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Abstract

The COVID-19 outbreak implied many changes in the daily life of most of the world’s
population for a long time, prompting severe restrictions on sociality. The Behavioral
Immune System (BIS) suggests that when facing pathogens, a psychological
mechanism would be activated that, among other things, would generate an
increase in prejudice and discrimination towards marginalized groups, including
immigrants. This study aimed to test if people tend to enhance their rejection of
minorities and foreign groups under the threat of contagious diseases, using the
users' attitudes towards migrants in Twitter data from Chile, for pre-pandemic and
pandemic contexts. Our results appear to be mostly against the BIS hypothesis, with
some faint exceptions, since threatened users increased their tweet production in the
pandemic period, compared to empathetic users, but the latter grew in number and
also increased the reach of their tweets between the two periods. We also found
differences in the use of language between these types of users. Alternative
explanations for these results may be context-dependent.
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1 Introduction
The COVID-19 pandemic has precipitated a global change in social dynamics, intensify-
ing the activation of the Behavioral Immune System (BIS), a psychological defense mech-
anism developed to detect and avoid infectious diseases through the constriction of dif-
ferent aspects of sociality [1-3]. The BIS is interrelated with the emotion of disgust and
causes cognitive and behavioral modifications to mitigate pathogen transmission [4, 5].
These modifications extend to altered perceptions and behaviors towards others, often
exacerbating prejudice and discrimination against marginalized groups, particularly mi-
grants [3].

In particular, the BIS and the Pathogen Disgusting System (PDS), as discussed in evo-
lutionary psychology, share functional similarities [4—6]. Both systems are responses to
the evolutionary pressures of a disease, generating proactive avoidance behaviors toward
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possible sources of infection. This convergence suggests a fundamental mechanism un-
derlying social responses to a threat, which extends to xenophobic attitudes [7]. Thus,
out-groups might be perceived as a threat because they may carry pathogens to which
the in-group has not yet developed immunity. Navarrete and Fessler [8] state that ethno-
centric attitudes increase as perceived vulnerability to disease rises. On the other hand,
Faulkner et al. [9] argue that individuals in high-prevalence disease conditions hold less
positive attitudes toward migrants and are more likely to oppose policies that favor for-
eigners. Petersen et al. [10] offer another perspective, stating that there is no association
between pathogens and foreigners itself, but a link between out-groups and pathogens as
a by-product of hypervigilance against deviations from an expected phenotype, meaning
that physical (and potentially cultural) differences are processed as signs of infection in
the same way that a facial injury in a group member would be.

The existing literature predominantly relies on survey methodologies to correlate xeno-
phobia with pathogen avoidance, leaving a gap in empirical evidence from behavioral
data [8]. Our research aims to address this by analyzing Twitter discourse during the
COVID-19 pandemic, testing the hypothesis that elevated perceptions of vulnerability
to disease are associated with greater negative sentiment toward foreigners. As such, this
work contributes to the understanding of the BIS and the PDS, and also to the broader im-
plications of disease avoidance mechanisms on social attitudes in a pandemic context. Hr-
uschka and Henrich [11], in their experimental design, found no evidence to support the
BIS hypothesis. Instead, they found that government efficacy is more relevant in explain-
ing in-group favoritism (related to xenophobic tendencies) than disease avoidance. Such
discriminatory and prejudiced behavior in times of pandemics is nothing new. Through-
out history, it has emerged as an increase of threat and fear in populations. For example,
there was persecution of Jews during the Black Death in the 14th century [12]. Later in
the 1980s, lesbian, gay, bisexual, and transgender communities suffered great stigmati-
zation and social exclusion during the HIV outbreak [13], and more recently, the Ebola
outbreak was labeled as the “African disease” [14]. During the COVID-19 pandemic, in-
creased moral disgust has been demonstrated during periods of high pathogen threat, with
individual responses influenced by age and trait anxiety, reflecting deep-seated psycholog-
ical predispositions rather than just the immediate context [15]. Nevertheless, a pandemic
outbreak is not necessary to explain in-group favoritism and the more intense xenophobic
manifestations in several populations [16, 17]. Therefore, we find it interesting to discuss
and contrast the theoretical models designed to justify discriminatory behavior in a pan-
demic context.

Without considering the presence of a pandemic outbreak, many studies have focused
on finding the factors that influence attitudes toward migration, because of the conse-
quences that they have on social cohesion [18-21], and on migrants’ marginalization. This
affects not only individual psychological and socioeconomic factors [22, 23] but the rela-
tionship between migrant population and locals, with emerging conflicts that in many
cases lead to racism and xenophobia [24—26]. One relevant theoretical framework devel-
oped to understand such attitudes is the “Integrated Threat Theory” [27, 28]. This theory
proposes that the integration of four types of perceived threats between groups are re-
sponsible for prejudices and negative attitudes towards members of an outgroup (such
as immigrant minorities) [29]: 1) The threat realistic, that is, the perception that the out-
group represents a tangible or physical risk to the well-being and resources of the group
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itself. This type of threat has been mainly related to competition for jobs, public services
and economic factors in general [22, 23]. 2) Symbolic threats imply a threat to the values,
beliefs and norms of the group itself. Here, the outgroup is perceived as a threat to the
identity and cultural lifestyle of the ingroup [30, 31]. 3) Intergroup anxiety, that is, peo-
ple feel insecure when interacting with members of an outgroup due to uncertainty about
adverse outcomes, such as being shamed or rejected. 4) Negative stereotypes, that is, pre-
conceived negative beliefs and generalizations about members of an outgroup. Finally, it
establishes that the greater the perception of threat, the greater the prejudices and nega-
tive attitudes towards the outgroup. The latter can trigger acts of violence, discrimination
and abuse.

