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Context in
uences decision making. However, evidence on the speci�c underlying
mechanism is scarce. Since context dependence in decision making may impact con-
sumers, �rms and political agenda setters, exploring the precise mechanism through
which choices are distorted is imperative. �is paper provides evidence that expanding
the utility range of one choice dimension leads decision makers to attach less weight to
this attribute, in line with the notion of relative thinking (Bushong, Rabin, and Schwartz-
stein 2015). Context dependence is more pronounced if evaluators are female and sur-
vives extensive robustness checks. Implications for policy are discussed.

1 introduction

Cognitive psychologists propose that perception depends on context: �e same shade
of grey is perceived as dark when viewed against a light background and as light when
viewed against a dark background. Assuming that context dependence in perception
carries over to the domain of preferences implies that choice sets may a�ect prefer-
ences. A number of puzzling phenomena in individual choice can be explained when
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allowing for preferences to depend on context, among them attraction e�ects, prefer-
ence reversals and certain patterns in intertemporal decision making.
Context dependence essentially means that the composition of the choice set af-

fects the evaluation of its members; hence decisionmakers may attach di�erent utility
values to the same option depending onwhich other options are in the choice set. Tak-
ing such e�ects into account allows to explain empirical puzzles that cannot be easily
reconciled with standard decision theory. One of the most well-known anomalies
in this regard are decoy e�ects, where the presence of an inferior alternative changes
choice behavior between two pre-existing options. Models of context-dependent pref-
erences can also shed light on the famous jacket-calculator example advanced by Tver-
sky and Kahneman (1981), consisting of the observation that people are more willing
to spend a �xed amount of time in order to save $5 on a $15 rather than on a $125
purchase. In the economic literature, two recent theoretical frameworks endogenize
decision weights by relating them to the range of utility levels along a given attribute
(Kőszegi and Szeidl 2013; Bushong, Rabin, and Schwartzstein 2015).1�ough concep-
tually very similar, these two models disagree about the mapping from utility ranges
to decision weights—a feature that makes them prime candidates for testing this par-
ticular assumption.
In what follows, I propose a direct empirical test of context dependence (as mod-

eled in Kőszegi and Szeidl (2013) and Bushong, Rabin, and Schwartzstein (2015)), us-
ing data from a speed-dating experiment previously reported in Fisman et al. (2006),
Fisman et al. (2008) and Bhargava and Fisman (2014).2 I argue that this experiment
provides an ideal setup to test for these types of context e�ects. First, andmost impor-
tantly, participants meet a sequence of partners and are asked to evaluate them a�er

1Another class ofmodels is due to Bordalo, Gennaioli, and Shleifer (2012a, 2012b, 2013a, 2013b, 2015).
�eir basic intuition is that an attribute stands outmore the farther it is away from some reference level of
that attribute in relative terms. Note that this model di�ers fromKőszegi and Szeidl (2013) and Bushong,
Rabin, and Schwartzstein (2015) in important regards: �rst, not the utility range along a dimension itself
determines howmuchweight it receives, but rather the comparison of ratios across di�erent dimensions.
Second, and related, this implies that di�erent options can have di�erent ‘salience rankings’, i.e. decision
weights might di�er across alternatives. For these reasons I focus on the latter class of models and leave
empirical tests of Bordalo, Gennaioli and Shleifer’s salience theory for future work.

2All three papers are based on the same dataset. Fisman et al. (2006) describe gender di�erences
in dating behavior, documenting that men focus more on attractiveness of partners while intelligence
is more important for women. In Fisman et al. (2008), the authors examine whether dating behavior
exhibits racial biases. �ey show that same-race preferences are more prevalent for women. In addition,
they document determinants of such preferences. Finally, Bhargava and Fisman (2014) explore contrast
e�ects, a phenomenon whereby a potential partner, say, is perceived di�erently depending on whether
or not he or she is preceded by a very attractive man or woman. �ey show that the bigger the contrast,
the lower the likelihood of a positive dating decision for the partner following immediately a�erwards.
Since contrast e�ects are a potential confound of context e�ects, this paper is most closely related to the
present work. More details regarding how contrast e�ects are addressed in the empirical analysis are
provided in Section 3.3.
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each date, along with deciding whether they would like tomeet that person again. �e
evaluation stage is particularly interesting formy purposes, since it allows to pin down
attribute utility values. Second, the sequential nature of speed dating generates within
person variation in utility ranges along attributes. �ird, the order in which partici-
pants speed-date each other is e�ectively random. �is property, in combination with
the within-person variation in utility ranges, ensures clean identi�cation of context ef-
fects. Finally, dimensions used for ranking potential partners are exogenously given,
meaning that they cannot be assumed ex post.
�e empirical strategy I employ is informed by the central assumptions of focusing

(Kőszegi and Szeidl 2013) and relative thinking (Bushong, Rabin, and Schwartzstein
2015) that relate utility ranges to decision weights. At the end of each speed date,
subjects reportwhether theywould like to receive the contact details of their respective
partners in order to arrange future dates. Due to the simultaneity and privacy of this
binary yes/no-decision (which is revealed to the partner only if he/she has indicated
‘yes’), it is a dominant strategy to reveal preferences truthfully. �e decision to date
serves as dependent variable.
In addition to attribute values, I include attribute ranges as independent variables

in order to understand the e�ects of context on the likelihood to date. Put more suc-
cinctly, this empirical strategy allows for previous observations (partners) to in
uence
the utility of the current partner through their e�ect on the range of attribute values.
Results indicate that decision weights decrease in utility ranges, consistent with the
framework proposed by Bushong, Rabin, and Schwartzstein (2015). �is e�ect ismore
pronounced for women than it is for men, and survives extensive robustness checks.
As pointed out before, Kőszegi and Szeidl (2013) andBushong, Rabin, and Schwartz-

stein (2015) di�er in how they endogenize the decision weights placed on di�erent di-
mensions. Both models assume that decision weights depend on the range of utility
that can be experienced along a given dimension. However, they make the exact op-
posite assumption on how weights are related to the range: Kőszegi and Szeidl (2013)
argue that larger ranges attractmore attention, and are thus overweighted. In contrast,
Bushong, Rabin, and Schwartzstein (2015) assume that �xed di�erences loom larger
when viewed against small ranges, hence decision weights are decreasing in the utility
range.
To make sense of this discrepancy, it will be helpful to review the main arguments

behind these two frameworks. Kőszegi and Szeidl (2013) argue that people focus at-
tention on those dimensions in which they can experience the largest utility gains
or losses. All else being similar, it pays to attend to attributes that di�er because
they generate the largest variability in utility. Roughly speaking, Kőszegi and Szeidl
(2013) model behavior as a strategy of “going for large gains and avoiding large losses”.
�is strategy invariably bears the risk of missing �ne di�erences between options.
Dertwinkel-Kalt et al. (2016) lend some empirical support to the focusing hypoth-
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esis. In a laboratory experiment designed to elicit time preferences, they vary both
the distribution of total monetary payments across periods and whether concentrated
payments are made earlier or later (there are 9 payment periods in total). �eir �nd-
ings suggest that there is indeed a bias towards concentration in intertemporal choice.
Subjects behave relativelymore patientlywhen this results in a streamof small negative
consequences followed by a large, concentrated, positive consequence. �e converse
is also true: when behaving impatiently results in small negative consequences that
are preceded by a large positive payo�, subjects will give disproportionate weight to
the concentrated advantage and hence behave impatiently, even when compared with
a present-biased individual.
Bushong, Rabin, and Schwartzstein (2015) take a di�erent stand: When individu-

als are asked to compare options along multiple attributes, they will tend to think in
relative terms. �at is, a small utility di�erence may appear large when viewed against
a relatively small range, and a large utility di�erencemay appear small when evaluated
relative to a large range. �ey argue that several empirical observations are consistent
with this notion: the predictions of relative thinking coincide with experimental ev-
idence on attraction e�ects (Soltani, De Martino, and Camerer 2012), are tentatively
supported by evidence on labor supply and wage expectations (Bracha, Gneezy, and
Loewenstein 2015), and provide novel insights into “�rst-of-the-month e�ects” (Hu�-
man and Barenstein 2005).3
In summary, empirical evidence for the speci�c type of context dependence pro-

posed by these frameworks is mixed. Although intuitively appealing and plausible,
Kőszegi and Szeidl (2013) and Bushong, Rabin, and Schwartzstein (2015) fundamen-
tally disagree about the e�ects of the utility range along one dimension on its decision
weight. It is therefore important to shed light on this issue from an empirical perspec-
tive. �e speed dating experiment allows for a direct test of the central assumption
underlying the aforementioned models.
Given that the speed dating setting is relatively speci�c we might ask whether the

�ndings generalize to other situations. A�er all, choosing a vacuum cleanermay be an
altogether di�erent experience than expressing romantic interest in a potential part-
ner. However, there is no a priori reason to believe that individuals should behave
di�erently in other areas of decision making. If anything, context e�ects may be more
pronounced: �nding a suitable partner (for a lifetime relationship, or even for a short-

3Bushong, Rabin, and Schwartzstein (2015) note that focusing and relative thinking may both shape
behavior, despite their apparent contradictions. One way to reconcile these theories would be to assume
they in
uence behavior at di�erent points in the decision process: in order to form a consideration set of
a large number of options, individualsmay �nd it useful to eliminate optionswithmany similar attributes
and keep only those which they can expect to rank easily. In a second step, they may then use relative
thinking to arrive at a �nal choice. Since I do not observe the entire decision process, but only �nal
choices, the data at hand cannot speak to this hypothesis.
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time a�air) is a di�cult endeavor. It involves a lot of margins that are hard to foresee,
yet immensely consequential. If we can be in
uenced by context in such important
choices, it seems probable that context e�ects are at least as relevant for less involved
decisions.

