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Abstract

Exploiting the coincidence of the U.S. Presidential Elections with
the fieldwork period of the European Social Survey, we show that
Donald Trump’s win significantly increased self-reported racial bias
in policy attitudes outside the U.S. We show that the opposite oc-
curred following Barack Obama’s first election in 2008, while no
significant effect occurred when he and George W. Bush were re-
elected in 2012 and 2004, respectively. We show that the increase
in self-reported racial bias is not driven by welfare-related immigra-
tion concerns, campaign effects, or bandwagon effects, suggesting a
decrease in the social desirability of racial equality.
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1 Introduction

U.S. Presidential Elections are global events that result in global con-
sequences. The election of a candidate who proposed the construction
of a wall separating the U.S. and Mexico and an immigration ban on
Muslims is no exception. Concerns that Donald Trump’s win might have
shifted norms of behavior and legitimized racist attitudes abroad were
voiced in media across the globe (see e.g. Shabi, 2016). Al-Jazeera even
worried that “Trump’s electoral victory has been a wake call for all demo-
cratic nations to consider the solidification of the global right-wing and
discriminatory politics in Europe and beyond”, (Cherkaoui, 2016). Were
those concerns founded? To answer that question, we test whether the
election of Donald Trump increased racial bias in policy attitudes out-
side the U.S.

Identifying such an effect is challenging. Collecting detailed surveys
about race-related attitudes now that the election has occurred would
leave us without a counterfactual. Conversely, relying on aggregate polls
would leave us without individual-level information. Finally, comparing
two rounds of the same survey would not allow us to single out short-
run changes. To overcome those challenges, we exploit the coincidence
of the 2016 U.S. Presidential election with the fieldwork period of 13 de-
veloped countries sampled by the European Social Survey (ESS). The
ESS provides individual-level information about political attitudes, in-
cluding attitudes on race-targeting policies. Most of all, the day of the in-
terview is random with respect to the day of the election. Using a quasi-
experimental approach, we test the effect of Donald Trump’s election on
self-reported racial bias in policy attitudes by comparing respondents in-
terviewed after the election (the treatment group) and those interviewed
before the election (the control group).

We find evidence in favor of the contagion hypothesis: Self-reported
racial bias increased significantly by 2.3% within an interval of ±15 days
around the election of Donald Trump. The treatment effect is robust

2



to several econometric specifications, including different sets of controls,
time intervals, clustering, and covariate-balancing strategies. As the
ESS has typically been run from September to January every even year
since 2002, we can replicate the main analysis for previous U.S. elec-
tions. The main result is unlikely to be spurious: We find that self-
reported racial bias significantly decreased when Barack Obama, ar-
guably the near-perfect opposite of Donald Trump on race-related issues,
won a first mandate. Conversely, elections that did not change the sta-
tus quo, as when George W. Bush and Barack Obama received a second
mandate in 2004 and 2012, had no significant effect on self-reported at-
titudes displaying racial bias.

We interpret our findings as changes in the propensity to truthfully
report racially biased attitudes, rather than changes in preferences, and
provide further analysis consistent with that interpretation. Firstly, we
show that race-related attitudes were not significantly increasing prior
to the election, suggesting that pre-electoral campaign effects cannot
fully account for the documented result. Secondly, we show that fur-
ther policy attitudes that characterized the platform of Donald Trump
but do not relate to racial equality did not significantly change either,
suggesting that post-electoral bandwagon effects cannot fully account
for the documented result. Finally, we document that the effect of Don-
ald Trump’s election on racial bias in policy attitudes is not driven by
welfare-related immigration concerns, but by race-related ones.

An emerging literature studies the effect of Donald Trump’s win on
changes in social norms and, relatedly, on the propensity to report par-
ticular attitudes. In a recent experiment run by Bursztyn, Egorov, and
Fiorin (2017), participants were offered a bonus reward if they autho-
rized researchers to donate to an anti-immigration organization. During
the two weeks before the election, participants who expected their deci-
sion to be observed by a surveyor donated less than those whose decision
was private, suggesting a social stigma associated with such donations.
Interestingly, this difference vanished in the week following the election
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of Donald Trump. In another experiment, Crandall, Miller, and White
(2018) find that the acceptance of prejudice towards groups targeted by
Donald Trump, such as Muslims, were larger after the election than be-
fore, while they had remained unchanged for stigmatized groups he had
not targeted, such as the alcoholic. Huang and Low (2017) study the
effect of Donald Trump’s election on sexism. They ran a series of lab ex-
periments where participants were asked to play a “battle of the sexes”
game and found that male subjects became more aggressive toward fe-
male subjects after the election. Huang and Low (2017) interpret their
finding as suggesting that the election of Donald Trump may have af-
fected norms of civility and chivalry.

We contribute to this literature in two distinct ways. Firstly, while
Crandall, Miller, and White (2018), Bursztyn, Egorov, and Fiorin (2017),
and Huang and Low (2017) rely on experiments to analyze the effect of
Donald Trump’s win on the willingness to express xenophobic and sexist
attitudes, we mimic a natural experiment design based on observational
data. Secondly, while those works focus on the impact of Donald Trump’s
election on attitudes and norms of behavior in the U.S., we are the first to
provide an exploratory analysis of the transnational contagion of social
norms.

2 Empirical analysis

2.1 Sample

The data we use come from Round 8 of the European Social Survey,
which includes 18 countries. The election of Donald Trump fell inside
the survey fieldwork period of 13 of these countries. Each of these coun-
tries belongs to the 2016 United Nations list of 35 “developed countries”.
The survey is constructed using highly rigorous translation protocols
and conditional monetary incentives are granted to units upon the com-
pletion of interviews.
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2.2 Empirical model

We test whether Donald Trump’s win increased global self-reported racial
bias in policy attitudes. Our approach to identify the dependent variable
belongs to an established tradition. As biological racism declined after
World War II, race-related attitudes have often been measured by rely-
ing on race-targeting policy attitudes (Bobo et al., 2012). Researchers
have accordingly tried to retrieve attitudes from salient policy issues,
such as the opposition to policies that tackle school segregation or allow
interracial marriage (Bobo and Kluegel, 1993; Card, Mas, and Rothstein,
2008). Given the salience of the immigration issue in contemporary po-
litical debates in developed countries, immigration attitudes provide an
appealing way to identify a racial bias in policy attitudes.

