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Abstract
Using computational text analysis of US representatives’ tweets during the 2020 election 
campaign, we examine how the demographic and economic characteristics of districts moderate 
rhetoric about immigrants and refugees. While Republicans are overall more negative toward 
immigrants than Democrats (but not toward refugees), when it comes to salience, Democrats show 
strategic communication tailored to the ethnic composition of their districts. In districts that are 
predominantly non-Hispanic, whiter, and urban, Democratic representatives reduce the salience 
of immigrants and refugees in their messages, while increasing it as the share of the Hispanic 
population rises. This strategic use of salience is not observed in Republican legislators’ tweets. 
We also find that while Democrats use the terms “immigrant” and “refugee” interchangeably when 
discussing migrants from the southern border, Republicans’ greater positivity toward refugees 
responds, in part, to using the term for potential Hong Kong refugees, likely deemed as more 
deserving of protection. These findings highlight elites’ strategic messaging on immigration and 
how legislators navigate intraparty politics to satisfy the preferences of their party and constituents.



1 Introduction

“When Mexico sends its people, they’re not sending their best. [...] They’re sending people that
have lots of problems, and they’re bringing those problems with us. They’re bringing drugs.
They’re bringing crime.They’re rapists.And some, I assume, are good people.”—Donald Trump,
June 20151

During the 2016 presidential election, Donald Trump made it clear that migration was going to be one of
the core topics in his political agenda (Eshbaugh-Soha, and Barnes, 2021).This notorious discourse of June
2015 was one of many attacks against foreigners that became common in the years to follow. In November of
the same year,Trump tweeted “Refugees from Syria are now pouring into our great country.Who knows who
they are—some could be ISIS. Is our president insane?”2 According to Card et al. (2022), such statements
are part of a larger trend of Republicans using metaphorical and dehumanizing language toward immigrants
in recent decades. At the time of his speech, Democratic leaders fiercely opposed this narrative, highlighting
the polarized nature of immigration discussions in American politics.

In this paper, however, we demonstrate that the lines dividing politicians and their parties are much more
blurred than those that separate countries and impose restrictions on freedom of movement. By using com-
putational text analysis, we collect, process, and examine all tweets published by US representatives during
the 2020 primary and general elections. Our analysis uncovers two major findings that contribute to our
understanding of the immigrant-refugee duality and intraparty differences in legislative strategic behavior.

First, we use computational sentiment analysis to confirm that Democratic and Republican legislators are
divided when it comes to freedom of movement. We find that, unsurprisingly, Democrats tweet more often
and more positively about immigrants when campaigning than their Republican colleagues. However, the
caveat lies in the use of “refugee”as a discourse element.Our findings indicate that this categorization is used
to legitimize immigrants’ right to come to and live in the United States (for a similar argument, see Onraet
et al., 2019; Hamlin, 2021). For that reason, Democrats and Republicans are equally positive when tweeting
about refugees.

Our second finding relates to intraparty differences in strategic behavior and issue salience. Our data anal-
ysis indicates that Republicans sustain the same rhetoric regardless of context. While they speak less often
about immigration and are generally negative, they become positive when talking about refugees. However,
Democratic legislators tend to speak out or go silent depending on the district they represent. While they
are considerably more favorable toward immigrants than Republicans, they tweet less often about the topic
as the proportion of non-Hispanic White voters in their districts increases.They also tend to talk less about
immigrants as their districts become more rural.

1“‘They’re rapists.’ President Trump’s campaign launch speech two years later, annotated.” Washington Post, June 16, 2017,
available at https://www.washingtonpost.com/news/the-fix/wp/2017/06/16/theyre-rapists-presidents-trump-campaign-launch-
speech-two-years-later-annotated/.

2Donald J. Trump (@realDonaldTrump), “Refugees from Syria are now pouring into our great country. Who knows who they are
- some could be ISIS. Is our president insane?”, Twitter, 17 November, 2015, 4:54pm, https://twitter.com/realDonaldTrump/sta-
tus/666615398574530560.
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Prior studies have examined this topic, yet our paper offers at least two contributions to this debate, one
methodological and one of substance. Methodologically, much of the literature focuses on roll-call votes to
assess party unity concerning immigration policy (Facchini, and Steinhardt, 2011; Rocca et al., 2022; Jaeger,
2019; Matos, 2017; Browne, Reingold, and Kronberg, 2018) and other issues (e.g., de Marchi, Dorsey, and
Ensley, 2021; Hansen, 2022; Ansolabehere, Snyder Jr., and Stewart III, 2001). Similar to our findings, they
show that legislative behavior is shaped by partisanship and other factors.

However, this approach to investigating party unity has several weaknesses. Constraints imposed by party
leadership (Morgenstern, 2003) and the executive branch’s head (Zucco Jr., and Lauderdale, 2011; Michener,
and Pereira, 2016) often limit legislators’ autonomy. Consequently, legislators may vote for a specific bill not
necessarily because they agree with their colleagues but due to political bargaining. For that reason, some
authors use legislative speeches to assess how much legislators actually agree with their colleagues (Proksch
et al., 2019) or their own roll-call votes (Kalaf-Hughes, 2013).

There is also mixed evidence of whether voters know how their representatives are voting in Congress (cf.
Ansolabehere, and Jones, 2010). Even if representatives go beyond roll-call votes by expressing their prefer-
ences through legislative speeches, voters may not have the time or the interest to become informed about
legislative action.Furthermore, as we show in this paper,politicians may opt for strategically obfuscating their
preferences from the public (Mainwaring, Meneguello, and Power, 2000; Zucco, and Power, 2024) and even
their colleagues (Guedes-Neto, and Morgenstern, 2022), which further increases information costs.

Finally, as Ames (2002) shows, many bills, especially those that do not have intraparty unified support, are
dismissed even before they reach the floor, thus biasing the samples used in the study of roll-call voting.Over-
all, topics investigated through roll-call votes will express more unity than policy issues in general. Ideally,
scholars of party unity should compile datasets that go beyond the small number of bills publicly debated in
Congress.

Twitter/X data addresses most of these issues.We rely on tweets posted during the 2020 US general election
campaign, meaning that legislators are speaking about their preferences to broad audiences and with less
partisan strings.While this compares to their legislative speeches (see Card et al.,2022), tweets (1) are targeted
at their constituents rather than at congressional colleagues, (2) contain short and direct messages regarding
the topic of interest, and (3) are produced in accessible language.They are therefore speaking directly to the
public, thus providing political information at reasonably low costs for voters. Finally, they are not restricted
by the serpentine procedures that inhibit policies from reaching the congressional floor, meaning that the
range of possible issues is considerably broader than those included in roll-call datasets.

We collected all tweets posted by US representatives from January 1 up until Election Day on November
4, 2020, therefore including the primary and general elections. We then identified all the tweets containing
keywords related to immigrants and refugees or asylum seekers, obtained a measure of the salience of these
topics by legislator, and conducted computational analysis using different sentiment lexicons.Moreover, these
sentiment measures are correlated with legislators’ votes on immigration bills, showing the validity of our
sentiment scores. That is, tweets are more easily accessible to voters, include a wider range of topics than
roll-call votes, and predict how legislators will behave in Congress when required to make public decisions.

Our additional contributions to the literature relate to the substance of immigration preferences and elite
discourse. When it comes to sentiment, we find that, first, Democrats are overall positive toward both im-
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migrants and refugees, whereas Republicans are overall negative toward immigrants and positive toward
refugees. The existing literature shows that over the last decades, Democrats’ and Republicans’ polarization
on this issue has grown (Card et al., 2022).However,we show that the same does not apply when the keyword
is “refugee” rather than “immigrant.”

In terms of issue salience, we find that Democrats appear to be strategic in the extent they talk about immi-
grants and refugees based on their districts’ethnic and urban composition,whereas Republicans’salience does
not vary conditional on their districts’characteristics.Specifically, the more Hispanic and urban their districts,
the more Democrats talk about immigrants and refugees.On the other hand, the more non-Hispanic White
their districts, the less they talk about these topics.This relates to previous findings that Republicans are more
unified on migration policy (Jeong et al., 2011; Kalaf-Hughes, 2013) than Democrats and district character-
istics influence the relationship between legislators and their two masters, that is, constituents and the party
(Cox, and McCubbins, 2007; Jaeger, 2019; Hansen, 2022).

The rest of the paper proceeds as follows. In Section 2, we introduce our theoretical assumptions on how
Democratic and Republican legislative elites talk about immigrants and refugees and how sentiment can be
used as a proxy for ideological preference.In Section 3,we present our theoretical expectations and contrasting
hypotheses for the strategic manipulation of issue salience by Democratic and Republican legislators. In
Section 4, we detail how the data were chosen and collected, and describe our empirical strategy.We present
our main findings in Section 5 and a series of robustness checks in Section 6.Finally, in Section 7 we conclude
with a discussion of the findings and avenues for future research.

2 Sentiment as Ideological Preference

Jeong et al. (2011) characterize immigration as a “wedge issue” for both Republicans and Democrats.Among
Republicans, social conservatives tend to oppose population inflows due to cultural, ethnic,and racial changes,
while pro-business politicians support immigration to supply labor market demands. Among Democrats,
pro-labor leaders fear the replacement of American workers, while social liberals focus on the civil rights
dimension of freedom of movement.

The authors further argue that while parties have been divided on this issue, the United States has gone
through a process of ideological realignment, especially in the last three decades. First, since the 9/11 attacks,
the social conservative branch of the Republican Party has gained more prominence and moved the party
toward a more unified position against immigration. The right wing’s clearer stance on the issue made the
topic less internally divisive.However, this led to an exodus of pro-business, socially liberal Republican voters
to the Democratic Party as it “focused on increasing the rights and inflows of immigrants” (Jeong et al., 2011,
p. 514).

