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Abstract
This study analyzes user-generated content on social media regarding migration, focusing on tweets from Italy and
the United States. Using a BERT-based model, we analyzed approximately 24,000 tweets to explore differences in
public perception, focusing mainly on sentiment and emotion analysis. The results reveal that Italian tweets tend
to express neutral sentiment accompanied by anger, while tweets from the United States generally reflect more
negative sentiment, especially fear. Hashtag analysis highlights the influence of political events on discussions.
Additionally, Latent Dirichlet Allocation identified key discussion topics, and fake news detection revealed that
most shared content was reliable. This research provides insights into regional differences in migration views on
social media.
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1. Introduction and Background

Social media analysis encompasses the systematic collection and rigorous examination of data from
digital platforms such as Reddit, Facebook, and Instagram, enabling researchers to extract meaningful
insights into human behavior and opinion formation. This analytical approach has demonstrated
significant utility across diverse domains: from demographic research [1] and population studies [2, 3]
to effective recommender systems [4, 5], from comprehensive market analysis [6] to the investigation
of complex social phenomena [7] and emerging collective behaviors [8, 9]. In this paper, we report
and analyze the preliminary results of a social media analysis conducted on the X platform regarding
the phenomenon of migration. Specifically, our study focuses on tweets geolocated in Italy and the
United States. This approach allowed us to highlight specific regional differences in the origin of
tweets despite the limited sample size. First, it is essential to consider the differing characteristics of
migration phenomena affecting the two countries. In Italy, migratory flows primarily originate from
North Africa and Eastern Europe, with migration policies managed by a single national authority, often
under political pressure from the European Union. In the United States, migratory flows mainly stem
from Europe and Asia, with the highest influx originating from Latin America. Managing migration in
the United States is more complex than in Italy, as each state enforces its own immigration policies,
making it challenging to reach agreements on handling migrants.

As regards the discussion about immigration on social media platforms, it has received increasing
attention from academics in recent years. Researchers have been examining the dynamics, narratives,
and implications of immigration discourse in various national contexts. In the United States, studies
have shown that Twitter often amplifies polarized views on immigration, framing the issue in terms of
security, economics, or cultural identity [10, 11]. Similarly, in Europe, particularly in Italy, researchers
have noted the prevalence of divisive narratives that are often linked to political discourse and media
representations [12, 13]. Comparative analyses have highlighted how socio-political factors shape
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online discussions about immigration, revealing significant differences in tone, sentiment, and the
prominence of various topics between countries [14, 15]. However, there is a lack of cross-national
studies specifically focusing on Italy and the United States, indicating a need for further research to
understand how cultural and institutional contexts influence the framing of immigration on social
media.

2. Data Collection

The initial phase of our research involved collecting approximately 24,000 tweets from the X platform,
evenly split between the Italian and U.S. datasets. To this aim, we employed a web scraper with specific
keywords and filters to extract relevant text. The data were then uploaded into a non-relational database
(i.e., MongoDB), followed by text preprocessing, including tokenization, lemmatization, and stopword
removal.

3. Data Analysis

3.1. The Used Model

Once the data were collected, we performed several analyses on them. For this purpose, we employed
a model based on BERT (Bidirectional Encoder Representations from Transformers) [16, 17], which
processes text bidirectionally, enabling the extraction of more detailed information. The two main
phases of this model are pre-training and fine-tuning. The pre-training phase is standard for any
application of the model. Conversely, the fine-tuning phase varies depending on its intended use, such
as sentiment analysis, emotion analysis, or question-answering applications.