2 theoretical framework

�e following section presents a simple model of context-dependent preferences, de-
signed to guide the empirical analysis. It is based on Kőszegi and Szeidl (2013) and
Bushong, Rabin, and Schwartzstein (2015).
In the spirit of these two models, I assume that decision makers act on context-

dependent utility, where the weight attached to each dimension is allowed to depend
on other options in the choice set. Formally, let K denote the number of attributes,
with a generic attribute indexed by k. Each option c ∈ C ⊂ RK is a vector of attribute
levels: c = (c1, . . . , cK).
In line with Kőszegi and Szeidl (2013) and Bushong, Rabin, and Schwartzstein

(2015), utility is assumed to be additively separable. Yet instead of maximizing con-
sumption utilityU(c) = ∑K

k=1 uk(ck), decision makers act on context-dependent util-
ity Ũ :

Ũ(c,C) =
K
∑

k=1
gkuk(ck), (1)

where gk ≡ g(∆k(C)) denotes the decision weight placed on dimension k and
∆k(C) = maxck∈C uk(ck) −minck∈C uk(ck). �is re
ects the assumption that each gk
is a function of the range of options that are present in the consideration set, as in
Kőszegi and Szeidl (2013) and Bushong, Rabin, and Schwartzstein (2015). To account
for the sequential nature of the speed dating experiment, I include previous observa-
tions in the consideration set (see Assumption 1). �at is, all options encountered up
to the current partner determine the range of options, and thereby the weight.

Assumption 1 (Consideration Sets). Consideration sets are time dependent and con-
tain all previously encountered options. Formally, CT

= {ct}Tt=1.

Assumption 2 (Decision Weights). Decision weights depend on the utility ranges of
attributes of options in CT : gTk ≡ g(∆k(CT

)), where ∆k(CT
) = maxck∈CT uk(ck) −

minck∈CT uk(ck).

Assumption 2 extends static context dependence to the sequential speed-dating
setup. It states that weights are determined as a function of the di�erence between
the highest and lowest attribute level encountered along a given dimension at a given
stage in the sequence. I will refer to this di�erence as the range of attribute levels, or
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range for short. �e crucial di�erence betweenKőszegi and Szeidl (2013) andBushong,
Rabin, and Schwartzstein (2015) lies in the way the gk change as the range increases:
assuming that larger ranges attractmore focus, as in Kőszegi and Szeidl (2013), implies
that g′k(⋅) > 0. If, however, �xed di�erences seem bigger the more narrow the range,
as in Bushong, Rabin, and Schwartzstein (2015), we would expect g′k(⋅) < 0. �e
empirical analysis will concentrate on identifying precisely the e�ect of larger ranges
on the decision weight.

Assumption 3 (Linear Utility). All attribute utility functions are linear: uk(ck) =

λkck∀ck∀k.

Linearity is a simplifying assumption that underlies most of the examples and ap-
plications in Kőszegi and Szeidl (2013) and Bushong, Rabin, and Schwartzstein (2015).
Attribute utility functions are parameterized by λk , allowing for utility weights to vary
by attribute. Importantly, linearity seems to be reasonable with regard to the data at
hand (see Figure 3 and the discussion in Section 4.1).

Assumption 4 (Reference Dependence).

(a) Utility exhibits reference dependence. For a given threshold rk , it can be written
as

ŨT
(c,CT

) =

K
∑

k=1
gTk mk(ck , rk), (2)

where mk(⋅) ≡ uk(ck) − uk(rk).

(b) ∀ck∀k, either
∂mk(⋅)
∂ck

> 0 or ∂mk(⋅)
∂ck

< 0 or ∂mk(⋅)
∂ck

= 0.

In an attempt to allow for the most general functional form, part (a) of Assump-
tion 4 introduces reference dependence into the setup.4�e aspiration (or reference)
level is denoted by rk , and may thus vary across attributes. Below, I will argue that a
subject’s own level of a given attribute determines the reference point, but alternative
speci�cations can be accomodated.5 Part (b) of Assumption 4 is a monotonicity re-
quirement, ensuring that attribute utility functions are increasing, decreasing, or 
at
over their entire domain.
Together, Assumptions 3 and 4 imply that
4In an unpublished companion paper, Bushong, Rabin, and Schwartzstein (2015) combine their the-

ory of relative thinking with reference dependence in the spirit of Kőszegi and Rabin (2006, 2007).
5Subjects rate themselves on all attributes prior to the experiment. Due to self-serving biases, these

ratings might be biased upwards. To correct for this potential bias, I use the average rating of all other
participants in addition. Empirical support for this approach is given in Section 4.1.
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mk(⋅)

⎧
⎪⎪⎪⎪
⎨
⎪⎪⎪⎪
⎩

> 0 if ck > rk ,
= 0 if ck = rk ,
< 0 if ck < rk .

(3)

Intuitively, expression 3 asserts that there exist reference attribute values rk , and
receiving exactly the aspired level of a given attribute is neutral in terms of utility.
If one’s partner ranks above (below) the threshold, this results in positive (negative)
utility.
Previewing the estimation strategy, it is useful to consider some comparative static

properties. �e focus here will be on the e�ect of a larger range on the likelihood to
say yes, which is in turn assumed to be a monotonic and increasing function of utility.
To be precise, if for a given attribute level a larger range increases the likelihood to say
yes, this supports focusing (à la Kőszegi and Szeidl 2013), while the opposite e�ect is
expected for the Bushong, Rabin, and Schwartzstein (2015) framework to hold true.
Consider again expression (2). Keeping the attribute level constant, the marginal

e�ect of an increase in the range on utility is given by

∂ŨT
(⋅)

∂∆k(CT
)

= g′k(∆k(C
T
))mk(ck , rk). (4)

�us, if mk(⋅) < 0, that is if the evaluator ranks higher on an attribute than her
partner, Kőszegi and Szeidl (2013) predict that overall utility decreases since gk in-
creases in the range. Conversely, overall utility must increase if mk(⋅) > 0, since
the higher weight on dimension k contributes positively to Ũ . Due to the oppo-
site assumption on how the range relates to decision weights, Bushong, Rabin, and
Schwartzstein (2015) make the exact opposite prediction. To summarize:

Prediction 1 (Impact of Range on Utility).

KS: �e likelihood to say yes increases in the range when mk(⋅) > 0, and decreases
when mk(⋅) < 0:

∂Ũ
∂∆k

= g′k(∆k(C
T
))mk(ck , rk)

⎧
⎪⎪
⎨
⎪⎪
⎩

> 0 if mk(⋅) > 0,
< 0 if mk(⋅) < 0

(5)

BRS: �e likelihood to say yes decreases in the range when mk(⋅) > 0, and increases
when mk(⋅) < 0:

∂Ũ
∂∆k

= g′k(∆k(C
T
))mk(ck , rk)

⎧
⎪⎪
⎨
⎪⎪
⎩

< 0 if mk(⋅) > 0,
> 0 if mk(⋅) < 0.

(6)
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Figure 1.—Comparative Statics

Intuitively, the e�ect of a range increase changes sign depending on whether the
attribute’s contribution to utility is positive or negative. To illustrate this graphically,
suppose that a subject meets a sequence of potential partners (a, b, c, d , e , f ). When
she meets c, her range is given by the distance between c and b. Continuing in the
sequence, her range steadily expands, until she meets partner d. Hence, although e
receives the same rating as c, the two decision situations di�er in terms of the range
(which is ∣c − b∣ when deciding about c, but ∣c − d∣ when deciding about e). Similarly,
b is rated the same as f , but the two situations di�er in the range experienced at this
point. If ratings between c and e (or b and f ) di�er depending on the range, holding
everything else constant, preferences exhibit context dependence. If the e�ect of the
range di�ers in sign depending onwhether we compare c and e or b and f , preferences
exhibit reference dependence. Finally, the sign of the e�ect in combination with the
slope of the utility function determines whether utility is increasing or decreasing in
the range.
�ese comparative static properties inform the estimation strategy described in

Section 3.4.

3 empirical analysis

3.1 Institutional Background

Speed dating was invented by Rabbi Yaacov Deyo in 1998 and has spread rapidly since,
with only minor variations to the protocol.6 Its express purpose is to facilitate match-
ing of potential partners by eliminating concerns that a person might not reciprocate
one’s advances and by enabling people to get to know a large number of other peo-
ple in a relatively short time span. At a given event, roughly equal numbers of males
and females are present. Females are assigned to a table, where they remain seated for

6See http://www.nytimes.com/2013/09/29/magazine/who-made-speed-dating.html.

http://www.nytimes.com/2013/09/29/magazine/who-made-speed-dating.html
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the duration of the event. Men initially pick a table and the pair engages in conversa-
tion. A�er four minutes have elapsed, men rotate to the next table, until every man
has talked to every woman. A�er each speed date, all participants indicate whether
they would like to meet the person they have just talked to again. Importantly, the
host makes contact information available to the interested parties if and only if both
members of a pair agree.

3.2 Methods and Data

�e data used in this paper were previously reported in Fisman et al. (2006, 2008)
as well as Bhargava and Fisman (2014). I will argue below that due to the speci�c
protocol they used, these data are ideally suited to answer questions about salience
and focusing. First, however, I will describe the data and the setup.

data description A total of 21 speed dating sessions were conducted at a pop-
ular restaurant on the campus of Columbia University, New York City. All environ-
mental aspects, except group size, were held constant. In each session, women were
seated at separate tables and remained there during the event. Men were given four
minutes to talk to a woman in private, before the organizers indicated the end of the
date. Men then rotated to the next table, and this continued until every man had seen
every woman. A�er each speed date, participants were given one minute to rate their
counterpart on six attributes and indicate whether they would be interested in receiv-
ing their contact details.7
All analyses are restricted to 14 out of the 21 sessions. Sessions 6 and 16 have a sub-

stantially smaller than average group size (10 resp. 14 participants in total, compared
to an average of 28.6 participants). In session 12, participants faced an upper bound
on the number of positive decisions to date. In Sessions 18 to 21, participants were en-
couraged to bring either a book or a magazine, which may have distracted them from
the actual speed dating experiment and introduces additional noise.8
Participants were also asked to allocate a total of 100 points to attribute categories

in order to measure their relative importance. If the total di�ers from 100 points (pre-
sumably due to calculation errors), I renormalize attribute weights.
In sum, this leaves 400 participants (200 male, 200 female) and a total of 6256

observations. Table 1 gives an overview of all sessions that are included in the data
analysis.

