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What is an emotion?
Izard: “Emotion consists of neural circuits (that are
at least partially dedicated), response systems, and
a feeling state/process that motivates and organizes
cognition and action. Emotion also provides
information to the person experiencing it, and may
include antecedent cognitive appraisals and
ongoing cognition including an interpretation of its
feeling state, expressions or social-communicative
signals, and may motivate approach or avoidant
behavior, exercise control/regulation of responses,
and be social or relational in nature.
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Emotions
 Are experienced (only partly consciously)
 Are relatively transient
 Are caused by important (goal-relevant) stimuli
 Make us focus attention
 Affect perception and processing of information
 Have physiological, cognitive and behavioral
components
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Some useful distinctions
 integral emotions vs. incidental emotions
 anticipatory emotions vs. anticipated emotions
vs. experienced emotions
 positive emotions vs. negative emotions
 high activation vs. low activation
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Recal Expected Utility Theory
 Consider choice between options with uncertain
monetary outcomes
 Choosing option x will give us wealth level of xH
with probability p and or xL otherwise
 choosing option y gives us yH with probability q and
yL otherwise.
 EUT says: there is an increasing utility function u
such that x will be chosen rather than y iff
pu(xH)+(1-p)u(xL)> qu(yH)+(1-q)u(yL)
 Risk aversion (non-degenerate lottery is worth than
its expected value) results when u is concave.
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Utility vs. Pref. (Lichtenstein and Slovic)
 Ss given two options:
o P bet: 29/36 probability to win $2
o $ bet: 7/36 probability to win $9
 Two conditions:
o Choose one: Most prefer P bet
o Value the bets: Most value $ bet higher
 Ordering by cash equivalents not consistent
with revealed preference
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Choose between these options
Option A
3000 with pr. 100%

Option B
vs

4000 with pr. 80%, 0 oth.

And these:

Option C
3000 with pr. 25%, 0 oth.

Option D
vs

4000 with pr. 20%, 0 oth.
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Option A
3000 with pr. 100%

Option B
vs

Option C
3000 with pr. 25%, 0 oth.

4000 with pr. 80%, 0 oth.

Option D
vs

4000 with pr. 20%, 0 oth.

But EU(A)=4EU(C) and EU(B)=4EU(D), so
this choice pattern violates EUT (Allais
Paradox; certainty effect)
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Problem 1: A disease is expected to kill 600 people
if we do nothing
 If Program A is adopted, 200 people will be
saved
 If Program B is adopted, there is 1/3 probability
that 600 people will be saved, and 2/3
probability that no people will be saved.

Which of the two programs do you favor?
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Problem 2: A disease is expected to kill 600 people
if we do nothing.
 If Program C is adopted 400 people will die
 If Program D is adopted there is 1/3 probability
that nobody will die, and 2/3 probability that
600 people will die.

Which of the two programs do you favor?
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Problem 1: A disease is expected to kill 600 people
if we do nothing
 If Program A is adopted, 200 people will be
saved [72%]
 If Program B is adopted, there is 1/3 probability
that 600 people will be saved, and 2/3
probability that no people will be saved. [28%]
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Problem 2: A disease is expected to kill 600 people
if we do nothing.
 If Program C is adopted 400 people will die
[22%]
 If Program D is adopted there is 1/3 probability
that nobody will die, and 2/3 probability that
600 people will die. [78%]
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Findings difficult to reconcile with EUT
(See Starmer, 2000)
 Small chance seems considerably better than
no chance
 As a result lotteries surprisingly attractive
 Complete certainty seems considerably
better than virtual certainty.
 As a result overly costly insurance (even of
low-value items) surprisingly attractive
 Losses with respect to status quo seem very
aversive
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One possible solution: Prospect Theory
(Kahneman and Tversky)
 Utility function defined on changes wrt the
status quo, not on final wealth levels
 Losses loom larger than gains
 Non-linear weighting of probabilities. For
two-outcome non-negative
prospects:𝑤(𝑝)𝑢(𝑥𝐻 ) + (1 − 𝑤(𝑝))𝑢(𝑥𝐿 )
 (thus EUT has w(p)=p)
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Typical probability weighting function under
Prospect Theory
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 Such an inverse-S pattern found by Wu and
Gonzales (1996), Abdellaoui (2000), Booij and
van de Kuilen (2006) and others
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Inverse-S: caveats
 all papers report substantial heterogeneity
 some early papers finding inverse-S had very
low n
 many find other median and modal patterns
(often convex PWF) or otherwise report results
inconsistent with well-defined inverse-S…
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 van de Kuilen and Wakker (2011), Qiu and
Steiger (2011), Goeree et al. (2003), Blavatskyy
(2010),