Currently, the number of international migrants worldwide has reached 281 million,
equivalent to 3.6% of the world population [32]. In Chile, this number amounts to 1.7
million people (7.2% of its population) [33]. Our research seeks to measure attitudes to-
wards migrants before and during the most critical moments of the pandemic in Chile,
using Twitter [34]. In this way, we could shed light on how the BIS is operating in a society
that has seen its immigrant population grow dramatically in recent years and has been
jointly affected by the global COVID-19 pandemic. We have baseline measures before
the outbreak of the pandemic, which gives us the possibility to study the effect of the be-
havioural immune system on attitudes towards immigrants as a more specific case of what
the “threat theory” explains, without leaving aside that other types of threat perceptions
may emerge since we are not controlling for the other variables that may be involved.

Our proposal uses the information that people post on Twitter about migration as a
reflection of their attitudes toward this issue since they express their ideas and opinions
voluntarily. Studies that have used Twitter reveal socio-cultural characteristics of users or
societies, including the influence of culture in personal actions, political polarization [35],
personality traits [36], personality differences between democrats and republicans [37],
but also the level of integration of immigrants in a city [38], and attitudes in response to
triggering events such as terrorist attacks [39]. In this way, our proposal seeks to comple-
ment traditional methods for this topic, such as qualitative case studies or context-specific
surveys for each migration context [40—42]. Thus, we contribute not only with a dynamic
approach to attitudes but also through an easily accessible and low-cost data source.

Previous studies have examined the impact of specific events on anti-immigrant sen-
timent on social media. Flores [43] found that anti-immigrant laws in Arizona led to in-
creased negative sentiment in tweets about immigrants, primarily due to mobilization of
anti-immigrant users rather than attitude changes. Similarly, Czymara and Gorodzeisky
[44] observed short-term increases in online hostility following terrorist attacks in Europe.
Our study extends this line of research by examining attitude changes over a more pro-
longed period of threat (the COVID-19 pandemic), focusing on user-level attitudes rather
than event-specific reactions.

Particularly, the aim of this study is to test one of the core statements of the Behavioral
Immune System (BIS): that people tend to enhance their rejection of minorities and for-
eign groups under the threat of contagious diseases. Specifically, we expect an increase
in the number of Twitter users with threatened attitudes (or a decrease in the number
of users with positive or empathetic attitudes), between the periods before and after the
COVID-19 outbreak (called the pre- and post-pandemic periods, hereafter). Similarly, the
number of threatened tweets should also increase (or the number of positive or empathetic
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tweets should decrease). We also expect an increase in the number of retweets from the
group of users with threatened attitudes between pre-pandemic and pandemic contexts
(or a decrease in the number of retweets from the positive or empathetic group of users),
which is understood as a greater diffusion and scope of its negativity. Lastly, we expect
the language use of the threatened user group to reflect a greater concern for the threat
of COVID-19 contagion, i.e., they should use COVID-19-related words more frequently
than positive or empathetic groups, especially in the pandemic context.

2 Methodology
2.1 Dataset description
Our dataset was extracted from the Twitter platform. Twitter is a micro-blogging platform
in which each user with an account can create a user name, inform a location, and include
a brief personal description, an image, and a URL in their profiles; this information can be
fictitious or real. In addition, users can post tweets (texts of a maximum of 280 characters
at the time of data collection), retweets (share other users’ Tweets on their account), men-
tion others in their tweets using an identifier (e.g., @username), and quote others’ tweets
or add comments to them. Twitter users can follow other users and view their tweets on
their own timelines.

We used a system designed to collect Chilean tweets [45] which connects to the Twitter
Streaming API Then, to download those referring to migration we used a list of keywords

”
’

related to the topic. The query parameters included words such as “migration (migracién)

» o« ” o«

migrant (migrante)’, “immigrant (inmigrante’, “foreigner

» o«
’

“immigration (inmigracién)
(extranjero)’, “borders (fronteras)’, etc., and countries of origin with their respective de-
monyms (see the complete list in the Appendix A; note that the original list of keywords
is in Spanish, here we report in English for clarity). Lastly, we pre-processed the data to
eliminate noise topics such as bird migration, migration in other countries, etc. This noise
elimination was performed using an XGBoost classifier, similar to our main classification
process, to filter out irrelevant content. We also manually selected relevant/noisy signals
such as URLSs and usernames to further refine the dataset.

