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Abstract

We study the effect of social media on xenophobic attitudes in Russia. We build a model where
individuals have social image concerns, in which social media increases the likelihood of meeting
like-minded people, both locally and in other cities, and where online interactions can be persua-
sive. We show that social media increases the share of individuals holding extreme opinions while
simultaneously increasing the share of people hiding these opinions. Empirically, we confirm these
predictions combining survey data, a newly-collected survey experiment, data on hate crimes, and
exploiting quasi-exogenous variation in city-level social media penetration in Russia. We find that
higher city-level social media exposure: 1) increased the share of individuals holding xenopho-
bic attitudes (consistent with a persuasion mechanism)j; ii) reduced people’s willingness to openly
express xenophobia (consistent with a social image mechanism); iii) led to more hate crimes in
cities with higher pre-existing levels of nationalism (consistent with a mechanism of connecting
like-minded people locally, thus facilitating the coordination of collective actions).
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1 Introduction

Social media helps people find like-minded individuals: they become part of communities.' In-
deed, already in 2010, Google was indexing 620 million groups on Facebook.? In 2019, there were
more than 400 million people in groups that they found “meaningful.”? Individuals find communi-
ties based on their interests, no matter how fringe and unusual these are. Social media communities
can be a positive force: they might facilitate market transactions and the coordination of leisure ac-
tivities, for example. However, the power of social media to help find like-minded people can also
have negative consequences. As early as in 2001, Sunstein (2001) argued that these like-minded
discussions online could become a “breeding ground for extremism” (p. 71). Consider individu-
als holding an extreme opinion, such as hate toward foreigners. For such individuals, it might be
particularly difficult to find like-minded people in the real world — indeed most xenophobes would
probably not openly advertise their positions — so social media would be particularly helpful in
connecting people sharing these view. Much like social capital (Satyanath, Voigtlaender and Voth,
2017), social media communities could therefore have a “dark side.”

In this paper, we first build a model in which social media helps individuals find other people
with similar opinions, both locally and in other cities, and where online exposure to individuals
with a certain opinion can be persuasive. We show that exposure of individuals in a city to so-
cial media increases the share of individuals with extreme positions, such as xenophobia. This
increased prevalence of extremists can itself increase hate crimes, but this is especially true in
cities with a high pre-existing level of xenophobia (because the social media’s ability to connect

like-minded people falls on a fertile ground) and for crimes with multiple perpetrators (because

'The broad social sciences literature has long suggested that the internet can make it easier to meet like-minded
people (Van Alstyne and Brynjolfsson (2005), Putnam (2000), Sunstein (2001, 2017)), and that social media reinforces
this effect (see Barbera (2020) for a recent overview).

2See Google Now Indexes 620 Million Facebook Groups.

3See Mark Zuckerberg shifted Facebook’s focus to groups after the 2016 election, and it’s changed how people use
the site.


https://www.adweek.com/performance-marketing/google-now-indexes-620-million-facebook-groups/
https://www.cnbc.com/2020/02/16/zuckerbergs-focus-on-facebook-groups-increases-facebook-engagement.html
https://www.cnbc.com/2020/02/16/zuckerbergs-focus-on-facebook-groups-increases-facebook-engagement.html

coordination is particularly important for such crimes, albeit online social groups could provide
valuable information or nudging even for crimes committed by single individuals). At the same
time, perhaps counterintuitively, the increase in the share of extremists does not necessarily in-
crease the share of people who openly agree with these extreme opinions; to the contrary, the share
of people who hide these extreme opinions is likely to increase. The reason for this is that so-
cial media increases the share of extreme views on both sides of the spectrum (so there are more
very tolerant people as well), thus increasing the importance of social image and stigma from ex-
pressing fringe opinions. We then apply this framework to examine the effect of social media on
xenophobia in Russia and test these theoretical predictions.

The main challenge in identifying a causal effect of social media is that access and consumption
of social media are not randomly assigned. To overcome this challenge, we follow the approach
from Enikolopov et al. (2020). This approach exploits the history of the main Russian social
media platform, VKontakte (VK). This online social network, which is analogous to Facebook
in functionality and design, was the first mover in the Russian market and secured its dominant
position with a user share of over 90 percent by 2011. VK was launched in October 2006 by
Pavel Durov, who was at the time an undergraduate student at Saint Petersburg State University
(SPbSU). Initially, users could only join the platform by invitation through a student forum of the
University, which had also been created by Durov. The vast majority of early users of VK were,
therefore, Durov’s fellow students of SPbSU. This, in turn, made friends and relatives of these
students more likely to open an account early on. Since SPbSU attracted students from across the
country, this sped up the propagation of VK in the cities these students had come from. As a result,
the idiosyncratic variation in the distribution of the home cities of Durov’s classmates had a long-
lasting effect on VK penetration. This allows us to use fluctuations in the distribution of SPbSU

students across cities as an instrument for the city-level penetration of VK.* Our approach enables

“To deal with possibility that cities with taste for social media were also more likely to send students to SPbSU,
we control for the distribution of SPbSU students in cohorts several years older and several years younger than the VK
founder.



us to have plausibly exogenous variation at the city level. This allows us to consider the effect of
social media in finding like-minded individuals both locally and in other cities (individual-level
randomization across cities would not allow for that). We thus evaluate the effect of higher VK
penetration on attitudes and hate crimes towards other ethnicities using existing survey data, a
newly collected dataset on hate attitudes from a survey experiment we designed and implemented,
and data on hate crimes, collected between 2007 and 2015 by an independent Russian NGO, SOVA.

To test our theoretical predictions, we designed and conducted an online survey experiment
in the summer of 2018, with over 4,000 respondents from 125 cities.> The survey was framed
as a study of patterns of usage of social media and the Internet, to which we added our question
of interest, related to ethnic hostility. Given the possibility that a stigma associated with directly
reporting xenophobic views in a survey can prevent our respondents from truthfully reporting their
attitudes, we use the list experiment technique.® Specifically, respondents were asked about their
agreement with a statement (which we borrowed from existing surveys): “I feel annoyance or
dislike toward some ethnicities.”

Using the list experiment, we find a positive effect of social media penetration on elicited
ethnic hostility, i.e., the share of respondents that hold xenophobic attitudes. The magnitude of the
effect is particularly large in certain subsamples, specifically younger respondents and those with
lower levels of education. Numerically, a 10% increase in VK penetration increases the share of
respondents agreeing with the hateful statement in the list experiment by 9.5%, with this magnitude
going up to 21.3% for younger respondents and to 17.3% for those with low education.

To understand expression of xenophobia, we asked the subjects in the control group (i.e., those

randomly assigned to the list not containing the statement about xenophobia) a direct question on

SThis survey was pre-registered on the AEA RCT Registry website under entry AEARCTR-0003066.

%This is one of the main methods to elicit truthful answers to sensitive survey questions (Blair and Imai, 2012,
Glynn, 2013), and it has been shown to perform particularly well in online surveys (Coutts and Jann, 2011). The
intuition behind this technique is that the respondents are asked only to indicate the number of statements with which
they agree from a list. By adding the statement of interest to a random subgroup of respondents, one can estimate the
share of respondents agreeing with this statement without being able to identify who exactly agrees with it. We discuss
the procedure in more detail in subsection 3.5.



whether they agreed with the statement (we did it after the list experiment to avoid contamination).
This allows us to examine the effect of social media on expression of ethnic hostility without the
cover provided by the list experiment, thus using both the direct question and the list experiment
to create a measure of stigma of expressing xenophobic opinions. Consistent with our theoretical
model, we find that stigma increased in places with higher social media penetration. We obtain
similar results if we use the answers to the same direct question from a much larger, nationally
representative face-to-face survey of more than 30,000 respondents conducted in 2011 by one of
the biggest Russian survey companies, FOM (Fond Obschestvennogo Mneniya, Public Opinion
Foundation).

Lastly, we use the same instrumental variables approach to show that higher penetration of
social media had real-world consequences. Specifically, it led to more ethnic hate crimes, though
only in cities with a higher baseline level of nationalist sentiment prior to the introduction of social
media. To proxy for baseline local nationalist sentiment, we use the city-level vote share of Rodina
(“Motherland”), an explicitly nationalist and xenophobic party, in the 2003 parliamentary election,
the last one before the creation of VK. Our results suggest that a 10% increase in VK penetration
increased hate crimes by 21.7% in cities where Rodina received most votes, but had no effect in
cities where Rodina got minimal support. The stronger result on crimes with multiple perpetrators
suggests that in addition to polarization, social media may have facilitated the coordination of hate
crimes among people willing to commit them.

Our paper contributes to several lines of research. First, our paper builds on the literature on so-
cial learning (see Mobius and Rosenblat (2014) and Golub and Sadler (2016) for overviews). The
main conceptual difference is that in our model, agents interact to form, in a DeGroot (1974) fash-
ion, their political beliefs rather than learn about a common unknown state of the world.” While

the social learning literature largely focuses on convergence on beliefs, one notable exception is

"See also Bisin and Verdier (2000) and Bisin and Verdier (2001) on intergenerational transmission of culture
through interaction with parents and other senior members of the society.



Dasaratha et al. (2019), where the state of the world is constantly changing, and beliefs converge
to a non-atomistic distribution. In this paper, we make a similar assumption of preference shocks
to get a nontrivial steady-state distribution of political preferences, in perhaps the simplest possible
way.8

Second, we contribute to a growing empirical literature on the impact of social media on polit-
ical attitudes and polarization. Allcott et al. (2020), Mosquera et al. (2020), and Yanagizawa-Drott
et al. (2019) provide evidence that social media makes people’s political opinions more diverging.
Gentzkow and Shapiro (2011) finds that interactions online are less segregated as compared to
interactions offline with friends, colleagues, family members, or neighbors. At the same time, Hal-
berstam and Knight (2016) show that the segregation of communications on social media (Twitter)
is more pronounced and closer to the segregation in offline interactions. The importance of peer
interactions in formation of political beliefs is also documented in Madestam et al. (2013) and
Satyanath et al. (2017).°

Third, we contribute to the literature of social image concerns and social stigma. Earlier work
where individuals are being judged for being of certain type include Morris (2001), Bénabou and
Tirole (2006), Ali and Bénabou (2020), Ali and Lin (2013), Austen-Smith and Fryer (2005), Bursz-
tyn et al. (2019), Bursztyn et al. (2020). In all these papers, the agent’s type is binary (in Bursztyn
et al. (2019) it has two binary dimensions). Our paper introduces a tractable way of modeling
social stigma with a continuum of types (which we need to study political polarization in a mean-
ingful way), and in doing so it makes a methodological contribution. The importance of social
image concerns is documented empirically in different contests; see also DellaVigna et al. (2012)

on charitable giving, DellaVigna et al. (2017) on voting decisions, Perez-Truglia and Cruces (2017)

8In Acemoglu et al. (2013), there is no convergence of opinions on a network due to the presence of “stubborn”
agents who do not change their opinions but exercise influence in every period. Unlike shocks, the assumption of
stubborn agents would not allow us to study increasing polarization.

9Other related papers documenting the effect of outside sources on formation of political opinions include DellaV-
igna and Kaplan (2007) on the effect of Fox News, Enikolopov et al. (2011) on independent channel NTV in Russia,
Ou and Xiong (2018) on propaganda during the Cultural Revolution in China and Cantoni et al. (2017) on the effect
of school curriculum and Adena et al. (2015) on radio in Germany before and after the Nazi ascent to power.



on campaign contributions, Bursztyn and Jensen (2015) on classroom participation, Bursztyn et al.
(2018) on status goods, and Enikolopov et al. (2017) on political protests. In Bursztyn et al. (2020),
popularity of a certain opinion (xenophobia) is shown to increase the likelihood that it is expressed,
and the people who do so are judged less negatively. In contrast, this paper suggests that the effect
of polarization is subtler, and that even if radical opinions become more popular they may become
more stigmatized at the same time.

Fourth, our work is related the literature on traditional and social media promoting hate crimes
and genocides. In this line of research, most papers document an immediate effect of posts on
social media or propaganda on hateful actions. For example, Miiller and Schwarz (2018) show that
anti-refugee sentiment on Facebook predicts day-to-day changes in crimes against refugees in Ger-
many. These results, however, do not speak to longer-lasting changes in the patterns of hate crime
with the arrival of social media, and could instead reflect displacements of hate crime towards days
with more xenophobic content. Similarly, Miiller and Schwarz (2019) find that anti-Muslim hate
crimes in the United States have increased in counties with high Twitter penetration users, but only
since the start of Donald Trump’s presidential campaign; again, these findings are consistent with
Trump’s posts nudging users to commit hate crimes rather than fundamentally changing their views
of the world. Other studies that document the effect of political speech or propaganda on violence
include Yanagizawa-Drott (2014) on Rwandan genocide (speeches by key government officials ,
including Prime Minister Jean Kambanda, were an intergral part of RTLM radio propaganda in
Rwanda) and DellaVigna et al. (2014) on the war in the former Yugoslavia. Unlike our paper, none

of these papers documents long-term effects of proliferation of social media.!”

10A growing literature shows that social media facilitates collective action. Enikolopov et al. (2020), using an iden-
tification approach similar to ours, show that higher social media penetration increased the probability of political
protests in Russia in 2011. Focusing on the effects of the internet, Manacorda and Tesei (2020) show that 2G penetra-
tion in Africa led to stronger cell-level protest participation, through both persuasion and coordination, and Campante
et al. (2018) examine the impact of broadband internet on different forms of political participation in Italy.'! In con-
trast to these studies, our paper looks at the impact on social media on hate crime, and adds a survey experiment to
further investigate underlying mechanisms. We also contribute to the broader literature on the impact of social media
on political economy outcomes.!> Bond et al. (2012) show that political mobilization messages in Facebook increased
turnout in the U.S. elections. Qin et al. (2017) find that publications in the Chinese microblogging platform Sina Weibo



Fifth, our paper contributes to a growing literature studying the recent rise in populism and
nationalist attitudes by presenting evidence of the role of social media. Bursztyn et al. (2020)
and Enke (2019) study the 2016 U.S. election. Algan et al. (2017) show that the Great Recession
triggered a trust crisis and led to higher voting shares of non-mainstream, particularly populist
parties. Guriev et al. (2019) show that 3G penetration around the globe promoted populist voting
and reduced government support. Cantoni et al. (2019b) find evidence of deep historic roots that
contributed to success of AfD.

The rest of this paper proceeds as follows. In Section 2, we present our theory framework and
derive predictions. We discuss our identification strategy, data sources, the survey, and present our
empirical results in Section 3. In Section 4, we discuss the connection of our framework and our

findings to the results in the existing literature. Section 5 concludes.

2 Theoretical Framework

We now present a simple model of opinion formation through social interactions and use it to

study the effect of penetration of social networks.

2.1 Social networks and distribution of preferences

There is a finite number N of cities and there is a unit continuum of citizens living in each city
(the assumption of similar size of cities is adopted for expositional purposes and is not consequen-
tial). Time is discrete and infinite and is denoted by r = 0,1,2,.... Each citizen has a political

position over some dimension of interest such as xenophobia. This political position may be in-

predict future protests, strikes, conflicts, while Qin et al. (2019) show that the spread of information over online social
networks leads to the spread of offline protests and strikes in China. Enikolopov et al. (2018) show that anti-corruption
blog posts by a popular Russian civic activist had a negative impact on market returns of targeted companies and led to
a subsequent improvement in corporate governance. Hatte et al. (2020) and Sen and Yildirim (2016) show that social
media affected reporting strategies of traditional media. Note that our contribution to this literature is not about de-
veloping a new identification strategy for the effects of social media; it is instead about understanding the longer-term
effects of social media on an important set of outcomes, and getting at the mechanisms behind these effects.



terpreted as ideological or taste-based (e.g., whether the individual likes or hates immigrants) or
an opinion about a particular policy (e.g., the number of immigrants to be allowed, or the minimal
requirements such as education and lack of criminal history that they must satisfy). Importantly,
an individual’s position can change over time as a result of interactions with other people and due
to random shocks. We denote the position of individual i at time 7 by x}. The position at time
0, x¥, is taken from distribution Fno(l.), where n (i) € {1,...,N} denotes the city where individual
i lives; these distribution may be different for different cities and they are assumed to have finite
first (denoted by u? = Ei:n(i):nx?) and second moments, and we assume for simplicity that there is
a continuum of individuals at each political position.

