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Abstract

Xenophobia is a pressing issue in South Africa, with
frequent instances of violence against immigrants.
With the rise of social media, platforms like Twitter
reflect public sentiment on this matter. This study
examines tweets from 2017 to 2022 about xenopho-
bia in South Africa, using NLP, sentiment analysis,
and machine learning to understand public feelings
and predict potential xenophobic incidents. The
findings aim to help policymakers devise strategies
to enhance social cohesion and promote a more in-
clusive society.

Keywords: Xenophobia, Xenophobic Attack,
Twitter, Machine Learning, Sentiment Analy-
sis.

1 Introduction

In Mogekwul (2005)), xenophobia is defined as the
fear or hatred of foreigners, expressed through dis-
criminatory attitudes and behaviours, often culmi-
nating in violence and other forms of hatred. In
South Africa, xenophobic violence against foreign
nationals has increased since 1994, with factors like
inadequate service delivery and resource competi-
tion exacerbating the issue (Gumede| 2015, Harris
2001). Notably, this phenomenon predominantly
affects immigrants of African descent, prompting a

shift in terminology from xenophobia to Afropho-
bia (Dube|2018), as reflected in traditional media
(Tarisayi & Manik|20204]).

Our study focuses on attitudes of South Africans
on Twitter and their connection to xenophobia and
xenophobic attacks. While traditional media re-
mains a primary news source, social media’s grow-
ing role in news consumption is evident (Chingwete
et al.|2018). Twitter particularly serves as a stim-
ulus for xenophobic narratives and has been used
to analyse sentiments on societal issues (Tarisayi &
Manik|20204). Research has examined Twitter dis-
course on xenophobic attacks (van der Vyver|2019,
Pontiki et al. 2020)). For instance, van der Vyver
(2019)) analysed 3,784 tweets during the September
2019 Xenophobic attack, highlighting Twitter’s po-
tential to reveal insights, including widespread con-
demnation. In this study we generated a dataset
containing 19,700 tweets spanning from January
2017 to December 2022, discussing xenophobia and
xenophobic attacks in South Africa.

We manually labelled these tweets as positive, neg-
ative, or neutral and employed traditional machine
learning classifiers for their classification, while also
identifying urban/rural regions and attack counts.
Notably, we utilised the Latent Dirichlet Alloca-
tion (LDA) model to extract interesting topics from
these tweets. These labelled tweets play a pivotal
role in enabling sentiment analysis and prediction,
which are essential for the management of attacks
and the formulation of policies. The remainder
of the manuscript is structured as follows: Sec-
tion || presents the background and related works,
followed by Section [3] which details our research
methodology. Section |4| presents the research find-
ings, and Section [5| delves into the discussion. Fi-
nally, the conclusion summarizes our key findings
and contributions in Section

2 Background and Related

Works

Social media have grown popular in Africa, with
over 384 million users on the continent and about
28 million users in South Africa (statistal2023). This
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is a significant number when considering the digital
divide between rural and urban Africa and the un-
even technological distribution *on the continent
(Aruleba & Jere 2022, Okolo et al.|2023). Over the
years, social media applications have been used as
a platform to share information and news about
xenophobic attacks in South Africa. Users of these
applications can easily share images, videos, and
news of violent incidents, bringing local and inter-
national communities’ attention to the issue and
raising their awareness. This increased awareness
can assist authorities in addressing the issue. The
complex interaction of numerous factors, such as
economic, political and social issues, influences so-
cial media applications’ influence on xenophobia in

South Africa.

In South Africa, movements and protests
such as #FeesMustFall, #OperationDudula
and #RhodesMustFall were quick to spread around
the country through modern communication
technologies such as Twitter, WhatsApp, and
Facebook. The #ENdSARS movement against
police brutality in 2020 witnessed widespread
participation in protests due to the dissemination
of information via various social media platforms.
The emergence of a fifth estate has been discussed
by researchers (Newman et al. 2013) considering
the effects brought about by new communication
technologies. This phenomenon suggests that the
public is becoming more empowered by creating
and disseminating user-generated content, thereby
reducing their reliance on traditional media out-
lets, commonly referred to as the fourth estate.
Similarly, the emergence of new communication
technologies has prompted the internet, and con-
sequently, social media form an alternative public
sphere and, in some instances, a counter-public
sphere. This is because users engage in discussions
on a less regulated platform and express divergent
opinions or sentiments that challenge established
norms or authorities.

