assumed to inherit the same inhibition of
return. Moreover, the inhibition size will accumulate but also decay over purchasing
periods with a constant rate. The memory of choice history also decays. At each round,
consumers will only consider options with accumulated inhibition sizes less than a
threshold value. For false-consensus consumers, the threshold value of each option is
norm-based. That is, the amount of increase of an option’s threshold value depends on
that option’s rank in the set, with options located further away from the middle gaining
less norm-incurred benefit. Therefore, false-consensus consumers are more tolerant of the
middle options than to any other market offering.

This new model differs from the first model (Chapter 2) in three main aspects.
Firstly, the learning and choice stage are no longer separated. Consumers in the second
model never stop updating their inferred preferences and are sometimes willing to explore
new options or retry options that have not been chosen for a long time, depending on their

explore-exploit tendency. Choice is hence more flexible than in the first model, in which
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consumers are assumed to always choose the same option after pairwise learning.
Secondly, social norms in the new model directly affect whether an option can be
considered and hence whether to buy in the market. In the first model, these decisions are
purely contingent on preferencesy. This change gives social norms extra power to
influence purchasing decisions and hence affect the firm’s optimal context setting. Thirdly,
consumers in the first model are assumed to be unable to evaluate a product alone. In other
words, owing to cognitive constraints, consumers only know their relative preference of
a pair of products, but not the desirability of a product itself. In contrast, the second model
adopts the idea of inhibition of return and assumes that consumers inhibit a chosen product
and options that may be less favourable than the choice. This modification renders the
strong assumption of pairwise comparisons no longer necessary, improving the
plausibility of the model.

With the new model, the simulation results of both consumer and producer sides are
consistent with expectations. Starting with the case where consumer(s)’ preferenceu curve
is positively skewed: The results suggest that market shares of products estimated by the
proposed model with @ =0, i.e., in absence of social influence, strikingly resemble the
rational choice theory’s predictions. This implies that learning in the market may lead
cognitive-constrained consumers to choose optimally. Yet, it is also found that false-
consensus consumers exhibit a propensity to choose the middle option when it is not the
best option in the set. This is because when the middle option is optimal, its probability
of being chosen may be transferred by perceived social norms to nearby options, which,
in terms of the preferencey, are not much worse than the middle option. Other than this,
as measured via middle-option choice proportions, the degree of the compromise effect is
high for consumers who make inaccurate market inferences, i.e., @ = 0.5 and 1, with the
intensity of the effect gradually declining as the whole context becomes more
unfavourable.

In contrast, the measurement that assesses changes in absolute share reveals that the
estimated strength of the compromise effect may increase with context’s overall
undesirability. This results from the fact that the absolute share of x4 constantly falls with
increased attribute values offered in market context, whereas the share of x3 does not, due

to social influence and less inherited inhibition of return. Results measured by changes in
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relative share demonstrate a similar pattern. While the difference in the probability of
choice reversal between the benchmark and the proposed model seems to diminish as
context gets closer to the upper limit, the contribution of the compromise effect to choice
inconsistency, in the case of @ = 0.5 and 1, is always more than 50% and may even
increase further as a function of changing context. This is because false-consensus
consumers are predicted to choose xs much more frequently over x4, but equally frequently
to x2 when all these options are not that desirable in terms of the preferenceu. To conclude,
although these measurement approaches suggest diverse patterns of effect sizes, they all
suggest that the compromise effect may exist in market equilibrium where consumers can
do repeated purchases. This implies that experience may not eliminate the compromise
effect if preference learning involves bias.

Given consumer demand, the monopolist’s profit-maximising strategy and
equilibrium welfare were addressed in two scenarios. First, in the situation where price
and marginal cost are not directly associated with attribute values, the simulation results
show that there is no incentive to distort informational content of market context to exploit
false-consensus consumers. In other words, the firm can enjoy maximum profits by
offering the same context of options to all types of consumers. Consumer’s welfare loss
in equilibrium is therefore purely due to their estimation bias. However, if selling options
with higher attribute values is more profitable (i.e., the second case), the firm’s optimal
strategy is to differentiate context provision, such that contexts with larger attribute values
would be intentionally designed for consumers who suffer stronger social influences. This
kind of manipulation reduces consumer welfare in the sense that false-consensus
consumers are forced to face a less favourable context. Despite that, the simulation results
suggest that consumers with @ = 0.5 are better off in the distorted context. This is probably
because the undesirability of suboptimal options in the slightly worse context motivates
biased consumers to choose the optimal one more frequently, while in the better context,
the second- or even third-best option may be good enough to gain choice. The fact that
the best option in the slightly worse context is better than suboptimal choice in the better
context makes biased consumers better off in the slightly worse context. Notice that this
conclusion largely depends on the parameters of the context such as the number of options,

spacing between adjacent options’ attribute values, etc. as well as the likelihood of
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utilising market information, &. As shown in Simulation 3, consumers with @ = 1 are
much worse off in the distorted context, as predicted.

In addition, regarding a different market scenario where there exist heterogeneous
consumers in the market and the mean of their preferencey curve is normally distributed.
The results of the simulation implemented with fifty randomly sampled agents
(Simulation 4) echo findings reported above. On the consumer side, people with @ =0,
on average, deviate least from preferencey-maximising agents, in comparison to the
benchmark (softmax) agents and people who are influenced by (inaccurately) perceived
social norms. Moreover, these (@ = 0) consumers, as expected, do not exhibit any
compromise behaviour with respect to the three measurement paradigms. False-consensus
agents, however, in aggregate show a certain compromise tendency in all hypothetical
contexts, irrespective of measurement approaches. More specifically, in terms of the
“middle proportions” metric, the degree of the compromise effect is strongest when
market context is closest to the two boundaries of the attribute space. In contrast, the
alternative measure using changes in absolute share suggests that the effect size increases
with averaged attribute values set in menu. As before, this is likely due to the substantial
decline in share of x4. Finally, regarding choice inconsistency, it is observed that all types
of consumers in the proposed model are more likely to reverse choice than the benchmark
(softmax) agents are. Yet, when @ = 0.5 and 1, the inconsistency is more likely to result
from the propensity to choose the middle option before and after context change. For the
benchmark and (@ = 0) consumers, choice inconsistency is solely a consequence of
random noise.

Furthermore, on the producer side, the firm’s optimal responses to market demand
in the heterogenous multiagent cases (Simulation 4) are also similar to the ones observed
in the skewed preference case (i.e., the case of a single consumer presented in Simulation
3). First, if profits are not directly tied with the sold product’s attribute value, no decisive
evidence for intentional context manipulation is found. Although, in this heterogenous-
agent scenario, the menu must be set differently for different types (with respect to @) of
consumers to maximise profits, there is no clear direction of the observed context
differentiation — it may be just a product of randomness. More importantly, all types of

consumers seemingly are, on average, not made worse off by this differentiation. Again,
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welfare loss here results from deviation from optimality owing to limited access to the
magnitude of PU™ and biased estimation on social norms. Second, the results show that
the firm is incentivised to raise the attribute values of all market offerings in response to
consumer bias, when selling products with higher attribute values is more profitable.
Slightly inconsistent with the findings in the skewed preference case (Simulation 3), both
types of false-consensus consumers now are, on average, worse off due to the
manipulation of context, even though they have tremendous purchasing experiences.

To conclude, based on the simulation results, it is argued that preference learning in
the market is likely to help cognitive-constrained consumers make optimal choices as long
as no systematic bias is involved. However, people may treat the menu of market options
as informative about the marketplace and attempt to use (inaccurate) market information
to facilitate decision making. As shown in the simulations, a biased market inference,
deriving from flawed estimates of one’s own relative standing in the population
distribution, may prompt consumers to exhibit compromise behaviour, despite
consumption experience. This contextual influence is observed even in a very undesirable
context, with the effect size contingent on the measurement metric. This highlights a
methodological issue in measuring the compromise effect.

Finally, the propensity to choose the middle options gives the firm an opportunity
to take advantage of biased consumers by distorting the product line. It is noteworthy that
while parameter values in all computer simulations were set as reasonably as possible, the
conclusion arrived at here is based on just one set of parameters. The estimated results
may change with different assumed parameter values. Therefore, how each parameter
affects the model’s prediction needs to be explored in more details. Besides, as pointed
out in the literature (e.g., Riefer, Prior, Blair, Pavey, & Love, 2017; Stoji¢, Schulz,
Analytis, & Speekenbrink, 2020), the explore-exploit decision may depend on outcomes

of past choices, instead of being purely stochastically determined.



Chapter 4: Experiment

This chapter reports empirical tests of the main assumptions of the models described
in the previous two chapters. Full tests of the models’ predictions are beyond the scope of
this thesis; the aim here is simply to examine the plausibility of the basic assumptions.
More specifically, the aim is to determine whether support can be found for the following
assumptions of the model.

The false consensus effect. The false consensus effect is the tendency to believe
that one’s own attitudes and behaviours are more widespread amongst others than is really
the case (e.g., Marks & Miller, 1987). The models presented in this thesis have assumed
that an analogue of the false consensus effect applies to the specific case of preferences.
The present study tests the idea that people tend to believe that they are near to average in
terms of their preferences of a certain product attribute, even when they are not. This
question is examined experimentally simply by asking people to state where they believe
their preferences rank within the preferences of the population. To the extent that people’s
beliefs about their preferences are accurate, the distributions of these estimates should be
uniform. If in contrast people are susceptible to a false consensus effect, the distributions
will be unimodal with a peak near the median rank (.5).

Rank-order decision rule. A key assumption of the model is that consumers may
have better awareness of how their tastes rank within a population than of what product
attribute value they prefer. A further assumption is that consumers take markets of options
to be informative about the distribution of preferences in the population (Wernerfelt,
1995), and a third claim, though not explicitly assumed in the models, is that consumers
combine their beliefs about (a) their own relative rank and (b) the population distribution
of choices over market options to choose a rank-appropriate option from the market. For
example, if there are seven market options, and | believe that my preferences lie at the
median of the population distribution, then | should choose the fourth market option if |
also believe that population preferences and hence choices are symmetrically distributed

over market options.
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We test these assumptions by eliciting from each participant (a) their belief about
where their own preferences rank within the population, as described above), (b) their
beliefs about how population choices are distributed over the market options, and (c) their
actual choice of product. If the basic model assumptions are correct, it should be possible
to predict each individual’s actual choices (i.e., ¢) from beliefs about their own rank (i.e.,
a) in combination with their beliefs about population preferences over market options (i.e.,
b). We attempt such prediction below.

This methodology does not, of course, enable us to identify causal relationships. To
do so, one would need either to induce changes in people’s beliefs about where they rank
in the population (as Gershoff and Burson, 2011 do) or to change their beliefs about how
population choices are distributed over market options (as many experimental
manipulations of context do). It does however enable a basic “sanity check” of the model’s
assumptions. For example, suppose that a consumer believes her preferences lie at the
median of the population distribution, but also believes that the population’s distribution
of choices over market options is positively (negatively) skewed. If the model’s
assumptions are correct, then she will choose an option that is lower (higher) than the
middle option.

The experiment also enables evaluation of a number of additional, though less
theoretically central, assumptions as follows.

Moderating role of product knowledge. The possibility that knowledge about a
product category can mitigate the compromise effect in choice is also assessed in this
chapter, although this hypothesis is neither assumed nor explicitly suggested in the results
of the proposed models®*", Note that results of past empirical studies (e.g., Sheng, Parker,
& Nakamoto, 2005) suggest that knowledge and familiarity attenuate the compromise
effect. Confirmation of such attenuation would be consistent with the intuition that
“exploration-based” choices will be relatively less frequent than “exploitation-based

choices” when experience of the product domain is higher.

il The two proposed models focus more about the role of preference learning or market

experiences in diminishing the compromise effect, rather than knowledge about products.
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Replication of compromise effect. An additional objective of this chapter is to
confirm that the compromise tendency can be observed in a one-dimensional case, where
an attribute-tradeoff is absent. This is done here simply by observing the distribution of
participants’ choices of options.

