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Offensive language is a significant detriment to social media environments. Existing research predominantly
assumes monolingual expression, overlooking the prevalent behavior of code-switching (CS). To address this
critical knowledge gap, this study identifies and empirically validates the distinct stylometric characteristics of
code-switched (CSed) offensive language. Additionally, we developed methods to construct the first social media
dataset specifically for CSed offensive content. Our analysis of this dataset reveals that CSed offensive language

exhibits unique stylometric characteristics; moreover, these characteristics vary between the language segments
involved in the CS. Furthermore, incorporating these features significantly enhances the performance of offensive
language detection models. These findings offer significant research and practical implications for social media
researchers, platforms, moderators, and users.

1. Introduction

While social media platforms are designed to facilitate communica-
tion, information sharing, and community building, they are increas-
ingly plagued by offensive language. Recent data highlight the severity
of this issue: nearly half (46%) of teens aged 13-17 have experienced
online bullying or harassment [1], with Instagram, Facebook, and
Snapchat identified as the most common social media platforms for such
abuse [2]. In addition, a 2021 report [3] indicates that 41% of American
adults have personally encountered online harassment, with an alarm-
ing trend since 2017 toward more severe forms, including physical
threats, stalking, and sustained harassment. This rise in the use of
offensive language was particularly noticeable during the pandemic [4,
5].

Offensive language, specifically hate speech, personal attacks, and
cyberbullying represents a critical concern for online safety [6]. This
issue is increasingly prevalent due to the surge in user-generated con-
tent, especially on social media platforms [7]. Cyberbullying, for
example, is now recognized as a major public health issue [8] with
well-documented detrimental effects. These effects range from behav-
ioral and health-related problems [9] to significant psychological and
physiological harm, including panic, anxiety, depression, and even
self-harm or suicide [10-12]. Despite growing awareness, a 2018 survey
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revealed that 66% of youth believed social media platforms are failing to
adequately address online harassment and bullying [13]. Consequently,
a deeper, more nuanced understanding of offensive language is imper-
ative to develop effective detection methods and safeguard online
communities.

Code switching (CS) describes the act or phenomenon of switching
from one language to another during the same communicative event
[14,15]. CS has become increasingly common in social media [16,17],
especially in bilingual communities. The U.S. has experienced signifi-
cant growth in its foreign-born population over the past half-century
[18], reaching an estimated 13.9 percent of the total population in 2022.
This demographic shift is accompanied by a rapid increase in bilin-
gualism [19], and a rising trend of CS among second-generation immi-
grants [20]. For instance, a study reports that over 80% of students and
educators engage in this practice on social networks [21]. However,
existing work predominantly focuses on spoken communication [22,23]
or the general presence of CS online [24,25]. Consequently, a significant
gap remains in our understanding of nuanced characteristics of CS
within specific online contexts [26] such as offensive language. While CS
is known to serve various sociolinguistic functions in both spoken and
written discourses such as conveying social identity, expressing soli-
darity with a particular group, expressing emotions, or emphasizing a
particular point [17-27], the interplay of external and internal factors
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influencing CS behavior requires further investigation [28]. Impor-
tantly, there is a lack of empirical research examining CS behavior in the
context of offensive language on social media platforms.

Social media platforms increasingly employ machine learning tech-
niques to develop automated moderation systems for offensive lan-
guage. However, these systems predominantly rely on supervised
classification models (e.g., [29,301]1), which are trained on limited
labeled datasets, hindering their ability to identify previously unseen
offensive content, particularly “unstandard” language (e.g., CS) [31,32].
This limitation can be actively exploited by users who employ adver-
sarial techniques like CS to intentionally modify offensive language and
bypass algorithmic moderation filters, as in the case of “Algospeak” [33,
34]. For instance, in response to platform moderation of antisemitic
language (framed by related legislation in the United States), users have
utilized CS, such as replacing “Jewish” with the Chinese term “&ff”
(squid). This practice effectively obfuscates offensive intent, hindering
detection by automated systems and potentially human moderators or
general users. This underscores a critical need to explore and identify
novel features capable of more effectively detecting offensive language
within code-switched (CSed) contexts. Therefore, understanding the
role of CS in online offensive language can have both theoretical sig-
nificance and practical values to inform the design of effective inter-
vention strategies or measures.

While a substantial body of research has explored offensive language
detection by developing machine-learning or deep learning models
[35-38]], these studies typically assume that offensive language is
monolingual. However, offensive language can manifest in CSed con-
texts, as illustrated in Table 5, where CSed refers to a specific instance or
occurrence of CS. Compared to monolingual offensive language, effec-
tive CSed detection faces several notable challenges. First, CS introduces
significant contextual complexity. Offensive language detection models
often rely heavily on contextual cues to discern offensiveness. In CSed
content, the mixing of multiple languages, within and across sentences,
disrupts monolingual grammatical and structural coherence. This lin-
guistic hybridization can obscure the contextual signals and structural
patterns typically found in monolingual text, thereby complicating the
analysis. Second, semantic nuances and cross-lingual differences pose
difficulties. Offensive language frequently employs subtle nuances, such
as sarcasm, innuendo, and culturally-specific expressions. In CSed con-
texts, these nuances may be conveyed differently depending on the
language combination, complicating the identification of offensive
patterns. For instance, while the English term “bitch” may be directly
used to denote a dissolute and scheming individual, a CSed context
alternating between English and Chinese might employ the Chinese term
“4%%%” (green tea) to convey a similar offensive connotation. Third, the
availability of annotated datasets for developing models for CSed
offensive language detection is severely limited or non-existent, con-
trasting sharply with the abundance of resources for monolingual tasks
(e.g., Hatespeech [39], Hateval [40], Toxkaggle [41]). Moreover, the
inherent complexities of CS render data collection and annotation sub-
stantially more difficult and resource-intensive compared to mono-
lingual data.

The strategy of translating the CSed language into monolingual
equivalents presents three critical limitations, as partially recognized by
prior work [42]. First, the fidelity of the resulting monolingual text is
contingent upon the translation models’ efficacy. Variations in trans-
lator performance, particularly across diverse language pairs, introduce
inconsistencies and potential inaccuracies in the translated output.
Second, the linguistic proficiency of multilingual social media users in
each constituent language within CSed data often varies. This variability
manifests as non-standard grammatical structures, orthographic errors,
and idiosyncratic language usage, all of which pose substantial chal-
lenges for accurate translation. Third, semantic shifts during translation
can inadvertently neutralize or alter the offensiveness of certain terms.
For example, the Chinese term “XZ#B”, widely regarded as a highly
derogatory reference to China or the Chinese people, is frequently
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rendered as the neutral English term "China" by many translation sys-
tems (e.g., Google Translate, Baidu Al). This loss of semantic nuance
underscores the inherent difficulty in preserving the offensive valence of
language during translation. Consequently, a significant knowledge gap
persists regarding the intricacies of CS behavior in online offensive
language, particularly concerning the stylistic and linguistic features of
CSed offensive language.

To address the identified knowledge gaps, this study investigates the
following interconnected research questions: 1) How to characterize the
linguistic style of CSed social media text? 2) What are the unique sty-
lometric characteristics of CSed offensive language? 3) Are there cross-
language differences in the stylometric features of CSed offensive
language?