Birnbaum

and

Chavez

(1997),

Humphrey and Verschoor (2004), Fehr-Duda et
al. (2010), Etchart-Vincent (2004, 2009)…
 most based on hypothetical questions
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Probability weighting in different domains
 health risks, career risks, ethical integrity
risks…
 yet very few attempts to compare probability
weights
 Berns et al. (2007): PWF for (real) electric
shocks similar to that for money found in other
studies
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 Bleichrodt and Pinto (2000): PWF for life years,
large deviations from linearity
 Abdellaoui and Kemel (2014)—probability
weighting function was more elevated and less
sensitive to probabilities for (real) delay time
than for money.
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Should PWF be different in different domains?
 the normative benchmark is always the identity function
 in the PT explanations of the inverse-S in terms of
"diminishing sensitivity"
 (psychophysical explanation, changes close to the
natural reference point perceived as larger)
 perhaps should work similarly in diff. domains
 alternatively, Loewenstein et al. (2001): emotions react
to mere possibility
 hypothetical experiments by Rottenstreich and Hsee
(1999): extreme insensitiveness between 1% to 99% in
"affect-rich" domains (kiss from a movie star)
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Krawczyk (2015): the goals
 elicit probability weights in a large sample,
account for subjects’ heterogeneity.
 vary the stakes, in order to explore the role of
incentives
 investigate various reward domains:
o standard, monetary rewards
o affect-poor vouchers
 affect-rich vouchers
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Online pilot
 subjects asked to indicate for each of six types
of vouchers, each worth PLN 200 (ca. 50 euro):
o What amount of cash considered equiv.
o How excited they would be about the
possibility of receiving such a voucher
 Same cash equivalent, differentiated affect for
o Sodexo leisure & recreation

vs.

o local discount supermarket Stokrotka
24

Design
 iterated Price List technique & the midweight
method (van de Kuilen and Wakker, 2011).
 in the first two rounds outcomes equally spaced
in utility (see Wakker and Deneffe, 1996),
found
i.e.
such x0, x1, x2 that
 u(x2)-u(x1) = u(x1)-u(x0) > 0
where u: R→ R is a strictly increasing,
continuous utility f.
 this was done by a series of choices between
risky options Left and Right
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Price Lists
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x0=100. We’re looking for such a witching point x1
that
𝑤(. 25)𝑢(𝑥0 ) + (1 − 𝑤 (. 25))𝑢(50)
= 𝑤(. 25)𝑢(𝑥1 ) + (1 − 𝑤(. 25))𝑢(30)
so that
(1 − 𝑤 (. 25))(𝑢(50) − 𝑢(30))
𝑢(𝑥1 ) − 𝑢(𝑥0 ) =
𝑤(.25)
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 enforced consistency (single switching point)
 “second iteration” to get a more refined choice
 in round 2 same probabilities and lower
outcomes, but higher outcome in option Left
replaced by x1 elicited in the previous round
if the subject is indifferent at some x2, we get
𝑤(. 25)𝑢(𝑥1 ) + (1 − 𝑤 (. 25))𝑣(50) =
𝑤(. 25)𝑢(𝑥2 ) + (1 − 𝑤(. 25))𝑢(30),
𝑢(𝑥2 ) − 𝑢(𝑥1 )
(1 − 𝑤 (. 25))(𝑢(50) − 𝑢(30))
=
𝑤(. 25)
= 𝑢(𝑥1 ) − 𝑢(𝑥0 ),
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Elicitation of probability weights
 x0, x1, x2 are equally spaced. Consider now the
choice between
 x1 for sure vs. p: x2, 1-p: x0
 if indifferent, p has the weight of .5.
 analogously we get w-1(.75), w-1(.875), w-1(.25),
and
w-1(.125),
 consistency check in Round 8
 additional visual aid (roulette wheels)
 random round picked for real payment
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Discussion of the design
 vouchers/gift