Our dataset is composed of 892,487 tweets (192,087 are plain tweets, 700,400 are
retweets —or RTs—, 109,097 are quotes, and 109,211 are replies) that talk about immigra-
tion in Chile, of which 299,098 correspond to a pre-pandemic period (June—August, 2019),
and 593,389 to a post-pandemic period (June—August, 2020). The periods of analysis were
chosen, mainly for three reasons; the same months for 2019 (year without pandemic) and
2020 (year with pandemic) to avoid seasonal bias, the months of June, July and August for
being the winter months in Chile, and for being the most critical months (during 2020,
the year we started the research) in terms of infections (with a peack of more than 6,900
cases per day) and deaths (with a peack of 150 deaths per day) due to the Covid19 pan-
demic [46]. Figure 1 shows their daily volume. These tweets were written by 213,115 users
(82,212 users analyzed in the pre-pandemic period and 130,903 in the post-pandemic pe-
riod); 21,469 of these users are present in both analyzed periods, and our study focuses
precisely on this subset of users since we can trace their attitude changes (if any). Hence,
the number of tweets issued by the group of users present in both periods corresponds
to 312,527 tweets: 146,743 tweets from the pre-pandemic period and 165,784 from the
post-pandemic period. We aggregated tweets at the user level to capture overall attitudi-
nal shifts rather than tweet-level fluctuations, aligning with our focus on testing the BIS

hypothesis in a prolonged pandemic context.
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Figure 1 Daily volume of tweets in the data set (on the left is the pre-pandemic period, and on the right is
the post-pandemic period)

Table 1 Seed patterns and keywords for labeling each attitude toward immigration

Attitude Patterns seeds and keywords

Empathy #bienvenidosachile, #chilesinbarreras, #chilediverso, #noalaxenofobia, #nomasracismo,
#tbienvenidosmigrantes, #nadieesilegal, #todossomosmigrantes ...

Threat #inmigrantesilegales, #nomasinmigrantes, #nomasilegales, #vendepatria,

#fuerailegalesdechile, #invasionmigrante, #nomasinmigracionilegal,
#inmigracionilegaldesatada, invasion ...

2.2 Classifier of attitudes

The methodology we applied has two steps, following previous work [34, 47]: first, we
identify the attitude of some users, i.e., we label them as empathetic (positive attitude)
or threatened (negative attitude). Second, with the subset of users classified, we trained a
classifier and predict the attitude of the rest of the dataset [48, 49].

For the labeling process, we identified attitudes toward migration based on two social
theories. The first one is the Intergroup Contact Theory, which proposes that contact be-
tween people from different groups will foster empathy and improve relationships [50].
The second perspective is the Integrated Threat Theory, which states that contact be-
tween people from different groups can cause prejudices and perceptions of threat, which
will worsen relationships [27, 28]. Both theories tell us what to look for when analyzing at-
titudes toward migrants: either motivated by empathy, in favor of migration; or by threat,
against migration. Thus, we will assume that there are two attitudes, which we labeled as
empathy and threat [34, 51].

An effective mechanism to predict the community to which a user belongs is their choice
of words [52]. Thus, we generated a list of seed patterns and keywords for each attitude. We
iteratively explored the dataset in search of traits that could be assigned to these seeds and
keywords. For empathetic attitudes, we focused on messages expressing that migration is
a human right and that immigrants are welcome and deserve equal conditions (e.g., “we
are all immigrants’, “no one is illegal’; etc.). On the other hand, for threatened attitudes, we
focus on messages that express that immigrants are not welcome and/or negatively qualify
their arrival or themselves (e.g., “no more immigrants’, “illegals take our jobs’, etc.).

Once we obtained the final lists (see Table 1), we labeled the users that matched these
patterns; in this way, we built our subset of training users for the classifier. In parallel to
the labeling we did through the lists of seed patterns and keywords, we manually tagged
some accounts of institutions (such as the International Office for Migration and the Jesuit

Migrant Service), public figures, journalists, and politicians who have publicly expressed
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their attitude on migration. This process was done for the data sets of both study periods,
considering that during each period the users maintain only one attitude.

For the classification process, we use the subset of users labeled as training for the Ex-
treme Gradient Boosting (XGBoost) classifier that trains decision trees using gradient
boosting [53]. The XGBoost classifier receives as an input a feature matrix defined as the
concatenation of several matrices, three of them based on the content emitted by the users
(such as a user-word matrix), and another three based on the interactions between them
(such as an adjacency matrix of retweets). For more details see the Methodological Ap-
pendix B.

Next, we trained the classifier using the set of labeled users to predict the attitudes of
the remaining users (defined in the feature matrix). The classifier return a tuple p for each
user at each period, that we interpret as the probabilities of belonging to each attitude.
Each value from p lies in [0,1], and in our case, since we consider two attitudes, we can
consider only of them as reference. We applied an uncertainty threshold of 0.05 to classify
each user into one of those categories, i.e., p must be either less than 0.45 (threat attitude)
or greater than 0.55 (empathetic attitude). We defined users who could not be classified
into either of the two attitudes as undisclosed.

Finally, we manually checked profiles that might have been mislabeled by the classifier,
focusing on those that are very active/followed in the discussion. We added those manual
labels and repeated the training/prediction steps until no obvious inconsistencies were
found.

