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We provide evidence that the de facto effects of President Trump’s campaign rhetoric and vague

How have Donald Trump’s rhetoric and policies affected Arab and Muslim American behavior?

policy positions extended beyond the direct effects of his executive orders. We present findings
from three data sources — television news coverage, social media activity, and a survey —to evaluate whether
Arab and Muslim Americans reduced their online visibility and retreated from public life. Our results
provide evidence that they withdrew from public view: (1) Shared locations on Twitter dropped
approximately 10 to 20% among users with Arabic-sounding names after major campaign and election
events and (2) Muslim survey respondents reported increased public space avoidance.

discrimination? Do they retreat from public

life or increase their visibility? One body of
research indicates that they are worse off psychologi-
cally when they perceive greater discrimination or when
members of their group are devalued in popular culture
(Branscombe, Schmitt, and Harvey 1999; Crocker and
Major 1989). Those minorities who see prejudice as
indications of rejection by the dominant group may
internalize negative evaluations, exhibit lower levels of
self-esteem, and participate in fewer civic activities
(Branscombe, Schmitt, and Harvey 1999; Oskooii
2016). In contrast, members of stigmatized groups may
react to the dominant group’s negative assessments of
them by cultivating positive self-esteem and increasing
their involvement in activities that enhance their group
status (Branscombe, Schmitt, and Harvey 1999; Crocker
et al. 1989; Crocker and Major 1989; Oskooii 2016).

In this paper, we address the following question: How
have Arab and Muslim Americans responded in the
public sphere to the widespread national focus on them
in the wake of the 2016 presidential campaign? The
election season saw presidential front-runners deliver
considerable doses of anti-Muslim rhetoric, with
Donald Trump proposing a ban on Muslims from
entering the country, a national database of all Muslims
in the United States, and the wholesale surveillance of
mosques; Ben Carson arguing that a Muslim should
never be president; and Ted Cruz running on a platform
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to empower law enforcement to patrol and secure
Muslim neighborhoods. Muslim Americans, in turn,
experienced unprecedented amounts of discrimination,
with imams across the country recommending that they
may take extraordinary measures to protect their
physical safety and decrease their visibility, such as by
taking off the hijab (Calfano, Lajevardi, and Michelson
2017).

Yet, we do not actually know whether US Muslims
and Arabs followed recommendations from com-
munity leaders to hide their identity and stay out of the
public eye. On the one hand, we might expect dis-
crimination to cause some people to retreat from the
public sphere because discrimination is extremely
hurtful. Some members of marginalized groups may
avoid public exposure when the rhetoric is negative
and is disproportionately concentrated on them to
avoid feeling attacked or judged. And, there is evi-
dence that in times of heightened discrimination
American Muslims previously have responded by
retreating. For example, surveillance programs after 9/
11 led to a chilling effect, increased anxiety and
depression, and post-traumatic stress disorder among
Arab and Muslim Americans (Abu-Raiya, Pargament,
and Mahoney 2011; ACLU 2017; Amer 2005; Shamas
and Arastu 2013).

However, this retreat from public spheres is not a
foregone conclusion. Scholarly work in political science
also has shown that in some cases discrimination can
powerfully motivate groups, such as Blacks, Asian
Americans, and Latinos, to become more engaged in
the public sphere and in politics (Barreto and Woods
2005; Pantoja, Ramirez, and Segura 2001; Parker 2009;
Ramakrishnan 2005; Ramirez 2007; Walker and
Garcia-Castaifion 2017). Latinos, in particular, have
responded to threat and anti-immigration and anti-
Latino sentiment by naturalizing, acquiring more
political information, protesting, and increasing their
rates of turnout (Barreto et al. 2009; Pantoja, Ramirez,
and Segura 2001; Pantoja and Segura 2003). Similarly,
anecdotes about American Muslims in the 2016 election
season suggest that a subset responded to the hostile
sociopolitical context by mobilizing; some increased
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their political participation, others started a political
action committee, many began writing about politics
and Islam on blogs, and a few even ran for political
office.! And, prior to the 2016 election, Oskooii (2016)
found that Muslims reported becoming more active in
response to political discrimination; they increasingly
registered to vote, protested, and attended political
meetings.

Nonetheless, little evidence exists to test how the 2016
campaign’s hostile environment affected Arab and
Muslim American behavior at the macro- and indi-
vidual levels because rich, systematic, and aggregate
data on them is not as readily available as it is for other
stigmatized groups (Calfano, Lajevardi, and Michelson
2017). This is in part because the US Census does not
collect information on religion and those from the
Middle East and North Africa must indicate that they
are White.”

In this paper, we overcome these data limitations and
analyze public space avoidance among Arab and
Muslim Americans in day-to-day and non-political
settings by bringing together several data sources: (1)
television news coverage of Muslims; (2) social media
activity of individuals with Arabic names (both
Americans and US residents); and (3) a survey of
Muslim Americans. Specifically, we explore whether
Arab and Muslim Americans reduced their online
visibility and retreated from public life. Together, our
results provide macro- and individual-level evidence
that Arab and Muslim Americans at least temporarily
reduced their visibility in public spaces, both online and
offline. We show that this segregation, a previously
unmeasured phenomenon, occurred quickly after
major presidential campaign events.

MEDIA DISCUSSION OF MUSLIMS

As abaseline, our analysis first evaluates news coverage
throughout the 2016 election season to identify the
major events that were connected to Muslim Americans
in order to discern which events and what rhetoric were
promulgated against them, and most importantly, when.

We summarize major events and news coverage
related to Muslim Americans throughout the presi-
dential election by analyzing a large corpus of television
news transcripts. We are interested in identifying
important events and rhetoric that may have negatively
impacted Arab and Muslim Americans. As such, we
concentrate on specific, concentrated, and highly salient
events that could have affected their behavior. This
approach allows us to link specific events that were more
highly covered than others in the media to specific dates

! https://www.theatlantic.com/politics/archive/2016/08/muslim-
women-trump-islamophobia-ghazala-khan/496925/.

2 The lack of quality data is further exacerbated because surveying
Muslim respondents is now more difficult than ever. For example,
when contacted to participate in a study by an advocacy group after the
election, some Muslim respondents feared that they were being
registered in Donald Trump’s promised “Muslim registry” (Calfano,
Lajevardi, and Michelson 2017).

and then to observed changes in Arab and Muslim
behavior on a social media platform. Without con-
centrated events, or with too many events, this task is
made much more difficult. We also want to test whether
we can associate important campaign events with
changes in social media behavior in an automated way.
In other words, we allow the news coverage to dictate
which events are the most salient. This allows us to
associate campaign rhetoric and Arab and Muslim
American behavior without assuming that a specific
date or event is important ex ante.