Recent research has shown that online hate speech
has contributed significantly to the increasing hor-
rific real-world hate crime (Mathew et al.}2019)). The

use of social media has enabled and created a con-
ducive environment for the proliferation of mis-
information, hate speech and extremist conspiracy
theories. Social media platforms have been used to
facilitate rapid and extensive information dissemi-
nation and offer a wide-ranging discursive frame-
work within which potential perpetrators of violent
actions can acquire visibility, resonance, and legiti-
macy (Williams et al.2020)). The literature also pro-
vides evidence that malicious content has a greater
reach and spreads more extensively and rapidly than
other types of content (Mathew et al||2019). Ac-
cording toMathew et al|(2019), posts generated by
individuals who exhibit hateful behaviour exhibit a
significantly greater dissemination rate due to their
dense network connections and substantial contri-
bution to content creation, despite their relatively
small population size. The dissemination of false in-
formation and the promotion of hateful language
on the internet play a crucial role in fostering scep-
ticism and bewilderment within societies while also
exacerbating pre-existing divisions based on nation-
alistic, ethnic, racial, and religious factors (Wardle &
Derakhshan|2017, Fokou et al.|2022).

Anti-immigrant violence has been reoccurring in
South Africa (Fokou et al.[2022). Since the end of
apartheid, threats and acts of xenophobic violence
have become common in the country. The tragic
events of 2008 and 2015 made international head-
lines, and some heads of state have expressed con-
cern and protest in a lacklustre manner. However,
the international response to the September 2019
outbreak of violence was more pronounced, partic-
ularly in countries with a large number of South
African citizens. African leaders have been more vo-
cal in condemning the attacks and in their appeal
for the South African government to restore peace
and security. In some African nations, there were
calls for a boycott of South African companies, the
cancellation of an international football friendly,
and retaliatory attacks (Chenzi 2021). Multiple
nations’ demonstrations and actions have demon-

strated the continent’s growing contempt for South
Africa.
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In South Africa, the production and dissemina-
tion of information have significantly influenced
people’s attitudes towards violent crime and anti-
immigrant violence. The coverage of international
migration by the South African press has been pri-
marily anti-immigrant (Fokou et al.2022)). By cre-
ating and reinforcing ideologies, discourses, and
policies concerning cross-border migration and the
lives of migrants, the media have contributed to the
high levels of xenophobia in South Africa (Danso
& McDonald 2oo1). Twenty years later, this neg-
ative function of the media in exacerbating anti-
immigrant sentiment has not changed significantly.
Even today, the media are accused of misrepresen-
tation, partiality, and unbalanced reporting, pri-
marily regarding xenophobic violence (Mgogo &
Osunkunle [2021). In most media coverage of the
September 2019 assaults, foreign nationals have
been portrayed as drug-related criminals (Tarisayi &
Manik|20200).

Hlatshwayo [Hlatshwayo, (2023) presented the
findings from verified Internet news report and
YouTube videos and argued that South Africa
has entered a second wave of xenophobic violence
aimed primarily at black immigrants from other
African nations. What distinguishes this wave
is the use of various strategies and tactics, such
as social media, protest actions and marches to
identify or position immigrants as the cause of
unemployment, poverty and crime in South Africa
by organised formations that are relentless in their
campaigns against immigrants. |Chenzi| (2021)
aims to highlight the impact of false news on the
xenophobic discourse in South Africa. Despite
scholarly neglect, the paper contends that fake news
disseminated by social media platforms is becoming
an increasingly important aspect of South Africa’s
contemporary xenophobia challenge. The paper
argues further that fake news in South Africa has
been primarily fueled by the proliferation of social
media platforms, which have recently replaced
traditional news sources for a growing number of
South Africans despite their obvious flaws.

3 Methodology
3.1 Search Keyword Selection

The selection of search keywords for the data col-
lection was based on the popular words and phrases
that consistently formed the discussions during
Xenophobic attacks. These words and phrases
have become very popular because the locals reg-
ularly use them to form native slogans and chants
against foreign nationals. Of course, they also form
the significant topics that dominate social media,
such as Twitter. The topics are represented in
the form of hashtags which are tweeted, retweeted
and liked by users on Twitter during Xenopho-
bia. These keywords include foreigners, immigrant,
operationDudula, and nhlanhla lux. Others are
take back sa, take back south africa, dudula, and
jellof.