3 Results

The following section presents the main results of our analyses, beginning with a general
description of the considered users and their attitudes towards migrants before and after
the COVID-19 outbreak. Then, we analyzed both the reach and influence of empathetic
and threatened users by observing their retweets in the same periods. Lastly, we performed
a vocabulary analysis for both groups of users by attitude, exploring the pandemic-related
words that each group mentioned more frequently in both periods.

3.1 General description of attitudes

The total number of users analyzed is 231,115; 82,212 were analyzed in the pre-pandemic
period, and 130,903 were analyzed in the post-pandemic period. In the pre-pandemic pe-
riod, 34,590 users were classified as empathetic, 16,141 as threatened, and 31,481 as undis-
closed. On the other hand, in the post-pandemic period, 117,249 users were classified as
empathetic, 11,678 as threatened, and 1,976 as undisclosed.

To study changes in attitude after the COVID-19 pandemic, we considered 21,469 users
whose participation in the Twitter platform was observed in both periods, pre and post-
pandemic. Figure 2 (to the left) shows the distribution of users by attitude. In both periods,
there were more empathetic users than threatened users, but pre-COVID-19 we found
that less than 50% of the users were classified as empathetic, while post-COVID-19 period
nearly 80% belonged to that category. Threatened users, as well as the undisclosed ones,
decreased from one period to another. These results are different when looking only at
users who tweet more frequently in our dataset, i.e., those that have more than 14 tweets
about migration and migrants in total, considering both periods (5,312 users; 14 tweets
is the average number of tweets considering both periods). In this subset of users, pre-
COVID-19 threatened users were more numerous than empathetic ones; similarly, in the
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Distribution of user by attitude (%), only users present in both periods
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Figure 2 Percentage distribution of users, classified by attitude for each period of analysis. Left: users present
in both periods (n = 21.469). Right: users with more than 14 tweets in total, considering both period (n =
5312)
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Figure 3 Number of users classified in each attitude, for the pre- and post-pandemic period, and their
attitude changes

post-COVID-19 period the number of empathetic users increased, and the number of
threatened and undisclosed users decreased, as we can see in Fig. 2 (to the right).

In addition, as we can see in Fig. 3, more than half of the users shifted their attitude from
threatened to empathetic, and most of the undisclosed users in the pre-COVID-19 period
shifted to empathetic in the post-COVID-19 period.

Since threatened users decreased post-COVID-19, we explored the scores given to each
user by the classifier, aiming to check if they increased between periods. In other words,
we wanted to check if threatened and empathetic users were more or less threatened or
empathetic before and after the COVID-19 outbreak. Figure 4 shows the average daily

score estimated using LOWESS: empathetic post-pandemic users scored more empathetic
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Figure 4 Daily distribution of average attitude scores (empathy and threat), for both periods. Top:
pre-pandemic period. Bottom: post-pandemic period

than the same group before the pandemic (from 0.78 to 0.91). Meanwhile, threatened users
decreased their average scores from 0.87 to 0.80.

3.2 Reach and influence of empathetic and threatened users

Our first prediction stated that the number tweets by threatened users would increase (or,
alternatively, that the number of tweets by empathetic users would decreas). Tables 2 and 3
show the numbers of users, tweets, retweets (emitted and received), quotes, and replies
by group and period. From this, we calculated the ratio of tweets by user, considering the
users that were present in both periods. For empathetic users, the number of tweets per
user was 5.4 pre-COVID-19 and 6.16 post-COVID-19. Meanwhile, for threatened users,
the number of tweets per user was 13.6 pre-COVID-19 and 16.4 post-COVID-19. Thus,
both kinds of users increased the number of tweets published post-pandemic, but for the
threatened users the increase was greater. This result is consistent with the analysis of the
complete dataset, where the increase is more prominent for the threatened group (from
9 to 15 compared to the empathetic group, which went from 3 to 3.4). In contrast, when
we analyzed only users who have at least 14 tweets in total, although all users increase
their tweets, the group of threatened users tweets the most and maintains similar average
values in both periods (27.4 and 28.3). In addition, we observed a notorious increase in
tweets per user for the empathetic group (from 14.4 to 19.5), and even more accentuated
for the undisclosed group (from 5.5 to 20.7).

This only informed us of users’ activity and interactions with others in this environment,
not the influence or reach that they have. To check the influence of each kind of user before
and after the COVID-19 outbreak, we calculated the ratio of retweets per tweet by attitude
for both periods (dividing the number of retweets received by each user group by the
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Table 2 Description of the number of users, tweets, retweets emitted and received, quotes, and
replies issued by the different groups of users classified according to their attitude, for the
pre-COVID-19 period

Period Pre-COVID-19

Interaction/ Attitude User Tweet Retweet emitted Retweet received Quote Reply
Empathy 10,100 54,597 42,047 46,511 6,460 4,602
Threat 5936 80,883 61,131 83,722 10,447 12,191
Undisclosed 5433 11,263 7,144 7,630 1,039 2,374
Total 21,469 146,743 110,322 137,863 17,946 19,167

Table 3 Description of the number of users, tweets, retweets emitted and received, quotes, and
replies issued by the different groups of users classified according to their attitude, for the
post-COVID-19 period