Several studies support the realignment thesis.For example,Card et al. (2022) use computational text analysis
to investigate US congressional and presidential speeches over the past 140 years.Their findings reveal a rise
of positive attitudes toward immigrants in both parties in the 1940s and, since then, a continuous issue
polarization, including the growing use of dehumanizing metaphors among Republicans when speaking of
immigrants.Kalaf-Hughes (2013) focuses on more recent legislative speeches to confirm that the two parties
became more polarized on migration policy between 1995–1996 and 2005–2006.
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The rise of Donald Trump and his electoral success has solidified this trend (Eshbaugh-Soha, and Barnes,
2021). He was able to capture socially conservative voters with hawkish immigration views that were not
represented by other candidates (Sides,Tesler, and Vavreck, 2018), activating these attitudes through an “en-
emies of the people” rhetoric (Löfflmann, 2022). Based on an analysis of over 1,733 tweets from 2011 to
2020, Merry (2022) shows that narratives centering on “villains” attracted substantively more attention on
Twitter/X than those focusing on “heroes.” This public exposure and electoral success contributed to the
Republican realignment that Jeong et al. (2011) identified in the aftermath of 9/11. This leads to our first
assumption:

Assumption 1 Democratic legislators support immigrants more than Republican legislators.

For the public narrative, not all immigrants are the same. Consider, for instance, the migratory waves that
followed the 1959 Cuban Revolution (Portes, and Armony, 2018).The first wave included the economic and
political elites who the new regime expropriated and persecuted.They were welcomed by the US government,
which opposed Cuba’s shift toward the Soviet alliance.Despite the many challenges and suffering that forced
immigration imposed on them, these elite refugees benefited from a fast track toward asylum status and
economic policies to help them settle (at least temporarily).The second wave (1980) did not enjoy the same
benefits.The Marielitos,as they were nicknamed,were the over 100,000 workers fleeing Cuba’s poor economic
and political conditions.Their reception was considerably less friendly than what happened in the late 1950s
and early 1960s (Portes, and Armony, 2018).

These contexts led to different political trajectories. According to Bishin, and Klofstad (2012), pre-Mariel
immigrants and their families are predominantly supportive of the Republican Party.Their ties to the prerev-
olutionary regime in Cuba and their economic socialization in the United States fed a positive relationship
with the political right. Marielitos also lean right (compared to non-Cuban Hispanics) but are considerably
less supportive of the Republican Party than pre-Mariel immigrants.

Politicians are aware that the causes behind immigration influence political preferences in the new country.
They also know that in the long run, immigrants and their descendants may become voters. On average, Re-
publicans suffer electoral losses as the number of naturalized migrants increases (Mayda,Peri, and Steingress,
2016).This is one of the reasons why Republicans support immigration restrictions the more their counties
welcome foreign-born populations (Hawley, 2011).

The electoral consequences of immigration, however, are conditioned by the incomers’ ideological leaning.As
happened in Florida, Republicans may enjoy gains if immigrants have reasons to reject Democratic politi-
cians.This should be the case especially when they fled regimes controlled by the political left, as was the case
of post-revolutionary Cuba and, more recently, Venezuela and Hong Kong. Donald Trump highlighted this
in January 2021, stating, “The deteriorative condition within Venezuela, which presents an ongoing national
security threat to the safety and well-being of the American people, warrants the deferral of the removal of
Venezuelan nationals who are present in the United States.3

Elites also strategically choose their words and policies when discussing immigrants. Despite ideological
preferences, politicians have incentives to welcome foreign-born populations that may increase their electoral

3“Memorandum on Deferred Enforced Departure for Certain Venezuelans.” White House, January 19, 2021, available at
https://trumpwhitehouse.archives.gov/presidential-actions/memorandum-deferred-enforced-departure-certain-venezuelans/.
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basis in the future, while they reject those who pose a threat to political success. This incentive shapes how
they will build a narrative around different border crossers.

Hamlin (2021, p. 2) explains that “‘the refugee’ has come to be viewed as an exception to the rule that states
have a sovereign right to control their borders. . . . [They] have a privileged legal position compared to other
crossers who also might need help but cannot access it.”Following this concept,politicians adopt the “refugee”
label to grant a sense of deservingness to those whose migratory rights they support. In fact, this strategy is
also used by the media. Brown, and Dromgold-Sermen (2022) find that US news shows use this label with
sympathy but are mostly negative when referring to immigrants. We thus assume that while Democrats and
Republicans diverge when talking about immigrants in general, they will be equally supportive of those who
they label as refugees.

Assumption 2 Democratic and Republican legislators are equally supportive of refugees.

3 Salience as Strategic Behavior

“In the end, we will remember not the words of our enemies but the silence of our friends.”
—Martin Luther King, Jr.4

Not all issues and policy positions will carry the same weight in electoral contests. Examining Europe over
the 21st century, Dennison, and Kriesi (2023) show that unemployment, the environment, and immigration
have shaped the discourse and the electoral outcomes of parties of all ideological families.The focus on issue
salience, however, is not novel. In the 1960s, Stokes (1966) demonstrated how certain issues played a relevant
role in vote choice, while others were widely ignored. At the time, political scientists were mostly concerned
with how voters assessed the relevance of selected issues, especially in response to major events such as the
Vietnam War, confrontations with Cuba, and Kennedy’s campaigns (RePass, 1971).The discussion on how to
best measure issue salience (mainly through voters’ assessments) continued in the 1980s (Niemi, and Bartels,
1985), the 1990s (Edwards III, Mitchell, and Welch, 1995), and the 2000s (Epstein, and Segal, 2000).

Edwards III,Mitchell, and Welch (1995) and Epstein, and Segal (2000) offer a substantial change in the way
issue salience was measured. Instead of relying on voters’ assessments (or in addition to it), they conducted a
content analysis of media reports.Their studies intended to quantify the presence of each issue in public debate
and, following the most present items, indicate their salience to the public.Epstein, and Segal (2000) focus on
the salience of Supreme Court cases. Since the authors could not directly ask judges about their preferences
and wanted to approach the study through an elite perspective, they relied on the New York Times’s front-
page coverage of specific cases. They assumed that “both editors and justices make this calculation [of issue
salience] at the same time, within the same political context” (Epstein, and Segal, 2000, p. 73).

This is not to say that future studies completely moved away from public opinion to assess issue salience—they
did not (see, e.g., Bélanger, and Meguid, 2008). However, multiple scholars turned their attention to content
analysis techniques to assess salience through the lenses of elites, including news media (see Nicholson-
Crotty, 2009; Holian, 2006) and other political documents (see Netjes, and Binnema, 2007). More recently,

4The Trumpet of Conscience, Steeler Lecture, November 1967.
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computational text analysis and the spread of online political conversations allowed researchers to focus on
Google searches (Scharkow, and Vogelgesang, 2011; Mellon, 2014), online message boards (Roberts,Wanta,
and Dzwo, 2002), and Twitter/X mentions (Vergeer, and Franses, 2016). Overall, salience (or frequency)
indicates the political relevance of a specific term, either in terms of psychological attachment or relevance
to electoral choices (Dennison, 2019).

If voters are moved by relevant issues,politicians have electoral incentives to shape their communication based
on each topic’s salience. Giger et al. (2021) show that voters respond to the expression of policy positions
on social media, which creates an incentive for legislators to shape their communication by mixing their
understanding of voters’ preferences given current contexts (Kim et al., 2022) and the party’s agenda-setting
intentions (Huber et al., 2022). In fact, Barberá et al. (2019) causally demonstrate that legislators will design
theirTwitter/X strategy based on their supporters’ interests. It is then plausible to assume that politicians have
a fair understanding of their electorate’s preferences.They rely on polling firms,personal interactions,and local
leaders to understand which issues and positions will increase their approval rates among voters.Thus, their
strategic communication should function as an adequate thermometer of their constituents’ preferences.

The challenge, however, is that legislators have at least two masters: their constituents and the party (Cox,
and McCubbins, 2007). As party members, they are supposed to vote with the party whip and agree with
the party’s positions (Ranney, 1962; Neto, and Santos, 2001). However, to win elections, they should listen
to their constituents even if this means deviating from the party’s preferences (Cox, and McCubbins, 2007).
While alienating voters severely harms reelection chances, the sanctions for deviation include, among others,
loss of preferred treatment in processes of candidate selection, exclusion from committee posts, and barriers
to obtaining public budgets and campaign funding (Andeweg, and Thomassen, 2011; Ceron, 2015; Meinke,
2022).

We therefore argue that legislators will strategically adapt their communication to satisfy both voters and
their party. Assume that legislator L knows the position of her party P and her potential voters V on a
specific issue I that is relevant to P . If V and P agree on I , then L will simply announce her agreement
with the two masters. However, if V and P disagree on I , then L must adopt a strategy that will mitigate
the costs of alienating one of the masters. By following V , L risks losing preferred treatment in candidate
selection, relevant committee assignments, and other rewards. If L follows P , V may either abstain or vote
for the opposite candidate, thus reducing the chances of reelection.One possible winning strategy is to avoid
speaking about I as much as possible. This strategic desalience will obfuscate L’s preference for V , while it
will not challenge P ’s national stance on the theme. We present a graphical demonstration of this decision
tree in Figure 1.

Now, consider our application of this decision to the issue of immigration in the United States.Following our
first assumption, the Democratic Party and its potential voters will be more supportive of immigrants than
the Republican Party and its potential voters. By default, Democratic legislators should speak frequently and
positively about immigrants since this will satisfy both the party and their constituents.