3.2 Data Collection

Geo-tagged historical tweets dated between January
2017 to July 2022, with South Africa being the lo-
cation of interest, were collected from the Twitter
database (Udanor et al| 2022, Mgboh et al|2021).
We created an access token from Python version
3.6 script to authenticate and establish a connec-
tion to the Twitter database. The Python script was
used to collect tweets that contain keywords relat-
ing to Xenophobia, such as the ones identified in
Section The preferred language of the tweet is
all eleven (1) official South African languages, in-
cluding tweets written in one or a combination of
the following languages: Afrikaans, English, Xhosa,
Zulu, Southern Sotho, Northern Sotho, Tsonga,
Tswana, Venda, Swati, and Ndebele. A total of
15,912 tweets were collected. Each Tweet contains
most of the following features in Table

3.3 Data Annotation

The tweets were manually annotated as positive,
negative, or neutral. A Tweet is annotated posi-
tive if it does not support Xenophobia or Xenopho-
bic attack and negative if it supports Xenophobia
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Table 1: Xenophobia Dataset Features

SN Columnname Description Type
I Datetime The date and time when the tweet was posted Date
2 Location The place the tweet originated from Text
3 Text A processed post that represents users’ opinions Text
) A view of or attitude toward a situation or event;
4 Sentiment .. . . Text
an opinion (positive, negative, or neutral)
5 Likes Number of users interested or agreed to the tweet Integer
6 Retweets Number of re-post a tweet gets Integer
. Coordinates The geographic cc?ordinate of th‘e tweet, Float
represented by latitude and longitude
Province The administrative division of the country of the tweet  Text
District The locality of the tweet (urban or rural) Text
10  Attacks Number of places affected as a result of xenophobia Integer

or Xenophobic attack. A tweet that is neither in
support nor against Xenophobia is annotated neu-
tral. The districts or regions where the tweets origi-
nated from were identified and manually annotated
in two classes, namely urban and rural. We also
manually identified the number of attacks from the
location of the tweets. This was achieved with the
services of ten locally trained human data annota-
tors. We used human annotators to avoid the is-
sue of subjectivity of text, the context of the sen-
timent, and its tone. Additionally, the presence of
a sarcastic or ironic statements, emojis, idiomatic
expressions or local-based colloquialisms and nega-
tions which are difficult for automatic pretrained
annotators like VADER (Alsharhan etal.[2022) and
Textblob (Praveen & Prasannal2021, Laksono et al.
2019) to label appropriately were handled correctly
by the human annotators.

3.4 Tweet Classification

We used five machine learning classifiers includ-
ing Naive Bayes (NB) (Kewsuwun & Kajornkasirat
2022)), Logistic Regression (LR) (Gulati et al.[2022}
Jaya Hidayat et al. 2022, Support Vector Machines
(SVMs) (Vasista) 2018, [Jaya Hidayat et al.| 2022)),
Decision Tree (DT) (Ritanshi et al. 2022, |Obaido
et al|2023), and XGBoost (Bachchu et al| 2022,
Obaido et al|[2022)). We also used a deep learn-

ing algorithm known as Long Short-Term Memory
(LSTM) (Luan & Lin|jo19, Bai 2018). The rea-
son we chose these classifiers is because they have
been successfully used to classify tweets in simi-
lar studies, such as (Ogbuokiri, Ahmadi, Bragazzi,
Movahedi Nia, Mellado, Wu, Orbinski, Asgary
& Kong 2022, (Ogbuokiri, Ahmadi, Nia, Mellado,
Wu, Orbinski, Asgary & Kong2023}|Qi|2020) and
(Ogbuokiri, Ahmadi, Tripathi, Movahedi, Mellado,
‘Wu, Orbinski, Asgary & Kong|2022)).

The performance evaluation metrics were used as
a measure of how well the classifiers classified the
hand-labelled tweets according to their sentiments.
They include accuracy, accuracy, Receiver Oper-
ating Characteristic (ROC), and Area Under the
Curve (AUC).