Period Post-COVID-19

Interaction/ Attitude User Tweet Retweet emitted Retweet received Quote Reply
Empathy 17,906 110,235 92,967 156,688 12,760 7,515
Threat 3,147 51,439 42,520 51,654 7,460 5,103
Undisclosed 416 4,110 2,877 7,526 505 750
Total 21,469 165,784 138,364 215,868 20,725 13,368

number of tweets, issued by each user group). The results for threatened users showed
a higher ratio before the pandemic (1.04 retweets per tweet), compared to empathetic
users (0.85). Also, the empathetics’ ratio increased after the pandemics (1.42), a value still
greater than for threatened ones (1.0); the latter remaining stable between both periods.
Analysis of the full dataset shows that all users slightly increased their average number
of retweets; in contrast to this, for the group of users with at least 14 tweets, only the
threatened group showed a decrease in their retweets per tweet between the pre- and
post-pandemic period, while the empathetic and undisclosed increased their ratios. This
measure considered that there may be users that got more retweets than others because
they also tweeted more frequently, so it gave us information on the scope and spread of

information issued by each user group according to their attitudes.

3.3 Vocabulary analysis

As a final qualitative analysis, we explored differences in language use. To do so, we calcu-
lated the proportional change between the words most used by empathetic and threatened
users. We considered the 50 most frequent words in pre-pandemic and the 50 most fre-
quent words in post-pandemic period.

Figure 5 shows the differences in the relative frequency of word use between the two
groups of users. Words used in greater proportion by the empathethic group are shown
in purple, and orange otherwise. Here we observe that in both periods the empathetic
group used words such as “children (nifios)’;, “women (mujeres)’, “men (hombres)’, “per-
sons (personas)” and “people (gente)”; which categorize immigrants in a neutral and equal
manner; in contrast, the words “illegal (ilegales)’, “tourists (turistas)” and “invasion/in-
vade (invasion/invaden)” were used by threatened users. Furthermore, the empathethic
group used words such as “equality (igualdad)’;, “welcomed (acogido)’, “education (edu-
cacioén)” in the pre-pandemic period, denoting their perception of a good reception to-
wards immigrants; in contrast, for the post-pandemic period, the words become more

accusatory against threatened users who do not place migrants in an equal status as lo-
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cals (with words such as “inequality (desigualdad)’, “discrimination (discriminacién)” and
“xenophobia (xenofobia)”).

Finally, we note that the group of threatened users expressed their threat perceptions
around delinquency in the pre-pandemic period, with words such as “arms (armas)’, “traf-
ficking (tréafico)’, “terrorists (terroristas)” Such threat perceptions in the post-pandemic
period were replaced by threats of contagion by COVID-19, as their prominent words
were related to the pandemic, such as “infected (infectados)” and “contagious (contagia-
dos)”.

To study the change in pathogen threat perception in both attitude groups, we explored
the pandemic-related keywords (152) that each group of users mentioned, for both peri-
ods. Figure 6 shows that in the post COVID-19 period, the empathetic group used words
related to the disease itself, such as “virus’, “pandemic (pandemia)’, and “COVID-19’, while
threatened users used words with a more personal connotation, such as “contagiados” o

“infectados” (both meaning “infected”).

Page 10 of 19
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Pandemic Keywords frequency
Empathy group, Pre-Covid Threat group, Pre-Covid
fallecido fallecido
epidemia muertas
contagiados aislamiento
brote mascarillas
virus contagiadas
aislamiento infectados
dosis inmunidad
cra contagiados
sanitaria sanitaria
muertas vacunas
vacunas enfermedad
fallecidos muerto
emergencia cra
enfermedad enfermos
muerto emergencia
enfermos riesgo
riesgo fallecidos
amenaza muertos
muertos amenaza
salud salud
0 1000 2000 3000 4000 5000 6000 7000 0 2500 5000 7500 10000 12500 15000 17500
Empathy group, Post-Covid Threat group, Post-Covid
contagios enfermos
contagiados muerto
brote contagios
muerto mascarillas
emergencia contagio
fiesgo muertos
per test
amenaza brote
covid19 per
mascarilla riesgo
sanitaria covid-19
muertos salud
cuarentena mascarilla
contagio pandemia
salud virus
coronavirus covid
covid coronavirus
covid-19 cuarentena
pandemia contagiados
virus infectados
0 5000 10000 15000 20000 0 5000 10000 15000 20000
Figure 6 Use of pandemic-related keywords in each attitude group, pre and post-COVID-19

4 Discussion

One of the core statements of the Behavioral Immune System (BIS) is that people tend to
enhance their rejection of minorities and foreign groups under the threat of contagious
diseases [2]. This rejection would be motivated by the activation of the BIS and the conse-
quent constriction in sociality. Thus, this study aimed to test whether threatened attitudes
towards immigrants changed with the COVID-19 outbreak, predicting that these attitudes
would increase after the pandemic. Our results slightly support this hypothesis.

Our user-level analysis differs from studies examining reactions to specific events
[43, 44]. While these studies found limited individual-level attitude shifts, our approach
aims to capture potential changes in underlying attitudes due to the prolonged nature of
the pandemic threat. This methodological choice allows us to observe broader attitudinal
trends but may overlook nuanced, short-term fluctuations in sentiment.