The positions x at time 7 > 1 are determined endogenously. Specifically, we assume that in
each period ¢ each individual i interacts with other members of the society and his position evolves
as a result of these interactions in the following way. With weight ®, the new position x} incorpo-
rates i’s prior political position xf_l; we think of political positions to be relatively stable and for
some comparative statics results will assume that @ is sufficiently close to 1. With complementary
weight 1 — o it incorporates the weighted average of prior political positions of other individu-

als i interacts with, which we denote by yﬁ_'

, with weights described below. Lastly, i’s political
position is subject to a random shock €/, which has normal distribution .4 (0, Gg); these shocks
are independent across individuals and time.!> We thus have the following evolution of opinion of
individual i:

A= T+ (1-w)y " +¢. (1)

1

The people that individual 7 interacts with are not completely random. Some interactions are

offline (in-person) and some are online (using social media); we allow the share of interactions on

3The shocks are best thought of as idiosyncratic, but it is easy to amend the model so that these shocks capture
influence by sources that maintain distribution over time. For example, these might come from general human knowl-
edge (say, books that individual i might read in period ¢) or influence by a certain group of individuals (influencers,
celebrities, politicians) who have fixed positions that do not evolve over time. Technically, shocks ensure that positions
of individuals do not converge to a point, which enables us to study distribution of opinions and polarization.



social media to be city-dependent and denote this share in city n by 7,. We assume that almost all
(i.e., with probability 1) in-person interactions happen within the city where the person lives, and
the political positions of these people are drawn randomly from the F ; (;)l ; in other words, we effec-
tively assume that the offline social network is uncorrelated with one’s own political preferences.
In contrast, social media interactions exhibit homophily, a tendency to interact with like-minded
people.'* In fact, it is natural to think of one’s contacts in an online social network to include
in-person contacts, perhaps friends-of-friends (who are also likely to live in the same city), but
also people or even groups of people with the same interests that they could, in principle, find
throughout the country. We capture this by assuming person i spends share /4 of their time on so-
cial networks interacting with people with exactly the same political position xi-’l, and that these
people are chosen randomly from the entire country.!> The rest of their online time, share 1 — &,

citizen i spends with people drawn randomly from the same city n (i). By the law of large numbers,

the weighted political positions of all the people citizen i has interacted with sum up to

= b 0w+ 1

= Tn(i)hxi_l + (1 — Tn(i)h> .LL:!E)] .
Thus, in the model, higher social media penetration (a higher 7,,) increases frequency of interaction
of those living in city n with like-minded individuals and their weight in the updating process, at

the expense of smaller exposure to random opinions in the society.

Lemma 1. The distributions of political positions in each cityn € {1,...,N}, FnO,Fnl,Fnz, ..., con-

verge in distribution to N (U, 62) as t — oo, where pl, = ud = [*2°xdF? (x) is the mean of the

4In-person interactions may also show homophily, but it is particularly pronounced in social media. Our results
go through as long as social media interactions show stronger homophily, and we assume no homophily in in-person
interactions to simplify on notation.

I5For the purposes of modeling opinion formation, it is not important whether the like-minded people an individual
meets online are from the same city or not. However, we find it natural to assume that such groups of interests span
multiple cities, with higher representation of individuals from cities where this political opinion is overrepresented.
This will be important later when modeling coordination in hate crimes.

9



initial distribution and G? is given by

C, = , 3)

which is increasing in 682, o, T,, and h.

In other words, this model of opinion formation with shocks predicts convergence of the dis-
tribution of political positions in every city to a normal one, with mean given by the mean of
the original distribution, whereas the other information about the original distribution is lost over
time. The variance of the limit distribution is nontrivial because of persistent shocks to prefer-
ences, which prevents full convergence. The more individuals are influenced by people with other
opinions, the faster these preference shocks dissipate, and the smaller the variance of the limit
distribution. Conversely, interactions with like-minded people (higher 7,4), as in “echo chambers,”
slow down the convergence process and result in a limit distribution with a higher variance. A
higher penetration of social media, therefore, results in a higher polarization of views in a city,

while preserving its mean.

2.2 Extreme political opinions

We now consider the effect of social network penetration in city n, 7,, on support of extreme
opinions. Without loss of generality we focus on right-wing political positions. Take any cutoff g;
since in the limit the distribution of individuals’ types is normal and given by Lemma 1, the share

of individuals in city n with political opinions x; > ¢ is given by

. 1 tee (x— .un)z
Rl’l = P i = = _— .
(q) r(x; >q|n(i)=n) o, /q exp 202 dx

We have the following result.

10



Proposition 1. Suppose that g > p. Then R, (q) is higher for higher T,. Conversely, if ¢ < UL, then

Ry, (q) lower for higher T,.

This result follows from single-peakedness of normal distribution. For g > u, the individuals
with x; > g are a minority, and an increase in 7, leads to an increase in variance o, which results in
an increase in popularity of this minority opinion. The effect is the opposite for ¢ < u, where the
opinions to the right of g include the median opinion (so effectively a majority); then an increase in
social media penetration increases the popularity of the minority (in this case, left-wing opinion)
as well. Thus, social media, and the resulting polarization, enhance support for fringe political
opinions.

Naturally, social media can have a stronger effect in the case if people are in principle open to
other viewpoints. For example, it is straightforward to see from (3) that the effect of 1, is stronger
if @ smaller (i.e., ;;—3’2 < 0). One can therefore expect the effect of 7, on R, (¢) is decreasing in

o as well. While R, (¢) is a non-linear transformation of ¢, we prove the following result.

2
Proposition 2. For any q € (U, Uy + 0;,) there is @ = @ € (0, 1) such that for ® > @, % <O0.

In the statement of this proposition, ¢ € (W,, U, + 0,) means that individuals with opinions
Xx; > ¢ are in a minority, but the minority is not extreme and the cutoff ¢ is within a standard
deviation from the median. In practice, this means an opinion that is held between F (—1) ~ 16%
and 50% of citizens, which is true about the number of people who dislike other nationalities in
our setting. For such cases, Proposition 2 states that the positive effect of social media on the
number of people supporting a fringe opinion is getting weaker as @ increases further. This would
be the case, for example for people who are well-read and experienced and for whom their prior
opinion carries a lot of weight. In contrast, people with more malleable opinions, say younger or
low educated, will experience a stronger effect of social media. We confirm these predictions in

our experiment.

11



2.3 Stated support for extreme positions and stigma

To understand the discrepancy between individuals’ political positions and their expression,
and in our case the difference between true and reported xenophobia, consider an individual i
in city n with position x; who is asked, before an audience and therefore under social pressure,
whether x; exceeds ¢, where g is some cutoff. Denote the affirmative answer by d; =Y and the
negative answer by d; = N. The individual gets disutility from expressing preferences that are far
from his own, or to put it another way, there is a cost of lying. Specifically, if x; > ¢ and he chooses
d; = N, he gets disutility & (x; — q), where h(+) is an increasing continuous function with /4 (0) = 0;
in other words, we assume that egregious lies are more costly than little lies. Similarly, if x; < g
and he chooses d; =Y, he gets disutility 4 (g —x;). In both cases, telling the truth does not yield
direct utility or disutility.

The individual also cares about social approval. We assume that i’s response to the question
whether his x; exceeds g is observed by a random other individual in the same city (assuming that
it is observed by several or even all individuals leads to a very similar model with similar results).
This other individual j will form a posterior belief about the individual i’s type. We assume that
individual with political position x; dislikes individual with position x; according to a function

g (x i —xi); to simplify expressions we will focus on the case where g (x) = yx°

; naturally, we
would expect ¥ to be higher for more sensitive topics or with a larger audience.'® Thus, individual

i chooses answer d; to maximize his utility U; that consists of (negative) direct cost C; and social

160ur functional form implies, in particular, that social (dis)approval of individuals with known types is symmetric:
individual i likes or dislikes individual j as much as j likes or dislikes i. We adopt it for simplicity of exposition; in
the real world, it is possible that xenophobic people dislike tolerant ones but not the other way around, or alternatively
that tolerant people dislike xenophobes, but xenophobes are indifferent about tolerant people as long as they are not
migrants. Genicot (2019) shows that such asymmetry would have important implications for formation of social
networks.

12



cost S;:

= I gra=nh(xi—q) — Ly cgra—yih (g —xi)
” , _ . 1 (y - “n)z
_/_wEl(g<x y) ’d(x)_dl) \/EGCXP< 2(7,% dy

The latter term S; (d;) captures the expectation of g (x; —y) by an observer with position y who

knows that individual i chose action d;, and then the expectation is taken over the possible realiza-
tion of observer’s types.

In general, the game admits multiple equilibria because of strategic complementarity of ad-
herence to social norms; however, if individuals are sufficiently averse to lying the equilibrium is
unique. In what follows, we will assume for simplicity that the % (-) is differentiable and such that
the equilibrium is unique.!” Nevertheless, even with multiple equilibria, the comparative statics
result would remain true for equilibria with the largest and smallest shares of individuals giving a
particular answer (Milgrom and Shannon, 1994), or for the equilibrium with the highest share of

individuals answering truthfully.

Proposition 3. The equilibrium is characterized by a cutoff z, such that individuals with x; > z
choose d; =Y while individuals with x; < z choose d; = N. Moreover, if ¢ > UW,, then 7 > q, and if
q < Uy, then 7z < q.

Suppose now that q > W,. The cutoff z is decreasing in W, and is increasing in ¢, and q. The
equilibrium share of individuals choosing d; =Y is increasing in U, and decreasing in q; the effect

of an increase in G, is ambiguous.

The first part of Proposition 3 highlights the effect of social stigma: fewer people would admit

holding a minority belief than the number of people actually holding it, because some types would

7For uniqueness of equilibrium, it is sufficient to require that / (-) is steeper than some linear function for small x
and than some quadratic function for large x.

13



cave in to social pressure and misstate their preferences. Since social stigma is the same for any
personal belief, and the relative direct benefit of answering Y rather than N is increasing in one’s
type, the equilibrium takes the form of a cutoff. A higher ¢ (a more extreme question) or a lower
W, (more tolerant population) makes fewer people willing to agree that their x; exceeds g.

The impact of an increased polarization o, comes from two effects. On the one hand, it in-
creases the number of people agreeing with a minority opinion. However, a higher polarization
effectively increases social image concerns by giving more weight to people with extreme opin-
ions on both sides, and the difference between benefits from adhering to “normal” and “extreme”
opinions is therefore also increasing. These opposite effects lead to an ambiguous prediction about
the share of people admitting that x; > g. Nevertheless, the effect of polarization on social stigma,
understood as the difference between the share of people with x; > ¢g and the share of people ad-
mitting it by choosing d; =Y, is positive, at least for some particular cost of lying. More precisely,

we have the following result.

Proposition 4. Suppose that the cost of lying h(-) is linear on (0,z— q). Then the share of indi-
viduals who hold belief x; > q but do not admit it publicly is increasing in o, and, provided that

q < W, + Oy, decreasing in L.

The takeaway from this proposition is that social media, by increasing polarization, may have
an ambiguous effect on stated support of an extreme position, but the difference between true
and stated support is going to increase. Effectively, social media makes more people willing to
hide their extreme opinion, despite the fact that there are more people holding it. The last part
of Proposition 4 contrasts the effect of an increase in polarization with the effect of a shift of the
distribution to the right. In that latter case, the extreme right position would enjoy more support
from each and every individual in the city, and social pressure to hide this position would decrease,
leading to fewer people hiding it. Our empirical results on the positive effect of VK penetration

on the share of people who are not open about their extreme positions are therefore indicative of

14



social media leading to polarization rather than to a shift in societal preferences.

2.4 Political preferences and hate crimes

Consider a simple model of hate crimes. For a person of type x;, committing a crime provides
benefit b = b(x;), where b is a strictly increasing function (naturally, for most people this would
be a negative value). The expected cost of committing a crime is due to the probability of getting
arrested or hurt, and is denoted ¢ if the individual commits a crime alone and ¢; if he does so with
a partner. It is natural to think that ¢, < ¢, as there may be strength in numbers, someone can be
a lookout, etc. Not everyone who is willing to commit a crime will necessarily do so every period;
we assume that such opportunity arises with probability x; for crimes with a single perpetrator. For
crimes with multiple perpetrators, we assume that each individual meets another person according
to the same process as in opinion formation, and if both individuals are willing to commit a crime
together, they do so with probability x;. Consequently, the amount of single-perpetrator crimes

committed in city 7 is

= 1 (x— t)°
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Indeed, for an individual to commit a crime with a partner, it must be either because he meets
a random individual (in person or online) and both happen to have positions above b~ ! (c;), or
because he meets a like-minded person online, and that person is from the same city. We have the

following result.

Proposition 5. Suppose that b= (min{cy,c2}) > W, +20, for all n. Then for both types of crimes,
the number of that crime in city n is increasing in social media penetration T,, in cities with a higher
initial level of xenophobia U,, and these effects are mutually reinforcing: the effect of social media

penetration is stronger if the initial level of xenophobia W, is higher.

Here, the first condition asserts that both types of crimes are committed by people at least two
standard deviations above the median in every city (this roughly corresponds to 2% most extreme
xenophobes, though this could be relaxed). The proposition states that not only social media leads
to more hate crimes, but that initial xenophobia makes this effect stronger. For single-perpetrator
hate crimes, the intuition is that polarization is not likely to have a major effect if there were too
few people with radical opinions; in other words, radical ideas proliferate better if there is a more
sizeable original seeding. For multiple-perpetratod hate crimes, this intuition applies as well, but
there is an additional effect of coordination: social media helps finding like-minded people, and
for a person living in a city with a lot of extremists, more people he meets online will be from the
same city, and thus opportunities to commit hate crimes will arise more frequently. In other words,
our theory predicts that the positive interaction effect of social media and initial xenophobia is
due to persuasion effect for single-perpetrator crimes, and due to both persuasion and coordination

effects for crimes with multiple perpetrators.
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3 Empirical Results

The theoretical model above generates several testable predictions. First, we expect the share of
people who hold relatively extreme opinions, e.g. xenophobes, to increase following an increase
in social media penetration. Second, we expect that the stigma of publicly expressing extreme
attitudes, e.g. xenophobic ones, will also go up. Finally, we expect that there is a positive effect of
initial xenophobia on hate crimes, which is amplified by social media penetration.

In what follows, we test these predictions using the data from Russian cities. More than 180
ethnic groups live in Russia, and a sizeable share of people hold xenophobic views. For example,
the openly xenophobic political party Rodina got 9.2% of the national vote back in 2003. The
baseline share of people openly admitting having xenophobic views was 33% in 2011, according
to the FOM survey.