By answering the proposed research questions regarding offensive
language in CSed social media text, this study makes distinct contribu-
tions to the related fields. First, to our knowledge, this is the first
research to examine CS contexts in the analysis of online offensive
language. Second, it extends the scope of stylometry analysis to CSed
discourse by introducing novel stylometric features tailored to the
unique characteristics of CSed text, such as switch type, switch location,
and content similarity. Third, this research develops a comprehensive
methodology for the simultaneous analysis of CSed text across constit-
uent languages, integrating language identification, deep learning, and
other natural language processing techniques. This advancement goes
beyond traditional sociolinguistic approaches, which are often manual
and lack scalability, and overcomes the limitations of existing stylo-
metric methods that do not account for CSed data. Fourth, it identifies
distinct stylometric characteristics of CSed offensive language for the
first time, and further validates these findings through robustness
analysis tasks, thereby addressing a critical gap in the literature. These
findings offer valuable insights for enhancing existing offensive lan-
guage detection models without requiring the development of entirely
new frameworks. Fifth, this study sheds light on the interlingual stylo-
metric differences within CSed offensive text, contributing to a deeper
understanding of linguistic nuances associated with offensive language.
Last but not least, it introduces a two-stage approach for constructing a
CSed offensive language dataset from social media, directly addressing
the data scarcity in this domain and advancing related studies on CSed
social media discourse.

2. Background and Related Work

This section provides background on offensive language and CS, and
reviews related work in online offensive language detection and styl-
ometry analysis.

2.1. Online Offensive Language

Offensive language, defined as “hurtful, derogatory or obscene
comments made by one person to another person” [7], manifests in
various forms, including toxic comments, aggressive content, cyber-
bullying, and hate speech [43]. Online offensive language is the
dissemination of harmful, abusive, or derogatory language through
some form of digital media or electronic communication technologies.
The inherent anonymity or weak identity verification [44,45], coupled
with the rapid dissemination capabilities of social media platforms [46],
amplify the propagation of offensive language. Its detrimental effects
range from individual harm, such as insult, derogation, harassment,
hatred, and humiliation, with potential consequences for physical and
mental well-being, and may even contribute to societal violence or
instability [46].

2.2. Code-switching in Offensive Language

Code-switching (CS) is usually used to describe the literary style of
using two different languages or language varieties in the context of a
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single conversation or written text [47,48]. While the precise delinea-
tion of CS remains a subject of linguistic inquiry, it is widely understood
to involve the process of alternating between two or more languages,
which can occur at either the sentence (inter-sentential) or sub-sentence
(intra-sentential) level [49]. Inter-sentential CS involves switching lan-
guages at sentence boundaries, whereas intra-sentential CS occurs
within a single sentence [50,51]. According to a study by Astani et al.
[52], intra-sentential CS is the most frequent type on YouTube.

The intersection of offensive language and CS remains a largely un-
explored territory. To the best of our knowledge, the only study aligned
with the scope of this research is Agarwal et al. [56]. This study explored
CS between Hindi and English among Indian users in tweets containing
swear words, analyzing the correlations between the use of such tweets
and user demographic characteristics, including gender (inferred from
usernames), topics (manually grouped), and language preferences
(based on the frequency of Hindi and English swear words in tweets).
However, this study did not explore the stylometric features of CSed
language, a central focus of our current research. Similarly, while Yadav
et al. [53] addressed multilingual hate speech detection using deep
learning models, such as CNN, LSTM, BiLSTM with word embeddings,
they did not investigate CSed stylometric features. Furthermore, it is
crucial to distinguish between swearing, hate speech, and offensive
language. Swearing, while often offensive, can occur in non-offensive
contexts [54,55]. Hate speech, though a form of offensive language, is
distinguished by its intent to discriminate, provoke hatred, or encourage
violence against target groups. Therefore, these studies, while relevant,
do not directly address the nuanced complexities of CSed offensive
language.

A significant challenge in this field is the scarcity of annotated CSed
datasets. Yadav et al. [53] either developed nor utilized CSed datasets.
Agarwal et al. [56] first identified CSed English-Hindi tweets based on
word-level language labels from Gella et al. [57], and then employed a
lexicon-based approach for swearing classification. However, this
method presents notable limitations. Specifically, it struggles with
contextual ambiguities inherent in lexicon-based analysis, such as the
interpretation of words like “pig” or “die™). Consequently, there is a
clear need for a more robust and context-aware approach for detecting
CSed offensive language on social media.

2.3. Online Offensive Language Detection

To mitigate the dissemination of offensive language online, many
social media platforms (e.g., X, Facebook, YouTube) have integrated
automated offensive language detection technologies. Existing methods
for offensive language detection fall into two main categories: lexicon-
based and machine learning-based approaches. Lexicon-based methods
identify offensive language by comparing textual content against a
precompiled lexicon of offensive words or phrases. For example, Rizwan
et al. [58] compiled a lexicon of hateful words through online keyword
searches and interviews, which consists of abusive and derogatory terms
as well as slurs or terms pertaining to religious hate and sexist language.
Machovd et al. [59] developed a Slovakian lexicon of toxic words by
annotating the toxicity levels within an existing list of negative words,
subsequently applying it to detect offensive content on Facebook.
Albania et al. [60] adopted a two-step process to create a Tamazight
offensive language lexicon: they first invited two native speakers and
Facebook administrators to identify seed words frequently used by on-
line offenders and abusers; and then asked these participants to produce
orthographic variations of the identified seed words.

Machine learning-based methods for offensive language detection
typically rely on text-based features and classification techniques. The
textual features include character n-grams, sentiments, sentence repre-
sentation, BoW, stylistic features, emotion words, most common word
bigrams, TF-IDF, Word2Vec, and word embeddings [61-65]]. For
example, Chen et al. [6] first analyzed the grammatical structures of
sentences using a natural language parser before selecting word sets as
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features for offensiveness detection. To detect offensive content on
Twitter, Davidson et al. [66] leveraged three types of text-based fea-
tures, including Flesch-Kincaid Grade Level and Flesch Reading Ease
scores, sentiment scores, and other linguistic features, such as the
number of characters, words, and syllables in each tweet. A variety of
machine learning and deep learning techniques have been used to build
offensive language detection models, including SVM, logistic regression,
Naive Bayes, J48, RNN, CNN, BiLSTM, BiGRU, and transformer models,
such as BERT, mBERT, and XLM-RoBERTa [35,37,38,66-72]. It is worth
highlighting that the aforementioned detection methods address
monolingual offensive language. There are emerging studies on offen-
sive language detection from multilingual text [73-75]. Nevertheless,
the focus of those studies was on improving offensive content detection
by leveraging state-of-the-art transformer models but not on character-
izing the features of offensive language. More importantly, their ana-
lyses were conducted in different languages separately, while
overlooking the CS behavior.