7Of the six attributes used for evaluation, only �ve will be used for most of the empirical speci�ca-
tion. �e omitted attribute ‘Shared Interests’ does not admit evaluation relative to the reference point I
consider in Section 3.4, since one’s own level of shared interests is not well de�ned.

8Including all sessions in the analysis leaves the main results qualitatively unchanged (see Appendix
A.1).
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Session ID Session Date Male Participants Female Partipants

1 October 16, 2002 10 10
2 October 23, 2002 16 19
3 November 12, 2002 10 9
4 November 12, 2002 18 18
5 November 20, 2002 10 10
7 March 26, 2003 16 16
8 April 2, 2003 10 10
9 April 2, 2003 20 20
10 September 24, 2003 9 9
11 September 24, 2003 21 21
13 October 8, 2003 9 10
14 October 8, 2003 18 20
15 February 24, 2004 19 18
17 February 24, 2004 14 10

Table 1.—Summary of the Speed Dating Sessions

setup �e protocol described above closely resembles that of the largest commer-
cial speed dating agency in New York City at the time the experiment was conducted,
HurryDate.9 For the purposes of this paper, it has several attractive features.
First, participants rate each other on six di�erent attributes in short succession.

�e attributes are attractiveness, sincerity, intelligence, fun, ambition, and shared in-
terests. �ese ratings can be interpreted as utility values that participants (subjectively)
attach to others. Hence, whenever a participant meets another participant who is ei-
ther better or worse on some attribute than all other participants he has previously
dated, his utility range along this attribute increases. �e econometric analysis will
exploit precisely this within-person variation in utility ranges along attributes.
Second, the order in which participants speed-date each other is e�ectively ex-

ogenous. �ere may be some scope for choosing whom to date �rst, but the ensuing
(mechanical) rotation ensures that participants do not date in any particular order.
�is assumption is empirically substantiated by Bhargava and Fisman (2014), who fail
to reject the null of random dater order for all six attributes using the same data set.
�ird, the data include not only utility (as measured by ratings along the di�erent

attributes), but a yes/no decision for each date. �e rules speci�ed that upon complet-
ing a follow-up survey the day a�er the experiment, the organizer would distribute
email-addresses of other participants if and only if both had indicated that they would

9For a more detailed description of the protocol see Fisman et al. (2006).
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be interested in further meetings. �e presence of a third party should alleviate any
concerns regarding strategic behavior on the part of participants, since it is a dominant
strategy to reveal one’s romantic interest truthfully.

3.3 Preliminary Considerations

specification of the attribute range I initially assume that participants
have perfect memory, that is, they recall every person they have dated during a session.
It follows that the range is given by the di�erence between the best and worst attribute
level encountered in the sequence of decisions leading up to the current date. Alter-
native speci�cations are possible and serve as robustness checks (see Section 4.4 and
Appendix A.1).
For most of the analysis, I leave the range at the �rst date unspeci�ed. �is implies

that all regressions will be performed on subsamples starting with the second date.
Alternatively, it may be plausible to assume that subjects’ own level of a given attribute
(ci) serves as a reference and thus as a starting point for the determination of the
range. In this case, the range for the very �rst date is determined by the di�erence
between ci and the attribute level of the partner who was encountered �rst. Results
are qualitatively unchanged (see Appendix A.1). Since specifying the attribute range at
the �rst date requires an additional assumption (and introduces one more researcher
degree of freedom), I do not pursue this approach.

importance ratings Participants in the speed dating events are likely to di�er
in how much importance they assign to di�erent attributes. Not taking this hetero-
geneity into account would skew the interpretation of the estimated coe�cients below.
For instance, a one unit increase in attractiveness may have a larger e�ect on the like-
lihood to say yes as a one unit increase in intelligence. Without knowledge of the
relative importance of these two dimensions, we could not tell whether e�ect sizes
di�er conditional on the prior weight put on a given attribute.
Fortunately, the data include importance ratings of the dimensions, assessed prior

to the start of the speed dating experience. Participants were asked to distribute points
among the six di�erent attributes, with the constraint that the sum of these weights
must add up to 100. �e results of this exercise are shown in Table 2, separately by
gender.
It is apparent that men place a higher weight on attractiveness than women. Con-

versely, women seem to �nd ambition more important in potential partners. To ac-
count for the heterogeneity in importance ratings, I weight all ratings (and, by impli-
cation, all ranges) by the subject-speci�c rating (standardized to lie between 0 and 1).
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men women
∅ σ N ∅ σ N p-Values

Attractiveness 27.18 14.49 195 17.91 9.67 196 p < 0.01
Sincerity 16.21 7.05 195 17.88 6.78 196 p < 0.05
Intelligence 19.19 7.03 195 20.89 6.91 196 p = 0.52
Fun 17.75 7.11 195 17.54 5.69 196 p = 0.84
Ambition 8.65 5.97 195 13.47 5.47 196 p < 0.01
Shared Interests 11.01 6.70 195 12.31 5.86 196 p < 0.10

Table 2.—Importance Ratings

time trends Another concern that may in
uence the estimated e�ects comes
from the sequential nature of the speed dating experience. As shown in Figure 2,
there is indeed a slightly negative time trend in the rate at which participants say yes.
�is trend is more pronounced for women than it is for men.10
Due to the assumption of perfect memory, the attribute range must weakly in-

crease in the number of dates one has encountered. Since this happens concurrently
with the overall negative trend in the yes rate, there is a concern that estimating a neg-
ative e�ect of the range on the likelihood to say yes is in fact due to the position of
the date, not the range. To eliminate this concern, I include round �xed e�ects in all
subsequent regressions.

rescaling Due to the sequential setting of the speed-dating experiment, response
variablesmay be subject to rescaling over time. More precisely, thismeans that context
dependence might directly a�ect stated attribute utility levels instead of in
uencing
only �nal outcomes (the decision to date). In their work on contrast e�ects, Bhargava
and Fisman (2014) discuss these potential confounds and circumvent the issue by us-
ing attractiveness ratings provided by two research assistants, whom they presume not
to be in
uenced by contrast e�ects.11
While an attractive approach in principle, it is unclear why research assistants’

ratings should su�er from contrast e�ects any less than those provided by evaluators.
Furthermore, by relying on the average rating of just two research assistants, there
is indeed scope for systematic over- or underrating of targets if the order in which
targets are evaluated is not perfectly negatively correlated. �eir methodology also

10In a simple OLS regression, the coe�cient on Round is −0.0028 for the whole sample, −0.0027 for
men and −0.0029 for women. All three coe�cients are statistically signi�cant at the 1%-level.

11Bhargava and Fisman (2014) claim that due to using the attractiveness ratings of two research as-
sistants rather than evaluators’ own assessments, target values are assessed exogenously (p. 445).
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Notes: Yes rates are averaged over rounds. Error bars display the standard error of
the mean, assuming a binomial distribution. Upper panel displays yes rates for all
participants. Lower panels are split by gender.
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forces them to focus on attractiveness alone (as this is the only attribute that can be
assessed without further interaction with the target).
For these reasons I apply an additional, complementary strategy to deal with po-

tential rescaling issues. �is strategy rests on the assumption that evaluators cannot
be in
uenced by context e�ects in the very �rst round; in which case we can take the
assessment of the evaluator who has dated the target in the �rst round, and apply this
rating to assessments of that target in all subsequent rounds. More details regarding
this alternative strategy to deal with rescaling and results accounting for this potential
confound are reported in Appendix A.1.

calibration Imagine an evaluator who gives a very high attractiveness rating to
the �rst person he encounters, only to �nd that as he progresses through the sequence
of targets, there aremany others whomhe deems evenmore attractive. In this case, his
initial evaluation may have been too high ex post, and hence persons encountered in
earlier periods would be overrated. �e opposite could of course also be the case, and
I collectively refer to this issue as imperfect calibration. If there are systematic patterns
of over- or underrating over time, this could compromise the identi�cation of context
e�ects. To deal with this issue, I propose the following method.
First, I assume that for every target j, the ‘true’ attribute level is given by the average

of the ratings of all evaluators except j. I then calculate the deviation of evaluator i’s
rating to the true attribute level, for each i and all attributes separately. Taking the
mean over all deviations by round, I derive a measure for over- or underrating per
round.
�ere is a signi�cant positive trend for seven of these eighteen time series, mean-

ing that subjects in earlier rounds are underrated, while those in later rounds tend to
be overrated.12 However, the presence of such a trend should not bias the results re-
ported below, as any round-speci�c variation will be picked up by round �xed e�ects.

contrast effects To pin down the e�ect of context on dating decisions, we
need to eliminate contrast as a confounding factor. Contrast e�ects refer to the phe-
nomenon that judgment is comparative: how a judge values the severity of a crime
may di�er depending on whether she has been exposed to a particularly terrifying
crime beforehand, or whether the case is preceded by a similar crime (Pepitone and
DiNubile 1976).13 Considering the speed dating experiment, a person’s attractiveness
may be judged less favorably when preceded by a very attractive person. However,

12�ere are six attributes (attractiveness, sincerity, intelligence, fun, ambition and shared interests)
and three subsamples (all, men, women) for a total of eighteen time series.