To identify racially biased attitudes, we use questions B38 and B39

of the ESS, which pertain to the willingness of respondents to let im-
migrants enter their country. The two questions only differ on the race
dimension. Specifically, question B38 reads, “To what extent do you think
the country should allow people of the same race or ethnic group as most
people of the country to come and live here?” Question B39 directly fol-
lows question B38 and reads, “How about people of a different race or
ethnic group from most people?” Answers to both questions range from
(1) “Allow many” to (4) “Allow none”. The succession of the two questions
explicitly primes the role of race. Because the two questions only differ
in the race dimension, the differences in answers can only be driven by
differences in the perception of migrants according to their race. By giv-
ing different answers to the two questions, respondents therefore know-
ingly reveal a racial bias. Most of all, interviews are conducted face-
to-face. Respondents are therefore subject to a stronger social pressure
than in internet surveys, where racially biased opinions are revealed
anonymously (DellaVigna, List, and Malmendier, 2012; Seth, 2013).

Denoting respondent i’s opposition to different and same race immi-
gration by y1i and y2i, respectively, the dependent variable “self-reported
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racial bias in policy attitudes”, yi, is defined as a dummy variable taking
the value 1 if y1i > y2i and 0 otherwise. In the relevant sample, 32.70%
of individuals report stronger opposition to different race immigration
than same-race immigration, while 64.80% report equal opposition to
different-race immigrants. Reports of racist attitudes (yi = 1) account for
31.49% in the control group and 34.06% in the treatment group.1 Defining
Yi,c = ln

[
Pr(yi,c=1)

1−Pr(yi,c=1)

]
, we use the following specification:

Yi,c = α + βTi + γ′Xi,c + µc + εi,c.

Ti ∈ {0, 1} is the treatment variable. It takes the value 1 if respon-
dent i was interviewed after November, 8, 2016 and 0 otherwise. As the
timing of each interview is random with respect to the release of the in-
formation about the outcome of the U.S. election, Ti can be interpreted
as an exogenous decrease to the social desirability of race-equality. β is
therefore the treatment effect, while α is a constant.

Xi,c summarizes individual-level characteristics. In a first model, we
only control for demographic characteristics including age, age squared,
sex, household status (having at least one child living at home), and
ethnic minority status (0 if majority, 1 if minority). In an augmented
model, we include socioeconomic characteristics: highest education at-
tainment (1-7), a dummy capturing economic insecurity (0 if the respon-
dent experienced short run unemployment during the previous year,
and 1 otherwise) and household’s income (1 meaning living comfortably
through, 4 meaning living with strong difficulties). We add a dummy
variable taking the value 1 if the respondent voted in the latest gen-
eral election, to capture interest in politics. Notice that we only select
proper covariates. To control for unobserved country heterogeneity, we

12.49% of respondents oppose same race immigration more than different race im-
migration, displaying “positive racism”. In an alternative specification, we allow the
dependent variable to take the value −1 in the latter case. As the number of units
reporting positive racism is extremely limited, treatment effects are very close in the
two cases.
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include country fixed effects µc. εi,c is an idiosyncratic error term, with
E [ε |T,X, µ ] = 0. Finally, we weight observations by the design weights
provided by the ESS to control for the relative likelihood of each obser-
vation to be sampled.

Respondents in the treatment and control group may, however, differ
in the distribution of key covariates. While the ESS is meant to be rep-
resentative of each country’s population in the overall period, there is no
guarantee that representativeness holds within particular sub-periods.
Our outcomes may therefore be biased if, for instance, respondents who
were interviewed following the election were significantly less educated
than respondents in the control group, making respondents in the treat-
ment group more likely to report racially biased attitudes. Descriptive
statistics in the Appendix show that this issue is not particularly severe
in our application. However, following Hainmueller (2012), we weight
control units such that the distribution of covariates among the control
groups matches the moment conditions (until skewness) of the treat-
ment group. After this pre-processing, covariate imbalance between con-
trol and treatment groups becomes negligible.2

We fit the model with a binary Logit estimator and report the average
marginal effect. Since both the treatment and the output variables are
dummies, the marginal effect is easy to interpret: It provides the per-
cent change in the probability of a respondent in the treatment group
exhibiting a racial bias. Our approach is the same as the one used by
Depetris-Chauvín and Durante (2017), Giani (2017), and Mikulasche,
Pant, and Tesfaye (2016) in recent working papers that exploit a sim-
ilar design to study different issues. Like those authors, we base our
main analysis on an interval of ±15 days before and after the election.
We also report treatment effects for shorter and longer intervals in the
Appendix.

2In the Appendix, following a suggestion of Hainmueller and Xu (2013), we first
use pre-treatment matching (Coarsened exact matching, see Iacus, King and Porro,
2012) to prune outliers and then apply alternative entropy balancing strategies, which
achieve balance either at the pooled level or at the levels of single countries.
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The ideal dataset to study a “global contagion” should include race-
related attitudes of each individual in each country both before and after
the election. Instead, we had to run the analysis on a sample of 13
developed countries. We therefore face sample uncertainty (Abadie et
al., 2017). Moreover, race-related reports are observed either before or
after the election. Consequently, we also face design uncertainty (Abadie
et al., 2017). For these reasons, we cluster errors at the country level.3

3 Results

3.1 Main test

Table 1 shows that the hypothesis that Donald Trump’s win increased
global self-reported racial bias in policy attitudes cannot be rejected. In
column (i), the treatment effect, significant at p < .01, is computed as
a simple mean-difference. In column (ii), we control for country fixed
effects only. Being interviewed after Donald Trump’s election increases
the likelihood of reporting a racial bias by 1.8%, and the outcome is now
significant at p < .05. Columns (iii) and (iv) add control variables per-
taining, respectively, to demographic and socioeconomic characteristics.
Once this set of covariates is controlled for, the treatment effect slightly
exceeds 2%.