2.4. Stylometry Analysis and Features

Stylometry analysis provides a quantifiable evaluation of the
distinctive qualities of a text [76]. The characterization of stylometry
features occurs at multiple linguistic levels, including lexical, syntactic,
semantic, and structural [76,77]. Lexical features, the most fundamental
form of feature representation, focus on word-level characteristics. By
quantifying the frequency of lexical item occurrences, these features
reflect the vocabulary richness inherent in texts produced by specific
authors or author groups [78-80]. Syntactic features capture
sentence-level structural patterns, reflecting an author’s unique writing
style. For instance, Markov et al. [81] leveraged part-of-speech features
to capture the morpho-syntactic patterns, while Belvisi et al. [82]
extracted syntactic features, such as punctuation and function word
usage, for authorship analysis. Unlike syntactic features, semantic fea-
tures address the interpretation and meanings of words, phrases, and
sentences. For example, Clark and Hannon [83] employed
synonym-based features, including synonym count and total occur-
rences, for author recognition. Finally, structural features represent
document-level organization, capturing the macro-level arrangement of
extended texts.

Despite the established history of stylometry research, existing ana-
lyses predominantly focus on monolingual texts. The study most rele-
vant to this research focused on cross-lingual authorship identification
using data from online book archives [84]. In that study, documents
were first partitioned into smaller equal-length fragments (30,000 to-
kens), which were then further segmented into chunks of 1,500 tokens
each. From each of these chunks, 16 language-independent features (e.
g., average number of words per sentence, number of sentences, and
frequency of punctuations) were extracted, and the authorship pre-
dictions from all fragments were combined by computing the average
probability mass function to determine the overall authorship of the
text. This approach demonstrated strong performance in cross-lingual
authorship identification; however, it was limited to languages within
the Indo-European family (e.g. English, French, Spanish, Portuguese,
German), which likely share certain stylometric traits. Whether these
stylometric features extend to languages from distinct families, such as
the Sino-Tibetan family (e.g., Chinese), remains uncertain. In addition,
the study did not explore offensive language in cross-lingual social
media contexts, highlighting a significant gap in the literature. Most
critically, the objective of the research [84] was to determine whether
documents in one language could be used to accurately identify the
authorship of a document in another language by the same author. The
cross-language framework differs fundamentally from the dynamics of
CS, rendering the characterization and extraction of stylometric features
of CSed text a nascent area of inquiry. This study seeks to address these
identified knowledge gaps by introducing, extracting, and evaluating
the stylometric characteristics of CSed offensive language in social
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media.
3. Stylometric Characteristics of Online Code-switched Text

Our literature review indicates that previous research on offensive
language has largely overlooked CS. The stylometric characteristics of
online CS, particularly in the context of offensive language, remain
unexplored. Against the backdrop of growing public health concerns
surrounding offensive language and the increasing prevalence of CS on
social media, there are compelling theoretical and practical motivations
to examine the role of CS in offensive language within these platforms.

In this section, we address the first research question by introducing
a set of stylometric features to characterize CSed text in social media.
These features build on, enrich, extend, and integrate existing literature
on CS and stylometry, as reviewed in Section 2. We focus specifically on
lexical, syntactic, and semantic features, excluding structural features
due to their limited relevance to the informal and concise nature of
social media text. Moreover, we categorize the selected stylometric
features into two main groups: overall features and language-specific
features (see Table 1). While language translation could convert CSed
text into monolingual text, such as English, it often fails to preserve the
nuanced, context-dependent aspects of CS and may introduce errors or
inconsistencies due to linguistic ambiguity and differences. This study
directly addresses the complexities of CS rather than circumventing
them through translation.

3.1. Overdll Features

Overall stylometric features characterize the CSed text in its entirety,
reflecting the text’s holistic linguistic properties. Specifically, we expand
existing stylometric feature categories (see Section 2.4) by introducing
novel features designed for the analysis of CS, addressing a notable gap
in the current literature. We also propose new semantic features (e.g.,
content similarity) and lexical features for analyzing CSed social media
text (e.g., URLs). Additionally, we adapt and extend traditional lexical
and syntactic stylometric features to the context of CS.

3.1.1. CS features

To address the unique characteristics of CS in social media, we
develop and employ novel stylometric features and illustrate them with
Chinese-English CS data.

Switch type. There are two main types of CS (see Section 2): inter-
switch (inter-sentential CS), where language changes between sen-

tences, as in “My mama bought me a new face mask. It’s so cute! @
513§, 181 FHELR!” (My mama bought me a new face mask. It’s so
cute! @ Thank you, mom! I love you!), and intra-switch (intra-sen-

tential CS), where language changes within sentences, such as “The
COVID is 7&i#.” (The COVID is horrendous). In this study, we first
measured the frequency of each CS type and then normalized the

Table 1
Stylometric Characteristics of Online CSed Text.

Category

Sub-category

Specific features

Overall features

Language-specific
features

CS features
Lexical features
Syntactic features
Semantic features

Complexity

Expressivity

Switch type
Switch location
URLs

Lexical diversity
Exclamation mark
Pausality

Content similarity
Readability
Segment length
Emotion words
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inter-switch frequency by sentence count, and that of intra-switch
frequency by word count.

Switch location. We define switch location as the position within a
social media discourse where CS occurs. Prior research has shown
that bilinguals tend to exhibit consistent switch locations when
describing visual stimuli [85]. Following the work of Calvillo et al.
[86], we categorize switch location into three types: beginning, mid-
dle, and end, corresponding to the first 10%, middle 80%, and last
10% of each sentence, respectively. For each switch location, we
computed the frequency and then normalized it by sentence count.

3.1.2. Lexical features

URLs. It is calculated as the count of URLs within a text [36],
normalized by the total number of words in that text.

Lexical diversity. It is defined as the ratio of the number of unique
words or terms to the total number of words [87].

Exclamation mark. We use the ratio of exclamation mark count to
the total word count in a text as the measure, as exclamation marks
are commonly associated with emotional comments [88].

3.1.3. Syntactic features

Pausality. Punctuation marks segments sentences into short units,
potentially reducing sentence complexity and emphasizing textual
intent [89]. We select two pausality measures. Sentence pausality is
defined as the ratio of punctuation mark count to sentence count
[87]. Given the often ambiguous sentence boundaries in social media
texts, we introduce word pausality, the ratio of punctuation mark
count to word count, as an alternative complexity measure.

Among the above lexical and syntactic features, all serve as in-
dicators of complexity except for exclamation mark, which reflects
expressivity.

3.1.4. Semantic features

Content similarity. It assesses the semantic overlap between lan-
guage segments within a CSed text. We used cosine similarity based
on word vector encodings of the two languages. CS can serve to
reiterate or emphasize messages for enhanced clarity or opinion
expression [90]. To facilitate comparison, we translated text seg-
ments from one language into the other prior to calculating
similarity.

3.2. Language-specific Features

The language-specific features analyze individual language segments
within the CSed text, identifying language-specific characteristics.
Importantly, these features are derived directly from the original lan-
guages used in CSed text without translation, enabling authentic cross-
language comparisons. To ensure generalizability, we selected features
applicable across diverse languages. Consequently, our focus was pri-
marily on lexical features because semantic features are defined based
on the entire CSed text (see Section 3.1). We further categorized lexical
features into two sub-groups: complexity and expressivity.

3.2.1. Complexity

Word length. It is a common measure of monolingual text
complexity [87]. We extend word length to analyze language seg-
ments for individual languages within CSed text, defining it as the
average number of characters per word in those segments.