13For a summary of contrast e�ects, see Bhargava and Fisman (2014) and the references therein.
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an attractive person is also very likely to expand the range, and therefore we cannot
discriminate whether the less favorable rating is due to contrast or to the larger range.
Contrast e�ects have been studied by Bhargava and Fisman (2014), using the same

dataset. �ey document that the more attractive the previous partner was, the less
likely it is that the evaluator decides to date the current partner. �ey also show that
such contrast e�ects are transient, i.e., they are driven to a large extent by the partner
immediately preceding the current one. In order to eliminate this confound, I follow
their methodology by including lagged attribute values in all regressions. �e inter-
pretation of the results will thus be conditional on the presence of potential contrast
e�ects. Put di�erently, any e�ect of the attribute range on the decision to date should
be regarded as an e�ect in addition to contrast e�ects.

3.4 Empirical Strategy

To identify the e�ect of the attribute range on the likelihood to say yes, it is important
to distinguish whether the absolute attribute level is regarded as a ‘good’ or as a ‘bad’.
�is is because the attribute range e�ectively in
uences the decision weight placed on
a given dimension, and hence we should expect the e�ect to change sign depending
on whether the absolute level is above or below some threshold.
Put more succinctly, if subject i regards partner j as attractive, an increase in the

range along that dimension will make it either more or less likely that i says yes to j,
depending on whether the decision weight placed on this dimension increases or de-
creases. Conversely, when j is regarded as unattractive, changing the decision weight
must have precisely the opposite e�ect on the �nal decision.
As a largely realistic �rst pass, I consider the evaluator’s own level along an at-

tribute as a natural threshold (Figures 3 and 4, described in more detail below, lend
support to this approach). Partners rated above one’s own level are hence regarded as
desirable, whereas a rating below one’s own decreases desirability.
A�er each date, participants are asked to rate their counterparts on six attributes,

using a Likert scale from one to ten. Besides these attribute ratings, the data contain
ratings of the relative importance of dimensions. �ese were assessed prior to the
speed dating sessions. I use importance-weighted attributes and ranges in the sub-
sequent regressions to account for heterogeneity across participants’ utilities derived
from a change in a given dimension.
�is leads to a model of the form
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Decisioni jt = αi + γt + ∑
k∈K

βk1 ⋅ Rangeikt

+ ∑

k∈K
βk2 ⋅ I(Ratingi jkt >�resholdik) ⋅ Rangeikt (7)

+ ∑

k∈K+
βk3 ⋅ Ratingi jkt + ∑

k∈K
βk4 ⋅ Ratingi jk,t−1 + εi j ,

where I is an indicator function assuming the value one if the condition in paren-
theses evaluates to ‘true’ and zero otherwise, K includes the subset of attributes for
which context e�ects can be identi�ed (in a sense made precise in Section 4.1), K+ =
{Attractiveness, Sincerity, Intelligence, Fun, Ambition, Shared Interests}, αi contains
subject-speci�c �xed e�ects, γt are round�xed e�ects, andRatingi jk,t−1 captures lagged
attribute values in order to account for contrast e�ects. I estimate this model using a
linear probability speci�cation with standard errors clustered on the partner level.
All observations are weighted by the inverse of the number of partners encoun-

tered in the course of a given session. �is ensures that subjects in larger sessions do
not receive undue weight.

4 results

4.1 Attribute Utility Functions &�resholds

�e estimation strategy relies on the assumption that there exist reference attribute
levels separating utility into ‘good’ and ‘bad’. Context e�ects of the type proposed by
Kőszegi and Szeidl (2013) and Bushong, Rabin, and Schwartzstein (2015) are identi�ed
if the e�ects of the utility range on the decision to date di�er in sign depending on
whether the evaluated person is rated above or below the reference level.
To get a better sense of the utility functions for each attribute, Figures 3 and 4

present results of �ve separate regressions of the decision to date on each attribute,
including time and individual �xed e�ects. �e dashed line plots linear predictions
for every possible level of the attribute, and corresponding 95% con�dence intervals
are shown as grey areas.
Horizontal red lines depict average yes rates. I assume that an attribute is perceived

as a good if it leads to an above average propensity to date, and as a bad if it entails
a below average willingness to say yes to a date. Given this assumption, we can ask
which attribute level marks the threshold that separates utility. For future reference,
I show two candidate thresholds, drawn as vertical lines: subjects’ own rating of an
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attribute, averaged over all subjects (green dashed line); and the average consensus
rating of subjects, explained in more detail below (blue dashed line).14
Figures 3 and 4 document two key insights: �rst, sincerity, intelligence and am-

bition seem to have very little predictive power for the decision to date. In fact, the
predicted e�ect is almost 
at, implying that the levels of these attributes matter little
for dating decisions. Second, the propensity to date increases in attractiveness and
fun. �e relationship is approximately monotonic. Importantly, the reference level is
very well approximated by the average consensus rating, which lends support to the
estimation strategy discussed in Section 3.4.15 �ese observations are summarized in
the following result:

Result 1 (Attribute Utility Functions &�resholds).

(a) Sincerity, intelligence and ambition possess little to no predictive power for the
decision to date.

(b) Utility increases monotonically in attractiveness and fun almost everywhere. At-
tribute levels above the average consensus rating are perceived as ‘good’, while
those below are perceived as ‘bad’.

Result 1 states that the predicted e�ect on the decision to date is constant over
attribute levels for three dimensions (sincerity, intelligence and fun), while it is in-
creasing in levels of attractiveness and fun. By implication, the identi�cation strategy
proposed in Section 3.4 will only be able to pick up di�erences in the signs of range
e�ects for the latter attributes. All subsequent analyses will therefore focus on attrac-
tiveness and fun.

4.2 Context Dependence

Tables 3 and 4 present the main result. �e dependent variable is the decision to date.
All regressions include round �xed e�ects to account for the slight negative time trend
in the dependent variable. In addition, they control for absolute attribute levels and
lagged absolute attribute levels in order to identify possible contrast e�ects. Subject-
speci�c �xed e�ects are included to capture any remaining heterogeneity among par-
ticipants.

14Own attribute ratings were elicited via the question: “How do you think you measure up? Please
rate your opinion of your own attributes, on a scale of 1–10 (be honest!)”, followed by a list of �ve attributes
(excluding ‘Shared Interests’).

15Given that ratings of one’s own attribute levels are likely subject to self-serving biases, it is unsur-
prising that the blue and green lines do not overlap. A somewhat more surprising �nding is that even
though individuals consistently report exaggerated own ratings, their judgment seems to be accurately
guided by the perceptions of others. However, a more detailed analysis of this phenomenon is beyond
the scope of this paper and should therefore be regarded as speculative.
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Figure 3.—Marginal E�ects of Attribute Levels on Dating Decision
(Attractiveness & Fun)

Notes: Vertical axes display average predicted values of the dependent variable (deci-
sion to date) for di�erent attribute values. Plotted values are derived from regressing
the decision to date on all �ve attributes, including time and individual �xed e�ects.
Marginal e�ects are obtained post estimation for each attribute separately. Regres-
sions are weighted by the number of observations in each session. Standard errors
are clustered on the partner level. Grey areas are 95% con�dence intervals. Hori-
zontal red lines depict average yes rates, vertical blue lines (dash dotted) are average
consensus ratings of the respective attribute, and vertical green lines (dotted) are
average own ratings of the attribute.
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All speci�cations rely on the ratings made by participants at the end of each date.
In Table 3, one’s own attribute rating is used as threshold for the de�nition of the in-
dicator variable. �at is, the indicator is set to one whenever the partner’s attribute
level weakly exceeds one’s own level of that attribute (assessed prior to the start of the
speed dating sequence), and to zero otherwise.
Table 4 di�ers from Table 3 only in that it uses the consensus rating of all other

evaluators as threshold for the indicator variable. �e same methodology has been
employed by Fisman et al. (2006) to account for potential self-serving biases in the
assessment of one’s own attribute level.
Since consensus ratings appear to be cleaner both in terms of methodology and

by way of indicating the correct reference level (see Figures 3 and 4), the following
analysis will focus on the results in Table 4.
Recall that focusing in the spirit of Kőszegi and Szeidl (2013) predicts that larger

ranges attract more attention, and therefore the e�ect of the range on the decision to
date should be positive given that utility of the attribute is above the reference level.
Conversely, the e�ect will be negative if below the threshold. �is is notwhatwe see: in
fact, for attribute levels below the reference level, the e�ect is positive (for both attrac-
tiveness and fun). �e range e�ect for attribute levels above the reference level is given
by the sum of the coe�cients on the attribute range and the interaction between the
attribute range and the indicator for being above the reference level. For both attrac-
tiveness and fun, this e�ect is negative. However, the e�ects are jointly insigni�cant
and thus indistinguishable from zero.16
To probe further into these results, columns (2) and (3) split the sample by gen-

der.17 �ere are pronounced gender di�erences: below the reference level, both men
and women are more likely to say yes the larger the range. However, only female par-
ticipants react to range increases above the reference level as predicted by Bushong,
Rabin, and Schwartzstein (2015). �e joint e�ect is signi�cantly negative in this case
(F(1, 199) = 6.55, p < 0.05). It is insigni�cant for men.18

16Results are qualitatively unchanged when controlling for a linear time trend instead. �e joint ef-
fects on attractiveness in columns (1) and (3) of Table 3 and column (3) of Table 4 are slightly less precisely
estimated: conditional on the partner being above the reference level, an increase in the attractiveness
range is signi�cantly negative on the 10% level in speci�cation (1) of Table 3, insigni�cant in speci�cation
(3) of Table 3, and signi�cantly negative at the 5% level in speci�cation (3) of Table 4. Magnitudes of
coe�cients are very similar.