Also, while previous studies [43, 44] primarily analyzed short-term responses to events
like anti-immigrant laws or terrorist attacks, our research examines attitude changes over
a more prolonged crisis period, though our user-level aggregation may have missed tweet-
level nuances.

Specifically, we expected an increase in the number of Twitter users with threatened
attitudes or a decrease in the number of users with empathetic attitudes, between pre-
and post-pandemic contexts. Our results show that, in both periods, empathetic are more
than threatened users. Threatened users, as well as the undisclosed ones, decreased from
one period to another. The undisclosed group stands out for having a very large decrease:
this indicates that in the post-pandemic period, it was easier to identify user attitudes for
our classifier, which can be interpreted as users becoming clearer in their positions and
making more noticeable their trends in attitudes. However, these results differ when we
focused on vocal users with more than 14 tweets about migration and migrants in total
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(average number of tweets users have between the pre- and post-pandemic period), con-
sidering both periods (5,312 users): here, pre-COVID-19 threatened users were slightly
more numerous than empathetic users. This result is interesting as generally, the popula-
tion with positive attitudes is higher than those with negative attitudes [26, 34, 51]. Given
that this group of users shows greater participation in the migration debate and holds
more extreme attitudes and positions (which is reflected in the low proportion of users
classified as undisclosed), we can see that the proportion of relatively active users with
negative attitudes towards the migration debate is greater than those with positive atti-
tudes. Given that in the post-COVID-19 period this phenomenon is reversed (the num-
ber of empathetic users increases, becoming greater than those threatened) and a similar
result is recovered as when we look at all the users analyzed, we could infer that the pan-
demic dampened the negative attitudes and increased the positive ones for the group of
relatively active users.

Similarly, we expected that the number of tweets by threatened users would increase or
the number of tweets by empathetic users would decrease. The evidence for this is that,
for both attitudes, the number of tweets per user increased between periods. However,
threatened users have a higher number of tweets per user in both periods. Furthermore,
although both types of users increased the number of tweets they posted after the pan-
demic, for threatened users the increase was greater. Thus, we can interpret that the group
of users with negative attitudes produces more content than the group with positive atti-
tudes, and they extreme their positions in the post-pandemic period, which could be in-
terpreted as a slight evidence in favour of the BIS hypothesis. The result is different when
we look at the group of relatively active users (who have 14 or more tweets in both peri-
ods), since the average production by threatened users remains similar (from 27.4 to 28.3
tweets per user), and the empathetic and undisclosed groups show the greatest increase,
the latter standing out with an increase from 5.5 to 20.1 tweets per user. This implies that
the threatened relatively active group shows more stable behavior, and it is the empathetics
that show the greatest change in the face of the pandemic.

Although these results seem to run mostly counter to the BIS hypothesis, we must con-
sider thata large part of the migrant population worked in essential services (health profes-
sionals, supermarkets, pharmacies, garbage collection, deliveries, etc.) during the COVID-
19 pandemic; therefore, the local population mostly maintained contact with them (in ur-
ban contexts) [54, 55]. Thus, we could interpret that this contact favored the positive per-
ception of migrants [56], and with it, the increase of empathetic users and the decrease
of threatened users. With this in mind, the Intergroup Contact Theory may explain this
result [50]. The main predictions of this theoretical model are that increased contact be-
tween locals and immigrants will promote empathy and understanding between them,
and consequently improve and increase positive attitudes towards immigrants.

We also expected an increase in the number of retweets from the group of users with
threatened attitudes between pre- and post-pandemic contexts or a decrease in the num-
ber of retweets from the empathetic group of users. To check the influence of each at-
titude before and after the COVID-19 outbreak, we calculated the ratio of retweets per
tweet by attitude for both periods. Threatened users had a greater ratio before the pan-
demic, compared to empathetic users, meaning that their reach was higher in that period.
However, the empathics’ ratio increased after the pandemic, remaining greater than the
threatened’s ratio, the latter remaining stable between both periods. This measure consid-
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ered that there may be users that got more retweets than others because they also tweeted
more frequently, so it gives us information on the scope and spread of information issued
by each user group according to their attitudes.

Lastly, we expected that threatened users would use COVID-related words more fre-
quently than empathetic users in the post-pandemic context. We verified this prediction
in the first instance since the threatened group is the only one that uses words related
to the pandemic (such as “infected”) in the post-pandemic period. In addition, we found
that in the pre-pandemic period, this group of users showed threat perceptions of crime
(using words such as “arm’; “terrorist” and “trafficking”), so the COVID-19 outbreak may
have had an effect on the change of threat perception from crime to pathogen contagion.

Zooming in on the language related to the pandemic, we explored the use of 152
pandemic-related keywords for each group of users. Our results point out that the empa-
thetic group used words related to the disease itself, like “virus’, “pandemia’, and “COVID-
19’ while the threatened group tended to use words focused on individuals who posed a
threat of contagion, similar to what was found by Freire-Vidal and Graells-Garrido [51],
where the empathetic group of users referred to migration as a general phenomenon, and
the threatened group referred to the particular phenomenon that concerned them. In ad-
dition, the total number of pandemic keywords used by the threatened group is higher
than the empathetic group for both periods. Interestingly, when we adjusted for the num-
ber of users for each group and period, we saw that the use of these words per user de-
creased for empathetic users from 256 to 126 between periods, but it increased for the
threatened group (from 1035 to 1462 post COVID-19 outbreak). This would reflect the
fact that for this group of users, the perception of a threat of infection from the interaction
with the immigrant population is higher.