3.5 Data Preprocessing

Raw tweets are very unstructured and contain a lot
of redundant information about the data they rep-
resent. This redundant information may affect the
process of data analysis, which may in turn affect
the final output. To achieve an effective data anal-
ysis, there is a need to clean up the user tweets.
We collected user tweets, date created, time created,
and provinces from the dataset into a dataframe
using Pandas version r.2.4 (Li et al||n.d.)). The
tweets were prepared for Natural Language Process-
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ing (NLP) by first removing the URLs, duplicate
tweets, tweets with incomplete information, punc-
tuations, special and non-alphabetical characters
using the tweets-preprocessor toolkit version 0.6.0
(Ogbuokiri, Ahmadi, Bragazzi, Movahedi Nia, Mel-
lado, Wu, Orbinski, Asgary & Kong|2022), Nat-
ural Language Toolkit (NLTK version 3.6.2) (Og-
buokiri, Ahmadi, Nia, Mellado, Wu, Orbinski, As-
gary & Kong| 2023), and Spacy2 toolkit (version
3.2) (Honnibal 2017, Ogbuokiri, Ahmadi, Mellado,
Wu, Orbinski, Asgary & Kong|2023). This pro-
cess reduced the tweets in the dataset to 15,912 clean
tweets.

3.6 Topic Modelling

We used the Latent Dirichlet Allocation (LDA) for
topic modelling. LDA is a probabilistic topic mod-
eling technique used to uncover underlying top-
ics in a collection of documents. LDA assumes
that each document is a mixture of various topics,
and each topic is characterized by a distribution of
words. The algorithm helps identify these topics
and their corresponding word distributions, allow-
ing for topic-based analysis of text data (Yu & Xiang
2023).

3.7 Test statistics

The Pearson correlation was calculated using the
Python package. We utilised the “pearsonr” func-
tion from the “scipy.stats” module to analyse the
correlation between tweets, likes, and retweets in
relation to the occurrences of attacks (Ogbuokiri,
Ahmadi, Bragazzi, Movahedi Nia, Mellado, Wu,
Orbinski, Asgary & Kong|2022)).

4 Results

In this part, we show the outcomes of our analysis.
We begin by sharing the key findings from the sum-
mary statistics of the tweets based on time and lo-
cation. Then, we display the results of classifying
tweets based on their sentiments (positive, negative,
and neutral). Lastly, we reveal the outcomes of our
topic modeling analysis.

4.1  Summary Statistics

Table |2 provides a summary of the trends in
posts about xenophobia and related attacks. This
information is then visualised in Figure We
also explored the connection between the rise in
tweet counts and the overall number of attacks
by provinces. The results are shown in Figure
Specifically, we focused on two provinces, Gaut-
eng (Corr=0.73, P=0.03) and Kwazulu-Natal
(Corr=0.81, p=0.02), as their outcomes exhib-
ited stronger and statistically significant patterns
compared to other provinces, especially from
2021

Table 2: Yearly xenophobia posts with numbers of at-
tacks

SN Year Tweets Likes Retweets Attacks
I 2017 641 762 467.0 328

2, 2018 858 5078 2207.0 13

3 2019 2576 14232 5682.0 63

4 2020 3536 33457 9639.0 3

5 2021 2391 45750 10363.0 58

6 2022 5902 78687 19747.0 315
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Figure 1: Xenophobia yearly tweets, likes, retweets,
and attacks

Moreover, we categorised xenophobic attacks into
two types: those occurring in rural and urban dis-
tricts, and those happening in different provinces.
According to our chosen year, four provinces re-
ported xenophobic attacks. The results of this anal-
ysis are presented in Tables]
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Figure 2: Comparison between the increase in tweets and number of attacks

Table 3: Number of attacks by province

SN Province District  Attacks
Gaut Rural 210
! auteng Urban 467
Rural 18
2 KwaZulu-Natal Urban 48
Limbobo Rural 61
3 pop Urban 3
Rural 3
4 Mpumalanga Urban o
4.2 Xenophobia tweet sentiment clas-

sification outputs

Here, we fitted the human-annotated data into
machine learning classification models and a deep
learning model. The purpose was to develop a ma-
chine learning model capable of classifying xeno-
phobic tweets into three sentiment classes. The out-
comes of the training are summarised in Table
From Table[4]it is observed that SVM and RF mod-
els outperformed other models. More details of the
dominant word according to sentiment and other
model performance matrices can be found in Ap-

pendices[A]and B}

The classification of data into positive, negative,
and neutral by the models is summarised in Ap-
pendix [Cl A tweet is classified as positive if it is
against xenophobia attacks, negative if the tweet is
in favour of xenophobic attacks, and neutral if the
tweet is neither in favour nor against xenophobic at-

tacks. We summarise the classified tweets in districts
(rural or urban) with respect to the year, as shown

in Figure
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Urban - neutral
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2500

2000
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Figure 3: Sentiment of Rural and Urban District by
Year.

