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Abstract 

Code-switching, the alternation between two or more languages in a single conversation or text, is a 
prevalent phenomenon in multilingual communities. Despite its importance, code-switching remains 
underexplored in digital communication, particularly in social media. This study addresses this gap by 
analyzing code-switching patterns in multilingual social media corpora using computational linguistics 
techniques. We curate a large-scale, annotated corpus of social media text and develop transformer-based 
models to identify and classify code-switching points. Our analysis reveals insights into the linguistic and 
social factors influencing code-switching behavior, including language proficiency, topic, and sentiment. 
The study sheds light on the complex dynamics of multilingual language use in digital communication, with 
implications for language technology, sociolinguistics, and multilingual communication studies. The 
findings contribute to a deeper understanding of code-switching in social media and inform the 
development of more effective language processing tools.  
Keywords: code-switching, multilingual corpora, social media, computational linguistics, transformer 
models 

Introduction 

Code-switching—the systematic alternation of two or more languages within a single interaction—
has long been recognized as a rule-governed sociolinguistic practice rather than “random mixing.” 
Classic work showed that switches are constrained by discourse functions and contextualization 

cues (e.g., signaling stance, footing, or participation frameworks) and by grammatical regularities 
that reflect bilingual competence (Gumperz, 1977; Poplack, 1980). These insights remain 

foundational: any computational account that treats code-switching as noise risks erasing the social 
meaning and structural patterning that motivate where, why, and how speakers switch. 
The rise of multilingual digital communication has shifted where code-switching happens, how it 

is displayed, and what it indexes. Social media introduces platform-driven constraints (character 
limits, affordances for quoting/resharing), heterogeneous audiences (“context collapse”), and rapid 

topic shifts, all of which can reshape switching behavior relative to face-to-face settings. At the 
same time, online writing amplifies orthographic variability (transliteration, nonstandard 
spellings), multimodal cues (emoji, hashtags), and community-specific conventions, making it 

difficult to cleanly separate “language choice” from “style choice.” Recent scholarship in 
bilingualism emphasizes that contemporary code-switching research must reconcile social 
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meaning with robust empirical measurement across diverse modalities and settings, including 
digitally mediated contexts (Cedden et al., 2024). 
From a computational linguistics perspective, social-media code-switching creates a dual 

challenge: the phenomenon is linguistically structured yet data-hungry models are easily derailed 
by sparse supervision and noisy surface forms. A minimal prerequisite for most downstream tasks 

is token-level language identification (LID), because switching points are often defined 
operationally as boundaries where token language labels change. Work on code-switched social 
media has shown that even this “basic” step is nontrivial: borrowed words, named entities, and 

shared orthography between languages can confound sequence taggers, and performance varies 
sharply across language pairs and domains (Mave et al., 2018). These difficulties propagate to 

higher-level analyses, biasing any inferred distribution of switching types, rates, or social 
correlates. 
Beyond LID, the field has developed task-specific pipelines for part-of-speech tagging, named 

entity recognition, and sentiment analysis in code-mixed settings, often adapting sequence 
modeling strategies to cope with token ambiguity and limited labeled data. For example, joint or 
stacked models can exploit correlations between language tags and syntactic categories, improving 

robustness on trilingual, code-mixed social media corpora (Barman et al., 2016). Similarly, NER 
in Hindi–English code-mixed tweets underscore that entity boundaries and label distributions 

interact with switching and transliteration, requiring features or architectures that can represent 
subword structure and context (Singh et al., 2018). Collectively, these studies demonstrate that 
code-switching is not a niche “extra” but a cross-cutting condition that reshapes the assumptions 

of standard NLP pipelines. 
Parallel to these task-driven efforts, representation learning has transformed how multilingual text 

is modeled. Contextual encoders such as BERT showed that pretraining on large corpora yields 
transferable representations that can be fine-tuned effectively with comparatively little labeled 
data, changing the feasibility frontier for low-resource and noisy-text tasks (Devlin et al., 2019). 