Readability. As a direct and common measures of text complexity,
readability indicates the ease with which a text is understood by
readers [91]. In this study, we employed the Flesch-Kincaid Grade
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Level [92] for English text segments and the Chinese readability
index (the average version) [93] for Chinese segments in CSed text.
Lower scores indicate easier text, while higher scores suggest greater
difficulty for both measures. As these indices rely on distinct lin-
guistic features—syllables and sentence length for English, and
clause length and function word proportion for Chinese—their value
ranges differ. To enable cross-language segment comparisons of text
difficulty, we normalized the raw scores of both indices into z-scores,
reflecting relative difficulty within each language rather than abso-
lute values.

Segment length. It is defined as the average word count within
language-specific text segments, which extends the traditional
measures of word count and sentence length from monolingual text
[871,[94] to the analysis of CSed text.

3.2.2. Expressivity

Emotion words. Based on the premise that offensive language ex-
pressions are often associated with negative emotions, we analyzed
emotion words within language-specific segments across various
levels of granularity: overall emotion, negative emotion, and specific
negative emotions, such as sadness, anger, and anxiety. We measured
these different emotion features for their respective language seg-
ments using Linguistic Inquiry and Word Count [95].

4. Dataset Construction Methods

As discussed earlier, one primary challenge in CSed offensive lan-
guage research is the lack of datasets. To address this gap, we developed
a dataset construction methodology. We illustrate the proposed methods
using Chinese-English CS as a case study. Importantly, our approach can
be extended to analyze offensive language involving CS between other
languages.

Our dataset construction method consists of two main components:
1) CS dataset collection and 2) CSed offensive language identification.

4.1. Code-switching Dataset Collection

Previous studies suggest that social media platforms, such as
Twitter/X, Facebook, and Weibo, are ideal venues for collecting CS data
[56],[96]. We chose Twitter as our data source for three main reasons.
First, as previously mentioned, Twitter is a common platform for
studying CS behavior. Second, it supports a total of 34 languages for its
widgets and buttons', including English and Chinese, which facilitates
CS expressions. Third, at the time of our data collection, the platform
allowed developers to use its API for free, and additionally, provided a
streaming API service that delivers new, relevant tweets as they occur.
Furthermore, this study focuses on tweets related to COVID-19 due to
several key considerations. The pandemic accelerates and intensifies the
interactions between different social groups, including people with
diverse cultural backgrounds, which generates opportunities for lan-
guage change by borrowing terms from another language [97]. Given
the extensive and profound impact of the pandemic, people faced
increasing financial, psychological, and emotional stress, which can
potentially fuel the use of offensive language. Based on the temporal
analysis results of a large-scale Twitter dataset, a very recent study in-
dicates that various COVID-19 pandemic events led to an increase in
offensive speech [4]. The study demonstrates an increase in offensive
tweets with abusive language targeting various individuals or groups
over a short period, coinciding with worsening pandemic and the use of
disparaging language by prominent politicians. For example, numerous
posts involving anti-Asian racism and xenophobia have appeared on
major social media sites such as Twitter/X during pandemic [5],[98],

! Supported languages and browsers | Docs | Twitter Developer Platform
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and these anti-Asian sentiments had an effect on consumer discrimina-
tion against businesses associated with Asian Americans [99].

Fig. 1 outlines the process of CS data collection, which consists of
three stages: initial data collection and filtering, candidate CS identifi-
cation, and candidate CS cleaning.

Initial data collection and filtering. Our identification and
extraction of tweets in the selected languages, specifically English
and Chinese, leveraged the language codes embedded in the tweet
metadata. We then filtered the data by removing retweets, identical
tweets, and tweets with less than 20 characters. Finally, we collected
a total of 157,146,871 tweets for further processing.

Candidate CS identification. We adapted language identification
techniques to detect Chinese characters within tweets initially coded
as English, and conversely, English characters within tweets coded as
Chinese. Tweets exhibiting such cross-linguistic features would be
considered candidate CS.

Candidate CS cleaning. Candidate CSed tweets deemed trivial or
representing common usage were excluded. This filtering process
was informed by patterns identified through extensive manual anal-
ysis of the candidate CS dataset. Examples of trivial CS instances
included single-word CS involving proper nouns, such as personal
names (e.g., Fauci) and COVID-19 related terms (e.g., CDC, COVID-
19, Pfizer), and platform reserved terms (e.g., retweet, RT, $5%). To
compile a list of COVID-related terms, we first extracted named en-
tities from COVID-related Wikipedia pages using the NLTK package.
These entities subsequently went through manual screening, result-
ing in 447 terms, encompassing person names, organizations, loca-
tions, vaccines, COVID variants, and related diseases. We further
eliminated tweets containing repetitive or nearly identical content
across different contituent languages using the following procedure.

We first segmented each tweet Ty by language into two distinct
groups: segments T;" containing only Chinese words and segments T{"
containing only English words. Next, we translated the Chinese seg-
ments T;" into English T;"~*" using the Google Translate API. We then
encoded words from both the original English text segment T;" and the
translated English text T;"~°" into vector embeddings. With various
embedding models exist for text representation, concerns have emerged
regarding the non-smooth anisotropic distribution in the transformer-
based language models [100], such as BERT [101], RoBERTa [102],
and Llama-3 [103]. Notably, the TF-IDF algorithm does not suffer from
this limitation. Other embedding models like GloVe [104] and

Initial data collection and filtering

]—P[ Y Filtering Tweets ]

Candidate code-switching identification

Identifying Chinese in
English Tweets

Collecting Chinese/
English Tweets

Identifying English in
Chinese Tweets

Candidate code-switching cleaning

[x Removing trivial code- ] [xRemoving nearly identical ]

switching candidates code-switching candidates

| Code-switching dataset |

Fig. 1. Code-switching Dataset Collection.
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skip-gram [105] fail to provide a unified word-level representation
across different language segments. Additionally, aggregating word
embeddings within language segments can result in the loss of
fine-grained information and contextual nuances. Therefore, we
employed the TF-IDF algorithm as our text encoder for the Chinese and
English segments, enabling identification of nearly identical content.
The embedding vectors of the original English segments Ty"and the
English segments translated from Chinese counterparts T;"~" are rep-
resented in equations (1)-(3), respectively.

e = [tk ok o ] @

e}c{h—»en — [ 12_}6”7 2;(1—>en7.”7 lkh—»en] (2)
- Todog T

tfuc = freq(w;, Ti)-log [T € Tl 3

where tfy, is the TF-IDF score of word w; in tweet T, freq(w;, Ty) denotes
the occurrence frequency of word w; in Ty, [ is the number of features, |
{k : w; € T }| denotes the number of tweets containing word w;, T = {T1,
T,..., Tm} is a set of tweets, and |T| is the total number of tweets in the
dataset.

To avoid extremely high-dimensional vectors that are noise-prone,
we considered only the top [ features, sorted in descending order of
frequency across all tweets in the embedding representations. We
measure the semantic similarity between T;" and T{"~*'by calculating
the cosine similarity between their embedding vectors of ;" and ef"~*"
(see equation (4)).

en  ,ch—en
€ €

. ch—en __
SO e

C)

Similarly, we translated the English segment T{" into Chinese T{"~",
and computed the similarity score Sim(Ti)™ ™ between the original
Chinese segment T¢" and the translated Chinese segment T{"~" based on
the cosine similarity of their vector embeddings.

