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Abstract

Real-life decision-makers typically do not know all possible outcomes arising from
alternative courses of action. Instead, when people face a problem, they may rely on
the recollection of their past personal experience: the situation, the action taken, and
the accompanying consequence. In addition, the applicability of a past experience in
decision-making may depend on how similar the current problem is to situations
encountered previously. Case-based decision theory (CBDT), proposed by Itzhak Gilboa
and David Schmeidler (1995), formalises this type of analogical reasoning. While CBDT is
intuitively appealing, only a few experimental and empirical studies have attempted to
validate its predictions. This thesis reports two laboratory experiments and an empirical
study that attempt to confirm the predictive power of CBDT vis-a-vis Bayesian

reasoning.

Vi



Introduction

How do investors decide whether to buy a stock or not? Investing in financial markets
can be daunting, especially to inexperienced individuals. Some investors may have very
limited market information, while those with access to multiple data sources may find it
difficult to process all available information. For example, Agnew and Szykman (2005)
showed that investors without basic knowledge of financial markets remain confused
even after financial information is presented in a simplified format, or after investment
options have been reduced. Because they are unlikely to possess actual knowledge on
all states of the world, decision-makers may instead opt to rely on information gathered

from similar experiences in the past.

The importance of a similarity notion in decision-making has long been recognised (for
examples, see Rubinstein 1988; Leland 1994; Buschena 2003). Given features of a
problem and applying analogical reasoning (Gregan-Paxton and Cote 2000), a decision-
maker may be able to match the surface and structural features® between a base
situation and the target problem. If the target event is perceived as sufficiently similar
to the base event, the individual will likely adopt the same successful act taken in the

past.

Gilboa and Schmeidler (1995) formalised case-based decision theory (CBDT) using the
concept of similarity and utility from past experience to explain behaviour. CBDT
predicts that given a new problem, a decision-maker will act based on the memory of
actions and associated outcomes in past similar situations. Before deciding, an agent
assesses the similarity of the current situation with past problems encountered, and
then recalls the actions taken in those similar situations. The theory predicts that a
decision-maker will choose a past action in similar situations with the highest similarity-

weighted sum of outcomes (Gilboa, Liebermann and Schmeidler 2006).

! Surface features pertain to the description of the individual elements of a representation, while
structural features capture the relationship among the elements of the representation (Gregan-
Paxton and Cote 2000). As a decision-maker gains experience, knowledge transfer between
decision problems becomes more largely driven by structural features, rather than surface

features (Zizzo 2003).



Under CBDT, an experience is encoded into memory as a case with triple elements:
problem p, acta and resultr. When an agent faces a new problem g, she scans
memory M for cases encountered in the past and evaluates similarity vis-a-vis p,
conditional on similarity function s. At each similar case in M, the decision-maker recalls
the act a chosen and the corresponding outcome 7.2 Given problem g, memory M,
similarity function s, and utility function u(r), available acts a’ € A are ranked based

on the similarity-weighted sum of utilities from each act:

U@)=Ugu(@) = > s@.u)
(p,a=arr)eM

Each act is evaluated over a different set of cases so that a decision-maker’s memory of
cases on one act is disjoint from her memory of cases on another act. This assumption
of act separability proposes that decision-makers maintain separate memories of
alternative actions undertaken in the past. Since an act is evaluated over past outcomes
on that act, experiences from other acts are not taken into account during decision-

making.

In decision-making, all that the theory requires is the agent’s ability to recall past cases,
and the capacity to evaluate similarity between new and past problems encountered.
Since only experienced cases are in the agent’s memory, CBDT accommodates the
possibility for ignorance (when neither outcomes nor probabilities are known). When a
new problem is entirely novel, a decision-maker is assumed to randomly choose among
possible acts. If a similar problem is repeatedly encountered, available acts are
evaluated based on the average similarity-weighted utility of each act. In this instance,
the case-based prediction converges with the expected utility from the act (Gilboa and

Schmeidler 1995; 2010; Sugden 2004).