To summarize media coverage, we downloaded the
universe of available broadcast transcripts from CNN,
Fox News, and MSNBC on Lexis Nexis Academic from
January 2015 to March 2017. We searched for all
mentions of the word “Muslim” in each transcript and
created a term-document matrix limited only to the
mention sentence, as well as the sentences before and
after.

With this data, we then used a method developed by
Hobbs (2017) to scale the text using a combination of a
standardized word co-occurrence matrix and word
counts.” This method orders each of the output
dimensions by their contribution to variance in the data,
similar to a principal component analysis. While com-
parable to other text as data techniques, this method has
the additional benefit of upweighting very common
words so that it effectively summarizes short text on a
focused topic (e.g., here, a few sentences on “Muslims”
in the news media). A specific advantage of this and
other scaling methods over topic models (Blei, Ng, and
Jordan 2003; Roberts, Stewart, and Tingley 2014) is that
the user does not have to specify the number of topics
and therefore has very little control over the output. The
output, moreover, will ultimately guide us in deciding
which events to examine in our social media analysis.

Table 1 displays the keywords of the dimensions
extracted using this process.* A substantial amount of
discussion of Muslims in the transcripts focused on the
Middle East and both international and domestic ter-
rorism. Domestic-focused coverage on Muslim Amer-
icans and US politics concentrated on three major
events: (1) Donald Trump’s proposed “Muslim ban”
and immigration policy, (2) Khizr Khan’s speech at the
Democratic National Convention, and, to a much lesser
extent, (3) policing and Ted Cruz’s proposal to surveil
Muslim American communities.’ In general, discussion

3 This method is related to familiar text scaling and ideal point
methods used in political science, such as WordFish (Slapin and
Proksch 2008) and Wordscores (Laver, Benoit, and Garry 2003).

* The keywords in this method are identified using the output from one
side of a singular value decomposition. Slightly differently than in
Hobbs (2017), which analyzes open-ended survey responses, the
keywords were identified by multiplying the square root Euclidean
norm of the scores from the word embedding side of the output by the
specific values on the co-occurrence side of the output. This allows us
to summarize highly specific clusters of words, rather than the general
ideas of interest in open-ended survey response summaries. Figures
A.1 and A.2 show the full output on which these keywords are based.
5 The Ted Cruz cluster was prominent during the first half of 2016
(when we first ran this analysis), but faded in importance after the
Republican primaries.

271


https://www.theatlantic.com/politics/archive/2016/08/muslim-women-trump-islamophobia-ghazala-khan/496925/
https://www.theatlantic.com/politics/archive/2016/08/muslim-women-trump-islamophobia-ghazala-khan/496925/
https://www.cambridge.org/core
https://www.cambridge.org/core/terms
https://doi.org/10.1017/S0003055418000801

Downloaded from https://www.cambridge.org/core. Copenhagen University Library, on 19 Feb 2020 at 11:19:36, subject to the Cambridge Core terms of use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0003055418000801

William Hobbs and Nazita Lajevardi

TABLE 1. Words Appearing with Mentions of “Muslim(s)” in Television News Coverage
Words appearing with mention of “Muslim(s)” in news coverage

Dimension 1 Dimension 2 Dimension 5
Mexicans Brussels Temporary Soldier e Police
Wall Mosques Immigration Khan . Cruz
Latinos Paris Countries Iraq .. Ted
Trump Young Different Gold Neighborhoods
Entering Bernardino Entering Killed . Enforcement
Donald San Communities Family e Terror
Ban Law Idea Father . State
Women Within Shutdown Star . Surveillance
Muslims Europe Complete Parents . Belgium
Judge Extremism Total Fallen Intelligence
Mexican Places Problem Convention Correspondent
Khan Victims Proposed Son .. Patrol
Shutdown Violent Sort Captain . Plan
Banning Enforcement Radical Women Security
Ryan Acts Policy Muslim . Former
The dimensions in this figure were estimated using Hobbs (2017)’s text scaling method. The method is similar to principal component
analysis. The first dimension of the output identifies a split between coverage of the US presidential campaign and coverage of terrorist
attacks. The second dimension of the output shows discussion of Donald Trump’s proposed “Muslim Ban.” These remaining dimensions are
displayed in the appendix.

of Muslims was closely associated with mentions of
Mexicans, Donald Trump’s proposed Mexican border
wall, women, and immigrants.

Overall, this text analysis suggests that Trump’s
“Muslim ban” comments were much more salient than
any other campaign events. To further evaluate the
salience of the “Muslim ban” discussion, we compare
mentions of “Muslim ban” on all of Twitter® to any
mention of “Muslim” in the news media. As Figure A.3
shows, mentions of “Muslim” in any context in the
media were closely related to “Muslim ban” discussions
on Twitter.

EVIDENCE FROM TWITTER

Next, we turn to our substantive question of interest:
How did Arab and Muslim Americans respond, in the
aggregate, to events and discriminatory rhetoric in the
2016 election season? Specifically, we evaluate whether
the visibility of Arab and Muslim activity on Twitter
shifted at all in relation to salient events highlighted in
the previous section, such as the “Muslim ban.”

We assembled a corpus of all geotagged tweets in the
United States from 2015 through the middle of February
2017 to identify Arabic-named Twitter users who
shared their precise location on the site.” Because

 Mentions were collected using Crimson Hexagon, rather than the
Streaming APL

7 These geotagged tweets were collected from Twitter’s public
streaming API by setting aboundary box around the United States and
collecting tweets appearing within that box as they were posted to the
site. When restricted to the United States, the output of this method
falls below the API limit.
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Muslims are a diverse group on national origin and
racial dimensions, and because there is no distinctly
Muslim dictionary that encompasses possible Muslim
names, we use a name dictionary with distinctively
Arabic names as a loose proxy for “Muslim.”®

After identifying those accounts belonging to indi-
viduals with Arabic names, we reduced the number of
accounts to US-only users by parsing locations shared
in the Twitter account profiles. This allowed us to
remove users who posted a tweet from the United
States, but who lived elsewhere. We did not use
language as our primary filtering method because the
language of tweets is algorithmically assigned by
Twitter and these language assignments often change
abruptly (although, as we describe below, we do use
this information in a robustness check in the appen-
dix). This name- and location-based filtering method
identified 3,845 geotagging Twitter users for our
study.

Many of these precise locations are shared through
services other than Twitter, such as Foursquare and
Instagram.’ For example, Foursquare shares appear
with the words “I'm at” by default and tend to be

8 We believe that this is the best—though admittedly imperfect—way
of observing online Muslim activity. While many Arabs are Christian,
the US Arab Muslim population has grown rapidly with the removal
of the quota system and more lenient immigration laws. Combined
with the fact that the United States admitted a record number of Arab
Muslim refugees in 2016, it is likely the case that many of these users
are Muslim. Moreover, we guess that around 1 of 4 of these accounts
are Black Americans’ with names of Arabic origin. This aligns nearly
perfectly with the Pew Research Center’s estimates of the Black
Muslim population in America: 20%.