Thus, we have not found clear evidence of increased negative attitudes towards mi-
grants, similar to the findings of Schwambergova et al. [15], Rowe et al. [57]. The fact
that we have no validation of the hypotheses derived from the BIS is certainly influenced
by a large number of factors internal and external to the population under study. We can
mention, for example, that anti-immigrant sentiment was not established in Chile because
it is a country that, although it has historically received migrants, its migrant population
was very small until seven years ago, at which time Chile experienced a drastic increase
in immigration [33]. In addition, the migrant population in Chile is mostly Latin Amer-
ican [33], and this particular population was not directly associated with COVID-19, as
was the Asian population, who were the focus of discrimination in different parts of the
world [58, 59]. Accordingly, it is possible that the immigrant population was seen by most
of the Chilean population as helpers or victims rather than a threat.

Our study acknowledges certain constraints that may affect the generalization of our
findings. Twitter data, while rich, may not be fully representative of the entire population,
as it is biased towards certain demographics that have access to and engage with this plat-
form. Such biases may reflect regional variations and technological accessibility, yielding
a potentially skewed picture of public opinion on immigration. Additionally, our method-
ology assumed temporal stability in attitudes by averaging user sentiments across tweets,
potentially overlooking more nuanced, real-time shifts in public opinion. This is partic-
ularly pertinent given that attitudes towards immigrants can be significantly swayed by
temporal events such as news cycles or political developments [51]. Moreover, our anal-
ysis is limited by the absence of additional data to contextualize user attitudes, such as
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political affiliation, socio-economic status, or opinions on related subjects. The thematic
filtering necessary for our analysis further narrows the scope, excluding potentially perti-
nent topics that co-occur with migration discourse. Our user-level aggregation may have
missed tweet-level nuances, potentially overlooking short-term sentiment fluctuations in
response to specific pandemic-related events. Finally, the inherent privacy policies of the
platform limit the availability of more detailed user demographics that could enrich the
understanding of the factors shaping public attitudes.

Two interesting lines of research emerge from our work; firstly, a temporal analysis
of attitudes towards migration in conjunction with a detailed analysis of the most rele-
vant pandemic events in the period studied, and their possible influence on the forma-
tion and/or change of these attitudes, and secondly, a geo-referenced analysis of users, to
cross-reference socio-demographic information such as the national census [60] and our
measurement of attitudes towards migration.

Despite these limitations, this work presents the novelty of using Twitter to classify and
then analyze attitudes towards migration, comparing the pre- and post-pandemic context.
This platform allows to collect a large volume of data at a relatively low cost and it is also
capable of capturing the spontaneous manifestation of different points of view on a given
topic.

5 Conclusions

The objective of this study was to test whether threat attitudes toward immigrants changed
with the COVID-19 outbreak; predicting, according to one of the BIS hypotheses, that
these attitudes would increase after the pandemic. The evidence does not go in one direc-
tion, and are mostly against the BIS hypothesis. On the one hand, in support of the BIS hy-
pothesis, threatened users increased their tweet production in the post-pandemic period
in greater quantity than empathetic users. While empathetic users increased the reach of
their tweets between the two periods, the ratio of retweets per user increased, remaining
over the ratio calculated for threatened users. In addition, only threatened users showed
a change in threat perception between the pre- and post-pandemic periods, moving from
a concern about crime to one about COVID-19 infection. In contrast, empathetic users
employed words related to the disease itself, whereas threatened users tended to employ
words with a more personal connotation; making it noticeable that users with negative
attitudes towards migration showed perceptions of threat.

It is important to note that threatened users were found to decrease from period to pe-
riod, with the undisclosed group standing out as having a very large decrease, indicating
that users became clearer in their positions and made their attitudinal tendencies more
noticeable. However, when considering relatively active users, pre-COVID-19 threatened
users were more numerous than empathetic users. The pandemic attenuated the negative
attitudes and increased the positive ones for the relatively active user group. The Inter-
group Contact Theory may explain this result, given that most of the services continued
to be provided by immigrants, so that they had to face greater exposure to the virus, thus
generating empathy in the local population.

Finally, we can infer that the COVID-19 pandemic may have increased the group of users
with positive attitudes on a general level, just as it made the group with negative attitudes
more vociferous. All these contradictions lead us to believe that the BIS hypothesis is not
the only theoretical model that can explain the reactions of a population to migration in the
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context of a global pandemic, since there are a number of other factors that could generate
perceptions of empathy and threat, not strictly related to the infectious disease but to other
phenomena related to social isolation, restrictions on movement, lack of resources, etc.
These opposing forces (perceptions of threat and empathy) would explain contradictory
and unexpected behaviour. This work is a contribution to the studies of the impact of
the COVID-19 pandemic in Chile. In addition, it addresses the migration phenomenon
and the perceptions that arise from it, and it shows that it is possible to test theoretical
models that predict the attitudes, feelings and concerns of the Chilean population towards

immigration in the pandemic context.