Choice and expressed preferences. In addition to the investigation of choice per
se, subjective ratings of preferencese over products are elicited to verify whether the stated
preferences are consistent with actual choice. It is anticipated that participants will choose
the product that is assigned the highest preferencee.

To enable the above questions to be addressed, the experiment required participants
to answer a series of questions regarding their preferences, levels of knowledge,
estimation about their percentile standings in the population in terms of tastes, and
purchase decisions over six distinct product categories, namely, cheese, curry dishes,
steak, chocolate, pillows, and toothbrushes. A variety of product categories was used in
the experiment to increase robustness of results since the measured compromise effect

may vary with types of products (Neumann, Bockenholt, & Sinha, 2016).

4.1 Method

An online survey was conducted in March 2019. The survey was implemented using
Qualtrics and took approximately fifteen to twenty minutes to complete. The experiment
protocol was approved by the Humanities & Social Sciences Research Ethics Committee
(HSSREC) at University of Warwick.

4.1.1 Participants

250 participants, all residents of the United States, were recruited from Amazon
Mechanical Turk (MTurk) and electronically provided their informed consent to take part
in the study. Each participant received $2.5 through their MTurk account for completion.
Two were excluded from the sample since they may have submitted the survey twice®*i",

The final sample comprised 248 adult participants, with ages ranging from 20 to 72 years

oxxiit This was detected by checking the IP addresses of participants.
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(M = 38.19 years, SD = 11.39). 139 participants were male (56.05%), 108 were female
(43.55%), and one did not disclose gender identity (0.40%). Participants varied in their
ethnicity, with thirteen self-identifying as African, Caribbean, or Black American (5.24%),
thirteen as Asian or Asian American (5.24%), ten as Mixed (4.03%), 207 as White
(83.47%), and five choosing others or not to reveal (2.02%). Moreover, most of the sample
(n = 152, 61.29%) were full-time employees and around half of included participants (n
=115, 46.37%) held a Bachelor's degree or above.

4.1.2 Questionnaires

The online survey required participants to complete several questionnaires,
including a) demographic questions, b) prior ideal points, ¢) perceived positions in the
population’s taste distributions, d) knowledge about products, e) purchasing decisions,
and f) expressed preferences. Except for demographics, all questionnaires were presented
in random order®™" over six product categories: cheese, curry, steak, chocolate, pillow,
and toothbrush. The attributes used for these products were sharpness of cheese, spiciness
of curry, degrees of steak “done-ness”, proportions of cocoa in chocolate bars, softness of
pillows, and softness of toothbrushes, respectively. Each product was defined in terms of
one attribute only.

Prior ideal point was measured by asking participants to indicate their personal
preference level of an attribute for a product category (e.g., spiciness of curry) on a 7-
point scale. To prevent order effects, all seven questions were shown in random order. An
example question about the sharpness of cheese is presented in Figure 22. Note that the
scale represents the technologically feasible set of the attribute and, therefore, the prior
ideal point is neither constructed on the space of available product nor relative-rank based.

This measure hence is not an expressed preference as defined in previous chapters of the

oxiv products were randomised but the types of questions were in a fixed order.
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thesis, but something that will be used to (indirectly) test whether participants in general

believe that the choice set reflects the technologically feasible set™*V.

The following question refers to the sharpness of cheese

Figure 22. A screenshot of a question on sharpness of cheese in the prior ideal point
guestionnaire. The question asks participants to indicate which level of sharpness of cheese they
prefer in general. Participants were allowed to choose “Not Applicable” to avoid the question,
and those who chose this option did not see questions on the same product category in all

following questionnaires.

Subjective relative positions in the population’s taste distribution were elicited
by asking participants to indicate where they believed they were located relative to other
people in the distribution of the population’s tastes for a product attribute (e.g. in

preference for cheese sharpness). Questions were answered by clicking on a graphic of a

@ This can be done by testing the correlation between participants’ prior ideal points
and their choices in the market scenario, given the assumption that there is no other driving

force of choices.
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person in a line of twenty individuals (see Figure 23). Participants were told that these
people were ordered in terms of their preference towards the product attribute, from liking
a small attribute level to large. To improve the precision of the measure, the experiment
followed the practice of Nisbett and Kunda (1985), whereby participants were explicitly
instructed that the reference class they compared with was the U.S. population. Moreover,
the use of a picture to present the question is different from the conventional methodology.
For example, Burson (2007), Gershoff and Burson (2011)***! and Burson and Gershoff
(2015), asked participants to estimate the exact number or percentage of people who are

above or below them in their preferences.

oxvi |n addition to point estimate, Gershoff and Burson (2011) also collected individual
participants’ perceived distribution of other people’s performance on the quiz taking place in the
beginning of the experiment by asking participants to allocate 100 points (i.e., people) to nine
score bins. Unfortunately, this measure was not included in the present study as investigating the
accuracy of the estimates of the population distributions on tastes in general is beyond the
present scope.
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The graphic below shows a group of people randomly chosen
from the U.S. population. Imagine that these people are ordered
according to their preferences for sharpness of cheese. The
leftmost person likes the mildest cheese, and the rightmost
person likes the sharpest cheese.

Thinking about your preferences for cheese, please click on the
picture to indicate where you think you are relative to other
people in the population.

People who like People who like
the mildest the sharpest
cheese cheese

Figure 23. A screenshot of a question about estimate of one’s own relative position in the
population’s distribution on the preference of cheese sharpness. In this questionnaire,
participants were asked to choose their relative standings in the population by selecting one

person from twenty U.S. citizens on the picture.

Knowledge about the product was assessed by asking participants how
knowledgeable they consider themselves to be about each product, using a 7-point Likert
scale ranging from 1 (not knowledgeable at all) to 7 (very knowledgeable). All questions
were presented on the same page and in the same order (“cheese”, “curry dishes”, “steak”,
“chocolate”, “pillows”, and “toothbrushes”). Unlike with other measures, all recruited
participants had to answer these questions. In other words, those who answered ‘“Not
Applicable” in the questions about the prior ideal points would still see these questions
and could not avoid answering them.

This measure is a simplified version of Sheng, Parker, and Nakamoto’s (2005)
instrument, which combines three indicators to measure familiarity of products. In their
paper, familiarity was elicited by asking about participants’ familiarity about the product
and knowledgeability about the two attributes presented in each product category.

Choice was elicited by asking participants to choose a product from a set of seven

well-ordered (with respect to their attribute values) options, with an opportunity to pick
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nothing®™>"". This was the first of three successive questions in the last section of the
survey, which measured participants’ choices and preferences in a hypothetical market
scenario. This section consisted of six question sets, each of which started with a brief
introduction®Vill to encourage participants to imagine that they were shopping at a
supermarket®*_Underneath the introduction, participants were shown a picture of seven
products ordered in terms of their attribute values, and were asked to choose one they
would like to buy by clicking on the appropriate region of the picture (see Figure 24).
Note that the only information provided to participants was the focal attribute of the first
and the last product. Information such as brand names, prices, and specific attribute

levels™' were not available to participants.

ooxvii According to Lichters, Sarstedt, and Vogt’s (2015) review, experimental studies of
the compromise effect usually employ a forced choice paradigm where participants cannot defer
buying. However, the compromise effect may be more pronounced in the absence of the no-
choice option possibly because choosing a compromise option and opting out are both ways to
copy with difficulty of choice tasks (Dhar & Simonson, 2003). To avoid biased results, the
present experiment allowed participants to make unforced decisions and participants who chose
not to pick any product was eliminated from the relevant analysis.

ooxviii The jntroduction was designed with the intention of providing participants with a
concrete decision-making scenario following the suggestion of Alekseev, Charness, and
Gneezy’s (2017) that meaningful language, instead of abstract context, in experiments is useful
in increasing participants’ understanding of an environment and, thus, raise the quality of
responses.

oxix For example, “Imagine that you are now shopping in a large, well-known
supermarket, and are presented with a range of cheeses varying in sharpness. Suppose all cheese
options are the same in all other ways (e.g., prices, shapes, etc.). Please answer the following
three questions.”

! Given that there is no attribute tradeoff in the choice task, disclosing the attribute
values and product prices is not necessary in the experiment. This differentiates the present
experiment from prior research on the compromise effect (e.g., Prelec, Wernerfelt, &
Zettelmeyer, 1997; Sharpe, Staelin, & Huber, 2008; Sheng, Parker, & Nakamoto, 2005).
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Suppose all cheese options in the supermarket are presented in

an order from "Mildest” to "Sharpest.”

Please indicate which cheese you would purchase for your own

. . \
consumption (if any).

Mildest Sharpest

[ Not to pick any of them l

Figure 24. A screenshot of an example choice question. Participants were asked to choose one
of the cheeses from an ordered set without being told exact attribute value of each product. The
no-choice button on the right bottom reflects that participants were given a chance to defer

choosing.

Expressed preferences were measured by asking participants to rate their
preference of each available product presented in the previous question on a 5-point scale,
namely “Not at all”, “Natural”, “Like a little”, “Like a lot”, and “Like very much”. Note
that there is no “Dislike” option since, mathematically, expressed preferences in our
model are represented by a Beta distribution, which only produces positive density values.

Perceived taste distribution was obtained by asking participants to estimate
market share of each available product by assigning twenty tokens (i.e., people) to them.
An example of the question is shown in Figure 25. Participants provided estimates of
frequency distributions of other consumers’ choices. Each token in the task represented
five people, and participants were asked to allocate tokens across seven levels of attribute

value (e.g., seven levels of cheese sharpness).
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The following question requires you to distribute twenty tokens to
the columns below where each column corresponds to each
cheese option that you faced in the previous question, with the
leftmost columin referring to the "Mildest” and the rightmost
colurmn referring to the "sharpest.”

Suppose there are a hundred people choosing to buy cheese in
the supermarket. Please indicate the number of people that you
think will buy each cheese option by pressing the "+ button
below each column to distribute the tokens (1 token = 5 people).

For example, if you believe only five people will buy the mildest
cheese, you should assign one token to the leftmost column.
However, if you believe fifteen people will buy the mildest cheese,
you should assign three tokens to the leftmost column. If you
think no one will buy the mildest cheese, please do not assign
any token to the corresponding column.

Once the task is completed, please click the "Submit the
distribution” button to moved to the next page.

CO0CO00C00C00000000
0O000000000000000000

Mildest Sharpest
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Figure 25. A screenshot of an example question about estimating the choice distribution of
cheese. Participants were instructed to indicate their estimates of other consumers’ choices by
allocating tokens to each product. In total, there were twenty tokens, each of which represents
five people. Products were presented in an order of their attribute values, with only the two
extremes labelled.
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4.1.3 Procedure

After completing a set of demographic questions, participants were asked to indicate
their prior ideal points of product attributes, one for each product. Next, participants were
presented with questions (in random order with respect to product types) about their
estimates of their own relative standing in the population’s taste distribution for each
product category. The next section asked participants to indicate how knowledgeable they
believed they were about each product and the last section elicited participants’ choices
in a hypothetical market scenario, where participants were asked to imagine they were
shopping in a large, well-known supermarket. For each product category, participants
were required to answer three successive questions, with one question per page. Firstly,
they were asked to choose one product over a total of seven available products, ordered
in terms of their attribute values. In the next survey page, participants indicated their
preferences for every product and finally they were asked to assign market share of each
product by allocating twenty tokens to products they saw in the first question.