2 |n CBDT, outcomes may also be evaluated against an endogenous aspiration level which serves
as the indifference threshold between alternative acts, and determines whether an act yields a
satisfactory outcome (Gilboa and Schmeidler 1995; 2001; Simon 1957). Given an aspiration level,
a satisficed decision-maker will tend to repeat a previous act without exploring alternative acts
(habit formation). Meanwhile, the introduction of an endogenous aspiration level (i.e., where
the threshold adjusts according to the number of successes experienced) precludes habit

formation. In this thesis, outcomes are evaluated without explicit regard for an aspiration level.



CBDT imposes minimal requirements on a decision-maker’s knowledge on the states of
the world, and appears as an outlier among decision theories in economics as it veers
away from belief formation and Bayesian updating (Sugden 2004; Gilboa and
Schmeidler 2010). Case-based reasoning, however, is not uncommon in other fields. In
artificial intelligence and cognitive science, cases are useful in deriving benchmark
solutions that are adapted to the peculiarities of a new situation (Kolodner 1992). A
nearest-neighbour is used as a starting point and the agent adapts to accommodate the
current case encountered (Zizzo 2003). As agents implement indexing or the assignment
of tags to aid in memory retrieval, they generate classification predictions through
instance-based algorithms even if only a limited number of instances are available (Aha,

Kibler, and Albert 1991).

The use of analogy between examples facilitates learning (Ross 1987). In psychology,
learners compare unfamiliar events against prototypes (instances that vary in the
degree to which they share specific properties) and exemplars (specific representations
of various instances that are more accessible to individuals than an abstract summary
description of an instance). These representations have been found to be sensitive to
both context and frequency of occurrence (Smith and Medin 1981; Nosofsky 1988;
Nosofsky and Zaki 2002).

Among learning theories in psychology, instance-based learning theory (IBLT) resembles
CBDT. IBLT was developed to explain dynamic decision-making — when decision
conditions change spontaneously and heuristics become ineffective (Gonzalez, Lerch
and Lebiere 2003; Gonzales and Dutt 2011). In IBLT, instances are encoded in memory
as a triplet (situation, decision and utility), and new situations are matched against
retrieved instances in memory. The probability of retrieval depends on both the recency
and frequency of instances. A decision-maker acquires her “blended” knowledge, learns

to attribute actions to experienced results, and later allows for generalization.

Despite CBDT’s intuitive appeal, empirical work on the validity of its predictions is quite
limited. The empirical studies here include the application of CBDT to portfolio selection
(Golosnoy and Okhrin 2008), herding behaviour (Krause 2009), home sales and rental

price determination (Gayer, Gilboa and Liebermann 2007), and price-capacity



coordination problem for firms (Jahnke, Chwolka, and Simons 2005). Pape and Kurtz

(2013) also successfully developed a computer program to implement CBDT.

There are even fewer experiments related to CBDT. Grosskopf, Sarin and Watson (2015)
compared the predictive power of CBDT vis-a-vis the max-heuristic (i.e., choosing the
action with the highest historical profit). Ossadnik, Wilmsmann, and Niemann (2013)
induced an environment with structural ignorance (where it is difficult to ascertain the
states of the world) and pitted CBDT against several decision criteria. Meanwhile,
Bleichrodt, Filko, Kothiyal, and Wakker (2015) conducted an experiment that required
subjects to choose between two real-estate investments given experimentally-induced
cases of real-estate properties. Details of these past experiments are briefly described

in Chapter 1.

While the concept of similarity is central to the decision-making process, CBDT does not
provide details on the similarity function. Since a similarity concept is derived from
preferences, it could be unique to each individual (Grosskopf, Sarin and Watson 2015).
The similarity function may also change as a decision-maker accumulates more
experiences. This makes it especially difficult to implement CBDT as proposed by Gilboa

and Schmeidler (1995).