Finally, we selected the higher of the two similarity scores as the final
similarity value between the Chinese and the English segments in tweet
Ty (see equation (5)).

Sim(Ty) = max (Sim(Te)™ ", Sim(Tx)™")

()

The higher the similarity score, the greater the likelihood that the
CSed text represents a reiteration. Fig. 2 displays the distribution of
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similarity scores across our selected tweets. To determine a threshold for
identifying reiterations, we applied the Inter-Quartile Range measure
and empirically set the upper bound at 0.8. After removing trivial and
reiterated CSed candidates, our dataset contained 13,603 CSed tweets.

4.2. Code-switched Offensive Language Identification

Since the expression of offensive language might be language-
dependent, it presents new challenges to its identification in CSed
text. To this end, we developed an approach that integrates lexicon-
based and deep learning-based techniques within a human-in-the-loop
framework for candidate CSed offensive tweet extraction, followed by
manual curation for the final dataset. The approach is illustrated in
Fig. 3.

Lexicon-based method

Deep learning-based method

Rule-based offensive
language detection

X —
R -
% -
R -
Offensive data Offensive data Non-offensive data
| |
Manual verification
e e T T e e e e o
' 1
1 [ Inter-rater reliability analysis ] !
' i
: [ Offensive data annotation ] 1
' 1
I Code-switching offensive dataset I

Fig. 3. Code-switched Offensive Language Identification.
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Fig. 2. Distribution of Similarity between Chinese and English Segments in CSed Tweets.
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Lexicon-based method. The lexicon-based component uses a rule-
based approach, comparing tweet content against predefined offen-
sive language lexicons for both English and Chinese. Following
previous studies on multilingual offensive content detection [106],
[107], we constructed language-specific lexicons by merging existing
resources [7,108], resulting in 1,415 English and 274 Chinese terms
after redundancy removal. Applying this method to lemmatized CS
tweets yielded 839 candidate offensive instances.

Deep learning-based method. The lexicon-based method, while
straightforward, may be overly simplistic and thus struggle to deliver
robust performance. For example, the meanings of terms such as
“die”, “black”, and “H” (Chinese) are highly context-dependent,
posing challenges for lexicon-based methods. To overcome this, we
incorporated a deep learning approach, specifically a pre-trained
multilingual character-level transformer [64], which excels at
learning contextualized term embeddings. Based on our manual re-
view of the model’s outputs, we empirically established a toxicity
score of 0.6 as the minimum threshold for identifying offensive
language and a score of 0.4 as the maximum threshold for classifying
non-offensive language. These threshold choices were further
corroborated by relevant literature (e.g., [109-111]). As a result, we
identified 207 CSed offensive and 5,127 CSed non-offensive candi-
date tweets.

Manual verification. We manually validated the candidate tweets
extracted using the two aforementioned methods. From the pool, we
randomly selected 50 CSed offensive and 50 CSed non-offensive
candidate tweets. Two coders, both proficient in English and Chi-
nese and familiar with the Twitter platform, independently coded the
tweets as either offensive or non-offensive. The inter-rater agreement
and reliability assessed using Cronbach’s alpha, both reached 0.99,
demonstrating exceptional reliability. Discrepancies were resolved
through discussion, and these final resolutions consistently aligned
with model predictions, validating the model’s performance. Given
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in Table 2. We compared the stylometric characteristics of offensive and
non-offensive language using an independent-samples t-test and the test
results are also reported in the last column of the table.

The analysis of lexical features reveals that URLs (p < 0.001) and
lexical diversity (p < 0.05) are significantly lower, and exclamation mark
is significantly higher (p <.001) in CSed offensive tweets compared to its
non-offensive counterparts. The analysis results of syntactic features
show that both sentence pausality (p < 0.001) and word pausality (p <
0.01) are significantly lower in CSed offensive text compared to non-
offensive text. Furthermore, the comparison results of semantic fea-
tures show that content similarity is significantly lower (p < 0.001) in
CSed offensive than it non-offensive counterparts.

The analysis results of switch type show that intra-switch is more
frequent in offensive than non-offensive text (p < 0.01), while inter-
switch shows no significant difference (p > 0.05). The analysis results of
switch location show that CSed offensive language is more likely to
involve middle (p < 0.001) and end switches (p < 0.05), and less likely to
use a beginning switch (p < 0.001), compared to CSed non-offensive
tweets.

5.1.2. Language-specific Stylometric Features

We report the descriptive statistics of language-specific stylometric
features in Table 3. Since these features incorporate both language and
offensiveness dimensions, we conducted a two-way mixed model
ANOVA on these features, using offensiveness (offensive vs. non-
offensive) as a between-subjects factor and language (English vs. Chi-
nese segment) as a within-subjects factor. The analysis results are re-
ported in Table 4.

Table 3
Descriptive Statistics (Mean [SD]) of the Stylometric Features of Language
Segments.

the near-perfect inter-rater agreement, one coder proceeded to Stylometric Features English Chinese
manually verify the remaining candidate CSed offensive tweets, Offensive  Non- Offensive  Non-
while the second coder cross-checked the results. Ultimately, we offensive offensive
confirmed 377 CSed offensive tweets and 5,716 CSed non-offensive Complexity ~ Word length ~ 8.274 8.945 1.699 1.776
tweets. [2.847] [8.945] [0.220] [0.246]
Segment 2.255 2.441 4.572 4.264
length [2.154] [2.175] [1.794] [1.836]
5. Data Analyses and Results Readability  -379 095 oa7 016
[0.889] [1.002] [0.914] [1.003]
In this section, we analyze the overall and language-specific stylo- Expressivity ~ Overall 11.506 4.514 9.169 6.870
metric characteristics of CSed offensive language. Additionally, we emotion [16.187] [9.498] [8.215] [7.244]
perform robustness tests to evaluate the impact of the stylometric Negative 8.637 L449 5.541 3.114
feat emotion [14.678] [5.216] [6.149] [4.958]
eatures. Anxiety 0.505 0.233 0.258 0.388
[3.770] [2.020] [1.099] [1.700]
. . Anger 6.689 0.407 2.112 0.563
5.1. Effects of Offensiveness on Stylometric Features [12.443] [2.588] [4.336] [2.164]
Sadness 0.581 0.228 0.405 0.277
5.1.1. Overadll Stylometric Features [5.713] [1.885] [1.509] [1.498]
We report the descriptive statistics of the overall stylometric features
Table 2
Descriptive Statistics of the Overall Stylometric Features of CSed Tweets.
Stylometric Features Offensive Non-offensive t-test
Type Features Mean SD Mean SD t p-value
cs Inter-switch 0.124 0.182 0.109 0.180 2.346 >.05
Intra-switch 0.017 0.032 0.014 0.026 5.257 <.05
Beginning switch 0.230 0.352 0.262 0.349 14.890 <.001
Middle switch 0.738 0.363 0.712 0.356 13.077 <.001
End switch 0.032 0.138 0.026 0.107 4.665 <.05
Lexical URL 0.000 0.004 0.003 0.014 15.962 <.001
Lexical diversity 0.831 0.174 0.850 0.163 4.766 <.05
Exclamation mark 0.027 0.050 0.012 0.038 57.062 <.001
Syntactic Sentence pausality 3.809 2.740 4.877 3.506 33.646 <.001
Word pausality 0.162 0.084 0.175 0.085 8.392 <.01
Semantic Content similarity 0.102 0.170 0.144 0.190 17.532 <.001
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Table 4
ANOVA Results of Offensiveness and Language.
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Table 6
Simple Effects of Language on Stylometric Features.