We first conduct a survey experiment to see whether social media indeed had an a positive
impact on the share of people holding xenophobic attitudes. We conducted a survey in 124 Russian
cities, and we elicited the levels of xenophobia in those cities using list experiments. We then
relate this measure of ethnic hostility to social media penetration, using the peculiarities of initial
penetration of social media in Russia for identification. Finally, we use the sample of 624 cities (all
Russian cities with over 20,000 inhabitants) to test the predictions of the model about hate crimes.

Figures 1 and 2 show on the map the cities that we included in the survey. They also present
information about the the number of hate crimes in general and ethnic hate crimes in particular in

the 2007-2015 period across Russian cities on the map.

3.1 Identification Strategy

Our empirical strategy for identification of the causal effect of social media penetration fol-

lows the approach in Enikolopov et al. (2020). In particular, we look at the penetration of the
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most popular social network in Russia, VKontakte (VK), which had substantially more users than
Facebook throughout the whole period we analyze. For example, in 2011, the midpoint of our
hate crime data, VK had 55 million users in Russia, while Facebook had 6 million users. VK was
created in the fall of 2006 by Pavel Durov who at the time was a student at the Saint Petersburg
State University (SPbSU). The first users of the network were largely students who studied with
Durov at SPbSU. This made their friends and relatives at home more likely to open an account,
which let to a faster spread of VK in these cities. Network externalities magnified these effects
and, as a result, the distribution of the home cities of Durov’s classmates had a long-lasting effect
on VK penetration. In particular, the distribution of home cities of the students who studied at
SPbSU at the same time as Durov predicts the penetration of VK across cities. This prediction is
robust to controlling for the distribution of the home cities of the students who studied at SPbSU
several years earlier or later. This effect persists throughout the period between 2007 and 2016
which we analyze, although the magnitude of the effect decreases over time. Thus, the effect of
social media penetration is identified using cross-sectional variation in the number of VK users
across Russian cities, and is driven by the number of students from different cities who happened
to study at SPbSU at the time the network was created. We use information on the city of origin
of the students who studied at SPbSU. Specifically, we calculate the number of students coming
from each city in five-year cohorts. We focus on three cohorts in our analysis: 1) those who were
born the same year as the VK founder (1984) or within two years of it; ii) those who were born
from three to seven years earlier than the VK founder; iii) those who were born from three to

seven years later than the VK founder.!® The results of the first stage regression are reported in

18Unfortunately, we do not have administrative data on students. Instead, following Enikolopov et al. (2020),
we collect this data based on the information provided in public accounts of the users of another social network,
Odnoklassniki (Classmates), which was founded to help connect former classmates with each other. Note that more
than 80% of Russian Internet users had an account in Odnoklassniki back in 2014, at the time these data were collected,
and this share is likely to be even larger for recent students, who studied around the time Pavel Durov studied at the
SPbSU. To deal with potential bias from our data collection, we control for Odnoklassniki penetration throughout the
paper. Section 6.3.4. in Enikolopov et al. (2020) investigates potential biases associated with this method of data
collection further and shows that (1) Odnoklassniki penetration was not correlated with early VK penetration, and (2)
Odnoklassniki penetration was not correlated with SPbSU student cohorts.
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Table 1, column (1), and are also illustrated in Figure 3.!° The number of students in Durov’s
cohort is positively and significantly (at 1% level) related to subsequent VK penetration, while the
number of students in older or younger cohorts do not significantly predict VK spread. We also
show that even though VK penetration is correlated with nationalistic party support, future VK
penetration does not predict past nationalist party support, neither in the reduced form nor in the
IV specifications in columns (2)-(3) of Table 1.

In the results based on survey data we do not have observations on the dependent variables
for all the cities, so we use a two-sample instrumental-variables approach (Angrist and Krueger,
1992, Currie and Yelowitz, 2000,0livetti and Paserman, 2015), in which we predict social media
penetration from the full sample of 625 cities and use the predicted values in the second stage.

The F-statistic in the IV specifications in columns (1) of Table 1 is almost 18, which is higher
than traditional Stock and Yogo (2005) thresholds. However, these thresholds are valid only for
homoscedastic errors, and cannot be applied to a model with robust or clustered standard errors.
If we use a more appropriate methodology developed by Montiel Olea and Pflueger (2013) the
effective F-statistic in this specification is 16, which is lower than the threshold of 23 for 10%
potential bias and a 5% significance. Since concerns about potential weak instruments cannot
be fully dispelled, we follow the recommendation in Andrews et al. (2019) and also report the
weak-instrument robust confidence intervals for each main coefficient of interest. In particular, for
the results that use two-sample instrumental-variables approach we report weak instrument robust
confidence sets developed by Choi et al. (2018) for this setting, and for the results that use standard
instrumental-variables approach we report weak instrument robust confidence sets developed by

Chaudhuri and Zivot (2011) and Andrews (2017), and implemented in Stata by Sun (2018).

19We use the same set of controls as in Enikolopov et al. (2020) plus control for the nationalistic party (Rodina)
vote share in 2003, to account for pre-existing nationalism.
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3.2 City-Level Data

The data on social media penetration comes from the authors’ data collection. The sample
consists of 625 Russian cities with a population over 20,000 according to the 2010 Census.?? To
measure social media penetration, we use information on the number of users of the most popular
social media service in Russia, VK. In particular, we calculate the number of VK users who report
a particular city as their city of residence in 2011, the midpoint for our hate crime data. We
summarize the evolution of VK penetration over time in Figure B4.

City-level data on population, age, education, and ethnic composition come from the Russian
Censuses of 2002 and 2010. Data on average wages come from the municipal statistics of RosStat,
the Russian Statistical Agency. Additional city characteristics, such as latitude, longitude, year
of city foundation, and the location of the administrative center, come from the Great Russian

Encyclopedia.?!

3.3 Survey Experiment

To elicit xenophobic attitudes we conducted an online survey in 2018. The survey was admin-
istered in 124 cities chosen by the survey firm to create a representative sample of Russian urban
Internet users and included a list experiment as part of it. This design (also called the “unmatched
count” and the “item count technique”) was originally formalized by Raghavarao and Federer,
1979 and further developed in recent works by Blair and Imai, 2012 and Glynn, 2013, among oth-
ers. It is a standard technique for eliciting truthful answers to sensitive survey questions. The list

experiment works as follows. First, respondents are randomly assigned to either a control group

20The exceptions are Moscow and St. Petersburg, which are excluded from the sample as outliers. Both Moscow
and St. Petersburg have high levels of hate crime and high penetration of social media, thus their exclusion only leads
to more conservative estimates. Besides, given that the majority of students in St. Petersburg State University were
from St. Petersburg and Moscow, their year-to-year fluctuations exhibit less variation as compared to other cities, thus
including them does not help our identification strategy.

2IThe electronic version of the Encyclopedia can be found at https://bigenc.ru/
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or a treatment group. Subjects in both groups are then asked to indicate the number of statements
they agree with. In this way, the subjects never reveal their agreement with any particular statement
(unless the subject agrees with all or none, which is something the experimental design should try
to avoid), only the total number of statements. In the control condition, the list contains a set of
statements or positions that are not stigmatized. In the treatment condition, the list includes all
the statements from control list, but also adds the statement of interest, which is potentially stig-
matized (and in both cases, the positions of statements are randomly rotated). The support for the
stigmatized opinion can then be inferred by comparing the average number of statements the sub-
jects agree with in the treatment and control conditions. For recent applications of list experiments
in economics, see Cantoni et al. (2019a) and Enikolopov et al. (2017).

In our case, the survey participants were asked the following question: “Consider, please,
whether you agree with the following statements. Without specifying exactly which ones you agree
with, indicate just the number of statements that you can agree with.” The respondents in the
control group were given four statements unrelated to the issues of ethnicity.??> The respondents in
the treatment group were given the additional fifth statement: “I feel annoyance or dislike toward
some ethnicities.” Here, we took the exact wording used by one of the leading opinion polling
firms in Russia in their regular large-scale surveys, which has the additional advantage of making
our results comparable with the results of the opinion polls by this firm (see subsection A for
more detail). Respondents in the control group, after answering the question on the number of
statements they agreed with (which did not include the statement on ethnicities), were then asked

a direct question about annoyance or dislike toward some ethnicities.

22The exact statements were the following: i) Over the week I usually read at least one newspaper or magazine;
ii) I want to see Russia as a country with a high standard of living; iii) I know the name of the Chairman of the
Constitutional Court of the Russian Federation; iv) Our country has a fairly high level of retirement benefits.
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3.4 Survey Data

The data on attitudes towards other ethnicities come from a survey of over 4,000 individuals
that we conducted in the summer of 2018 in 124 Russian cities. The survey was administered by a
professional marketing firm, Tiburon Research, with a representative panel of urban Internet users
in Russia. The survey was not designed to create a representative sample of the cities, and, to be
able to conduct list experiment within each city, we tried to maximize the number of respondents
per city. The resulting median number of respondents per city is 39.2> The sample consists of 4,447
respondents, of which 2,221 were allocated to the control group and 2,226 to the treatment group.>*

We also use data from the MegaFOM opinion poll conducted by FOM (Fond Obschestvennogo
Mneniya, Public Opinion Foundation) in February 2011. This is a regionally representative survey
of 54,388 respondents in 79 regions of Russia, of which 29,780 respondents come from 519 cities
in our sample. In particular, we use information on answers to exactly the same direct question

about hostility to different ethnicities that we asked in our survey in 2018.

230n average, the cities in our survey sample were larger than the average city in the hate crime sample. It was
done so as we aimed to have a sufficient number of respondents in the treatment and control groups, to be able to
do within-city comparisons. It is possible that for the smaller cities the effect of social media could be more modest,
yet more than half of Russian population lives in the cities with population above 100,000, and these are also the
cities with the highest social media penetration, thus we believe our estimates remain relevant from both academic and
policy standpoints.

2*More specifically, we collected the data in two batches, the pilot and the main experiment. As part of the pilot,
we surveyed 1,007 individuals from 20 cities. Individuals from this batch were randomized into three groups, with
one containing a statement about ethnic minorities as part of the list experiment, another containing a statement
about LGBTQ individuals, as well as a control group. As we found no reliable data on hate crimes against LGBTQ
individuals, we dropped the second group of 336, leaving us with 671 individuals from the pilot. As part of the main
experiment, we surveyed 4,034 individuals from 111 cities. In this batch, the cities were randomly chosen by the firm
we were working with, and since we had the data on VK penetration for only 105 of these cities, we had to drop 246
observations from six cities. Additional 12 surveys were incomplete, which left us with 3,776 observations from the
main part. In most analyses, we pool the two batches together, but our results are robust to looking at the second
batch only. The survey was approved by the University of Chicago Institutional Review Board (IRB18-0858) and was
pre-registered in the AEA RCT Registry (AEARCTR-0003066).
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3.5 Elicited hostility: Empirical Results

Given the randomization, comparing the mean number of positive answers between treatment
and control groups provides a valid estimate of the percentage of respondents who agree with
the sensitive statement about having xenophobic attitudes (Imai, 2011). However, our goal is to
estimate the impact of an independent variable (social media penetration) on the answer to this
sensitive question. Following Imai (2011) and Blair and Imai (2012), we use the regression model
with interactions to estimate how answers to the list experiment question depend on other param-
eters, in our case, characteristics of the respondent’s city. Formally, we estimate the following

model:

Y vii— Y vij=Bo+BiVK;+BaX;+nj. “4)
T;;=1 T;;=0

Here y;; is the number of statements in the list experiment that respondent i in city j agrees
with, given the treatment status 7;; € {0,1}. Then VKj is social media penetration in city i
while X; is the list of city-level controls. Proposition 1 predicts that the coefficient f; is positive.
The OLS relationship of this equation is likely to be biased, as social media penetration could
be correlated with unobserved determinants of ethnic hostility. As discussed above, we instrument
social media penetration in city j with the number of students from city j who studied at the SPbSU
together with the founder of VK, controlling for older and younger cohorts of SPbSU students
from the same city and a number of socioeconomic controls. To cope with a weak instrument
problem for the reduced sample of 124 cities, we use two-sample IV in the estimation, predicting
VK penetration from the full sample of cities and using the predicted values at the second stage,
following Choi et al. (2018).

In what follows, we also look at the subsamples, paying special attention to the groups more

ZFollowing Enikolopov et al. (2020), we measure VK penetration as Log(1+#VK users). We use the data on VK
penetration in 2011 for two reasons: first, people having larger VK community in 2011, are likely to be experienced
social media users by 2018, and, second, the first stage is stronger for earlier years.
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likely to be impressionable, i.e. young respondents (below the median age in the sample, which is
32), and respondents with lower levels of education (below college-level education in our sample).
Proposition 2 predicts that the effect of social media on extreme opinions could be stronger for
those groups.

Table 2 reports the results of estimation of equation (4). 95% weak instrument robust confi-
dence intervals are reported underneath the main coefficients. Column (1) implies that, consistent
with the theoretical prediction, social media penetration leads to higher levels of ethnic hostility,
with a 10% increase in social media penetration increasing the share of people agreeing with xeno-
phobic statement by 9.5 percentage points, with the 95% weak instrument robust confidence set
lying entirely above zero. Moreover, one can see that, indeed, the magnitude of this effect is larger
for those with lower education (17.3 p.p.) as compared with those with higher education (6.9 p.p.),
and for younger (21.3 p.p.) as compared with older (4.3 p.p., not statistically significant at conven-
tional levels).?® This heterogeneity lends support to the prediction from Proposition 2. Overall, the
results in Table 2 suggest that social media indeed increased the share of those holding xenophobic
opinions, consistent with the predictions of a social learning model presented above.

Note that the share of respondents who agreed with the xenophobic statement in the list ex-
periment (i.e., the difference between the average number of statements with which respondents
in treatment and control group agreed) was approximately 38 percent, while the percentage of re-
spondents who admitted being xenophobic in the direct question was 33 percent. Thus, not every
person agreeing with a xenophobic question in the list experiment was ready to openly admit it
in answering a direct question. To test Proposition 4 of the theoretical model, and to follow our

pre-analysis plan, we also report the results of the estimation of the following model:

26Note that the number of cities in different columns varies; it is 116 for older subsample, 111 for those with lower
education, 121 for younger people, and 124 for those with lower education. That happens because for some cities we
do not happen to have respondents in both treatment groups in all categories.
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Z Vij — Z yij — Sel fReportedHostilityj = B3 + s VK + Bs X + €;. 3)
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Here the dependent variable is the difference between elicited hostility and self-reported hostil-
ity at the city level (to compute Sel fReportedHostility; at the city level, we average the responses
of those from the control group who were asked the direct question about xenophobia later on).
Note that Proposition 4 suggests that the coefficient 4 should be positive.

Table 3, Panel A presents the results of this estimation. The magnitudes suggest that 10%
increase in social media penetration on average increases percentage of people unwilling to admit
xenophobia by 11.6%. Similar to Table 2, these results are stronger for those who are younger and
those with lower level of education, with 10% increase in VK penetration corresponding to 20.0%
and 23.8% increase in stigma, correspondingly.

Note that to compute Stigma in Panel A, we used the survey conducted online. In panel B,
we estimate the results in which we use self-reported xenophobia coming from the face-to-face
2011 FOM survey. The coefficients remain positive and significant for most categories, though the
magnitudes are reduced (e.g. our main average coefficient in column (1) reduces from 1.116 to
0.855). Thus, we conclude that our results do not substantially change depending on the mode of
survey.

Overall, the results in Table 3 imply that social media does not decrease the stigma of expres-
sion of xenophobic attitudes, but, quite the opposite, it increases this stigma. This confirms our
theoretical intuition: increased polarization makes people more xenophobic while simultaneously
increasing the social image concerns. This means, in particular, that the increased prevalence of an
extreme opinion does not necessarily lead to a change or an erosion of the social norm (Bursztyn et
al. (2020)) that guides expression of these opinions when it is driven by an increase in polarization,

as is the case with the introduction of social media.?’