3.2. Sentiment Analysis

Our first analysis focused on the sentiment expressed in tweets related to immigration. In social
media, sentiment analysis is a powerful tool for monitoring and analyzing users’ opinions in real-time.
The ability to analyze large volumes of unstructured data allows organizations to obtain strategic
information and react quickly to changes in opinion. For example, companies use sentiment analysis
to monitor customer reviews of their products [18, 19], while in politics, it is used to understand the
orientation of voters [20]. Social media analysis is particularly valuable because users’ opinions are
often immediate and unfiltered, offering a more realistic picture than other investigation forms, such
as traditional polls. However, sentiment analysis in social media presents difficulties, such as using
informal language, abbreviations, and slang, which make interpretation more complex [21]. The results
of the sentiment analysis, shown in Figure 1, highlight differences between Italian and U.S. tweets on
immigration. In the U.S. dataset, a higher number of tweets exhibit negative sentiment, a sign of a more
heated debate and stronger tones. In Italy, however, tweets tend to be neutral, showing a less intense
discussion. These differences may depend on different social and political contexts. In the United States,
the immigration topic seems to generate more contrasting and often strong opinions, while in Italy,
the discussions appear more moderate. How users use social media may also have an impact, with
Americans more inclined to express emotional opinions compared to a more cautious approach by
Italians.

3.3. Emotion Analysis

Emotion analysis is a common practice in many different contexts (e.g., [22]). More specifically,
computational emotion analysis is a complex process that relies on Machine Learning and Natural
Language Processing (NLP) models. This process identifies and classifies the emotions expressed in
a text, modeling the analysis as a multilabel classification problem. For each text, the system assigns



(a) Sentiment in Italy
(b) Sentiment in the United

States

Figure 1: Sentiment expressed by users on the topic of immigration in Italy (a) and in the United States (b). In
Italy, neutral sentiment is prevalent, while in the United States, negative sentiment is more evident.

probabilities to each target emotion, using a softmax function that can be expressed as follows:

𝑃(𝑦 = 𝑐/𝑥) = 𝑒𝑧𝑐
∑𝑗 𝑒

𝑧𝑗 (1)

where 𝑧𝑐 represents the logit (raw output) for the class 𝑐, 𝑃(𝑦 = 𝑐/𝑥) is the probability of emotion 𝑐
given the input 𝑥, and ∑𝑗 𝑒

𝑧𝑗 normalizes the model output. In social media, in particular, this discipline
is relevant because users’ emotions provide crucial information on the public perception of social
phenomena such as, in this case, immigration. This analysis relies on the theory of discrete emotions,
which identifies universal emotional states. Specifically, the models we used consider four primary
emotions (i.e., anger, fear, joy, and sadness), essential for understanding the emotional context in the
debate on immigration. To analyze emotions in tweets, we used two Deep Learning models, each
designed for a specific language: Italian and English. Both models leverage advanced NLP architectures
optimized to handle short and informal texts, such as those typical of social media. The analysis results
indicate significant differences between the emotional contexts of Italy and the United States. In Italy,
we can observe a predominance of anger, as illustrated in Figure 2. This emotion is present in 74%

Figure 2: Emotion distribution related to tweets in Italy (blue) and in the United States (red). The model found
a high quantity of tweets containing expressions of anger within the Italian dataset, while in the American one,
it mostly found a mix of anger and fear.

of the analyzed tweets, suggesting a tense emotional climate. Sadness accounts for 14%, while fear
and joy account for 6%. In the United States, fear is present in 51% of tweets, as illustrated in Figure 2.
Anger is at 31%, followed by sadness at 10% and joy at 8%. This distribution reflects a more diversified
discussion than in the Italian context. In Italy, the high prevalence of anger among users could reflect
a perception of immigration as a phenomenon that exerts direct pressure on the national territory,
especially considering the role of Italy as an entry point for many migratory flows to Europe. This
situation is often associated with feelings of insecurity and frustration, accentuated by the central
role that immigration plays in the country’s political and media discussions. In the United States,



on the other hand, fear is the dominant feeling, and this can be explained by the political and media
narratives that have often portrayed this phenomenon as a threat. These stories, told by the media and
by influential political figures, have contributed to creating a perception of danger linked to immigration,
not so much as an immediate pressure on the territory but rather as a threat to the security and identity
of the country.

3.4. Hashtag Analysis

We also analyzed the most frequently used hashtags in the two datasets, focusing mainly on hashtags
referencing prominent political figures in each country. Below, we present the results for the most
common hashtags and their frequency over time.

3.4.1. Most used hashtags in Italy

The analysis revealed that the most frequently used hashtags in Italy are those reported in Table 1. The

Table 1
Most used hashtags related to immigration in the Italian dataset.