17Psychologists and economists have identi�ed several behavioral traits alongwhichmen andwomen
di�er. �e evidence is not always conclusive: in the domains of risk aversion and altruism, for instance,
there does not appear to be a robust and replicable gender gap, while the di�erences are rather large
with respect to attitudes towards competition (for an excellent survey, see Niederle 2016). To the best
of my knowledge, this paper is the �rst to �nd a gender gap in context dependence, speaking to the
domain-speci�city of such di�erences.

18Note that these results are not distorted by di�erential utility functions of male and female par-
ticipants. Figure 6 in Appendix A.2 shows that both men and women exhibit utility functions that are
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Own Rating

(1) (2) (3)
All Male Female

Attractiveness Range 0.0696∗∗∗ 0.0955∗∗∗ 0.0264
(0.0236) (0.0266) (0.0481)

More Attractive 0.281∗∗∗ 0.296∗∗∗ 0.278∗∗∗
(0.0240) (0.0340) (0.0352)

More Attr. × Attr. Range -0.120∗∗∗ -0.133∗∗∗ -0.112∗∗∗
(0.0219) (0.0270) (0.0399)

Fun Range 0.00982 -0.0272 0.0408
(0.0348) (0.0520) (0.0483)

More Fun 0.0947∗∗∗ 0.110∗∗∗ 0.0708∗
(0.0253) (0.0342) (0.0368)

More Fun × Fun Range -0.0111 -0.0284 0.0120
(0.0290) (0.0405) (0.0422)

Constant -0.757∗∗∗ -0.810∗∗∗ -0.725∗∗∗
(0.0608) (0.0819) (0.0865)

Attribute Level Controls Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes
Round Fixed E�ects Yes Yes Yes

Observations 4710 2401 2309
R2 0.552 0.554 0.539
Adjusted R2 0.509 0.508 0.490

Table 3.—Context Dependence (Own Rating)

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10. More Attractive and More Fun are indicator variables set to one if the
partner surpasses the evaluator’s own level of the respective attribute, as judged by
the evaluator him- or herself.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Consensus Rating

(1) (2) (3)
All Male Female

Attractiveness Range 0.119∗∗∗ 0.116∗∗∗ 0.112∗∗∗
(0.0287) (0.0350) (0.0415)

More Attractive 0.125∗∗∗ 0.0963∗∗∗ 0.176∗∗∗
(0.0236) (0.0369) (0.0323)

More Attr. × Attr. Range -0.127∗∗∗ -0.0900∗∗∗ -0.226∗∗∗
(0.0210) (0.0269) (0.0357)

Fun Range 0.0641∗ 0.0279 0.100∗∗
(0.0373) (0.0551) (0.0491)

More Fun 0.0627∗∗ 0.110∗∗∗ -0.00420
(0.0263) (0.0370) (0.0355)

More Fun × Fun Range -0.0951∗∗∗ -0.112∗∗∗ -0.0556
(0.0278) (0.0392) (0.0390)

Constant -0.967∗∗∗ -0.967∗∗∗ -0.975∗∗∗
(0.0602) (0.0838) (0.0840)

Attribute Level Controls Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes
Round Fixed E�ects Yes Yes Yes

Observations 4710 2401 2309
R2 0.538 0.539 0.531
Adjusted R2 0.494 0.492 0.482

Table 4.—Context Dependence (Consensus Rating)

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10. More Attractive and More Fun are indicator variables set to one if the
partner surpasses the evaluator’s own level of the respective attribute, as judged by
all other subjects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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�ese e�ects are large and economically signi�cant. A one point increase in the
utility range increases the likelihood to say yes by 11 to 12 percentage points if the target
is less attractive than the evaluator. Conversely, a one point range increase decreases
the likelihood to say yes by 12 percentage points if the target is more attractive than
the evaluator and the evaluator is female.
Results for fun exhibit overall similar patterns. However, they are less precisely

estimated (all interaction e�ects are jointly insigni�cant). A possible explanation lies
in the considerably 
atter slope of the utility function relative to attractiveness (see
Figure 3). In combination with the smaller e�ect size, this makes it more di�cult to
pick up the e�ect.

Result 2 (Context Dependence).

(a) �e decision to date increases in the indicators for ‘more attractive than self ’ and
‘more fun than self ’, which implies that attribute levels in excess of one’s own are
valued positively.

(b) Results for both attractiveness and fun are qualitatively consistent with Bushong,
Rabin, and Schwartzstein (2015), whereby �xed di�erences loom smaller the larger
the range.

(c) �ere are marked gender di�erences: female participants are more susceptible to
context e�ects than male participants.

Part (a) of Result 2 supplements and substantiates the graphical analysis presented
in Figure 3. Taken together, these observations imply that utility increases over the
relevant range of attribute levels.
Part (b) states that in the speci�c context considered here, Bushong, Rabin, and

Schwartzstein (2015) has more traction than Kőszegi and Szeidl (2013). When decid-
ing about whom to date, individuals appear to view di�erences in attributes across
potential partners relative to the range they have experienced up to this point. Since
a given utility di�erence appears smaller when evaluated relative to a large range, de-
cision weights decrease in utility ranges. �is results in the �nding that a larger range
increases the propensity to date when the evaluated partner ranks below some refer-
ence level along this attribute, and vice versa if ranked above. Yet this is not to say
that relative thinking is the only determinant of behavior in this context. Rather, fu-
ture research should identify whether there exist conditions that lead individuals to
selectively focus on a subset of dimensions, using the heuristic by which larger ranges
imply higher potential utility gains. If this were true, it is possible that both focusing

monotonically increasing in attractiveness almost everywhere. In addition, even though the average yes
rate is signi�cantly di�erent, the consensus rating approximates the reference level very well.
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and relative thinking are decisive determinants that operate at di�erent stages of the
decision process.
Finally, part (c) draws attention to the fact that there are marked gender di�er-

ences in behavior according to the regressions using the consensus rating of one’s
own attribute level. Since the e�ect is stronger for men when using the ‘own level’-
speci�cation (yet still jointly insigni�cant), this could be an artifact of incorrectly spec-
ifying the reference level. However, it could also point to a true gender di�erence that
remains to be explained.

4.3 Uniqueness of the Reference Level

As pointed out before, the estimation strategy rests on the assumption that there exists
a reference level of utility. To give substance to this assumption, Figures 3 and 4 show
that indeed there appears to be a switch at the intersection of the average yes rate,
which can be interpreted as the utility/disutility-threshold, and the average consensus
rating. �e fact that the estimated utility function passes through the intersection
point and ismonotonic suggests that the consensus rating serves as a natural reference
level for relative utility judgments.
In order to show that this reference level is unique, I conduct placebo tests. �e

basic idea is as follows: if (i) there exists a utility reference level, and attribute values
below this reference level induce disutility, while values above provide utility, and if
(ii) the e�ect of the attribute range on utility di�ers according towhether the evaluated
person is above or below the reference level, there must be a reference level at which
both e�ects are simultaneously discernible. If this is not the case, the location of the
reference level should not matter. Hence we would expect to observe similar e�ect
sizes for randomly chosen placebo reference levels.
Figure 5 plots the results for attractiveness. I run regressions of the same type

as in Section 4.2, except for one crucial di�erence: I hold the interaction reference
level for fun constant at the consensus rating, while varying the reference level for
attractiveness from 1 to 10. �e dotted line then plots the coe�cients on the attribute
range for all placebo reference level values, conditional on the attribute level being
below this reference level. Conversely, the dash-dotted line plots coe�cients on the
attribute range conditional on being above the reference level. �e grey areas depict
95% con�dence intervals.
In addition to the coe�cients, I show the values of the average consensus rating

and the average own rating of the speci�c attribute (blue and green vertical lines).
Asterisks above the null-e�ect line (marked in red) indicate whether coe�cients of the
below reference level attribute range are signi�cantly di�erent from zero; analogously
for asterisks below the red line and coe�cients of the above reference level attribute
range.
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Figure 5.—Placebo Tests of Attractiveness Ranges

Notes: Figure displays regression coe�cients of the decision to date on attribute
range (dotted line) and the sum of attribute range and the interaction between at-
tribute range and a dummy (dash-dotted line). �e dummy is set to one if the at-
tribute level is higher than k = 1, 2, . . . , 10 and set to zero otherwise, such that each
line consists of coe�cients from 10 separate regressions. Grey areas are 95% con-
�dence intervals. �e horizontal axis tracks the value of the threshold k. �e two
vertical lines indicate the averages of the consensus rating of the attribute (blue line)
respectively subject’s own rating of the attribute (green line). Stars above the red line
indicate whether coe�cients of the dotted line are signi�cantly di�erent from zero;
analogously for stars below the red line and the dash-dotted line. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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To interpret the �ndings, it is useful to recall the theoretical predictions. Presum-
ing that subjects evaluate partners according to howwell they perform relative to some
reference level, Bushong, Rabin, and Schwartzstein (2015) predict that the likelihood
to say yes will decrease when the utility range along a dimension increases if and only
if the partner’s utility level on that attribute is above the reference level. Conversely,
because an increase in the range leads subjects to focus less on small utility di�er-
ences, an attribute’s disutility will be underweighted when it is below the reference
level. Hence the prediction that a range increase will lead to a higher propensity to say
yes when the evaluated subject is below the reference level, and to a lower propensity
when it is above. If there were indeed a unique threshold level of utility, we would
therefore expect to �nd a signi�cant below reference level range coe�cient for val-
ues up to some reference level, a signi�cant above reference level coe�cient for values
above, and a null e�ect for all other levels of these two coe�cients.
Due to themarked gender di�erences reported in themain part, performing placebo

tests separately by gender is informative. Panel 5b provides evidence that for female
evaluators, there is indeed a unique reference level of attractiveness that separates the
utility scale into areas of utility and disutility. It is apparent that exactly at the con-
sensus rating (marked in blue), there is a switch both in the magnitude and the sig-
ni�cance of the coe�cients on the range, conditional on being above or below the
reference level. For reference levels up to 6, the below reference level range coe�cient
is highly signi�cant and positive, whereas for reference levels 6 up to 10, the above
reference level coe�cient is highly signi�cant and negative.19

Result 3 (Uniqueness of the Reference Level).