In column (v), we include self-reported turnout in the latest national
election as a proxy for political interest. Doing so does not substantially
alter the treatment effect, which stays significant at p < .01. A key com-
parison is the one between column (v) and (vi). Once the control units
are weighted to match the covariates’ distribution of treated units, the
treatment effect increases very little. This suggests that sample imbal-

3Standard clustering may yield false positives as the number of clusters is small
and odd. We therefore provide treatment effects after bootstrapping errors through
Wild cluster bootstrap, following Cameron, Gelbach and Miller (2008) and Mackinnon
and Webb (2017). These issues are discussed in the Appendix, where we also report
treatment effects for alternative specifications.
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Racial bias (0-1)
(i) (ii) (iii) (iv) (v) (vi)

Treatment (0-1) .031∗∗∗ .017∗∗ .020∗∗∗ .021∗∗∗ .022∗∗∗ .023∗∗∗

SE (.011) (.009) (.008) (.009) (.009) (.008)
N.obs 7,904 7,904 7,855 7,720 7,685 7,685
Country Effects X X X X X

Demographics X X X X

Socioeconomics X X X

Voting X X

Entropy balancing X

Coefficients for treatment effect: average marginal effects following Logit estimation. significant at .1,
∗∗: significant at .05, ∗∗∗: significant at .01. Standard errors clustered at country level in each model.
The analysis is based on 4,064 effective control and 3,653 effective treated units. Countries: Austria,
Belgium, Switzerland, Germany, Estonia, Finland, UK, Israel, Norway, Sweden, and Slovenia. Demo-
graphics: age (15-105), age squared, gender (0-1), household status (0-1), minority status (0-1), and
domicile (1-4). Socioeconomics: education attainment (1-7), income status (1-4), and a dummy captur-
ing whether the respondent experienced short-run unemployment during the last year (0-1). Voting
takes value one if the respondent voted at latest general election (0-1) Entropy balancing weights units
in order for the distribution of covariates of the control group to match the distribution of covariates
of the treated group, until skewness. Design weights apply. Source: ESS, round 8.

Table 1: Effect of Donald Trump’s election on self-reported racial bias.

ance is not severe in our application. In the full specification of column
(vi), on which we are going to rely to address further identification is-
sues, Donald Trump’s election increases the probability of reporting a
racial bias by 2.3%, significant at p < .01.

In line with Bursztyn, Egorov, and Fiorin (2017) and Huang and Low
(2017), we interpret changes in self-reported racial bias as changes in
the propensity to report racially biased attitudes, rather than changes in
preferences.4 The next subsection provides further evidence consistent
with that interpretation. The probability of reporting a racial bias in
policy attitudes before the election predicted by our model is 32.1%. To

4Bursztyn, Egorov, and Fiorin (2017) show that the increase in xenophobic opinions
following the election of Donald Trump was driven by an increase in the propensity
to report them, whereas the actual number of xenophobic opinions did not change.
This is an expected result, as the electoral outcome itself, while informative about the
tolerance towards race-related norms, is unlikely to change preferences.
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get a sense of the quantitative meaning of the treatment effect reported
in column (vi), we consider two simulated scenarios. In the first, let us
suppose that 50% of the sample was actually racially biased. In that
case, 17.9% (50% − 32.1%) were racially biased but not willing to report
it prior to Donald Trump’s election. Our result would then imply that,
among actually racially biased individuals, 12.8% (2.3%/17.9%) switched
from not-reporting to reporting due to Donald Trump’s election. Let us
now suppose instead that the actual share of racially biased individuals
was 40%, then 29.1% (2.3%/7.9%) of them switched from not-reporting to
reporting due to Donald Trump’s election.

3.2 Threats to identification

In this subsection, we deal with the main threats to identification. Their
analysis is briefly summarized in Figure 1 and detailed in the Appendix.

Trump v. previous elections. Our strategy rests on the contention
that Donald Trump’s election marked a change in the status quo toward
lower racial equality. What would have happened to race-related atti-
tudes if the status quo had changed toward higher racial equality? An
advantage of our design is that it can be applied to the last three previ-
ous U.S. presidential elections. Barack Obama is arguably the closest to
a perfect opposite of Donald Trump on many issues, including issues of
racial equality. Figure 1a shows that the effect of his first election was
the opposite of Donald Trump’s: The report of racial bias in policy at-
titudes decreased significantly at p < .05.5 A second question regarding

5One may argue that the informational content of Donald Trump’s win was
stronger than the one of Barack Obama’s 2008 win. In the first case, the electoral
outcome was unexpected given pre-electoral polls. In the latter case, the outcome was
less unexpected: Barack Obama and John McCain had close approvals until October,
but Barack Obama gained an edge over John McCain during the last month. This may
make the election itself less informative. It cannot be denied, however, that the election
of the first African-American President in the U.S. marked an important discontinuity
in world politics from the perspective of a global audience.
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counterfactuals is the following: What would have happened if the sta-
tus quo had not changed? George W. Bush’s 2004 and Barack Obama’s
2012 elections represent appealing counterfactuals since the incumbents
were confirmed, and, hence, there was no change in the status quo. Fig-
ure 1a shows that the elections of 2004 and 2012, which granted second
mandates respectively to George W. Bush in 2004 and Barack Obama in
2012, respectively, had no significant effect on self-reported racial bias
in policy attitudes.

