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We study partner preferences for education and attractiveness by conducting a field experiment in a large
online dating market. Fictitious profiles with manipulated levels of education and photo attractiveness
send random invitations for a serious relationship to real online daters. We find that men and women
prefer attractive over unattractive profiles, regardless of own attractiveness. We also find that high-
educated men prefer low-educated over high-educated profiles as much as high-educated women prefer
high-educated over low-educated profiles. With preferences similar for attractiveness but opposite for
education, two groups are more likely to stay single: unattractive, low-educated men and unattractive,
high-educated women.
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1. Introduction

Few choices in life are as important and complex as the choice
of partner. This choice involves, among other things, the partner
preferences of oneself and others, which are difficult to observe.
Our purpose here is to measure the underlying partner preferences
that shape partner matches. In particular, we study how heterosex-
ual men and women value brains (as measured by educational
attainment levels) and beauty (as measured by facial attractiveness
ratings) in a partner.
There are two good reasons to focus on partner preferences.
First, social scientists (of all disciplines) have developed various
theories linking partner traits to partner matches through different
partner preferences. Partner matching on education and attractive-
ness is a case in point. These traits are on their own highly corre-
lated between partners, much more so than most other traits
(Kalmijn, 1998), and together often thought of as substitutes, with
more educated men partnering less educated but more attractive
women as a popular example (Becker, 1981; Buss, 1989; Jackson,
1992; McClintock, 2014).1 These matching patterns can, however,
rains (as
ess) and
raits too.
all these
, Kalmijn
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be the result of any of the three most prominent families of partner
preferences—homophilic preferences, universal preferences, and tra-
ditional preferences.2 Our attempt to identify partner preferences for
brains and beauty should shed light on the preferences proposed in
the literature.

Second, from a welfare and policy perspective, it matters
whether partner matches are driven by preferences or by con-
straints. If individuals, for instance, have preferences for partners
with traits similar to their own (as opposed to simply being more
likely to meet such partners), it may be more acceptable that pos-
itive assortative matching leads to greater inequality in family
income (Eika et al., 2019). Policies aimed at reducing inequality
would then incur some welfare losses.

It has proven difficult to credibly identify partner preferences.
One difficulty arises because of search frictions. Individuals gener-
ally self-select into clubs, schools, jobs, and neighborhoods. If
search frictions make individuals more likely to meet their partner
in self-selected environments (Kalmijn, 1998), they are also more
likely to end up having a partner with traits similar to their own,
regardless of partner preferences. Another difficulty arises because
of psychological and social frictions. Partner choices are based on a
combination of rationality and emotions (Finkel et al., 2012). If fear
of rejection leads disappointment averse individuals to act strate-
gically, they may shy away from partners they consider attractive
but unattainable (Bell, 1985; Loomes and Sugden, 1986; Gul,
1991). In fact, psychological research has documented that (some)
people are indeed rejection sensitive, which ultimately affects their
search for partners and intimate relationships (Downey and
Feldman, 1996; Downey et al., 1998). Importantly, because of the
fear of rejection, realized partner matches will not necessarily
reflect partner preferences, even in the absence of search frictions.
A final difficulty arises because of correlated traits. Any observable
trait similarity between partners could be due to similarities in
other related traits that are observable to potential partners but
not to researchers. Whenever observable and unobservable traits
are correlated, either between or within partners, the estimated
partner preferences for specific traits will be biased.

In this paper, we aim to identify partner preferences by con-
ducting the first correspondence test experiment in an authentic
dating market. Specifically, we post fictitious profiles on one of
the largest online dating sites in the Netherlands with traits that
are manipulated along two dimensions: attractiveness and educa-
tion. By randomly assigning the education level and attractiveness
of our fictitious partners, we can be assured that these traits are
uncorrelated with other characteristics listed in the profile, thus
removing the confound of correlated traits. We focus on attractive-
ness (as measured by facial attractiveness) and education (as mea-
sured by educational levels) because these two traits are stable,
mostly realized when online daters enter the online dating market,
often considered substitutes in partner choice, a proxy for income
potential (especially education), and generally highly correlated
between partners. From these fictitious profiles, we then randomly
sent out dating offers to a relevant set of online daters and col-
lected their responses. By initiating the contact, we reduce search
2 Psychologists and sociologists generally emphasize that partner matches are
motivated by homophilic preferences where individuals value partners with similar
traits to oneself (Walster et al., 1966). Biologists typically derive partner preferences
from the partner’s reproductive value---with brains and beauty as cardinal indicators
for good genes, matching models with universal preferences predict positive assorta-
tive matches (Buss and Schmitt, 2019). Economists commonly assign market values to
brains and beauty---with asymmetric returns for brains and beauty, matching models
with universal preferences would allow partners to leverage beauty for brains
(Becker, 1981). More recently, economists and sociologists began to work with tra-
ditional preferences that follow gender identity norms to explain the marital
asymmetries in brains and beauty (Bertrand et al., 2015; Folke and Rickne, 2020;
and Almås et al., 2017).
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frictions as well as the fear of being rejected, which allows us to
estimate unbiased partner preferences under a minimal set of
assumptions, as the responses should reflect genuine preferences
for partner attractiveness and education. In total, we posted 12 fic-
titious profiles and invited some 2,700 online daters for a date in
the spring and fall of 2016.

We preview three of our main findings. First, we find that
response rates significantly rise with profile attractiveness. The
positive impact of attractiveness on the likelihood to respond is
quantitatively large, identical for men and women, and insensitive
to the attractiveness of online daters themselves. Second, we find
that men are more likely to respond to lower educated profiles,
but not women. The gender difference in response rates to profile
education is quantitatively large, and with a pronounced asymme-
try for the more educated online daters; according to our esti-
mates, university educated men show a clear preference for
lower educated women, while university educated women reject
men with lower education than themselves. Third, we find no evi-
dence that attractiveness and education are substitutable, and thus
tradable, traits in response rates. The interacted impact of attrac-
tiveness and education is generally small and statistically
insignificant.

As in other correspondence test studies, our main outcome is a
rather crude measure that identifies the effects in the early stages
of the matching procedure. We measure preferences for profile
characteristics (through online responses) rather than partner
characteristics. Nonetheless, the preferences we estimate (when
placed into a partner matching context) predict positive assorta-
tive matching on attractiveness (so that the most attractive man
matches with the most attractive woman, and so on) and negative
assortative matching on education (so that the most educated man
matches with the least educated woman, and so on). These pre-
dicted sorting patterns imply the persistency of traditional
matches: men and women mutually prefer to live in a traditional
relationship where husbands have a stronger earnings potential
than their wives. These predicted sorting patterns also imply that
not everyone will find a partner: the two groups at risk are
unattractive, low-educated men and unattractive, high-educated
women. Interestingly, these predicted sorting patterns based on
responses of online daters appear to have validity outside the
online dating market, which we illustrate with some supportive
real-world evidence on those who get married and those who stay
single.

The remainder of our study proceeds as follows. Section 2
describes earlier work on the current topic and discusses the con-
tributions and limitations of our work. Section 3 provides details
about the experiment. Section 4 outlines the main results, includ-
ing results from heterogeneity analyses. Section 5 provides several
robustness checks. Section 6 interprets the results in terms of part-
ner preferences. Section 7 concludes.

2. Related literature

So far, the economics literature on partner choice has mostly
estimated structural marriage models using data on realized part-
ner matches (see, for instance, Wong, 2003; Bisin et al., 2004; Choo
and Siow, 2006; Gautier et al., 2010). It is only recently that econ-
omists have begun to explore alternative strategies and data
sources in attempts to extract partner preferences and their impact
on partner matches, including revealed partner choice data from
speed dating events and online dating sites.3
3 A larger empirical literature elicits stated partner preferences from survey
questions and vignette designs (Buss, 1994; Regan 1998; Stewart et al., 2000; Almås
et al., 2017). These studies generally find that men value attractiveness more than
women, whereas women value education/earnings potential more than men do.
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Our study relates to recent work that estimates partner prefer-
ences for education and attractiveness based on speed date events.
Kurzban and Weeden (2005) draw their sample from one of the
largest speed dating companies in the US and find that male and
female speed daters are much more likely to propose to attractive
speed date partners. They do not find much for more educated
speed date partners, though. Fisman et al. (2006) organize speed
date events among Columbia university students and find that all
speed daters like to date attractive and intelligent speed date part-
ners, where men prefer attractiveness over intelligence and
women prefer intelligence over attractiveness. Belot and
Francesconi (2013) rely on speed date events in the UK and find
that male and female daters value attractive speed date partners
(as measured by their physical traits). Their results further indicate
that male speed daters like to date more educated partners who
work in less prestigious occupations, whereas female speed daters
like to date partners who work in more prestigious occupations,
regardless of their educational attainment. A general concern with
speed date studies, however, is that the traits (i.e., physical attrac-
tiveness, education, and occupational status) are correlated with
each other. Hence, it is not a priori clear which partner traits that
ultimately affects the willingness to date someone in speed date
studies. We circumvent this issue by randomly assigning education
and attractiveness levels to our fictitious profiles. Also, it may be
unrealistic to assume that speed dating does not suffer from psy-
chological and social frictions.4

Another set of studies rely on online dating information to esti-
mate partner preferences (Hitsch et al., 2010; Skopek et al., 2011;
Ong and Wang, 2015). Hitsch, Hortaçsu, and Ariely sample online
daters in two major US cities and find that, regardless of gender,
all online daters are more likely to send a first-contact email to
more attractive profiles. Only female online daters are more likely
to initiate contact with more educated profiles. For male online
daters, the likelihood to first contact a more educated profile is
slightly negative and statistically insignificant. Skopek, Schulz,
and Blossfeld use online information in Germany and find that
male and female online daters shy away from profiles that are less
attractive than themselves, but only male online daters dare to ini-
tiate contact with profiles that are physically more attractive than
themselves. In case of profile education, both males and females
seem to avoid contact with profiles who have lower education than
themselves. Closest to our study is the work of Ong and Wang
(2015) who randomly assign income levels to 360 artificial profiles
of a Chinese dating website and record the incomes of nearly 4000
visitors of these profiles. They find that men were indifferent with
respect to the income level of the female profiles, whereas women
of all income levels visited male profiles with higher incomes at
higher rates, especially if the male profiles’ incomes went above
that of the women’s own.