The flow of the survey was designed to separate the prior ideal point questionnaire
and the purchasing choice questionnaire to prevent rationalisation of choices by ratings.
That is, the main purpose of placing two other questionnaires in between was to reduce
the possibility that participants choose the product over the set just because its relative

position is same as the point they indicate in the prior ideal point question.

4.2 Result and Discussion

Statistical analysis was performed using Matlab 2020b, developed by the
MathWorks Inc. Throughout the analysis, level of statistical significance was set at p < .05.
Importantly, since participants who chose “Not Applicable” for the prior ideal points
question would not see follow-up questions on the same product category, numbers of

data points used for analysis are different for each product category®"". Specific numbers

i The only exception is questions about levels of product knowledge, which were

presented to all recruited participants.
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of observations are displayed in Table 2, along with descriptive statistics of the main

variables of interest.

4.2.1 Descriptive statistics

Prior ideal points. As seen in Table 2, a majority of participants believed that their
ideal points were located around the middle of the range of options, regardless of product
category. The mode of either 3 or 5 (out of 7 points) implies that most participants felt
that their tastes were moderate over the technologically feasible space. Only preference
for cheese sharpness is close to the upper extreme, as indicated by a mode of 6. Moreover,
distributions are mostly symmetrical; that is, the distributions of prior ideal points are
rather bell-shaped™'" as values of skewness are within the range of 1", However,
slightly large positive values of kurtosis (K) suggest that participants’ aggregate stated
preference have sharp peaks. Together, the two measures of a shape of a distribution do

oXlit The fact that the distributions are bell-shaped make prior ideal points more like the
preferencesy or the preferences, rather than the preferencesy. However, it is important to note
that although questions that elicited prior ideal points were constructed on the technologically
feasible set of the attribute and the reported ideal points were used as a proxy for the
population’s tastes in the later analysis, they are not the preferencesy, as the latter are not fully
accessible and thus cannot be extracted before physically experiencing real products. Indeed, by
definition, prior ideal points are closer to the preferences; or expressed preferences. Therefore,
reported ideal points may similarly be affected by external forces such as social norms, which
may be the reason why distributions of prior ideal points are symmetric as if such a distribution
is a preferencey itself.

odliil Despite no general agreement having been reached in the literature yet, the present
paper adopts Hair, Black, Babin, and Anderson’s (2013) suggested cut-off values of skewness
and kurtosis for normality assessment. In accordance to their criteria, the acceptable range of
skewness is between 1 and kurtosis is between +2. It is also noted that there are other threshold
values suggested in literature. For example, George and Mallery (2019) use +2 for both
measures, whereas Byrne (2013) argues that the range is better taken to be +2 for skewness and

+7 for kurtosis.



188

not support normal univariate distributions of prior ideal points for five of the six product
categories. Only the data on stated preferences of toothbrushes could be considered to be
normal.

Knowledge. For most product categories, measures of central tendency®™'" indicate
that most participants believed they were very knowledgeable about the product
categories (see Table 2). The only exception is curry dishes where stated knowledgeability
was relatively low. This result aligns well with the fact that many people did not indicate
an ideal point for this product category. Moreover, the high K values, combined with a
positive skewness, also implies that a majority of participants thought they knew the
products well (again, with the exception of curry dishes). Last, data on knowledge is, on
average, more concentrated and asymmetric than those on prior ideal points, as indicated
by smaller standard deviations and larger absolute values of skewness and kurtosis for

this question (see Table 2).

Table 2. Descriptive Statistics of the main measures for each product category.

Present results

Measures N Min Median Max Mode M SD Skewness Kurtosis

Prior ideal point

Cheese 244 1 5 7 6 4.68 1.55 -0.38 2.15
Curry dishes 217 1 5 7 5 4.17 1.83 -0.31 2.09
Steak 231 1 4 7 3 4.06 151 0.20 2.16
Chocolate 241 1 5 7 5 4.82 1.22 -0.42 2.90
Pillows 247 1 4 7 3 3.80 1.48 0.09 2.29
Toothbrushes 246 1 3 7 5 3.49 1.49 0.05 2.00

oIV This refers to mean, median, and mode.
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Perceived

percentile in

population
Cheese 244 1 13 20 14 1251  4.89 -0.40 2.15
Curry dishes 217 1 12 20 15 10.85 5.83 -0.27 1.81
Steak 231 1 11 20 11 10.88 5.06 0.11 1.95
Chocolate 241 1 14 20 11 13.16  4.05 -0.51 3.01
Pillows 247 1 10 20 11 991 471 0.09 2.08
Toothbrushes 246 1 8 20 7 8.91 4.75 0.26 212

Knowledge
Cheese 248 1 5 7 5 4,72 1.51 -0.46 2.76
Curry dishes 248 1 2 7 1 2.92 1.75 0.54 2.13
Steak 248 1 5 7 6 4.92 1.61 -0.77 3.00
Chocolate 248 1 5 7 6 5.00 1.40 -0.63 2.99
Pillows 248 1 5 7 5 4.80 1.43 -0.24 2.49
Toothbrushes 248 1 5 7 5 4.98 1.34 -0.39 2.73

Notes: The table displays descriptive statistics of the main measures. Numbers of observations indicate
that of 248 included participants, almost all provided their ideal points for each product category,
except curry dishes received many fewer responses. Moreover, skewness and kurtosis are presented to

characterise the shapes of the distributions.

4.2.2 The false consensus effect

This subsection tests the hypothesis that there will be a false consensus effect in
preferences for a product attribute by analysing participants’ estimated relative standings
in the population with respect to their tastes about a product attribute. At first glance,
Table 2 reveals a tendency for people to believe that they are close to average in the
population distribution of tastes. For categories such as steak, chocolate, and pillow, the

eleventh person (out of twenty representative people) was the most frequently chosen one.



190

This means that participants generally thought that they were at the centre of the
population’s distribution, consistent with a false consensus effect for preferences. This
pattern is consistent but less pronounced for cheese, curry, and toothbrushes.

To illustrate participants’ estimates about their relative tastes more clearly, we
grouped responses into five bins, each of which represents 20% of the population. A set
of histograms of the grouped data by product category is displayed in Figure 26. It can be
seen that the middle three quintiles receive more choices than the extreme ones do. This
reflects the fact that participants were less likely to state that their relative tastes were at
the extremes of the population distributions. Moreover, the distributions of participants’
subjective rank positions in the population for several product categories, such as curry
dishes, steak, pillows, and toothbrushes, are found to be close to normal. On aggregate,
the values of skewness for categories, namely cheese, curry dishes, steak, chocolate,
pillows, and toothbrushes, are -0.44, -0.22, 0.05, -0.49, 0.08, and 0.28, and K for the same
ordered categories are 2.09, 1.67, 1.91, 2.78, 1.94, and 1.97. The normality of the
distributions for many product categories further supports the view that the majority of
participants perceived themselves as close to the average in terms of their tastes.

In addition to the analysis of skewness and kurtosis, a more advanced normality
assessment was conducted by using formal tests, including the Anderson-Darling test, the

Jarque-Bera test, and the Lilliefors test™!"V. However, none of the distributions appeared

oV All these three tests are based on the null hypothesis that the data comes from a normal
distribution, without requiring to set a value of population mean and variance. The analysis
employed three distinct tests for normality assessments because each of them has its own merits.
According to Yap and Sim’s (2011) power comparisons, of the these chosen tests, the Jarque-
Bera test is most powerful for symmetric long-tailed distributions and the Anderson—Darling test
is best for asymmetric distributions. Although the Lilliefors test seems to have no advantage

compared to another two, it still provides an additional reference to evaluate normality.
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to follow a normal distribution®"'. Despite that, the overall results still provide partial

evidence in support of the assumptions of the false consensus effect in human preferences.

Proportion
e =2 o o
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<20% 21%-40%  41%-60%  61%-80% -81% <20% 21%-40%  41%-60%  61%-80% -81%
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20% 21%-40%  41%-60%  61%-80% -81% 20% 21%-40%  41%-60%  61%-80% -81%
Rank (Steak) Rank (Chocolate)

<20% 21%-40%  41%-60%  61%-80% -81% <20% 21%-40%  41%-60%  61%-80% -81%
Rank (Pillows) Rank (Toothbrushes)

Figure 26. Participants’ subjective relative ranks of their tastes in the population’s distributions.
The y-axis indicates the fraction of participants who answered the questions and the x-axis
denotes the perceived rank of one’s own position in the population’s taste distribution. The

original questions were asked over twenty points, but here they are grouped into five for clarity.

oM A series of Anderson-Darling tests and Lilliefors tests were performed and suggests
that, for all product categories, the distributions departed significantly from normality (Weheese =
10.09, Deheese = 0.22; Weurry dishes = 9.78, Deurry dishes = 0.22; Weteak = 7.71, Dsteak = 0.17; Wenocolate =
10.40, Dchocotate = 0.21; Wiliows = 9.02, Dpitiows = 0.19; Whogthbrushes = 10.26, Dioothbrushes = 0.22; p
<.0001 for all tests). Likewise, the results of the Jarque-Bera test also reject the null of normally
distributed population, while they produce slightly higher p-values for all product categories
(JBcheese = 16.36, p = 0.0040; JBcurry dishes = 17.86, p = 0.0034; JBsteak = 11.48, p = 0.0105;
JBchocolate = 10.15, p = 0.0140; IByitiows = 11.73, p = 0.0097; IBroothbrushes = 14.15, p = 0.0060).
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4.2.3 Accuracy of perceived relative standings in population’s distribution and the role of
knowledge

The normality (or non-normality) of the distributions of participants’ subjective
relative ranks of their tastes in the population’s distributions is not sufficient to understand
potential bias in people’s estimates. To examine the accuracy of individual participants’
estimations of their relative position in the population distribution, the prior ideal points
were used as a proxy for the population’s true tastes and the distribution of the ideal points
provided by participants was treated as the relevant “true” distribution. Note that with the
current dataset, there is no way to compute the exact rank positions for each participant
since each ideal point is usually provided by more than one participant. Within each point,
participants could not be ranked. Therefore, analysis could only identify minimum and
maximum possible ranks for each participant®'. The following analysis adopts two
different, but complementary, approaches: a range approach and a mid-point approach.
The former uses the computed minimum and maximum possible ranks as giving the range
of the true rank, whereas the latter takes the middle point of this range.

The results obtained using the range approach indicate a moderate level of accuracy
and an insignificant association between error size and self-reported knowledge of the
product category. The percentage of participants whose subjective relative positions fell

oM The minimum possible rank for a participant was computed by summing up the
number of participants whose indicated values of prior ideal points were strictly lower than the
target participant’s. The maximum possible rank was calculated by subtracting the summation of
the number of participants whose indicated values of prior ideal points were strictly higher than
the target participant’s from the number of participants who reported their prior ideal points.
These estimated rank data were then transformed into percentage points by being divided by the
number of participants who reported their prior ideal points. For example, suppose that there are
35 people who indicate their prior ideal points over a 7-point scale, and each point on the scale

is chosen by the same number of people. Consider (as an example) people who indicate 3 as an

ideal point. The minimum possible rank for them is 23155 x 100% = 28.57%, and the maximum

35—(4x%5)

possible rank is x 100% = 42.86%.
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into the range of their “true” positions is 38.52% for cheese, 58.53% for curry dishes,
61.47% for steaks, 46.47% for chocolate, 66.40% for pillows, and 58.13% for
toothbrushes. Overall, the error size for each product category is around 5%, with
chocolate and cheese exhibiting the largest deviation, consistent with rates of accuracy.
The average absolute deviation of participants’ estimates from the true rank®'" is 0.0726
for cheese, 0.0519 for curry dishes, 0.0448 for steaks, 0.0960 for chocolate, 0.0475 for
pillows, and 0.0478 for toothbrushes. Moreover, a Pearson's linear correlation analysis
reveals that knowledge is not correlated with the error size at a 5% level of significance,
regardless of whether the prior ideal points for each participant are controlled for. The
only exception is chocolate. A negative correlation between participants’ subjective level
of knowledge and the error size was significant (r =-0.1278, p = 0.0475, CI = [-0.2501, -
0.0014]). However, the correlation became insignificant when controlling for prior ideal
points (r =-0.0107, p = 0.8690).