9 The original source of a tweet s provided in the data from the Twitter
APIL
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The vertical red lines are (1) Donald Trump’s statement “calling for a total and complete shutdown of Muslims entering the United States,” (2)
the 2016 election, and (3) the first executive order “Muslim ban.” Total number of unique geo-tagged, Arabic sounding named users with US
location in profile, August 2015 through mid February 2017: 3,845. Automatically detected time series breaks are shown as dotted lines.
December 2 was the San Bernardino terror attack and the event that immediately preceded Donald Trump’s Muslim ban statement on

December 7. On December 2nd, Donald Trump’s statements included that many people witnessed Muslims celebrating on their roofs after
the 9/11 attack'" and that to defeat ISIS terrorists “you have to take out their families”.'? The time series was smoothed (bold line) using an

adjustment for weekly seasonality.

restaurant visits and ordinary social activities. Insta-
gram posts are accompanied by a photograph and can
be associated with the location of the photograph.
Geotags from these sites accounted for 73% of the data
(57% Instagram and 16% Foursquare).

We observe these precise geotags over time as a proxy
for (1) how much US Arabs were out in public places
during and after the 2016 presidential campaign and (2)
whether they publicly shared their exact location or
adjusted their visibility by altering their privacy settings
to hide it. More broadly, alterations in privacy settings
measure concern for personal safety among Arab
Americans and residents. This proxy reflects warnings
by the US Army and others that sharing location online
compromises 1nd1v1dua1 and family privacy and per-
sonal security.'”

Figure 1 displays the number of daily unique geo-
tagging Arabic-named US-based users from August
2015 through February 2017 and allows us to assess
whether US Arabs avoid public spaces or altered their
privacy settings to adjust their visibility. The purple
line denotes that shared locations by Arabic-named
Twitter users dropped by 10 to 20% after December
2015 and 10% between the 2016 election and Donald
Trump’s “Muslim ban” executive order in January
2017.

To avoid imposing specific dates for the time series
discontinuities and to assess whether structural breaks
in the time series lined up with media coverage of
Muslims in the 2016 campaign, we used the automated

10 https://www.army.mil/article/75165/
geotagging_poses_security_risks.

break point identification method described in Bai and
Perron (2003) to identify discontinuities in the data.
With the number of break points set to 2, December 2,
2015, and November 14, 2016, were identified as break
points in the time series. December 2 was the San
Bernardino terror attack and the event that immedi-
ately preceded Donald Trump’s “Muslim ban” state-
ment on December 7. On December 2, Donald Trump’s
statements included that many people witnessed
Muslims celebrating on their roofs after the 9/11 attack !
and that to defeat ISIS terrorists “you have to take out
their families.”'? A decline in the geotags begins on
December 2 and then drops around 10% within a
few days after the “Muslim ban” statement. We once
again observe declines in geotags after the date of the
2016 presidential election, which continue into 2017.
That these drops occurred immediately after major
campaign statements and election events is suggestive
that campaign rhetoric negatively affected Arab and
Muslim Americans, who responded by reducing their
visibility. It is still important to rule out alternate
explanations, however. In particular, some Instagram
users were logged out of their accounts on December 2
and received 1ncorrect error messages when they tried
to log back in.'? In the appendix, we assess whether this
bug could have driven the observed drop on December
2, and find a large drop among Arabic speakers with

1 https://twitter.com/realdonaldtrump/status/672149956208271360.
12 http://insider.foxnews.com/2015/12/02/donald-trump-fox-and-
friends-we-have-take-out-isis-terrorists-families.

13 https://www.independent.co.uk/life-style/gadgets-and-tech/news/
instagram-hacked-changed-password-a6759046.html.
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Arabic-sounding names on both Instagram and other
platforms, along with a drop among all people with
Arabic-sounding names for geotags not from Insta-
gram. These same drops in activity were smaller or
absent in a matched control group, despite the control
group potentially containing other minorities due to a
requirement that users have names unique at the state
level (see appendix for details). This increases our
confidence that the sustained drop was driven by the
December 2 San Bernardino attack and rhetoric sur-
rounding it, including the December 7 ban statement,
rather than the Instagram software glitch.

Another lingering concern is that geolocated tweets
constitute less than 1% of all tweets on Twitter and are
not representative of the overall population of Twitter
users (Sloan and Morgan 2015). As a robustness check,
we include in the appendix an analysis of the repre-
sentativeness of the sample by replicating our analysis
with users who were linked to voter records.'* This
dataincludes basicdemographicinformation on those
individuals with distinctively Arabic names in our
study, and we show that they very closely resemble the
racial identification of Muslim Americans in separate
research by the Pew Research Center.'” Our analysis
of the voter record data shows drops in activity among
people with Arabic names in early December, but not
after the 2016 election. This suggests that the drop in
early December applied to both citizens and non-
citizens, while the decline after the 2016 election
might have been specific to noncitizens. However,
these tests are not well powered among this small
subset of users with both unique names and arecordin
the voter file, at least when compared to drops among
others with uncommon names and similar demographic
characteristics.

Finally, we note that although the number of geo-
tagging Arabic named users declined, some users began
posting more geotagged tweets after the 2016 election
(see Figure A.6). However, these spikes in activity
sharply declined with the January 2017 announcement
that the administration would soon sign the executive
order temporarily halting refugee immigration and
from some Muslim-majority countries.'® These tweets

14 Because geotagging Twitter users are a small subset of the Twitter
population, we include in the appendix descriptive statistics for the
Arabic-named Twitter users who could be uniquely linked to voter
records. These users were dramatically more male than female due to
our Arabic-sounding name filter, but closely matched Pew’s published
estimates of the racial makeup of American Muslims and geotagging
users in our sample were about the same age as the average for all
Arabic-sounding name users on Twitter. Previous analyses have
shown that geotagging users are typically much younger than the
average Twitter user and that geotagging varies by language and
location (Sloan and Morgan 2015), but we do not see a difference in
our sample. Note that our results are themselves also a demographic
difference in geotagging; those with Arabic names have geotagged less
over time.

IS http://www.pewforum.org/2017/07/26/demographic-portrait-of-
muslim-americans/.

16 Figure A.5 shows that state-level geotags (e.g., Los Angeles, Cal-
ifornia, rather than a specific latitude and longitude) spiked both after
the 2016 election and before the executive order.
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were not obviously political. We show a text analysis in
the appendix, where all dimensions appear to be related
to location or leisure activities.

These asides notwithstanding, the results presented
in this section together provide macro-level evidence
that US-based Arabic-named Twitter users altered their
privacy settings and reduced their visibility in response
to salient events occurring throughout the 2016 presi-
dential campaign and election; namely Donald Trump’s
“Muslim ban” statement (along with other statements
preceding it) and the election date itself. This decreased
visibility and segregation from ordinary society,
moreover, occurred quickly and lasted for months at
each of the two timepoints examined.