In the studies presented in this thesis, we imposed feature-based similarity where two

objects are considered similar if a salient feature common to the objects matched.? This

3 psychology provides alternative representations of similarity. In their survey, Goldstone and
Son (2005) categorised similarity models into four: geometric, feature-based, alignment-based
and transformational. Geometric or multidimensional scaling models (MDS) measure similarity
between a pair of objects as the inverse of their measured distance. The MDS technique is useful
in revealing the underlying dimensions used by agents in assessing similarity. Meanwhile,
feature-based similarity as a linear combination of the measures of the objects’ common and
distinctive features shows the degree to which two sets of salient features match each other.
(Tversky 1977; Tversky and Gati 2004). Alignment-based models take into account how features
correspond with one another, in addition to the process of matching features. Features that
serve the same function, i.e., have relational correspondence, are deemed more similar. On the
other hand, the transformational approach to similarity assessment involves comparing the

relative ease of transforming one representation into another. Objects that require a more



strategy of treating similarity as a binary variable (i.e., two problems are either identical
or completely different) and applying across individuals, overcomes the problem of

specifying the form of the similarity function.

The three chapters presented in this thesis attempt to validate the predictions of CBDT,
i.e., whether decision-makers encode and retrieve past experiences using similarity
information, and then choose an act with the highest similarity-weighted outcome.
Chapters 1 and 2 are laboratory experiments, while Chapter 3 is an empirical paper

using retail investor data.

Chapter 1 reports the results of a paper-and-pencil experiment where colour was used
as a salient similarity cue. Participants encountered two coloured tickets (blue or
yellow), which paid earnings generated by a single mechanical randomiser. The
experimental design allowed a fair chance for either case-based or Bayesian prediction
to emerge. While the results indicate that participants categorised their past experience
using colour, participants’ ticket valuations were inconsistent with CBDT. The evidence
suggests that our participants were neither case-based nor Bayesian. Instead, we found

an exhibit consistent with the gambler’s fallacy.

In Chapter 2, we present a computer-based experiment where participants played a
two-armed bandit each framed as a coloured game board (blue or yellow). If
participants are Bayesian, decisions would correspond to the known game board
correlations (positive, independent or negative). Under act separability, participants
may neglect correlation information and decisions are inconsistent with Bayesian
reasoning. If this holds, each game board is evaluated over a set of different cases and a
separate memory for each game board is maintained so that a decision on a blue game
board is not influenced by outcomes on the yellow game board. We find that
participants’ decisions in the positive and independent treatments are qualitatively
Bayesian, but decisions in the negative treatment cannot be explained either by
Bayesian reasoning or by CBDT. However, evidence suggests that participants
systematically used past outcomes in forming expectations, but judgment did not

directly translate into the expected decision.

complex transformation procedure are considered less similar than objects whose

representations are easier to transform.



Chapter 3 presents the results of an empirical study which analyses retail investors’
stock purchases vis-a-vis memory of personal trading outcomes. We categorised retail
clients’ purchase decisions using selected salient similarity concepts: stock name,
industry sector, and broker recommendation. Our analysis reveals that retail investors
systematically used similarity information and purchased shares similar to stocks they
previously traded either at a realised or unrealised gain. The results confirm a significant

similarity effect that is not accounted for by an increase in wealth.



Chapter 1

Colour-coded decisions: an experiment on
case-based decision theory

CBDT predicts that under uncertainty, a decision-maker will choose an action in past
similar situations with the highest similarity-weighted outcome. We conducted an
experiment to compare the predictive power of CBDT and Bayesian reasoning under
objective uncertainty. Our experimental design provided a fair chance for either case-
based or Bayesian prediction to emerge. However, the results show that our
participants were neither case-based nor Bayesian. We found an exhibit consistent with
the gambler’s fallacy, a result that undermines the predictive power of CBDT.

1.1 Introduction®

CBDT proposes that a decision-maker’s experience is encoded into memory as a case
with triple elements: problem, act and result. Before a decision-maker acts, she culls
her memory for past cases and evaluates the similarity between the new problem and
past problems encountered (Gilboa and Schmeidler 1995; 2010). CBDT predicts that a
decision-maker faced with a new problem will act based on her memory of actions and
the associated outcomes in past similar situations so that the act with the highest
similarity-weighted sum of outcomes is likely to be chosen (Gilboa, Liebermann and

Schmeidler 2006).