Racist v. immigration attitudes. The two questions we intertwine
to construct the dependent variable are identical, only differing in the
racial background of immigrants. Race-targeting policies, however, may
face opposition due to welfare concerns, rather than racism (Bobo and
Kluegel, 1993). Contextualized in our application, one may contend re-
spondents use race simply as a proxy for specific labor market skills
or the demand for public goods (Dustmann and Preston, 2007). In that
case, expressing greater opposition to different v. same-race immigration
would be driven by welfare concerns, rather than racism. However, the
results shown in Figure 1b eliminate this possibility. Figure 1b shows
that the documented effect on self-reported racial bias is not driven by
economic-related immigration concerns.

Electoral v. campaign effect. Schaffner (2017) shows that being
exposed to Donald Trump’s campaign increased individuals’ willingness
to express xenophobic opinions against minorities. In another recent
paper, Morrison et al. (2018) show that assault frequency increased on
days and in cities where candidate Donald Trump campaigned. As the
campaign was covered worldwide, his xenophobic rhetoric may also have
changed the willingness to report racist attitudes abroad prior to the
election. This would bias our treatment effect downward. However, Fig-
ure 1c establishes that moving the treatment one week, 15 days, three
weeks, or 30 days before the actual election and keeping a symmetric
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interval of time around it yields no significant treatment effect. Donald
Trump’s rise in popularity during the campaign may have affected race-
related attitudes but does not threaten the validity of our estimates of
an “electoral effect” taking place on November 8, 2016.

Electoral v. bandwagon effect. The election of Donald Trump
may have affected a broad set of political attitudes due to a standard
bandwagon effect, leading individuals to rally with the winning opinion
(Fleitas, 1971). The observed change in race-related attitudes may then
simply reflect a wider alignment on the positions of Donald Trump or
what residents of other countries perceive as being the new stance of the
US. Figure 1b however shows that some of the most archetypical politi-
cal attitudes, including left-right placement, the support for right-wing
populist parties, and preferences towards redistribution and gay rights
remained constant, suggesting no generalized bandwagon effect.

4 Conclusion

The configuration of racial attitudes provides vital information about
the micro-level principles guiding race relations and, relatedly, about
the macro-level status of racial equality. Indeed, the trend of aggregate
racial attitudes largely fits the trend of actual racial divisions (Bobo et
al., 2012). While pro-race equality attitudinal trends had spread op-
timism about the future of race relations in the U.S., Donald Trump’s
win signaled a potential shift in norms toward a greater acceptance of
racially biased attitudes (Bursztyn, Egorov, and Fiorin, 2017; Crandall,
Miller, and White, 2018). Our analysis suggests that this also holds true
outside the U.S.

Our analysis has some limitations. For instance, it is constrained
both by the data and by the nature of the design when assessing the
medium- to long-run effects of elections. Firstly, the lengths of the field-
work periods, detailed in the Appendix, are limited. But most of all,
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(a) Trump v. previous elections. (b) Racist v. immigration attitudes.

(c) Electoral v. campaign effect. (d) Electoral v. bandwagon effect.

Figure 1: Threats to identifications: treatment effects with 95% confidence
interval. Coefficients are computed according to model (vi) in Table 1. For
discrete dependent variables, we report ordered Logit coefficients.
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identifying a long-run effect with our design would be contentious even if
the available data spanned a greater length of time. Unobserved events,
as well as learning, may in fact affect both the long-run trend of actual
racism and the willingness to report it. It would therefore be problem-
atic to attribute medium to long-run changes in self-reported racial bias
to the election of Donald Trump.

These issues notwithstanding, we hope to offer an interesting con-
tribution to the current debate. Our analysis combines a methodolog-
ical and a substantive contribution. Our contribution is methodologi-
cal on the “theory-testing” side. While the extant literature has relied
on experimental approaches, we rely instead on a quasi-natural exper-
iment based on observational data and confirm that electoral outcomes
may affect the evolution of social norms. Further research should assess
the external validity of our finding and theorize the mechanism through
which contagion takes place. Is contagion due to the weight of the U.S.
in the world, or could it be observed in other contexts? This question
can be addressed by collecting other key political events related to xeno-
phobic norms, such as Brexit, and studying their effect on race-related
attitudes, using different surveys.

On the “theory-building” side, our contribution is substantive: While
the extant literature focuses on the effect of Donald Trump’s election on
domestic social norms, we study its effect on social norms abroad and
provide evidence consistent with a phenomenon of contagion. The study
of norm diffusion in world politics is so far limited, as the field of Inter-
national Organization has focused on an institutional top-down channel,
whereby local social norms in a country change following institutional
decisions inspired or imposed by a focal country (Acharya, 2004). For
instance, U.S. sanctions against South Africa have been argued to have
played a key role in fostering the global norm of racial equality and fight-
ing against Apartheid (Klotz, 1995). Our paper suggests that another
informational channel, based on the reaction of citizens to election re-
sults in a foreign country, may also cause shifts in global norms. Which
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mechanisms underlie and moderate the contagion? How do the institu-
tional and informational channels interact? These questions represent
another interesting avenue for theoretical research.
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A Appendix

A.1 Descriptive statistics

• Tables 4 and 4 provide the complete descriptive statistics respec-
tively for Donald Trump’s election and previous elections.

A.2 Robustness Checks

• Imbalance: 1. Table 2 provides the descriptive statistics for each
of the covariate used in the main analysis. It provides informa-
tion about the imbalance in covariates between treated and control
units before and after applying entropy balancing. Imbalance is
somewhat limited in the aggregate analysis, as one can already
suspect by looking in Table 1 at the difference between the treat-
ment effect with and without entropy balancing weighting. The
latter became null for dummy variables and extremely small for
continuous covariates once entropy balancing was applied.