SURVEY OF MUSLIM AMERICANS

Next, we turn to a survey on Muslim Americans to
explore whether the macro-level phenomenon of
Arabic named Twitter users reducing their visibility
can be substantiated at the individual level. There are
reasons to expect that experiences with societal dis-
crimination would lead Muslim Americans to avoid
or withdraw from public spaces. Oskooii (2016)
emphasizes the need for scholars to contemplate
that discrimination may result in divergent outcomes,
depending on the type of discrimination being
examined; when faced with direct societal, rather than
political, discrimination, Oskooii (2016) finds that US
Muslims participate in politics less. While we are not
looking at reductions in political participation,
Oskooii (2016) lays important groundwork for theory
building.

Over the time period studied, important and dis-
criminatory rhetoric arguably had fostered a hostile
environment, where acts that openly targeted minor-
ities became more commonplace. Scholarly evidence
suggests that Trump’s racist speech normalized ordi-
nary people adopting similar language; Schaffner
(2018) finds that being exposed to Trump’s quotes
causes individuals to say more offensive things, not only
about the groups Trump targeted, but about other
identity groups as well. There is also evidence that
dehumanizing and anti-Muslim attitudes shaped Trump
support in the 2016 election (Lajevardi and Abrajano
2018; Lajevardi and Oskooii 2018). Considering these
reasons and the increasing rate of hate crimes against
Muslims that manifested after the election (SPLC2017),
itis entirely conceivable that the environment made US
Muslims concerned for their interactions with ordinary
society, reduce their visibility, and less willing to pub-
licly share their information online.

We briefly detail results from a survey on 208 Muslim
Americans in February 2017 conducted through Survey
Sampling International. We designed the survey to
evaluate whether Muslim Americans reported avoid-
ance and segregation behaviors during the 2016 cam-
paign season. We note that there are two important
downsides to an opt-in survey of this nature: (1) The
survey does not allow for much inference because the
sample is small and because it was only administered in
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one wave, and (2) respondents are not at all guaranteed
to be representative of the US Muslim population.'’
However, the survey serves to corroborate or dispel the
findings presented so far.

We find that Muslim Americans reported having
responded to discrimination in the public sphere during
this time period by retreating. Reflecting on their
behavior over the past 12 months, respondents across
the board self-reported that they had avoided inter-
actions with members of other groups, avoided inter-
actions with members of other political parties, limited
their posts on social media, and less frequently visited
public places (such as restaurants, shopping malls, and
parks) more than once in a while (see Table A.10). In
line with the scholarship on foreign and American
Muslims, we also explore how religiosity (Barreto
and Bozonelos 2009; Barreto and Dana 2008; Dana,
Barreto, and Oskooii 2011; Dana, Wilcox-Archuleta,
and Barreto 2017; Jamal 2005; Oskooii and Dana 2018)
and linked fate (Barreto and Bozonelos 2009; Barreto,
Masuoka, and Sanchez 2008) affected self-reported
avoidance shifts in behavior."® Similar to other stud-
ies, we find that more religious respondents and those
with high linked fate are more insulated; they were
significantly more likely than their counterparts to
report avoidance behaviors (see Figure A.7).

We triangulate the results from the Twitter and voter
record analyses with the survey, which provides further
corroborating individual-level evidence that US Mus-
lims are retreating. Future research should unpack the
mechanism behind this decline in visibility. While we
posit that the withdrawal we observe may be due to
feelings of threat that individuals in ordinary society are
targeting them, we cannot be sure. Our results only
speak to the fact that the avoidance behaviors reported
in the survey extend to both the social and political
contexts, and support the observed drops in Twitter
geotags and tweets.

IMPLICATIONS

While these findings are far from the final say on how
Arab and Muslim Americans have responded to the
negative rhetoric and policies fostered in the 2016
presidential election, they are instructive. Our work
makes several contributions to the existing literature on
the macro-level measurement of Arab and Muslim
American behavior. For the most part, studies have not
evaluated macro-level Arab and Muslim American
behavior because demographic and statistical data on
this group does not readily exist and is very difficult to
assemble (see Cho, Gimpel, and Wu (2006) for an

17 See footnote 2 and Calfano, Lajevardi, and Michelson (2017) for a
discussion on the difficulties of surveying Muslim Americans.

18 More detailed explanations of the variables, their coding, and their
limitations can be found in the appendix. We note that this question is
atrisk of being highly unreliable insofar as it is a self-reported measure,
which asks respondents to reflect on their behavior over the past year.
We present these results to provide suggestive and triangulating,
rather than conclusive, evidence.

important exception). By examining the universe of
available Twitter accounts geolocating to the United
States and subsetting to probable US “Arab” and
“Muslim” accounts, we provide a unique way of iden-
tifying and tracing whether their ordinary social activity
became more or less visible without relying on self-
reported data. We note that scholars examining hard to
reach populations—and especially those about whom
information cannot be readily acquired—can be well
served by testing hypotheses against findings from
multiple data sources.

Our results provide insight into a central question
surrounding the consequences of the 2016 election
campaign: Did Arab and Muslim Americans respond to
rampant discrimination by retreating from public life or
by increasing their visibility? We utilize individual- and
macro-level evidence to demonstrate that they at least
temporarily altered their behavior and retreated, in light
of the discrimination they faced throughout the 2016
presidential election season. This paper is the first to
demonstrate that this discrimination may have resulted
in isolating and restrictive behaviors; they reduced their
online visibility and reported fading from the public
sphere. While the prevailing wisdom in political science
would lead us to expect members of stigmatized com-
munities to take action rather than resign from the public
sphere in light of political discrimination, this study
provides further support for Oskooii (2016)’s theory that
discrimination may result in divergent outcomes.

Our findings also demonstrate that retreat from
publicspaces can occur in a matter of days to weeks after
a major political event and can be sustained for
many months, perhaps even years, after the event.
Nevertheless, the study of perceived discrimination is
complex (Oskooii 2016), and we therefore need more
research to better understand the conditions under
which discrimination ignites activism or results in
withdrawal from sociopolitical life. Future studies will
also be well served by implementing survey experi-
ments that manipulate direct and indirect exposure to
varying levels of societal and political discrimination,
which would only build a more robust scholarship on the
findings presented here.

SUPPLEMENTARY MATERIAL

To view supplementary material for this article, please

visit https://doi.org/10.1017/S0003055418000801.
Replication materials can be found on Dataverse at:

https://doi.org/10.7910/DVN/SEOCQO.
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Transcript text analysis — supplemental figures and tables
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colors are used only to make the figure somewhat easier to read and are not used in the analyses.
The ‘specific’ keywords in the Table A1 are based on the numeric values on the x and y axes
of this output multiplied by the weight of the words in the overall scaling output.
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Figure A2: Word count view of word clusters - top 2 dimensions. Colors are from posthoc k
means clustering that used 10 clusters on the top 10 dimensions of the output. These colors
are used only to make the figure somewhat easier to read and are not used in the analyses. The
‘common’ keywords in the Table A2 are based on the numeric values on the x and y axes of
this output multiplied by the weight of the words in the overall scaling output.