Case-based decisions, however, may not always be behaviourally distinct from decisions
consistent with expected utility theory (EUT). Given a well-specified set of problems, a
complete mapping of all possible combinations of problems and actions into outcomes,

and a correspondence between conditional belief systems in expected utility models

# Financial support was generously provided by the Centre for Behavioural and Social Science
(CBESS). We are grateful for comments from the participants of the CBESS-CeDEx-CREED 2013
Meeting, IMPRS Uncertainty 2013 Summer School, and Nuremberg Experimental Research Days
2014 Workshop, Anna Conte, Ben Mcquillin, Anders Poulsen, Chris Starmer, and Frans van
Winden. We also thank Shiona Brereton, Mike Brock, Natalia Borzino, Bahar Ghezelayagh,
Emanuela Lezzi, Allie Mcguire, Steffie Paredes Fuentes, Melanie Parravano, Ailko van Der Veen

and Jiwei Zheng for their invaluable research and administrative assistance.



and similarity functions in CBDT, Matsui (2000) showed that EUT and CBDT yield

equivalent behavioural predictions.

Unlike decisions under EUT, case-based decision-making does not rely on an agent’s
knowledge of all states of the world and therefore imposes minimal cognitive demands
on a decision-maker. However, the theory’s proponents quickly emphasised that CBDT
complements rather than competes against EUT. EUT is plausible under risk, while CBDT
performs better under ignorance, i.e., when neither outcomes nor probabilities are

known to the decision-maker.

CBDT as analogical thinking is intuitively appealing but its predictions have not yet been
extensively validated. While a few empirical studies have been completed (for example,
see Jahnke, Chwolka, and Simons 2005; Gayer, Gilboa, and Lieberman 2007; Golosnoy
and Okhrin 2008; Krause 2009; Pape and Kurtz 2013), experimental work on CBDT is
even more limited. This is not surprising. Apart from the difficulty of behaviourally
distinguishing CBDT from EUT (Matsui 2000), CBDT rests on the notion of similarity

which is not widely studied in economics.

To our knowledge, only three studies have attempted to experimentally validate the
predictions of CBDT. Grosskopf, Sarin and Watson (2015) compared the predictive
power of CBDT vis-a-vis the max-heuristic (i.e., choosing the action with the highest
historical profit) in an ambiguous monopoly production decision setting with a variable
payoff function. In the experiment, participants decided on production choices in
several markets described as incomplete sets of market variables (presented as shapes).
Each decision was made in a market condition that is independent from the other
decisions. When profit information (feedback) was delayed, participants used similarity
cues and decisions were consistent with CBDT’s prediction; but when past profits were

known, participants resorted to the max-heuristic.

Ossadnik, Wilmsmann, and Niemann (2013) pitted CBDT against several decision

criteria.” To induce an environment with structural ignorance (i.e., when it is difficult to

5 The experiment consisted of 3 runs: A, B, and C. Based on the urn-composition, B is 2/3 similar
to A, while C is 6/11 similar to A. Ossadnik, Wilmsmann, and Niemann (2013) compared the

conformity of participants’ decisions with CBDT against the following alternative decision



ascertain the states of the world), their online repeated choice experiment involved
urns containing different ball distributions. Each three-faced ball had three colour fields
(red, black, blue) with different numerical values. Participants knew the number of balls
in the urn, but not the distribution of the colour-number combinations. Participants’
task was to choose a colour (red, black or blue) and accumulate points based on the
corresponding colour-number combination on the ball drawn. Results showed that
while CBDT performed better at predicting participants’ decisions, case-based decision-

makers earned less than the players who used alternative decision criteria.

Bleichrodt, Filko, Kothiyal, and Wakker (2015) conducted an experiment that required
participants to choose between two real-estate investments given experimentally-
induced cases of real-estate properties. Each participant’s payoff was revealed a month
after the experiment, based on the actual price appreciation of the selected property.
While participants’ decisions were aligned with the similarity-weighted returns of past
investments, results indicated a violation of CBDT’s separability axiom.® Under act
separability, each act is evaluated over a different set of cases so that a decision-
maker’s memory of cases on one act is disjoint from the memory of cases on other acts.
However, in the experiment, they found that the value attached to a real-estate
property was influenced by information on other real-estate investments despite clear

instructions for participants to treat each case separately.