certificates

used

in

many

experiment previously
 strong evidence they are treated as much less
fungible than cash
 midweight method: nonparametric and efficient;
I was not so much interested in the utility
function.
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Treatments
 Sodexo vs. Stokrotka vs. Cash.
 vouchers described in the instructions
 relevant name on each screen
 stakes
o x0=100 (high stakes)
o x0=40 (low stakes)
 round orders balanced (no effect)
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Subjects and procedures
 Laboratory

of

Experimental

Economics,

University of Warsaw.
 subjects from the local subject pool
 informed that rewards could take the form of
vouchers rather than cash
 a typical session would involve 20-24 subjects,
all in the same treatment.
 in total, 26 sessions with 522 subjects
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Subjects and procedures (cont’d)
 ninety-nine (18.9%) excluded from analysis
because violated stochastic dominance
 (similar exclusion rates e.g. in van de Kuilen
and Wakker, 2011)
 Half were male and half studied economics.
 Duration: ca. 1 hour
 Mean earnings 114 PLN in the high stakes
 60 PLN in the low stakes
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Table 1 Number of subjects per treatment
Low
High
Total
stakes
stakes
Cash
54
51
105
Sodexo
60
112
172
Stokrotka 63
83
146
Total
177
246
423
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Utility function: no impact of treatment on
convexity
Stakes

Low
(x0=40)
High
(x0=100)

Reward
type
Cash
Sodexo

Mean
x1
82.3
76.6

Median
x1
78.5
70.7

Mean
x2
123.9
112.4

Median
x2
119.2
103.0

Stokrotka
Cash
Sodexo

75.2
171.0
178.6

70.2
160.4
170.8

111.3
240.2
255.1

100.4
220.8
237.5

Stokrotka

186.6

175.0

266.1

250.0
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Low, Cash

Low, Sodexo

Low, Stokrotka

High, Cash

High, Sodexo

High, Stokrotka

50.0 100.0 150.0 200.0 250.0

50.0 100.0 150.0 200.0 250.0

50.0 100.0 150.0 200.0 250.0

400.0
300.0
200.0
100.0
0.0

400.0
300.0
200.0
100.0
0.0

x1
x2

linear utility function

Graphs by high_stakes and Treat

Scatter plots of x1 and x2, by treatment

37

1
.8
.6
.4
0

.2

probability

0

.2

.4
Cash Low
Sod Low
Sto Low
correct

.6

.8

1

Cash High
Sod High
Sto High

Probability Weighting Functions, by treatment
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Tests of treatment effects in PWFs
Prob.
.125
.250
.500
.750
.875

cash vs. vouchers
Sodexo vs. Sto.
High stakes
-2.242 (.0249)
-1.591 (.1116)
-2.418 (.0156)
-1.712 (.0869)
-2.541 (.0111)
-2.265 (.0235)
-2.508 (.0112)
-2.239 (.0251)
-2.096 (.0360)
-2.000 (.0454)

.125
.250
.500
.750
.875

Low stakes
(.8650)
.066
(.7315)
.822
(.4430)
1.182
(.5383)
1.422
(.5116)
1.166

.170
.343
.767
.615
.656

(.9476)
(.4109)
(.2371)
(.1551)
(.2435)
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Probability weights: regression analysis
w-1()
(1)
(2)
Cash Low
-0.0056
0.0139
Cash High
-0.0936*** -0.0814***
Sodexo Low -0.0077
0.0116
Sodexo
-0.0508**
-0.0404*
High
-0.0454
-0.0241
Stokrotka
Low
.250
0.1016*** 0.1016***
.500
0.2921*** 0.2921***
.750
0.4575*** 0.4575***
.875
0.5387*** 0.5387***
Order:
-0.0023
-0.0061
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low1st
Male
Econ
q_risk
q_educ_mo
n
q_income
q_year
_cons
N
R2
Legend:

0.3355***

-0.0119
-0.0323*
-0.0283***
0.0138
0.0000
-0.0055
0.3874***

2120
2120
0.5112
0.5277
*p< .1; ** p< .05; *** p< .01
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Subadditivity