However, multilinguality introduces its own complexities: multilingual BERT exhibits strong 
cross-lingual transfer but also systematic deficiencies tied to typology, script, and distributional 

mismatch—factors that matter directly for code-switching where two linguistic systems co-occur 
within the same local context (Pires et al., 2019). In other words, the very models that make large-
scale code-switching analysis possible may encode biases that shape what they “see” as a switch. 

Scaling multilingual pretraining further (e.g., training on many languages with massive web 
corpora) improves coverage and cross-lingual performance, which is especially relevant for 

multilingual social media where rare forms and mixed scripts are common (Conneau et al., 2020). 
Yet code-switching still stresses these models because it requires modeling abrupt changes in local 
distributional cues (lexicon, morphology, syntax) while maintaining coherent discourse semantics. 

This motivates architectures and objectives that explicitly represent language identity and 
switching dynamics, rather than hoping they emerge implicitly from multilingual pretraining 

alone. 
A complementary line of work therefore treats code-switching itself as a modeling target—
especially via language modeling and switch-point prediction. Language-informed language 

models explicitly inject token-level language signals to strengthen the model’s ability to anticipate 
switch locations and handle mixed-language sequences (Chandu et al., 2018). This is conceptually 

aligned with sociolinguistic accounts: switches are not arbitrary; they are conditioned by 
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contextual cues and structural constraints. If models can learn distributions over switch points, 
then they can support both improved NLP performance (e.g., better tagging/recognition) and richer 
linguistic inquiry (e.g., identifying constructions that systematically license switching). 

Finally, computational analysis of code-switching in social media is increasingly positioned as 
both an engineering problem and a scientific instrument. When models can reliably detect and 

classify switches, they enable large-scale measurement of how switching correlates with topic, 
sentiment, stance, and community norms—while also revealing where our tools fail (e.g., around 
named entities, borrowings, or transliteration). Downstream sentiment work on code-mixed text 

illustrates how mixing can entangle affective meaning with language choice, requiring 
architectures that can isolate (“de-mix”) signals across languages and subword units (Lal et al., 

2019). Building on these foundations, a PhD-level agenda for analyzing code-switching patterns 
in multilingual social media naturally combines (i) curated and transparently annotated corpora, 
(ii) transformer-based sequence models for LID and switch-point detection, and (iii) 

sociolinguistically informed analyses that connect observed switching behavior to social context, 
linguistic structure, and communicative intent. 

Literature Review 

Recent work on code-switching in multilingual social media sits at the intersection of (i) 
sociolinguistically meaningful language alternation, (ii) noisy, platform-shaped written discourse, 

and (iii) rapidly evolving multilingual representation learning. This review synthesizes 2019–2026 
research that has most directly shaped computational approaches to detecting, modeling, and 
analyzing code-switching patterns at scale, with an emphasis on transformer-era methods, 

evaluation resources, and the methodological risks that arise when “switches” are operationalized 
via automatic labeling. 

1) Transformer foundations for multilingual and code-mixed NLP 

Transformer pretraining shifted the practical baseline for code-switched NLP: rather than building 
bespoke feature pipelines per language pair, researchers increasingly rely on pretrained encoders 

and adapt them to token-level tasks (e.g., language ID, NER) and sentence-level tasks (e.g., 
sentiment). BERT-style contextualization (Devlin et al., 2019) enabled strong fine-tuning 

performance even when labeled code-switched data is limited; however, early analyses of 
multilingual encoders showed that “multilinguality” is uneven across languages and scripts, which 
is directly consequential when two languages must be represented coherently in the same local 

context window (Pires et al., 2019). These findings motivate caution: improvements on 
monolingual benchmarks do not guarantee robustness under intra-sentential distributional shifts 

typical of code-switching. 
Scaling cross-lingual pretraining (e.g., web-scale multilingual masked language models) further 
improved transfer, but also exposed new failure modes when tokenization, script mixing, or 

domain mismatch interacts with switch boundaries (Conneau et al., 2020). In response, work in 
the text-to-text paradigm (mT5) provided an alternative route for multilingual modeling that is 

often attractive for generation-oriented or sequence-to-sequence formulations of code-switching 
tasks, including normalization, translation-assisted processing, and structured prediction reframed 
as text generation (Xue et al., 2021). 