In these past experiments, ambiguity in the outcome space was induced and
participants were prodded to pay attention to the similarity across the decision settings.
We designed a one-shot experiment that takes a less suggestive approach on similarity

and allowed a fair chance for participants to either use or ignore similarity information.

criteria: i) maximin (very pessimistic: choosing the colour with the highest minimum payoff); ii)
maximax (very optimistic: choosing the colour with the single highest outcome); iii) pessimism-
optimism (choosing the colour with the maximum weighted value of the lowest and highest
outcomes, with a pessimism-optimism index estimated for each individual); and, iv)
reinforcement learning model (choosing the colour with the highest propensity for selection as a
function of the frequency of successful outcomes separately determined for each run of the
experiment).

® Although admittedly restrictive, Gilboa and Schmeidler (1995) imposed the separability axiom
to “guarantee the additively separable representation” of preferences (p. 614). We attempted to

validate act separability in another experiment which is presented as Chapter 2 of this thesis.



With the aim to compare the predictive power of CBDT vis-a-vis Bayesian reasoning, we
implemented an environment that effectively induced uncertainty in the outcomes. Our
experimental design attempted to validate two predictions of CBDT, namely: i) decision-
makers encode and retrieve past experiences using subjective similarity; and ii) agents

choose an act with the highest similarity-weighted outcome.

In our two-part experiment, participants played coloured tickets (blue or yellow) which
paid earnings based on random draws from a single bingo cage containing an unknown
distribution of £20 and £0 balls. While colour was highly salient, it was not linked in any
way to the ticket earnings and was clearly uninformative on the probability of a

successful draw (£20 payoff). Ignoring colour was an easy strategy for a Bayesian player.

Given uncertainty in the ticket earnings and colour as the only similarity cue, a case-
based player is likely to code and retrieve memory of past rounds based on colour.
Gilboa and Schmeidler (2001) pointed out that the term similarity in the context of
CBDT ”should not be taken too literally” (p.36). A salient environmental cue (such as
colour) may trigger conscious similarity assessment and facilitate recall of past events.
Hence, evidence on participants’ systematic use of colour in our experiment is

supportive of CBDT, but is inconsistent with Bayesian updating.

Our results provide evidence that participants used colour in coding events during the
experiment. Blue and yellow tickets were valued differently in sessions with very few
successful draws. However, this does not hold in sessions with more frequent
successes. In addition, valuations attached to the coloured tickets were the opposite of
CBDT’s prediction: a ticket colour with fewer successes was valued more highly than a
ticket colour with more successes. The results imply that our participants were neither

case-based nor Bayesian.

The failure of CBDT in our experiment leads to an interesting exhibit (Bardsley, Cubitt,
Loomes, Moffatt, Starmer, and Sugden 2010). The pattern in ticket valuations is
consistent with the gambler’s fallacy or the erroneous belief that a lottery which had a
series of losses is bound to reverse the pattern of past outcomes (Rogers 1998). This

well-documented misperception arguably results from people’s susceptibility to derive

10



sequential patterns and offer deterministic explanations despite the known uncertainty

of outcomes (Gilovich, Vallone, and Tversky 1985; Wood 1992; Sun and Wang 2010).

The rest of the paper is organised as follows: Section 1.2 describes the experimental

design; Section 1.3 discusses the results; and Section 1.4 concludes.

1.2 Experimental design

In CBDT, a decision-maker evaluates each act in a similar situation based on the
memory of outcomes resulting from the act. In our between-subjects experiment,
participants played with coloured tickets (blue or yellow) where ticket earnings in each
round were visibly generated by a single mechanical randomiser. After playing several
sample rounds to create a set of cases in memory, each participant decided whether
she preferred to keep her ticket in the last round of the experiment or to exchange her

ticket for money.

The experiment was designed as a one-armed bandit’ with an added similarity cue.
Since earnings in each round were generated by only one bingo machine, a Bayesian
player will tend to ignore ticket colour and will perceive each round as playing a one-
armed bandit repeatedly. A Bayesian decision-maker will ignore ticket colour and put
the same value on a blue and yellow ticket based on the total number of successful
draws experienced in the sample rounds. On the other hand, systematic evidence that
participants used similarity information (colour) in decision-making is consistent with
CBDT; that is, a ticket colour with more successes in the sample rounds will be valued
more highly than a ticket colour with fewer successes. This is equivalent to a case-based

player treating a one-armed bandit as a two-armed bandit.