The mid-point approach found a higher level of accuracy and the rank order of
accuracy among product categories was inconsistent with that in the previous case. Table
3 summarises the Pearson's linear correlations®!™ between the mid-point estimations of
participants’ true relative ranks and their subjective estimates of their relative positions in
the population. As seen in the table, the correlations between participants’ estimates and
the computed true ranks were around 0.83 = 0.05 and significant at the 5% level of
significance. Among all product categories, cheese showed the highest estimated
correlation coefficient, 0.8788. This was contrary to results obtained from the range
approach, which indicated that the percentage of correct participants was lowest for the

cheese category. Moreover, although participants appeared to perform best in the pillow

oMl This was computed by taking the difference between participants’ perceived relative
ranks and either maximum or minimum possible rank, depending on the direction of error.

lix The measure of accuracy here is different from the case of the range approach. Using
a binary measure of accuracy for the mid-point approach may be misleading as it is almost
impossible for the estimated relative rank to match the calculated true ranks, due to the
elicitation methods used in the experiment. Indeed, according to the result, there is no

participant whose mid-point true rank perfectly matches the self-estimated relative rank.
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category in the previous case, the correlation for pillows was the second lowest among
product categories when using the mid-point estimates. Yet, importantly, the accuracy
observed using the mid-point approach was not significantly different between product
categories, since most confidence intervals of correlations overlapped, as seen in the Cls
presented in Table 3. Hence, while the rank orders of accuracy found using the two

different approaches seemed to contradict each other, the results are not inconsistent®',

Table 3. Correlations of the “true” and the estimated relative rank positions in the population

Categories N Corr Cl

Cheese 244 0.8788 [0.8467, 0.9046]
Curry dishes 217 0.8436 [0.8004, 0.8781]
Steak 231 0.8521 [0.8124, 0.8840]

° Nonetheless, the difference in calibration between two approaches reflects a
methodological distinction between a point estimate and an interval. Owing to the limitation of
computing exact estimated true ranks of participants, the range of ranks was wider for more
frequently chosen ideal points than for unpopular ideal points. Put differently, if a participant
whose indicated ideal point was most frequently chosen by other participants, the estimated
range of true ranks for that participant would be wider than the range for any other participants
who revealed other ideal points. Hence, the possibility of being inaccurate would be smaller than
for others, regardless of whether participants themselves were biased in estimation. For
example, in an extreme case in which all participants indicated the same prior ideal points, the
results gained using the range approach per se would be meaningless. Yet, the mid-point
estimate did not have this property. Contrarily, a wider range of ranks made the mid-point
estimate less precise since the distance between any point within the range and the middle point
would be farther when the range went larger. Therefore, participants who made a correct
estimation (i.e., an estimation that was inside the range of possible true ranks) would be more
likely to be considered biased and to exhibit a larger degree of inaccuracy if their indicated prior

ideal points were more frequently chosen by others.
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Chocolate 241 0.7856 [0.7320, 0.8296]
Pillows 247 0.8147 [0.7679, 0.8528]
Toothbrushes 246 0.8493 [0.8103, 0.8808]

Notes: All correlations presented are statistically significant at 1% level of significance, with all
p <.0001. The upper and lower bounds of the confidence interval were computed at 5% level

of significance, assuming data were normally distributed.

4.2.4 Compromise in choice

We now turn to the analysis of choices for each product category in a hypothetical
shopping scenario. The aim is to examine whether a compromise effect is seen in the
single-attribute methodology. As the survey did not measure choices in varying contexts,
the existence of a tendency to compromise was measured through aggregate analysis of
each choice distribution (focusing on mode, skewness, kurtosis, and absolute deviations
from the middle point of the product line®", along with implementing three normality
assessments like before, namely the Anderson-Darling test, the Jarque-Bera test, and the
Lilliefors test). Note that this subsection also examines whether the choices were closer
to or further from the middle of the consideration set than the ideal points were. This
exploratory analysis is of particular importance since distributions of choice data and data
on prior ideal points were alike in many product categories. In particular, both sets of data
exhibited a marked tendency to concentrate around the middle point of the sets of options.
Comparing these two patterns is helpful in understanding the origins of the observed
compromise behaviour of choice data, if any. Furthermore, all analysis and tests were

conducted without including participants who chose not to buy any product.

i Absolute deviations from the middle were computed by transforming choice data in the
way that the 4th product was coded as 0, the 3rd and 5th as 1, the 2nd and 6th as 2, and 1st and
7th as 3.



196

Figure 27 reveals a clear evidence of people’s tendency to choose the 3rd or 5th
product and to avoid the extreme options in the ordered set. This implies a possibility of
a compromise tendency in a real choice decision. As seen in Figure 27, for categories such
as cheese and chocolate, the 5th and 6th products were the most and the second most
frequently chosen options respectively. The whole choice distributions for these two
product categories were negatively skewed, with values of skewness and kurtosis
respectively being -0.39 and 2.218 for cheese and -0.55 and 2.96 for chocolate. This
suggests that although the shapes of cheese and chocolate’s choice distributions were
fairly symmetrical, since the values of skewness were within the range of £1, the relatively
large kurtosis values (> 2) show a high concentration of data points, indicating non-
normality of the two choice distributions.

Conversely, for categories such as pillows and toothbrushes, products with ranks
around the middle, i.e., the 3rd and 5th products, gained the highest choice share.
Interestingly, the middle option, i.e., the 4th product, received many fewer choices. This
result resembled the distributions of prior ideal points, such that the distributions of the
middle three options were also in the shape of an inverse-U, with the 3rd or 5th options
being the most popular over the whole set/scale. Moreover, Figure 27 clearly
demonstrates that the choice distributions for pillows and toothbrushes were positively
skewed, unlike those for cheese and chocolate. Specifically, the values of skewness and
kurtosis respectively were 0.03 and 2.26 for pillows, but 0.15 and 1.99 for toothbrushes.
Likewise, while the skewness of pillows’ choice distribution was within the range to be
considered normal, the distribution was slightly more heavy-tailed relative to a normal
distribution. The category of toothbrushes, on the other hand, was found to have a normal
choice distribution.

Choice data from the other two product categories, i.e., curry dishes and steak, were
similar. Despite an opposite skewness, choice under these two categories was highly
concentrated on just one product, either the 3rd or the 5th (see Figure 27). All other
products were chosen far less often. Results for curry dishes resembled the results of prior
ideal points, whereby almost 30% of participants indicated an ideal point of 5 out of 7,
with other points acquiring only 10% of choices. Steak, however, did not show such

similarity to prior ideal points. Surprisingly, although the choice distribution of steak
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could not be viewed as normal (skewness = 0.2988, K = 2.05), curry dishes’ choice
distribution (skewness =-0.25, K = 1.97) was considered to be normal since it was within
the range of cut-off values.

Before moving towards formal tests to rigorously examine the normality of the
distributions of choice data, the subsection first investigated how strongly choice data
deviated from the middle points of the set in each product category, relative to data on
prior ideal points. To this end, choice data and data on ideal points were transformed into
absolute deviations (as stated in footnote cli). Overall, results were mixed for different
product categories. First, deviations from the mid-point of the choice set were slightly
greater in choice data, compared to data on prior ideal points, for categories such as curry
dishes (Mchoice = 1.57; Mideal = 1.56), steak (Mchoice = 1.28; Migeal = 1.26), chocolate (Mchoice
= 1.28; Migea = 1.22), and toothbrushes (Mchoice = 1.40; Midear = 1.34). Conversely, prior
ideal points deviated more from the middle of the set than choice did for another two
categories — cheese (Mchoice = 1.45; Midgear = 1.47) and (Mchoice = 1.20; Migear = 1.26).
However, a series of one-sample t-tests showed that none of the pairwise differences
between data on deviation are significant (tcheese(243) = -0.6968, Pcheese = .4866; teurry
dishes(207) = 0.2127, Peurry dishes = .8318; tsteak(228) = 0.6615, psteak = .5090; tchocolate(238) =
1.3806, pchocolate = .1687; tpiliows(246) = -1.5599, ppiliows = .1201; troothbrushes(244) = 1.4793,
Proothbrushes = .1403). This implies a potential influence of (biased) prior ideal points®" on
choice of products, which was probably due to the influence of self-reported preferences
on downstream choice and/or the existence of common underlying factors, such as social

norms, that affect both data and/ or similarity in their elicitation methods®'".

i For more details, please refer to footnote cxlii.

it Both choice and prior ideal points were measured using a seven-point scale. Although
the experiment tried to minimise the effect of answers of prior ideal points on choice by
separating these two sets of questions from each other in the experiment, it is possible that
participants still remembered their answers on prior ideal point questions and applied them

directly to choice questions.
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Finally, as before, a more formal normality assessment on choice distribution was
conducted using the Anderson-Darling test, the Jarque-Bera test, and the Lilliefors test!".
Results suggested that choice distributions significantly differed from normality for all
categories, except pillows. To conclude, with the degree of deviation from the middle
point of the choice sets similar to that of prior ideal points’, data collected from the
experiment overall supported the notion of an inclination to compromise in choice for a
wide range of product categories, but most of the choice distributions were not perfectly

bell-shaped or statistically normal.

°iv Results obtained from a series of Anderson-Darling tests and Lilliefors tests indicate a
rejection of the null hypothesis that a choice data came from a normal distribution (Weneese =
7.64, Dcheese = 0.21; Weurry dishes = 6.57, Deurry dishes = 0.22; Witeak = 7.72, Dsteak = 0.22; Wenocolate =
8.08, Dchocotate = 0.228; Witiows = 6.48, Dpiliows = 0.18; Wigothbrushes = 6.73, Droothbrushes = 0.17; p
<.0001 for all tests). Likewise, the Jarque-Bera test for all product categories, except pillows,
also rejected the null that each distribution stemmed from a normal distribution with an
unknown mean and variance, while this test produced higher p-values (JBcneese = 12.47, p =
0.0083; JBcurry disnes = 11.41, p = 0.0109; JBsteax = 11.95, p = 0.0095; IBchocolate = 12.03, p =
0.0092; JBioothbrushes = 11.37, p = 0.0106). Regarding pillows, there is no sufficient evidence to
reject the null at 5% level of significance (JBpiiows = 5.68, p = 0.0510), implying a normality.
This result is in line with Yap and Sim’s (2011) power comparison, which suggests that the
Jarque-Bera test works better for symmetric long-tailed distributions than other tests do, whereas
the Anderson-Darling test is more powerful for asymmetric distributions. The shape of pillows’
choice distribution displayed in Figure 27 shows that the Jarque-Bera test is more suitable and

detectable than the Anderson-Darling test is.
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Figure 27. Relative choice frequency of products for each category. The y-axis refers to the
fraction of participants who chose the product and the x-axis denotes relative ranks of products.
The “No Choice” bin represents the proportion of participants who chose to not to purchase a
product. Its relatively high fraction in the category of curry dishes reflects the fact that many
participants were uncertain about their preference towards listed products. This finding echoes
an observation of a low self-expressed level of knowledge about curry spiciness as well as a
high percentage of participants who did not indicate their prior ideal points for curry spiciness,

although those participants had already been excluded from seeing this question.