• Imbalance: 2. Table 2 allows observing means and variances, but
it does not provide information about skewness, which is only rel-
evant for continuous covariates. Figure 2 provides the kernel den-
sity for the four continuous covariates used in the analysis. Some
degree of skewness persists after balancing on the “age” variable,
whereas it essentially disappears for domicile, education and in-
come. For all of these covariates, the kernel density of treated and
control groups are almost indistinguishable.

• Alternative specifications. Table 3 provides additional speci-
fications. As suggested by Hainmueller and Xu (2013), entropy
balancing is preceded by the extraction of outliers, operational-
ized through pre-treatment coarsened exact matching. We first
run an imbalance test on covariates. We then match control and
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treated units with coarsened exact matching on imbalanced covari-
ates (within each country). Units without match are treated as out-
liers and pruned before running the analysis. Details are provided
in the Table’s footnote. In column (i), we provide the treatment
effect after outliers’ extraction and prior to entropy balancing. In
column (ii), we apply entropy balancing after having extracted out-
liers. In both cases, the treatment effect is slightly larger than the
one in column (vi) of Table ??. Column (iii) in Table 3 displays
the outcome for an alternative, more ambitious, balancing strat-
egy, in which entropy weighting is constructed at the country level.
The treatment effect gets slightly greater under this specification.
With this by country balancing strategy, however, we are not al-
ways able to achieve balance at the third moment. Column (iv) and
(v) replicate the analysis of, respectively, columns (ii) and (iii), but
account for the fact that, since the number of clusters is relatively
low (13 countries), standard clustering may underestimate stan-
dard errors. We re-estimate the main result using a wild cluster
bootstrap. The level of significance only decreases from p < .01 to
p < .05 for the country-level balancing specification. Finally, in col-
umn (vi), we provide the treatment effect for an augmented set of
covariates. In the paper, we deliberately restrict the set of controls
to proper covariates. It can be of interest, however, to rule out the
possibility that the treatment effect be driven by the fact that the
ideology of treated units differs substantially from the one of con-
trol units. In this last specification, we control for three further at-
titudes: left-right placement, political interest and satisfaction for
democracy. The treatment effect after outliers’ extraction, entropy
balancing and wild cluster bootstrapping is about 2%, significant
at p < .01.
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A.3 Threats to identification

• Trump v. previous elections. Table 6 shows that, apart from
Barack Obama’s 2008 election, none of the previous elections, stud-
ied in exactly the same way, caused any change in self-reported
racial bias. The first three columns report the coefficient plotted
in Figure 1a. In the last three columns, we show that the treat-
ment effect of Donald Trump’s election is significantly larger than
the ones from previous elections. We define Di ∈ {0, 1} as a dummy
variable taking the value 1 if unit i was interviewed in 2016 and
0 if she was interviewed in a previous round (2004, 2008 or 2012).
Following our main specification, we can write the empirical model
as

Yi,c,p = α + βTi,p + δ0Di + δ1Di × Ti,p + γ′Xi,c,p + µc,p + εi,c,p.

where we control for country-year fixed effects, µc,p, and cluster er-
rors at the country-year level. We report the main coefficient of
interest, δ1, which is a difference in difference estimate. As an al-
ternative, we can also test whether the treatment effect following
Donald Trump’s election according to the main specification is sig-
nificantly larger than the one following previous elections with a
z − test. Comparing the treatment effect following Donald Trump’s
election with George W. Bush 2004, and Obama 2008 and 2012, we
obtain respectively z = −3.04, z = −3.56, and z = −2.44. Hence the
treatment effect of Donald Trump’s election is significantly larger
than the one in previous elections in a one-sided test at p < .01.6

6As an additional test, we test whether this outcome holds true when restricting
the sample to countries common to both elections. This exercise cuts substantially
the sample, as the set of countries that happened to be fielded during U.S. elections
differs from round to round. Nevertheless, the outcome remains significant. Compar-
ing regression coefficients on common countries only yields z = −2.11, z = −2.45, and
z = −1.66, when comparing the treatment effect following Donald Trump’s election
with George W. Bush 2004, and Barack Obama 2008 and 2012. Hence, the comparison
is significant at p < .05 in the first case, p < .01 in the second case, and p < .1 in the
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• Racist v. immigration attitudes. Table 8 reports estimates of
the effect of Donald Trump’s election on four other survey items
related to immigration. Consistent with our main result, we find no
effect of Donald Trump’s election on welfare-related immigration
attitudes, while we find that the only significant treatment effect
is on cultural concerns for immigration (at p < .1) Those items read:

– (Oppose refugees): The government should be generous in judg-
ing people’s applications for refugee status. (1: Agree strongly,
... , 5: Disagree strongly);

– (Oppose poor migrants) : Allow many/few immigrants from
poorer countries outside Europe. (1: Allow many, ... , 4: Al-
low none);

– (Immigration harms economy): Would you say it is generally
bad or good for [country]’s economy that people come to live
here from other countries? (1: Bad, ... , 10: Good);

– (Immigration harms culture): Would you say that [country]’s
cultural life is generally undermined or enriched by people
coming to live here from other countries? (1: Undermined,
... , 10: Enriched).

• Electoral v. campaign effect. Table 7 reports the treatment
effects that would be obtained applying the same method as in the
baseline estimations around placebo election dates. We moved the
treatment by intervals of 5 days until 30 days before the actual
election day and kept symmetric intervals to avoid the inclusion of
actually treated units. None of the placebo treatment-dates before
the real election yielded any change in self-reported racial bias.

• Electoral v. bandwagon effect. Table 8 provides the outcome
relative to the effect of Donald Trump’s election on four other sur-

last case.
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vey items related to ideology. We find that the treatment effect is
null for each of these cases. Those items read:

– (Left-right placement): Placement on left-right scale . (1: Left,
... , 10: Right);

– (Support populist): Which party do you feel close to. (0: Any
or none, ... , 1: a right-wing populist party);7

– (Oppose redistribution): Government should reduce differences
in income levels. (1: Agree strongly, ... , 5: Disagree strongly);

– (Oppose gay rights): Gay and lesbian couples should have the
same rights to adopt children as straight couples (1: Agree
strongly, ... , 5: Disagree strongly).