So far, the literature has mostly focused on how Republicans’ attitudes toward immigrants are context depen-
dent (see Mayda, Peri, and Steingress, 2016; Hawley, 2011).The main thesis supports that once naturalized,
immigrants will likely vote for the Democratic Party, creating an incentive for Republicans to advocate for
additional barriers to migration. However, Republicans have become more radicalized and unified in their
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Figure 1. Legislator’s (L) Decision-Making According to Preferences of Voters (V ) and Party (P )

L

V and P agree

L follows V and P

V and P disagree

L follows V

L loses P

L follows P

L loses V

L avoids I

socially conservative views toward immigrants (Jeong et al., 2011; Kalaf-Hughes, 2013), a phenomenon that
peaked with DonaldTrump’s prominence (Eshbaugh-Soha,and Barnes,2021;Löfflmann,2022; Sides,Tesler,
and Vavreck, 2018). Following these events, we propose that the costs of party deviation among Republicans
became increasingly high. Furthermore, the increasing polarization has made any desalience effort irrelevant.
These factors explain why Republican legislators should not adjust their discourse to different contexts.

The same is not true for the Democratic Party. While some of their leaders voice strong preferences toward
the protection of immigrant populations, its legislators have not become as unified as Republican politicians
(Kalaf-Hughes, 2013). Hansen (2022) argues that the prevalence of non-Hispanic White constituents in
many electoral districts forces legislators of both parties to be responsive to these target groups. Since these
populations tend to be less sensitive to the appeals of immigrant populations, Democrats are likely to adjust
their legislative behavior (in terms of salience) to maximize electoral chances. In line with this finding, Jaeger
(2019) shows that the larger the Hispanic population of a district, the more likely Democratic legislators will
be to adjust their roll-call votes to support that subconstituency’s interest.

We therefore argue that Democrats (but not Republicans) will avoid speaking about immigration when
competing in districts where potential voters are less likely to support immigrants’ rights. Alternatively, if
they run in districts where the share of potential voters who support these policies is high, they will actively
engage in speaking positively about immigrants on social media.

Hypothesis 1 Democratic legislators (but not Republicans) speak more about immigrants and refugees as the share
of Hispanic voters in their districts increases.

Hypothesis 2 Democratic legislators (but not Republicans) speak less about immigrants and refugees as the share
of non-Hispanic White voters in their districts increases.

Hypothesis 3 Democratic legislators (but not Republicans) speak more about immigrants and refugees as the ur-
banization of their districts increases.

While equal in essence, the hypotheses vary in the way we operationalize the district’s population of potential
target voters. Following the literature, we assume that pro-immigration Democrats will find less support in
districts that have fewer Hispanic voters, have more non-Hispanic White voters, and are less urban (for
similar arguments, see, respectively, Jaeger, 2019; Hansen, 2022; Facchini, and Steinhardt, 2011).
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4 Empirical Strategy

4.1 Data

We test these assumptions and hypotheses by conducting a quantitative text and sentiment analysis of US
representatives’ tweets from January 2020 to Election Day (November 3, 2020). We chose this time frame
since an election year (particularly a presidential one) is likely to increase the salience of an issue of great
centrality in American politics like migration. Furthermore, we focused on US representatives and excluded
senators to have comparable district-level data on our independent variables.We scraped US representatives’
official Twitter/X accounts using Twitter/X’s Academic API and the Python library Twarc2 (Summers et al.,
2022). From the full corpus of tweets, we then identified those tweets containing the following key root
words: immigra*, migra*, and emigra* for the immigrant category, and refugee*, asylum*, and asylum seeker*
for the refugee category. We then ran a check to exclude words containing these root words but unrelated to
immigrants or refugees, like “migraine.”

To code tweets’ sentiment—that is, the positive, neutral, or negative tone of each tweet—we use a dictionary-
based approach that counts the frequency of words in a text and determines their sentiment. We use three
different predefined dictionaries to check the reliability of our sentiment coding: the Valence Aware Dictio-
nary and sEntiment Reasoner (Vader) (Hutto, and Gilbert, 2014), the AFINN Sentiment Lexicon (AFINN)
(Nielsen, 2011), and the Bing Sentiment Lexicon (Bing) (Hu, and Liu, 2004).We choose Vader to present the
main results since it is designed to measure sentiment expressed in social media texts (Hutto, and Gilbert,
2014). However, the three dictionaries are highly correlated (see Appendix Figures A1–A4), and models are
robust to using any dictionary.Each tweet’s sentiment is operationalized as shown in Equation 1.This allows
us to obtain a sentiment score for each tweet.

Tweet Sentiment =

(
Positive Words

Total Words
− Negative Words

Total Words

)
(1)

Overall, mean immigrant sentiment (Vader) is 0.16 (minimum value is –0.99 and maximum value is 0.98),
with positive values indicating pro-immigrant sentiment. Mean refugee or asylum seeker sentiment (Vader)
is 0.21 (minimum –0.97, maximum 0.98), also indicating a mean positive sentiment.5

To check the reliability of our sentiment measure, we examine the extent to which representatives’ sentiment
scores on immigrant- and refugee-related tweets correlate with their votes in Congress on immigration-
related bills. We obtained the list of bills and legislators’ votes from the lobbying group National Iranian
American Council. As Figure 2 shows, the three sentiment dictionaries are positively correlated with legisla-
tors’ votes on immigration bills.That is, the more positive the Twitter/X rhetoric of legislators on immigrants
and refugees, the more pro-immigrant their votes in Congress.

5To avoid misclassifying tweets’ sentiment, we also identify tweets by Democratic lawmakers mentioning President Trump or his
administration and reclassify those whose negativity was due to criticisms of the president’s policy toward immigrants or refugees
rather than these groups themselves.
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Figure 2. Correlation of Representatives’Tweets’ Sentiment with Votes in Congress

Note: The values are normalized (0–1) so that the coefficients for the three dictionaries are comparable.

We obtain the salience of immigrants and refugees/asylum seekers in legislators’ tweets via Equation 2.This
measures the percentage of tweets per member of Congress during the period analyzed that mentions im-
migrants and refugees or related keywords.The measure follows widely used measures of issue salience in the
party politics literature (Spoon, Hobolt, and de Vries, 2014; Abou-Chadi, 2016).

Immigrant/Refugee Saliencemember =

(
Immigrant/Refugee Tweets

Total Tweets

)
∗ 100 (2)

Of the 492,385 tweets posted by US representatives in the period analyzed, 5,565 (1.13 percent) were re-
lated to immigrants or refugees/asylum seekers.Moreover, the salience of these topics is much higher among
Democratic legislators. While 1.3 percent of Democratic legislators’ tweets mentioned immigrants and 0.31
percent mentioned refugees or asylum seekers during the 2020 election campaign, only 0.39 percent of Re-
publican legislators’ tweets mentioned immigrants and 0.05 percent mentioned refugees or asylum seekers
(see Appendix Figures A6–A8).
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4.2 Variables andModels

Our dependent variables for sentiment are Pro-Immigrant Sentiment and Pro-Refugee Sentiment, which use
a continuous measure of sentiment from –1 to 1, where negative values indicate negative sentiment toward
immigrants or refugees and positive values indicate positive sentiment. These are obtained from Equation
1. The two dependent variables for salience are Immigrant Salience and Refugee Salience, which show the
percentage of a legislator’s tweets mentioning immigrants or refugees, respectively. These are obtained from
Equation 2.

Our main independent variables are a party dummy (Republican) identifying whether the legislator tweeting is
Republican or Democratic.We include three different proxies for the level of immigrant or refugee population
in a legislator’s district: % District NH White, measuring the percentage of a district’s population identifying
as non-Hispanic White, obtained from the US Census Bureau; % District Hispanic,measuring the percentage
of a district’s population identifying as Hispanic, obtained from the 2019 American Community Survey; and
% District Urban, measuring the percentage of a district’s urban population, obtained from ProximityOne.6
To test Hypotheses 1–3, we include interaction terms between the party dummy and these three variables.

We include a series of controls that could affect legislators’ sentiment toward immigrants and refugees and
the extent to which they discuss these topics. % District Unemployment measures a district’s unemployment
level and is obtained from the 2019 American Community Survey. Southern Border is a dummy indicating
whether the legislator represents a congressional district from a southern border state (California, Arizona,
New Mexico, or Texas). Retiring is a dummy identifying whether the legislator is retiring at the end of the
Congress. We also include demographic controls for a legislator’s ethnicity7 (Black, Hispanic, other, and
White, the reference category), education level (postgraduate degree, college degree, and less than a college
degree, the reference category), sex, and age. All descriptive statistics are available in Appendix Table A1.

Since our dependent variables are continuous, we use ordinary least squares regressions with robust standard
errors in all models.The unit of analysis in the sentiment models is each individual tweet, and thus we cluster
standard errors at the legislator level. In the salience models, the unit of analysis is each legislator.

5 Findings

5.1 Sentiment

In line with Assumptions 1 and 2, Figure 3 shows boxplots with the median sentiment score for immigrants
and refugees by party along with violin plots showing the distribution of tweets’sentiment.While Democratic
legislators are overall positive toward both immigrants and refugees (with median scores of 0.36 and 0.37,
respectively), Republican legislators are mostly negative toward immigrants and positive toward refugees
(with median scores of –0.08 and 0.40, respectively).These patterns are replicated when using other sentiment
dictionaries (see Appendix Figure A5).

6“ProximityOne Decision-Making Information,” http://proximityone.com, accesed on March 15, 2024.
7These data are obtained from the website of the House of Representatives (“U.S. House of Representatives Press Gallery,”
https://pressgallery.house.gov/member-data/demographics, accessed on March 15, 2024) and includes as minorities the categories
“Black Americans,” “Hispanic Americans,” “Asian Americans,” and “American Indians.”
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Figure 3. Tweets’ Sentiment by Party

Note: Boxplots and violin plots show median sentiment scores and the sentiment distribution for immigrant (left panel) and refugee
(right panel) tweets.