4.2.5 Effects of knowledge on the compromise effect

It has been suggested in the literature that a lack of knowledge about a product
category may be a driver of the compromise effect (Sheng, Parker, & Nakamoto, 2005).
This subsection therefore investigates the association between knowledge and a tendency
to choose the middle option. To this end, choice data was, again, transformed into absolute
deviation from the middle. Data on choosing nothing was not included in the correlation
analysis. The analysis was conducted with a Pearson’s linear correlation. If the hypothesis
about the role of knowledge in reducing the compromise effect is true, the estimated
correlations between deviation (from middle) and knowledge would be positive.
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Overall, results were mixed for different product categories, with more running
counter to the hypothesis. A Pearson’s linear correlation showed that for product
categories like cheese, steak, pillows, and toothbrushes, knowledge is not significantly
correlated with the tendency to avoid compromise options (rcheese = 0.1204, Peheese =
0.0604; rseak = 0.0902, psteak = 0.1739; rpitows = 0.0902, ppitows = 0.1351; rtoothbrushes =
0.1239, proothbrushes = 0.0527), though most of them were significant at the 10% level of
significance and all had positive signs. Results for product categories such as curry dishes
and chocolate, in contrast, reveal a significant negative linear association (Fcurry dishes = -
0.1467, Peurry dishes = 0.0345; rchocotate = 0.2069, Pchocolate = 0.0013). This correlation,
however, becomes insignificant® after controlling for prior ideal points, which were also
transformed into absolute distance from the middle®"' (reurmy dishes = -0.1224, Peurry dishes =
0.0789; rchocolate = 0.0575, Pehocolate = 0.3772). The finding of an insignificant partial linear
correlation suggests that knowledge might affect choice via its association with prior ideal
points. This speculation was partially supported by observed significant (partial)
correlations between absolute deviation from the middle in data of prior ideal points and
that in choice®™, regardless of whether knowledge is included as a control, as well as a
significant association between knowledge and absolute departure from the middle in
prior ideal points for chocolate (rchocolate = 0.2434, Pehocolate = -0001), but not for curry
dishes (rcurry dishes = -0.1224, Peurry dishes = 0.0789).

v Insignificant linear associations were also observed for other categories (I'cheese =
0.0064; peheese = 0.9213; rsteak = -0.0037; Psteak = 0.9555; Fpitiows = 0.0148; Ppitows = 0.8169;
Ftoothbrushes = 0.1153; Proothbrushes = 0.0723).

M The transformation method is same as the one for choice data.

°Mi The correlation analysis was conducted with the transformed data as before. The
correlation coefficient was 0.7770 for cheese, 0.7586 for curry dishes, 0.8163 for steak, 0.7252
for chocolate, 0.7027 for pillows, and 0.7390 for toothbrushes, with all having p <.0001. When
controlling for knowledge, the partial correlation was still significant (p <.0001). The partial
correlation coefficient for the same order of product categories respectively was 0.7732, 0.7568,
0.8146, 0.7116, 0.6995, and 0.7383.
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Again, integrating findings on Pearson’s linear correlation under the category of
chocolate, it seems that knowledge might decrease the compromise tendency in choice
through its positive link to absolute deviation (from the middle) in prior ideal points. In
other words, the results imply that people who believe themselves to have a higher level
of knowledge (versus those who state a lower level) may be more confident about their
preferences and thus show less compromise when indicating prior ideal points®™' which
is reflected in a positive correlation between knowledge and a tendency to reveal more
extreme ideal points.

The results for curry dishes, however, reveal a completely different story, reducing
generalisability of the above conjecture. Firstly, the negative correlation between
knowledge for curry dishes and tendency to choose more extreme options suggests that
decision makers who believed that they are highly knowledgeable about curry dishes
would be more likely to choose products placed at the middle of the choice set,
contradicting the hypothesis that knowledge attenuates the compromise effect. In addition,
the insignificant (negative) relationship between knowledge and a tendency to indicate
more extreme ideal points goes against the conjecture that prior ideal points act as a
meditator variable. This result may be related to the observation that the partial correlation
between knowledge and a choice of products ranked close to an extreme of the
consideration set, after controlling for ideal points, still approaches significance (reaching
the 10% level). All of this evidence indicates that there may be a direct, positive
association between knowledge and a compromise tendency in choice of curry dishes,
inconsistent with findings in the chocolate case.

Overall, the evidence is equivocal, with only little evidence being found to support
the hypothesis about the mitigating role of knowledge in the compromise effect.

cMii |t is important to note that data on prior ideal points gathered from the experiment is,

by definition, not preferencesy, which is not supposed to be influenced by one’s knowledge.
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4.2.6 Beliefs about a rational design of a product line

Before turning to the evidence of the rank-order decision rule, it is helpful to
investigate a crucial premise first. This is the idea that people typically believe that
product lines are designed to capture the whole population’s tastes and also think there is
no menu distortion. If the first part of the premise does not hold, there will be no reason
for the rank order decision rule to be used during decision making. However, if it is the
second part that is invalid, the rank order decision rule may be adopted, but not in a direct
way (i.e., individuals’ estimates of market demand for products will be involved in the
matching process). In other words, when menu is thought to be distorted, the possibility
for a decision maker to employ a “direct” matching strategy will be small as it is less
useful. Recall that the direct matching strategy refers to a process whereby a decision
maker directly matches his/ her estimate of their relative position in the population with
respect to tastes to a product’s relative rank in an ordered set™. This contrasts with a
more comprehensive matching strategy which also takes into account a non-uniform
distribution of population choice. A direct comparison in choice predictability between
the direct matching approach and the more comprehensive version will be presented in
the next subsection.

Data collected from questions that asked participants to estimate other consumers’
choices by assigning twenty tokens to available products were analysed and two necessary
conditions (that need to be met if the direct matching strategy is to be assessed) were
considered. First, if participants believed the design of market offerings accurately
reflected the population’s taste distribution, they would assign at least one token to every
product provided. Second, distribution of market choice estimated by a participant should
be (at least asymptotically) uniform. A non-flat estimated distribution of market choice
may bias precision of choice predicted using direct matching. For example, if a decision

maker perceives himself/ herself to be located at the 50th percentile of the population’s

°ix For instance, if a person believes he or she is at 40% of the population’s distribution in
terms of preferences for cheese sharpness, he or she will buy a cheese with a relative rank of

40%, computed based on its degree of sharpness relative to other cheese in the market.
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taste distribution, and believe products ranked the 1st and the 2nd in the set equally
generate 30% of market demand, with the remaining five options in the set sharing 40%
of demand, the decision maker will choose the 2nd product, according to the rank order
decision rule. This choice outcome, however, is inconsistent with a direct matching
strategy, which suggests that the decision maker should choose the middle (4th) option in
the set. Predictions of individual choice based on a direct matching method will thus be
misleading.

The results only supported the first condition. The percentage of participants who
assumed that all products would be chosen by at least 5% of the population was 85.66%
for cheese, 82.49% for curry dishes, 76.62% for steak, 82.16% for chocolate, 82.19% for
pillows, and 80.08% for toothbrushes. This a high proportion of participants believed that
no product would attract zero demand in the market. However, the second condition for
using a direct matching strategy was not satisfied. Data showed that no participant
assigned fairly equal amounts of tokens (i.e., 2 to 3 tokens) to all products for all product
categories®™. In fact, the middle option, on average, received more tokens than any other
options (Mcheese, 4th = 3.86, SDcheese, 4th = 2.07; Mcurry dishes, 4th = 3.54, SDcurry dishes, 4th = 1.92;
Msteak, 4th = 4.57, SDsteak, 4th = 2.58; Mchacolate, 4th = 4.20, SDchocolate, 4th = 2.60; Mpitiows, 4th =
4.17, SDpiltows, 4th = 2.43; Mioothbrushes, 4th = 4.48, SDroothbrushes, 4th = 2.90). The extreme options,
in contrast, gained fewest tokens (Mcheese, 1st = 2.50, SDcheese, 1st = 1.61; Mcurry dishes, 15t = 3.05,
SDcurry dishes, 1st = 2.78; Msteak, 1st = 1.44, SDsteak, 1st = 1.36; Mchocolate, 1st = 1.98, SDchocolate, 1st
= 1.71; Mpittows, 1st = 2.72, SDpittows, 15t = 2.41; Mioothbrushes, 1st = 2.85, SDroothbrushes, 1st = 2.31;
and Mecheese, 7th = 2.22, SDcheese, 7th = 1.77; Mcurry dishes, 7th = 2.12, SDcurry dishes, 7th = 2.01; Misteak,
7th = 2.07, SDsteak, 7th = 2.25; Mchocolate, 7th = 2.15, SDchocolate, 7th = 2.24; Mpiliows, 7th = 1.95,
SDpillows, 7th = 1.89; Mioothbrushes, 7th = 1.48, SDroothbrushes, 7th = 1.24). Many of the pairwise
differences are statistically significant, according to t tests. This suggests that participants

in general believed that market demand for products is not equal, with the middle option

°® For each product category, there were 20 tokens but 7 products to be assigned to.
Therefore, uniformity of the token allocation requires participants to assign 2 or 3 tokens to each

product.
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being more popular than others. Accordingly, survey results reveal that although the use
of a rank order decision rule is highly likely, decision makers may not do it via a direct
matching.

To conclude, results partially supported the requirements for a rank order matching
rule to be used. Specifically, most of participants thought product lines were designed to
contain a population’s taste distribution, although estimated market demand over products
was not uniformly distributed. Therefore, it is possible that participants did not directly
match their estimated relative standing in taste distribution to a product’s relative rank to
make a purchasing decision. This in turn implies that the false consensus effect per se is
not sufficient to explain the compromise effect, even when a rank order decision rule is
used. It is concluded that any choice prediction made from the rank order decision rule
needs to embody people’s own estimation about a market’s choice distribution over

products.

4.2.7 A direct versus comprehensive rank order decision rule

As found in the previous subsection, a direct matching process may not occur during
decision making since participants normally did not expect a flat market demand over
market offerings. Thereby, a matching strategy must incorporate decision makers’ own
estimates of choice distributions in the market. To further investigate this question, this
subsection explores choice predicted by two different implementations of a rank order
decision rule, and examines the accuracy of their predictions. The first method is the direct
approach, which directly matches people’s perceived relative standing in the population’s
distribution of a certain taste on an attribute to a product’s relative position in the set,
ranked in terms of the given attribute®™. In other words, individuals who adopt a direct
matching strategy will choose a product whose relative rank in the menu is identical to
their self-estimated relative standings in the population. The second method is referred to

X Computationally, this was achieved by rescaling a twenty-point scale (individuals’
estimation about their relative rank in the population) into a seven-point scale (a product choice
set).
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as a comprehensive approach, which additionally accommodates decision makers’ own
estimation about a distribution of a market demand into the rank order decision rule. For
example individuals who believe that their preferences lie at the median of the population
distribution may choose the second market option from a set of seven products if they also
believe that population preferences and hence choices are distributed over market
offerings in a positively skewed way.