We can therefore interpret our main finding as signaling Donald
Trump’s election had no general effect on the opinions of respon-
dents. It therefore specifically resulted in an increase in the will-
ingness to report opinions that discriminate migrants of a different
race.

7The list of populist parties is based on Vlandas and Halikiopoulou (2018).
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Range
Treatment Control Imbalance

Unconditional Unconditional After balancing Unconditional

Mean Variance Mean Variance Mean Variance ∆ Mean

Age 15-120 48.91 313.9 49.48 337.8 48.91 313.9 -.57

Female 0-1 .52 .25 .52 .25 .52 .25 0

Domicile 0-3 1.72 1.62 1.86 1.59 1.72 1.62 -.14

Household status 0-1 .67 .22 .68 .22 .67 .22 0

Minority status 0-1 .06 .05 .05 .05 .06 .05 .01

Education attainment 1-7 4.22 2.89 4.28 2.96 4.22 2.89 -.06

Income 1-4 1.87 .64 1.88 .66 1.87 .64 .01

Unemployment 0-1 .73 .19 .73 .19 .73 .19 0

Voted at latest election 0-1 .72 .20 .72 .20 .72 .20 0

Table 2: Imbalance: 1. Descriptive statistics and imbalance: before and after
entropy balancing.

(a) Age. (b) Domicile. (c) Income. (d) Educational at-
tainment.

Figure 2: Imbalance: 2. Kernel density of continuous covariates among treat-
ment and control groups after entropy balancing. The black regular line (grey
dashed) plots treated (control) units.
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Racial bias (0-1)
(i) (ii) (iii) (iv) (iv) (v)

Treatment (0-1) .024*** .025*** .025*** .025*** .025** .020***
SE (.008) (.008) (.011) NA NA NA

N.obs 7,301 7,301 7,301 7,301 7,301 6,694
Country Effects X X X X X X

Demographics X X X X X X

Socioeconomics X X X X X X

Voting X X X X X X

Outliers’ extraction (CEM) X X X X X X

Entropy balancing (pooled) X X X

Entropy balancing (by country) X X

Wild Cluster bootstrapping X X X

Further political attitudes X
∗: significant at .1, ∗∗: significant at .05, ∗∗∗: significant at .01. Coefficients: average marginal effects following a logit estimation. Errors

clustered at country level. Countries: Austria, Belgium, Switzerland, Czech Republic, Germany, Estonia,Finland, UK, Israel, the Netherlands,
Norway, Sweden, and Slovenia. Demographics: age, age squared, gender, household status, minority status, and domicile. Socioeconomics:
education attainment, income, and recent short-run unemployment. Entropy balancing designed to satisfy moment conditions until skewness.
Outliers’ extraction following coarsened exact matching on imbalanced covariates (Age and education). Age is coarsened through intervals of
5 years while domicile is coarsened according to Scott-break algorithm. Matching prunes 457 units (270 controls). Wild cluster bootstrapping
is run through OLS after 1000 successful resamples. Further political attitudes include: left-right placement (0-10), political interest (1-4) and
satisfaction with democracy (0-10). Design weights apply. Source: ESS, round 8.

Table 3: Alternative specifications. Effect of Donald Trump’s election on
self-reported racial bias, further specifications.
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Dependent Variables N. obs Mean Std. Dev Min Max

Racial bias 7,904 .33 .47 0 1

Same race immigration 7,951 2.16 .87 1 4

Different race immigration 7,929 2.57 .91 1 4

Oppose refugees 7,923 3.39 1.78 1 5

Oppose poor migrants 7,906 2.62 .92 1 4

Immigration harms economy 7,848 4.94 2.45 0 10

Immigration harms culture 7,895 5.17 2.64 0 10

Left-right placement 7,415 5.21 2.18 0 10

Support Populist 3,710 .16 .37 0 1

Oppose Redistribution 7,950 2.36 1.07 1 5

Oppose Gay rights 7,861 2.78 1.35 1 5

Independent Variables N. obs Mean Std. Dev Min Max
Age 8,035 48.36 18.42 15 105

Female 8,053 .52 .50 0 1

Children at home 8,053 .32 .47 0 1

Minority status 8,053 .96 .23 0 1

Domicile 8,047 2.78 1.26 1 5

Income 7,981 1.88 .81 1 4

Education 8,013 4.08 1.72 1 7

Unemployed 8,033 .26 .44 0 1

Voting 8,023 .69 .46 0 1

Table 4: Descriptive statistics, Donald Trump (2016).
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Dependent Variables N. obs Mean Std. Dev Min Max

Racial bias (Bush, 2004) 11,269 .25 .43 0 1

Racial bias (Obama, 2008) 7,402 .27 .44 0 1

Racial bias (Obama, 2012) 8,208 .31 .46 0 1

Independent Variables (Bush, 2004) N. obs Mean Std. Dev Min Max
Age 11,637 45.86 18.59 15 99

Female 11,673 .52 .50 0 1

Children at home 11,672 .41 .49 0 1

Minority status 11,676 .96 .20 0 1

Domicile 11,683 3.01 1.17 1 5

Income 11,533 1.97 .85 1 4

Education 11,661 3.32 1.72 1 5

Unemployed 11,633 .25 .43 0 1

Voting 11,600 .70 .46 0 1

Independent Variables (Obama, 2008) N. obs Mean Std. Dev Min Max
Age 7,617 47.35 18.57 15 123