Insofar online daters are disappointment averse and initiate
contact strategically, these studies still obtain biased measures of
partner preferences. Online evidence on such strategic behavior
is mixed. While Hitsch, Hortaçsu, and Ariely find little support
for strategic behavior, Skopek, Schulz, and Blossfeld conclude that
social frictions continue to affect which profiles online daters
choose to contact. The recent findings of Bapna et al. (2016) using
online dating data from the US confirm the latter view; in fact, they
4 Finkel et al. (2007) list three other limitations common to speed date studies.
First, samples of participants of speed date events are quite selective, which limits the
external validity of speed date results. Second, the main outcome is mostly a realized
speed date relationship, which is not necessarily informative about a longstanding
serious relationship. And third, participants in speed date events may feel embar-
rassed about participating, and as a result date differently than they would otherwise
date.
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provide experimental evidence that online daters actually benefit
from acting strategically.5

2.1. Contributions of our study

What does our study add to this recent work on partner prefer-
ences? Well, we are the first to apply the correspondence test
experiment in an online dating setting. As such, we solve several
difficulties that are common to studies of partner preferences. First,
we account for search frictions; that is, we believe that search fric-
tions in online dating markets are as good as absent (as in the
speed date studies but not in the search and matching studies).
Second, we account for psychological and social frictions; that is,
we expect that incentives to act strategically lose importance once
online daters are invited for a date by profiles they consider attrac-
tive but unattainable. And third, we account for correlated (profile)
traits; that is, we introduce fictitious profiles with manipulated
traits that are uncorrelated with each other, so that any response
differences can exclusively be attributed to differences in attrac-
tiveness and education, and not to something else.

2.2. Limitations of our study

While the correspondence test methodology we use to identify
partner preferences clearly contributes to previous partner studies,
it has its limitations too. We list the three main ones. First, we do
not observe the dating offers and responses of other daters, which
is a limitation shared with any other study on partner preferences.
While we send random dating offers to all online daters and
observe their responses, we do not observe the dating offers other
online daters send, nor the responses to these other offers. To the
extent that the non-random dating offers from other online daters
affects the response to random dating offers from us, our prefer-
ence estimates may also capture some of these spillovers. We alle-
viate this limitation later (in Section 5). Second, we do not observe
daters using alternative dating channels. Social networks, for
example, are often mentioned as a common channel to find a part-
ner. To the extent the attractive and educated men and women use
their networks more to find a partner, the results taken from our
online dating experiment may lack some generalizability. We
should note, though, that online dating is nowadays one of the pri-
mary search channels for a serious relationship (e.g., Rosenfeld and
Thomas, 2012). And third, we do not observe realized partner
choices, but responses to dating offers from online profiles. To
the extent that profile preferences differ from partner preferences,
our experiment may inform us on how online daters value attrac-
tiveness and education in a profile rather than in a partner. We
therefore need to interpret our results in terms of partner prefer-
ences with some caution.
3. Experiment

We employ a correspondence test to identify partner preferences.
This is the common method to detect discriminatory preferences in
the context of the labor market (Bertrand and Mullainathan, 2004),
the housing market (Ahmed and Hammarstedt, 2008) and the
second-hand market for customer products (Doleac and Stein,
2013). In the context of the online dating market, the method
5 The normative dating rule in the context of online dating is that male online
daters initiate the first contact once female online daters have signaled their interest
(through an online record of their profile visit). In an experiment where a randomized
group of online daters could visit other profiles unrecordedly, Bapna et al. (2016) find
that particularly female online daters are less likely to find a date/partner because of
their inability to leave a signal. Note that Bapna et al. do not exploit trait information
of the online daters.



Table 1
The design of the experimental treatments.

Attractiveness of Profile

Education of Profile Low Medium High

University T:L_Uni T:M_Uni T:H_Uni
High School T:L_HS T:M_HS T:H_HS

8 Figure A1 in Appendix A presents a generic version of a profile page. Notably, both
attractiveness (the profile photo) and education are in the highlighted set of
attributes.

9 Dutch people with a tertiary education degree earns 56 percent more than people
with only high school degree (OECD, 2014). The returns to education are similar for
both men and women, and also very close to the OECD and EU averages. Education
may, of course, also serve as a signal for other traits not explicitly stated in the profile
(e.g., IQ and social background). Also attractiveness may similarly serve as a signal for
other (and perhaps related) traits. Hamermesh and Biddle (1994) find a strong
correlation between physical appearance and earnings (for both men and women).
Buss and Schmitt (2019) takes an evolutionary perspective and stresses that
attractiveness signals the ability to provide and reproduce.
10 The male names are: Martijn, Stefan, Jeroen, Erik, Sander and Dennis. The female
names are: Marieke, Maria, Joyce, Esther, Sanne, and Danielle.
11 The two educational levels in our experiment represent the most distinctive
educational levels in upper secondary and tertiary education. Dutch upper secondary
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involves letting fictitious profiles with different (combinations of)
traits randomly contact potential dating partners.6 In particular, we
exogenously vary two profile traits that are often listed as key traits
in partner search: education and facial attractiveness (e.g. Kurzban
and Weeden, 2005; Todd et al., 2007; Belot and Francesconi, 2013).
Table 1 shows the six treatments we employ in the experiment, repre-
senting different combinations of three attractiveness levels and two
educational levels. We run this design for men and women separately,
thereby allowing for gender specific measures of returns to education
and attractiveness, and potential interactions thereof (e.g., Fisman
et al., 2006). In total, we post 12 fictitious profiles on a dating website,
one for each treatment and gender. Below, we describe the particular
website that we use, the construction of profiles, the photo selection
procedure, and the experimental setup.

3.1. Context

Our experiment takes place among users of one of the larger
online dating websites in the Netherlands. Online dating has
become one of the main search channels for partners and is still
growing. To illustrate this, a Pew Research Center survey found
that 60 percent of Americans think online dating is a good way
to find a partner; nearly half of the population knows people hav-
ing (successfully) used online dating to find their partner (Smith
and Anderson, 2016); 20 percent of current committed relation-
ships began online, and seven percent of marriages in 2015 were
between couples that met on a dating website (Thottam, 2016).
Also in the Netherlands, more than 13 percent of couples that
started living together in the period 2008–2013 met online
(Kooiman and Latten, 2014).

The dating site that we use has various appealing features for
our purposes. First, it is large, easily allowing for an experiment
of the size that we wanted to conduct. Second, members are
observably representative of the Dutch population in the age and
education groups that we study (see below). Third, the entry fee
for the first three months is around 45 euro, making it relatively
less attractive to less serious individuals compared to free dating
sites. Fourth, the website does not require users to fill out and pro-
vide results from psychological tests and does not use smart
matching techniques, which would compromise our design.7

Upon joining the website, users create their personal profile,
often including one or more photos, after having provided their
email address and a debit/credit card number for payment of the
subscription fee. A profile consists of a username and formatted
information (chosen from listed options) about age, gender, level
of education, place of residence, religion, height, weight, occupa-
tion and lifestyle (sports, smoking, drinking). Users further list
the main reason for joining the service, (i.e., friendship, date, seri-
ous relationship), provide their photo(s) and write a (free format)
short introduction about themselves. The dating website posts
these profiles and photos after a quick screening on irregularities.

3.2. Profile design

Our aim is to construct twelve fictitious profiles that appear as
similar as the real ones. Our fictitious profiles are born in 1985, live
6 An alternative correspondence test setup would be to send multiple invitations to
one online dater. We consider this problematic because of detection risk.