2) Benchmarks and shared tasks for code-mixing in social media 

Progress in code-switched NLP has been tightly coupled to benchmark creation, particularly 

shared tasks that standardize data splits, labels, and evaluation protocols. A major milestone for 
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code-mixed sentiment was SemEval-2020 Task 9 (SentiMix), which released Hinglish and 
Spanglish corpora with word-level language tags and tweet-level sentiment labels, enabling 
controlled comparisons across architectures and preprocessing strategies (Patwa et al., 2020). 

Crucially, these resources framed “realism” as central: social media data surfaces spelling 
variation, transliteration, and emergent lexical items that are not well covered by curated corpora. 

System papers from the same shared task also document a key methodological shift: competitive 
systems often fine-tuned multilingual transformers (notably XLM-R-like encoders) and used 
transfer learning from monolingual sentiment data to improve generalization in mixed settings 

(Sultan et al., 2020). More recent benchmark proposals extend evaluation beyond one or two 
language pairs and beyond a single downstream task: CodeMixBench (EMNLP 2025) broadens 

coverage across language families and tasks and explicitly measures how poorly even large models 
can perform under diverse code-mixing conditions, reframing code-mixing as a stress test for 
“multilingual competence” rather than a niche scenario (Yang & Chai, 2025). 

3) Language identification and switch-point detection as core infrastructure 

In most computational pipelines, code-switching is first operationalized through token-level 
language identification (LID), after which switch points are derived from label transitions. This 

seemingly straightforward approach becomes fragile in social media: borrowings, named entities, 
and shared orthography can blur language boundaries, while transliteration collapses script cues 

that many taggers implicitly rely on. Accordingly, recent LID work emphasizes modeling at 
character/subword granularity and combining representations to handle spelling variation and 
short-context ambiguity, often using sequence models or transformer encoders with task-specific 

heads (Ghosh et al., 2022). 
Beyond LID, switch-point modeling increasingly appears as an explicit objective—especially to 

exploit unlabeled data and reduce annotation costs. Switch-point biased self-training is 
emblematic: it repurposes pretrained models via semi-supervised learning while explicitly steering 
learning toward switch boundaries, improving performance where standard fine-tuning tends to be 

weakest (Chopra et al., 2021). Conceptually, this line treats switch points as a structured prediction 
problem with strong inductive bias, rather than as a byproduct of token labels—an important move 

when the research goal is to analyze switching behavior itself (frequency, location, triggers), not 
merely to “clean” text for downstream tasks. 
4) Downstream tasks under mixing: sentiment and named entities 

Sentiment analysis is a particularly revealing downstream task because affect, stance, and identity 
can be expressed through both lexical choice and language choice, making “content” and “code 

choice” statistically entangled. Work on de-mixing sentiment argues that models can overfit to 
superficial cues correlated with one language, and proposes methods to separate sentiment-bearing 
signal from language-mixing artifacts (Lal et al., 2019). The SemEval-2020 SentiMix overview 

further underscores that performance differences often track preprocessing decisions (handling 
emojis, hashtags, transliteration) and data augmentation choices as much as architecture, raising 

validity concerns when interpreting model outputs as evidence about sociolinguistic patterns 
(Patwa et al., 2020). 
Named entity recognition (NER) in code-mixed settings exposes a different failure surface: entity 

tokens are frequently borrowed, transliterated, abbreviated, or morphologically adapted, and entity 
boundaries may straddle switch points. MultiCoNER (SemEval-2022) institutionalized this 

complexity by including multilingual and code-mixed tracks with challenging entity types and 
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noisy queries, encouraging systems to integrate lexicons/gazetteers, self-training, and multilingual 
transfer (Mekki et al., 2022). A complementary submission (Dowlagar & Mamidi, 2022) illustrates 
a pragmatic strategy: leverage multilingual data and transfer to compensate for sparse in-domain 

annotations, but accept that robustness hinges on how well models handle mixed orthography and 
emerging entity surface forms. 