 Bleichrodt and Pinto (2000): PWF lower-subadditive if
slope on the first interval (here: PWF values between
0 and .125) > slope on the second interval (.125 to .250).
 (“possibility effect”, will be there for functions concave
for low p)
 upper-subadditive if slope on its last interval (here PWF
values between .875 to 1) > slope on the second-to-last
(.750 to .875),
 (“certainty effect”, will be there for functions convex for
high p)
 only 21.3% of subjects were lower-subadditive, 60.0%
were upper-subadditive
 14.7% combined the two (being inverse-S)
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Discussion: why did we not observe the inverse-S
Weak tendency to switch in the middle (could not
explain convexity anyway); see also v. d. Kuilen
and Wakker (2011)
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Inverse-S in previous studies: Gonzalez and Wu
(1999)
Gamble
p% for $100; (1-p)% for $0
p% for $100; (1-p)% for $0
p% for $100; (1-p)% for $0
p% for $100; (1-p)% for $0
p% for $100; (1-p)% for $0
p% for $100; (1-p)% for $0

Sure thing
$0
$20
$40
$60
$80
$100
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Other differences
 I used real and sizable incentives
 (hypothetical or very low in previous studies)
 PWF closest to linear for high cash payments
 Stewart et al. (2014): “decision-by-sampling”:
distribution of stimuli shapes perception
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Other possible problems
 electronic randomization devices used, not dice;
could subjects be suspicious?
o not reported in post-exp. questionnaire
o would lead to complete insensitivity to
probability
 strategic reaction to linked questions
o again, not a trace in post-exp. quest.
o inconsistent with the fact that w-1(.5) elicited
in Round 8 (known to be the last one, so no
reason to lie) was quite a bit higher than the
one obtained in Round 3.
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Conclusions
weights may

 probability
differ between
domains
 less fungible and less exciting rewards seemed
to discourage gambling
 can help us understand differences in
willingness to take risks in various domains
 e.g. the same person overpays for insurances
and gambles
 traditional explanation: inverse-S
 but PWF shape depending on fungibility and
affect can explain it as well
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Investment under immediate vs. delayed
resolution of risk: an experimental study
(with Frans van Winden and Astrid Hopfensitz)
 Timing of resolution matters because of
emotions
 Examples
o investment projects: hit-and-run vs. longterm
o insurance: why would you buy a bike
insurance?
o medical tests: pre- vs. postnatal health tests
o lotteries: scratchcards vs. lotto
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 EU theory: value of information is non-negative
 planning motive (e.g. Markowitz)
 non-EU theories (RDU, CPT): little to add
 Kreps & Porteus (1978): intrinsic preference for
timing
o no psychological underpinning
o no influence of anticipatory emotions
allowed
 Caplin & Leahy (2000): model of anticipatory
anxiety
 Wu (1999): RDU-based model of anticipatory
emotions
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Some empirical literature
 Chew & Ho (1994): if small probability of gain
(‘hope’) › attraction to delay
 timing pref. not correlated with risk attitude
 Lovallo & Kahneman (2000): if small
probability of losing (‘fear’) › aversion to delay
 Albrecht & Weber (1996): pref. for early res.
 Abdelloui et al. (2007): shape of PWF depends
on timing: small probability weights larger
under immediate
 All these used hypothetical incentives
 Eliaz & Schotter (2007): some willingness to
pay - for real - for earlier resolution
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Experimental design - investment

 Investment task: Allocate 20 € between a safe (A) and a
risky (B) project
 Treatments
o probability of gain in risky project: High vs. Low
o resolution of risk: Immediate vs. Delayed (2 days)
 Low Prob condition:
o project A: 1.2 € per euro invested
o project B: 9 € per euro invested with p = 0.2, else 0
 High Prob condition:
o project A: 1.2 € per euro invested
o project B: 2.25 € per euro inv. with p = 0.8, else 0
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Experimental design - novel features
 Substantially delayed risk resolution
 Own money—real losses possible
 Quasi-continuous choice
 Emotion measures: anticipated, experienced,
recalled
 Trait measures: anxiety (STAI), sensation
seeking, risk attitude (life domains)