[V 9IqEL

SIK)Iewt
SIOpUSLJO
uronpas
9SoWBUIAIA
Surdofe
pIemorq
Iorewt
oxrd

sprel
SaruueIA)
A19)npe
p1AKes
sounye|
uawom
SUBOTXOW

JOWLIOJ
A1mo9s

uerd

[oned
juapuodsariod
QouagI[[oyul
wnisaq
QOUR[[IOAINS
els

J0119)
JUSUIAOIOJU
spooyioqu3reu
P

ZnIo

qorjod

uopuo|
p1&Aes
pagnuspiun
vIqere

Jrewt

pnes
Sures
soAneIuasaIdar
a3y

11°Y
Sunua
sAnunod
€10}
91o[dwos
umopinys

1oy
u9[res
pIeay

uos

ZnIo

[994

ugouwt
Aunuwod
10]

I9Tp[OS

191

SI0M
worqoid
pasu
SoNIUNUIMOD

sisider
UBHSLIYD
dnoi3
sorjod
SUBISLIYD
POOYIaYI0Iq
uQuIoM
BLIAS
AoyIny
ordoad
soune|
wrsnw
SIST
swrsnw
SUBOIXoW

med

Q0 LIoeS
aandwmnsaxd
Ioyeads
O1JBIOOWIP
1oyyey
ureydeo
uonmIISuod
uos
sourwou
syuared
uo[re}
I9Ip[OS
UOTJUIAUOD

ueyy

wisnu
uauIoMm
urejdeo
uos
UOTJUIAUOD
Ua[e)
syuared
Ie)s

Ioyyey
Aqrurey
Pl

p[o3

ben

ueyy
Io1p[oS

Korjod
[eorpel

1108
pasodoid
worqoad
®10
jordwod
umopInys
eopt
SONIUNUITOD
Sunoua
JUSISJJIP
S9IIUNOd
uoneIFruIwr
Arezoduwo)

sjoe
JUSWIOIOJUD
JUSTOTA
SWIMOIA
saoerd
WSTUION X
odoino
Unrmm

me|

ues
ouIpIeuIaq
SunoA

sured
sonbsowt
s[essniq

ueAkl
Suruueq
umopinys
ueyy
uBOIXoUI
o8pnl
suIrysnuI
uswom
ueq
preuop
Sunoyua
dunn
soune[
[rem
SuBOTXoUW

G UOISUAWI(]

 uoISuSWII(]

€ UOISUQWI(]

7 uoIsuawi(q

[ uorsuawI(]

98BI9A00 SMAU UL _ (S)WI[STA],, JO uonuaw Yiim Jurreadde spromAay dgradg




[AACLAD

UBOLIOWE
orewt
oAU
uoIgI[a1
sSury)
uew

19
sjueIZruruIn
A[emoe
SUBOIXOUW
K19A9
A[Tea1
uonodJ
Qwod
uowom

98In0d
SIST
juapuodsarrod
Pa1
ISLIOLI)
Suruueq
syoepe

me|

uuo

[med

1res

Jels

10119}

AIIno9s
qorjod

peyhusprun
aIn3y
pajun
Joquinu
uotyru
SoJe]S
aeIs
Arezodwo)
dnoi3
uonod9[
Surqres
[e103
919[dwod
umopInys
Sunoua

99}
sy
pury

Aqrurey
YI0M
Kepoy
ueouwt
jurod

108]

Arunwwod
A1Ino9s
SONIUNUITOD
191

me|

10]

uoryru
pagnuapiun
qurg

AmyMm
dnoi3
Yoene
Arunuuod
3uro3
sjueISIuIwL
UouoMm
ordoad
SUBOIXOW
wrsnuw

SIST
swrsnu

med
[enuapisaxd
ueorqndaz
sdwnn

uud

moys
OIJBIDOWIP
asnoy
uono9[
Sureo
Aqrurey
1y31uo)
12213
dourwou

ueyy

s1eak
yoene
om]
Ioyyey
Kyred
BLIKS
Kep
bexn
wsnw
SuBOIXoW
dorjod
uawom
ueyy
Arurey
PI

WSTIOIId)
ueow

Korjod
[eorper

210
worqoid
9191dwod
umopInys
SONIUNWIWOD
Bopl
JURIJIp
S9LIUNOd
Sunoua
uoneIIruIwr
Arezodwdy

worqold
pasu
syoene
soerd

me|

[eorpex
SISLIOLIQ)
odoina
dnoi3
Arunwrwod
wejsI

1red
WSLIOLIS)
SoNIUNWWOD
orure|st

JJepIpued
Suruueq
ugdredures
uouI[d
Kyred
Qourmou
sjuBISTWIWIT
UouIoMm
suIrysnu
ueq
preuop
SUBOIXOW
ueorqndal
dwinn
Sunoua

G uoISUAWI(]

 uoISuSWII(]

€ UoISUaWI(]

7 uoIsusawiI(q

[ uoIsuawI(]

98e10A00 Smau Ul _ (S)WI[SnA],, JO uonuaw yim surreadde spiomAay uowruro))




~ ‘ l ‘
| ‘ b " i ! |
o M:ds)“\ ”'V‘"HM‘"(‘LW‘ JL‘M j‘ ‘\h“*“ *P “l‘l ﬂ“ ‘v‘l H!IN 'Aulﬂ leﬂ

—— 'muslim' AND 'ban' (Twitter, logged)
—— ANY 'Muslim' mention (TV news scripts)

]
2016 2017

Mentions (sd)

-2

Date

Figure A3: Comparison of Television News Coverage of Muslims and Twitter mentions of a
Muslim ban. In black, the number of mentions of ‘Muslim’ in the TV news scripts in standard

deviation units; in red, the logged number of mentions of ‘Muslim’ and ‘ban’ on Twitter in
standard deviation units.



Twitter geotagging — voter record replication and control group compar-
isons

In addition to the analysis of all geotags from Twitter users in the United States with Arabic
sounding names, we also analyze a subset of these users who appear in a data set linked to voter
records, as well as a demographically matched control group.

The linked data set was created by a group of researchers affiliated with one of the authors.
The voter records were provided by a commercial vendor and include basic demographic in-
formation including age, gender, and race. The Twitter-linked data set construction followed
these steps:

e Create list of Twitter user IDs appearing in a 10% sample of all of tweets (Twitter “Dec-
ahose”) between January 2014 and June 2015

e Parse Twitter profile for name and U.S. state

e Keep Twitter user IDs with first name and last name that were unique in a state in the
Twitter sample and unique by city and/or state in the voter record

We created a replication sample of Arabic sounding name users by referencing first name
in the voter record data set against the same distinctively Arabic name data used in our main
analyses.