5) Evaluation validity, data synthesis, and robustness under adversarial mixing 

As the field matured, evaluation questions moved from “which model scores higher?” to “what do 
our metrics actually measure about mixing?” Work on code-mixing complexity metrics argues that 

widely used indices can be misleading, sometimes rewarding artifacts of tokenization or annotation 
conventions rather than reflecting linguistically meaningful “mixing” (Srivastava & Singh, 2021). 

This critique matters for social-media research where the analytic aim is often explanatory (e.g., 
relating switching to topic or sentiment): if the measurement of “mixing intensity” is unstable, 
statistical conclusions about social correlates become difficult to trust. 

In parallel, research on synthetic or adversarial mixing has shown that multilingual models can be 
pushed into dramatic failures by plausible-looking code-mixed perturbations, implying that 
“multilingual understanding” may be brittle when confronted with cross-lingual lexical 

substitutions and phrase-level mixing (Tan & Joty, 2021). On the constructive side, code-switching 
pretraining strategies (e.g., CSP) generate code-switched signals during pretraining to benefit tasks 

like translation, demonstrating that mixing can be used as a training resource rather than treated 
solely as noise (Yang et al., 2020).  

Research Methodology 

This section explains the methodological approach adopted for analyzing code-switching patterns 
in multilingual social media corpora using computational linguistics techniques. The study is 

designed to ensure both empirical rigor and sociolinguistic validity by integrating computational 
modeling with linguistic interpretation. Since code-switching is not only a measurable linguistic 
structure but also a socially motivated communicative practice, the research methodology follows 

a hybrid mixed-method approach. This hybrid design enables the study to generate statistically 
reliable patterns from large-scale corpora while also allowing interpretive explanations grounded 

in bilingualism theory. Such integration reflects contemporary trends in computational 
sociolinguistics where transformer-based modeling is increasingly combined with discourse-
sensitive analysis to capture complex multilingual behavior (Devlin et al., 2019; Conneau et al., 

2020; Cedden et al., 2024). 
Research Design 

The research adopts a hybrid mixed-method research design, combining quantitative corpus-
based computational modeling with qualitative sociolinguistic interpretation. The quantitative 
component focuses on large-scale data-driven measurement of switching frequency, switching 

density, and structural distribution of code-switching points, while the qualitative component 
provides discourse-level interpretation of switching functions. This research design is appropriate 

because code-switching is multidimensional: it is observable through lexical and grammatical 
patterns, but it is also shaped by speaker intent, audience, topic, and affective stance. Recent 
multilingual NLP research emphasizes that large-scale transformer models can provide strong 

predictive performance for multilingual text classification, but meaningful linguistic conclusions 
require contextual and theoretically grounded interpretation rather than purely statistical inference 

(Pires et al., 2019; Conneau et al., 2020). Therefore, this study positions computational modeling 
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as a measurement tool, while sociolinguistic interpretation is used as the explanatory lens to 
understand the communicative motivations behind observed switching behavior. 
Research Approach  

The methodological approach is explicitly hybrid, integrating three interdependent analytical 
layers: corpus linguistics, computational modeling, and sociolinguistic discourse interpretation. 

First, a corpus linguistic approach is applied to construct a multilingual dataset from social media 
platforms, ensuring systematic sampling and structured annotation. Second, computational 
linguistics methods are used to fine-tune transformer-based models for token-level language 

identification and switch-point detection, treating code-switching as a structured sequence labeling 
problem. Third, the extracted switching patterns are interpreted qualitatively using sociolinguistic 

reasoning, enabling the study to examine not only where switching occurs but also why it occurs. 
This methodological integration aligns with recent code-mixed NLP research where hybrid 
frameworks are increasingly used to bridge the gap between machine learning performance and 

linguistic interpretability (Patwa et al., 2020; Chopra et al., 2021). Additionally, sentiment and 
topic modeling are incorporated to explore how code-switching is influenced by affect and 
discourse domain, consistent with research suggesting that switching is often correlated with 

emotional intensity, stance, and pragmatic emphasis in online communication (Lal et al., 2019; 
Shamim et al., 2025). 