53

Experimental design - sequence of events
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Experimental procedures
 CREED lab – University of Amsterdam
 computerized and anonymous
 web questionnaire filled out before first session
 two sessions (Mon/Wed, Tue/Thur)
 paid by bank transfer afterwards
 128 participants
 52% econ, 26% women, average age 22.4
 net earnings about 25 € (+ 5 € show-up fee);
large variation (including real losses)
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Investment predictions EUT and CPT
 Planning motive negligible
 EUT & CPT predict: no impact of timing &
indifference
 EU of wealth predicts extreme investment
 EU of income allows for intermediate
investment
 EUT predicts lower investment under Low Prob
(larger var.)
 CPT predicts ‘extreme’ investment (little curv.
value function)
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Results
1. Investment higher in HP than in LP
2. Investment higher in Immediate (particularly
HP)
3. Except for HP-Immediate, most subjects
choose intermediate investment levels
4. About 14% show a clear time preference
o virtually all prefer immediate resolution
o mean WTP ca 4.5 %-points (2.57 euro)
 Results 2 & 4 run against EUT and CPT
 Result 3 runs against (calibrated) CPT
 EU generates v. poor predictions on individual
level
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Model predictions: Wu (1999, modified)
o Cognitive over- or under-weighting of
probabilities
o Related to hope/anxiety
o Preference for Immediate and more risk
taking under Immediate for large/moderate
p's
o Pref. for Del. and more risk taking under
Del. for small p's
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Factorizing anticipatory emotions
 Two factors explain over 60% of the variance
o Positive Emotion Factor {hope, excitement,
feel good}
o Negative Emotion Factor {worry, feel bad,
want to know}
 Determinants of investment
o Higher investment under HP, but part of the
effect now explained by emotions
o Lower investment under Del., not explained
by emotions
o Negative emotions significant in all
treatments
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 Positive emotions (PEF) only significant under
HP Immediate
 Also negative emotions have greater impact
under Immediate
 Explanatory power of the model much higher

60

Summary and conclusions
 People generally prefer immediate resolution
and take more risk with such resolution,
especially when probability of the good
outcome is high.
 This cannot be explained by standard theories.
 Theories incorporating emotions (Wu) make a
reasonable good job predicting behavior of
subjects...
 ….but self-reported emotional reactions do not
fit the models closely...
 …but still emotions do predict behavior.
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 Anticipatory emotions might play a different
and bigger role when stakes are high...
 ... and in naturally "affect-rich" domains.
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The role of anticipated emotions: regret and
disappointment theories
(Bell, Loomes and Sugden, Mellers et al.)
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The impact of induced emotions on risk taking.
https://www.youtube.com/watch?v=SU7NGJw0kR8
https://www.youtube.com/watch?v=F-bsf2x-aeE

Two prominent, competing theories on the
relationship between affect and risk-involving
decisions: the mood maintenance hypothesis and
the affect infusion model.
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Mood maintenance hypothesis
(Isen & Patrick, 1983, Hockey, Maule, Clough &
Bdzola, 2000; Kliger & Levy, 2003…)
 suggests that positive affect leads to risk-averse
beh. and negative affect to risk-seeking beh.
 Proposes that positive emotional states
encourage people to minimize the chances of a
loss by avoiding risk.
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 Williams, Zainuba & Jackson (2003) studied
managers and found out that while influenced
by positive emotions they perceived a risky
situation more optimistically. Yet, they
remained rather conservative in their decisions.
 In the reverse situation they were more willing
to take risk because they reasoned they had
nothing to lose.
 One way to model this is that positive mood
strengthens loss aversion
 You are not only losing a gamble but also your
positive emotional state
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Affect infusion model
(Forgas, 1995, Au, Chan, Wang & Vertinsky 2003;
Grable & Roszkowski, 2008; Hirshleifer &
Shumway, 2003; Johnson & Tversky, 1983; Levy
& Galili, 2008; Yuen & Lee, 2003).
 It is the negative mood that triggers risk
aversion.
 Individuals experiencing negative emotions
perceive risk-related gains more negatively and
therefore they are more likely to avoid risk.
 They perceive the world as a threatening and
therefore are more cautious (Williams et al,
2003).
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 Negative emotions may also change the way an
individual processes information during
decision making.
 According to Schwarz’s feelings-as-information
model (1990) negative emotions are a signal of
a problem that occurred and are a trigger for a
more systematic way of processing information,
therefore they may lead to avoidance of
spontaneous risk-involving decisions.
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 Affective generalization hypothesis of Johnson
& Tversky (1983). They propose that people
with induced negative emotions perceive
uncertainty in a more pessimistic way and
estimate probability of winning lower than
controls.
 (Mood congruence theory: perception of
potential negative outcomes is more accessible
for the subject with negative emotions and
similarly for positive ones, Carson and Adams,
1980).
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Happy-go-lucky.
Positive emotions boost demand for Lotto.
(with Zuzanna Halicka)
 Goal: to better understand the lottery paradox
 If negative emotions trigger lottery play,
especially when they were caused by previous,
unsuccessful bets, then it is difficult to stop
playing (`chasing’, see Breen & Zuckerman,
1999).
 This should inform discussions on restrictions
in advertising rules, numbers of lottery outlets
available, protection of minors and availability
of online play
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The link between emotions and risk taking in
lotteries
 has not been subject to many studies so far
 Bruyneel, Dewitte, Franses & Dekimpe (2009):
negative affect can induce lottery play.
 The lottery can serve as an instrument for mood
repair (negative mood primes a mood repair
goal).
 Based on depletion hypothesis (Baumeister,
Bratlavsky, Muraven & Tice, 1998) – attempts
to regulate negative emotions deplete the same
limited resources that are needed to resist
temptation for lottery playing.
72