Overall, results revealed a difference between choice predicted by the two
approaches. As shown in Figure 28, choice predicted by the comprehensive approach was
less skewed than what is predicted by the direct approach, because market demand on
available products, on average, was thought to be bell-shaped. This implies that the false
consensus effect in self-estimated relative positions in the population’s preference
distribution may not be the sole contributor to the compromise effect. The rather
symmetrical distributions of market demand estimated by individual consumers might
strengthen their tendency to choose the compromise product, if the comprehensive version
of the rank order decision rule was adopted. Moreover, a series of t-tests also found
differences in predicted choice between the two approaches for many product categories.
Predicted choice differed significantly between estimation approaches for categories,
including cheese (Mcomprehensive = 4.51 VS. Muirect = 4.62; 1(243) = -2.36, p = .0189), curry
dishes (Mcomprehensive = 3.94 VvS. Muirect = 4.06; t(216) = -2.26, p = .0246), pillows
(Mcomprenensive = 3.61 VS. Muairect = 3.83; t(246) = -3.99, p < .0001), and toothbrushes
(Mcomprehensive = 3.28 VS. Muirect = 3.50; t(245) = -4.76, p < .0001). Yet, the difference was
insignificant for categories like steak (Mcomprenensive = 4.18 VS. Mairect = 4.12; t(230) = 1.15,
p =.2495) and chocolate (Mcomprenensive = 4.76 VS. Mirect = 4.78; 1(240) = -0.51, p = .6105).
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Figure 28. Choice share predicted using the direct matching and the comprehensive approach.
As the rank order decision rule was not able to predict the probability of opting out, choice share
for the “No Choice” option was not computed. Examination of the figures reveals that choice
share predicted by the direct approach essentially echoes Figure 26 because it was directly
transformed from the data of self-estimation about one’s relative standing in the population’s
taste distribution. In contrast, choice share predicted using the comprehensive approach was
more symmetrically distributed, with a centre located at the middle. This is because the
comprehensive approach considered participants’ estimation about distributions of market

demand, which was highly bell-shaped.

Furthermore, relative accuracy of choice estimates using the two approaches was
explored®™. Surprisingly, the direct matching method performed much better than the
comprehensive approach did, in terms of their predictability of actual choice. A t-test

showed that the difference in the average rates of accuracy ™' between the two

°ii Note that since the rank order decision rule could not predict the situation of opting
out, the following analysis excluded data from participants who chose nothing from the set.

°Xil The average rates of accuracy refers to the rate of accuracy averaged across
participants. In practice, the number of participants whose actual choice was identical to
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approaches was significant (Mcomprenensive = 0.53 VS. Muirect = 0.65, t(5) = -6.93, p <.0001).
Collapsing across product category, the predictions from the direct method were still more
accurate than those from the comprehensive approach for most of the categories
(Mcomprehensive, cheese = 0.50 VS. Mairect, cheese = 0.62, tcheese(243) = -3.17, Pcheese = 0.0017;
M comprehensive, curry dishes = 0.51 VS. Mudirect, curry dishes = 0.64, tcurry dishes (216) = -3.28, Peurry dishes
= 0.0012; Mcomprenensive, chocolate = 0.55 VS. Muirect, chocolate = 0.65, tchocolate(240) = -2.65,
Pchocolate = 0.0085; Mcomprehensive, pillow = 0.47 VS. Mairect, pillow = 0.67, tpinow(246) = -4.91,
Ppillow < .0001; Mcomprehensive, toothbrushes = 0.57 VS. Mairect, toothbrushes = 0.71, troothbrushes(245) =
-4.10, proothbrushes < .0001). The only exception is steak, where there was no significant
difference in mean rate of accuracy (Mcomprehensive, steak = 0.57 VS. Muirect, steak = 0.62,
tsteak(230) = -1.59, psteak = 0.1124).

Similarly, the correlation between participants’ actual choice and predicted choice
suggests that estimates obtained with the direct method have a higher correlation
coefficient for every product category (rcheese = 0.8978; rcurry dishes = 0.8671; Isteak = 0.8676;
Fchocolate = 0.8148; Tpilows = 0.8489; roothbrushes = 0.9095; all p < .0001), relative to the
comprehensive approach (recheese = 0.8476; reurry dishes = 0.8171; rsteak = 0.8400; rchocolate =
0.8000; rpiliows = 0.7814; roothbrushes = 0.8903; all p < .0001). However, the differences in
estimated correlations are not significant, given that their 95% confidence intervals®™"

overlap each other for each product category.

predicted choice for each product was first computed. Then, each number was divided by the
number of participants who chose from the menu provided. This gave a vector of accuracy rates
for each product category, i.e., a 1-by-6 vector. The t-tests were conducted on two vectors
computed using the direct and comprehensive approach respectively.

XV The lower and higher bounds of the confidence intervals of the estimated correlations
were as follows. In the case of the comprehensive approach, Cl =[0.8080, 0.8796] for cheese,
[0.7663, 0.8578] for curry dishes, [0.7971, 0.8744] for steak, [0.7492, 0.8415] for chocolate,
[0.7276, 0.8257], for pillows, and [0.8610, 0.9137] for toothbrushes, whereas in the case of the
direct approach, Cl =[0.8703, 0.9197], [0.8288, 0.8973], [0.8314, 0.8964], [0.7672, 0.8534],
[0.8100, 0.8805], and [0.8850, 0.9289], respectively.
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Moreover, Table 4 displays conditional frequencies of predicted choice, given
actual choice, for each product category. In other words, each cell in the table gives the
percentage of participants who were expected to choose a n-th product (column), based
on the fact that a particular product (row) was actually chosen in the experiment.
Consistent with previous results, Table 4 revealed that the direct method is, in general,
closer to participants’ actual performance than the comprehensive method. This was
further confirmed by a t-test on conditional frequencies of correct predictions®™V (i.e., the
number of predicted choices being the same as a given actual choice, relative to the
number of given actual choices being mismatched to predicted choice), averaged across
all seven products, under each product category (Mcomprenensive = 59.16% VS. Mdirect =
67.00%, t(5) =-3.73, p = 0.0136). More interestingly, Table 4 shows that for less extreme-
ranked products, e.g., the 3rd, 4th, and 5th product, the direct method were far more
accurate than the comprehensive approach, compared to results for extreme-ranked
products. One plausible, ad-hoc explanation is that choices predicted by the
comprehensive approach were more concentrated on the middle of the choice set (see
Figure 28). This may lead to a distortion of the predicted possibility of choosing the
middle products.

In summary, experimental evidence suggests that consumers may use a rank order
decision rule when making a purchase decision, but that the way and/or reason they do it
seems not to follow what Wernerfelt (1995) asserted. More specifically, according to
Wernerfelt (1995), the rationale of using the rank order decision rule is that consumers
know more about their tastes compared to others, and normally believe that menu
unbiasedly convey population’s taste-relevant information. However, the present
experiment findings indicate that this taste-relevant information appears to be trivial when
consumers adopt this rule. In other words, people seem to directly match their relative
standings in the distribution in terms of tastes to ranks of products in the market, without

considering their beliefs about the population’s choice distribution over products. Yet, it

v The conditional frequencies of correct prediction refer to numbers in a bold form in
Table 4.
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is also important to note that, as suggested in Model 1, the rank order decision rule may
not drive choice alone — the final choice may be a result of different forces acting against
each other. Thus, the observed inconsistency with the model assumptions may stem from
the fact that there are other drivers of choice.

Table 4. Conditional proportion of predicted choice given actual choice for each product category.

The comprehensive approach (%) The direct approach (%)

Real 1st 2nd  3rd  4th 5th 6th 7th 1st 2nd  3rd  4th 5th 6th 7th
Choice
Che
ese
1st 100. 66.6  33.
0 0 0 0 0 0 0 0 0 0
00 7 33
2nd 541 37. 4.1 4.1 62. 20. 83
0 0 0 8.33 0 0 0
7 50 7 7 50 83 3
3rd 17. 53, 12. 76 25 12. 61. 23. 25
5.13 0 0 0 0
95 85 82 9 6 82 54 08 6
4th 76 23. 50. 19 23.  65. 11
0 0 0 0 0 0 0
9 08 00 23 08 38 54
5th 7.0 19. 47. 22. 28 21. 56 18. 14
0 0 2.82 0 0
4 72 89 54 2 13 34 31 1
6th 1.7 7.0 26. 42. 35 17. 68. 10.
0 0 22.81 0 0 0
5 2 32 11 1 54 42 53
7th 41 41 12. 37. 62
0 0 0 79.14 0 0 0 0 0
7 7 50 5 50
Curry
dishes
1st 80.0 12. 8.0 84.0 12. 4.0
0 0 0 0 0 0 0
0 00 0 0 00 0
2nd 17.8  46. 14. 14 35 50. 21. 10. 71 35
0 3.57 7.14 0
6 43 29 29 7 00 43 71 4 7
3rd 160 28. 36. 12. 40 4.0 20. 52. 16. 4.0
0 8.00 0 0
0 00 00 00 0 0 00 00 00 0
4th 4.7 33. 47. 9.5 4.7 19. 57. 14. 4.7
4,76 0 0 0 0
6 33 62 2 6 05 14 29 6
5th 4.5 18. 48. 27. 1.5 75 72. 18.
0 0 1.52 0 0 0
5 18 48 27 2 8 73 18
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Real
Choice
6th

7th

Steak
1st

2nd

3rd

4th

5th

6th

7th

Chocol

ate

1st

2nd

3rd

4th

5th

6th

The comprehensive approach (%)

The direct approach (%)

1st 2nd  3rd 4th  5th  6th  7th 1st 2nd  3rd 4th 5th  6th 7th
0 8.0 0 8.0 16. 52. 16.00 0 0 40 12. 40 72. 80
0 0 00 00 0 00 0 00 O
0 55 0 55 1L 1778 0 0 55 55 0 22.  66.
6 6 11 6 6 22 67
100. 0 0 0 0 0 0 100. 0 0 0 0 0 0
00 00
333 70. 20 6.6 0 0 0 133 70. 13. 33 0 0 0
00 7 3 00 33 3
0 95 47. 36. 41 0 1.37 0 95 54 28 54 13 0
95 99 1 9 79 77 8 7
0 0 55 72 19. 27 0 0 0 27 83 83 55 0
6 22 44 8 8 33 3 6
0 27 27 24, 40. 21. 8.11 0 0 27 13. 59. 24. 0
0 32 54 62 0 51 46 32
0 0 27 13 18. 48. 16.22 0 0 54 54 18. 51. 18.
0 51 92 65 1 92 3 92
0 0 0 0 0 0 100.0 0 0 0 0 76 23. 69.
0 9 08 23
500 0 50. 0 0 0 0 500 0 0 50. 0 0 0
0 00 0 00
375 50. 12, 0 0 0 0 25 62. 0 12, 0 0 0
0 00 50 50 50
0 14. 53, 25, 35 35 0 0 10. 60. 25. 35 0 0
29 57 00 7 7 71 71 00 7
0 0 75  80. 10. 0 2.50 0 0 25  90. 25 5 0
00 00 00 0 00 0
0 0 24  33. 43 19. 1.23 0 0 12 18 64. 14. 12
7 33 21 75 3 52 20 81 3
0 0 15 6.2 26. 51. 14.06 0 0 0 12. 18. 56. 12
6 5 56 56 50 75 25 5
0 0 0 6.2 0 18.  75.00 0 0 0 6.2 6.2 25 62
5 75 5 5 50
66.6 25 8.3 0 0 0 0 58.3 33. 0 0 8.3 0 0
7 3 3 33 3
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Real

Choice

2nd

3rd

4th

5th

6th

7th

Toothbr

ushes

1st

2nd

3rd

4th

5th

6th

7th

The comprehensive approach (%)

The direct approach (%)

st

411

8
5.80

4.35

76.0

35.2

1.64

2nd

38.
24
21.
74
0

20.
00
54.
90
24.
59
3.2

4.3

3rd

17.
65
50.
72
12.
20
6.3
5
4.3
5
20.
00

4.0

7.8

54.