7 The dating website even emphasizes that there is no form of selection based on
appearance, education or orientation. Rather the service is available for everyone
older than 18 looking for a serious relationship. According to their own statistics, the
website has been responsible for more than 200,000 new relationships since
inception. Members can indicate what they search for in a partner, and filter their
own profile searches on specific criteria’s, but, importantly for our purposes, it is not
possible to screen out invitation messages based on the profile characteristics of the
sender.
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in Amsterdam, are heterosexual, not religious, of average weight
and height, live an active life (no smoking and regular exercise),
and aim at a long-term relationship with children.8 Our fictitious
profiles do not provide occupation and income information. There
are two points to note about our profiles. First, profiles with an expli-
cit demand for a long-term relationship and children in combination
with the birth year (people in their early 30 s) signal the desire for a
serious relationship. Second, profiles without occupation and income
information are realistic profiles: that is, the online profiles under
study do not offer income options, and most profiles leave the occu-
pation option open. Also, profiles without occupation and income
information allow us to interpret the effect of education, for exam-
ple, more broadly as the effect of education and everything else that
education signals, including occupation and income status. Almås
et al. (2017) refer to education as one potential measure of some-
one’s earnings potential and we use the same terminology here.9

We use six profiles for each gender (see Table 1). The six profiles
have different usernames, education levels and photos. We assign
different usernames based on popularity ratings of Dutch names
for the 1985 cohort.10 The profiles only hold highly ranked usernames
to overcome the concern that online daters may respond differently to
first names that appear odd and/or reflect social background (Fryer and
Levitt, 2004). We assign two levels of education. The low-educated pro-
files hold a (vocational) high-school degree and the high-educated pro-
files hold a university degree. We choose these two categories to create
a significant distance in terms of education, while at the same time
making sure that the educational groups are not too marginal (e.g.,
high school dropouts or people with doctor degrees).11 We finally
assign six profile photos (for each gender) representing three different
attractiveness levels. For each education category we use one profile
photo capturing low attractiveness, one photo capturing medium
attractiveness, and one photo capturing high attractiveness. Below,
we provide details about how we obtain the photos and how we rate
them.
education consists of two education tracks: intermediate vocational education (MBO)
and intermediate general education (HAVO/VWO). We select the MBO track as the
low education level in our experiment: this is the most common track in upper
secondary education. Most individuals with a MBO degree do not pursue a tertiary
degree. Statistics Netherlands (2014) reports that 41 percent of the Dutch population
between 15–64 years old holds a MBO degree as their highest degree. Only few hold a
HAVO/VWO degree as their highest degree attained because students in the general
education track typically continue in tertiary education. Dutch tertiary education
consists of two education tracks: higher vocational education (HBO) and university
education (WO). We select the WO track as the high education level in our
experiment:: this is the most advanced track. Statistics Netherlands (2014) reports
that 11 percent holds a WO degree, whereas 18 percent holds a HBO degree.
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3.3. Profile photos

We needed two equally attractive photos per gender and attrac-
tiveness level (one for each education level).12 We selected these
photo pairs (6 in total) as follows.

We first collected photos of 88 males and 54 females (all white
and around 30). These potential profile photos were taken, in con-
sent, from personal networks, complemented with photos taken
from the website dreamstime.com, which is a website where any-
one can upload photos for commercial (or other) use. Our aim at
this stage was to gather photos spanning a wide range of attrac-
tiveness (according to our own insights).

We then went to the online labor market Amazon Mechanical
Turk (MTurk) to obtain objective measures of attractiveness for
each photo, which ultimately would allow us to select pairs of pho-
tos from the different parts of the attractiveness distribution. For 1
$ in return, we asked 204 male members to rate equal sets of
female photos, and 96 female members to rate equal sets of male
photos, using a 1–5 scale where 5 corresponds to very attractive
and 1 to very unattractive.13 We asked them to state how attractive
they found the person in the picture in order to capture the individ-
ual preference for attractiveness rather than some anticipated norm
about what is attractive. At the same time, we did not prime the
rater to think of the person in the picture as a potential partner since
that could have biased the rating in favor of the more attainable pho-
tos. On average, each photo was rated by 70 independent raters, and
we use the average photo ratings as our measure of attractiveness.
Importantly for our purpose, the ratings show much variation in
attractiveness: the least attractive photos have a rating of about
1.5, whereas the most attractive photos have a rating of more than
4 (see Appendix A Fig. A2).

Based on the average rating, we matched photos with (almost)
identical ratings, from the high, the medium and the low segments
of the attractiveness distribution into pairs. To objectively select
the most comparable pairs in terms of attractiveness, we returned
to MTurk for pairwise photo comparisons, asking 850 male and
531 female members to pick the most attractive person of each
pair. If the photos in a particular pair are equally attractive, we
should expect the fraction selecting one over the other to be statis-
tically indistinguishable from 50 percent. The order of appearance
as well as the photo position (left or right) was random. Based on
the pairwise comparisons, we ended up with three equally attrac-
tive photo pairs per gender, one for each attractiveness level (see
Appendix B Table A1).14 Furthermore, we switched the education
level of the photo across the two rounds of data collection (in the
spring and fall) to ensure that the photos do not confound the effect
of education.15

Ideally, the raters on MTurk should have been of Dutch origin,
but we quickly realized that this was not feasible since there were
12 We need two profile photos per attractiveness level because of the practical
impossibility to assign the same picture to two different profiles (with high and low
education). The website would probably have stopped any attempt to use the same
photo for different profiles at the same time and it would otherwise have drawn
attention from other website users. We deemed it important to post the profiles
simultaneously so that we would always compete in the same market (i.e., avoiding
confounding time effects).
13 The exact phrasing of the question was: ‘‘Please state how attractive you find the
person in the picture below. 1=Very unattractive, 5=Very attractive.” Each subject had
to provide an answer for every photo using one of five radio buttons.
14 Among the six pairs, the average fraction selecting a specific photo as most
attractive was 51.95 percent (with a minimum of 50.50 percent and a maximum of
55.50 percent). One of the intended pair of profile photos was rejected by the dating
website. We managed to submit another pair of profile photos of equal attractiveness.
However, we did not expose that pair of photos to the pairwise test.
15 Thus, we can measure returns to education in two ways: within a round across
profile photos (of the same attractiveness level), or within profile photos across
rounds (see Section 4).
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too few Dutch workers on MTurk. Instead we decided to recruit
American citizens for this task. Although one might be concerned
that Americans and Dutch people differ in who they find attractive,
we can at least confirm that different ethnic groups within the Uni-
tes States (White/Caucasian, African American, Hispanic, and
Asian) to a large extent find the person in the photos equally
attractive. In particular, when regressing the rating of a photo on
being African American, Hispanic, or Asian (White/Caucasian rater
is the omitted category), only one point estimate comes out signif-
icant: Hispanic females find the average man in our sample 0.25
points less attractive on the 5-point scale (p = 0.008). Males find
our female photos equally attractive independent of race. More-
over, for both genders, all four ethnic groups agree on who they
find most and least attractive in the sample (the correlation in
the average rating, or ranking, of a photo across the four ethnic
groups is about 0.90 for male raters and about 0.85 for female
raters). The similarity of attractiveness ratings across ethnic groups
within the United States suggests that the ratings of the photos
would not have been drastically different if executed on a Dutch
sample. This assumption is also consistent with the meta-
analysis by Langlois et al. (2000), which concludes that raters agree
about who is and is not attractive, both within and across cultures.
3.4. Sample

The subject sample consists of active members of the website in
two periods: May-June 2016 (spring sample) and October-
November 2016 (fall sample). Active members are those online
members who had been visiting the website at least once in the
last 6 months prior to our contact.

The spring sample includes all active online daters. The fall
sample excludes those who were selected in the spring sample
(to avoid overlap). We further select our sample on some exoge-
nous trait similarity between our profiles and website members;
that is, we restricted the sample to website members who had
filled out all relevant information and posted a photo, were hetero-
sexual, were between 25 and 35 years old, and lived in the pro-
vinces Zuid-Holland, Noord-Holland or Utrecht, i.e. not too far
from the inviting profiles in Amsterdam.

Next, we hired a professional data scraper, who built a robot
that browsed the website, identified the relevant sample, and
downloaded each subject’s profile photo, education level, area of
residence, age and gender. The photos and education information
are crucial for analyzing matching preferences in the attractiveness
and the education dimensions. The scraping produced a sample of
2,672 (1,554 male and 1,118 female) online daters. Because five
profiles were incompletely scraped (in particular, they did not have
a profile picture), we work with a sample of 2,667 (1,550 male and
1,117 female) online daters with complete records who are eligible
for receiving an invitation message from one of our 12 fictitious
profiles.

Table 2 presents sample averages by gender.16 We highlight a
few of the background variables. In conformity with the design,
the male and female subjects are on average thirty years old (be-
tween 25 and 35) and live in the three provinces close to Amster-
dam, in proportion to the actual population distribution (47, 36
and 17 percent). Of all the subjects in our sample about 14 percent
holds a university degree (WO), 36 percent holds a higher vocational
degree (HBO) degree, and 50 percent has a high-school degree (or
less).17 While these educational shares are slightly different from
16 Appendix B Tables A2 and A3 present the sample means for the respective
treatment and gender.
17 Among those with a high-school degree (or less), 80 percent holds a MBO degree,
15 percent holds a VWO/HAVO degree, and the remaining 5 percent did not graduate
in upper secondary education.



Table 2
Summary statistics and tests of balance.

Men Women

Mean p-value Mean p-value

Age 30.246 0.541 30.389 0.406
University education (WO) 0.145 0.151 0.142 0.207
Higher vocational education (HBO) 0.330 0.480 0.415 0.453
High school (and less) 0.525 0.055 0.443 0.255
Province Noord-Holland 0.341 0.306 0.375 0.550
Province Utrecht 0.182 0.204 0.162 0.536
Province Zuid-Holland 0.477 0.995 0.463 0.474
Want kids 0.968 0.404 0.936 0.991
Want serious relationship 0.652 0.875 0.732 0.382
Months since log-in 1.163 0.761 0.929 0.708
Attractiveness 2.612 0.320 2.853 0.755
Low attractiveness 0.245 0.191 0.238 0.790
Medium attractiveness 0.499 0.107 0.489 0.799
High attractiveness 0.256 0.295 0.273 0.905
Fall 0.414 0.920 0.535 0.349
Monday 0.167 0.619 0.139 0.324
Tuesday 0.134 0.065 0.075 0.000
Wednesday 0.145 0.062 0.179 0.093
Thursday 0.163 0.126 0.178 0.005
Friday 0.129 0.009 0.140 0.000
Saturday 0.110 0.000 0.168 0.002
Sunday 0.152 0.062 0.121 0.001
Morning (8 am to 12 pm) 0.225 0.000 0.406 0.000
Afternoon (12 pm to 4 pm) 0.519 0.000 0.395 0.000
Evening (4 pm to 12 am) 0.256 0.000 0.199 0.000
N 1550 1117

Notes: p-values are obtained from a joint F-test of all six treatments.
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those of the Dutch population, the two educational distributions
show considerable overlap (Statistics Netherlands, 2014).