To validate the performance of our models, we em-
ployed the visualisation of the ROC metric to as-
sess the quality of the multi-classification output, in
conjunction with the Area Under the Curve (AUC)
measurement, as illustrated in Appendix @ The

Table 4: Model performance

Average
SN Model Accuracy AUC
I NB 0.53 0.71
2 SVM 0.57 0.77
3 LR 0.51 0.69
4 RF 0.57 0.77
5 XGBoost  0.51 0.70
6 LSTM 0.50 0.50
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ROC curve showcases the relationship between the
true positive rate and the false positive rate. Conse-
quently, a curve that aligns towards the upper left
corner of the plot signifies the classifier’s superior
ability to accurately categorise tweets into different
sentiment classes. Meanwhile, the AUC serves as an
indicator of the extent to which the plot is situated
under the curve, reflecting the overall performance
of the classifier.

We conducted a comparison of the negative, neu-
tral, and positive sentiment classes to gauge the ef-
fectiveness of our model’s classification. In this con-
text, the numerical values o, 1, and 2 in some of the
plots represent the negative, neutral, and positive
sentiment classes, respectively. Similarly, the per-
centage demographics of the sentiments according
to the province with respect to the year are displayed

in Appendix @

4.3 Topic generation and analysis of
Xenophobia tweets

We utilised LDA to extract 10 distinct topics from
the xenophobia dataset. These topics encompass a
range of discussions: Topic o explores foreigner per-
ception of Xenophobia, Topic 1 delves into the dis-
course surrounding South African identity, Topic 2
centers on conversations about urban development,
and Topic 3 explores the societal Impact of Xeno-
phobia. Additionally, Topic 4 investigates the le-
gal framework, Topic s is centered around discus-
sions about Operation Dudula, Topic 6 captures
public opinion about Xenophobia, Topic 7 exam-
ines Racial Dynamics, Topic 8 focuses on immigra-
tion policy, and Topic 9 addresses migration issues.
The primary aim of this analysis is to grasp user sen-
timents during xenophobia events and to compre-
hend the role of social media in the context of South
African xenophobia unrest. The summarised Table
in Appendix presents the key topics, their associ-
ated keywords, and the respective comment counts
for each topic. Similarly, the summary of the key-
words and their corresponding probabilities for all
the topics is shown in Appendix|[F

In Figure |4} we identified the specific comments
that contribute to each topic, along with their cor-
responding sentiments. These topics were subse-
quently categorised according to their prevailing
sentiments. Interestingly, our observation revealed
that all of the topics predominantly contain nega-
tive comments.

e
coumwrune

2000

1000

0 - I_L_-—-_-___;

negative neutral positive
Sentiment

Figure 4: Grouped topic counts by sentiment.

s Discussion

In this section, we have provided a comprehensive
presentation and thorough discussion of the results
obtained from our analysis. To begin with, we delve
into the core findings of our study.

s Findings

Our findings reveal a notable trend: the year 2022
witnessed a higher volume of tweets dedicated to
discussing Xenophobia compared to other years.
Additionally, there was a marked increase in the
number of likes and retweets for Xenophobia-
related content in 2022 compared to previous years.
Concurrently, the year 2017 exhibited the highest
frequency of attacks, followed closely by 2022, sur-
passing other years. This pattern indicates a note-
worthy correlation: As the years progress, there
is a visible rise in the number of tweets, likes,
and retweets centered around Xenophobia, see Ta-
ble This suggests that users are progressively
becoming more attuned to this issue and are util-
ising social media as a platform to express their
thoughts on Xenophobia, comfortably from their
own homes.
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Our analysis revealed a robust correlation between
the escalation in tweets and incidents of attacks.
Specifically, the province of Gauteng exhibited a
particularly pronounced and statistically significant
association (Corr=0.73, P=0.03) between the in-
crease in tweets and the occurrences of attacks, with
a noticeable emphasis from 2021 to 2022. Similarly,
Kwazulu-Natal province exhibited a compelling
and statistically significant association (Corr=0.81,
p=0.02) between the increase in tweets and the in-
stances of attacks, see Figure bl This implies that
the narratives and discussions propagated on so-
cial media platforms could potentially exert an in-
fluence on real-life events, particularly within these
provinces.