Assumptions 1 and 2 also hold when controlling for other potential confounders of legislators’ sentiment
besides partisanship in regression models. Figure 4 shows a coefficient plot of different regression models
controlling for potential confounders (see full models in Appendix Table B1). As the figure shows, Repub-
lican tweets are consistently more negative toward immigrants than Democratic tweets, whereas there is no
statistically significant difference when it comes to refugee tweets. These results hold when using different
sentiment lexicons (see Appendix Tables C1 and C2).

It should be noted that the targets identified as refugees by both parties differ. While Democratic legisla-
tors use the terms “immigrant” and “refugee” interchangeably to refer to migrants coming from the southern
border, Republican legislators use the term “immigrant” mostly to refer to those coming from the southern
border, while reserving the term “refugee”when tweeting about potential Hong Kong refugees.This is likely
contextual since 2020 saw a rise in the topic of potential Hong Kong refugees due to the Chinese regime’s
crackdown on Hong Kong protesters. In this sense, these potential refugees escaping a communist dictator-
ship were likely seen as more deserving among Republican legislators than economic migrants from Central
America.These distinctions between parties’ target groups when discussing immigrants and refugees can be
observed by examining semantic networks plotting the most common word associations in legislators’ tweets.
See the semantic networks by party and term in Appendix Figures A9–A12.

5.2 Salience

Figure 5 shows the average marginal effects of legislators’partisanship on the salience of immigrants at differ-
ent levels of a district’s Hispanic (H1), non-Hispanic White (H2), and urban population (H3). As expected,
the more Hispanic and more urban a district, the more Democratic representatives talk about immigrants in
their tweets.Also as expected, the whiter (non-Hispanic) a district, the less Democratic legislators talk about
immigrants.
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Figure 4. Models of Republican Party Effect on Tweets’ Sentiment

Note: The models are based on Appendix Table B1, and they control for either % District Hispanic, % District Non-Hispanic White,
or % District Urban. All other controls are included.

In substantive terms, the salience of immigrants in Democratic legislators’ tweets ranges from zero in districts
with no Hispanics to 3 percent of all tweets mentioning immigrants in districts where 85 percent of the
population or more is Hispanic (H1). Similarly, the salience of immigrants ranges from zero in fully non-
Hispanic White districts to more than 2 percent of all tweets in districts with less than 10 percent identifying
as non-Hispanic White (H2). Finally, immigrant salience ranges from zero in fully rural districts to more
than 1 percent of tweets in fully urban districts (H3).

As hypothesized, there is no statistically significant effect of a district’s ethnic or urban composition and
Republican legislators’ immigration salience, showing a more strategic use of the immigrant issue based on
district characteristics (at least when it comes to salience on Twitter/X) among Democrats.

Figure 6 shows the average marginal effects of legislators’ partisanship on the salience of refugees at differ-
ent levels of a district’s Hispanic, non-Hispanic White, and urban population. As hypothesized, the more
Hispanic a district, the more Democratic representatives talk about refugees or asylum seekers. Similarly, the
whiter (non-Hispanic) a district, the less Democratic legislators talk about refugees. Unlike in the case of
immigrants, there is no statistically significant effect for urban population. Finally, as expected, there is no
statistically significant effect of a district’s ethnic or urban characteristics on Republican legislators’salience of
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Figure 5. The Effect of Party and District Characteristics on Immigrant Salience

Note: The models are based on Appendix Table B2, and all controls are included.

refugees, as was the case for immigrants, showing, once again, a more strategic use of the topic by Democrats.
Full salience models are available in Appendix Table B2.

6 Robustness Checks

We run a series of robustness checks to test the consistency of both the sentiment and salience models after
including different controls. First, we check whether the positive sentiment of Republican legislators toward
refugees is driven by the cosponsors of H.R. 461. This is also known as the Hong Kong Safe Harbor Act,
which was sponsored by Republican Representative John Curtis from Utah’s third congressional district,
and cosponsored by other 16 Republican representatives along with 11 Democrats. After dropping these
cosponsors, the results remain consistent. Figure C1, panel (c) shows that Republican sentiment toward
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Figure 6. The Effect of Party and District Characteristics on Refugee Salience

Note: The models are based on Appendix Table B2, and all controls are included.

refugees is not statistically different from Democratic sentiment. Similarly, Table C3 and Figure C2 show
that the salience models remain consistent as well.

Second, since our analysis spans from January 1 to Election Day on November 4, we check for potential
differences between the primary season and the general election months. Figure C1, panel (a) shows the
results for the sentiment models. While sentiment toward refugees remains consistent in both periods, the
difference in sentiment toward immigrants by party is only significant during the primary season, while it
becomes statistically insignificant during the general election months. It appears that Republican represen-
tatives are negative toward immigrants during the primaries but reduce their negativity during the general
election campaign, in line with the “post-primary rhetorical moderation hypothesis” (Acree, and Boydstun,
2020). In terms of salience,Tables C6 and C7 and Figures C5 and C6 show that the results are consistent in
both election periods.
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Third, to check whether the closure of US borders due to the COVID-19 pandemic influenced the results,we
check the consistency of the results before and after the Centers for Disease Control and Prevention invoked
Title 42 in March 2020 under the Trump administration, requiring “the expulsion of unauthorized single
adults and family units arriving at the land borders in order to protect against the spread of COVID-19.” In
terms of sentiment, Figure C1, panel (b) shows that the results are consistent before and after Title 42. In
terms of salience, Appendix Tables C4 and C5 and Figures C3 and C4 show that the results are consistent
in both periods.

Fourth, we also check whether the number of COVID-19 cases at the congressional district level affect the
results.Using data from deSouza, and Subramanian (2020),we include a control for the number of COVID-
19 cases per 1,000 residents. Figure C1, panel (d) shows that the results remain consistent for sentiment, and
Table C8 and Figure C7 show that the results remain mostly consistent for salience.

Finally, we check whether Democrats’ increased immigrant salience in urban districts is driven by the greater
presence of immigrants (as expected) or by the presence of a more educated electorate, a higher Black popu-
lation, or both. We run salience models controlling for the percentage of the population at the congressional
district level with a college degree or higher and the percentage of the population identifying as Black, ob-
tained from the 2019 American Community Survey.AppendixTable C9 and Figure C8 show that the results
remain consistent, indicating that a district’s urban population is not just a proxy for a highly educated citi-
zenry or a high proportion of Black residents.

7 Discussion and Conclusion

Migration policy is a relevant issue for political parties in several countries around the globe (Dennison,2019).
This is particularly true in the United States, where immigration has been a topic of debate in congressional
speeches for the last 140 years (Card et al., 2022), and was a central topic of Donald Trump’s presidential
campaign and administration (Eshbaugh-Soha, and Barnes, 2021).Our analysis shows how Democratic and
Republican legislators differ in the way they talk about immigrants and refugees, how much they talk about
them, and whether they talk more depending on the district they represent. Additionally, we show that the
sentiments they express on Twitter/X match their legislative behavior.

Our tests unsurprisingly confirm that Democrats are more favorable toward immigrants than Republicans
(see, e.g., Card et al., 2022). It merits highlighting that these interparty differences are more visible during
the primaries. In our robustness checks, we find support for Acree, and Boydstun’s (2020) “post-primary
moderation hypothesis” in that Republicans become more neutral toward immigrants after the primaries. In
fact, after the primaries, the sentiments espoused in their tweets are not statistically different from those of
Democratic representatives.

We demonstrate that both groups of legislators use the term“refugee”favorably during and after the primaries.
This supports the existing literature that posits that this term is a discourse element legitimizing the claims
of specific peoples (Onraet et al., 2019; Hamlin, 2021; Brown, and Dromgold-Sermen, 2022). As we further
discuss, our analysis shows that Republicans and Democrats are speaking of different peoples when they use
the term refugee. Democrats use the terms immigrant and refugee almost interchangeably. Republicans, on
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the other hand, often refer to those coming through the southern border as immigrants and label as refugees
those coming from Hong Kong.

As it happened with a substantive portion of immigrants coming from Cuba, Nicaragua, and Venezuela
(Portes, and Armony, 2018; Bishin, and Klofstad, 2012), Hong Kong refugees were fighting a communist
regime. If they stay long enough to become voters, this “common enemy”makes Hong Kong refugees poten-
tial voters of the Republican Party in the future (at least in the strategic perception of Republican lawmakers).
In fact, this may also explain why conservative legislators sponsored the Hong Kong Safe Harbor Act, which
intended to facilitate immigration to the United States.

Interestingly, regardless of policy positions, the salience of these terms in the online political discourse of
legislators is considerably different. Among all tweets posted by Democratic legislators during the electoral
campaign, 1.33 percent referred to immigrants and 0.31 percent to refugees. In the same period, Republi-
cans dedicated 0.39 percent and 0.05 percent of their tweets to these topics, respectively. This shows that
despite Donald Trump’s expressive rhetoric toward immigrants (Eshbaugh-Soha, and Barnes, 2021), it is the
Democratic Party that tries to dominate the public discourse about the topic.

While Democrats’ and Republicans’public stance on migration policy are relatively stable,Democrats strate-
gically adjust the topic’s salience depending on their district’s characteristics. We theorized that legislators
will avoid publicly disagreeing with their voters and the party to keep away from sanctions while retaining
high chances of reelection. Our theory is based on the costs of dissent. We argued that publicly disagreeing
with one’s party is more costly than becoming silent, meaning they will refrain from posting about topics in
which potential voters and the party disagree.