Table A3 shows the demographic comparisons of the geotagging vs. general Twitter sample
for voters with Arabic sounding names. We observe no large demographic differences for the
two groups. This suggests that, in our Arabic name samples, people sharing location in a
user profile (e.g. “I’'m from Texas.”) are demographically similar to those geotagging precise
coordinates.

For the matched control groups, we sampled 50,000 users with similar demographics to
the Twitter users with Arabic sounding names in the voter records. 50,000 demographically
matched Twitter users produced a similar number of geotagging users compared to our Arabic
name sample. The control group was matched on state, gender, age group, and party affiliation.
Age groups were in 5 year increments (e.g. (1985 to 1990)).

Specifically, we calculated the number of Arabic sounding name and total Twitter users for
each combination of state, gender, age group, party affiliation. We sampled individuals pro-
portional to the ratio of Arabic sounding users to total users in each combination, removing
the Arabic sounding users from the sampling stage. This over-sampled individuals with sim-
ilar demographics to the distinctively Arabic named users. In the analyses, we then weighted
individuals following Iacus et al. (2011) according to the same ratios recalculated within the
smaller sample. These users are not matched exactly in the analyses, however, because there
were small differences in who geotags (and we sampled based on having a Twitter account).

This control group appeared to sample users with unusual names because the Arabic sound-
ing name sample was concentrated in states with large populations, increasing the likelihood of
multiple first and last name matches. This potentially over-sampled religious, ethnic, and racial
minorities who might also respond negatively to the campaign rhetoric.

6



Table A3: Descriptive statistics for Arabic sounding name voter sample.
not add to 100 where data is missing for gender and other category for party affiliation and
race/ethnicity. These variables were not available in all states. The Arabic name sample was
more male than female due to the name dictionary. Where we have detailed ethnicity informa-

tion, we do not observe significantly more Middle Eastern men than women on Twitter.

Arabic sounding name voters

Arabic sounding name voters

geotagging on Twitter on Twitter
11/2015 or 12/2015
(unique name in state) (unique name in state)
Age
Mean 33 34
SD 9 13
Gender
Male 74% 72%
Female 26% 26%
Party Affiliation
Democrat 32% 37%
Republican 6% 5%
Top 4 States
California 21% 16%
New York 18% 11%
Texas 13% 9%
Florida 6% 7%
Race/ethnicity (not matched)
White/Caucasian 35% 32%
Black/African-American 17% 21%
N 147 4043

Percentages do



Because of this, we compare this control group to both our original Arabic name sample,
as well as a more precise Arabic name sample who used posted Arabic language tweets at
some point over our observation period. Including Arabic speakers reduces the likelihood of
an incorrect match to someone who is not Muslim. This matters because our Arabic named
sample likely includes many people who are not Muslim and our control sample potentially
includes many other religious and ethnic minorities. This is an additional test where we might
expect a larger (or better measured) effect.

We show the results for both the Arabic name and Arabic name plus Arabic language sam-
ple in Figure A4. For the Arabic name plus language sample, drops on both Instagram and other
platforms are visibly larger than the control group. For the somewhat larger control group in
the figure, the counts are the sums of the users’ weights multiplied by the ratios of the two
group means (Arabic over control) before December 2nd, so that the lines can be seen at the
same level before the drop.
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Figure A4: Drops in Arabic name, Arabic name and language, and Arabic name voter samples
compared to a matched control group by source of tweet.

We evaluate the significance of these differences in the Poisson regression table below (Ta-
ble A4). We add the under-powered voter sample replication to this table as well. This test uses
all geotagged data because there was insufficient data to analyze other platforms separately
from Instagram. The data in the regressions is not multiplied by the ratio of the means because
the models measure relative changes rather than absolute ones.



These tests pick up some declines among the control group, but these changes are smaller
than for the Arabic samples.

In Table A4, the results do not account for some users appearing on more dates than others.
In Table A5, we show quasi-Poisson regressions predicting whether a user was less likely to
geotag at all after December 2nd. These regressions are nearly equivalent to logistic regres-
sions, but the coefficients are more interpretable and can be interpreted as risk ratios (e.g. 10%
less likely to post). Each individual in this analysis is counted twice: once before December
2nd and once after.

Table A4: Change in geotagging in Arabic samples compared to control group — aggregate.
The dependent variable is the number of people geolocating on a given day.

Dependent variable:

Number of users geotagging on a given day

Arabic name, language Arabic name, language Arabic name Arabic name Arabic name, voter
Not Instagram Instagram Not Instagram Instagram All geotags
Arabic —0.98 —2.39 —0.07 —0.52 —2.73
p<0.01 p<0.01 p=0.08 p<0.01 p<0.01
Date >"2015-12-02" —0.01 —0.15 —0.01 —0.15 —0.12
p=0.90 p<0.01 p=0.90 p<0.01 p<0.01
Arabic:Date >''2015-12-02" —0.40 —0.21 —0.22 —0.02 —0.13
p<0.01 p=0.01 p<0.01 p=0.54 p=0.10
Constant 3.66 5.06 3.66 5.06 5.27
p<0.01 p<0.01 p<0.01 p<0.01 p<0.01
Observations 122 122 122 122 122

Table AS: Change in geotagging in Arabic samples compared to control group — individual
level. The dependent variable is whether an individual precisely geolocated at all.

Dependent variable:

One or more geotags

Arabic name, language Arabic name, language Arabic name Arabic name Arabic name, voter
Not Instagram Instagram Not Instagram Instagram All geotags
Arabic 0.08 0.02 0.05 —0.02 0.01
p=0.37 p=0.70 p=042 p=0.39 p=0.86
Date >"2015-12-02" 0.001 —0.20 0.001 —0.20 —0.17
p=0.99 p<0.01 p=0.99 p<0.01 p<0.01
Arabic:Date >'"2015-12-02" —0.12 —0.16 —0.13 —0.01 —0.15
p=0.34 p=0.08 p=0.11 p=0.85 p=0.14
Constant —0.32 —-0.25 —0.32 —-0.25 —-0.24
p<0.01 p<0.01 p<0.01 p<0.01 p<0.01
Observations 546 2,652 946 4,664 2,790

Table A5 shows that more active users contributed to the drop in geotags on platforms
other than Instagram among Arabic named users who used Arabic on Twitter, but that the other
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results were not heavily driven by a small number of people. The coefficient for column one
of the table is near the coefficient in the previous table only after modeling the number of days
active.
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Twitter geotagging — supplemental figures and tables

Coarse (e.g. state-level) geotags
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Figure AS: Other geotagged tweets (i.e. state-level geotags) by Arabic named Twitter users.
The red lines are 1) the 2016 election 2) the executive order.
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Figure A6: Vertical black dotted lines identified using the method described in Bai and Perron
(2003) with the number of breaks set to two. The red lines are 1) the 2016 election 2) the
executive order.
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Survey — Changes in the trends of surveying Muslim Americans in 2016

One of the takeaways from the results presenting changes in geocoded Twitter accounts is that
accounts with Arab names had become less visible around the major political events of the
2016 election year. We substantiate this result in the voter record as well, with the caveat that
after the election, the drops may be limited to non-citizens only.