Stylometric Features Offensiveness ~ Language Offensiveness x
F(1,6091)= F Language
(1,6091)= F(1,6091)=
Complexity Word length 20.389%** 6758.2%** 12.666***
Segment 581 869.55%%*  12.412%x*
length
Readability 67.76%** 3.261" 4.247*
Expressivity ~ Overall 179.45%** .001 56.336%**
emotion
Negative 471.909%** 12.246%** 135.513%%*
emotion
Anxiety .881 .435 8.268**
Anger 957.767*%* 392.981%**
Sadness 10.392%** .783 2.45

The results show that offensiveness has a significant effect on average
word length, readability, and all expressivity features (p<.001) except
anxiety. Specifically, CSed offensive language exhibits shorter average
word length and greater readability (i.e., lower scores), yet higher levels of
overall emotion, negative emotion, anger, and sadness, compared to its non-
offensive counterpart.

The analysis results show that the simple effects of offensiveness on
average word length, readability, overall emotion, negative emotion, and
anger (see Table 5) are consistent with its main effects. Interestingly,
despite a lack of the main effects of offensiveness on segment length and
anxiety (p>.05) and no interaction effect between offensiveness and
language for sadness (p>.05), segment length is significantly shorter in
offensive than non-offensive text for Chinese segments only (p<.01).
Conversely, anxiety (p<.05) and sadness (p<.01) are significantly higher
in offensive than non-offensive language for English segments only.

5.2. Effects of Language on Stylometric Features

Table 4 shows that language has a strong main effect on two of the
complexity features: word length and segment length (p<.001), and a
marginal effect on readability (p<.1). Additionally, among the expres-
sivity features, language has a strong effect on negative emotion and anger
(p<.001), but shows no effect on the remaining features (p>.05).

Given the significant interaction effects of language and offensive-
ness on all stylometric features (p<.05 or stronger) except sadness, we
also analyzed the simple effects of language for offensive and non-
offensive texts separately. The results are reported in Table 6, showing
that the simple effects of language on word length, segment length, and
sadness are consistent with its main effects reported earlier.

Table 5
Simple Effects of Offensiveness on Stylometric Features.
Stylometric Features English Chinese
Mean Std. Mean Std. Error
difference Error difference (p-value)
(N-0) (p- (N-0)
value)

Complexity Word length  .672 .166%** .077 .013%x*
Segment 186 116 -.309 .098**
length
Readability 404 .053%** .263 .053***

Expressivity ~ Overall -6.992 .534%x* -2.299 .389%*
emotion
Negative -7.188 331 -2.427 .268%**
emotion
Anxiety -.272 .115* .130 .089
Anger -6.281 212%%* -1.549 125%**
Sadness -.353 123%* -.128 .08

Notes: ***: p<.001; **: p<.01; *: p<.05; O: offensive language; N: non-offensive
language.

Stylometric Features Offensive Non-offensive
Mean Std. Mean Std.
difference Error difference Error (p-
(E-C) (- (E-Q) value)
value)
Complexity Word 6.575 162%* 7.17 0425
length
Segment -2.318 136%**  -1.823 .035%**
length
Readability -132 .066* .009 .017
Expressivity ~ Overall 2.337 .606%** -2.357 156%**
emotion
Negative 3.096 .396%** -1.665 102%**
emotion
Anxiety 247 1351 -.155 .035
Anger 4.576 231 % -.156 .059%*
Sadness 176 139 -.049 .036

Notes: ***: p<.001; **: p<.01; *: p<.05; E: English segment; C: Chinese segment.

Interestingly, the effect of language on readability is significant only for
CSed offensive text (p<.05). Furthermore, although language signifi-
cantly affects overall emotion, negative emotion, and anger regardless of
offensiveness, the direction of these effects in CSed offensive text was
opposite to that in non-offensive text. Specifically, English segments
display higher levels of overall emotion (p<.001), negative emotion
(p<.001), and anger (p<.001) than Chinese counterparts in CSed
offensive text, whereas English segments show lower levels of overall
emotion (p<.001), negative emotion (p<.001), and anger (p<.01) than
Chinese counterparts in CSed non-offensive text. Additionally, language
affects anxiety only in CSed non-offensive text (p<.001).

5.3. Robustness Tests

5.3.1. Detection in Original CSed Text

To assess the robustness of the proposed stylometric features, we
incorporated them as inputs into a downstream task: offensive language
detection. Following the related literature [37,66], we selected the lo-
gistic regression technique (see Equation (6)) to construct models for
detecting offensive language. In addition, we employed two
state-of-the-art multilingual deep learning techniques, namely mBERT
[107] and xlm-RoBERTa [112], in our model development.

~ 1

Y =T e (6)
where x = {x1,X2,..., X4} represents our proposed d stylometric features,
w = {w1,Wws,...,wq} denotes the learnable weights associated with these
features in the logistic regression models.

To better understand the impact of the stylometric features on
offensive language detection, we built models with and without incor-
porating those features and used the latter as baseline models. For
baseline models using logistic regression, we considered features that
are commonly used in the literature for detecting offensive language,
including dictionary words [113], bag-of-words [114], and n-grams [6].
N-grams achieved better performance in offensive language detection
compared with dictionary words and bag-of-words [6] because the
former features can take into consideration words’ immediate context.
Thus, we selected n-grams, and specifically unigrams and bigrams, as
input features.

We evaluated model performance in offensive language detection
using widely adopted metrics, including accuracy, macro precision,
macro recall, and macro F-1 score. Macro metrics were defined as the
average performance across both offensive and non-offensive classes,
ensuring balanced evaluation without considering the class distribution.

To address the challenges arising from an imbalanced dataset (which
contains a substantially larger number of non-offensive than offensive
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CSed tweets), it is common practice to implement a sampling strategy on
the training data [115,116]. To this end, we adopted an undersampling
strategy. Specifically, we first applied stratified sampling to the original
dataset by randomly selecting 80% of the data as the training set and the
remaining 20% as the test data. We then performed undersampling on
the training data by randomly selecting a number of non-offensive CSed
tweets equal to the number of offensive ones, thereby achieving a
balanced dataset. Moreover, the above process was repeated 100 times,
and the results from these runs were averaged for reporting purposes.

The performance of the offensive language detection models, both
with and without incorporating the proposed stylometric features, is
reported in Table 7. The table shows that all evaluation metrics of the
detection models improved dramatically when the proposed stylometric
features were incorporated. The impact of those features is particularly
pronounced in the state-of-the-art multilingual deep learning models,
which improved the F1-score of mBERT in detecting offensive language
by over 48% and that of xml-RoBERTa by over 25%, respectively. These
findings highlight that integrating the stylometric features significantly
enhances the model’s ability to identify patterns in CSed offensive
language.