2TWe also report how VK penetration affects self-reported hate (Table B3). Our theoretical prediction (Proposition
3) suggest that the effect of social media penetration is ambiguous here. The results in Table B3 are, indeed, quite
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3.6 Social Media and Hate Crime

The results so far provide support for our theoretical reasoning. We show that the penetration
of social media increases elicited xenophobia. We also find evidence that social media seems to
increase the stigma associated with the expression of xenophobia, which implies that the increase
in truly held xenophobia does not necessarily lead to a change or erosion of social norms. These
findings are consistent with the results of Propositions 1-4 of the model. In this section, we empir-
ically assess Proposition 5 of the model. Note that our theoretical reasoning suggests that people
who participate in our survey and people who commit hate crimes are different kinds of people;
however, we expect that the process of social learning coming from interactions with like-minded
people in social media is similar. In what follows, we aim to test if indeed there is a positive in-
teraction effect for social media penetration and pre-existing nationalism, and if this relationship
is different for hate crimes with multiple perpetrators. Note that the results in Miiller and Schwarz
(2019) and Miiller and Schwarz (2018) are consistent with our theoretical predictions for the cases
of the United States and Germany, with a caveat. Both of those papers look at the impact of the
same national level content in places with different access to social media, following particular
content in a Facebook group in Germany or Trump xenophobic tweets. In our paper, we look at
the long-term impact of localized interactions that our model described. In what follows, we test
if our theoretical predictions hold in Russian cities, and we aim to differentiate mechanisms using

the guidance from theory.

different from the results in Table 2: the coefficients are negative, not positive, and are statistically significant in four
out of seven cases. These results highlight the importance of using survey experiments or other elicitation methods
when working with individual level data on racism and xenophobia. We also replicate these findings with FOM 2011
survey.
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3.7 Hate Crime Data

Data on hate crimes comes from the database compiled by SOVA Center for Information and
Analysis.?® It is a Moscow-based Russian independent nonprofit organization providing informa-
tion related to hate crimes, which is generally considered to be the most reliable source of infor-
mation on that issue. The dataset covers incidents of violent hate crime, which include murders,
assaults, batteries, and death threats. These data have been collected consistently since 2007, with
some incomplete data for 2004-2006. In the analysis we use the data for 2007-2015.

Table B2 presents more detailed information on the number of victims for each type. Based on
the textual description of each incident in the database, we have also manually coded the number
of perpetrators for every incident. Non-ethnic crimes are more likely to be committed by single
perpetrators (Figure 5), whereas ethnic hate crimes (Figure 6) are more likely to be committed in
groups, with the modal number of perpetrators being two. The average number of recorded hate
crimes and hate crime victims has been declining over time (see Figures B1 and B2).?

A potential concern with this data is that there could be a differential likelihood of recording
crimes in cities with different social media penetration in a way that is consistent with our results.
For example, hate crimes might be more likely to be covered by mass media and get recorded
in the database if they caught attention on social media. Although we do not have evidence to
directly rule out this possibility, we believe that it is highly unlikely that ethnic hate crimes were
disproportionately reported in areas with both higher penetration of VK and a higher baseline
level of nationalist sentiment, and especially so for crimes with multiple perpetrators. We also do a
couple of additional tests to ensure that this possibility is not biasing our results. First, we show that
the effects are stronger in larger cities, where the role of social media on recording crimes is likely

to be lower, since traditional media are more likely to cover crimes in these cities regardless of

28The database can be found at https://www.sova-center.ru/en/database/violence/
29This decline seems to be partly related to the large-scale government efforts to combat hate crimes and nationalistic
organizations during this time period.
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reports on social media. Second, the effect of social media becomes, if anything, smaller over time,
while potential bias in reporting should become stronger over time, as social media penetration has
been quickly increasing during the same time period (Figure B4). At the same time, the number of
reported crimes and hate crime victims has been declining over time (Figures B1 and B2), similar
to common trends in the number of violent crimes in Russia (Figure B3).3 Finally, our survey
results on attitude changes are also consistent with social media having an effect beyond mere
reporting of hate crimes. We discuss the evidence against differential reporting in more detail later
in subsection 3.8, after summarizing the results.

As a measure of nationalist sentiment in a city before the creation of the VK social network we
use the vote share of the Rodina (“Motherland”) party in the parliamentary election of December
2003, the only election this party participated in and the last parliamentary election before the cre-
ation of VK. This party ran on an openly nationalist platform. It received 9.2 percent of the vote
and got 37 of the 450 seats in the State Duma, the lower house of the Russian parliament. The data
on electoral outcomes come from the Central Election Commission of the Russian Federation. Us-
ing Manifesto project, we show that this was the only party that took openly nationalistic position
according to its program (Table 4). We also validate that the vote share for the party can serve as a
proxy for nationalist sentiment in a city by showing that it is positively and significantly correlated
with ethnic hate crime in the subsequent years, as well as with xenophobic attitudes revealed in the

pre-existing opinion polls (see Table B4).

3.8 Social Media and Hate Crime: Empirical Results

Following Proposition 5, our main hypothesis is that social media penetration has a positive im-

pact on hate crime, and this effect is larger in places with higher levels of pre-existing nationalism.

30Unfortunately, the statistics on murders and other violent crimes is not available at the city level, thus we cannot
use it to further differentiate between the mechanisms.
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To test if the data supports this claim, we estimate the following model:

HateCrime; = fy + 1 VKpenetration; x Nationalist Support; + B,X; + &, 6)

Here HateCrime; is a measure of hate crime, which reflects either the total number of vic-
tims of hate crimes in city i during the period 2007-2015, or the number of victims of particular
types of hate crime (ethnic or non-ethnic crimes, conducted by single or multiple perpetrators).
VKpenetration; is VK penetration in city i in summer 2011. As discussed above, the endogenous
variable is instrumented using the number of students from each city in a five-year student cohort
who have studied at the same year as the founder of VK, Durov, as well as one or two years ear-
lier or later. NationalistSupport; denotes the votes for the nationalist Rodina party in 2003 and
captures pre-existing level of nationalism. X is a vector of control variables that include the num-
ber of students from the city in the other two five-year student cohorts, those that studied three to
seven years earlier than Durov, and those that studied three to seven years later than Durov. It also
includes the following socioeconomic controls: the logarithm of the population, the indicator for
being a regional or a subregional (rayon) administrative center, the average wage in the city, the
number of city residents of different five-year age cohorts, the share of the population with higher
education in 2010 in each five-year age cohort, the indicator for the presence of a university in the
city, ethnic fractionalization, and the logarithm of the number of Odnoklassniki users in 2014. For
all specifications we report weak-instrument robust confidence sets.>!.

Table 5 summarizes the results of estimating Equation (6). Panel A reports OLS results, and
Panel B reports IV results. The nationalist party support variable is demeaned to simplify inter-
pretation of the direct coefficients. The OLS relationship is positive and significant for all total
hate crime and ethnic hate crime variables. Panel B presents the results for the IV specification.

On average, the effect of social media penetration on hate crime is significantly stronger in cities

31 As discussed above, we report weak instrument robust confidence sets developed by Chaudhuri and Zivot (2011)
and Andrews (2017) and implemented in Stata by Sun (2018) throughout the paper
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with higher pre-existing level of nationalism (column 1). This is especially true for hate crimes
conducted by multiple perpetrators (columns 3 and 6) and for ethnic hate crimes, conducted by
a single perpetrator. Numerically, the results imply that the effect of a one standard deviation in-
crease in social media penetration ranges from being close to zero (non-significant with different
signs) at the minimum level of nationalist party support to a 21.7% increase in the total number of
hate crime victims at the maximum level of nationalist support (column 1 of Table 5, Panel B).3?
We should also stress that there are no significant interaction coefficients for the older cohort and
nationalistic party support. The interaction terms for the younger cohort are not statistically sig-
nificant and change their signs across the specifications, consistent with idea that Durov’s cohort
was special in terms of generating hate crime in cities with high levels of pre-existing nationalism,
and being among the first ones to get VK is the most likely channel for that. These results further
strengthen our identification argument.>> OLS coefficients (Panel A of Table 5) are approximately
three times smaller than IV coefficients (Panel B of Table 5), which implies that some negative
selection is going on; for example, social media users are more likely to have higher levels of
education, while most hate crime perpetrators have lower levels of education.

Table 6 reports the results of placebo regressions for hate crime in the period 2004-2006, i.e.,

before the creation of the VK social network. The results indicate no significant positive effect

32For the sake of completeness, we also estimate the direct effect of social media on hate crime. These results are
presented in Table B5 in the Appendix. While there is some significant relationship between social media penetration
and hate crime in OLS specifications (Panel A), there is no consistent evidence of a significant effect of VK penetration
on hate crime, for either ethnic- or non-ethnic- hate crime or for crimes conducted by single or multiple perpetrators in
the IV specification (Panel B). At the same time, the confidence intervals do not allow us to rule out large effects (e.g.,
at maximum 66.0% increase, i.e., 0.69 of a standard deviation of the dependent variable in column 1, Panel B), and
only one out of nine IV coefficients in the table is marginally significant. These results imply that social media does
not uniformly makes its users so hateful that they commit hate crimes; this effect is primarily observed in the places
with higher levels of pre-existing nationalism. This effect is also consistent with the findings in Miiller and Schwarz
(2019) that the positive effect of Trump tweets in places with higher Twitter penetration come from the places with
pre-existing nationalistic groups.

3We also report reduced-form estimation results in Table B7, which allows us to statistically compare the coef-
ficients for different crime groups in a seemingly unrelated regressions framework. The interaction of pre-existing
nationalism with the size of Durov’s cohort is positive and significant in 8 out of 9 specifications. In contrast, the
coefficients for older and younger cohorts are much smaller and are mostly insignificant; if anything, 2 out of 18
coefficients in this table are significant, and those are negative, not positive. These results are further consistent with
VK’s impact on hate crime, and, importantly, these results do not suffer from the weak instrument problem.
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of social media on hate crime even in cities with maximum level of support of the nationalist
party, with two out of seven coefficients being negative, rather than positive, and significant at
10% level. The difference between these results and the results in Table 5 is statistically significant
in seemingly unrelated regressions framework. These findings are consistent with the premise that
social media has a causal effect on hate crime after the creation of VK in the end of 2006, in places
with a higher level of nationalistic party support, and there was no significant pre-trend in these
places.>*

Overall, the results in Table 5 are consistent with the theoretical predictions from Proposition
5. We observe stronger social media effect on hate crime in places with higher level of pre-existing
nationalism. The theory also predicts that the effect for multiple perpetrators should be stronger
than the effect for single perpetrators if the coordination channel is important, and this is exactly
what we observe. At the same time, the results are also positive and significant for ethnic hate
crimes committed by single perpetrators, which suggests that while social media may have facil-
itated coordination and thus contributed to hate crime, coordination alone may not fully explain
the impact of social media (though coordination broadly speaking may take other forms, such as
providing information on opportunities for committing crime to single perpetrators). Thus, we can
conclude that the effect of social media on hate crimes comes from both persuasion and coordina-
tion.

As we mentioned above, a potential concern is that the results are driven by differential likeli-
hoods of recording crimes that is correlated with explanatory variables. Although we do not have
direct evidence directly ruling out differential likelihoods of recording crimes, we can do a couple

of tests to alleviate this concern. First, we check if the effects that we identify negatively depends

34Note that the null results in Table 6 may also be driven by the fact that the data for this time period are incomplete,
in contrast to the later years. We also test whether the coefficients are statistically different for the period 2004-2006
and 2007-2015 in a pooled regression (see Table B6). In all specifications except one either the coefficient for the
direct effect of VK penetration or its interaction with the support of the nationalistic party or both are statistically
different from each other. Unfortunately, we cannot provide weak-instrument robust confidence intervals for this
specification, as the triple-difference specification turns out to be too demanding and the confidence intervals often
become degenerate and consisting of a single point.
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on the size of the cities. Arguably, in smaller cities with fewer traditional media news sources
if any, reporting of hate crimes may be more dependent on whether they were discussed in social
media or not. This should make the measurement error in hate crime data stronger in smaller cities.
However, we find that, on the contrary, if we restrict the sample to cities with population above
the median, the results become only stronger (see Table ??). Second, if indeed social media makes
hate crimes more visible, this effect is supposed to be more pronounced as social media penetration
goes up with time. However, if anything, we observe the opposite: the magnitude of the effect of
social media is becoming smaller over time (see Tables B9 and B10). Finally, it is unlikely that
ethnic hate crimes were disproportionately more reported in areas with both higher penetration of
VK and a higher baseline level of nationalist sentiment, and especially so for crimes with multiple
perpetrators. We should also note that our results on attitude changes are also consistent with social
media having an effect beyond just the reporting of hate crimes (see the next section).

Overall, the results in Tables B5-6 indicate that social media had a positive effect on hate crime,
but only in places where the level of nationalism was already sufficiently high before the creation

of social media.

4 Discussion

Our model in Section 2 highlighted several effects of social media that we see in our data.
Introduction of social media increases interaction with like-minded people and causes polarization,
and this has real world consequences such as hate crimes. Nevertheless, for some actions where
social image concerns may be important, such as being open about one’s xenophobic views, we do
not see an effect of social media, because the effects of stronger polarization and stronger image
concerns can negate each other. We believe that our baseline model, while simple, can be used to
explain wider range of phenomena and can be applicable as a theoretical basis for the fast-growing

empirical studies of social media effects. In what follows, we bring observational and experimental
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data from some notable recent works on the impact of social media, and we briefly discuss these
papers through the lense of our model.

Allcott et al. (2020) studies the effects of disengagement from Facebook in the weeks prior to
the 2018 midterm elections in the U.S., and document, among other things, an increase in offline
interactions and a decrease in political polarization among disengaged individuals. These findings
mirror the predictions of our model, for the case of deactivation rather than introduction of social
media.

Our model highlights that social media interactions increase polarization in the society while
preserving the mean opinion, for any initial distribution. This means, however, that any shocks
to the mean opinion on a social platform are likely to have a persistent or even permanent effect.
An example of this is documented in Fujiwara et al. (2021), who argue that early adoption of
Twitter by participants of South by Southwest festival in 2007 resulted in its relatively liberal
content and lowered the Republican voter share in 2016 Presidential election. This negative effect
is particularly remarkable given the extensive use of Twitter by Donald Trump in his political
campaign.

A recent important study by Levy (2021) documents the experimental effect of exposing indi-
viduals on Facebook to opposite political opinions. Our model predicts that this experience would
reduce political polarization among affected individuals, and in making them closer to the center,
it would improve their perception of people with the opposite political views, consistent with the
findings in that paper. At the same time, reduced polarization, coupled with reduced social stigma,
would make the prediction about expressing these views ambiguous. In line with that, even though
Levy (2021) finds some evidence for social media increasing polarization through reduced expo-
sure to counter-attitudinal content, at the same time Levy (2021) does not find an experimental
effect on political opinion stated in a survey, in line with our theoretical predictions. It would be
interesting to measure the effect of Facebook on truly held beliefs elicited, for example, using a

list experiment.
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Moreover, the model may be helpful to understand the effects of Internet penetration more
broadly. The polarizing effect of social media, according to our model, stems from social me-
dia inhibiting convergence as a result of interactions with people having different opinions. This
means, of course, that online experiences where homophily is less pronounced than in offline
world may have an opposite effect of reducing polarization. The influential study by Gentzkow
and Shapiro (2011) suggests that consumption of online news is one such example (albeit social
media platforms such as Facebook tend to reintroduce homophily strategically; see Levy (2021)).
If so, an increase in the use of the Internet overall is not necessarily associated with a rise in po-
larization, consistent, for example, with Boxell et al. (2017). Guriev et al. (2019) also document
a mixed effect of 3G Internet access on polarization: on the one hand, it made the public more
precisely informed about corruption (increasing perception of corruption in corrupt countries and
decreasing it in countries with low corruption); on the other hand, it benefited both left-wing and

right-wing populists, consistent with an increase in polarization.