We returned again to MTurk to obtain an attractiveness mea-
sure of each subject’s downloaded profile photo, using the same
5-points scale as before. We use as the level of attractiveness the
average of ten photo ratings (by the opposite gender) taken from
514 MTurk panel members. We construct low, medium and high
attractiveness categories, using the 25th and 75th percentile as
cut-offs.18

Table 2 also reports p-values from joint orthogonality tests
across the different profile treatments. Their insignificance shows
that the random assignment of online daters to the six treatments
per gender worked well. There is one exception. We see that the
day of the week and time of day when the contact was made varies
across treatments. This is unproblematic and follows from the
staggered implementation process, which we describe in more
detail below. In our empirical analysis we account for the day of
the week and time of day a message was sent.
3.5. Sending messages

The online dating members in our sample were randomly
assigned to one of the six profiles of each gender from whom they
receive a message.19 The profiles sent out identical messages,
expressing their interest in the subject and clearly stating that they
are looking for a long-term relationship. The message also includes
an invitation to meet in real life. The invitation message is found
in Appendix C. Each profile sent out roughly 120 messages in each
18 Our fictitious profile pictures neatly fall in the same categories.
19 According to the taxonomy proposed by Bruhn and McKenzie (2009), we use a
simple randomization procedure. This means that we randomly assign all sampled
subjects of a particular gender to one of the six treatment conditions without the use
of stratification or rerandomization techniques to achieve balance. As pointed out by
Bruhn and McKenzie, the different randomization procedures perform similarly on
samples with more than 300 subjects.
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round. For technical and practical purposes (i.e., passing the initial
dating site screening), we restrict the messages sent from each pro-
file to blocks of 20 per day, using various computers and locations for
different profiles. We further post each profile with a one-day lag.
Table 3 illustrates the gradual implementation of posting profiles
and sending out messages.

Table 4 summarizes the data on response behavior that we col-
lected within the first four weeks after the initial invitation mes-
sage. About half of the invitations were opened. The response is
recorded as being positive as long as it is not a definite rejection.
The shares responding and responding positively are almost simi-
lar, showing that online daters basically only respond when they
are interested. We use a positive response as the main outcome
variable throughout. In line with earlier research (e.g., Hitsch
et al., 2010), we find lower response rates for women (13 percent)
than for men (29 percent). Women are also slower when respond-
ing: among the responders the average wait time is 1.90 days for
men and 2.99 days for women (although both the median man
and woman responds the same day the letter is sent). Online daters
who respond positively receive a polite rejection message from the
profile indicating that they are no longer interested. The rejection
message is found in Appendix C.
4. Results

In this section we present causal evidence on the returns to
attractiveness and education in online dating, using both figures
and tables. The results are divided by gender. The figures visualize
the average response rates to invitations from low-attractive,
medium-attractive, and high-attractive profiles, as well as from
low-educated and high-educated profiles. The tables report esti-
mates from simple linear probability models regressing the
response on profile attractiveness and education, accounting for
both profile and subject characteristics.



Table 3
Implementation of sending messages by round and gender.

Day

Treatment 1 2 3 4 5 6 7 8 9 10 11 Total

HS � LowAttr 20 20 20 20 20 20 120
Uni � LowAttr 20 20 20 20 20 20 120
HS � MedAttr 20 20 20 20 20 20 120
Uni � MedAttr 20 20 20 20 20 20 120
HS � HighAttr 20 20 20 20 20 20 120
Uni � HighAttr 20 20 20 20 20 20 120

Notes: The six treatments are profile combinations of low attractiveness, medium attractiveness, high attractiveness, high school education, and university education.

Table 4
Descriptive statistics of website behavior.

Panel A: Men N Mean S.D. Min Max Median

Opened message 1550 0.52 0.50 0 1 1
Replied to message 1550 0.29 0.46 0 1 0
Positive reply to message 1550 0.28 0.45 0 1 0
Days to reply 457 1.90 4.11 0 26 0

Panel B: Women
Opened message 1117 0.46 0.50 0 1 0
Replied to message 1117 0.15 0.35 0 1 0
Positive reply to message 1117 0.12 0.32 0 1 0
Days to reply 162 2.99 5.30 0 28 0

Fig. 1A. Returns to attractiveness. Fig. 1B. Returns to education.
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4.1. Main results

Fig. 1A demonstrates the importance of attractiveness in the
dating market. We see that high-attractive profiles receive many
more responses than intermediate-attractive profiles, and that
intermediate-attractive profiles receive many more responses than
low-attractive profiles. In line with the existing literature, women
are much less likely to respond to profile invitations than men.20

For example, 20 percent of the men respond to the invitation from
the low-attractive profiles whereas less than 4 percent of the women
do so. However, the relationship between response rates and attrac-
20 A robust finding is that men are more likely than women to consent to a date
invitation, or casual intercourse, when approached with requests by a stranger of the
other sex (Clark and Hatfield, 1989; Schützwohl et al., 2009; Hald and Høgh-Olesen,
2010). This may in turn be driven by the fact that women, in reality, seldom initiate
the first contact (Bapna et al., 2016). Relatedly, since attractive people, of both
genders, are more likely to be approached (Hitsch et al., 2010), we should expect
lower response rates among attractive people, which, indeed, is what we observe.
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tiveness appears to be equally steep for male and female online
daters.

Turning to education, Fig. 1B shows interesting gender differ-
ences. Women (on average) do not care about the level of educa-
tion of the profile partner: their response rates are almost
identical for the two male profiles. In contrast, men seem to care,
and persistently prefer low-educated profiles over high-educated
profiles.

Table 5 contains the estimates from our response regressions. In
columns 1 and 2, the estimates echo what we already saw in
Figs. 1A and 1B: response rates of both men and women signifi-
cantly rise with profile attractiveness, and response rates signifi-
cantly fall with profile education for men, but not for women.

For profile attractiveness, we find that profiles with high-
attractive photos are almost 20 percentage points more likely to
receive a response than profiles with low-attractive photos,
regardless of gender. These are large effects: a 20 percentage point
rise in response rates represents a 200 and 600 percent rise in male



Table 5
Effects of attractiveness and education on likelihood of response.

Female subjects Male subjects P-value Female subjects Male subjects P-value
(1) (2) (3) (4) (5) (6)

University 0.002 �0.050** 0.092 �0.001 �0.026 0.521
(0.019) (0.022) (0.019) (0.033)

MediumAttr 0.076*** 0.116*** 0.186 0.071*** 0.151*** 0.059
(0.022) (0.026) (0.025) (0.036)

HighAttr 0.181*** 0.196*** 0.507 0.182*** 0.196*** 0.684
(0.023) (0.027) (0.033) (0.038)

Uni � MediumAttr 0.014 �0.075 0.203
(0.041) (0.050)

Uni � HighAttr �0.001 0.003 0.910
(0.045) (0.053)

Observations 1117 1550 1117 1550
Mean Response 0.117 0.275 0.117 0.275

Notes: The dependent variable is a dummy variable for any positive response from the online daters. All the response regressions include constants and controls for the
following characteristics of the online daters: age, time since last login on dating site, province indicators, attractiveness indicators, day of the week indicators, time of day
indicators, dummy variables for demand for children and demand for serious relationship, dummy variable for the fall wave, dummy variable for university degree. The
independent profile variables education and attractiveness are dummy variables, with low attractive and without a university degree as the reference profile. The p-value is
for the F-test of equality across gender (low p-values indicate significant gender differences). Robust standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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and female responses, respectively. These latter differences arise
because of the large gender differences in the baseline response
rates. In column 3 we test for gender differences in response rates
measured at the margin. While we find that male daters are some-
what more responsive to intermediate-attractive profiles than
female daters, we believe that the high p-values for the high-
attractive profiles indicate that attractiveness is more or less of
equal importance to men and women.

For profile education, we find that female daters do not respond
to profile education: the point estimate is close to 0 and statisti-
cally insignificant. In contrast, we find that men are 5.1 percentage
points less likely to respond when we increase the education level
of the female profile from high-school to university, which is
equivalent to 25 percent fewer responses.21

In the remaining columns, we also test for interactions between
attractiveness and education. We find that none of the interactions
is statistically significant, neither for male nor for female daters.
Apparently, online male daters are not more forgiving towards
female profiles with high levels of education when these females
are more attractive. Education and attractiveness seem not to be
substitutable. Likewise, we find no evidence of complementarities
between attractiveness and education either.22
4.2. Heterogeneity results by own education and attractiveness

To examine whether the responses are heterogeneous across
different education and attractiveness levels, we estimate our
response regressions for different subsamples of online daters.
Table 6 contains these estimates; Panel A shows the results for
female online daters, and Panel B for male online daters.
21 When we express the impact of profile attractiveness and education relative to
the standard deviation of the sample average of the attractiveness ratings and
educational attainment (measured in years), we find that a one standard deviation
increase in facial attractiveness raises the average response rate by nine to ten
percentage points, regardless of gender. We also find that with a one standard
deviation increase in educational attainment male online daters are about two to
three percentage points less likely to respond, whereas female online daters remain
not responsive. Appendix B Table A4 reports the regression results using the
standardized treatment equivalents of education and attractiveness.
22 The lack of substitution effects between education and attractiveness is in
contrast to the findings of Chiappori et al. (2012) and Low (2019), who report that
people tradeoff income with BMI respectively age. An important difference, however,
is that higher BMI or age may provide positive signals about an individual (e.g.,
exuberance and experience), while this seems more far-fetched with respect to low
facial attractiveness.
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The estimates for attractiveness indicate that all the online
daters in the subsamples (with and without a university degree,
being less or more attractive than average, being men or women)
respond with a higher likelihood to more attractive profiles. More-
over, all online daters respond equally to profile changes in attrac-
tiveness: all the estimated differences across groups (reported in
columns 4 and 8) are small in size and statistically insignificant.