5.3.2. Detection in Translated Monolingual Text

Since language translation can be an alternative approach for pro-
cessing CSed text, we conducted an additional set of experiments as
robustness tests. In these experiments, we first translated the CSed text
into English using Google Translator API, then extracted stylometric
features from the translated English text, and finally developed mono-
lingual models (i.e., BERT and RoBERTa) by incorporating these fea-
tures. To enable a fair comparison, we applied an identical set of features
to the translated texts as we did to the CSed texts, particularly including
CS type and location. The results are reported in Table 8. Two key ob-
servations emerge from the table. First, the stylometric features signif-
icantly boost model performance in offensive language detection.
Second, the translation approach using monolingual text consistently
underperforms compared to our proposed method across all models,
regardless of whether the stylometric features are incorporated. Spe-
cifically, compared to their CSed counterparts, the F1 scores of the
monolingual models in detecting offensive language dropped by 4.54%
for BERT-based models, 6.03% for RoBERTa-based models, and 6.15%
for LR models when the stylometric features were not included, and the
F1 scores of the monolingual models in detecting offensive language
dropped by 5.72% for BERT-based models, 1.19% for RoBERTa-based
models, and 3.47% for LR models when the stylometric features were
included. Our results suggest that directly processing CSed text pre-
serves critical contextual nuances for offensive language detection,
which are lost during translation.

6. Discussion
6.1. Major Findings and Explanations

The primary objective of this study was to identify the stylometric
characteristics of CSed offensive language in social media. In this
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section, we summarize and discuss our main findings.

First, we examine complexity at both the overall CSed text and
language-specific segment levels. At the CSed text level, offensive lan-
guage exhibits lower complexity in terms of URLs and lexical diversity
compared to the non-offensive text. This finding is corroborated by the
analysis results of sentence pausality and word pausality, both are in-
dicators of complexity [87]. We observe similar patterns at the indi-
vidual language segment level, where CSed offensive text demonstrated
shorter words and greater readability than non-offensive text.

Second, offensive CSed text displayed higher expressivity, as evi-
denced by increased exclamation mark usage. The finding is consistent
with our observations regarding overall emotion, negative emotion,
anger, anxiety, and sadness at the individual language segment level.
They indicate that offensive language is more frequently associated with
an emotional, particularly negative, emotional state. In addition, anxi-
ety and sadness were more pronounced in offensive than non-offensive
language in English segments but not in Chinese segments. Thus, these
emotion-related effects of offensiveness seem more consistent across
English than Chinese segments, potentially reflecting cultural differ-
ences in language choice during online CS and the specific context of our
case study.

Third, the content similarity of CSed offensive language is signifi-
cantly lower than that of non-offensive language. This suggests that non-
offensive language tends to repeat similar content across different lan-
guages more frequently than its offensive counterpart. We provide the
following explanations for this observation. The choice of language for
expressing offensive content by a multilingual speaker may be influ-
enced by factors such as social norms, cultural background, and lin-
guistic proficiency. For example, a speaker might select a language
prevalent within their cultural or social group to deliver offensive con-
tent effectively. Additionally, individuals may prefer a language in
which they feel most at ease when articulating offensive content.
Moreover, certain languages may carry stronger emotional weight,
making them better suited for conveying offensive content and pro-
voking the intended response. The findings in Table 4 substantiate that
language choice significantly influences complexity and expressivity
features. Consequently, offensive language may appear exclusively in a
single language segment or vary distinctly across different language
segments within CSed text.

Fourth, offensive language shows a higher level of intra-switch than
non-offensive language. Additionally, offensive language is more likely
to involve CS in the middle or at the end of text (as seen in tweets T1 and
T2 from Table 9), and less likely to switch in the beginning, than non-
offensive language. For instance, tweet T1 demonstrates intra-
sentential and end-position CS, with a longer Chinese segment than
the English one. The user starts by expressing frustration using offensive
language in Chinese and ends with anger conveyed through offensive
language in English. In contrast, tweets T3 and T4 in Table 9 illustrate
inter-switch. Tweet T3 extensively employs exclamation marks and
repetitions, beginning with a short offensive English phrase along with
an exclamation mark repeated five times to explicitly express intense
negative emotions, and ending with an implicit ironic statement in
Chinese that differs entirely from the English content. Similarly, tweet

Table 7
Offensive Language Detection Performances on CSed text with and without the Proposed Stylometric Features.
Detection models Stylometric features Accuracy Precision Recall F1-score
Offensive Non-off Offensive Non-off Offensive Non-off
N-grams w/o 64.76% 50.78% 79.10% 43.28% 72.93% 46.28% 75.66%
+LR with 69.03% 51.81% 79.65% 58.42% 74.18% 53.75% 76.42%
mBERT w/o 51.89% 18.74% 45.57% 51.08% 50.61% 25.57% 46.63%
with 85.09% 65.81% 95.92% 88.52% 88.29% 73.86% 93.06%
xlm- w/0 49.85% 26.18% 63.68% 59.55% 49.87% 40.99% 55.04%
RoBERTa with 79.92% 62.51% 93.75% 80.11% 89.91% 66.27% 90.11%

Notes: Non-off: Non-offensive content
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Table 8
Offensive Language Detection Performance on Translated Text.
Detection models Stylometric features Accuracy Precision Recall Fl-score
Offensive Non-off Offensive Non-off Offensive Non-off
N-grams w/o 60.25% 43.79% 71.24% 36.69% 64.08% 40.13% 67.30%
+LR with 67.95% 47.22% 74.62% 53.70% 70.61% 50.28% 72.83%
BERT w/o 42.11% 15.97% 43.46% 47.74% 48.07% 21.03% 44.61%
with 78.69% 58.37% 92.00% 84.66% 81.80% 68.14% 87.18%
RoBERTa w/o 43.08% 23.67% 56.18% 49.78% 44.58% 34.96% 49.76%
with 75.13% 61.92% 91.98% 78.47% 85.00% 65.08% 87.25%

Notes: Non-off: non-offensive content

Table 9

Sample CSed Offensive Tweets and their Translated Versions.

Case  Original (CSed) Translated Version

T1 BIRISEUERMA IREGER HERR ‘Fuck you, Wuhan pneumonia will
EEIAREAMFEROOHNBES end soon. I really want to see
A8 AIwithout E£Eshit thing. everyone be able to do what they

want without ‘these’ shit things.

T2 There is no credible evidence that There is no credible evidence that
you are serving the interest[s] of you are serving the interest of
Canadians. Or I should say Zih#ik Canadians. Or I should say ‘Go to
I8, RN IR RS hell, you globalized pig’.

T3 FUCK NEWS! FUCK NEWS! FUCK Fuck News! Fuck News! Fuck News!
NEWS! FUCK NEWS! FUCK NEWS! Fuck News! Fuck News! (((Well
((FEF5EF, PFPE7IEER done to COVID-19, a gift for the 71st
L7 anniversary of New China.

T4 Making money from the pandemic! Making money from the pandemic!