The paper-and-pencil experiment, set up akin to a game show, involved coloured tickets

(blue and yellow) and a white bingo cage. The use of mechanical logistics provided an

7 Bandit problems are commonly used in studies that attempt to explain decisions to explore or
exploit available actions. In an n-armed bandit, a player pulls an arm which results in either
success or failure. A player then decides which arm to pull in the next round to maximise her

total expected payoff (Gittins 1979).

11



engaging task for participants, emphasised the salience of colour as a similarity cue and

the randomness of earnings in each round.

The experiment consisted of two parts. In Part 1, participants played 10 sample rounds?®
to create 10 cases in memory.® The number of rounds was close to the median stopping
rule of participants in past learning experiments (for example, see Gonzalez, Lerch and

Lebiere 2003; Hertwig, Barron, Weber and Erev 2004).

Each session had five blue rounds and five yellow rounds that were randomly ordered,
depending on the set of tickets drawn. In addition to coloured tickets and coloured
boxes, the ”blueness” or "yellowness” of each round was emphasised by the
experimenter’s repeated announcement of the round played, and coloured light bulbs

illuminating the bingo cage.

All sessions were conducted with a lab assistant. To determine the earnings from the
ticket at each sample round, the assistant drew one ball (with replacement) from a
covered bingo cage containing 100 white balls marked either £20 or £0. Participants
knew that the bingo cage contained 100 balls, but not the distribution of the balls.®
With a 20% probability of a successful draw, £20 was both a rare and salient outcome.

At each session, all information in both parts of the experiment was publicly known.

8 Hertwig, Barron, Weber and Erev (2004), and Gonzalez and Dutt (2011) showed that the mode
of learning affects the importance attached to a rare event. Decisions from description tend to
overweight rare outcomes. Meanwhile, decisions from experience tend to underweight rare
outcomes but gave players the opportunity to learn and use base rates. Consequently, trial-by-
trial learning brings actual decisions closer to Bayesian reasoning (Hertwig and Ortmann 2001).
In our experiment, participants sampled from experience (i.e., earnings were sequentially
revealed), and imposed a stringent decision setting for CBDT to work.

9 Case-based decisions rely on memory of cases so participants were not allowed to take down
notes during the sample rounds. With only six participants per session and the synchronized
completion of each activity in each round, it was easy for the experimenter to monitor individual
participants.

10 When the instructions in Part 1 were read, participants were given the opportunity to have a
close look at the covered bingo cage and two sample balls (£0 and £20). The balls were returned
in the bingo cage before Round 1 so participants knew that the bingo cage contained at least one

£20 ball.

12



At the start of each round, participants indicated on the sample ticket their expectation
of the chance that a £20 ball will be drawn in that round. After everyone partially filled
in the sample ticket, the experimenter gave the signal to draw a ball. The assistant
announced and showed the ball drawn. After each draw, participants filled in the
earnings on their sample ticket and then dropped the coloured ticket in an opaque box
with the same colour as the ticket. Participants were aware that their total earnings at
the end of the experiment depended only on the outcome of their decision in Part 2
plus a show-up fee of £2. But participants also knew that the tasks in Part 1 provided
information about the distribution of £20 and £0 balls. The synchronized completion of
each task following verbal cues from the experimenter and the use of similarly coloured
stimuli at each round were implemented to keep the participants engaged throughout

the experiment.

Part 2 of the experiment consisted of a task that elicited participants’ valuation of a
randomly assigned coloured ticket following a BDM mechanism (Becker, DeGroot,
Marschak 1964). At the start of Part 2, each participant drew one sealed brown
envelope containing a coloured ticket and a coloured decision form from a bag. The
decision form listed 35 possible offer prices ranging from 20 pence to £20. At each offer
price, each participant decided whether she preferred to keep her ticket or to exchange
her ticket for money. Before participants filled in the decision form, one of the
participants randomly selected an offer price from a stack of 35 sealed envelopes. To
increase the likelihood of truthful willingness-to-accept responses (Plott and Zeiler
2005; Isoni, Loomes, and Sugden 2011), the instructions included an outright statement
that the participants’ answers on the decision form cannot influence the actual offer

price.