10

16.
13

4th

20.
29
68.
29
36.
51
8.7

20.
00

1.9

19.
67
77.
42
46.
15
8.7

5th

2.9
4
14
5
12.
20
42.
86
39.
13
0

3.2

44,
23
17.
39

6th

24

14.
29
26.
09

9.6

43.
48
0

7th

4.88

17.39

60.00

26.09

100.0

1st

5.88

64.0

7.84

2nd

64.
71
14.
49
0

4.3

24.

66.
67
11.
48

3rd

23.
53
68.
12
12.
20
15
9
4.3
5
20.
00

8.0

21.
57
73.
77
16.
13
1.9

4th

2.9
4
17.
39
75.
61
12.
70
4.3
5
0

4.0

3.9

13.
11
77.
42
13.
46
8.7

5th

2.9
4

12.
20
68.
25
21.
74

1.6

6.4

80.
77
21.
74

6th

17.

46

52.

17

3.8

52.
17

7th

13.
04
80.
00

17.
39
10
0.0
0

Notes: Each raw under each approach should sum up to 100 (%). Numbers highlighted in bold

refers to a percentage of predicted choice being same as actual choice. It therefore implies rates

of accuracy of choice predictions.
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4.2.8 Preferencese

This subsection explores participants’ preferencesg to determine whether stated
preferences were consistent with choice®!. As described in the Method section, data
about preferencese were collected by asking participants to rate their preference for each
available product on a 5-point scale, from “Not at all” to “Like very much”. These data
were transformed into a numeric array, whereby “Not at all” was coded as 1 and “Like
very much” was coded as 5.

For all product categories, results show that preferencese strongly reflect choice.
First, it was found that products that were chosen in the hypothetical purchase stage
received, on average, higher ratings than other products (Mcheese, choice = 4.55, Mcheese, others
= 3.48; Mourry dishes, choice = 4.40, Mcurry dishes, others = 3.03; Msteak, choice = 4.56, Msteak, others =
2.65; Mchcoclate, choice = 4.51, Mchocolate, others = 3.29; Myiliows, choice = 4.44, Miliows, others = 2.86;
Mopitiows, choice = 4.43, Mpillows, others = 2.67). Similarly, of participants who chose to buy a
product in the hypothetical supermarket, many rated their chosen products higher than
other products, with the exact proportion of participants being 89.79% for cheese, 89.90%
for curry dishes, 93.45% for steak, 92.89% for chocolate, 87.04% for pillows, and 92.65
for toothbrushes. Note that these numbers include participants who rated chosen products
equally highly to other products. Indeed, the fraction of participants who rated chosen
products as the only favourite one was much lower (39.34% for cheese, 45.19% for curry
dishes, 58.08% for steak, 37.24% for chocolate, 51.42% for pillows, and 57.96% for
toothbrushes). This implies that participants might express more than one favourite

products, but could nevertheless choose one if necessary.

4.3 Summary

This chapter aimed to explore the main assumptions of the models proposed in
Chapters 2 and 3. An online experiment was conducted to investigate the models’
assumptions and predictions. In general, the experiment results support the hypotheses

ki preferencese, by definition, are the preferences people reveal to others, often through

choice. This preference is, therefore, expected to reflect choice.
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concerning the assumptions and implications of the models. However, it is important to
note that due to technical limitations of any online experiment, such as the inability to
measure preferencesy or to offer participants real products to experience, the overall
performance of the proposed models cannot be assessed directly.

As predicted, the assumption of the false consensus effect in preferences is
supported by the experimental evidence. The results clearly indicate a tendency for
participants to believe that they stand close to the middle of the population’s taste
distribution, reflecting the fact that people normally believe that they are rather average
compared to other consumers in terms of their preferences for a product attribute level.
However the analysis only focuses on the implications of the false consensus effect,
instead of directly proving the effect itself, since the proposed models do not incorporate
the false consensus effect with its original meaning. The measurement of the false
consensus effect in the present experiment is different from the traditional paradigm, in
that classic experiments typically measure it by assessing a relative difference between
estimates made by people who support an opinion or behaviour and estimates made by
opponents (Marks & Miller, 1987; Mullen & Hu, 1988; Mullen, Dovidio, Johnson, &
Copper, 1992). That is, conventionally, the false consensus effect is not estimated by
asking participants about their relative positions in the population.

Despite the tendency for people to estimating themselves to be less extreme than
other people in terms of tastes about a product attribute, people’s estimates about their
relative positions in the population were only moderately accurate for all product
categories. This evidence is consistent with prior research, which suggest that people’s
estimates of their relative standings are often error-prone and susceptible to various
environmental cues (Burson, 2007; Burson & Gershoff, 2015; Gershoff & Burson, 2011).
This estimation error is typically attributed to people’s inability to correctly assess
absolute magnitudes of their characteristics such as ability and preferences (Freund &
Kasten, 2012; Krueger & Mueller, 2002; Zell & Krizan, 2014) or a cognitive tendency to
overestimate the dispersion of other people (Gershoff & Burson, 2011). Importantly, the
majority of previous research on this topic is conducted in the domain of ability and
knowledge, which is advantageous in its objectively and subjectively assessable nature.

The present study, however, revolves around preferences, where objective values do not
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exist in the same sense. Recall that the analysis uses prior ideal points, i.e., participants’
self-reported preferences, to compute participants’ “true” relative positions in the
population’s taste distribution. This measure is admittedly less precise than objectively
assessing knowledge or ability via a well-designed test, since people’s self-assessed levels
of preferences may, like their estimation about own relative standings, be biased®™"". Lack
of an objective measure of true levels of preferences may be one reason why observed
accuracy of perception about one’s own relative positions in the population’s tastes
distribution seems better than previous findings on knowledge and ability as well as why
no significant association between levels of knowledge and sizes of estimation error is
observed.

Moreover, results obtained from the present experiment show a marked tendency
for participants to select middle products and avoid extreme alternatives in an ordered
menu. This implies that a compromise tendency in purchase decisions can be found in a
case where products in a given categories are differentiated in terms of a single attribute
and a no-choice opportunity is offered in choice tasks. In addition, the extent to which
choice data deviated from its middle point (i.e., 4) is not statistically different from data
on the tendency of prior ideal points to do so. This suggests that self-reported prior ideal
points may have some influences on final choice, through either a pathway of preferences
shaping choice or common, external underlying factors such as social norms, or both. This
finding may also be due simply to similarity in elicitation methods of both data.

Note that, as with the investigation of the false consensus effect, the analytical
methods employed to examine the compromise effect differ considerably from

conventional paradigms. In particular, classical approaches typically measure the

kit This argument is in line with the present finding that distributions of prior ideal points
are approximately normal and similar to distributions of choice data. Of course, this evidence is
not enough to conclude that there must be a systematic bias in estimating prior ideal points,
given that many human traits in population are normally distributed. Yet, the possibility that
there exist external forces, such as social norms, that affect evaluations of ideal points also
cannot be ruled out since the nature of prior ideal points is more like preferences; or expressed

preferences, which are possibly subject to external influences, in addition to preferencesu.
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compromise effect by computing changes in choice share of a non-middle option after it
becomes a middle option as a result of the addition of a more extreme alternative to the
pre-existing set (e.g., Sheng, Parker & Nakamoto, 2005; Simonson & Tversky, 1992) and
study it with multi-dimensional products (e.g., Drolet, Luce, & Simonson, 2008; Khan,
Zhu, & Kalra, 2011; Prelec, Wernerfelt, & Zettelmeyer, 1997). That being said, the
present study deliberately develops an innovative experiment design and uses non-
classical measurement paradigms in order to properly test the current models’
assumptions.

No convincing evidence is found for an association between self-reported levels of
knowledge and a tendency to choose extreme products in an ordered menu. Knowledge
per se seems unable to reduce or eliminate the compromise effect. The results thus fail to
provide circumstantial evidence to back up the models’ predictions about the alleviating
role of consumption experience in the compromise effect. In addition, this finding clearly
contradicts past results, which suggest that consumers who are more knowledgeable to
(or more familiar with) a certain product category are less likely to choose the compromise
option in that category (Sheng, Parker, & Nakamoto, 2005) and are more likely to express
consistent preferences about products across choice tasks (Kramer, 2007). One possible
explanation of the conflict in empirical results is that Sheng, Parker, and Nakamoto’s
experiment (2005) adopts a forced-choice design, such that all choice tasks are mandatory.
Therefore, their finding may occur because knowledge can effectively steer participants
who are uncertain about their preferences, products, etc. away from making a compromise
choice through reducing uncertainty. This surmise is partially supported by evidence
suggesting that the compromise effect is stronger in presence of uncertainty (Chernev,
2004; Simonson, 1989) and in forced-choice decision tasks (Dhar & Simonson, 2003).

Furthermore, the results show that participants tend to believe in the rational design
of product lines®™" and estimate a bell-shaped distribution of market demand over

market alternatives. Therefore, rational participants may not directly match their

ckvill That is, the menu is believed to convey information about the absolute location of

other consumers’ preferences.
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estimated relative standing in taste distribution to a product’s relative rank in the market
to make a purchasing decision, since the distribution of market demand over available
products is perceived as non-uniform. Therefore, choice predictions made from the rank
order decision rule require consideration of consumers’ estimates of the population
distribution of market choices. This suggestion in turn demonstrates that the compromise
tendency in choice may not be purely driven by the false consensus effect in preferences.
The bell-shaped estimated choice distributions also play a role.

The conjecture that the direct matching strategy is inferior to the comprehensive
approach as an account of actual choices did not receive empirical support. The direct
matching method predicts purchase choice better than the comprehensive approach does.
Seemingly, participants are more likely to directly match their relative standings in the
distribution of population’s tastes to relative ranks of market alternatives, without
considering market demand over products. However, as assumed in the proposed models,
the final choice is often not solely determined by the rank order decision rule. The
observed contradiction may merely reflect the fact that there exist other drivers of choice.
Again, although there is a considerable amount of evidence in favour of the rank order
decision rule in the literature (e.g., Burson, 2007; Gershoff & Burson, 2011; Prelec,
Wernerfelt, & Zettelmeyer, 1997), the present experiment study is the first one that
examines the relative success of the two versions of the rank order decision rule.

Analysis of choice and preferencese of products empirically confirmed that
preferencese are consistent with choice. Firstly, the average preference ratings of chosen
products are higher than those of other products for all product categories. In addition, a
substantial fraction of participants rated the chosen products higher than any other choice
alternative. Together, results appear to suggest that choice and preferencese mirror each
other. However, the finding that chosen products usually receive higher preference ratings
does not necessarily mean that participants choose product with higher preferencese.
Since preferencese were measured after choice, the possibility that participants modified
their preferencese to align with past choice cannot be ruled out. This possibility is
consistent with much experimental research in psychology (e.g., Sharot, Fleming, Yu,
Koster, & Dolan, 2012; Sharot, Velasquez, & Dolan, 2010; Johansson, Hall, Sikstrom, &
Olsson, 2005) and biology (e.g., Sharot, de Martino, & Dolan, 2009). Therefore, the
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interpretation of the results about the connection between preferencese and choice needs
to be cautious.

The study has a number of limitations. First, as noted before, the experiment cannot
directly test the predictions of the proposed models, owing to technological limitations
such as an inability to provide a real product to participants for learning and the difficulty
in adopting a repeated choice paradigm (where participants need to repeatedly perform
same choice tasks). Secondly, the nature of an online experiment makes it hard to ensure
that participants are attending during the experiment, although | have tried to minimise
this problem by checking the completion time. Thirdly, without knowing participants’
preferencesy, it is impossible to directly examine whether the rank order decision rule can
successfully guide people to make an optimal decision as well as how inaccurate
estimations about one’s own relative position in the population distribution (with respect
to tasks) affect choice optimality. Last, the compromise effect found in the experiment
only suggests that consumers tend to prefer products placed close to the middle in a menu.
This observation, however, is not enough in itself to show whether the compromise effect

results from a deviation of choice from preferencesy (or preferences)).