2,0 SRIEARS Well, he is not the
only one.

Dirty money? No asshole! Well, he is
not the only one.

T4 shows low content similarity between its two language segments,
further highlighting the distinct expression across languages in offensive
CSed text.

Fifth, language affects several stylometric features of CSed text,
including word length, segment length, negative emotion, and anger.
Although the difference in word length may not be interesting due to
inherent linguistic differences, the finding that Chinese segments are
longer than English segments suggests that some social media users may
prefer Chinese over English in a CSed context. Interestingly, compared
to Chinese segments, English segments show greater readability (i.e., are
easier to read) only in CSed offensive language, while displaying lower
levels of anxiety solely in CSed non-offensive language. Furthermore, in
CSed offensive language, English segments show higher levels of overall
emotion, negative emotion, and anger than their Chinese counterparts,
whereas these expressivity features are lower in English segments than
in Chinese ones for the CSed non-offensive language. One potential
explanation for these differences is that many English-Chinese speakers
may consider Chinese as their primary language and accordingly have a
greater proficiency in Chinese than in English. As a result, they may
employ Chinese with greater complexity or difficulty when expressing
offensive content and display more intense emotional expressions in
Chinese segments for non-offensive content, compared to English.
Another explanation is that “processing emotional information in a
second language is less emotional than in a first language,” and “such a
decrease in emotionality results in the neutralization of offense taken”
([117] p.395). Additionally, offensiveness has a positive effect on
segment length only in Chinese segments. Taken together, these findings
suggest that multilingual social media users tend to express themselves
more extensively and emotionally in their first language than in their
second language in a CSed non-offensive context, while they are more
likely to convey emotions in their second language than their first when
producing offensive text. To further explore this, we conducted an
additional experiment comparing emotion intensity between first and
second languages within the same CSed text. The results support our
explanations, confirming that users are more inclined to express
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emotions in their second language rather than their first when crafting
offensive content.

We can find several alternative explanations for the finding that the
overall complexity of offensive language is lower than that of non-
offensive language. First, offensive language typically draws from a
narrow pool of words and phrases, often centered on vulgar or taboo
subjects, which may create an impression of simplicity due to its
restricted vocabulary. Second, offensive language often employs direct
and unembellished communication, prioritizing provocation or shock
over nuanced or elaborate expression, thus reducing the need for lin-
guistic sophistication. Third, the strong emotional impact of offensive
language may overshadow any potential complexity, as its affective
intensity tends to take precedence over complex linguistic structures.

6.2. Research Contributions and Implications

This study offers multiple novel research contributions. First, it in-
troduces stylometric characteristics of CS in social media text, extending
traditional sociolinguistic theories of CS to online discourse and
enriching the understanding of CS behavior by introducing the new
dimension of switch location. Second, this study identifies a wide array
of stylometric features specific to offensive language in CSed social
media text for the first time. Despite existing discussions on the functions
of CS, including its use for strategic purposes, emphasis, and emotion
expressions, there remains a notable gap in understanding its role in
offensive language. The study addresses the gap by shedding light on the
role of CS in online offensive language, thereby extending existing CS
theories. Third, it is the first to reveal the effect of language on the
stylometric features of CSed offensive social media text. Fourth, it pro-
poses a two-stage dataset construction method for CSed offensive lan-
guage and develops the first dataset on Chinese-English CSed offensive
language. Finally, it substantiates the proposed stylometric character-
istics with empirical evidence, demonstrating their significantly positive
effects on the performance of offensive language detection models.

Our findings have broad implications for research. Offensive content
often transcends multiple languages and incorporates cultural refer-
ences, and CS represents distinctive features of multilingual speakers.
The findings of this study suggest that offensive language detection must
account for these nuances to improve its effectiveness. Additionally,
while deep learning models have shown impressive performance across
various tasks, their opaque black- or gray-box nature limits their ability
to directly enhance human understanding of offensive language. The
stylometric features identified in this study pave the way for developing
explainable algorithms, equipping users with insights into how offensive
language is detected and flagged. This, in turn, empowers users to play
an active role in mitigating online offensive language. Moreover, the
proposed stylometric characteristics of CSed text provide a foundation
for investigating online CS behavior in other types of contexts. For
example, global brands might strategically incorporate CS elements in
advertising campaigns to engage multilingual audiences, while political
candidates could employ CS to tailor campaign messages that resonate
with varied ethnic communities. The dataset construction methods
introduced in this study can also be extended to develop CSed datasets
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for other language pairs or user behaviors.

The findings of this study also have practical implications for various
stakeholders. The stylometric characteristics of online CSed offensive
language identified in this research offer valuable tools for social media
community moderators to enhance content moderation effectiveness. By
integrating these features, social media platforms can improve their
offensiveness detection models, enabling effective and efficient inter-
vention against offensive language to foster civil discourse. Additionally,
these insights can assist platforms in complying with legal regulations
related to issues such as hate speech. For social media users, our findings
raise awareness and deepen understanding of how CS is employed to
express offensive language within their networks. This research con-
tributes to cultivating a positive and respectful online environment,
thereby enhancing the safety of social media users. This is particularly
relevant for younger generations, who spend considerable time on social
media but may lack the experience or awareness to navigate these spaces
or filter out harmful content effectively.

6.3. Limitations and Future Work

This study has several limitations that highlight avenues for future
research. First, the analysis treated offensive language as a single cate-
gory. Given that offensive language manifests in diverse forms (e.g.,
abuse, insult, and profanity), a more fine-grained investigation is war-
ranted. Future work could develop contextualized stylometric features
tailored to these specific types within different contexts. Additionally,
this study excluded CSed data samples exhibiting high content similarity
between different language segments. Since this still represents a form of
CS behavior, examining its underlying situational and motivational
factors would be beneficial. Furthermore, the reliance on fixed toxicity
score thresholds (0.6 for offensive, 0.4 for non-offensive) presents
another limitation. Sensitivity analyses exploring the impact of varying
these thresholds on the identified stylometric features would deepen the
understanding of their robustness.

Second, our investigation focused on the general stylometric char-
acteristics of CSed Chinese-English offensive language, without ac-
counting for individual user differences, such as cultural background,
linguistic proficiency, and specific linguistic variations. Exploring how
such individual differences shape the stylometric characteristics of CSed
text among multilingual speakers constitutes a significant research di-
rection for future. This could further extend to authorship attribution
studies based on multilingual users’ CS stylometric profiles. The com-
plex interplay of factors influencing language choice in CS for conveying
offensive versus non-offensive content also merits more extensive study,
particularly concerning cultural and contextual variables. Furthermore,
the observed stylometric patterns of CSed offensive language may be
language-pair dependent; and therefore, empirical investigations into
CS between other language pairs (e.g., Spanish-English) are crucial for
comprehensive generalizability assessment.

Third, this study did not consider different social media platforms,
which may foster different CS styles. Platform-specific analyses are
needed, because environments like Twitter/X (potentially favoring
intra-switch) might differ from YouTube (potentially exhibiting more
inter-switch) regarding offensive language expression. Finally, the use of
COVID-19 as a specific case study limits generalizability. Future
research employing broader datasets across various topics and contexts
is helpful to validate and potentially refine current findings.
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