The estimates for education for female daters show that those
with a university degree are not so indifferent to the education
levels of the profiles (as is the average female). We find that female
university graduates strongly prefer male university graduates.
Clearly, these female daters do not want to down-date, holding
everything else constant. The estimates for education for men also
show the strongest responses in the subset of males with a univer-
sity degree. But this time we find the opposite pattern: male uni-
versity graduates strongly prefer female profiles with a lower
level of education, i.e., high-school degree. It is also worth noting
that when we further split the non-university graduate sample into
online daters with at most a high-school degree and online daters
with a higher vocational degree, as we do in Appendix B Table A5,
our results remain largely unaffected.23
5. Robustness

While our procedure to infer partner preferences from
responses to random online dating invitations has clear advan-
tages, it goes without saying that there are disadvantages too that
complicate inference. In this section, we identify several scenarios
in which online responses may misrepresent preferences, and (try
to) test their empirical relevance. Table 7 contains the test results;
Panel A shows the results for female online daters, and Panel B for
male online daters.

Are results driven by other (unobserved) invitations? The first con-
cern is that online daters with different characteristics receive dis-
tinct non-random invitations from other online daters (which we
do not observe) and as a consequence face different choice sets.
23 Instead of using pairs of profiles for each attractiveness level to identify the effect
of education (while switching photos between profiles halfway through the exper-
iment), we can use an alternative strategy to identify the returns to education. We can
estimate a photo fixed effect model by exploiting the fact that the exact same photo
was coupled with a different education level in the spring and fall. The results
(available from the authors) confirm the robustness of our earlier results: Men prefer
women with lower education regardless of their own education level. Women
without a university degree are indifferent to a subject’s education level, but women
with a university degree prefer profiles with a university degree.



Table 6
Heterogeneous effects of attractiveness and education on likelihood of response.

All subjects No Uni Uni P-value Low Attr Med Attr High Attr P-value
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Response regressions on subsamples of female subjects
University (0/1) 0.002 �0.012 0.109* 0.095 �0.019 0.008 0.016 0.921

(0.019) (0.021) (0.061) (0.050) (0.027) (0.032)
MedAttr (0/1) 0.076*** 0.077*** 0.052 0.986 0.038 0.092** 0.064* 0.621

(0.022) (0.024) (0.062) (0.058) (0.029) (0.035)
HighAttr (0/1) 0.181*** 0.184*** 0.159** 0.558 0.187*** 0.206*** 0.144*** 0.707

(0.023) (0.026) (0.064) (0.062) (0.033) (0.040)
Observations 1117 958 159 266 546 305
Mean Response 0.117 0.117 0.119 0.177 0.112 0.075

Panel B: Response regressions on subsamples of male subjects
University (0/1) �0.050** �0.041* �0.080 0.595 �0.019 �0.089*** �0.009 0.287

(0.022) (0.024) (0.059) (0.048) (0.031) (0.039)
MedAttr (0/1) 0.116*** 0.116*** 0.112 0.841 0.171*** 0.097*** 0.104* 0.482

(0.026) (0.028) (0.070) (0.058) (0.037) (0.042)
HighAttr (0/1) 0.196*** 0.197*** 0.146* 0.860 0.192*** 0.190*** 0.195*** 0.885

(0.027) (0.029) (0.075) (0.061) (0.038) (0.047)
Observations 1550 1325 225 380 773 397
Mean Response 0.275 0.277 0.262 0.342 0.287 0.186

Notes:; The dependent variable is a dummy variable for any positive response from the online daters. All the response regressions include constants and controls for the
following characteristics of the online daters: age, time since last login on dating site, province indicators, day of the week indicators, time of day indicators, dummy variables
for demand for children and demand for serious relationship, dummy variable for the fall wave; education measured in dummies in columns (5) to (7); attractiveness
measured in dummies in columns (2) and (3). Column (1) contains estimates of response regressions run on full samples. Columns (2) to (3) contain estimates of response
regressions run on education subsamples. Columns (5) to (7) contain estimates of response regressions run on attractiveness subsamples. The p-value is for the F-test of
equality across the different education and attractiveness samples (low p-values indicate significant sample differences). Robust standard errors in parentheses. *p < 0.10,
**p < 0.05, ***p < 0.01.

Table 7
Robustness checks.

Unpopular daters Popular daters Daters looking for serious relationship First impression Within week response Spring sample
(1) (2) (3) (4) (5) (6)

Panel A: Response regressions on samples of female subjects
University (0/1) 0.009 �0.005 �0.011 0.008 0.009 0.035

(0.030) (0.024) (0.024) (0.029) (0.018) (0.028)
MedAttr (0/1) 0.094** 0.052*** 0.085*** 0.066* 0.055*** 0.060*

(0.038) (0.026) (0.027) (0.038) (0.020) (0.028)
HighAttr (0/1) 0.168*** 0.184*** 0.205*** 0.126*** 0.160*** 0.190***

(0.037) (0.031) (0.029) (0.035) (0.023) (0.035)
Observations 549 568 830 1117 1117 519
Mean Response 0.148 0.088 0.124 0.462 0.099 0.114

Panel B: Response regressions on samples of male subjects
University (0/1) �0.050 �0.051* �0.070** �0.091*** �0.044** �0.063*

(0.033) (0.029) (0.028) (0.023) (0.021) (0.029)
MedAttr (0/1) 0.177*** 0.067** 0.107*** 0.073** 0.093*** 0.112***

(0.040) (0.032) (0.033) (0.029) (0.025) (0.033)
HighAttr (0/1) 0.190*** 0.206*** 0.196*** 0.117*** 0.196*** 0.229***

(0.039) (0.037) (0.034) (0.029) (0.027) (0.037)

Observations 775 775 1016 1550 1550 908
Mean Response 0.324 0.226 0.293 0.539 0.250 0.282

Notes:; The dependent variables: any positive response in columns (1), (2), (3), and (6); having read the invitation in column (4); and any positive response within one week
after sending the invitation in column (5). The response regressions are estimated on different samples: the full sample in columns (4) and (5); the samples of online daters
with high and low popularity scores in columns (1) and (2); the sample of serious online daters in column (3); and the spring sample in column (6). The independent
variables: age, time since last login on dating site, province indicators, day of the week indicators, time of day indicators, dummy variables for demand for children and
demand for serious relationship, dummy variable for the fall wave; education measured in dummies in columns; attractiveness measured in dummies. The excluded
independent variables: demand for serious relationship in column (3); and fall indicator in column (6). Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01
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If responses to the random invitations we send are somehow
affected by these unobserved pools of real invitations, we may
not identify the preferences for profile characteristics. More specif-
ically, the invitations we send may be treated differently if they
compete in a larger choice set (quantity spillovers), or in a choice
set with more attractive profile invitations (quality spillovers).

Before we turn to empirical spillover tests (or attempts thereof),
we first outline the assumption under which our correspondence
9

setup identifies preferences for profile characteristics in the pres-
ence of different choice sets and then provide two hypothetical
(but not unreasonable) spillover examples that invalidate this
identifying assumption (a formal model with choice set spillovers,
and the conditions under which we can test for spillovers is pro-
vided in Appendix D).

The key assumption for us to interpret the response behavior in
our experiment as revealed preferences for attractiveness and edu-



25 We calculate the popularity scores using continuous measures of profile
attractiveness and education (expressed in standardized units based on the empirical
male and female online-dater distributions for attractiveness ratings and years of
education) weighted by the returns to the standardized equivalents of education and
attractiveness in the treatment profile (as reported in Appendix B Table A4). While we
can also calculate these popularity scores based on the discrete equivalents for
attractiveness and education (as reported in Table 5), the continuous approach is
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cation is that the unobserved choice set of online daters is (condi-
tionally) independent of the response likelihood to invitations with
any combination of profile attractiveness and education. In other
words, varying the quality or quantity of the existing choice set,
holding everything else fixed, should not have any impact on the
likelihood of responding to one specific invitation. In standard eco-
nomic models where individuals screen their entire pool of invita-
tions, then value each invitation by some fixed utility function, and
respond to those above some threshold value, the identifying
assumption is appropriate. The identifying assumption, however,
is inappropriate if individuals do not screen all the invitations they
receive, or let their threshold value depend on the quantity or qual-
ity of the invitations in the choice set.

Spillovers can occur if online daters rank all invitations but only
decide to respond to the highest ranked profiles (or a fraction
thereof). In this case, the ranking of a choice set of higher quality
will lead to a higher threshold value for responding. If, for instance,
female online daters receive (relatively) more invitations from
unattractive men, it is possible that they respond more eagerly to
invitations from attractive profiles (including ours) even if they
only weakly prefer attractive profiles over unattractive profiles.
And reversely, if male online daters receive (relatively) more invi-
tations from attractive women, it is possible that they are less
likely to respond to invitations from our attractive profiles even
if they strongly prefer attractive profiles over unattractive profiles.
In this spillover example, we may estimate similar returns to pro-
file attractiveness for female and male online daters even though
female online daters value attractiveness not as much as male
online daters do.

Spillovers can also occur if online daters consider screening
invitations costly. In this case, screening costs imply that online
daters do not consider all the invitations they receive, including
those that would exceed their quality threshold. If, for instance,
female online daters get many invitations and find it too costly
to screen them all, it is possible that some female online daters
do not respond to invitations from our university graduates even
if they prefer university graduates over high-school graduates. In
this spillover example, screening drives the estimated returns to
education to zero, masking a true preference for educated profiles
among females.