Furthermore, among the nine provinces in South
Africa, only four registered instances of attacks
based on our data. These provinces are Gauteng,
KwaZulu-Natal, Limpopo, and Mpumalanga. Ad-
ditionally, the majority of these attacks occurred
in urban areas within Gauteng and KwaZulu-
Natal. This is evident in the extent of unrest
and damage that transpired in Johannesburg and
Durban during the Xenophobia outbreaks. Con-
versely, the Limpopo and Mpumalanga provinces
recorded a higher frequency of attacks in rural ar-
eas. Furthermore, our analysis brought to light
a notable trend in the sentiment of Xenophobia-
related tweets originating from rural areas over
time. Notably, during the year 2022, a predom-
inance of all sentiment categories shifted towards
urban regions, see Table s} Additionally, our find-
ings unveiled an increased prevalence of negative
sentiments within discussions surrounding Xeno-
phobia across all provinces. In particular, the
provinces of Gauteng, Limpopo, KwaZulu-Natal,
and Mpumalanga exhibited a markedly higher oc-
currence of negative sentiment compared to other
provinces, as depicted in the visual representation
in the accompanying Appendix|C|

We successfully generated a set of 10 distinct top-
ics using LDA model. Among these, Topics o, 1,
6, and 9 garnered a higher volume of comments
dedicated to discussing Xenophobia in comparison

to the other topics, as highlighted in Appendix
Intriguingly, across all topics, there was a preva-
lent prevalence of negative sentiments compared
to other sentiment categories, see Figure No-
tably, provinces such as Gauteng and KwaZulu-
Natal exhibited an increased engagement in urban
areas discussing Topics o, 3, 5, 6, 8, and 9. On the
other hand, Topics s, 6, and 9 saw a surge in com-
ments addressing Xenophobia within provinces like
Limpopo, Mpumalanga, and Eastern Cape, partic-
ularly within the context of rural areas. Our find-
ings showed when there is an increase in negative
sentiment of a topic, there is a Xenophobic attack.
This goes to show the power of social media. It is
very much possible that narrations or agendas be-
ing pushed on social media could influence or con-
tribute to heightened unrest in real life.

Our findings vividly demonstrate a significant cor-
relation: an upsurge in negative sentiment within
a particular topic corresponds to the occurrence of
a Xenophobic attack. This unequivocally under-
scores the potent impact of social media. It be-
comes evident that narratives or agendas propagated
through these platforms hold the potential to exert
influence and even contribute to escalating unrest
in the real world.

5.2 Policy Implication

By analysing social media data, authorities can gain
timely insights into public sentiment and discus-
sions related to Xenophobia. This information can
be used to develop early warning systems that de-
tect emerging tensions and potential outbreaks of
violence. Governments and law enforcement agen-
cies can proactively prepare and allocate resources
to prevent or mitigate Xenophobic attacks. The
analysis of sentiment trends and topics can assist
policymakers in identifying regions and communi-
ties with heightened levels of negative sentiment.
Targeted interventions, awareness campaigns, and
community engagement programs can be tailored
to these areas to address misconceptions, promote
understanding, and reduce the likelihood of Xeno-
phobic incidents.
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The findings derived from social media analysis
can inform the formulation and implementation of
policies aimed at addressing Xenophobia. Govern-
ments can design policies that counteract the neg-
ative narratives propagated online, promote inclu-
sivity, and foster social cohesion. These policies can
also be tailored based on geographical variations in
sentiment and the nature of discussions. The in-
sights from social media data can be used to develop
educational initiatives that raise awareness about
the harmful impacts of Xenophobia and debunk
myths that contribute to its perpetuation. Online
campaigns, workshops, and educational resources
can play a pivotal role in changing public percep-
tions and attitudes. In the event of a Xenophobic at-
tack, real-time sentiment analysis can provide rapid
insights into public reactions, facilitating swift and
appropriate crisis management responses. Author-
ities can use these insights to communicate effec-
tively, dispel rumours, and prevent the spread of
misinformation.