5 Conclusion

We study the longer-term, causal effects of exposure to social media on xenophobic attitudes
and ethnic hate crimes in Russia, using exogenous variation in city-level initial penetration of
social media. We start with a model where interactions between individuals can be persuasive,
where social media increases the likelihood of meeting like-minded people, and where individuals
have social image concerns that affect their willingness to reveal their political preferences. We
show that introduction of social media increases the share of people holding extreme political
opinions while at the same time increasing the number of those who conceal such opinions. The
introduction of social media also leads to an increase in hate crimes.

We confirm our theoretical predictions empirically. Using a national survey, we show that

social media penetration had a persuasive effect and increased xenophobic attitudes, especially
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for young individuals, as well as those with lower levels of education. We also find that higher
penetration of social media increases ethnic hate crime. This effect is stronger in cities with a
higher baseline level of nationalist sentiment as well as for crimes with multiple perpetrators.
These findings suggest a role of social media also as a mechanism of coordination of hate crime.

Taken together, our findings contribute to a growing body of evidence indicating that social
media is a complex phenomenon that has both positive and negative effects on the welfare of
people (see also Allcott et al., 2020). These effects need to be taken into account when discussing
policy implications of the recent changes in media technologies, as well as possible government
regulation or self-regulation by social media platforms.

Our paper also hints at promising directions for future research. One direction is finding more
direct evidence on the effect of social media on polarization, which might help understand whether
and when social media may contribute to moderation. More generally, it would be interesting to
understand the factors that determine opinion formation, both offline and in online social networks.
Finally, one could analyze direct evidence on how social media facilitates coordination in practice,
by analyzing text content in social media forums and understanding how online discussions lead

to offline interactions.
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Figures and Tables

Figure 1: Total Number of Hate Crimes by City Across Russia (2007-2015)
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Notes: The bubble map shows the total number of hate crimes by city across Russia from

2007 to 2015. Data on hate crimes comes from the database compiled by SOVA Center for
Information and Analysis.
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Figure 2: Total Number of Ethnic Hate Crimes by City Across Russia (2007-2015)
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Notes: The bubble map shows the total number of ethnic hate crimes by city across Russia
from 2007 to 2015. Data on ethnic hate crimes comes from the database compiled by SOVA

Center for Information and Analysis.
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Figure 3: Coefficients for student cohorts and VK penetration

VK penetration in 2011 and coefficients for the number of SPbSU students over time
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Notes: Coefficients for the first stage regression from Table 1. Reported coefficients come
from the specification with all baseline controls included, namely logarithm of population
according to 2010 Russian Census, age cohort controls (the number of people aged 25-29,
30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census),
share of population with higher education in each of the age cohorts according to 2010
Russian Census, dummy for regional center, log (average wage in 2011), dummy for the
existence of a university in a city, ethnic fractionalization according to 2010 Russian Census.
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Figure 4: VK penetration and Inferred Hate
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Notes: This figure presents binned scatter plot for the OLS version of the relationship between
VK penetration and city-level inferred hate, as reported in column (1) of Table 2. City-level
inferred hate is computed as the difference in means in the number of options chosen by the
respondents in treatment and control groups.
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Figure 5: Histogram for the Number of Perpetrators of Non-Ethnic Hate Crime
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Notes: Histogram for the number of perpetrators of non-ethnic hate crimes. Data on non-
ethnic hate crimes comes from the database compiled by SOVA Center for Information and

Analysis, 2007-2015.
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Figure 6: Histogram for the Number of Perpetrators of Ethnic Hate Crime
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Notes: Histogram for the number of perpetrators of ethnic hate crimes. Data on ethnic hate
crimes comes from the database compiled by SOVA Center for Information and Analysis,

2007-2015.
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Table 1: VK Penetration, SPbSU Student Cohorts, and Nationalistic Party

Support
Log(Number of VK Nationalistic party support in
users, 2011) 2003
1 ) @3)
Log (SPbSU students), same 5-year cohort as VK founder 0.144*** -0.001
[0.034] [0.001]
Log (SPbSU students), one cohort younger than VK founder -0.046 -0.001 -0.001
[0.038] [0.001] [0.001]
Log (SPbSU students), one cohort older than VK founder -0.002 -0.001 -0.001
[0.041] [0.001] [0.001]
Nationalistic party support in 2003 3.951***
[0.923]
Log(Number of VK users, 2011) -0.010
[0.010]
Socioeconomic city-level controls 625 625 625
Observations 0.924 0.489 0.425
p-value equality all cohorts 0.001 0.952
p-value equality with young cohort 0.000 0.803
p-value equality with old cohort 0.015 0.986

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-
level controls include logarithm of population according to 2010 Russian Census, age cohort controls (the number of
people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share
of population with higher education in each of the age cohorts according to 2010 Russian Census, dummy for regional
center, log (average wage in 2011), dummy for the existence of a university in a city, log (Odnoklassniki users in
2014), ethnic fractionalization according to 2010 Russian Census.Robust standard errors in brackets. *** p<0.01, **
p<0.05, * p<0.1.
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Table 2: Social Media and Ethnic Hostility, Elicited from List Experiment

List Experiment elicited hostility

Subsample: Low High

Full Sample Male Female Education Education Younger Older

(1) @) (©)] 4) 6) 6) )
Log (Number of VK users, 2011) 0.950*** 0.758** 0.997*** 1.734* 0.693* 2.130*** 0.427

Weak Instrument Robust Confidence 95% Sets  (-.026, 2.037) (-.585, 2.101)(-.205, 2.199) (.008, 3.699)(-.354, 1.739) (.676, 4.280)(-.685, 1.539)

[0.277] [0.343] [0.307] [0.501] [0.267] [0.548] [0.284]

Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes

Younger/Older SPbSU student cohorts Yes Yes Yes Yes Yes Yes Yes

Observations 124 122 116 124 111 121 116

Notes: Results of the two-sample two-stage least squares estimation. Unit of observation is a city. Robust standard errors in square brackets. *** p<0.01, ** p<0.05, * p<0.1. Unit of observation
is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic controls include fifth polynomial of population according to 2010 Russian Census, age cohort controls (the
number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population with higher education in each of the age cohorts
according to 2010 Russian Census, dummies for regional and county centers, distances to Moscow and St Petersburg, log (average wage in 2011), dummy for the existence of a university in a
city,internet penetration in 2011, log (Odnoklassniki users in 2014), ethnic fractionalization according to 2010 Russian Census, and nationalistic party vote share in 2003 (pre-social media).
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Table 3: Social Media and Social Stigma, Elicited from List Experiment

Panel A. Stigma measured with 2018 survey. Social Stigma
. Low High
Subsample: Full Sample Female Male Education Education Younger Older
1) 2) €)) “4) 5) (6) )
Log (Number of VK users, 2011) 1.116** 0.935* 1.149** 2.002*** 0.739** 2.379** 0.356
Weak Instrument Robust Confidence 95% Sets (.077, 2.355) (-.510, 2.381) (-.059, 2.463) (.280, 4.160)(-.424, 1.902) (.759, 4.772)(-.745, 1.456)
[0.316] [0.369] [0.335] [0.550] [0.297] [0.611] [0.281]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes
Younger/Older SPbSU student cohorts Yes Yes Yes Yes Yes Yes Yes
Observations 124 122 116 124 111 121 116
Panel B. Stigma measured with 2011 FOM survey. Social Stigma
. Low High
Subsample: Full Sample Female Male Education Education Younger Older
) @) ) “4) 6) (6) )
Log (Number of VK users, 2011) 0.855*** 0.419 0.965*** 1.147%** 0.796*** 2.025*** 0.362
Weak Instrument Robust Confidence 95% Sets (-.184, 1.894) (-.820, 1.657 (-.210, 2.140) (-.387, 2.680)(-.323, 1.914) (.434, 4.124)(-.640, 1.364)
[0.265] [0.316] [0.300] [0.391] [0.285] [0.536] [0.256]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes
Younger/Older SPbSU student cohorts Yes Yes Yes Yes Yes Yes Yes
Observations 118 116 111 118 105 115 110

Notes: Notes: Results of the two-sample two-stage least squares estimation. Unit of observation is a city. Robust standard errors in square brackets. *** p<0.01, ** p<0.05, * p<0.1. Unit of
observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include 5th polynomial of population, the number of people aged 20-24,
25-29, 30-34, 35-39, 40-44, 45-49, 50 and older years, in each city according to 2010 Russian Census, the share of population with higher education overall according to 2002 Russian Census
and separately in each of the age cohorts according to 2010 Russian Census, dummy for regional and county centers, distances to Moscow and St Petersburg, log (average wage), share of
people with higher education in 2002, internet penetration in 2011, log (Odnoklassniki users in 2014), Log (SPbSU students) one cohort older and one cohort younger than VK founder.



Table 4: Party Positions from the Manifesto Project on Multiculturalism. 2003
Russian Parliamentary Elections.

Vote Share, 2003

Multiculturalism: Multiculturalism: i X
Russian Parliamentary

Negative Positive X
Elections
Rodina (Motherland - People's Patriotic Union) 0.71 0.00 9.02
Russian United Democratic Party ‘Yabloko' 0.00 0.00 4.30
Liberal Democratic Party of Russia 0.00 0.20 11.45
Communist Party ot the Russian Federation 0.00 0.44 12.61
United Russia 0.00 0.68 37.56
Agrarian Party of Russia 0.00 0.73 3.63
Union of Right Forces 0.00 1.52 3.97

Notes: Number of hate crime victims by ethnic and non-ethnic characteristics. Data on hate crimes comes from the
database compiled by SOVA Center for Information and Analysis, 2004-2015.
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Table 5: Social Media, Hate Crime, and Pre-Existing Nationalism. Period: 2007-2015.

Panel A. OLS. Log (# of hate crimes) Log (# of ethnic hate crime) Log (# of non-ethnic hate crime)
total single multiple total single multiple total single multiple
perpetrator perpetrators perpetrator perpetrators perpetrator perpetrators
) 2) @) 4) (®) 6) @) @) ©)
Log (number of VK users), 2011 2.932* 1.171 2.444* 3.020%** 1.280* 2.779* 0.359 0.1 -0.024
x Nationalist Party Support in 2003 [1.158] [0.722] [1.204] [1.141] [0.623] [1.133] [0.806] [0.641] [0.787]
Log (number of VK users), 2011 0.038 0.048* -0.000 0.028 0.052*** -0.008 0.014 0.008 0.007
[0.048] [0.027] [0.047] [0.045] [0.020] [0.044] [0.029] [0.020] [0.027]
Nationalist Party Support in 2003 1.966 0.894 1.493 1.977* 0.578 1.767 0.139 0.263 -0.246
[1.227] [0.674] [1.147] [1.177] [0.543] [1.113] [0.730] [0.469] [0.656]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 625 625 625 625 625 625 625 625 625
R-squared 0.701 0.541 0.673 0.679 0.479 0.644 0.592 0.306 0.575
Full Effect at min level of Nationalist Party -0.103* -0.008 -0.118** -0.117* -0.009 -0.141** -0.003 0.003 0.008
p-value for the effect at minimum .055 0.811 .026 .024 .76 .006 .931 911 0.821
Full Effect at max level of Nationalist Party 0.656** 0.295* 0.515* 0.664** 0.322** 0.578* 0.090 0.032 0.002
p-value for the effect at maximum .016 .074 .067 .013 .021 .029 .625 0.830 .991
Panel B. IV. Log (# of hate crimes) Log (# of ethnic hate crime) Log (# of non-ethnic hate crime)
total single multiple total single multiple total single multiple
perpetrator perpetrators perpetrator perpetrators perpetrator perpetrators
(1) ) (3) (4) (5) (6) (7) (8) ©)
Log (number of VK users), 2011
x Nationalist Party Support in 2003 10.034* 5.334 9.324* 8.889** 4.575* 8.066* 6.356 1.373 5.313
Weak Instrument Robust Confidence 95% Sets (2.955, 20.653)(2.391, 17.106)(2.709, 19.246) (2.524, 18.438) (.141, 13.443) (1.520, 17.885) (2.852,20.371) (-2.346, 6.952) (2.565, 16.304)
[4.334] [3.604] [4.050] [3.897] [2.715] [4.008] [4.291] [2.277] [3.365]
Log (number of VK users), 2011 0.052 0.195 0.004 -0.012 0.250 -0.149 0.289 0.039 0.363
Weak Instrument Robust Confidence 95% Sets  (-.430, .774)  (-.209, 1.004) (-.720, .729) (-.455, .653) (-.098, .947) (-.859, .324) (-.232,1.331) (-.250,.471) (-.078, 1.243)
[0.295] [0.247] [0.296] [0.271] [0.213] [0.290] [0.319] [0.176] [0.269]
Nationalist Partv Supbport in 2003 4.578** 1.685 4.322* 4.297** 0.942 4.418** 1.475 0.516 0.676
[2.259] [1.227] [2.218] [1.968] [0.878] [2.124] [1.5631] [0.949] [1.214]
Log (SPbSU students), one cohort younger than -7.107 -4.764 -6.613 -6.289 4.191 4.634 -6.164 -1.608 -5.903
VK founder x Nationalist Party Support in 2003 [5.568] [4.102] [5.128] [4.835] [3.221] [4.864] [5.233] [2.572] [4.462]
Log (SPbSU students), one cohort older than VK -2.178 0.203 -3.370 -1.625 0.216 -2.887 -1.709 0.428 -1.790
founder x Nationalist Party Support in 2003 [2.823] [2.282] [2.630] [2.358] [1.628] [2.282] [2.444] [1.408] [1.895]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 625 625 625 625 625 625 625 625 625
Kleibergen-Paap F-statistics 6.449 6.449 6.449 6.449 6.449 6.449 6.449 6.449 6.449
Full Effect at min level of Nationalist Party -0.429 -0.060 -0.443 -0.438* 0.031 -0.536** -0.016 -0.027 0.108
Weak Instrument Robust Confidence 95% Sets (-1.160, .058)  (-.576, .455) (-1.165, .039) (-1.035,-.039)  (-.243, .441) (-1.194,-.098) (-.501, .711)  (-468, .414) (-.298,.718)
Full Effect at max level of Nationalist Party 2.168* 1.320 1.971** 1.863* 1.215* 1.552 1.629 0.328 1.483*

Weak Instrument Robust Confidence 95% Sets (.452, 4.742) (-181,4.323) (.349,4.402)  (.259,4.269) (.032,3.580) (-.093,4.018)  (.747,5.158) (-579,1.689) (.782, 4.289)

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include logarithm of population according to 2010 Russian Census,
age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population with higher education in each of
the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the existence of a university in a city, log (Odnoklassniki users in 2014), ethnic
fractionalization according to 2010 Russian Census. Robust standard errors in brackets. Stars for endogenous variables are based on weak instrument robust confidence sets, *** p<0.01, ** p<0.05, *
p<0.1.
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Table 6: Social Media, Hate Crime, and Pre-Existing Nationalism. Placebo Estimates. Period: 2004-2006