While spillovers form a serious concern in any correspondence
study (including ours), identifying them is difficult. We nonethe-
less try to test for spillovers (albeit implicitly) by examining how
returns to profile characteristics vary by online dater popularity.
The intuition for the test combines two simple notions: one is that
popular online daters receive more invitations than unpopular
online daters, and the other one is that, if spillover effects exist,
popular and unpopular online daters should respond differently
to the same profile invitation. The implicit test we propose is that
if we find popularity differences in returns, we acknowledge that
the differences can be driven by spillover effects (due to different
invitation pools), differences in preferences, or both. If we do not
find popularity differences in returns, however, we consider any
differences, including spillover effects, unlikely.24

We use the results from our response regressions to proxy the
popularity of online daters. In particular, we derive a popularity
score for female online daters by weighting their attractiveness
and education with the estimated returns to profile attractiveness
24 Phillips (2019) alternatively tests for spillover effects in a labor market
discrimination context exploiting correspondence test designs with multiple fictional
applicants applying to the same job ad. He finds some evidence of positive quality
spillovers; that is, minority applicants receive more callbacks when they compete
with majority applicants. Because job ads have due dates, we believe that job ad
experiments are more prone to spillover effects than the online profile experiment we
run.
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and education taken from the sample of male online daters (and
vice versa for the popularity score of male online daters). With
these popularity scores, we then classify popular online daters as
those with above-median-popularity scores, and similarly, unpop-
ular online daters as those with below-median-popularity scores.25

When we run the standard response regressions on the samples of
unpopular and popular online daters, we find that the estimates
attached to attractiveness and education remain quite similar in size
and statistically identical for unpopular and popular online daters
(columns 1 and 2).

In a related fashion, we can also examine whether online daters
with different levels of attractiveness and education respond dif-
ferently to our invitations (assuming that the size and composition
of the pool of invitations vary with the online dater’s traits). If spil-
lovers matter, we should again find that returns vary with the
online dater’s traits, and particularly so for high and low attractive
profiles which arguably differ the most in terms of the quality and
quantity of their overall choice set. Table 6, which reports our
heterogeneity results, shows no such differences. Apart from the
effect estimate for university education taken from the sample of
female university graduates (which is now positive and statisti-
cally significant), all the other estimated returns do not systemat-
ically differ across the different groups of online daters.

The absence of strong and systematic differences between
online daters of different popularity, when estimated within sam-
ples of female and male online daters, suggests that the returns to
profile characteristics are unlikely affected by the (unobserved)
invitations from other online daters.26 With little evidence that spil-
lovers lead to differences in returns within gender, we may reason-
ably conjecture that spillovers unlikely lead to gender differences in
returns to profile characteristics.

Are results driven by online daters who look for casual relation-
ships? Another concern is that online dating behavior may reflect
preferences for casual and short relationships rather than serious
and longstanding relationships. While we let the fictitious online
daters explicitly state that they look for a serious relationship (pos-
sibly with children), the real online daters may have different
motives. To rule out that results are driven by online daters who
look for casual relationships, we restrict our regression analysis
to those online daters who look for a serious relationship (which
is the greater fraction of online daters in our sample). We find that
results do not change (column 3). Unless the online daters provide
misleading profiles and falsely report to look for longstanding rela-
tionships, there is not much evidence that online daters with other
motives than a serious relationship affect our results.

Are results driven by noisy response measures? A concern with
correspondence studies is that the positive response to the dating
invitation may reflect poorly on profile preferences, let alone part-
ner preferences. There is little we can do more than explore
whether online daters are time consistent when they respond to
preferable because it enables us to divide online daters into two groups (popular
versus unpopular) of equal size.
26 In theory, it is possible that we do not observe differences across groups because
differences in preferences and spillovers work in opposite directions and cancel each
other out. If, for example, preferences for attractiveness were assortative, such that
high-attractive online daters value attractiveness in a partner more, we need to
assume that choice-set spillover effects make high-attractive profiles more responsive
to low-attractive profile invitations. Although a larger or better-quality choice set can
plausibly drive the returns to attractiveness towards zero, we fail to come up with an
intuitive spillover mechanism that leads to negative returns.
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the invitation. In our setup we allow online daters at least four
weeks to respond. To detect possible time inconsistencies in invi-
tation responses, we also look at more immediate responses and
run our regressions with two alternative outcomes: first impres-
sions and positive responses within the first week following the
invitation.27 Empirically, we find that the different outcomes give
us the same profile preferences. With within-one-week responses,
results are nearly identical to those already reported (column 5).
With first impressions, results are also remarkably comparable (col-
umn 4); that is, male and female online daters are more likely to
open invitations from more attractive profiles, and male online
daters (but not female online daters) are less likely to open invita-
tions from more educated profiles. Because the header of the invita-
tion does not contain direct information about the profile’s
educational level (it only shows the profile picture with the invita-
tion message), the latter pattern can only occur if male online daters
first click on the linked username to visit (and check) the profile on
the website before they decide to open the message. This behavior,
we think, confirms our baseline results that male online daters
strongly prefer female high-school graduate profiles over university
graduate profiles.

A more serious concern is that first responses from online dat-
ing invitations may reflect poorly on partner preferences in serious
longstanding relationships. Empirically, we do not have the data to
translate short-term profile preferences into long-term partner
preferences. We can, at most, speculate that profile preferences
are plausibly informative about partner preferences. Given that
first responses to online dating invitations are the first necessary
steps for online daters to form a serious relationship, it is not unli-
kely that initial profile preferences are predictive for long-term
partner preferences.

Are results driven by inexperienced online daters? A final concern
is that dating behavior may just be a learning process to learn more
about one’s true partner preferences. By this argument, the
responses of more-experienced online daters are more informative
about partner preferences than those of less-experienced online
daters. Our data do not record online dating experience. To explore
the responses of more-experienced online daters in a less direct
way, we run our response regressions on the spring sample of
online daters where experienced online daters are arguably over-
sampled.28 Because results are practically identical to those
obtained using all online daters, our results appear insensitive to
online dater experience (column 6).
5.1. Interpreting results

Our results suggest that male and female online daters are sim-
ilar in how they value profile attractiveness but different in how
they value profile education. In particular, male online daters value
lower-educated profiles over higher-educated profiles, while
female online daters value higher-educated profiles as much as
(if not more than) lower-educated profiles. These results appear
further robust to a range of internal validity risks (induced by noisy
response measures or missing information on other dating offers)
and external validity risks (induced by inexperienced online daters
or online daters looking for casual relationships). We can therefore
interpret our results in terms profile preferences. We must be more
27 The header of the invitation message contains the profile picture together with a
link to the profile. Before opening the message, the online dater can use the link to
access all the profile characteristics, which may affect the decision to open the
message or not. We therefore treat these opening decisions as first impressions.
28 The spring sample includes all active online daters. The fall sample excludes those
online daters who were selected in the spring sample. This means that the spring
sample, compared to the fall sample, contains more experienced online daters.
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cautious, though, in interpreting our results in terms of partner
preferences for reasons mentioned above.

6. Extrapolating results

In this section, we take one hazardous step forward, by inter-
preting our results on profile preferences in terms of partner pref-
erences, and put these preferences into the context of partner
matches and mismatches.

6.1. Partner preferences

The most common families of partner preferences used to pre-
dict realized partner matches are (i) homophilic preferences; (ii)
universal preferences; and (iii) traditional preferences. Homophilic
preferences imply that both men and women prefer partners with
traits similar to themselves (Walster et al., 1966). Universal prefer-
ences imply that men and women prefer traits in partners in sim-
ilar ways, independent of their own traits (Buss, 2006). Traditional
preferences (or gender-identity preferences) imply that men and
women respond to partner characteristics according to traditional
gender norms and (anticipated) family specialization; put in our
context this would imply that women prefer men who are weakly
more educated than themselves and men prefer women who are
less educated than themselves (Eagly and Wood, 1999; Bertrand
et al., 2015; Folke and Rickne, 2020, and Almås et al., 2017). Our
results appear most consistent with universal partner preferences
for attractiveness and traditional preferences for education.29

6.2. Partner matches

We do not have information about realized partner matches.
But we can use the partner preferences---in a deferred acceptance
algorithm---to predict patterns of partner matching. If marriage
markets operate as if the most preferred men and women choose
their partner first and so on, our partner preferences give rise to
two important predictions. First, the partner preferences imply
that most men and women end up in traditional relationships
where husbands are better educated than their wives, possibly
with traditional roles of household specialization. Second, the
same partner preferences imply that not every man and woman
will find a partner. The least preferred groups (unattractive, low-
educated men, and unattractive, high-educated women) are the
last in line to choose a partner. Since they indicate not to like each
other, they may be better off single.

6.3. Tentative supporting evidence

Here we present a collage of recent empirical evidence consis-
tent with, and complementary to, these preference-based predic-
tions. The traditional partner matches we predict are mutually
preferred by both partners and rather consistent with the tradi-
tional partner matches persistently observed in marriage markets
with more educated women than men (Bertrand et al., 2015;
Folke and Rickne, 2020, and Almås et al., 2017).