As we demonstrate, this is the case for Democrats who compete in districts with few Hispanic voters (H1),
many non-Hispanic Whites (H2), and a low degree of urbanization (H3). These legislators posted consid-
erably less about immigrants and refugees than their copartisans running in more urbanized and ethnically
diverse districts. Our findings remain robust after several checks including, for instance, the effects of the
COVID-19 pandemic and other sociodemographic characteristics of the districts. However, in contrast to
previous studies (Mayda, Peri, and Steingress, 2016; Hawley, 2011), we find that Republicans do not change
their strategic discourse.

This asymmetric response, as we previously argued, is attributed to the internal politics of both parties.On the
one hand, the Republican Party has become more socially conservative over time (Jeong et al., 2011; Kalaf-
Hughes, 2013) and chose southern border immigrants as their target during Trump’s presidential campaign
(Eshbaugh-Soha, and Barnes, 2021; Löfflmann, 2022; Sides,Tesler, and Vavreck, 2018).The costs of dissent
then became considerably high. Furthermore, the collective shift from the primary to the general election
confirms the relevance of unity for the party. Still, as we show, this was not a dominant issue in the legis-
lators’ tweets. On the other hand, prior literature shows that Democrats are not as unified on this issue as
Republicans (Kalaf-Hughes, 2013; Hansen, 2022; Jaeger, 2019), thus reducing the costs of dissent.

In addition to the specific contribution to our understanding of party preferences and strategic behavior
toward migration policy, this paper also adds to the literature investigating intraparty differences.To be more
specific, the dominant empirical strategy so far relies on roll-call votes to measure legislators’ preferences and
party unity. As we highlight, there are several weaknesses with this approach (see, e.g., Ames, 2002).

16



The increased use of social media platforms for electoral campaigns allows scholars to use computational
text analysis of online communication as a source of information. Focusing on all the tweets posted by US
representatives during the 2020 election campaign, we show the reliability of these data to make accurate
inferences about strategic communication and intraparty disagreement. In the future, scholars should further
investigate the comparability between roll-call and Twitter/X data. This will shed light on the differences
between legislative voting behavior and strategic communication, as well as on the strategies adopted by
legislators to respond to both their party’s interests and their constituents’ preferences.

Furthermore, such comparisons would allow scholars to further investigate how legislators navigate the con-
flicting interests of their two masters, that is, their constituents and their party (Cox, and McCubbins, 2007).
We saw that when it comes to immigration, Democrats opt for being silent when they believe their party
preference will not resonate well with their district’s electorate. However, it is possible that they compensate
such silence on another policy topic, for example, doubling down on the party’s position (in terms of salience
or sentiment). Future studies should benefit from computational text analysis to investigate this issue.
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Appendix

A Descriptives

Figure A1. Correlations of Dictionaries (Immigrants)
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Figure A2. Correlations of Dictionaries (Refugees/Asylum Seekers)
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Figure A3. Correlations of Dictionaries by Party (Immigrants)
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Figure A4. Correlations of Dictionaries by Party (Refugees/Asylum Seekers)

25



Figure A5. Sentiment by Party (AFINN & Bing Dictionaries)
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Figure A6. Salience by Party

Figure A7. Distribution of Salience
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Figure A8. Distribution of Salience by Party

Figure A9. Semantic Network Plot: Immigrants (Democrats)

Note: The figure plots the most common connections between words among legislators’ tweets. Stronger connections between
words are denoted by darker arrows.
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Figure A10. Semantic Network Plot: Immigrants (Republicans)

Note: The figure plots the most common connections between words among legislators’ tweets. Stronger connections between
words are denoted by darker arrows.
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Figure A11. Semantic Network Plot: Refugees (Democrats)

Note: The figure plots the most common connections between words among legislators’ tweets. Stronger connections between
words are denoted by darker arrows.
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Figure A12. Semantic Network Plot: Refugees (Republicans)

Note: The figure plots the most common connections between words among legislators’ tweets. Stronger connections between
words are denoted by darker arrows.
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Table A1. Descriptive Statistics

Variable N Mean Std. Dev. Min Max
Immigrant Salience 402 1.04 1.38 0 9.28
Refugee Salience 402 0.22 0.40 0 2.48
Pro-Immigrant Sentiment (Vader) 3,829 0.16 0.59 -0.99 0.98
Pro-Immigrant Sentiment (AFINN) 3,426 0.11 4.22 -22 14
Pro-Immigrant Sentiment (Bing) 3,390 0.01 0.75 -1 1
Pro-Refugee Sentiment (Vader) 851 0.21 0.59 -0.97 0.98
Pro-Refugee Sentiment (AFINN) 780 0.89 4.40 -17 18
Pro-Refugee Sentiment (Bing) 798 0.07 0.76 -1 1
Party 5,558 0.14 0.35 0 1
% District Hispanic 5,565 33.41 26.14 0 98.15
% District NH White 5,565 46.83 25.28 .6 94.4
% District Urban 5,557 90.99 13.72 34.62 100
Southern Border 5,565 0.38 0.48 0 1
% District Unemployment 5,561 4.58 1.39 2.2 14.1
Ethnicity 5,565 2.05 1.10 1 4
Education 5,565 2.70 0.48 1 3
Female 5,565 0.42 0.49 0 1
Age 5,565 61.92 11.67 32 88
Retiring 5,565 0.01 0.09 0 1

Note: Salience variables are calculated at the representative level, while sentiment variables are calculated at the tweet level.
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B MainModels in theManuscript

Table B1. Determinants of Pro-Immigrant and Pro-Refugee Sentiment (Vader Dictionary)

Pro-Immigrant Sentiment Pro-Refugee Sentiment

(1) (2) (3) (4) (5) (6)
Republican -0.305∗∗∗ -0.274∗∗∗ -0.337∗∗∗ -0.00698 -0.00893 -0.0142

(0.0458) (0.0490) (0.0583) (0.117) (0.120) (0.116)

% District Hispanic 0.000232 0.000434
(0.000973) (0.00221)

% District NH White -0.00210∗ -0.0000278
(0.000983) (0.00200)

% District Urban -0.00155 -0.000120
(0.00147) (0.00264)

Southern Border 0.0168 -0.00505 0.0241 -0.0592 -0.0527 -0.0417
(0.0331) (0.0310) (0.0271) (0.0571) (0.0531) (0.0520)

% District Unemployment -0.00237 -0.00859 -0.00266 -0.0146 -0.0141 -0.0240
(0.00904) (0.00933) (0.00925) (0.0184) (0.0191) (0.0166)

Black -0.0499 -0.0839+ -0.0474 -0.00700 -0.00842 -0.0231
(0.0453) (0.0450) (0.0452) (0.0866) (0.0870) (0.0857)

Hispanic -0.0171 -0.0727+ -0.00235 -0.000189 0.0156 0.0247
(0.0502) (0.0437) (0.0357) (0.106) (0.0938) (0.0672)

Other -0.00743 -0.0210 -0.00187 0.183∗ 0.183∗ 0.180∗

(0.0502) (0.0416) (0.0504) (0.0900) (0.0876) (0.0886)

College Degree -0.0557 -0.0534 -0.0527 0.0460 0.0467 0.0302
(0.0976) (0.0873) (0.104) (0.132) (0.135) (0.143)

Postgraduate Degree -0.0706 -0.0716 -0.0693 -0.0434 -0.0423 -0.0618
(0.0949) (0.0849) (0.101) (0.123) (0.126) (0.137)

Female -0.0816∗∗ -0.0811∗∗ -0.0787∗∗ 0.000894 0.00136 -0.00603
(0.0274) (0.0264) (0.0272) (0.0469) (0.0464) (0.0462)

Age 0.00287∗ 0.00242∗ 0.00290∗ 0.00163 0.00166 0.00182
(0.00121) (0.00114) (0.00119) (0.00210) (0.00226) (0.00205)

Retiring -0.0242 -0.0383 -0.0304 -0.364∗∗∗ -0.363∗∗ -0.371∗∗∗

(0.142) (0.137) (0.142) (0.104) (0.112) (0.104)

Constant 0.140 0.326∗ 0.285 0.199 0.202 0.264
(0.120) (0.131) (0.189) (0.199) (0.286) (0.288)

Observations 3,822 3,822 3,820 846 846 844
R2 0.035 0.037 0.035 0.016 0.016 0.018
Robust standard errors are clustered by representative in parentheses. + p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B2. Determinants of Immigrant and Refugee Salience

Immigrant Salience Refugee Salience

(1) (2) (3) (4) (5) (6)
Republican -1.588∗ 0.366∗ 2.207∗∗∗ -0.488∗∗∗ -0.0472 0.115

(0.615) (0.174) (0.630) (0.134) (0.0521) (0.222)

% District NH White -0.0195∗∗ -0.00279
(0.00601) (0.00186)

Republican × % District NH White 0.0225∗∗ 0.00468∗

(0.00825) (0.00196)

% District Hispanic 0.0259∗∗ 0.00610∗∗

(0.00785) (0.00227)

Republican × % District Hispanic -0.0304∗∗ -0.00736∗∗∗

(0.00927) (0.00209)

% District Urban 0.0247∗∗∗ 0.00473∗

(0.00612) (0.00196)

Republican × % District Urban -0.0259∗∗∗ -0.00263
(0.00745) (0.00289)

% District Unemployment -0.0879 -0.0549 -0.00584 -0.0150 -0.0127 -0.00572
(0.0704) (0.0622) (0.0734) (0.0185) (0.0169) (0.0194)

Southern Border 0.0707 -0.0480 0.162 0.0282 -0.0223 0.0189
(0.206) (0.211) (0.183) (0.0557) (0.0596) (0.0522)

Black -0.246 0.170 0.0780 -0.114 -0.0477 -0.0754
(0.211) (0.191) (0.195) (0.0717) (0.0578) (0.0584)