(a) In case the evaluator is female, there exists a unique reference level of attractiveness
which coincides with the average consensus rating.

(b) For male evaluators, the uniqueness property does not hold: many reference lev-
els are consistent with the proposition that the e�ect of the attribute range di�ers
depending on whether the evaluated partner ranks below or above the reference
level.

(c) Results for the attribute fun are qualitatively consistent with a unique reference
level, but the coe�cients are less precisely estimated (cf. Appendix A.3).

19Performing the same type of analysis on the combined sample, Panel 7a in Appendix A.3 shows
a pattern that is qualitatively consistent with this expectation, but fails to hold up quantitatively. In
particular, there is no apparent change in both the magnitude and the signi�cance of the coe�cients at
some value between the consensus rating and the own rating. Furthermore, the below reference level
coe�cient remains signi�cantly positive even for values above the reference level. Recalling that there
appears to be no generalized context dependence across genders (cf. Table 4), this �nding is expected.
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To put this in plain words, Panel 5b tells us that if an econometrician were to set
an arbitrary reference level of the attribute attractiveness, she would �nd that in 8 out
of 10 cases, increasing the range in
uences the outcome variable either positively or
negatively, but not both.20 Only in one case, namely when the reference level is set at
6, will an increase in the range have both a positive e�ect when the evaluated attribute
is below the reference level and a negative e�ect when it is above, and so this must be
the unique reference level separating disutility from utility.21
�e intuition is fairly straightforward: if an evaluated partner is above the placebo

reference level at arbitrary levels below the true reference level, range increases should
have no impact on the decision to date, because e�ects for attractive and unattractive
evaluated persons will cancel each other. Hence we should not expect to see an above
reference level range e�ect. Conversely, individuals rated below the placebo threshold
are unambiguously unattractive, and so we expect to see an unambiguous range e�ect.
Naturally, the same mechanism applies to the area to the right of the ‘true’ reference
level.

4.4 Consideration Set Composition

Recall that by Assumption 1, all previous dates are included in the consideration set at
the time individuals decide about their current partner. �e attribute range is hence
determined by taking the largest di�erence between attribute values encountered from
the �rst date to the current one. �is is paramount to assuming that context e�ects are
not transient, but permanent. However, it requires that subjects have perfect memory,
which may be unnecessarily demanding.
Table 5 reports regressions that vary in memory length. As reference case, col-

umn (1) assumes perfect memory. Columns (2) to (4) successively implement shorter
memory lengths, such that in speci�cation (4) the range is determined by taking only
the previous partner as a reference.
Table 5 indicates that context dependence is robust to varying the composition of

the consideration set. Qualitatively, results are unchanged. E�ect sizes di�er across
speci�cations, but not substantially. For a memory length of 3 respectively 2 partners,
(columns (2) and (3)), the e�ect of attractiveness range conditional on the partner
being more attractive is signi�cantly negative (F(1, 399) = 3.02, p < 0.1; F(1, 399) =
2.72, p < 0.1).

20At a reference level of 1, the e�ect cannot be estimated reliably for lack of power.
21Note that due to the coarseness of the evaluations, which were constrained to whole numbers, it is

not meaningful to use �ner divisions of the reference level. �is implies that estimates for the range co-
e�cients are lumpy, and the lines connecting these estimates are merely interpolations between adjacent
points.
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Consensus Rating

(1) (2) (3) (4)
Perf. Mem. 3 Partners 2 Partners 1 Partner

Attractiveness Range 0.119∗∗∗ 0.0787∗∗∗ 0.0853∗∗∗ 0.124∗∗∗
(0.0287) (0.0254) (0.0245) (0.0307)

More Attractive 0.125∗∗∗ 0.0930∗∗∗ 0.0836∗∗∗ 0.0751∗∗∗
(0.0236) (0.0216) (0.0217) (0.0201)

More Attr. × Attr. Range -0.127∗∗∗ -0.119∗∗∗ -0.124∗∗∗ -0.165∗∗∗
(0.0210) (0.0241) (0.0284) (0.0421)

Fun Range 0.0641∗ 0.131∗∗∗ 0.0993∗∗∗ 0.0980∗∗∗
(0.0373) (0.0297) (0.0276) (0.0308)

More Fun 0.0627∗∗ 0.0594∗∗ 0.0377∗ 0.0332
(0.0263) (0.0240) (0.0228) (0.0213)

More Fun × Fun Range -0.0951∗∗∗ -0.131∗∗∗ -0.103∗∗∗ -0.142∗∗∗
(0.0278) (0.0327) (0.0359) (0.0494)

Constant -0.967∗∗∗ -0.944∗∗∗ -0.905∗∗∗ -0.865∗∗∗
(0.0602) (0.0597) (0.0582) (0.0555)

Attribute Level Controls Yes Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes Yes
Order Fixed E�ects Yes Yes Yes Yes

Observations 4710 4710 4710 4710
R2 0.538 0.537 0.536 0.538
Adjusted R2 0.494 0.493 0.492 0.494

Table 5.—Consideration Set Composition

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10. More Attractive and More Fun are indicator variables set to one if the
partner surpasses the evaluator’s own level of the respective attribute, as judged by
all other subjects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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With respect to gender, the di�erences discussed in the main part persist. If any-
thing, they are even more pronounced: for all memory lengths, the overall e�ect of
a range increase if the partner is ranked above the evaluator is insigni�cant for male
evaluators, but highly signi�cant (p < 0.01) and negative for female evaluators (cf.
Appendix A.1).

Result 4 (Consideration Set Composition).

(a) For memory lenghts of three resp. two partners, range e�ects exhibit the same
pattern as in the reference case of perfect memory. �e e�ects are signi�cantly
positive when the partner ranks below the reference level (p < 0.01), and signif-
icantly negative when he or she ranks above (p < 0.1). �e above reference level
e�ect is insigni�cant, but directionally consistent, in case individuals are assumed
to recall but one person.

(b) Di�erential gender e�ects persist when varying consideration set composition. For
female evaluators, both the below and the above reference level range e�ects are
highly signi�cant for all memory lengths. Male evaluators conform to this pattern
only partially (cf. Appendix A.1).

�ese results imply that context e�ects do not rely on a particular assumption
regarding the composition of consideration sets, which in turn determines attribute
ranges. Due to the fact that inferring consideration fromchoice data remains challeng-
ing, I adopt a mechanistic approach, in which choice objects fade from consideration
over time.22�e robustness of these results should therefore be jugded relative to the
validity of the approach upon which they are based.

5 concluding remarks

�is paper shows that choice depends on context, a notion that stands in stark con-
trast to the canonical homo oeconomicus. A fully rational agent is characterized by a
set of stable preference relations on a given set of options, and adding options or tak-
ing them away does not distort preferences among the remaining ones. Exploiting a
rich dataset of a speed dating experiment that contains data on both attribute utility
and �nal choice, I provide evidence for a speci�c type of context dependence, �rst
formalized by Bushong, Rabin, and Schwartzstein (2015).
�eir intuition suggests that a �xed utility di�erence appears large when the range

of possible utility values to be realized is small; but this same utility di�erence receives
22Masatlioglu, Nakajima, andOzbay (2012),Manzini andMariotti (2014), andMasatlioglu andNaka-

jima (2015) present theoretical advances regarding identi�cation of attention and consideration. How-
ever, these approaches struggle to uncover preference completely. For the purposes of this paper, I there-
fore rely on a simpli�ed framework.
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less and less weight the larger the utility range becomes. In the context of speed dating,
the empirical analysis supports this type of relative thinking.
Assuming for a moment that the �ndings of this paper are not particular to the

speed dating context, but re
ect a more general phenomenon, relative thinking has
important policy implications. For instance, marketing specialists could exploit con-
text dependence for strategic product placement, intentionally deemphasizing weak-
nesses of a product by positioning it in markets in which the utility variation along
the disadvantaged dimension is large. �e idea that product positioning aims at dis-
torting consumers’ perceptions of attributes is not alien to current marketing practice
(cf., for instance, Boone and Kurtz 2013). �e �ndings of this paper suggest ways in
which such targets can be reached more e�ectively.23
Other potential applications include political agendas. Imagine a race between

two candidateswho have to decidewhere to locate on the political spectrumon certain
issues. Suppose one candidate advocates stricter gun control, while the other prefers
to maintain the more lenient status quo. For reasons of consistency, both candidates
will stay true to their initial positions at least until election day. But what if the location
of the median voter changes over time? �is paper suggest that there are subtle ways
inwhich candidatesmay in
uence the salience of particular issues: if public sentiment
leans more towards stricter gun control, for instance, the advocate of the status quo
might publicly contemplate measures that lead to more deregulation in order to make
his position appear relatively less extreme.
In a similar vein, speakers of committees who have some discretion over the order

in which items of the agenda are presented, could use this to their advantage. If votes
are taken a�er each item, as is usually the case, and if items have at least partly overlap-
ping dimensions, an agenda setter canmanipulate their perceived weights. Due to the
large number of possible candidates that are o�en evaluated along similar or identical
attributes, hiring committees may be particularly prone to such e�ects.
Although the above examples are deliberately simplistic, they serve to show that

incorporating context dependence in preferences can increase both the explanatory
and predictive power of models. �e central contribution of this paper therefore lies