While we might be surprised that high-educated men prefer
low-educated women, which undeniably lowers the expected
household income, traditional preferences predict that some men
are willing to forego such income gains in return for a less edu-
cated partner with a weaker attachment to the labor market. Hav-
ing a less educated partner may make work-family trade-offs
29 While the response behavior of women regarding partner education appears
more consistent with both traditional and homophilic preferences than with
universal preferences, our observation that men explicitly prefer low-educated
women over high-educated women rules out homophilic preferences.
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easier to motivate. The reverse logic may also explain why high-
educated women turn down low-educated men: high-educated
women that want to prioritize family over their career can better
motivate that trade-off by having a partner with the same (high)
education-level. Interestingly, a survey from the Netherlands Insti-
tute of Social Research confirms that traditional households are
still the prevailing norm for Dutch households; of all heterosexual
households were at least one partner is working full-time, the man
is the only full-time employed in 76 percent of the households,
whereas both partners work full-time in 15 percent of the house-
holds, while the woman is the only full-time employed in the
remaining 9 percent of the households (SCP, 2008).

The partner mismatches we predict are also consistent with real
world behavior of unmatched men and women. For unmatched
men, there is evidence that the least educated men try to find their
partner elsewhere. Glowsky (2007), for example, shows that low-
educated men in more developed countries increasingly marry
women from less developed countries. For unmatched women,
there is also evidence that high-educated women find it difficult
to find a partner and get pregnant. Recent studies on singles in
the U.S. suggest that in many marriage markets there are too few
college-educated men to meet the partner demand of college-
educated women (Klinenberg, 2012; Birger, 2015), and that female
college-graduates shade their career ambitions to possible partners
(Bursztyn et al., 2017). Other recent studies on childlessness in
women find the highest share of childless women, as well as the
highest IVF (in vitro fertilization) treatment rates among college-
educated women (Bitler and Schmidt, 2012; Jalovaara et al.,
2017; Lundborg et al., 2017). Although these studies do not con-
sider childlessness under single women, we believe that childless-
ness is closely tied to being single.
30 The Netherlands is one of the most progressive countries when it comes to
(attitudes on) gender and marriage equality (Andersen and Fetner, 2008; Apino et al.,
2015).
7. Conclusion

Few individual decisions are as important as the choice of part-
ner. Partner choice is a constrained choice representing an
unknown blend of partner preferences and constraints. Our pur-
pose here is to measure partner preferences and particularly exam-
ine how individuals value attractiveness and education in a
partner. We do this by running a large online dating experiment
in which fictitious profiles with manipulated levels of attractive-
ness and education randomly invite real online daters for a date
(exploring the possibility for a serious relationship). Using their
responses, we are able to identify profile preferences without
biases; that is, we obtain causal returns to attractiveness and edu-
cation by simply regressing response rates on our measures of
attractiveness and education.

Two key results about profile preferences emerge from our
analysis. Our first result is that the effect of attractiveness on the
likelihood to respond is significantly positive, quantitatively large,
identical for men and women, and insensitive to the attractiveness
of online daters themselves. Our second result is that the effect of
education on the likelihood to respond is significantly negative for
men, but effectively zero for women. Most interestingly, when we
explore how these response rates vary with the education of online
daters themselves, we find that high-educated men prefer low-
educated profiles over high-educated profiles as much as high-
educated women prefer high-educated profiles over low-
educated profiles. Both results are consistent with men and
women having universal (similar) preferences for attractiveness,
but traditional (opposing) preferences for education.

Taken with some caution, we can interpret these profile prefer-
ences in terms of partner preferences to better understand some of
the recent developments in marriage markets, including the persis-
tence of (newly formed) traditional couples and the rise of single
12
high-educated women and low-educated men. It is important to
recognize, though, that we know little about how partner prefer-
ences develop over time. In our experiment, we have measured
partner preferences in a marriage market where young women,
year after year, continue to exceed men in terms of educational
attainment in one of the world’s most progressive countries.30

With partner choice being so important, it is then natural to ask
why such a modern marriage market yields partner preferences that
are so traditional. Perhaps partner preferences are stable and hardly
change over time? Or perhaps it takes more time, spanning multiple
generations, for traditional partner preferences to adapt? These are
important questions that await future analysis, from economists
and other social scientists.

Appendix A

Figs. A1 and A2.

Appendix B

Tables A1–A5.

Appendix C. Messages

Invitation message (translated from Dutch):
Hi! I just saw your profile and you seem really nice and interesting.

My name is [username] and I’m looking for a long-term relationship. I
would really want to get to know you, and see what it leads to. If you
find me interesting as well perhaps we could find some time to chat or
even meet?

Best, [username]

Reply message (translated from Dutch):

First of all, thanks for your kind response and shown interest in me!
However, I have to let you know there is another person I have been
dating and I now want to devote all my attention to him/her. There-
fore, I decided not to meet with anyone else right now.

All the best,
[username]

Appendix D. A model with choice set spillover effects

To better understand what we can (and cannot) identify in this
online experiment, we provide a more formal estimation frame-
work in which we allow the unobserved choice set (defined by
the quantity and quality of non-random invitations) to impact
the returns to profile attractiveness and education. We use the fol-
lowing heterogeneous effect model based on what we know (and
don’t know) about the online daters and the profile invitations they
receive; that is, we link the response of online dater i to the invita-
tion from the fictitious online profile j

Yij ¼ Zjai þ XjbþWicþ li þ eij ð1Þ
where Yij represents a response indicator that equals 1 if the online
dater i responds favorably to the invitation, Zj represents the
observable profile characteristics we randomize in the online exper-
iment (in our case attractiveness and education), Xj represents a set
of time indicators for when we send the invitation (time of year, day
of the week, time of day), Wi represents observable online dater
characteristics (including age, education, attractiveness, stated pref-



Fig. A2. Average rating of all photos considered for profile photos in the experiment (n = 142, highlighted bars indicate used photos).

Fig. A1. Generic representation of a profile page.

Table A1
Share preferring one of our two profile photos in pair-wise comparisons.

Attractiveness Female Pairs Male Pairs

Low 0.495 (0.784) 0.555 (0.010)
Medium 0.480 (0.244) 0.454 (0.033)
High 0.523 (0.100) 0.518 (0.410)
N 850 531

Notes: p-values from t-tests of whether the mean is equal to 0.5 in parentheses.
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erences for a serious relationship and having children, and time
since last login at the online dating platform), li represents unob-
servable online dater characteristics, including the real invitations
in the online dater’s choice set, and eijrepresents the regression
residual that is unrelated to everything else. Our parameter vector
of interest airepresents the returns to profile characteristics Zj and
may vary across the online daters. Given the experimental design
of our study, we estimate the mean impact of profile attractiveness
and education on the likelihood of response in our sample of online
daters.

To examine whether returns to the profile characteristics are
somehow driven by the unobserved invitations from other online
daters, we let aidepend on the online dater’s preferences and
choice set. In particular, we assume
31

ai ¼ a0 þ Qia1 ð2Þ
Note here that even if quantity and quality characteristics of the other invitations
were perfectly measured and known to online daters and researchers, we would not
necessarily identify spillover effects because the variation in these characteristics
would not be experimental. We are particularly worried that online daters with
different profile characteristics not only face different choice sets (due to the different
invitations they receive) but also hold different preferences. In case of preference
heterogeneity, the spillover estimates might be biased and capture a blend of
spillovers and preferences.
where Qi represents a vector of quantity and quality characteristics
of the other invitations. The parameter a0 represents the online
dater’s preferences for profile characteristics. The parameter vector
a1 represents the spillover effects of the other invitations in the
online dater’s choice set. With the other invitations only known
13
to online daters, however, this is not a relationship we can
estimate.31

Instead, we use proxies for the quantity and quality character-
istics of the other invitations. In particular, we think it is not unrea-



Table A2
Summary statistics and tests of balance by treatment: Female sample.

Treatment

H_HS H_Uni M_HS M_Uni L_HS L_Uni Overall p

Age 30.376 30.644 30.398 30.174 30.111 30.665 30.389 0.406
University education 0.183 0.160 0.141 0.103 0.153 0.108 0.142 0.207
Higher vocational education 0.431 0.383 0.419 0.473 0.400 0.377 0.415 0.453
High school (and less) 0.386 0.457 0.440 0.424 0.447 0.515 0.443 0.255
Province Noord-Holland 0.426 0.362 0.393 0.348 0.374 0.341 0.375 0.550
Province Utrecht 0.142 0.202 0.152 0.158 0.179 0.138 0.162 0.536
Province Zuid-Holland 0.431 0.436 0.455 0.495 0.447 0.521 0.463 0.474
Want kids 0.934 0.931 0.942 0.929 0.942 0.940 0.936 0.991
Want serious relationship 0.772 0.691 0.702 0.745 0.763 0.719 0.732 0.382
Months since log-in 0.838 1.043 0.822 0.957 0.995 0.928 0.929 0.708
Attractiveness 2.891 2.828 2.878 2.818 2.889 2.809 2.853 0.755
Low attractiveness 0.223 0.245 0.236 0.228 0.221 0.281 0.238 0.790
Medium attractiveness 0.477 0.484 0.476 0.522 0.516 0.455 0.489 0.799
High attractiveness 0.299 0.271 0.288 0.250 0.263 0.263 0.273 0.905
Fall 0.508 0.473 0.539 0.571 0.568 0.557 0.535 0.349
Monday 0.137 0.106 0.162 0.141 0.174 0.108 0.139 0.324
Tuesday 0.005 0.000 0.162 0.065 0.068 0.162 0.075 0.000
Wednesday 0.142 0.170 0.168 0.239 0.147 0.216 0.179 0.093
Thursday 0.157 0.154 0.152 0.255 0.226 0.120 0.178 0.005
Friday 0.234 0.239 0.000 0.071 0.132 0.162 0.140 0.000
Saturday 0.249 0.170 0.173 0.082 0.163 0.168 0.168 0.002
Sunday 0.076 0.160 0.183 0.147 0.089 0.066 0.121 0.001
Morning (8 am to 12 pm) 0.254 0.410 0.529 0.582 0.400 0.257 0.406 0.000
Afternoon (12 pm to 4 pm) 0.690 0.378 0.387 0.353 0.379 0.138 0.395 0.000
Evening (4 pm to 12 am) 0.056 0.213 0.084 0.065 0.221 0.605 0.199 0.000
N 197 188 191 184 190 167 1117

Notes: H_HS = high attractiveness and high-school degree; H_Uni = high attractiveness and university degree; M_HS = medium attractiveness and high-school;
M_Uni = medium attractiveness and university degree; L_HS = low attractiveness and high-school degree; L_Uni = low attractiveness and university degree. The p-values are
obtained from a joint F-test of all six treatments.