Additionally, social media analysis can reveal key
influencers and opinion leaders who shape online
discussions. Engaging with these individuals can
help promote positive narratives, encourage dia-
logue, and counteract divisive messages. Collabo-
rative efforts between government, civil society, and
social media platforms can foster environments that
prioritise inclusivity and understanding. Contin-
uously monitoring social media sentiment and the
correlation between online discussions and Xeno-
phobic incidents allows policymakers to assess the
effectiveness of their interventions. Data-driven in-
sights can guide the refinement of strategies and
policies over time.

Finally, social media data analysis can provide in-
sights into cross-border discussions about Xeno-
phobia. Collaboration with neighbouring coun-
tries and international organizations can lead to co-
ordinated efforts to address the issue holistically and
promote regional stability. Therefore, leveraging so-
cial media data, machine learning, topic modelling,
and correlation analysis offers policymakers a valu-
able toolset to tackle Xenophobic attacks in South

Africa. These approaches empower governments to
proactively address negative sentiments, foster un-
derstanding, and implement targeted measures that
contribute to a more inclusive and harmonious so-
ciety.

5.3 Limitations

The Twitter data used for this research only re-
flects the opinions of Twitter users located in South
Africa from January 2017 to December 2022. It is
important to acknowledge that South Africa has a
population of about 60 million people, and Twit-
ter users may not represent the broader popula-
tion accurately. With only an estimated 15% of on-
line adults in the age range of 18-34 years using
Twitter (Statista|2022), this research may not fully
capture the opinions of all South Africans regard-
ing xenophobia-related discussions. Nonetheless,
this research provides valuable insights and analysis
from the Twitter data for the selected age group to
support policymaking.

s.4 Ethical Considerations

The study followed ethical guidelines, obtaining ap-
proval from Twitter to access tweets through their
academic API. Only publicly available tweets were
used. Personal information was carefully removed
to ensure user confidentiality and anonymity, in line
with Twitter’s academic research terms and condi-
tions.

6 Conclusion

We analyzed over 15,000 tweets from 2017 to 2022
related to xenophobia in South Africa, categoris-
ing them by sentiment. Our findings reveal a link
between online sentiment, discussions, and actual
xenophobic events. The research emphasizes the
power of social media in influencing perceptions
and the need for proactive engagement to prevent
potential unrest. The insights offer valuable guid-
ance for policymakers to address xenophobia eftec-
tively in South Africa.
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C South Africa provincial xenophobia sentiment count over time
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E Top ten keywords of the 10 generated topic from xenophobia dataset.

Topic Predicted Title Representative Keyword Comments
o Foreigner Perception foreigners, sa, illegal, jobs, pay, n, immigrants, economy, 66
on Xenophobia drugs, country 3
. South African Identity south, foreigners, africans, africa, african, operationdudula, 1705
people, country, must, never
2 Urban Development mashaba, city, spaza, create, european, abt, herman, press, ok, level 156
Societal Impact name, employers, lose, meant, rdp, playing, operationdudula, o
3 of Xenophobia important, commsafety, houses 2
. Legal Framework foreigners, for'eign, nationals, dudula, law, operation, 604
amp, huge, drivers, drug
. Operation Dudula lux, nhlanhla, soweto, operationdudula, johannesburg, though, 861
demand, amp, arrested, joburgcbd
6 Public Opinion foreign 1 ntry, dont, lik ne, think
oreigners, people, us, cou 0 e, u, amp, one, thin o
about Xenophobia SIS, peopie, Us, Y > HIKG U, amp, one, 5404
. Racial Dynamics foreigners, whites, black, crime, blacks, white, joburg, like, 400

commit, criminals
8 Immigration Policy n, foreigners, safricans, sa, police, influx, would, ke, home, land 495

L immigrants, illegal, foreigners, country, must, anc, sa, go
9 Migration Issues & i Ehers, t > 4NG, 53, 80, 2698

borders, government
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F Topic Representative Keywords and their probabilities
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