Bruyneel, Dewitte, Franses & Dekimpe (2009)
 Run lab studies to verify the hypothesized
impact of negative emotions
 In study 1 they measured negative affect
immediately before participants were given the
opportunity to buy lottery tickets and some
minutes earlier.
 Negative affect predicted purchase decisions
 The fact that bad mood experienced minutes
before the decision was also important supports
the depletion hypothesis.
 In remaining studies positive or negative mood
was induced and affected purchase decisions
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 Small samples of students; lab settings, which that
can lead subjects to employ behavioral rules that
differ from the ones they employ in the field
(Harrison, List & Towe, 2007).
 Mishra, Morgan, Lalumiere & Williams (2010)
investigated impact of induced mood on video
lottery terminal (VLT) gambling.
 Subjects instructed to think about something
negative/neutral/positive while listening to
concordant music.
 Subsequently they received $20 credits and were
encouraged to play using a VLT.
 No impact on playing time or amount lost was
observed.
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Our study: methods
 Natural field experiment.
o No good-subject effect
o More heterogeneous sample
o real and artificial gambling condition may
trigger different levels of sensation-seeking,
arousal and gambling risk attitude
(Anderson & Brown, 1984).
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The choice of location
 We wanted to catch potential lottery players just
prior to purchase decision
 We initially selected seven potential locations,
at major communication hubs of the city of
Warsaw.
 Not dedicated lotto retail shops but would also
sell newspapers, cigarettes and the like,
 Shop assistants and some customers
interviewed
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Experiment proper
 Two independent variables, the valence of
induced emotions (positive vs. negative) and the
presence of gambling-related cues (gambling
context vs. non-gambling context)
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Gambli
ngrelated
cues
activati
on

Induced emotions’
valence
Positive Negativ
(Pos)
e (Neg)
GCGCPos
Neg
n=137 n=130
nGCnGCpos
neg
n=142 n=137

Gambling
Context
(GC)
NonGambling
Context
(nGC)
Additionally n=139 untreated subjects could be
considered as control group
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The treatments: the Gambling Context condition
 A raffle ticket was offered free of charge to
each customer approaching the store. A
research assistant would address them, saying:
Hello! I would like to invite you to take part in a
cost-free lottery. Every second ticket wins!
Please pick one box.
 In the GC-Pos, subjects had a lucky draw
Congratulations! You have a lucky day in
lottery! The lucky winners are given sweets
from Milka. Please help yourself a chocolate.
Have a nice day!
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 In the GC-Neg, subjects would draw a losing
lot
I'm sorry, you are out of luck today. Like I said,
only half of tickets win a prize. Unfortunately,
yours is empty. Have a nice day!
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non-Gambling Context-positive treatment

Hello! Do you know that through education in
schools the oral health of children in Poland has
recently improved? Please read this and learn why
it is important to take care for kids’ teeth in their
early years already.
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non-Gambling Context-negative treatment