23�e marketing literature stresses the importance of positioning products appropriately, but is
silent about ways to achieve this objective. With respect to brands, Batra, Myers, and Aaker (2009)
de�ne positioning as follows: “Just as segmentation involves the decision to aim at a certain group
of customers but not others, [positioning] involves a decision to stress only certain aspects of our
brand, and not others. [. . . ]. Such positioning is achieved mostly through a brand’s marketing com-
munications, although its distribution, packaging, and actual product features can play major roles.”
(pp. 192–193). �at product positioning aims at altering perception was �rst proposed by Ries and
Trout (2001): “[P]ositioning is not what you do to a product. Positioning is what you do to the
mind of the prospect. �at is, you position the product in the mind of the prospect.” (quoted from
http://www.inc.com/encyclopedia/product-positioning.html).

http://www.inc.com/encyclopedia/product-positioning.html
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in elucidating one particular mechanism through which context matters and in dis-
tinguishing this mechanism from other potential channels.
Nevertheless, this study has several limitations that provide fruitful areas for fur-

ther research. First, the fact that decisions about potential partners are frequent (at
least in terms of hypothetical evaluation), familiar, and highly consequential should
make us con�dent that context dependence will also be apparent in less involved de-
cisions. However, there may be other reasons why the speed dating context is idiosyn-
cratic, and more research is needed to shed light on this issue.
Second, there appears to be a gender gap. While results are qualitatively similar

for women and men, and e�ects point in the same direction, the coe�cients on the
attribute ranges are precisely estimated only for women. Whether this re
ects a true
gender di�erence or an artifact of higher heterogeneity among men remains to be
shown.
Finally, the speed dating setup lacks experimental control over which potential

partners are members of the consideration set, in relation to which the range is de-
termined. Although some theoretical advances have been made in order to allow
for identi�cation of considered options (cf. Masatlioglu, Nakajima, and Ozbay 2012;
Manzini andMariotti 2014), inferring consideration from choice data is still challeng-
ing. In an attempt to alleviate related concerns, I show that results do not depend on
di�erent assumptions regarding memory length. However, seeing as the process of
consideration set formation is not well understood, mechanisms other than forgetful-
ness might be at play.
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a appendix

A.1 Robustness

full sample �e analyses presented in the main text are based on a restricted
sample. As described in more detail in Section 3.2, I exclude seven of 21 sessions,
two because the group size di�ers substantially from the average, one because a limit
on positive decisions to date was in place, and four because participants were asked
to bring magazines or books, which could have potentially distracted them from the
task at hand.
Reassuringly, results are robust to including these omitted sessions. As shown in

Table 6, coe�cients point in the same direction as in Table 4, and for female par-
ticipants both the coe�cient on Attractiveness Range and the interaction with More
Attractive are signi�cant.

specification of the range Due to the sequential nature of the speed dating
context, determining the range is subject to specifying the process of consideration
set formation. In the main text I assume that participants enter the experiment with
no prior reference point, such that the range at the �rst date is unspeci�ed.
Table 7 presents regressions that take into account one’s own attribute level as ref-

erence point, relative to which the range at the �rst date is computed. �e coe�cients
are not as precisely estimated, but support the analysis in the main part.

rescaling As stated in the main text, estimated coe�cients could be biased if
stated attributed levels (i.e., evaluations of partners) are directly a�ected by context
e�ects. To deal with this issue, Bhargava and Fisman (2014) substitute all ratings with
evaluations by two research assistants seated in the same room. Applying the same
methodology to context dependence faces some shortcomings: for one, it is impos-
sible to control for attribute levels other than attractiveness, since research assistants
were unable to rate these. Another concern is that ratings by research assistants might
be subject to similar biases (i.e., context dependence) than those of actual participants,
and hence their unbiasedness is questionable.
Nonetheless, Table 8 presents results from a stripped-down regression of the de-

cision to date on attractiveness and the attractiveness range, as determined by average
ratings of the two research assistants, including only the lagged attractiveness rating as
a contrast e�ect control and round �xed e�ects to control for time trends. �e results
are largely in line with the �ndings reported in Section 4.2: for the combined sample
and the female evaluator subsample, the range e�ect is positive (yet non-signi�cant)
if the evaluated person is below the reference level, and signi�cantly negative if above
(F(1, 399) = 4.02, p < 0.05; F(1, 199) = 2.96, p < 0.1). Note that the negative coef-
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Consensus Rating

(1) (2) (3)
All Male Female

Attractiveness Range 0.109∗∗∗ 0.112∗∗∗ 0.0947∗∗
(0.0256) (0.0324) (0.0379)

More Attractive 0.0994∗∗∗ 0.0761∗∗ 0.133∗∗∗
(0.0211) (0.0322) (0.0297)

More Attr. × Attr. Range -0.108∗∗∗ -0.0816∗∗∗ -0.163∗∗∗
(0.0178) (0.0233) (0.0306)

Fun Range 0.0348 0.0267 0.0403
(0.0337) (0.0502) (0.0455)

More Fun 0.0668∗∗∗ 0.112∗∗∗ 0.00250
(0.0238) (0.0333) (0.0328)

More Fun × Fun Range -0.0886∗∗∗ -0.106∗∗∗ -0.0522
(0.0251) (0.0357) (0.0350)

Constant -0.954∗∗∗ -0.994∗∗∗ -0.909∗∗∗
(0.0538) (0.0736) (0.0774)

Attribute Level Controls Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes
Round Fixed E�ects Yes Yes Yes

Observations 5802 2985 2817
R2 0.532 0.538 0.521
Adjusted R2 0.489 0.493 0.473

Table 6.—Full Sample

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10. More Attractive and More Fun are indicator variables set to one if the
partner surpasses the evaluator’s own level of the respective attribute, as judged by
all other subjects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



34

Consensus Rating

(1) (2) (3)
All Male Female

Attractiveness Range 0.127∗∗∗ 0.131∗∗∗ 0.0975∗
(0.0323) (0.0390) (0.0496)

More Attractive 0.133∗∗∗ 0.104∗∗ 0.186∗∗∗
(0.0254) (0.0399) (0.0342)

More Attr. × Attr. Range -0.129∗∗∗ -0.0917∗∗∗ -0.227∗∗∗
(0.0220) (0.0285) (0.0371)

Fun Range 0.0752∗ 0.0243 0.110∗∗
(0.0438) (0.0690) (0.0527)

More Fun 0.0745∗∗∗ 0.120∗∗∗ 0.00444
(0.0272) (0.0384) (0.0364)

More Fun × Fun Range -0.104∗∗∗ -0.117∗∗∗ -0.0633∗
(0.0271) (0.0382) (0.0376)

Constant -1.019∗∗∗ -1.008∗∗∗ -1.015∗∗∗
(0.0692) (0.0979) (0.0919)

Attribute Level Controls Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes
Round Fixed E�ects Yes Yes Yes

Observations 4710 2401 2309
R2 0.538 0.539 0.531
Adjusted R2 0.494 0.492 0.482

Table 7.—Di�erent Starting Point for Range

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10. More Attractive and More Fun are indicator variables set to one if the
partner surpasses the evaluator’s own level of the respective attribute, as judged by
all other subjects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



35

Consensus Rating

(1) (2) (3)
All Male Female

Attractiveness Range 0.0424 -0.0190 0.141
(0.0518) (0.0613) (0.107)

More Attractive 0.266∗∗∗ 0.247∗∗∗ 0.315∗∗∗
(0.0262) (0.0385) (0.0377)

More Attr. × Attr. Range -0.149∗∗∗ -0.0894∗∗ -0.321∗∗∗
(0.0324) (0.0399) (0.0618)

Constant -0.363∗∗∗ -0.317∗∗∗ -0.442∗∗∗
(0.0518) (0.0749) (0.0719)

Attribute Level Controls Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes
Round Fixed E�ects Yes Yes Yes

Observations 5656 2831 2825
R2 0.401 0.399 0.395
Adjusted R2 0.354 0.349 0.344

Table 8.—Rescaling (Research Assistant Rating)

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10; all ratings are replaced by the average of two research assistants’ rat-
ings. More Attractive is an indicator variable set to one if the partner surpasses the
evaluator’s own level of this attribute, as judged by all other subjects. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01

�cient of the range on the decision to date in case the partner is above the reference
level is also present for male evaluators (F(1, 199) = 2.85, p < 0.1).
As an additional robustness check, I propose a di�erent strategy, which rests on

the assumption that evaluators cannot be in
uenced by context e�ects in the very �rst
round. In this casewe can take the assessment of the evaluatorwhohas dated the target
in the �rst round, and apply this rating to assessments of that target in all subsequent
rounds.
�e plausibility of this assumption strongly depends on whether participants en-

ter the speed dating experiment with some expectations regarding reference attribute
levels or not. If they do, they might evaluate even the �rst target relative to their ex-
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pectation, and hence be in
uenced by context e�ects even then. However, if reference
attribute levels are not present or carry su�ciently low weight, we can reasonably ex-
pect that the �rst rating is unimpeded by distortions due to context e�ects. In this case,
it would be natural to take the assessment of the evaluator who has dated the target
in the �rst round, and apply this rating to assessments of that target in all subsequent
rounds.
One obvious drawback of this method relative to the one employed by Bhargava

and Fisman (2014) is that ‘true’ attribute levels are likely to be measured less precisely,
as they rely on the rating of one instead of two persons. As pointed out before, how-
ever, context e�ects may be present in research assistants’ ratings, whereas they are
very unlikely if we employ the rating of that evaluator who has dated a given target
in the �rst round. An additional advantage of the method I propose is that it yields
undistorted ratings for all attributes, not just attractiveness.
Substituting all ratings with those of the subject who dated a given person �rst

yields Table 9. Results are qualitatively in line with Table 4, but are not signi�cant.
However, considering that there is a substantial variation in the perception of at-
tributes across subjects, which this method fails to capture, this loss in precision is
expected.

consideration set composition �is section complements the analysis in
Section 4.4. In order to evaluate whether there are di�erential e�ects of consideration
set composition on context dependence, Tables 10 and 11 split the sample into male
and female evaluators.