Log (# of non-

Log (# of hate crimes) Log (# of ethnic hate crime)
ethnic hate crime)
total single multiple total single multiple total
pemetrator  permetrators pemetrator perpetrators
) @) ) “4) ®) (6) @)
Log (number of VK users), 2011
x Nationalist Party Support in 2003 -2.903* -1.119 -1.784 -2.292 -1.119 -1.173 -0.611*
Weak Instrument Robust Confidence 95% Sets (-7.218,-.027) (-5.056,-.332) (-5.515, 1.947) (-6.478, .499) (-5.056,-.332) 4.770, 2.424) (-1.501, .279)
[1.761] [0.964] [1.523] [1.709] [0.964] [1.468] [0.363]
Log (number of VK users), 2011 -0.092 -0.062 -0.030 -0.010 -0.062 0.052 -0.083**
Weak Instrument Robust Confidence 95% Sets (-.423, .239) (-.291, .052) (-.235, .277) (-.310, .291) (-.291,.052) (-.131,.328) (-.151, .054)
[0.135] [0.070] [0.126] [0.123] [0.070] [0.112] [0.042]
Nationalist Party Support in 2003 -0.838 -0.253 -0.586 -0.935 -0.253 -0.683 0.097
[0.697] [0.222] [0.596] [0.676] [0.222] [0.593] [0.134]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes
’(Zhoe(;glnteractlon with Nationalistic Party Support, Yes Yes Yes Yes Yes Yes Yes
Observations 625 625 625 625 625 625 625
Kleibergen-Paap F-statistics 6.449 6.449 6.449 6.449 6.449 6.449 6.449
Full Effect at minimal level of Nationalist Party 0.047 -0.008 0.055 0.100 -0.008 0.109 -0.053
p-value for the effect at minimum (-157,.352) (-.163,.084) (-.128,.330) (-.087,.381) (-.163,.084) (-.066, .370) (-.141, .005)
Full Effect at maximum of Nationalist Party Support -0.705 -0.298 -0.407 -0.493 -0.298 -0.195 -0.212*
p-value for the effect at maximum (-1.799, .025) (-1.168,-.081) (-1.052, .562) (-1.541, .205) (-1.168,-.080) (-.797,.708) (-.383, .045)

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include logarithm of population according to 2010 Russian Census,
age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population with higher education in each
of the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the existence of a university in a city, log (Odnoklassniki users in 2014),
ethnic fractionalization according to 2010 Russian Census. There were no non-ethnic hate crimes, committed by a single perpetrator, during this period, thus we are not able to compute the results for
non-ethnic hate crime separately by the number of perpetrators. Robust standard errors in brackets. Stars for endogenous variables are based on weak instrument robust confidence sets, *** p<0.01,
** p<0.05, * p<0.1.



Supplementary Appendix

(Not For Publication)

A Self-Reported Hostility and Social Media

In this section, we present the results of estimation of equation (4) with reported hostility on
the left-hand side. Proposition 3 of our theoretical model predicts that the effect of social media
on self-reported hostility is ambiguous. Consistent with this prediction, we find that the effect of
social media on reported hostility (Table B3, panel A) is negative, not positive, and is statistically
significant in four out of seven columns. These findings go in stark contrast with Table 2 and
highlight that it is important to use various elicitation techniques to study the impact of social
media on potentially sensitive opinions.

We also replicate the findings of Table B3 using the data from 2011 FOM survey, which is a
regionally representative survey of 54,388 respondents in 79 regions of Russia, of which 29,780
respondents come from 519 cities in our hate crime sample (Panel B of Table B3). We find that the
coefficients remain negative but are only statistically significant for one out of seven categories.
These findings are, again, consistent with the prediction from Proposition 3 of our theoretical

model.



B Appendix Figures and Tables

Figure B1: Hate Crime Victims Over Time
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Notes: Number of recorded hate crimes from 2007 to 2015. Data on hate
crimes comes from the database compiled by SOVA Center for Information

and Analysis.
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Figure B2: Number of Hate Crimes Over Time
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Notes: Number of recorded hate crime victims from 2007 to 2015. Data
on hate crimes comes from the database compiled by SOVA Center for

Information and Analysis.
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Figure B3: Total Number of Violent Crimes Over Time
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Notes: Number of recorded hate crime victims from 2010 to 2017. Data on

violent crimes comes from the Website of the Legal Statistics, Persecution
Office of the Russian Federation.
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Figure B4: VK Penetration over Time for 2007-2014
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Table B1: Summary statistics.

Variable

Log (1+ # of hate crimes)

Log (1+ # of hate crimes, conducted by single perpetrator)

Log (1+ # of hate crimes, conducted by multiple perpetrators)

Log (1+ # of ethnic hate crimes)

Log (1+ # of ethnic hate crimes, conducted by single perpetrator)

Log (1+ # of ethnic hate crimes, conducted by multiple perpetrators)
Log (1+ # of non-ethnic hate crimes)

Log (1+ # of non-ethnic hate crimes, conducted by single perpetrator)
Log (1+ # of non-ethnic hate crimes, conducted by multiple perpetrators)
Log(1+ # of VK users in a city)

Share of the number of nationalistic voters in 2003 in a population

Obs

625
625
625
625
625
625
625
625
625
625
625

Mean

0.24
0.13
0.35
0.33
0.08
0.29
0.08
0.06
0.13
9.54
0.05

Std. Dev.

0.6
0.37
0.72
0.69
0.28
0.65
0.32
0.24
0.41
1.33
0.02

£
5

o
OCmpoOoO0OO0OO0OO0OO0OO0OO

pre

Notes: Unit of observation is a city.



Table B2: Number of Victims by Type

Victims Freq. Percent
Ethnic

Central Asia 325 23.81%
Caucasus 265 19.41%
Blacks 74 5.42%
Russians 63 4.62%
Arabs 33 2.42%
Jews 10 0.73%
Other "non-slavic" 209 15.31%
Other Asians 108 7.91%
Other Ethnicity 85 6.23%
Total Ethnic 770 56.41%

Non-Ethnic
Youth groups and left-wing groups 402 29.45%
Religious Groups 106 7.77%
Homeless 42 3.08%
LGBT 32 2.34%
Unknown 13 0.95%
Total Non-Ethnic 595 43.59%
Total 1 365 100%

Notes: Number of hate crime victims by ethnic and non-ethnic characteristics. Data on hate crimes
comes from the database compiled by SOVA Center for Information and Analysis, 2004-2015.
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Table B3: Social Media and Self-Reported Hostility to Other Ethnicities.

Social Stigma

Subsample: All Male Female Low Education HIgh Education Young (0][¢]
M @) @) ) 6) (6) @)

Log (Number of VK users, 2011) x Nationalistic Party

Support, 2003 -2.508** -2.768 -0.160 -2.171 -2.005 -4.624* -1.063
[1.230] [1.820] [1.484] [1.886] [1.344] [2.000] [1.734]

Log (Number of VK users, 2011) 0.988** 0.810** 0.996*** 1.763** 0.709** 2.199** 0.451
[0.274] [0.405] [0.330] [0.420] [0.299] [0.445] [0.386]

Nationalistic Party Support, 2003 25.308** 28.809* 0.922 16.045 23.625* 42.461** 11.651
[11.707] [17.324] [14.130] [17.948] [12.790] [19.042] [16.508]

Observations 124 122 116 124 111 121 116

Notes: Robust standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1. Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls
include logarithm of population according to 2010 Russian Census, age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010
Russian Census), share of population with higher education in each of the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the
existence of a university in a city, log (Odnoklassniki users in 2014), ethnic fractionalization according to 2010 Russian Census, and SPbSU older and younger student cohorts. Basic demographic

controls include gender, education categories, and age categories.



Table B4: Nationalistic Party Support and Measures of Xenophobia

Log (# of hate crimes) Log (# of ethnic  Log (# of non- Self-reported
hate crimes) ethninc hate hostility to
crimes) other
ethnicities
() 2) ®3) )
Nationalist Party Support in 2003 1.520%* 1.834% 0.044 0.507***
[0.669] [0.654] [0.346] [0.187]
Population and voting controls Yes Yes Yes

Observations 625 625 625 27,696

R-squared 0.493 0.439 0.382 0.003

Notes: Unit of observation is a city in columns (1)-(3) and an individual respondent in column (4). Robust standard errors in brackets
in columns (1)-(3) and standard errors clustered at the city level in column (4). Self-reported hostility from FOM survey. *** p<0.01,
#* p<0.05, * p<0.1.
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Table B5: Social Media and Hate Crime. Specification without Interactions. Period: 2007-2015

Panel A. OLS. Log (# of hate crimes) Log (# of ethnic hate crime) Log (# of non-ethnic hate crime)
total single multiple total single multiple total single multiple
perpetrator perpetrators perpetrator perpetrators perpetrator perpetrators
(1) 2) (3) ) 6) (6) ) 8) ©)
Log (number of VK users), 2011 0.001 0.033 -0.031 -0.011 0.036* -0.043 0.009 0.007 0.007
[0.044] [0.024] [0.042] [0.041] [0.019] [0.040] [0.027] [0.017] [0.024]
Nationalist Party Support in 2003 1.848 0.847 1.394 1.856* 0.526 1.655 0.124 0.258 -0.245
[1.162] [0.645] [1.081] [1.101] [0.512] [1.044] [0.710] [0.451] [0.638]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 625 625 625 625 625 625 625 625 625
R-squared 0.693 0.535 0.666 0.668 0.467 0.633 0.591 0.306 0.575
Panel B. IV. Log (# of hate crimes) 3
total single multiple total single multiple total single multiple
permetrator perpetrators permetrator perpetrators pemetrator permpetrators
()] 2 @3) 4) 6) (6) ()] @®) ©)
Log (number of VK users), 2011 -0.106 0.107 -0.148 -0.150 0.173 -0.270 0.170 0.014 0.254
Weak Instrument Robust Confidence 95% Sets (-.776, .564) (-.263, .633) (-.837, .540) (-.728, .377) (-.153, .672)(-1.010, .306) (-.355, .971) (-.327, .419) (-.146, .983)
[0.294] [0.197] [0.302] [0.254] [0.174] [0.277] [0.279] [0.164] [0.238]
Nationalist Party Support in 2003 2.199 0.579 1.785 2.264* -0.015 2.416* -0.397 0.257 -1.105
[1.636] [0.964] [1.550] [1.372] [0.695] [1.465] [1.317] [0.682] [1.157]
Log (SPbSU students, one cohort younger) -0.091* -0.050* -0.069 -0.130™** -0.035 -0.113** 0.037 -0.025 0.057*
[0.049] [0.027] [0.049] [0.044] [0.024] [0.047] [0.036] [0.023] [0.032]
Log (SPbSU students, one cohort older) 0.041 0.045* 0.025 0.032 0.013 0.033 0.022 0.035* -0.003
[0.044] [0.024] [0.043] [0.040] [0.022] [0.039] [0.033] [0.020] [0.030]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 625 625 625 625 625 625 625 625 625
Kleibergen-Paap F-statistics 13.586 13.586 13.586 13.586 13.586 13.586 13.586 13.586 13.586
Effective F-statistics (Montiel Olea and Pflueger 2013)  15.904 15.904 15.904 15.904 15.904 15.904 15.904 15.904 15.904
Montiel Olea-Pflueger threshold for 10% worst case bie  23.109 23.109 23.109 23.109 23.109 23.109 23.109 23.109 23.109
Montiel Olea-Pflueger threshold for 20% worst case bic  15.062 15.062 15.062 15.062 15.062 15.062 15.062 15.062 15.062

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include logarithm of population according to 2010 Russian Census,
age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population with higher education in each of
the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the existence of a university in a city, log (Odnoklassniki users in 2014), ethnic
fractionalization according to 2010 Russian Census. Robust standard errors in brackets. Stars for endogenous variables are based on weak instrument robust confidence sets, *** p<0.01, ** p<0.05, *

p<0.1.
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Table B6: Social Media and Hate Crime. Panel Specification. Period: 2007-2015

Log (# of victims of hate crime) Log (# of victims of ethnic hate crime) Log (# of victims of non-ethnic hate crime)
total single multiple total single multiple total single multiple
pemetrator  perpetrators pemetrator  perpetrators pemetrator  perpetrators
()] @) (3) @) (6) 6) )] @®) ©)

Log (hnumber of VK users), 2011 B . R R . ¥
x Nationalist Party Support in 2003 2.296 0.201 2.917 2.928 0.170 3.618 0.028 0.249 0.126
x Dummy for the 2004-2006 period [2.223] [0.827] [2.243] [2.077] [0.744] [2.087] [1.283] [0.597] [1.293]
Log (number of VK users), 2011 7.098* 3.218* 6.197* 7.332* 2.618* 7.152** 3.339 0.772 2.064
x Nationalist Party Support in 2003
x Dummy for the 2007-2015 period [3.342] [1.613] [3.416] [2.894] [1.290] [2.872] [2.616] [1.331] [2.673]
Log (number of VK users), 2011 -0.314* -0.046 -0.306* -0.215 0.035 -0.259 -0.135 -0.072 -0.049
x Dummy for the 2004-2006 period [0.180] [0.081] [0.182] [0.154] [0.074] [0.162] [0.147] [0.064] [0.141]
Log (number of VK users), 2011 0.186 0.218 0.083 0.141 0.271* -0.032 0.265 0.020 0.351
X Dummy for the 2007-2015 period [0.267] [0.168] [0.264] [0.238] [0.141] [0.242] [0.257] [0.126] [0.239]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Cohorts of SPbSU students, older and younger, their interaction Yes Yes Yes Yes Yes Yes Yes Yes Yes
with Nationalistic Party Support, 2003, intereacted with period
dummies
Observations 1,250 1,250 1,250 1,250 1,250 1,250 1,250 1,250 1,250
p-value for the equality of interaction effects of Log (number of
VK users)and Nationalist Party Support for two periods 0.053 0.153 0.068 0.017 0.148 0.012 0.335 0.755 0.586
p-value for the equality of direct effects of Log (number of VK
users) for two periods 0.006 0.013 0.033 0.034 0.009 0.185 0.011 0.221 0.010

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include logarithm of population according to 2010 Russian Census,
age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population with higher education in each of
the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the existence of a university in a city, log (Odnoklassniki users in 2014), ethnic
fractionalization according to 2010 Russian Census. Robust standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1.
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Table B7: Social Media, Hate Crime, and Nationalistic Party Support. Specification with Interaction. Reduced Form Estimates.
Period: 2007-2015