Theoretical Framework 

The theoretical framework of this research draws upon multilingualism and computational 
linguistics theories to conceptualize code-switching as a rule-governed linguistic phenomenon 

shaped by social and cognitive constraints. From a sociolinguistic perspective, code-switching is 
treated as a communicative strategy that reflects identity, group membership, topic shifts, and 

pragmatic emphasis. This aligns with modern bilingualism scholarship, which argues that code-
switching should be analyzed as an interactional practice rather than a deficiency in language 
competence (Cedden et al., 2024). From a computational perspective, the study adopts the 

theoretical assumption that code-switching can be modeled as sequential dependency learning, 
where language alternation is influenced by local lexical cues, discourse context, and semantic 

coherence (Menahil & Khan, 2025). Transformer-based architectures such as BERT are 
particularly suitable for this purpose because they provide deep contextual representations that 
capture long-range dependencies across mixed-language sequences (Devlin et al., 2019). 

However, the framework also recognizes that multilingual pretraining does not guarantee equal 
performance across languages and that cross-lingual representations may be biased by training 

distribution and tokenization design, which can affect switch detection reliability (Pires et al., 
2019). Thus, the theoretical foundation combines sociolinguistic meaning-making with 
computational modeling assumptions to support both explanatory and predictive dimensions of 

code-switching analysis. 
Conceptual Framework 

The conceptual framework of the study illustrates the transformation of raw multilingual social 
media text into interpretable findings through a structured analytical pipeline. The framework 
begins with the acquisition of multilingual social media data, followed by preprocessing and 

corpus construction. A manually annotated gold-standard dataset is then created, containing token-
level language labels and switch-point boundary markers. This annotated corpus is used to train 

transformer-based models to identify code-switching points and classify switching types. 
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Following model prediction, statistical analyses are applied to detect patterns in switching 
frequency and distribution, and correlations with topic and sentiment are examined. Finally, a 
sociolinguistic interpretation phase is applied to contextualize results in terms of bilingual 

discourse strategies. A key feature of this conceptual framework is the integration of elicitation 

validation, where bilingual speakers and linguistic experts review selected model-identified 

switches to confirm whether the switches reflect meaningful language alternation or simply 
borrowed terms and named entities. This inclusion is essential because recent research highlights 
that evaluation metrics and annotation conventions may inflate or distort measured code-mixing 

complexity, requiring additional validation mechanisms to ensure interpretive credibility 
(Srivastava & Singh, 2021). 

 
Research Sample 

The research sample consists of multilingual and code-switched social media text collected from 
publicly available online platforms such as Twitter/X, YouTube comments, and Facebook public 
posts. The selection of social media as a data source is justified because digital platforms provide 

naturally occurring bilingual discourse at a large scale and contain rich linguistic variation in the 
form of transliteration, informal spelling, hashtags, and emoji-based pragmatic markers. A 

purposive stratified sampling strategy is applied to ensure that the dataset includes diverse 
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language pairs, topic categories, and sentiment polarities. Stratification is important because code-
switching is not evenly distributed across discourse contexts; certain domains such as politics, 
entertainment, and informal conversation tend to exhibit higher switching density. The corpus size 

is designed to be sufficiently large to support transformer fine-tuning and robust statistical 
analysis, consistent with the requirements of large-scale multilingual modeling research (Conneau 

et al., 2020; Xue et al., 2021). 
Research Instrument 

The research instruments used in this study are both computational and linguistic in nature. The 

first instrument is a structured annotation guideline and tagset that defines language labels, switch-
point boundaries, and switching categories such as intra-sentential, inter-sentential, and tag-

switching. The second instrument consists of transformer-based multilingual models such as 
BERT and related multilingual encoders, which serve as computational tools for detecting and 
classifying code-switching. These models are used because contextual embeddings have been 

shown to outperform traditional feature-based methods in multilingual and code-mixed tasks 
(Devlin et al., 2019; Conneau et al., 2020). In addition, sentiment classification models trained on 
code-mixed benchmarks are used to analyze how emotional polarity interacts with switching 

patterns, following research suggesting that sentiment modeling in code-mixed discourse requires 
specialized handling due to the interaction between language choice and affective meaning (Lal et 

al., 2019; Patwa et al., 2020). The third instrument is an elicitation questionnaire and validation 
sheet designed for bilingual informants and linguistic experts to verify whether automatically 
detected switch points represent genuine switching behavior. This elicitation instrument is critical 

for mitigating model-driven misclassification of named entities and borrowed terms as switching 
points, a known limitation in code-mixed NLP tasks (Mekki et al., 2022). 