Hashtag Frequency
#migranti 3192
#immigrazione 1157
#Meloni 584
#Lampedusa 201
#GovernoMeloni 176

presence of hashtags such as #Meloni and #GovernoMeloni suggests a strong link between discussions
on immigration and the current government’s policies, led by Giorgia Meloni, whose management of
the issue has been the subject of attention nationally and internationally. More specifically, the analysis
of hashtags related to Giorgia Meloni highlighted significant variations over time in discussions on X.
Figure 3 shows how the monthly frequency of these hashtags has changed over the period considered.
In April 2023, there was a significant increase in the use of hashtags related to Giorgia Meloni, with

Figure 3: Monthly frequency of hashtags related to Giorgia Meloni. The two peaks coincide with political
statements released by the head of the Italian government.

a peak of 191 mentions. This increase appears to have been mainly due to the Italian government
declaring a state of emergency to manage the rise in migrant landings. This event attracted much media
attention and triggered extensive discussions on social media regarding the government’s migration
policies1.

1https://www.protezionecivile.gov.it/it/normativa/delibera-del-cdm-dell11-aprile-2023/

https://www.protezionecivile.gov.it/it/normativa/delibera-del-cdm-dell11-aprile-2023/


3.4.2. Most used hashtags in the United States

Analysis of hashtags used in tweets about immigration in the United States revealed significant trends
in public debate. The most frequently used hashtags are shown in Table 2. The high number of hashtags

Table 2
Most used hashtags related to immigration in the U.S. dataset.

Hashtag Frequency
#migrants 424
#Immigration 410
#news 225
#immigrants 217
#Trump 102
#DonaldTrump 182
#Illegalimmigration 97
#refugees 84
#Harris 33
#BorderCrisis 50
#KamalaHarris 72

linked to political figures such as Donald Trump and Kamala Harris shows how the opinion of the
American people is divided into two groups, with ideas regarding immigration strongly influenced by
the positions of these leaders. Furthermore, the frequent use of #news indicates that news and current
events play a fundamental role in forming public opinion, demonstrating how the flow of information
can influence collective thought. The temporal analysis of Donald Trump-related hashtags (#Trump and
#DonaldTrump) reveals an interesting pattern, with a combined total of 284 mentions. In Figure 4, it
can be seen how these hashtags recorded a considerable surge in October 2024, a phenomenon closely
linked to Trump’s candidacy for the presidential elections. The increase in the use of these hashtags

Figure 4: Monthly frequency of hashtags related to Donald Trump. There is a significant increase in proximity
to the 2024 presidential elections.

reflects the increased public debate on immigration during the election campaign. The October 2024
spike can be explained by the following factors:

• Intense Campaign: As the presidential election approaches, immigration has become a central
issue, with Trump reiterating more restrictive policies as a focal point of his campaign;

• New Policy Proposals: Trump has presented new proposals for more stringent management of
immigration flows in the event of an election victory, sparking a strong debate on social media.

3.5. Topic Modeling

Further analysis of the collected tweets required the application of Latent Dirichlet Allocation (LDA),
a generative probabilistic model used for the extraction of latent topics from a set of documents [23].



(a) Italy (b) USA

Figure 5: Topic distribution related to tweets in Italy (a) and in the United States (b). Topics were labeled by
identifying key terms through the LDA coherence score.

The LDA model represents each document as a distribution over a set of topics and each topic as a
distribution over a set of words. This approach is generally used to discover hidden themes within
documents and probabilistically represent their semantic structure, facilitating the analysis of large
text collections. In our case, the LDA model allowed us to extract the main topics discussed by users in
tweets.

3.5.1. Italian Dataset

By applying the LDA model to the Italian dataset, we obtained an optimal number of topics equal
to three, with a maximum coherence score of 0.55. Figure 5a shows this distribution of topics. The
first topic is characterized by terms that refer to migration and associated events, such as arrival in
Lampedusa, a key point in immigration to Italy. Terms such as “migrant”, “lampedus” and “tunis”
indicate a strong connection between migration from North Africa and Italy. The presence of terms
such as “ong” and “accoglienz” suggests discussions about how migrants are welcomed and the role of
non-governmental organizations in this process. The second topic concerns issues related to borders
and frontiers. Terms such as “frontier”, “controll” and “chiud” highlight concerns related to border
security and management of migration flows. The third topic focuses on political issues related to
immigration, highlighting the role of the government and political leaders, such as Giorgia Meloni,
in addressing the challenges associated with migration flows. Terms such as “immigr”, “migrant”,
and “govern” indicate a strong focus on government policies and immigration control measures. The
words “clandestin”, “lavor”, and “asil” suggest discussions of immigrant labor and asylum applications,
underlining the complexity of the immigration debate in Italy.