Hello! Do you know that the oral health of children
in Poland is bad, even alarming? Please read this
and learn why it is important to take care for kids’
teeth in their early years already.
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Dependent variables
 Whether or not the subject purchased any
tickets (at_least_one) and how much she or he
paid for all their tickets combined
(value_of_tickets).
 In order to observe these variables, we had
another student assistant standing inside the
store, next to the cashier. He/she was pretending
to be doing an inventory of the goods, while in
fact he/she would record the target subjects’
gender and purchases.
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 People not approached by the first assistant
experimenter (typically because he/she was
busy talking to the previous customer) and
therefore not subject to manipulation, were
treated as a control group.
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Procedures
 Run on Tuesday, Thursday or Saturday when
draws for the Lotto take place.
 All four treatments each day, with balanced
number of observations.
 Treatments order was changed each day, so as
to avoid any time of the day effects.
 Each treatment was only applied once a day,
typically for some 30 minutes. About 2h during
afternoon peak in total
 No lies, no invasive manipulation, hence no
need for debriefing.
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Results: Purchase decisions in different treatments

Gambli
ngrelated
cues
activati
on

Gambling
Context (GC)
Non-Gambling
Context (nGC)

Control group

Induced emotions’
valence
Positive
Negative
(Pos)
(Neg)
15.3%
6.2%
1.21
0.32
(4.01)
(1.35)
23.9%
13.9%
2.63
1.19
(6.11)
(4.12)
10.8%
1.01
(4.10)
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 positive affect led to more frequent play and
higher average spending (but amounts spent
conditional on purchasing at least one ticket
were not statistically different)
 Surprisingly, gambling cues seem to have
diminished lottery tickets consumption
 Compared to the control, nGC-Pos induces
more lottery play
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Probit. Dependent variable at_least_one
(1)
(2)
(3)
Pos
Neg
GC
Male

1.003**
(0.328)
0.209
(0.353)
0.670**
(0.251)
NO

1.015**
(0.350)
0.233
(0.365)
0.643*
(0.293)
0.744***
(0.230)
0.097*
(0.038)

0.995**
(0.375)
0.085
(0.414)
0.434
(0.410)
0.778***
(0.240)
NO

jackpot
level/106

NO

time of
the day
day*time

NO

YES

YES

NO

NO

YES
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Tobit. Dependent variable total_value
(1)
(2)
(3)
Pos
Neg
GC
male
jackpot
level/106
time of
the day
day*time

9.421**
(2.969)
1.712
(3.053)
6.894**
(2.292)
NO
NO
NO
NO

8.766**
(3.044)
1.598
(3.045)
6.309*
(0.260)
7.071***
(2.034)
0.692*
(0.333)
YES
NO

8.532**
(3.142)
0.260
(0.330)
5.422
(3.412)
6.746***
(2.025)
NO
YES
YES
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Discussion
 Positive induced emotions lead to a greater
involvement in lottery play and higher spending
on lottery tickets.
 Result consistent with the Affect Infusion
Model – positive mood leads to risk seeking.
 Results different from Bruyneel et al.
 Perhaps because we induced emotions directly
before the task and their hypothesized
mechanism (depletion due to mood regulation
making it difficult to resist the lure of lotto) will
normally require some time to develop.
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Practical implications
 May be used to enhance marketing techniques
in order to effectively encourage lottery
playing.

 Our results also seem to suggest that point-ofsale advertising (evoking positive emotions) is
likely to be effective.
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 Given that people tend to be in a more positive
mood on the weekend (Egloff, Tausch,
Kohlmann & Krohne, 1995), it may be futile to
introduce and/or promote mid-week drawings.
 Grusser, Plontzke, Albrecht & Morsen (2007)
report that problem gamblers tend to be those
who seek relief from bad mood by playing
lottery. If so, the fact that sales were the lowest
in GC-Neg conditions—suggest low addictive
potential of lotteries.
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Beyond valence
 Lerner and Keltner (2001) measured
dispositional fear and anger or induced these
emotion
 Even though these emotions have the same
(negative valence), they lead to stark
differences in assessment of probabilities of
good vs. bad events and willingness to take risk
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Instead of a summary
 Emotions can be reliably induced
 Emotions can be measured
 Emotions can be included in formal economic
models
 Emotions matter
 They may help predict and understand
behaviour under risk
 They are fun to study
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