Female 7,629 .52 .50 0 1

Children at home 7,586 .37 .48 0 1

Minority status 7,605 .95 .21 0 1

Domicile 7,615 2.90 1.23 1 5

Income 7,617 1.84 .80 1 4

Education 7,563 3.13 1.37 1 5

Unemployed 7,586 .25 .43 0 1

Voting 7,589 .74 .44 0 1

Independent Variables (Obama, 2012) N. obs Mean Std. Dev Min Max
Age 8,506 48.36 18.42 15 96

Female 8,519 .53 .50 0 1

Children at home 8,516 .39 .49 0 1

Minority status 8,461 .93 .26 0 1

Domicile 8,510 2.79 1.24 1 5

Income 8,466 1.73 .87 1 4

Education 8,399 4.11 1.81 1 7

Unemployed 8,449 .26 .44 0 1

Voting 8,464 .771 .45 0 1

Table 5: Descriptive statistics, other elections.
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Racial bias (0-1)
Bush 2004 Obama 2008 Obama 2012 Trump-Bush Trump-Obama Trump-Obama

Treatment (0-1) -.010 -.032** -.017 .032*** .055*** .034**

SE (.007) (.013) (.014) (.011) (.015) (.015)

N.obs 10,817 7,191 7,894 18,108 14,908 15,661

Country Effects X X X X X X

Demographics X X X X X X

Socioeconomics X X X X X X

Voting X X X X X X

Entropy balancing X X X X X X
∗: significant at .1, ∗∗: significant at .05, ∗∗∗ : significant at .01. Coefficients: average marginal effects following a logit estimation.

Errors clustered at the country level and country-year for the difference in difference analysis. Demographics: age, age squared, gender,
minority status, household status, and domicile. Socioeconomics: education attainment, income, and recent short-run unemployment.
Education attainment ranges from 1 to 5 for Bush 2004 and Obama 2008. Entropy balancing is defined to satisfy moment conditions
until skewness, separately for each round of the survey. Design weights apply. Bush 2004: Belgium, Switzerland, Czech Republic,
Germany, Denmark, Estonia, Spain, Finland, UK, Luxembourg, the Netherlands, Norway, Poland, Portugal, Slovenia, Sweden, and Slo-
vakia. Obama 2008: Switzerland, Cyprus, Germany, Denmark, Spain, Finland, France, UK, Israel, the Netherlands, Norway, Portugal,
Slovenia, and Sweden. Obama 2012: Austria, Belgium, Switzerland, Cyprus, Germany, Estonia, Finland, UK, Ireland, Israel, Island,
the Netherlands, Norway, Poland, Portugal, Russia, Sweden , Slovenia, and Slovakia. Source: ESS, rounds 2 - 4 - 6 -8.

Table 6: Trump v. previous elections. Effect of past elections on self-
reported racial bias.

Racial bias (0-1)
- 7 days -15 days - 21 days - 30 days

November 1 October 24 October 18 October 9

Treatment (0-1) .008 -.008 -.000 -.005
SE (.013) (.015) (.008) (.009)
N. Obs 3,773 6,512 9,697 11,961
Country Effects X X X X

Demographics X X X X

Socioeconomic X X X X

Voting X X X X

Entropy balancing X X X X
∗: significant at .1, ∗∗: significant at .05, ∗∗∗ : significant at .01. Coefficients: average marginal effects following Logit

estimation. Countries: Austria, Belgium, Switzerland, Germany, Estonia, Finland, UK, Israel, Norway, Sweden, and
Slovenia. Demographics: age, age squared, gender, household status, minority status, and domicile. Socioeconomics: edu-
cation attainment, income, and recent short-run unemployment. Entropy balancing designed to satisfy moment conditions
until skewness. Design weights apply. Source: ESS, round 8.

Table 7: Electoral v. campaign effect. Effect of fake treatments election on
self-reported racial bias, by intervals of time.
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Racist v. Immigration attitudes
Oppose Oppose Immigration Immigration

refugees poor migrants harms economy harms culture

(1-4) (1-4) (0-10) (0-10)
Treatment (0-1) -.047 .002 .042 .049
SE (.058) (.053) (.042) (.040)
N. Obs 7,733 6,648 7,661 7,712

Electoral v. Bandwagon effect
Left-right Support Oppose Oppose

placement Populist Redistribution gay rights

(1-10) (0-1) (1-5) (1-5)
Treatment (0-1) .014 -.009 -.003 -.047
SE (.053) (.016) (.043) (.055)
N. Obs 7,258 3,239 7,753 7,675

Country Effects X X X X

Demographics X X X X

Socioeconomic X X X X

Voting X X X X
∗: significant at .1, ∗∗: significant at .05, ∗∗∗ : significant at .01. Coefficients: outputs from ordered logit regressions.

Errors clustered at the country level. Countries: Austria, Belgium, Switzerland, Germany, Estonia, Finland, UK, Israel,
Norway, Sweden, and Slovenia. Demographics: age, age squared, gender, household status, minority status, and domicile.
Socioeconomics: education attainment, income , and recent short-run unemployment. Entropy balancing to satisfy moment
conditions until skewness. Design weights apply. Source: ESS, round 8.

Table 8: Racist v. immigration attitudes and Electoral v. bandwagon
effect. Effect of Donald Trump’s Election on ideology and further immigration-
related attitudes.
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B For Online Publication

• Following Depetris-Chauvín and Durante (2017), Giani (2017) and
Mikulasche, Pant and Tesfaye (2017), we base our main analysis on
an interval of ±15 days before and after the election. The chosen
interval balances out two necessities. ESS questionnaires release
large information about respondents and, the rate of data collection
per country is therefore relatively small, with no collection during
weekends. This requires selecting a sufficiently wide time interval.
On the other hand, as race-related attitudes may vary according
to several channels, the observed treatment effects can be credibly
attributed to the election outcome only if intervals are sufficiently
close to the election day. Table 9 provides the treatment effects
relative to other time intervals. The latter has a similar magnitude
throughout the first month.