Appendix A: Keywords used for filtering
« inmigracién
« inmigrante
» migracién
» migrante
+ interculturalidad
+ xenofobia
+ xenofébo/xenéfoba
+ xenofébico/xenofébica
« racismo
» racista
» promigrante
» #migracion
+ #migranteschile
+ #todossomosmigrantes
« #redmigrante
+ #migracionpdi
« #chilesinbarreras
+ #migraciénlaboral
« #leydemigracion
+ #leydemigraciones
+ #leymigratoriaya
« #reformamigratoria
+ #chileterecibe
« #aricaabrefronteras
+ #bajoelmismosol
« #interculturalidad
« #encuentromigrante
+ #mipieltupiel
« #servicioevangelicomigrantes
« florvil
» @oimchile
+ #inmigrantesilegales
» #nomasinmigrantes

« #nosmasilegales
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« #justiciaparajoane

« #construyendocultura
« #multicolor

«+ #nomasdiscriminacion
« #sinfronteras

«+ #multiculturalismo

« #conlosrefugiados

+ #nohayserhumanoilegal
« #multicultural

+ #migrafest

« #bienvenidosnuevoschilenos
« charter

+ @dptoextranjeria

« @oimchile

» @somosfre

+ @sjmchile

« #chileterecibe

« #lepraenchile

+ #migracionysalud

Appendix B: Methodological details of XGBoost

The XGBoost algorithm is based on the construction of a model that is a weighted com-
bination of several simpler models. Each simpler model is a decision tree and is called a
“weak tree”.

Givenatraining set D = (x1,%1), ..., (%4, y,») with ninstances and y; € [0, 1] for binary clas-
sification, XGBoost searches for a prediction function F(x) that minimizes a loss function
L(y, F(x)).

The XGBoost algorithm uses the boosting technique, which consists of building sequen-
tial models in which each model attempts to correct the errors of the previous model [48].
To do so, at each iteration ¢, a new weak tree f;(x) is trained to fit the residuals r;, of the
current model F,_1(x;), i.e., r;y = y; — Fp_1(%)).

The goal is to minimize the loss function at each iteration:

LO =3 Ly Foa (i + fixi) + ), (B-1)

i=1

where L(y;, F;_1(x;) + fi(x;)) is the loss function corresponding to the addition of the new
tree f; to the current model F,_;, and 2(f;) is a regularization function that penalizes the
complexity of the tree f; to avoid overfitting.

To find the optimal weak tree f;, XGBoost uses a technique known as “split finding’,
which looks for the best way to split the data into two groups to minimize the loss function.
At each node of the tree, all possible splits of the data are considered according to an input
variable and a cut-off point, and the split that minimizes the loss function is chosen.

Once the optimal weak tree f; has been found, a learning factor 7 is adjusted to control

the contribution of this tree to the final model. Finally, the weighted weak tree is added to
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the current model to obtain the new model:

Fi(x) = Fr1(%) + nfe(x). (B.2)

This process is repeated until a maximum number of iterations is reached or until an
acceptable model accuracy is reached.

For our study, the XGBoost classifier receives as an input a feature matrix defined as
the concatenation of several matrices, three of them based on the content emitted by the
users, and another three based on the interactions between them:

« In the content-based matrix each row represents user i, and each term j can represent

a word, hashtag, username, URL or emoji. Thus, a cell (i,/) contains the number of
times user i has used the term j in his tweets, in his biographical self-description and
in his profile URL.

+ For the interactions matrix we consider that homophily can vary or be absent in
different layers of interaction [61], so we use the three types of interaction allowed by
the platform to build it; retweets, replies and quotes. Thus, the matrix stores in a cell
(i,)), the number of times user i has interacted with user j (e.g., if i retweets j once,
¢(i,j) = 1). In addition, for each type of interaction, we consider whether the user has
interacted with other users already labeled with an attitude.

Thus, we train the classifier using the set of labeled users to predict the attitudes of the
remaining users (defined in the matrix described above). As parameters of the classifier
that allow us to avoid overfitting; first, gradient boosting is performed with an early stop,
using a validation set of 10% of the training observations. Second, we remove from the
feature matrix the seed keywords we used in the training labeling, since our goal is to
classify users that do not use these terms in their content.

The classifier gives us for each user u a value p,(u), which corresponds to the fraction
of decision trees that vote for the corresponding attitude . This value is at [0, 1], and in
our case, since we consider two attitudes, we define the score of one attitude as a function
of the other pempathy(#) = 1 — Pihreat(#1). Then, we apply a threshold (p > 0.55) to consider
predictions with a number of voters higher than a random choice. We define users who
could not be classified into either of the two attitudes as undisclosed. For our analyses, we
used both p and categorical classification of each user and tweet.

Finally, we manually check profiles that might have been mislabeled by the classifier,
focusing on those that are very active/followed in the discussion. We add those manual
labels and repeat this step until no obvious inconsistencies are found.
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