Log (# of victims of hate crime) Log (# of victims of ethnic hate crime) Log (# of victims of non-ethninc hate crime)
total single multiple total single multiple total single multiple
perpetrator perpetrators perpetrator perpetrators perpetrator perpetrators
(1) 2) €)) “4) () (6) ) 8) ©)
Log (SPbSU students, Durov's cohort) 6.279* 3.275* 5.851* 5.584* 2.778* 5.119** 3.881* 0.848 3.199**
x Nationalist Party Support in 2003 [2.447] [1.848] [2.389] [2.322] [1.428] [2.383] [2.061] [1.373] [1.486]
Log (SPbSU students, Durov's cohort) -0.023 0.011 -0.028 -0.028 0.022 -0.045 0.022 0.001 0.035
[0.045] [0.029] [0.046] [0.040] [0.025] [0.042] [0.040] [0.024] [0.033]
Nationalist Party Support in 2003 0.794 0.332 0.633 0.719 0.106 0.625 0.083 0.122 -0.010
[0.941] [0.448] [0.939] [0.894] [0.329] [0.904] [0.478] [0.264] [0.414]
Log (SPbSU students, one cohort younger)  -0.785 -0.793 -0.898 -0.897 -0.485 -0.247 -1.228 -0.628 -1.336
x Nationalist Party Support in 2003 [3.385]  [2.044] [3.095] [3.045] [1.499] [2.965] [2.251] [1.448] [1.936]
Log (SPbSU students, one cohort younger) -0.100** -0.064** -0.072 -0.136*** -0.051* -0.111** 0.024 -0.028 0.043
[0.047] [0.029] [0.046] [0.042] [0.026] [0.045] [0.034] [0.024] [0.030]
Log (SPbSU students, one cohort older) -0.991 0.400 -2.153 -0.424 0.171 -1.438 -1.619 0.509 -2.029
x Nationalist Party Support in 2003 [1.992] [1.589] [1.922] [1.703] [1.066] [1.707] [1.562] [1.165] [1.344]
Log (SPbSU students, one cohort older) 0.044 0.046* 0.028 0.034 0.013 0.035 0.023 0.035 -0.003
[0.047] [0.026] [0.045] [0.040] [0.023] [0.040] [0.034] [0.021] [0.030]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 625 625 625 625 625 625 625 625 625
R-squared 0.702 0.549 0.672 0.682 0.481 0.644 0.599 0.312 0.584

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include logarithm of population according to 2010 Russian Census,
age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population with higher education in each of
the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the existence of a university in a city, log (Odnoklassniki users in 2014), ethnic
fractionalization according to 2010 Russian Census. Robust standard errors in brackets. Stars for endogenous variables are based on weak instrument robust confidence sets, *** p<0.01, ** p<0.05, *
p<0.1.
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Table B8: Social Media and the Number of Victims of Hate Crimes. Specification with Interactions. Period: 2007-2015

Log (# of victims of ethnic hate crime)
total single multiple

Log (# of victims of ethnic hate crime)

Log (# of victims of ethnic hate crime)

total single multiple total single multiple
perpetrator perpetrators perpetrator perpetrators perpetrator perpetrators
) @) (€)] ) ®) 6) ) ®) ©)
Log (number of VK users), 2011
x Nationalist Party Support in 2003 10.582*** 6.592*** 9.588** 8.596** 5.713* 7.274* 11.053*** 1.707 10.107**
Weak Instrument Robust Confidence 95% Sets (2.667, 22.454)(2.933, 21.227)( 1.850, 21.194) (1.596, 19.096; (-.005, 17.147) (-.129, 18.379) (5.369, 33.790. (-2.752, 8.396) (5.116, 35.057)
[4.846] [4.480] [4.738] [4.286] [3.500] [4.533] [6.960] [2.730] [6.110]
Log (number of VK users), 2011 -0.007 0.249 -0.091 -0.076 0.375 -0.308 0.390 -0.028 0.563
Weak Instrument Robust Confidence 95% Sets  (-.430, .774)  (-.209, 1.004)  (-.720, .729) (-455, .653)  (-.098,.947) (-.859, .324) (-.232,1.331) (-.250, .471) (-.077,1.243)
[0.339] [0.292] [0.376] [0.299] [0.254] [0.342] [0.470] [0.210] [0.436]
Nationalist Party Support in 2003 5.333* 2.000 5.031* 4.508** 0.949 4.699* 3.189 0.872 2.061
[2.752] [1.500] [2.748] [2.196] [1.134] [2.411] [2.288] [1.067] [1.979]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
and their interaction with Nationalistic Party Yes Yes Yes Yes Yes Yes Yes Yes Yes
Support, 2003
Observations 625 625 625 625 625 625 625 625 625
Kleibergen-Paap F-statistics 6.449 6.449 6.449 6.449 6.449 6.449 6.449 6.449 6.449
Full Effect at minimal level of Nationalist Party -0.514 -0.067 -0.550 -0.488* 0.101 -0.656* -0.140 -0.110 0.078
Weak Instrument Robust Confidence 95% Sets (-1.421,.091) (-.662, .529) (-1.524, .098) (-1.210,-.007) (-.218,.739) (-1.497,-.096) (-1.087, .808) (-.610,.223) (-.505, 1.245)
Full Effect at maximum of Nationalist Party Support 2.225* 1.640* 1.931** 1.737* 1.580** 1.226 2.721** 0.332 2.694***

Weak Instrument Robust Confidence 95% Sets (.364, 5.016) (-.220, 5.359) (.073,4.718)

(.022,4.309) (.075,4.589) (-589, 3.949)

(1.265, 8.545) (-.778,2.000) (1.402, 9.154)

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include logarithm of population according to 2010 Russian Census,
age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population with higher education in each of

the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the existence of a university in a city, log (Odnoklassniki users in 2014), ethnic
fractionalization according to 2010 Russian Census. Robust standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1.
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Table B9: Social Media and Hate Crimes. Specification with Interactions. Specification By Period

Log (# of hate crimes)

Log (# of hate crimes)

Log (# of hate crimes)

. multiple . multiple . multiple
total single perpetrator perpetrators total single perpetrator pemetrators total single perpetrator pemetrators
2007-2009 (1) 2) (3) ) 6) (6) ) 8) ©)
Log (number of VK users), 2011
x Nationalist Party Support in 2003 8.267** 2.075 8.272** 8.189** 2.282 7.743* 4.033** 0.130 3.836**
Weak Instrument Robust Confidence 95% Sets (1.921, 20.959) (-621, 7.467) (1.801, 21.214) (1.936, 20.694) (-.295,7.436) 1.46398,20.3017) (1.76112, 13.1213 (-1.154, 2.055) (1.615, 12.721)
[3.886] [1.651] [3.962] [3.828] [1.578] [3.845] [2.782] [0.786] [2.720]
Log (number of VK users), 2011 0.136 0.127 0.180 -0.012 0.044 0.022 0.445** 0.104* 0.400**
Weak Instrument Robust Confidence 95% Sets  (-.377, .906) (-135, .521) (-352, .978) (-514, .741) (-.349, .437) (-484, .780) (.052,1.231) (-003, .317) (.019, 1.162)
[0.314] [0.161] [0.326] [0.307] [0.160] [0.309] [0.241] [0.065] [0.233]
Nationalist Party Support in 2003 1.291 0.094 1.247 2.101 0.472 1.901 -0.562 -0.354 -0.385
[1.449] [0.594] [1.466] [1.514] [0.625] [1.423] [1.130] [0.311] [1.107]
Full Effect at minimal level of Nationalist Party Support -0.260 0.028 -0.216 -0.404* -0.066 -0.350 0.252 0.098* 0.216
p-value for the effect at minimum (-.806, .286) (-.188, .350) (-.604, .366) (-.960,-.034) (-.384, .147) (-.906, .207) (-.098, .952) (-010, .259) (-122, .893)
Full Effect at maximum of Nationalist Party Support 1.880* 0.565 1.924* 1.715* 0.525 1.654* 1.296** 0.131 1.209**
p-value for the effect at maximum (.136, 4.494) (-187, 2.067) (.150, 5.474) (.015, 4.265) (-.206, 1.622) (-.056, 4.220) (.700, 3.680) (-.186, .607) (.627, 3.539)
2010-2012
Log (number of VK users), 2011
x Nationalist Party Support in 2003 7.091* 2.476 6.180** 6.251** 3.238* 3.776 1.491 -0.741 2.284
Weak Instrument Robust Confidence 95% Sets (.528, 16.936) (-1.338, 10.104) (.573, 14.590) (.102,15.476) (-.247,10.209) (-1.769, 12.093) (-2.010, 8.493)  (-2.718, 2.225) (-610, 8.071)
[4.018] [2.335] [3.433] [3.765] [2.134] [3.395] [2.143] [1.211] [1.772]
Log (number of VK users), 2011 0.092 0.122 0.050 0.151 0.179 -0.007 -0.073 -0.022 -0.022
Weak Instrument Robust Confidence 95% Sets  (-.309, .693) (-.169, .702) (-509, .610) (-.248, .750) (-.088, .713) (-575, .372) (-.380, .387) (-182, .218) (-.286, .373)
[0.245] [0.178] [0.228] [0.244] [0.164] [0.232] [0.188] [0.098] [0.161]
Nationalist Party Support in 2003 4.088** 1.358* 3.108** 3.052** 1.208* 2.077 1.5685* 0.041 1.456**
[1.698] [0.733] [1.578] [1.515] [0.664] [1.379] [0.821] [0.425] [0.709]
Full Effect at minimal level of Nationalist Party Support -0.248 0.003 -0.246 -0.149 0.024 -0.188 -0.145 0.013 -0.132
p-value for the effect at minimum (-842, .148) (-.227, .463) (-.826, .141) (-.701, .219) (-194, .459) (-678, .139) (-402, .242) (-122, .216) (-372, .229)
Full Effect at maximum of Nationalist Party Support 1.587* 0.644 1.353** 1.469* 0.862* 0.790 0.241 -0.178 0.459
p-value for the effect at maximum (-.003, 3.972) (-.364, 2.660) (.008, 3.371) (-.057, 3.758) (-.055, 2.695) (-619, 2.198) (-.700, 2.124) (-700, .603) (-.301, 1.980)
20132015
Log (number of VK users), 2011
x Nationalist Party Support in 2003 1.540 2.021 0.124 0.460 0.570 0.332 1.525 1.645 -0.145
Weak Instrument Robust Confidence 95% Sets  (-5.141, 5.994)  (-833,6.302)  (-9.074, 4.352) (-7.894,4.637)  (-957,2.860)  (-8.408, 4.703) (-1.488, 6.043) (-.890, 5.447)  (-1.766, 2.287)
[2.727] [1.747] [2.740] [2.558] [0.935] [2.676] [1.844] [1.552] [0.993]
Log (number of VK users), 2011 -0.203 0.077 -0.292 -0.167 0.112** -0.251 -0.022 -0.013 -0.045
Weak Instrument Robust Confidence 95% Sets  (-.884, .138) (-127, .384) (-.966, .045) (-798, .149) (.004, .275) (-.900, .073) (-.369, .325) (-.300, .274) (-.267,.103)
[0.208] [0.125] [0.206] [0.193] [0.066] [0.198] [0.142] [0.117] [0.091]
Nationalist Party Support in 2003 1.641* 0.167 1.589* 1.116 -0.485 1.627* 0.594 0.617 0.105
[0.993] [0.759] [0.885] [0.845] [0.465] [0.864] [0.837] [0.811] [0.392]
Full Effect at minimal level of Nationalist Party Support -0.277 -0.020 -0.286 -0.189 0.085 -0.267 -0.095 -0.092 -0.038
p-value for the effect at minimum (-735, .029) (-371, .215) (-.813,-.023) (-.564, .062) (-.029, .256) (-.735,-.033) (-489, .167) (-451, .148) (-.228, .089)
Full Effect at maximum of Nationalist Party Support 0.122 0.503 -0.318 -0.070 0.233 -0.181 0.299 0.334 -0.075
p-value for the effect at maximum (-1.587,1.261)  (-1517,1.486)  (-2.686, .865) (2.274,1.033)  (-133,.781) (-2.521, .989) (-394, 1.340)  (-.210, 1.149) (-731, .581)

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include logarithm of population according to 2010 Russian Census,
age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population with higher education in each of
the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the existence of a university in a city, log (Odnoklassniki users in 2014), ethnic
fractionalization according to 2010 Russian Census. Robust standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1.
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Table B10: Social Media and Hate Crimes. Reduced form Estimates. Specification with Interactions. Specification By

Period
Log (# of hate crimes) Log (# of hate crimes) Log (# of hate crimes)
total single perpetrator perr;ggigleors total single perpetrator pe,rr;ueligltirs total single perpetrator penr;Lg:Zﬁ)rs
2007-2009 (1) ) @) “4) ()] 6) @) 8) ©)
Log (SPbSU students, Durov's cohort)
x Nationalist Party Support in 2003 5.138** 1.255 5.125* 5.144* 1.416 4.852** 2.365* 0.042 2.258*
[2.127] [0.935] [2.152] [2.083] [0.900] [2.100] [1.343] [0.515] [1.315]
Log (SPbSU students, Durov's cohort) -0.006 0.012 0.000 -0.026 -0.001 -0.020 0.051* 0.014* 0.045*
[0.038] [0.020] [0.041] [0.038] [0.020] [0.040] [0.026] [0.008] [0.026]
Nationalist Party Support in 2003 -1.460* -0.231 -1.334* -1.199 -0.263 -1.092 -0.416 0.003 -0.338
[0.850] [0.240] [0.785] [0.785] [0.225] [0.701] [0.331] [0.121] [0.315]
2010-2012
Log (SPbSU students, Durov's cohort)
x Nationalist Party Support in 2003 4.417* 1.508 3.860* 3.867* 1.965* 2.373 0.963 -0.457 1.442
[2.238] [1.287] [2.007] [2.214] [1.118] [2.098] [1.329] [0.792] [1.042]
Log (SPbSU students, Durov's cohort) -0.008 0.010 -0.012 0.002 0.016 -0.012 -0.015 -0.001 -0.010
[0.034] [0.021] [0.033] [0.032] [0.019] [0.029] [0.026] [0.013] [0.023]
Nationalist Party Support in 2003 1.630 0.852* 0.849 1.159 0.624* 0.549 0.704 0.248 0.460
[1.021] [0.464] [0.914] [0.811] [0.322] [0.762] [0.525] [0.219] [0.416]
2013-2015
Log (SPbSU students, Durov's cohort)
x Nationalist Party Support in 2003 1.043 1.239 0.032 0.351 0.316 0.303 0.965 1.038 0.074
[1.733] [1.025] [1.616] [1.619] [0.543] [1.634] [1.107] [0.914] [0.630]
Log (SPbSU students, Durov's cohort) -0.033 0.005 -0.041* -0.025 0.014 -0.036 -0.008 -0.007 -0.006
[0.027] [0.019] [0.023] [0.024] [0.009] [0.023] [0.021] [0.018] [0.012]
Nationalist Party Support in 2003 0.232 -0.332 0.490 0.278 -0.270 0.509 -0.099 -0.088 -0.013
[0.452] [0.222] [0.511] [0.477] [0.167] [0.520] [0.193] [0.132] [0.129]
Socioeconomic city-level controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 625 625 625 625 625 625 625 625 625

Notes: Unit of observation is a city. Logarithm of any variable is calculated with 1 added inside. Socioeconomic city-level controls include logarithm of population according to 2010
Russian Census, age cohort controls (the number of people aged 25-29, 30-34, 35-39, 40-44, 45-49, 50 and older, in each city according to 2010 Russian Census), share of population
with higher education in each of the age cohorts according to 2010 Russian Census, dummy for regional center, log (average wage in 2011), dummy for the existence of a university in
a city, log (Odnoklassniki users in 2014), ethnic fractionalization according to 2010 Russian Census. Robust standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1.
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Questionnaire

Q0. Which city have you been living in for the last 6 months?
List of cities

Q1. How often do you use social networks?
One answer

Not at all [skip to question 3]
Once a month or less

Once a week

Every day or almost every day
Several times a day

I’m using social networks nonstop

AN (WIN (=

Q2. Which of the following social networks do you use?
Several answers possible + rotation

VKontakte

Facebook
Odnoklassniki.ru
LiveJournal

Twitter

98 Other (please specify)

VN(H(WIN(=

Q3. Which websites do you visit most often?
One answer

1 News and analytics websites

2 Social networks

3 Games and entertainment websites
4

5

Online stores
Search engines
98 Other

99 Unsure

Q4. On social networks, do you use your real name or an alias?
One answer



1 Real name

2 An alias, for privacy concerns

3 An alias, but for a reason other than privacy concerns

Q5. How many friends/followers do you have in social networks?