Here, we provide evidence that it also became increasingly difficult to survey Muslim Amer-
ican respondents throughout the 2016 election year. Between June 2016 - February 2017, we
contracted with Survey Sampling International (SSI) to survey Muslim Americans on three
occasions.

Table A8: Descriptives on Surveying Muslim Americans in Three Data Collection Efforts

Number of Muslims
Number of individuals SSI sent to the survey Number of Muslim
sent to the who consented to the survey | respondents who finished
Dataset Qualtrics survey and identified as Muslim the full survey
June 2016 280 - 204
December 2016 289 169 149
February 2017 1062 - 204

Our first data collection effort was in June 2016, one month before the Republican National
Convention. We contracted with Survey Sampling International (SSI) for a convenience sample
of 200 Muslim American respondents. SSI sent 280 respondents to our survey. Of those who
began the survey, 204 completed the full questionnaire.

Next and in December 2016, one month after the November 2016 election, we once again
contracted with SSI to sample another 200 Muslim American respondents. When we began to
explore the results in January 2017, we found some inconsistencies in the survey responses.
On February 13, 2017, SSI conducted a fraud investigation on the December 2016 dataset and
found that 24.2% of the 289 sample sent to the survey was not Muslim (70 respondents). After
removing these individuals, 169 observations in the dataset identified as Muslim and consented
to the survey. Of the 169 respondents who were Muslim, 149 completed the survey. SSI agreed
to field a third survey for us to correct for the 70 non-Muslim responses.

The third survey was launched on February 24, 2017. The results presented in this paper
come from this third survey. In this survey, individuals were prompted to answer a series
of demographic questions, including identifying their religion. If they selected “Islam,” they
were allowed to continue with the survey. If not, they were excluded from the survey. In
sum, SSI sent 1,062 potential Muslim American respondents to Qualtrics survey, yet only 230
selected Islam as their religion. It remains unknown whether this was because individuals were
afraid of selecting “Islam” as their religion, whether this was because non-Muslims have been
impersonating Muslims on online surveys or whether there is another reason remains unknown.
When all was said and done, SSI recruited 208 completes in 10 days.

As Table A9 indicates, over 750 potential Muslim respondents were sent to the survey in
two days (between February 28, 2017 and March 1, 2017). While we cannot know for certain,
it appears that identifying Muslim respondents who were willing to take the survey proved in-
creasingly more difficult, despite the target number of respondents being very small. Overall,
we present this information as additional evidence demonstrating that reaching Muslim Amer-
icans during the 2016 election year and in its aftermath proved progressively more difficult.
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Table A9: Recruitment Efforts by Date for the Third Survey

Number of individuals
sent to the

Date Qualtrics survey
2/24/17 31
2/25/17 38
2/26/17 36
2/27/17 37
2/28/17 552
3/1/17 205
3/2/17 82
3/3/17 59
3/4/17 21
3/5/17 1

As researchers trying to survey Muslim Americans, using the same survey company that many
other scholars rely on, our anecdotal experience proved that reaching the group as research
subjects became more difficult.
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Survey — Explanation of Variables and Descriptive Table

Respondents were asked to answer a question on their religiosity on a 5 point scale. The ques-
tion was: “How often do you attend religious services at the mosque or masjid?” Possible
answers were: (1) Never, (2) Only on religious holidays, (3) Once a month, (4) Once a week,
and (5) More than once a week. From here, we created a “religious” variable where a value of
1 indicated that the individual respondent attended religious services ‘once a week’ or ‘more
than once a week’ and O if the subject attended the mosque or masjid ‘never,” ‘only on religious
holidays’ or ‘once a month.” In sum, 101 respondents (48.56%) fell into the high religious cat-
egory and 107 respondents (51.54%) into the low religious category. Our linked fate question
asks “Do you think that what happens to Muslims in this country will affect what happens to
your life?” Of the 208 respondents in our sample, 115 answered ‘Yes, a lot” and 67 answered
‘Yes, a little’ and 26 answered ‘No.” We coded those who responded with ‘Yes, a lot’ as having
high linked fate and those who responded ‘Yes, a little’ or ‘No’ as having low linked fate.

Respondents were also asked to rate their behavioral shifts over the last 12 months: “[t]o
what extent have you changed your behavior in the following ways?” They were asked to
evaluate the following statements on a 4-point Likert scale (1= Never, 2 = Once in a while, 3 =
Somewhat often, and 4 = Very often): (1) Avoided interactions with members of another social
group, (2) Avoided interactions with members of another political party, (3) Limited posts on
social media, and (4) Less frequently visited restaurants, shopping malls, parks or other public
places. On average, respondents rated these avoidance statements as 2 or higher, indicating that
they reported having had segregated or censored themselves at least somewhat often or very
often over the last 12 months (see Table A10).

Across the board, we observe significant differences in means between those with low re-
ligiosity and those with high religiosity for each of the avoidance statements examined. In
other words, those who attended the mosque about once a week or more than once a week
were significantly more likely to reduce their visibility and visit public spaces less often. We
find similar results for those with high linked fate and those with low linked fate; except for
with respect to avoidance statement 1, which measures avoiding interactions with members of
another social group. In this instance, the difference is in the same direction as with the other
avoidance behaviors, but is not statistically significant.
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Table A10: Descriptive Statistics for avoidance statements

Mean SD Min Max N
Low Religiosity
Avoidance Statement 1 1.803738 1.041038 1 4 107
Avoidance Statement 2  1.88785 .9936316 1 4 107
Avoidance Statement 3 1.897196 1.106879 1 4 107
Avoidance Statement 4 1.747664 1.000881 1 4 107
High Religiosity
Avoidance Statement 1  2.326733 1.105522 1 4 101
Avoidance Statement 2 2.534653 1.212966 1 4 101
Avoidance Statement 3 2.514851 1.162875 1 4 101
Avoidance Statement 4 2.376238 1.1563 1 4 101
Low Linked Fate
Avoidance Statement 1  1.956989 1.122051 1 4 93
Avoidance Statement 2 1.967742 1.117563 1 4 93
Avoidance Statement 3  1.903226 1.142694 1 4 93
Avoidance Statement 4 1.817204 1.031527 1 4 93
High Linked Fate
Avoidance Statement 1  2.13913  1.083261 1 4 115
Avoidance Statement 2 2.391304 1.144749 1 4 115
Avoidance Statement 3 2.434783 1.148076 1 4 115
Avoidance Statement 4 2.243478 1.159184 1 4 115
Full Sample
Avoidance Statement 1  2.057692 1.101838 1 4 208
Avoidance Statement 2 2.201923 1.149499 1 4 208
Avoidance Statement 3  2.197115 1.173208 1 4 208
Avoidance Statement 4 2.052885 1.121632 1 4 208