Chapter 5: Conclusion

Individuals often depart from the narrow sense of rationality assumed in mainstream
economics. One example is seen in people’s susceptibility to context effects, such as the
classic compromise effect investigated in this thesis. Such findings apparently violate the
predictions of standard economics, which assumes that rational agents will make choices
directly based on their pre-existing underlying preferences that satisfy a set of standard
axioms, and hence that choices should be context-independent.

An important issue is the extent to which the compromise effect survives experience.
In the case of consumer choice, for example, there are implications for whether or not
firms will be able to exploit consumers’ susceptibility to context effects. If the
compromise effect disappears with sufficient learning in the marketplace, firms will not
be able to exploit experienced consumers in the market equilibrium (also they might be
able to exploit some fraction of consumers who are an experienced). If on the other hand
it survives learning and market experience, there may be an opportunity that firms can
take advantage of, which likely resulting in consumer detriment.

A key limitation of most existing model of context effects, the compromise effect
in particular, is that they fail to consider the effects of experience and learning in a
sufficiently explicit way, and hence do not shed sufficient light on the above issues. This
thesis therefore aimed to address three key questions regarding contextual influences on
choice. (1) Can people with context-independent underlying preferences nevertheless be
susceptible to influence by market/choice context and, if so, why? (2) Under what
conditions will context effects (not) persist in market equilibrium even when consumers
have extensive market experience? Moreover, is there any factor other than preferencesu
that affects final purchasing choices and may potentially contribute to the compromise
behaviour? (3) What is the potential impact on consumers’ well-being if a profit-
maximising firm reacts optimally to consumer bounded rationality?

To address these questions, two models were developed and an experiment was
conducted. The first model explored the possibility that the compromise effect arises not
from attribute trade-offs, uncertainty about market options or unstable preferences, but
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instead from biased preference learning in the market due to false consensus effects.
Developing Wernerfelt (1995), the model introduced a new preference type, preferencesn
(norm-based preferences), to represent the idea that consumers treat menus of market
options as informative and tend to leverage them to assist decision making. Simulations
of this model demonstrate that the compromise effects may exist in market equilibrium
(after learning) when consumers choose rationally based on their learned preferences. The
model simulations also show that it can be profitable for a monopolist to distort menus.
However, this conclusion was highly dependent on choice of parameter values and market
contexts.

A second model addressed a number of limitations of the first model. In particular,
(@) the first model predicted implausible patterns of consumer choices as the attribute
values of available products move towards the upper end of the attribute space; (b) the
effect of market-based inferences was rather weak in the first model, and (c) the first
model adopted an implausible method of preference learning which, once complete, did
not allow any further change.

Model 2 retained the assumptions about preferencesy and preferencesn with false
consensus, while employing a classical explore-exploit framework. The approach
assumes that at any given choice point, false-consensus consumers will either exploit (on
the basis of their preference;, which is formed by their past choices) or explore (on the
basis of preferencesn). An additional feature was that item choice will lead to subsequent
inhibition of market options, making them less likely to be chosen on subsequent
occasions. Computational exploration of this second model reproduced the compromise
effect and showed that firms may have an opportunity to take advantage of biased
consumers by distorting market of options available to consumers.

Finally, an empirical study offered an initial exploration of the validity of the basic
assumptions of the models. Results generally supported the assumption that people tend
to believe that they are nearer to the average of the population in terms of tastes than they
actually are. The sizes of estimation errors were, however, not significantly associated
with self-reported levels of knowledge. Secondly, a tendency for participants to choose
products placed around the middle of the ordered set was observed for all product

categories, indicating presence of a compromise effect. Thirdly, a series of tests of the
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assumption of the rank order decision rule indicated that participants normally expect a
rational design of product lines, but assume a bell-shaped distribution of market demand
for products. However, experimental results showed that the direct matching strategy
better predicted choices for all product categories.

5.1 Conclusion

This thesis adds to the existing literature by offering an account of how the
compromise effect may reflect rational responses to information provided by market
contexts. In relation to the three research questions outlined above, the following
conclusions are drawn. First, regarding the question of why people with context-
independent preferencesy may still exhibit the compromise behaviour, it is concluded that
the conscious inaccessibility of absolute values of the preferencey that motivates people
to learn their true preferences in the market through consuming market offerings may lead
them to believe that the middle option is optimal. This is because individuals who treat
the product line as informative and tend to use it to facilitate decision making are likely
to generate biased estimates of their relative standing in the population’s taste distribution
due to the false consensus effect. This conclusion was established in Simulation 1 (Section
2.3.2.2), Simulation 2 (Section 2.3.3.1 and 2.3.3.2) and Simulation 3 (Section 2.3.4.2) in
Chapter 3 as well as Simulation 1 (Section 3.4.2.3), Simulation 2 (Section 3.4.3.2) and
Simulation 4 (Section 3.4.5.1) in Chapter 4. Specifically, in both models, all simulation
results show that decision makers who do not use the rank-order decision rule at all act if
they are fully aware of their preferencey and can make decisions solely based on it.
Conversely, consumers who employ a market inference strategy, deriving from flawed
estimates of their own relative position in the population distribution, display a strong
tendency to choose the compromise option, despite having a context-independent
preferenceu. Accordingly, the present thesis argue that context-dependent behaviour does
not necessarily stem from a lack of innate, stable preferencesy and it thus cannot be used
as an evidence of preference instability or irrationality.

The second question that concerns conditions for the compromise effect to persist
or disappear in market equilibrium where consumers have extensive market experience

can be answered by the simulation results in the present thesis. Briefly speaking, results
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obtained in Simulation 2 (Section 2.3.3.1 and 2.3.3.2) and Simulation 3 (Section 2.3.4.2)
in Chapter 2 and Simulation 2 (Section 3.4.3.3) and Simulation 4 (Section 3.4.5.3, 3.4.5.4
and 3.4.5.5) in Chapter 3 clearly lead to the conclusion that experience per se cannot
eliminate the compromise effect as long as preference learning in the market is biased
(due to the false consensus effect). The proposed models therefore contrast with existing
theories that predict that the compromise effect will inevitably disappear when uncertainty
is resolved. Yet, phenomena such as the observed upward trend in food portion size and
intake (see Chapter 1) may reflect the possibility that context effects, including the
compromise effect, may persist in a market that involves experienced consumers.

Further, results presented in Chapter 2 show that the compromise effect will no
longer appear when market contexts are too unfavourable with respect to decision makers’
preferencesu. This is because unpleasant signals sent from the preferencey become more
salient when market alternatives get more unsatisfactory. Simulation results in Chapter 3,
however, suggest that the changes in the intensity of the compromise effect due to
contextual changes depend largely on the measurement approaches. Therefore, there is no
certain pattern about changes of the compromise effect predicted in Model 2. That being
said, all simulation results in Chapter 3 show that the compromise effect will never
disappear because in the second model, consumers’ unpleasant memories about bad
products decays over time, which make them possibly choose the undesirable compromise
option when exploring, especially for those who have a false consensus bias.

In addition, the extended second question which asks about any factor other than
preferencesy that influences final choices and may potentially yield the compromise
behaviour is also answered in the thesis. As noted above, all simulation results in Chapters
2 and 3 clearly demonstrate that social norms may lead to the compromise effect through
biasing market inferences. In the two proposed models, social norms is the key factor that
purges the compromise effect in equilibrium under some (or all) market contexts.

Last, the question concerning the monopolist’s profit-maximising strategy in setting
the product line, and the effect of this strategic reaction on consumers’ welfare in
equilibrium is also solved. The thesis concludes that when the firm can benefit from
selling products with larger attribute values, there is an incentive to exploit the equilibrium

compromise effect and incur the detriment of consumers. Conversely, in the case where
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prices and marginal costs are constant across all feasible products, the monopolist will not
engage in context distortion since all products bring equal profits. This conclusion is
supported by results in Simulation 3 (Section 2.3.4.4 and 2.3.4.5) in Chapter 2 and in
Simulation 1 (Section 3.4.2.5, 3.4.2.6 and 3.4.2.7), Simulation 3 (Section 3.4.4.1, 3.4.4.2
and 3.4.4.3), and Simulation 4 (Section 3.4.5.6, 3.4.5.7 and 3.4.5.8) in Chapter 3. This
result is consistent with Kamenica (2008) and Sharp, Staelin and Huber's (2008)
theoretical prediction, which suggests that a profit-maximising firm may introduce a
premium loss leader to the market, aiming to promote sales of more profitable products.
Kamenica’s (2008) finding, however, only holds when a sufficient amount of
inexperienced consumers exists in the market. Our results complement Kamenica’s (2008)
study by showing that context distortion can occur in the market full of experienced

consumers.

5.2 Limitations, directions, and relation to previous research

The experiment differs from previous studies on the compromise effect in a number
of ways. Firstly, in contrast to many empirical and theoretical studies of the compromise
effect that use more than one product attribute (e.g., Pocheptsova, Amir, Dhar, &
Baumeister 2009; Simonson & Tversky, 1992), products within a category only differed
in one attribute dimension in the present studies. Thus, there was no manipulation or
exploration of attribute trade-offs. Secondly, throughout the experiment, numeric attribute
representations of products were not presented to participants. Instead, only information
about the ordinal position of products was shown. This design was employed to avoid
unexpected influences of numerical values on participants’ evaluations and choices.

Thirdly, the present experiment did not manipulate the effects of contextual change
on choice of options, i.e., it did not use a between-subject design to compare the choice
share of the same product in different sizes of choice sets. This is because one of the

arguments made by the proposed models is that the compromise effect may still be
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observed when contextual changes do not involve a change in the size of a choice set® .
Hence, in order to test the models’ predictions about consumer choice with present
experiment data, sizes of choice sets are best kept constant, whether context is
manipulated or not. In addition, since attribute values of products were hidden from
participants, comparing choice shares gained from two seemingly identical sets is
senseless, unless the experiment adopts a within-subject design and participants are
instructed that one set of products is, on average, larger in attribute magnitudes than
another. Last, unlike most existing experiments on the compromise effect (e.g., Prelec,
Wernerfelt, & Zettelmeyer, 1997; Sheng, Parker, & Nakamoto, 2005), participants in the
present experiment were given a no-choice option for all questions about purchase
decisions. This unforced choice paradigm was used to avoid the possibility that the
compromise effect is driven by a feeling of difficulty in choice tasks.

Future work will be needed to address a number of limitations of the current
research on modelling the compromise effect. First, a more comprehensive model will
need to incorporate the idea that exploration-based choices will likely become relatively
less frequent as consumers become increasingly experienced within a domain. The extent
to which reduction in exploration maximizes utility will of course depend on the
frequency with which choosers’ preferences on the one hand, and the choice environment
on the other, change over time.

Secondly, and relatedly, incentives on firms will depend greatly on the proportion
of inexperienced and experienced consumers within the market place. Further theoretical
explanations will be necessary to get a full understanding of the relevant contingencies.

Thirdly, a major limitation of the current work is that it assumes the existence of a
single firm which has a monopoly advantage. It is of practical importance to understand

chix As discussed in Chapter 1, many theoretical accounts of the compromise effect (e.g.,
Guo, 2016; Kamenica, 2008) only work in a situation where the size of a choice set was
enlarged after a contextual change. Therefore, they may fail to explain or predict a possible
market scenario where the compromise effect arises when the size of menu remains the same

after change.



224

the conditions under which the exploitation potential that the present work identifies can

be removed or reduced by market competition and/or regulation.
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