Table A3
Summary statistics by treatment: Male sample.

Treatment

H_HS H_Uni M_HS M_Uni L_HS L_Uni Overall p

Age 30.352 30.244 30.221 30.519 30.134 30.000 30.246 0.541
University education 0.105 0.146 0.185 0.130 0.138 0.166 0.145 0.151
Higher vocational education 0.301 0.378 0.317 0.313 0.325 0.348 0.330 0.480
High school (and less) 0.594 0.476 0.498 0.557 0.537 0.486 0.525 0.055
Province Noord-Holland 0.383 0.309 0.339 0.370 0.343 0.300 0.341 0.306
Province Utrecht 0.148 0.199 0.185 0.149 0.190 0.223 0.182 0.204
Province Zuid-Holland 0.469 0.492 0.476 0.481 0.466 0.478 0.477 0.995
Want kids 0.977 0.972 0.952 0.958 0.978 0.976 0.968 0.404
Want serious relationship 0.648 0.634 0.635 0.672 0.649 0.676 0.652 0.875
Months since log-in 1.090 1.167 1.155 1.092 1.179 1.300 1.163 0.761
Attractiveness 2.571 2.631 2.570 2.583 2.656 2.666 2.612 0.320
Low attractiveness 0.262 0.199 0.295 0.248 0.231 0.231 0.245 0.191
Medium attractiveness 0.473 0.549 0.450 0.546 0.470 0.510 0.499 0.107
High attractiveness 0.266 0.252 0.255 0.206 0.299 0.259 0.256 0.295
Fall 0.410 0.407 0.413 0.443 0.418 0.393 0.414 0.920
Monday 0.152 0.171 0.170 0.137 0.190 0.182 0.167 0.619
Tuesday 0.129 0.118 0.096 0.122 0.168 0.174 0.134 0.065
Wednesday 0.117 0.093 0.159 0.164 0.157 0.178 0.145 0.062
Thursday 0.180 0.110 0.170 0.179 0.146 0.194 0.163 0.126
Friday 0.152 0.163 0.111 0.126 0.157 0.065 0.129 0.009
Saturday 0.164 0.175 0.118 0.088 0.063 0.053 0.110 0.000
Sunday 0.105 0.171 0.177 0.183 0.119 0.154 0.152 0.062
Morning (8 am to 12 pm) 0.109 0.354 0.255 0.271 0.172 0.190 0.225 0.000
Afternoon (12 pm to 4 pm) 0.648 0.528 0.435 0.580 0.556 0.364 0.519 0.000
Evening (4 pm to 12 am) 0.242 0.118 0.310 0.149 0.272 0.445 0.256 0.000
N 256 246 271 262 268 247 1550

Notes: H_HS = high attractiveness and high-school degree; H_Uni = high attractiveness and university degree; M_HS = medium attractiveness and high-school;
M_Uni = medium attractiveness and university degree; L_HS = low attractiveness and high-school degree; L_Uni = low attractiveness and university degree. The p-values are
obtained from a joint F-test of all six treatments.
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Table A4
Effects of attractiveness and education (in standardized units) on likelihood of response.

Female subjects Male subjects Female subjects Male subjects
(1) (2) (4) (5)

Education (standardized) 0.001 �0.023** 0.001 �0.023*
(0.008) (0.011) (0.008) (0.011)

Attractiveness (standardized) 0.091*** 0.092*** 0.091*** 0.092***
(0.012) (0.013) (0.012) (0.013)

Education � Attractiveness 0.00002 �0.001
(0.010) (0.013)

Observations 1117 1550 1117 1550
Mean Response 0.117 0.275 0.117 0.275

Notes: The dependent variable is a dummy variable for any positive response from the online daters. The independent variables represent the continuous (standardized)
equivalents of education levels and attractiveness ratings in the treatment profile. All the response regressions include constants and controls for the following characteristics
of the online daters: age, time since last login on dating site, province indicators, standardized attractiveness, standardized education (measured in years of schooling), day of
the week indicators, time of day indicators, dummy variables for demand for children and demand for serious relationship, dummy variable for the fall wave. Robust standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A5
Heterogeneous effects of attractiveness and education on likelihood of response.

High School HBO WO/Uni P-value Low Attr Med Attr High Attr P-value
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Response regressions on subsamples of female subjects
University (0/1) �0.009 �0.008 0.109* 0.282 �0.019 0.008 0.016 0.921

(0.028) (0.032) (0.061) (0.050) (0.027) (0.032)
MedAttr (0/1) 0.061* 0.093*** 0.052 0.933 0.038 0.092** 0.064* 0.621

(0.032) (0.035) (0.062) (0.058) (0.029) (0.035)
HighAttr (0/1) 0.119*** 0.241*** 0.159** 0.080 0.187*** 0.206*** 0.144*** 0.707

(0.037) (0.038) (0.064) (0.062) (0.033) (0.040)
Observations 459 463 159 266 546 305
Mean Response 0.097 0.138 0.119 0.177 0.112 0.075

Panel B: Response regressions on subsamples of male subjects
University (0/1) �0.067** �0.043 �0.080 0.424 �0.019 �0.089*** �0.009 0.287

(0.031) (0.037) (0.059) (0.048) (0.031) (0.039)
MedAttr (0/1) 0.145*** 0.089** 0.112 0.462 0.171*** 0.097*** 0.104* 0.482

(0.037) (0.043) (0.070) (0.058) (0.037) (0.042)
HighAttr (0/1) 0.232*** 0.149*** 0.146* 0.355 0.192*** 0.190*** 0.195*** 0.885

(0.036) (0.046) (0.075) (0.061) (0.038) (0.047)
Observations 814 511 225 380 773 397
Mean Response 0.285 0.264 0.262 0.342 0.287 0.186

Notes:; The dependent variable is a dummy variable for any positive response from the online daters. All the response regressions include constants and controls for the
following characteristics of the online daters: age, time since last login on dating site, province indicators, day of the week indicators, time of day indicators, dummy variables
for demand for children and demand for serious relationship, dummy variable for the fall wave; education measured in dummies in columns (5) to (7); attractiveness
measured in dummies in columns (1) to (3). Columns (1) to (3) contain estimates of response regressions run on education subsamples. Columns (5) to (7) contain estimates
of response regressions run on attractiveness subsamples. The p-value is for the F-test of equality across the different education and attractiveness samples (low p-values
indicate significant sample differences). Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

32 Since we essentially use observable online dater characteristics Wi (or a subset
thereof) as instruments for unobservable quantity and quality characteristics of the
other invitations, it is not surprising that the three identifying conditions listed here
are identical to those of an instrumental variable approach.
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sonable to assume that the unobservable pool of real invitations (in
terms of size and composition) depends on observable online dater
characteristics Wi (or a subset thereof) that are known to both
online daters and researchers; here the idea is that online daters
with favorable characteristics will receive more invitations from
other online daters that possibly have favorable characteristics
themselves. If we additionally assume

Qi ¼ WiCþ �i ð3Þ

we can combine Eqs. (1)–(3) and generate an empirical relationship
with spillovers we can estimate

Yij ¼ Zja0 þ ZjWiCa1 þ XjbþWicþ li þ eij: ð4Þ
In this relationship, the reduced-form parameter Ca1 may cap-

ture various channels, including preference heterogeneity across
online daters, choice-set driven spillover effects, or any other
unobservable online dater characteristic that make different online
daters respond differently to the same profile characteristics. It
thus follows that we only identify choice-set driven spillover
effects if three conditions are met: (i) the online dater characteris-
tics Wi (or a subset thereof) are related to unobservable quantity
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and quality characteristics of the other invitations Qi (relevance);
(ii) the online dater characteristics Wi (or a subset thereof) are as
good as randomly assigned (independence); and (iii) the online
dater characteristics Wi (or a subset thereof) are unrelated to the
online dater preferences for attractiveness and education (exclu-
sion).32 We recognize that finding online dater characteristics that
fulfill these untestable conditions is practically impossible.

While this interaction approach fails in finding the perfect iden-
tification of spillover effects, it does not imply that the estimation
of (4) is without value. In case of significant interaction estimates,
we cannot say much about the exact underlying channel. In case of
zero interaction estimates, however, we consider the impact of
unobservable online dater characteristics, including the real invita-
tions in the online dater’s choice set, on the preferences for profile
attractiveness and education unlikely.

In our application of this test, we derive a popularity index for
each online dater based on online dater characteristics, divide



J. Egebark, M. Ekström, E. Plug et al. Journal of Public Economics 196 (2021) 104372
online daters in two distinctive groups of unpopular and popular
online daters, and compare the estimated returns to attractiveness
and education. If returns do not vary with online dater popularity,
we again argue that spillover effects are unlikely. This setup is
identical to estimating a fully interacted model on the full sample
where all the independent variables are interacted with a popular-
ity dummy.
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