Avoidance Statement 1: “Avoided interactions with members of another social group”

Avoidance Statement 2: “Avoided interactions with members of another political party”

Avoidance Statement 3: “Limited posts on social media”

Avoidance Statement 4: “Less frequently visited restaurants, shopping malls, parks, or other public places”

Responses measured on a Likert scale: 1 = never, 2 = once in awhile, 3 = somewhat often, 4 = very often
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Survey — supplemental figure
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Figure A7: Self-reported avoidance behaviors among Muslim Americans by religiosity and linked fate.
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Survey — supplemental tables on societal and political discrimination

We cannot be sure whether those with Twitter accounts belonging to individuals with Arabic
names reduced their visibility due to experiences with direct or indirect societal or political
discrimination. However, using our survey data, we can begin to test how societal and political
discrimination may have shaped these behaviors.

Here, we very briefly build off of Oskooii (2016)’s theory of discrimination that societal
discrimination often reduces Muslim American political participation, while political discrim-
ination increases their political participation. Since we are interested in reductions of visibility
— or avoidance behaviors — and not political participation, we use the four avoidance statements
as our dependent variables. Like Oskooii (2016), we expect experiences with societal discrim-
ination to increase avoidance behaviors in societal contexts (with respect to each of the four
dependent variables we examine). We are agnostic about the role of experiences with political
discrimination, since the behaviors we measure do not capture avoidance of the political realm
or political officials.

We explore two key independent variables of interest. Respondents were asked to evaluate
statements with the following prompt: “In the past 12 months, how often have any of the
following things happened to you because you are a Muslim.” The first independent variable
is an aggregated measure of societal discrimination made up of five statements, as follows: (1)
You have received poorer service than other people at restaurants and stores, (2) People act as
if they are afraid of you, (3) People act as if they are suspicious of you, (4) People called you
offensive names or treated you with less respect, (5) You were physically threatened or attacked.
The second is an aggregated measure of political discrimination made up of three statements:
(1) You were singled out or treated unfairly by airport security, (2) You were singled out or
treated unfairly by other government officials or institutions such as the police, and (3) You
heard or saw your local government officials or politicians make negative comments about
Muslims. Respondents rated each of the statements on a 1-4 Likert scale ranging from ‘Never’
(1), ‘Once in awhile’ (2), ‘Somewhat often’ (3), and ‘Very often’ (4).

Table A11: Effects of Societal and Political Discrimination on Self-Reported Avoidance Be-
haviors - Without Controls

(1) (2) (3) “4)
Avoidance  Avoidance  Avoidance  Avoidance
Statement 1 Statement 2 Statement 3 Statement 4

Societal Discrimination (aggregate)  0.140*** 0.137*** 0.0792*** 0.140***
(0.0199) (0.0212) (0.0222) (0.0197)

Political Discrimination (aggregate) 0.0255 0.0369 0.132%** 0.0411
(0.0321) (0.0342) (0.0359) (0.0317)
Constant 0.424** 0.528*** 0.520*** 0.324*
(0.138) (0.147) (0.154) (0.136)
N 208 208 208 208
adj. R? 0.458 0.437 0.404 0.489

Standard errors in parentheses
*p<0.05 " p<0.01, " p <0.001

Table Al1 presents an OLS regression examining the effects of the aggregated societal and
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political discrimination measures on each of the four avoidance statements examined. As each
of the four models demonstrates, societal discrimination has a substantive, consistent, and ro-
bust effect on each of the avoidance statements examined. Political discrimination, meanwhile,
does not similarly predict avoidance behaviors, except for the third statement, pertaining to
limiting posts on social media. This finding is provides some insights into the larger findings
of this paper; perhaps it is a combination of societal and political discrimination that propelled
U.S. Muslims to lessen their visibility during the 2016 election season.

Table A12: Effects of Societal and Political Discrimination on Self-Reported Avoidance Be-
haviors - With Controls

(D) @) 3) @)
Avoidance  Avoidance  Avoidance  Avoidance
Statement 1  Statement 2 Statement 3  Statement 4
Societal Discrimination (aggregate) — 0.137*** 0.137*** 0.0713** 0.146***
(0.0204) (0.0222) (0.0238) (0.0201)
Political Discrimination (aggregate) 0.0278 0.0370 0.134*** 0.0405
(0.0331) (0.0360) (0.0385) (0.0325)
Male 0.131 0.0941 0.0303 0.00311
(0.116) (0.126) (0.134) (0.114)
White 1.906* 1.854* -0.406 0.241
(0.806) (0.877) (0.938) (0.793)
Age -0.00147 0.00111 -0.00405 0.0111**
(0.00420) (0.00457) (0.00489) (0.00413)
Income -0.0795 -0.0464 -0.0445 -0.0330
(0.0408) (0.0444) (0.0475) (0.0401)
Education 0.0592 0.0735 0.0290 0.0791
(0.0434) (0.0472) (0.0505) (0.0427)
Democrat -0.289 -0.0308 0.0381 -0.372*
(0.151) (0.164) (0.175) (0.148)
Independent -0.226 0.0717 0.0625 -0.123
(0.160) (0.174) (0.186) (0.157)
Citizen -0.217 -0.161 0.0830 -0.169
(0.199) (0.216) (0.231) (0.195)
Constant 0.836* 0.410 0.631 0.00406
(0.336) (0.365) (0.391) (0.330)
N 205 205 205 205
adj. R? 0.477 0.435 0.379 0.519

Standard errors in parentheses
* p<0.05,* p<0.01, ™ p <0.001

When we add controls to the models, the effect of societal discrimination on avoidance be-
haviors remains strong. As Table A12 demonstrates, standard controls such as male, white, age,
income, education, Democrat, Independent, and citizen, do not detract from the important role
that societal discrimination plays in shaping self-reported avoidance behaviors. Interestingly,
political discrimination continues to not shape avoidance behaviors except for with respect to
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limiting posts on social media, once again. This finding suggests that future research should
work on disentangling the cumulative and interactive effects of societal and political discrim-
ination on avoidance behaviors. Nevertheless, the role of societal discrimination is clear: it
plays a similar role in shaping reductions in visibility as it does for reductions in political par-
ticipation, providing more support for Oskooii (2016)’s theory that nuanced experiences with
societal and political discrimination can lead to divergent outcomes.
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