Hispanic 1.726∗∗∗ 1.424∗∗∗ 2.239∗∗∗ 0.465∗∗∗ 0.348∗∗ 0.548∗∗∗

(0.432) (0.423) (0.425) (0.131) (0.129) (0.126)

Other 1.080 1.298+ 1.258+ -0.00110 0.0270 0.0262
(0.721) (0.729) (0.692) (0.0919) (0.0933) (0.0858)

College Degree -0.204 -0.166 -0.379 0.119∗ 0.124∗∗ 0.0697+

(0.440) (0.420) (0.359) (0.0539) (0.0467) (0.0411)

Postgraduate Degree -0.289 -0.262 -0.402 0.114∗∗ 0.116∗∗∗ 0.0746∗∗

(0.436) (0.413) (0.349) (0.0350) (0.0271) (0.0232)

Female 0.309+ 0.285+ 0.356∗ 0.0223 0.0153 0.0266
(0.162) (0.161) (0.162) (0.0485) (0.0484) (0.0488)

Age 0.00732 0.0107+ 0.0104 0.00267 0.00299 0.00307
(0.00637) (0.00620) (0.00628) (0.00188) (0.00189) (0.00190)

Retiring -0.226 -0.230 -0.244 -0.123 -0.137 -0.128
(0.342) (0.300) (0.297) (0.0926) (0.0912) (0.0893)

Constant 2.115∗ 0.102 -1.779∗ 0.189 -0.113 -0.435∗

(0.886) (0.642) (0.757) (0.213) (0.141) (0.213)
Observations 321 321 319 321 321 319
R2 0.364 0.374 0.366 0.293 0.310 0.299
Cluster-robust standard errors are in parentheses. + p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < .001
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C Robustness Checks

Table C1. Determinants of Pro-Immigrant and Pro-Refugee Sentiment (AFINN Dictionary)

Pro-Immigrant Sentiment Pro-Refugee Sentiment

(1) (2) (3) (4) (5) (6)
Republican -3.135∗∗∗ -2.855∗∗∗ -3.353∗∗∗ -0.786 -0.854 -0.882

(0.369) (0.386) (0.487) (0.751) (0.769) (0.760)

% District Hispanic -0.000374 -0.00182
(0.00768) (0.0147)

% District NH White -0.0177∗ 0.00714
(0.00790) (0.0139)

% District Urban -0.0110 -0.0111
(0.0119) (0.0204)

Southern Border 0.163 -0.0602 0.186 -0.347 -0.292 -0.304
(0.265) (0.249) (0.227) (0.364) (0.370) (0.374)

% District Unemployment -0.0281 -0.0842 -0.0363 -0.147 -0.126 -0.223+

(0.0692) (0.0720) (0.0703) (0.135) (0.140) (0.125)

Black -0.382 -0.662+ -0.361 -0.205 -0.0874 -0.297
(0.371) (0.366) (0.369) (0.610) (0.582) (0.594)

Hispanic -0.0992 -0.653+ -0.0727 0.514 0.678 0.553
(0.375) (0.350) (0.281) (0.752) (0.651) (0.495)

Other -0.563 -0.672 -0.526 1.540∗∗∗ 1.587∗∗∗ 1.562∗∗∗

(0.494) (0.411) (0.491) (0.454) (0.453) (0.455)

College Degree 0.593 0.617 0.625 0.209 0.174 0.218
(0.782) (0.684) (0.826) (1.207) (1.242) (1.377)

Postgraduate Degree 0.551 0.546 0.572 -0.214 -0.208 -0.225
(0.750) (0.655) (0.798) (1.145) (1.179) (1.330)

Female -0.752∗∗∗ -0.751∗∗∗ -0.733∗∗∗ -0.123 -0.114 -0.154
(0.212) (0.208) (0.207) (0.323) (0.316) (0.313)

Age 0.0163+ 0.0119 0.0163+ 0.0142 0.0167 0.0160
(0.00972) (0.00910) (0.00960) (0.0147) (0.0154) (0.0144)

Retiring -0.950 -1.053 -0.990 -0.855 -0.739 -1.028
(0.998) (0.990) (1.004) (0.975) (1.029) (1.080)

Constant -0.409 1.171 0.613 0.861 0.147 2.087
(0.976) (1.083) (1.510) (1.568) (2.056) (2.301)

Observations 3,422 3,422 3,421 775 775 773
R2 0.067 0.070 0.068 0.015 0.016 0.018
Robust standard errors are clustered by representative in parentheses. + p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table C2. Determinants of Pro-Immigrant and Pro-Refugee Sentiment (Bing Dictionary)

Pro-Immigrant Sentiment Pro-Refugee Sentiment

(1) (2) (3) (4) (5) (6)
Republican -0.393∗∗∗ -0.367∗∗∗ -0.462∗∗∗ 0.0107 -0.0217 -0.00374

(0.0520) (0.0572) (0.0621) (0.154) (0.155) (0.157)

% District Hispanic 0.00121 0.000198
(0.00142) (0.00259)

% District NH White -0.00226+ 0.00292
(0.00137) (0.00245)

% District Urban -0.00276 -0.00110
(0.00180) (0.00297)

Southern Border 0.000470 -0.00762 0.0303 -0.151∗ -0.113 -0.134+

(0.0436) (0.0427) (0.0384) (0.0652) (0.0696) (0.0713)

% District Unemployment -0.0121 -0.0170 -0.0136 -0.0137 -0.00442 -0.0263
(0.0131) (0.0132) (0.0133) (0.0247) (0.0241) (0.0238)

Black -0.0185 -0.0587 -0.0150 0.150 0.194 0.130
(0.0714) (0.0757) (0.0712) (0.129) (0.134) (0.129)

Hispanic -0.00190 -0.0273 0.0514 0.162 0.264∗ 0.185∗

(0.0717) (0.0604) (0.0491) (0.149) (0.127) (0.0850)

Other -0.0136 -0.0300 -0.00745 0.378∗∗ 0.396∗∗ 0.378∗∗

(0.0628) (0.0564) (0.0624) (0.123) (0.133) (0.122)

College Degree 0.0129 0.0112 0.0155 0.0375 0.0221 0.0282
(0.0803) (0.0730) (0.0934) (0.621) (0.643) (0.645)

Postgraduate Degree 0.0337 0.0268 0.0319 0.0100 0.0150 -0.00301
(0.0765) (0.0699) (0.0897) (0.620) (0.642) (0.644)

Female -0.0713∗ -0.0705∗ -0.0667+ 0.0245 0.0287 0.0173
(0.0360) (0.0347) (0.0362) (0.0570) (0.0556) (0.0557)

Age 0.00194 0.00152 0.00210 0.00278 0.00384 0.00303
(0.00153) (0.00151) (0.00150) (0.00290) (0.00305) (0.00284)

Retiring 0.0890 0.0730 0.0730 0.291 0.339+ 0.271
(0.151) (0.149) (0.148) (0.178) (0.192) (0.184)

Constant -0.0243 0.186 0.248 -0.106 -0.393 0.0504
(0.128) (0.168) (0.215) (0.660) (0.725) (0.724)

Observations 3,385 3,385 3,384 793 793 791
R2 0.039 0.040 0.040 0.020 0.022 0.020
Robust standard errors are clustered by representative in parentheses. + p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Figure C1. Robustness Check for Models of Republican Party Effect on Tweet Sentiment

(a) Primary versus General Election (b) Pre- and Post-Title 42

(c) Models Dropping Safe Harbor Cosponsors
(d) Models Controlling for COVID-19 Cases per Dis-
trict
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Table C3. Determinants of Immigrant and Refugee Salience, Dropping Cosponsors of the Hong Kong Safe
Harbor Act

Immigrant Salience Refugee Salience

(1) (2) (3) (4) (5) (6)
Republican -1.667∗∗ 0.357+ 2.266∗∗∗ -0.482∗∗∗ -0.0868+ 0.253

(0.631) (0.182) (0.643) (0.133) (0.0507) (0.192)

% District NH White -0.0189∗∗ -0.00256
(0.00621) (0.00197)

Republican × % District NH White 0.0235∗∗ 0.00414∗

(0.00846) (0.00189)

% District Hispanic 0.0237∗∗ 0.00519∗

(0.00802) (0.00238)

Republican × % District Hispanic -0.0299∗∗ -0.00683∗∗

(0.00938) (0.00207)

% District Urban 0.0240∗∗∗ 0.00478∗

(0.00613) (0.00203)

Republican × % District Urban -0.0271∗∗∗ -0.00505∗

(0.00775) (0.00221)
% District Unemployment -0.0884 -0.0575 -0.0105 -0.0124 -0.00952 -0.00415

(0.0724) (0.0644) (0.0758) (0.0188) (0.0170) (0.0197)

Southern Border 0.0975 -0.0158 0.187 0.0518 0.0100 0.0536
(0.217) (0.228) (0.198) (0.0591) (0.0639) (0.0522)

Black -0.251 0.163 0.0696 -0.122 -0.0593 -0.0823
(0.217) (0.196) (0.200) (0.0745) (0.0590) (0.0595)

Hispanic 1.797∗∗∗ 1.574∗∗∗ 2.314∗∗∗ 0.464∗∗∗ 0.372∗∗ 0.540∗∗∗

(0.443) (0.432) (0.432) (0.138) (0.139) (0.128)

Other 1.053 1.290+ 1.232+ -0.0252 0.00434 -0.00376
(0.728) (0.729) (0.696) (0.0934) (0.0926) (0.0861)

College Degree -0.206 -0.177 -0.394 0.0814+ 0.0891∗ 0.0408
(0.448) (0.428) (0.366) (0.0485) (0.0415) (0.0375)

Postgraduate Degree -0.255 -0.237 -0.369 0.112∗∗ 0.115∗∗∗ 0.0826∗∗

(0.441) (0.419) (0.354) (0.0407) (0.0335) (0.0258)