A.2 Gender Di�erences in Utility

�e results presented in Section 4.2 suggest that the e�ect of utility ranges is stronger
for women than for men, and loses signi�cance when considering only the data gen-
erated bymale evaluators. One possible explanation for this �nding is thatmen do not
care about how attractive their counterparts are, implying that utility is 
at over all lev-
els of attractiveness. In this case the proposed identi�cation strategy would not work,
since it is based on di�erential reactions to range increases depending on whether the
level of attractiveness is regarded as desirable or repelling.
Figure 6 documents that this rationalization does not hold: if anything, the pos-

itive slope of attractiveness utility is even steeper than for women. In addition, note
that for both women andmen, the consensus rating approximates the utility threshold
very well.
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Consensus Rating

(1) (2) (3)
All Male Female

Attractiveness Range -0.00475 0.0000181 0.0199
(0.0294) (0.0330) (0.0579)

More Attractive 0.231∗∗∗ 0.253∗∗∗ 0.252∗∗∗
(0.0295) (0.0395) (0.0459)

More Attr. × Attr. Range -0.0325 -0.0314 -0.0927∗∗
(0.0215) (0.0251) (0.0444)

Fun Range -0.00383 -0.0315 -0.0106
(0.0543) (0.0713) (0.0787)

More Fun 0.234∗∗∗ 0.334∗∗∗ 0.0755
(0.0410) (0.0531) (0.0622)

More Fun × Fun Range -0.0731∗ -0.150∗∗∗ 0.0630
(0.0381) (0.0469) (0.0606)

Constant 0.0187 -0.0446 0.104
(0.0938) (0.131) (0.136)

Attribute Level Controls Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes
Round Fixed E�ects Yes Yes Yes

Observations 4447 2239 2208
R2 0.385 0.396 0.376
Adjusted R2 0.320 0.328 0.304

Table 9.—Rescaling (First Rating)

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10; all ratings are replaced by the assessment of the evaluator who has rated
the partner in the �rst round. More Attractive andMore Fun are indicator variables
set to one if the partner surpasses the evaluator’s own level of the respective attribute,
as judged by all other subjects. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Consensus Rating

(1) (2) (3) (4)
Perf. Mem. 3 Partners 2 Partners 1 Partner

Attractiveness Range 0.116∗∗∗ 0.0870∗∗∗ 0.0953∗∗∗ 0.130∗∗∗
(0.0350) (0.0304) (0.0318) (0.0376)

More Attractive 0.0963∗∗∗ 0.0704∗∗ 0.0652∗ 0.0545∗
(0.0369) (0.0350) (0.0341) (0.0292)

More Attr. × Attr. Range -0.0900∗∗∗ -0.0858∗∗∗ -0.0941∗∗ -0.113∗∗
(0.0269) (0.0320) (0.0363) (0.0466)

Fun Range 0.0279 0.0996∗∗ 0.0715∗ 0.0781
(0.0551) (0.0441) (0.0423) (0.0511)

More Fun 0.110∗∗∗ 0.0990∗∗∗ 0.0888∗∗∗ 0.0769∗∗
(0.0370) (0.0362) (0.0341) (0.0315)

More Fun × Fun Range -0.112∗∗∗ -0.132∗∗∗ -0.130∗∗ -0.162∗∗
(0.0392) (0.0498) (0.0556) (0.0745)

Constant -0.967∗∗∗ -0.930∗∗∗ -0.901∗∗∗ -0.886∗∗∗
(0.0838) (0.0855) (0.0842) (0.0808)

Attribute Level Controls Yes Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes Yes
Order Fixed E�ects Yes Yes Yes Yes

Observations 2401 2401 2401 2401
R2 0.539 0.538 0.538 0.541
Adjusted R2 0.492 0.491 0.491 0.494

Table 10.—Consideration Set Composition (Men)

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10. More Attractive and More Fun are indicator variables set to one if the
partner surpasses the evaluator’s own level of the respective attribute, as judged by
all other subjects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Consensus Rating

(1) (2) (3) (4)
Perf. Mem. 3 Partners 2 Partners 1 Partner

Attractiveness Range 0.112∗∗∗ 0.0825∗∗ 0.0912∗∗∗ 0.170∗∗∗
(0.0415) (0.0389) (0.0331) (0.0407)

More Attractive 0.176∗∗∗ 0.134∗∗∗ 0.120∗∗∗ 0.113∗∗∗
(0.0323) (0.0284) (0.0282) (0.0262)

More Attr. × Attr. Range -0.226∗∗∗ -0.218∗∗∗ -0.227∗∗∗ -0.347∗∗∗
(0.0357) (0.0411) (0.0462) (0.0668)

Fun Range 0.100∗∗ 0.147∗∗∗ 0.114∗∗∗ 0.103∗∗∗
(0.0491) (0.0388) (0.0356) (0.0359)

More Fun -0.00420 -0.00380 -0.0320 -0.0240
(0.0355) (0.0295) (0.0283) (0.0275)

More Fun × Fun Range -0.0556 -0.0865∗ -0.0441 -0.0862
(0.0390) (0.0439) (0.0472) (0.0646)

Constant -0.975∗∗∗ -0.962∗∗∗ -0.920∗∗∗ -0.867∗∗∗
(0.0840) (0.0799) (0.0782) (0.0751)

Attribute Level Controls Yes Yes Yes Yes
Contrast E�ect Controls Yes Yes Yes Yes
Order Fixed E�ects Yes Yes Yes Yes

Observations 2309 2309 2309 2309
R2 0.531 0.529 0.527 0.529
Adjusted R2 0.482 0.479 0.477 0.479

Table 11.—Consideration Set Composition (Women)

Notes: Linear probability model with standard errors clustered on the partner level
(in parentheses). In all regressions, the dependent variable is the Decision to Date.
All observations are weighted by the inverse of the number of observations per sub-
ject; ratings are adjusted using importance weights. Attribute ratings are on a scale
from 1 to 10. More Attractive and More Fun are indicator variables set to one if the
partner surpasses the evaluator’s own level of the respective attribute, as judged by
all other subjects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure 6.—Gender Di�erences in Utility

Notes: Vertical axis displays average predicted values of the dependent variable (de-
cision to date) for di�erent attribute values. Plotted values are derived from regress-
ing the decision to date on all �ve attributes, including time and individual �xed
e�ects. Marginal e�ects are obtained post estimation for each attribute separately.
Regressions are weighted by the number of observations in each session. Standard
errors are clustered on the partner level. Grey areas are 95% con�dence intervals.
Horizontal red lines depict average yes rate, vertical blue lines (dashed) are average
consensus ratings of the respective attribute, and vertical green lines (dash-dotted)
are average own ratings of the attribute.
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A.3 Uniqueness of the Reference Level

�is section complements the analysis presented in Section 4.3 in the main part.
Figure 7 displays the results for placebo regressions performed on the combined

sample. As discussed in the main part, if there were indeed a unique reference level
of utility, we would expect to �nd a signi�cant below reference level range coe�cient
for values up to some reference level, a signi�cant above reference level coe�cient for
values above, and a null e�ect for all other levels of these two coe�cients. Panel 7a
shows a pattern that is qualitatively consistent with this expectation, but fails to hold
up quantitatively. In particular, there is no apparent change in both themagnitude and
the signi�cance of the coe�cients at some value between the consensus rating and
the own rating. Furthermore, the below threshold coe�cient remains signi�cantly
positive even for levels above the threshold. Recalling that there appears to be no
generalized context dependence across genders (cf. Table 4), this �nding is expected.
Results for the attribute fun are less clear-cut. Some of the below reference level

estimates are consistent with the logic outlined above: namely, that there is a negative
range e�ect for placebo reference level values up to approximately 6, and that the e�ect
is indistinguishable from zero above. However, the above reference level estimates do
not conform to this logic. �is pattern is consistent with the insigni�cant �ndings
reported in Result 2: it appears that there is no unique reference level of fun, but that
there are many. Hence we cannot expect to �nd meaningful results when taking the
consensus rating as a benchmark.
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Figure 7.—Placebo Tests of Attribute Ranges

Notes: Figure displays regression coe�cients of the decision to date on attribute
range (dotted line) and the sum of attribute range and the interaction between at-
tribute range and a dummy (dash-dotted line). �e dummy is set to one if the at-
tribute level is higher than k = 1, 2, . . . , 10 and set to zero otherwise, such that each
line consists of coe�cients from 10 separate regressions. Grey areas are 95% con-
�dence intervals. �e horizontal axis tracks the value of the threshold k. �e two
vertical lines indicate the averages of the consensus rating of the attribute (blue line)
respectively subject’s own rating of the attribute (green line). Stars above the red line
indicate whether coe�cients of the dotted line are signi�cantly di�erent from zero;
analogously for stars below the red line and the dash-dotted line. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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Figure 8.—Placebo Tests of Fun Ranges

Notes: Figure displays regression coe�cients of the decision to date on attribute
range (dotted line) and the sum of attribute range and the interaction between at-
tribute range and a dummy (dash-dotted line). �e dummy is set to one if the at-
tribute level is higher than k = 1, 2, . . . , 10 and set to zero otherwise, such that each
line consists of coe�cients from 10 separate regressions. Grey areas are 95% con-
�dence intervals. �e horizontal axis tracks the value of the threshold k. �e two
vertical lines indicate the averages of the consensus rating of the attribute (blue line)
respectively subject’s own rating of the attribute (green line). Stars above the red line
indicate whether coe�cients of the dotted line are signi�cantly di�erent from zero;
analogously for stars below the red line and the dash-dotted line. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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