3.5.2. United States Dataset

By applying the LDA model to the U.S. dataset, we obtained an optimal number of topics of ten, with a
maximum coherence score of 0.59. Figure 5b shows the three main topics identified, representative of
immigration-related discussions. The first topic is characterized by discussions on U.S. immigration
policies and the involvement of key political figures, such as Donald Trump, Kamala Harris, and Joe
Biden. The presence of terms such as “interview”, “bipartisan”, and “campaign”, suggests that the debate
focuses on ideological differences between Republicans and Democrats. Furthermore, words such as
“kill” and “abort” indicate an integration between the topic of immigration and other politically sensitive
topics in the United States. The second topic is more focused on media coverage of migration-related
events. Terms such as “share”, “news”, and “newsbreak” indicate a high level of news sharing on social
platforms. The presence of the word “haitian” and other geographical expressions such as “ohio” and
“springfield” highlights a specific focus on Haitian migrant communities and their internal movements
in the United States. The third topic is mainly related to the debate on the legality of migration flows
and border security. Terms such as “illeg”, “border”, and “deport” indicate discussions on possible
control measures and policies to regulate entry into the United States. The presence of terms such as



Figure 6: Probability of fake news related to the articles linked in the U.S. dataset. Such results indicate that
most links shared in tweets pointed to articles with a low probability of being fake news, with a few exceptions
showing probabilities around 35–40%.

“law”, “asylum”, and “secur” reflect concerns related to asylum and the protection of national security,
especially regarding the administrative policies promoted by the Biden administration.

3.6. News Reliability Analysis

After analyzing the tweet texts, we extracted and saved all embedded links in the database. We then
checked which links were still active and retrieved the text content from the corresponding pages,
applying a cleaning process similar to that used for the tweet texts. Subsequently, we trained a logistic
regression model for fake news detection [24], using the extracted article texts as input. We performed
this analysis for both the tweets from the Italian dataset and those from the U.S. dataset. As the results
were comparable for both datasets, we report here only those for the U.S. (see Fig. 6). From the analysis
of such results, a generally positive picture emerges regarding the quality of the news analyzed. Most
of the articles have a high probability of authenticity, which suggests that the information provided
is reliable and based on verified sources. In particular, the data show that only a small percentage of
articles have a probability of being classified as fake news, between 15% and 40%. This probability
distribution indicates that, although there are doubts about the veracity of some articles, most of the
analyzed news can be considered as representing real and correct information.

4. Conclusion and Future Works

In this paper, we presented and discussed the preliminary results of a comparative analysis of different
perceptions of immigration in Italy and the United States. For this purpose, we collected approximately
24,000 tweets. Then, we performed various types of analysis on them, including sentiment analysis,
emotion analysis, hashtag analysis, topic modeling, and reliability analysis of the linked articles within
the tweets. Our findings indicated a predominantly negative perception of migration in the U.S. dataset,
which was characterized mainly by a sense of fear. It would be valuable to enhance our analysis by
incorporating demographic information. This would help us determine whether the feeling of fear is
prevalent across the entire population or if it primarily affects specific groups, particularly the most
vulnerable [25]. The main limitation of the study presented here is the extremely limited sample of
tweets collected. Consequently, the first future development can only be the collection of a much higher
number of tweets relative to a longer time interval. Further developments could also include the use of
alternative Machine Learning [26] and Deep Learning [27] techniques, as well as the incorporation of
other social media platforms (e.g., Instagram and Facebook). Moreover, while our approach leverages
BERT architecture, recent research has also demonstrated the effectiveness of newer large language
models for sophisticated text analysis tasks [28, 29], suggesting promising directions for future work in
social media content analysis.
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