Female 0.321+ 0.310+ 0.371∗ 0.0268 0.0234 0.0304
(0.172) (0.171) (0.173) (0.0511) (0.0509) (0.0516)

Age 0.00767 0.0114+ 0.0110+ 0.00254 0.00289 0.00299
(0.00665) (0.00656) (0.00658) (0.00201) (0.00204) (0.00204)

Retiring -0.217 -0.225 -0.248 -0.100 -0.110 -0.112
(0.338) (0.299) (0.293) (0.0915) (0.0897) (0.0877)

[1em] Constant 2.050∗ 0.0906 -1.751∗ 0.189 -0.0942 -0.438+

(0.910) (0.672) (0.785) (0.225) (0.152) (0.223)
Observations 302 302 300 302 302 300
R2 0.373 0.379 0.376 0.342 0.356 0.350
Standard errors are in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001 38



Figure C2. Effect of Party and District Characteristics on Immigrant and Refugee Salience, Dropping
Cosponsors of the Hong Kong Safe Harbor Act (Based on Table C3)
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Table C4. Robustness Check for Effect of Party and District Characteristics on Immigrant Salience: Pre-
and Post-Title 42

DV: Immigrant Salience Pre-Title 42 Post-Title 42

(1) (2) (3) (4) (5) (6)
Republican -1.968∗ 0.492+ 2.457∗∗ -1.791∗∗ 0.355∗ 1.972∗∗

(0.899) (0.257) (0.823) (0.567) (0.178) (0.669)

% District NH White -0.0363∗∗∗ -0.0186∗∗

(0.00848) (0.00623)

Republican × % District NH White 0.0292∗ 0.0251∗∗

(0.0119) (0.00775)

% District Hispanic 0.0428∗∗∗ 0.0244∗∗

(0.0113) (0.00803)

Republican × % District Hispanic -0.0409∗∗ -0.0306∗∗∗

(0.0139) (0.00884)

% District Urban 0.0350∗∗∗ 0.0206∗∗

(0.00780) (0.00627)

Republican × % District Urban -0.0272∗∗ -0.0241∗∗

(0.00994) (0.00801)

% District Unemployment -0.109 -0.0404 0.0572 -0.0753 -0.0472 -0.00577
(0.118) (0.104) (0.122) (0.0672) (0.0585) (0.0718)

Southern Border -0.262 -0.424 -0.0354 0.177 0.0472 0.267
(0.308) (0.320) (0.255) (0.201) (0.202) (0.180)

Black -0.594+ 0.164 0.0514 -0.186 0.219 0.140
(0.316) (0.263) (0.265) (0.226) (0.216) (0.221)

Hispanic 1.937∗∗∗ 1.542∗∗ 2.893∗∗∗ 1.419∗∗∗ 1.152∗∗ 1.903∗∗∗

(0.569) (0.567) (0.591) (0.411) (0.400) (0.409)

Other 1.404+ 1.728+ 1.795+ 1.111 1.253 1.262+

(0.796) (0.969) (0.932) (0.761) (0.778) (0.735)

College Degree 0.0983 0.159 -0.132 -0.290 -0.273 -0.455
(0.536) (0.516) (0.476) (0.435) (0.413) (0.356)

Postgraduate Degree 0.123 0.220 0.000693 -0.474 -0.452 -0.583+

(0.531) (0.507) (0.466) (0.425) (0.400) (0.340)

Female 0.273 0.275 0.360+ 0.246 0.248 0.282+

(0.217) (0.218) (0.214) (0.165) (0.164) (0.170)

Age -0.00363 0.00338 0.00131 0.00640 0.00977 0.00916
(0.00849) (0.00817) (0.00842) (0.00633) (0.00626) (0.00644)

Retiring -0.0326 0.0563 0.0822 -0.274 -0.292 -0.324
(0.539) (0.539) (0.525) (0.425) (0.384) (0.376)

Constant 3.781∗∗ 0.0142 -2.597∗∗ 2.145∗ 0.247 -1.250
(1.272) (0.902) (0.986) (0.853) (0.621) (0.788)

Observations 300 300 298 306 306 304
R2 0.337 0.339 0.330 0.328 0.334 0.321
Standard errors are in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001 40



Figure C3. Robustness Check for Effect of Party and District Characteristics on Immigrant Salience: Pre-
and Post-Title 42 (Based on Table C4)

(a) Pre-Title 42 (b) Post-Title 42
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Table C5. Robustness Check for Effect of Party and District Characteristics on Refugee Salience: Pre- and
Post-Title 42

DV: Refugee Salience Pre-Title 42 Post-Title 42

(1) (2) (3) (4) (5) (6)
Republican=1 -1.333∗∗ 0.0807 0.511 -0.329∗∗∗ -0.0599 -0.0414

(0.457) (0.147) (0.532) (0.0851) (0.0446) (0.205)

% District NH White -0.0103+ -0.00176
(0.00594) (0.00123)

Republican × % District NH White 0.0143∗ 0.00323∗

(0.00641) (0.00139)

% District Hispanic 0.0256∗∗∗ 0.00209
(0.00732) (0.00152)

Republican × % District Hispanic -0.0265∗∗∗ -0.00322∗

(0.00749) (0.00134)

% District Urban 0.00879 0.00347∗

(0.00546) (0.00143)

Republican × % District Urban -0.01000+ 0.0000977
(0.00596) (0.00298)

% District Unemployment -0.0341 -0.0290 0.0145 -0.00216 -0.0000840 0.00125
(0.0754) (0.0667) (0.0820) (0.0105) (0.0102) (0.0114)

Southern Border 0.104 -0.143 0.141 0.0204 0.00873 0.00186
(0.177) (0.174) (0.153) (0.0361) (0.0401) (0.0403)

Black -0.383+ -0.142 -0.213 -0.0669 -0.0289 -0.0450
(0.210) (0.161) (0.163) (0.0495) (0.0431) (0.0433)

Hispanic 1.435∗∗∗ 0.909∗ 1.724∗∗∗ 0.128+ 0.111 0.183∗∗

(0.412) (0.387) (0.396) (0.0725) (0.0747) (0.0698)

Other -0.0807 -0.0293 0.0498 0.00105 0.0162 0.0159
(0.225) (0.220) (0.208) (0.0887) (0.0888) (0.0842)

College Degree 0.200 0.221∗ 0.113 0.0999+ 0.0982∗ 0.0575
(0.133) (0.101) (0.106) (0.0511) (0.0472) (0.0447)

Postgraduate Degree 0.198 0.221∗ 0.147 0.0846∗∗∗ 0.0832∗∗∗ 0.0470
(0.126) (0.0888) (0.0892) (0.0211) (0.0197) (0.0291)

Female 0.0984 0.0887 0.137 -0.00704 -0.00658 -0.00891
(0.144) (0.141) (0.143) (0.0330) (0.0334) (0.0337)

Age 0.00365 0.00531 0.00496 0.000720 0.00104 0.00101
(0.00483) (0.00473) (0.00495) (0.00121) (0.00122) (0.00123)

Retiring -0.249 -0.287 -0.290 -0.0958+ -0.103∗ -0.0906+

(0.261) (0.260) (0.249) (0.0501) (0.0501) (0.0480)
[1em] Constant 0.791 -0.393 -0.895 0.151 -0.0192 -0.262+

(0.689) (0.438) (0.595) (0.132) (0.0870) (0.147)
Observations 300 300 298 306 306 304
R2 0.336 0.373 0.334 0.119 0.118 0.137
Standard errors are in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001 42



Figure C4. Robustness Check for Effect of Party and District Characteristics on Refugee Salience: Pre- and
Post-Title 42 (Based on Table C5)

(a) Pre-Title 42 (b) Post-Title 42
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Table C6. Robustness Check for Effect of Party and District Characteristics on Immigrant Salience: Pri-
maries versus General Election

DV: Immigrant Salience Primaries General Election

(1) (2) (3) (4) (5) (6)
Republican -1.543∗ 0.500∗∗ 2.176∗∗∗ -1.789∗∗ 0.107 1.806∗

(0.639) (0.192) (0.637) (0.625) (0.194) (0.815)

% District NH White -0.0228∗∗∗ -0.0166∗

(0.00671) (0.00678)

Republican × % District NH White 0.0231∗∗ 0.0233∗∗

(0.00863) (0.00869)

% District Hispanic 0.0329∗∗∗ 0.0140+

(0.00895) (0.00782)

Republican × % District Hispanic -0.0338∗∗∗ -0.0240∗∗

(0.0102) (0.00888)

% District Urban 0.0244∗∗∗ 0.0206∗∗

(0.00615) (0.00754)

Republican × % District Urban -0.0250∗∗ -0.0230∗

(0.00756) (0.00959)

% District Unemployment -0.0904 -0.0549 0.00663 -0.0471 -0.0155 0.0305
(0.0771) (0.0666) (0.0799) (0.0698) (0.0636) (0.0747)

Southern Border 0.0849 -0.104 0.222 0.0396 0.0393 0.0941
(0.219) (0.228) (0.193) (0.222) (0.218) (0.191)

Black -0.252 0.239 0.153 -0.257 0.0868 0.0240
(0.245) (0.212) (0.214) (0.223) (0.209) (0.208)

Hispanic 1.579∗∗∗ 1.146∗∗ 2.170∗∗∗ 1.360∗∗ 1.369∗∗ 1.802∗∗∗

(0.465) (0.431) (0.473) (0.418) (0.442) (0.391)

Other 1.300+ 1.457+ 1.482∗ 0.929 1.080 1.058
(0.743) (0.785) (0.737) (0.811) (0.807) (0.771)