The actual offer price was revealed only after all participants submitted their decision
form. If a participant decided to keep her ticket at the offer price, her earnings were
equal to the outcome of her individual draw. Otherwise, she was paid the offer price.
Whichever the decision, each participant came forward for an individual draw
conducted in the same manner as the sample rounds. The individual draws successfully
induced emotional reactions during the experiment; occasional clapping or sighing after

each public individual draw was not uncommon.
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While the BDM mechanism assumes that agents are EU maximisers (Keller, Segal and
Wang 1993), it was unlikely that participants’ knowledge of a forthcoming public
announcement of their decision influenced their preference for a ticket colour at

specific offer prices.

After the experiment, participants filled in a questionnaire on demographic information,
gambling and investment behaviour, and colour preference. The instructions, decision

form, and selected experiment photos are in Appendix 1.1, 1.2, and 1.3.

1.3 Results

Participants were recruited from the CBESS participant pool of registered student
volunteers. Of the 176 participants, 56% were UK-born students, 14% were from other
parts of Europe, and 30% were from elsewhere. Thirty 35-minute sessions with six
participants on average were conducted from February to March 2013. Total earnings

ranged from £2 to £22, and average earnings were £8.50.

We analysed the switching point or the offer price at which a participant changed her

preference from keeping a ticket to exchanging it for money.*!

Result 1.1: Switching points increase with the number of observed successful (£20)

draws.

The mean switching point in the full sample was £5.05% and the standard deviation (SD)

was 3.04. The boxplots in Figure 1.1 depict the distribution of switching points

11 For nine participants who had several switching points, the median switching point was used
in the data analysis.

12The mean switching point exceeds the expected payoff of £4. In valuation tasks that elicit
participants’ willingness to accept (WTA) an amount of money in exchange for an item they own
(e.g., a coloured ticket), exchange aversion (Sugden 2003) contributes to the commonly
observed higher valuation. Zhao and Kling (2001) argued that if an agent is uncertain about the
value of a good, and she is asked to give up that good now (and forego the opportunity to learn
more about it), WTA could be higher than expected value. People’s tendency to overvalue a

gamble with low probability of winning a large amount is also commonly observed in preference
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(interchangeably used here with ticket valuations), conditional on the number of
successful draws experienced in the sample rounds. Excluding outliers, switching points
in sessions with three successful draws have the widest range, as shown by the distance
between the largest non-outlier (top whisker) and smallest non-outlier (bottom
whisker). Notice the pattern of increasing median switching point (middle horizontal

bar) as the number of £20 draws in the sample rounds goes up.

We also find that the timing of a successful draw has no significant influence on ticket
valuation. We compared the switching point of participants in sessions with only one
successful draw in earlier rounds (Round 1 to 5; mean=£4.12, SD=2.63; n=41) against
those with a £20 draw in recent rounds (Rounds 6 to 10; mean=£4.07, SD=2.87; n=18).
The Wilcoxon ranksum test (Siegel and Castellan 1988) revealed no significant
difference in the ranking of switching points (z=-0.380, p=0.704; n=59). We also did not
find any clustering effect: switching points for tickets with consecutive successful draws
in the same ticket colour were not significantly different from tickets without an

adjacent £20 draw (z=-1.333, p=0.182; n=18).

Figure 1.1: Switching points by number of successful draws
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Sample size 18 59 40 53 6

Result 1.2: Participants colour-coded events in the experiment, but not consistently

across sessions.

reversal experiments. See Seidl (2002) for a survey on the evidence and explanations for

preference reversal.
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The experiment was designed to determine if participants coded events into memory
using similarity information (colour). We find that average switching point for blue
tickets (£5.18) is higher than the valuation for yellow tickets (£4.92). This difference in
switching points, however, captures both a colour effect (i.e., colour-coding of events)
and the frequency of successful draws [i.e., 60% of successful draws in Part 1 occurred

in a yellow round (Y) and 40% in a blue round (B)].

To test for (pure) colour effect, we compared the switching point of participants in
sessions with a single successful draw. With only one £20 draw in either a blue or a
yellow round, colour was likely to be perceived as a salient cue (Miiller, Geyer,
Kr