• Table 10 provides alternative specification for our main dependent
variable. In the first column, the dependent variable is the differ-
ence between the score on the opposition to different v. same race
immigration. In the second column, we define the dependent vari-
able in the following way: −1 (+1) if opposition to different race
immigration is lower (larger) than same race immigration, and 0

else. The outcomes are consistent with the one presented in the
text, and significant at p < 01. Columns 3 and 4 show that the
win of Donald Trump resulted in a wider gap between the opposi-
tion to different versus same race immigration. The latter takes
place through a significant decrease in the opposition to same race
immigration, rather than through an increase in the opposition to
different race immigration. This result is important as it reinforces
the idea that reports of racial bias were not driven by immigration
concerns.

• Figure 3 provides the timing of the interviews for each of the coun-
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tries used in our analysis. The 2016 election of Donald Trump fell
inside the survey period range of 14 of them. Iceland, however, has
only 5 respondents before the election and was therefore discarded.

• Figure 4 compares trends of Google searches in our sample of coun-
tries and in the U.S. for both “Trump” (Figure 4a) and “Racism”
(Figure 4b). In both cases and for both geographic units, searches
are the highest on November 9, the after-election day, confirming
that Donald Trump’s election was connected with racism. Searches
of Trump are more concentrated in the November 9, 2016, for our
sample as compared to the U.S., while the opposite happens for
“racism” (and its translation in each country language).

• Table 11 interacts the main dependent variable with each country
dummy at a time. It shows that our main result is always signifi-
cant at least at p < .05, and hence is not driven by outliers. Austria,
Israel, the Netherlands, and Norway have a significantly higher
treatment effect than the average, whereas in Estonia, Finland,
Sweden, and Slovenia the outcome is significantly lower than the
average. It would be interesting to run a comparative analysis, and
identify the country-level variables that shape country-level treat-
ment effects. However, the number of control and treated units per
country is small when focusing on the relevant interval of time,
making this analysis difficult at this stage. Finally, as interactions
in non-linear models may be problematic, we run the same analysis
with a linear probability model. Outcomes are extremely close.
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Racial bias (0-1)
7 days 15 days 21 days 30 days

Trump 2016 (0-1) .019** .023*** .014*** .013*
SE (.009) (.008) (.006) (.007)
N. Obs 3,879 7,717 10,166 13,917

Country Effects X X X X

Demographics X X X X

Socioeconomic X X X X

Voting X X X X

Entropy balancing X X X X
∗: significant at .1, ∗∗: significant at .05, ∗∗∗ : significant at .01. Coefficients: average marginal effects

following a logit estimation. Errors clustered at the country level. Countries: Austria, Belgium, Switzerland,
Germany, Estonia, Finland, UK, Israel, Norway, Sweden, and Slovenia. Demographics: age, age squared, gen-
der, household status, minority status, and domicile. Socioeconomics: education attainment, income , and re-
cent short-run unemployment. Entropy balancing satisfies moment conditions until skewness. Design weights
apply. Source: ESS, round 8.

Table 9: Effect of Donald Trump’s election on self-reported racial bias, by time
interval.

∆ Different - Different R Opposition to Opposition to
Same race Same race Different race Same race

(1-7) (-1, 0 ,1) (1-4) (1-4)

Treatment (0-1) .123*** .119*** -.015 -.111**
SE (.043) (.040) (.058) (.056)
N. Obs 7,717 7,717 7,739 7,757

Country Effects X X X X

Demographics X X X X

Socioeconomics X X X X

Voting X X X X

Entropy balancing X X X X
∗: significant at .1, ∗∗: significant at .05, ∗∗∗ : significant at .01. Coefficients: average marginal effects following Logit estimation.

Errors clustered at country level. Countries: Austria, Belgium, Switzerland, Germany, Estonia, Finland, UK, Israel, Norway, Sweden, and
Slovenia. Demographics: age, age squared, gender, household status, minority status, and domicile. Socioeconomics: education attainment,
income , and recent short-run unemployment. Entropy balancing to satisfy moment conditions until skewness. Design weights apply.
Source: ESS, round 8.

Table 10: Effect of Donald Trump’s election on alternative dependent vari-
ables.
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Figure 3: Data distribution by country. The green line represents the date of
the US Presidential election (November 8, 2016).

33



(a) Trump. (b) Racism.

Figure 4: Google trends on “Trump” and “racism” one months before and after the
election. Black line: U.S, grey line: our sample. Units in the y−axis use information on
search traffic on Google browser to compute means relative to an arbitrary initial value
with respect to which each data point is scaled. For our sample, we first collect data
for each country and then average them out. For “racism”, we also collect the country
translation (e.g. for Germany, we separately collected “racism” and “rassismus”, and
average them out).

Racial bias (0-1)
AT BE CH CZ DE EE FI

Treatment .020** .023** .023*** .021** .023*** .027*** .028***

SE (.008) (.008) (.008) (.010) (.009) (.009) (.007)

Treatment × Country .021*** .005 -.004 .008 .002 -.033*** -.054***

SE (.008) (.009) (.008) (.011) (.009) (.008) (.007)

UK IL NL NO SE SI

Treatment .023*** .020*** .023*** .020*** .024*** .024***

SE (.008) (.008) (.009) (.008) (.008) (.008)

Treatment × Country -.002 .036*** .027*** .094*** -.046*** -.006***

SE (.008) (.009) (.009) (.008) (.007) (.008)
∗: significant at .1, ∗∗: significant at .05, ∗∗∗: significant at .01. Coefficients: average marginal effects following a logit estimation. Errors

clustered at the country level. Entropy balancing to satisfy moment conditions until skewness. Design weights apply. Source: ESS, round 8.

Table 11: Effect of Donald Trump’s election on self-reported racial bias, inter-
acting with each country.
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