College Degree -0.264 -0.228 -0.425 -0.00415 0.00176 -0.172
(0.494) (0.457) (0.414) (0.316) (0.320) (0.265)

Postgraduate Degree -0.360 -0.310 -0.458 -0.183 -0.167 -0.291
(0.488) (0.448) (0.403) (0.295) (0.296) (0.238)

Female 0.271 0.272 0.316+ 0.250 0.262 0.302+

(0.175) (0.172) (0.177) (0.177) (0.178) (0.179)

Age 0.00708 0.0112+ 0.0104 -0.00936 -0.00624 -0.00743
(0.00668) (0.00655) (0.00682) (0.00747) (0.00692) (0.00695)

Retiring -0.483+ -0.466∗ -0.468∗ -0.212 -0.209 -0.275
(0.272) (0.210) (0.207) (0.610) (0.566) (0.561)

[1em] Constant 2.421∗ 0.0168 -1.752∗ 2.622∗∗ 1.009+ -0.640
(0.943) (0.704) (0.819) (0.974) (0.604) (0.788)

Observations 305 305 303 304 304 302
R2 0.343 0.360 0.338 0.268 0.260 0.271
Standard errors are in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001 44



Figure C5. Robustness Check for Effect of Party and District Characteristics on Immigrant Salience: Pri-
maries versus General Election (Based on Table C6)

(a) Primaries (b) General Election
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Table C7. Robustness Check for Effect of Party and District Characteristics on Refugee Salience: Primaries
versus General Election

DV: Refugee Salience Primaries General Election

(1) (2) (3) (4) (5) (6)
Republican -0.574∗∗∗ -0.0223 0.0575 -0.326∗∗ -0.0642 0.116

(0.157) (0.0629) (0.255) (0.0987) (0.0442) (0.181)

% District NH White -0.00306 -0.00356∗

(0.00236) (0.00148)

Republican × % District NH White 0.00560∗ 0.00349∗

(0.00233) (0.00143)

% District Hispanic 0.00875∗∗ 0.00229
(0.00277) (0.00200)

Republican × % District Hispanic -0.00971∗∗∗ -0.00291+

(0.00255) (0.00156)

% District Urban 0.00449+ 0.00382∗

(0.00229) (0.00170)

Republican × % District Urban -0.00217 -0.00207
(0.00328) (0.00238)

% District Unemployment -0.00926 -0.00949 0.000947 -0.0162 -0.00836 -0.00315
(0.0223) (0.0202) (0.0237) (0.0159) (0.0159) (0.0183)

Southern Border 0.0493 -0.0404 0.0358 -0.0217 -0.0123 -0.00656
(0.0659) (0.0688) (0.0612) (0.0463) (0.0496) (0.0440)

Black -0.134 -0.0589 -0.0932 -0.0178 0.0522 0.0440
(0.0921) (0.0732) (0.0731) (0.0714) (0.0742) (0.0739)

Hispanic 0.503∗∗ 0.313∗ 0.598∗∗∗ 0.172+ 0.193+ 0.264∗∗

(0.153) (0.140) (0.148) (0.0991) (0.103) (0.0958)

Other -0.00520 0.00260 0.0237 0.0512 0.0853 0.0801
(0.0969) (0.102) (0.0891) (0.132) (0.137) (0.133)

College Degree 0.134∗ 0.137∗∗ 0.0809+ 0.0739 0.0755+ 0.0427
(0.0611) (0.0520) (0.0469) (0.0476) (0.0448) (0.0455)

Postgraduate Degree 0.111∗∗ 0.114∗∗∗ 0.0681∗ 0.0916∗∗ 0.0966∗∗ 0.0690+

(0.0394) (0.0287) (0.0265) (0.0336) (0.0324) (0.0365)

Female 0.0145 0.0132 0.0193 -0.0294 -0.0277 -0.0256
(0.0573) (0.0565) (0.0579) (0.0443) (0.0442) (0.0434)

Age 0.00180 0.00218 0.00226 -0.000144 0.000576 0.000413
(0.00207) (0.00207) (0.00213) (0.00192) (0.00186) (0.00192)

Retiring -0.133 -0.155 -0.144 -0.0997∗ -0.0908∗ -0.0863+

(0.106) (0.105) (0.101) (0.0488) (0.0434) (0.0447)
[1em] Constant 0.255 -0.0980 -0.367 0.361+ 0.0196 -0.274+

(0.253) (0.165) (0.246) (0.184) (0.107) (0.162)
Observations 305 305 303 304 304 302
R2 0.282 0.311 0.287 0.136 0.125 0.133
Standard errors are in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < .001 46



Figure C6.Robustness Check for Effect of Party and District Characteristics on Refugee Salience: Primaries
versus General Election (Based on Table C7)

(a) Primaries (b) General Election
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Table C8.Determinants of Immigrant and Refugee Salience,Controlling for COVID-19 Cases per District

Immigrant Salience Refugee Salience

(1) (2) (3) (4) (5) (6)
Republican -1.223+ 0.297 2.259∗∗∗ -0.395∗ -0.0964+ 0.254

(0.718) (0.190) (0.655) (0.154) (0.0512) (0.193)

% District NH White -0.0200∗∗ -0.00230
(0.00707) (0.00212)

Republican × % District NH White 0.0182+ 0.00302
(0.00954) (0.00211)

% District Hispanic 0.0244∗∗ 0.00561∗

(0.00886) (0.00240)

Republican × % District Hispanic -0.0225+ -0.00567∗

(0.0118) (0.00231)

% District Urban 0.0237∗∗∗ 0.00480∗

(0.00645) (0.00206)

Republican × % District Urban -0.0270∗∗∗ -0.00506∗

(0.00783) (0.00221)
% District Unemployment -0.0514 -0.0254 -0.0114 -0.00851 -0.00802 -0.00409

(0.0801) (0.0757) (0.0763) (0.0212) (0.0200) (0.0197)

Southern Border 0.0127 -0.104 0.191 0.0447 -0.00931 0.0533
(0.228) (0.249) (0.196) (0.0566) (0.0615) (0.0499)

Covid Cases -0.00422 -0.00437 0.00151 0.000272 -0.00137 -0.000109
(0.0113) (0.0112) (0.00992) (0.00404) (0.00378) (0.00358)

Black -0.276 0.144 0.0641 -0.124+ -0.0613 -0.0819
(0.217) (0.205) (0.205) (0.0739) (0.0639) (0.0639)

Hispanic 1.814∗∗∗ 1.595∗∗∗ 2.304∗∗∗ 0.479∗∗∗ 0.375∗∗ 0.541∗∗∗

(0.461) (0.438) (0.449) (0.143) (0.139) (0.131)

Other 1.052 1.304+ 1.235+ -0.0166 0.00724 -0.00393
(0.732) (0.734) (0.697) (0.0968) (0.0946) (0.0871)

College Degree -0.256 -0.227 -0.388 0.0754 0.0781+ 0.0404
(0.445) (0.425) (0.371) (0.0542) (0.0439) (0.0406)

Postgraduate Degree -0.283 -0.264 -0.364 0.109∗ 0.106∗∗ 0.0822∗∗

(0.435) (0.412) (0.355) (0.0439) (0.0334) (0.0285)

Female 0.378∗ 0.351∗ 0.370∗ 0.0329 0.0251 0.0304
(0.174) (0.175) (0.173) (0.0522) (0.0516) (0.0518)

Age 0.00652 0.0109 0.0110+ 0.00253 0.00293 0.00299
(0.00667) (0.00665) (0.00660) (0.00205) (0.00204) (0.00202)

Retiring -0.290 -0.267 -0.255 -0.112 -0.113 -0.111
(0.367) (0.327) (0.300) (0.0916) (0.0882) (0.0889)

Constant 2.105∗ 0.0652 -1.748∗ 0.154 -0.0802 -0.439∗

(1.040) (0.669) (0.788) (0.276) (0.165) (0.222)
Observations 300 300 300 300 300 300
R2 0.378 0.381 0.376 0.344 0.357 0.350
Standard errors are in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < .001 48



Figure C7. Effect of Party and District Characteristics on Immigrant and Refugee Salience, Controlling for
COVID-19 Cases per District (Based on Table C8)
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Table C9.Determinants of Immigrant and Refugee Salience,Controlling for District’s Black Population and
Education Level

(1) (2)
Immigrant Salience Refugee Salience

Republican 2.234∗∗∗ 0.135
(0.634) (0.215)

% District Urban 0.0274∗∗∗ 0.00595∗∗

(0.00654) (0.00201)

Republican × % District Urban -0.0266∗∗∗ -0.00301
(0.00744) (0.00282)

% District Black -0.00865 -0.00438+

(0.00746) (0.00228)

% District College Grad -0.00710 -0.00282
(0.0101) (0.00245)

% District Unemployment -0.00220 -0.000765
(0.104) (0.0262)

Southern Border 0.0896 -0.0173
(0.184) (0.0536)

Black 0.247 0.0121
(0.213) (0.0786)

Hispanic 2.137∗∗∗ 0.505∗∗∗

(0.425) (0.124)

Other 1.251+ 0.0225
(0.699) (0.0914)

College Degree -0.328 0.0950∗

(0.369) (0.0457)

Postgraduate Degree -0.346 0.103∗∗∗

(0.362) (0.0273)

Female 0.347∗ 0.0215
(0.164) (0.0491)

Age 0.0122+ 0.00397∗

(0.00648) (0.00194)

Retiring -0.220 -0.116
(0.295) (0.0883)

Constant -1.820∗ -0.483∗

(0.889) (0.238)
Observations 319 319
R2 0.370 0.310
Standard errors are in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Figure C8. Effect of Party and District Characteristics on Immigrant and Refugee Salience, Controlling for
District’s Black Population and Education Level (Based on Table C9)
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