One answer

Less than 10

10-100

100-250

250-500

500-1000

AN (WIN(=

More than 1000

Q6. Do you agree with the statement “I get a lot of important news from social networks”?

One answer

Agree

Somewhat agree

Somewhat disagree

BIWIN|(=

Disagree

Q7. Do you agree with the statement “Social networks help me find people with similar

interests”?
One answer

Agree

Somewhat agree

Somewhat disagree

BIWIN|=

Disagree

Q8. Do you agree with the statement “In social networks, people are more sincere than in real

life”?
One answer
1 Agree
2 Somewhat agree
3 Somewhat disagree
4 Disagree

Q9. To what extent do you trust information in social networks?

One answer



Completely trust [skip to question 10]
Somewhat trust [skip to question 10]
Somewhat distrust [skip to question 11]
Completely distrust [skip to question 11]

BWIN(=

Q10. Why do you trust information in social networks?
Several answers possible

1 People are more sincere in social networks than in real life
2 In social networks one can find a variety of opinions

3 Certain information is only available in social networks

98 Other reason (please specify)

Q11. Why do you distrust information in social networks?
Several answers possible

1 Many users deliberately spread incorrect information
2 Many users unwittingly spread incorrect information
3 Many users play the fool and write rubbish

98 Other reason (please specify)

Q12. In social networks, how often do you encounter:
[scale: A. Very often, B Often, C Occasionally, D Rarely, E Never]
Rotation of statements, one answer

Personal insults

Obviously incorrect information
Extremist statements
Propaganda of violence
Religious propaganda
Pornography

AN (H(WIN (=

Q13. Which modern technology do you use to organize gatherings with friends or acquaintances?
Several answers possible + rotation

Yes, video calls (e.g., Skype)

Yes, messengers embedded in social networks (VKontakte, Facebook, etc)
Yes, standalone messengers (WhatsApp, Telegram, ICQ, etc)

Yes, blogs or public posts in social networks

Yes, SMS (short text messages sent over the phone)

Yes, phone calls

AN (H(WIN(F=

C-4



THERE ARE TWO RANDOMIZED CELLS.

CELL 1 [QUESTION Q14_1]

Q14_1. Please think, which of the following statements you agree with. Without telling which particular
statements you agree with, please specify the number of statements you agree with.

THE ANSWER IS A NUMBER BETWEEN 0 AND 5, ROTATION

1 Each week | usually read at least one newspaper or magazine

2 | want Russia to be a country with high living standard

3 | know the name of the Chairman of the Constitutional Court of the Russian
Federation

4 | feel annoyance or dislike toward some ethnicities

5 Retirement benefits in our country are sufficiently high

CELL 2 [QUESTIONS Q14_2, 15, 16, 17]

Q14 2. Please think, which of the following statements you agree with. Without telling which particular
statements you agree with, please specify the number of statements you agree with.

THE ANSWER IS A NUMBER BETWEEN 0 AND 4, ROTATION

1 Each week | usually read at least one newspaper or magazine

2 | want Russia to be a country with high living standard

3 | know the name of the Chairman of the Constitutional Court of the Russian
Federation

4 Retirement benefits in our country are sufficiently high

Q15. Do you feel annoyance or dislike toward some ethnicities?

One answer
1 Yes
2 No

Q16. In your opinion, which percentage of the survey participants from your city answered “Yes” to
the previous question? If your answer is the most accurate, you will get an additional 100 rubles.
Enter a number with a percentage sign — restrict from 0 to 100

Q17. How certain are you in your answer to the previous question?
SLIDER FROM 0 (COMPLETELY UNCERTAIN) TO 10 (COMPLETELY SURE)



QUESTIONS ON GENDER AND AGE ARE ASKED ON THE TECHNICAL PAGE “CIRCLE”, SURVEY
RESTRICTED TO PEOPLE 18 — 55 YEARS OF AGE

S3. Please specify your education.

One answer

Incomplete secondary

Secondary

Vocational

Incomplete higher

Higher

A NH WIN| =

Doctorate

Not sure

S4. Please specify your occupation (your position).

One answer
1 Director, deputy director
2 Division head (of a branch, shift, department)
3 Specialist with a higher education (medical doctor, teacher, sales manager, engineer, etc)
4 Mid-level employee (secretary, salesperson, security, driver, etc)
5 Creative work (photographer, artist, actor, etc)
6 Small business (owner of a business or individual entrepreneur)
7 Technical or service personnel
8 Worker
9 Military
10 Student
98 Other (please specify)

S5. How would you describe your family’s current financial well-being?

One answer
1 Not enough money even for food
2 Enough money for food, but purchasing clothes is problematic
3 Enough money for food and clothes, but purchasing a TV, a fridge or a washer would be difficult
4 Enough money for major appliances, but we would not be able to buy a new car
5 Enough money for everything except expensive purchases like a country house or an apartment
6 No material difficulties. Can afford to buy a country house or an apartment if necessary




D Theory Proofs

Proof of Lemma 1. First of all, plugging (2) into (1) we get
xg = (a)+ (1 - (D) Tn(i)h) xfl + (1 - (D) (1 - Tn(i)h) uflg)l —|—8;.

Taking the expectation of both sides and using that Ex} = u! (i) We get

By = Exi=(0+(1- ),,(,)h)Ex§*1+(1—a>)(1—1,,(1.);1)“,’1(;)1

_ 1 _ -1
= Ex = My »

and therefore Ex} = Ex? =ul n(i) = Mn(i) for each 1.

We can now iteratively plug in ¥, ~', ¥ ~2,. .. into (7) to get

xp = (w+(1— )n(i)h)tx?
+(1=0) (1=t h) Y, (0+ (1= 0) t,0h) " )

+ Y (04 (1— o) gph) e

(7

®)

Since (0 + (1 — ) ’L'n(i)h) € (0,1), the first term converges to 0 in probability as r — co. The second

term equals

t

1— (0+ (1 - ) T,;h)
(1 - @) (1-7,h) 1— (04 (1-)1,,h)

W) = (i) — (@ + (1= @) Tyyh)" i),

which converges to f,,(;y in probability. Now the last term in (8) is a sum of 7 independent normal
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variables, and thus the sum is also normal. Its mean is zero, and its variance equals

22:1 <<w+(l - o) Tn(i)h)k_l) o; =

This latter term converges to 62 defined by (3) as t — oo, which implies that the sum converges
to .4 (0,0?) in distribution. Since the last term in (8) converges to .4 (0,6?) in distribution,
and the sum of the first two converges to a constant (i, in probability, we have that x; converges
to N (/,L, 62) in distribution as t — oo. The comparative statics results are straightforward, which

completes the proof. B

Proof of Proposition 1. We have:

_ 1 teo (x_lvln)z _ x_.un_
R.(q) = Tmn/q eXp< 07 dx = o, =Y

T Vo /q-u P (_7> &

Now,

ORilg) _ 1 a=t ( (a—w)’
oy, V2n o7 207 ’

which is positive if ¢ > u and negative otherwise. Since by Lemma 1 o, is increasing in 7,, the

result follows immediately. l

Proof of Proposition 2. Using the formula in the proof of Proposition 1 and substituting o,

from (3), we have

y2

1 [+
R.(q) = E/qu"exp <—3) dy

Aol ()
= — exp| — 7% .
21 J4t /1 (0+(1-0)th) P 2 )%




Differentiating with respect to 7, we have

IR, (q) _ 1 g—tnh(1—0)(0+(1—o)1,h)
% V2r o \/1—(a)+(1—w)r,,h)2

1= (0+(1-0)5h)* (-

Differentiating again with respect to @ and simplifying, we have

o'?ZRn(q)_KX h(l —w) (1 —1,h) Xexp(_l—(w+(1—w)fnh)2 (q—ﬂn)2>,

0TI (1—(a)+(1—w)rnh)2>% 2 e
where
K = —143(1-0)(1-1h) — (1 —0)*(1 - 1,h)>
2
+<q;’“‘”> (1—(w+(1— ®)7 h))(a)+hrn ohT,)>

= —143(1—0)(1=1h) —(1—0)* (1 —1,h)*+ (q_“">2(a)+hrn—whrn)2.

n

> 2
Notice that %f’é(g)) has the same sign as K. If o =1, K = (%) — 1, which is negative if

By continuity, for any such g there is @ < 1 such that for all ® € (®,1), K <0,

q € (Un, Uy + Op).
2R ()
01,00

and in this case < 0. This completes the proof. B

Lemma 2. Let F (-) and f (-) be the c.d.f. and p.d.f. of the standard normal distribution. Then:
(i) ¢ (x) = % is increasing in x;
(ii) for x > 0, ¢( ) is decreasing in x;

(iii) for x > 0, ( ) M'

X

(iv) for x > 0, d¢
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(v) for 0 < x < min{l,y},

o0 _ _
e ¢ (y)+exp((y x)z(y+x))_1>0’
T2 0'0)

provided that the denominator is positive;

(vi) for 0 < x <y,

—x)O+x)
—M_¢/(y)+exp(—2 )—1<O,

provided that the denominator is positive.

Proof of Lemma 2. The proofs of these mathematical statements are quite long and cum-

bersome and are available upon request. The reader can easily verify these claims graphically.

Proof of Proposition 3. First of all, define

H(y) = h(y) ify>0;

—h(—y) ify<0;
then H (y) is a strictly increasing odd function. It is easy to see that the difference in direct costs of
an individual with position x; to give answer Y as compared to N to the question whether x; exceeds
g equals B(x;) =C;(Y)—C;(N) = H(g—x;). Indeed, if x; < ¢ then saying N is costless whereas
the cost of saying Y is h (g —x;); if x; > ¢ then saying Y is costless while the cost of saying N is

h(x; —q) = —H (¢ — x;), so the difference is /(¢ — x;) in this case as well.

Let us show that if in an equilibrium individual i with type x; weakly prefers d; =Y, then
any individual k with type x; > x; strictly prefers d; =Y. This follows immediately from that the

social cost of the individuals does not depend on their type, and the differences in the direct costs
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equal H (¢ —x;) and H (g — xi), respectively. Since H (-) is strictly increasing, the difference for
agent k is smaller, so the decision d; =Y involves less cost and the resut follows. This implies, in
particular, that every equilibrium must take the form of a cutoff z, with individuals with type x; > z
choosing d; =Y in equilibrium, wherease those with type x; < z choosing d; = N.

Let us now take a closer look at the social costs S; (N) and S; (Y) given the cutoff z. We have

- 2
S(N) = /_NE_,@(X_y)|x<z)%exp<_%>d

= © [ ¥ (=) Zlnoexp< ) 1 (y_.u)2 d

! /w F<ZT“> NoT T <_ 202 >
1 Z 1 ( i )2

i F(%)/wx/ﬁcep< 261; ) (x)dx,

where the term

Y 1 (y—u)’
_y/w(x_y)z\/ﬁoexp<— 762 )d

captures the social cost an individual whose type is known to be x from interacting with a random

individual y. Our assumption that g (-) is quadratic allows us to compute this integral explicitly:

0 2
K0 = 7 (Pt o -2 0 m) e (__@26*;) >dy
= 7(<x—u)2+62)-



Thus,

where we used the fact that %C (F (x) —xf (x)) = x>f (x). We can similarly find

e (p
S; (Y) = yo? (2+%) ,

and therefore

r(s)

-y )

S(x,') :S,'(Y) —S,’(N) = ’}’62

In equilibrium, the individual with type z is indifferent between choosing ¥ and N. For this

type,

D-6



It is straightforward to check, using the results of Lemma 2 about function ¢ (-), that for the
examples in footnote 17 this function U; (Y) — U; (N) is monotonically increasing in z from —eo
to oo and therefore has a unique root. It is straightforward to check that if ¢ = u, then this root is
z=gq. Now, since U; (Y) — U; (N) is decreasing in ¢, it must be that for ¢ > u we have z > ¢ and
for g < u we have z < q.

In what follows, assume that ¢ > p. Since ¢ (-) is an increasing functions, U; (Y) — U; (N) is
increasing in U, and as noted above it is decreasing in g. Furthermore, the latter term may be
rewritten as Y (z — ,u)zyiz (v), and by property (ii) of Lemma 2, this term is decreasing in y and
therefore increasing in o, which implies that U; (Y) — U; (N) is decreasing in 6. Consequently, the

equilibrium cutoff z is increasing in ¢ and ¢ and decreasing in U.

These results imply the following about the equilibrium share of types above z, which is equal

. ﬂ . . . . . . . .
top=1—-F ( > ) If g increases, then p decreases, because z is increasing in g. Similarly, if y
increases, then p increases. The comparative statics with respect to ¢ is ambiguous, because %

may increase or decrease (since z is increasing in o), and one can easily construct examples with

with positive and negative effects. ll

Proof of Proposition 4. Let y =1—F <%) and, as in the previous proof, let p =1 —

F <ﬂ>, let us prove that ¥ — p is unambiguously increasing in 0. Indeed, we have

oo ()1 ()
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We have

TN A/~
Hw: —
_Tu _
/Q(\ R
/N =
-~ &
_ =. |
—~—~ || =
= ™ |T26
A/~ b — v
= I~ ~
[ >~~—— | W
—
Ml\/l\ﬂ.l/(z\
d_G + | o ~—
T /N > e
N N —" O
3| = - ~—
[l | |b >~ 3.
> S =N _26
(/I\_Z_Oq
~ _ > +
_ \}I_I\I/
7/ N 3. N
= || & ||
11O w | o e
o ~— W ~_—

7~ N7 N7 N7 N

N—— — 7 N~

=

o
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and then by the implicit function theorem we get:

d (z—q\ _ 1ldz z—¢q
(5 = s
209 () —re-we (),
° H(—q)-yo0 (F) o
120 () 10w () - o -+ -9 o0 (S
o H'(Z—Q)—YG‘P'(Z_T)
B 12?’62¢<%)—76(q—u)¢’<%)—(z—q)H'(z_q)
d H (e q) 100’ ()
1 20% () —yolg- e () ~H—q)
S ﬁH(Z—CI)—YWP’(Z%“)

where we used (z—¢q)H' (z—q) = H(z—q) given the linearity assumption. The problem then

reduces to proving that

o0) _ g —X X
- ‘7’<y>+exp(<y (& >)_1>O,
yTx—¢/(Y)
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which holds by Lemma 2 part (v).

To prove the comparative statics with respect to u, consider

() (738)) = (5 (5) (%)

AR () () ()
- (a0 () ()
D) () )

We have

dz —yo¢’ (%)
T —

y—x)+x)
—M_¢/(y)+eXp(—2 )—1<O,

which is true by Lemma 2 part (vi). B

Proof of Proposition 5. Denote s = b~ (c); then the measure of single-perpetrator crimes
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committed in a given period in city z is

= 1 (x—pn)*
Cn = K / —F—€X —_—— d.x
! ')y Varo, P ( 207

= €X —— .
L o p ) y

On

We will prove the result for CY; the proof for multiple-perpetrator crimes Cj is analogous.

We notice that 7, affects C} through o, only. Differentiating with respect to 7,, we have

o 1 s—p, exp (_(S—un)2> 90,

207 a1,

=K
2T, T o?

which is positive whenever s > u,,. We also have

aC 1 — )
e <_M)

which is also positive. Lastly,

92C, 1 (s—pn)*— o2 (_(s—un)2> 90,

=K n ,
U, 07T, T ol P 207 o1,

which is positive, provided that s > U, + 6,,. This completes the proof. B
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