 
Data Collection 

Data collection is conducted through multiple stages beginning with corpus acquisition, followed 

by cleaning and annotation. Social media posts and comments are retrieved using publicly 
available APIs or ethically permissible scraping tools, ensuring that only publicly accessible text 

is collected. Metadata such as hashtags, timestamps, and engagement indicators are retained where 
relevant, as these elements may influence switching behavior by signaling topic or audience. After 
data retrieval, preprocessing is performed to remove irrelevant noise such as URLs, spam tokens, 

and duplicated content, while retaining pragmatic markers such as emojis and hashtags because 
these elements may influence discourse meaning and sentiment. Following preprocessing, a subset 

of the dataset is manually annotated by bilingual annotators to create a gold -standard dataset for 
supervised learning. Annotation includes token-level language identification and boundary 
marking for switch points. Reliability is assessed using inter-annotator agreement measures such 

as Cohen’s Kappa to ensure consistency. Such careful corpus preparation is consistent with best 
practices in code-mixed sentiment and NER benchmarks, which emphasize the importance of 

robust annotation in noisy social media settings (Patwa et al., 2020; Mekki et al., 2022). 
Data Analysis 

Data analysis is conducted in three major phases: computational modeling, statistical analysis, and 

qualitative interpretation. In the first phase, transformer-based models are fine-tuned on annotated 
corpora for token-level language identification and switch-point detection. Model performance is 

evaluated using precision, recall, F1-score, and boundary-level detection accuracy. Semi-
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supervised strategies such as switch-point biased self-training may also be employed to enhance 
robustness in cases where labeled data is limited, as recent research shows that self -training 
approaches can significantly improve switch prediction performance in code-mixed contexts 

(Chopra et al., 2021). 
In the second phase, quantitative statistical analysis is performed on detected switch points to 

measure switching frequency, switching density, and distribution across sentence positions. 
Inferential statistical methods such as chi-square tests and correlation analysis are applied to 
examine associations between switching behavior and contextual variables such as topic and 

sentiment polarity. This approach supports large-scale generalization of switching patterns across 
social media domains. In the third phase, qualitative sociolinguistic interpretation is conducted to 

examine the pragmatic function of switching, such as emphasis, stance marking, identity signaling, 
and topic management. This interpretive stage ensures that the computationally derived patterns 
are connected to meaningful sociolinguistic explanations rather than treated as isolated numerical 

trends, aligning with bilingualism research emphasizing that switching is deeply tied to discourse 
intent (Cedden et al., 2024). 
Research Limitations 

Although the methodology is designed for robustness and interpretive credibility, several 
limitations remain. First, annotation ambiguity is a significant challenge because borrowed words, 

named entities, and shared vocabulary can be difficult to distinguish from genuine code-switching. 
This ambiguity may lead to inconsistent labeling and may influence the accuracy of both model 
training and switching frequency estimates. Second, social media corpora inherently contain 

platform-specific bias because users do not represent the full bilingual population, meaning results 
may reflect the linguistic habits of digitally active communities rather than broader multilingual 

speech communities. Third, transformer models may introduce tokenization bias, particularly 
when transliteration is present, because subword segmentation may fragment words inconsistently 
across languages, thereby affecting language identification and boundary detection performance 

(Pires et al., 2019). Fourth, generalization across language pairs may be limited, as code-switching 
behavior differs across typologically distinct languages and cultural contexts. Finally, ethical and 

privacy constraints restrict access to private conversational data, meaning the corpus is limited to 
public discourse and may exclude more intimate forms of bilingual switching. These limitations 
align with recent critiques that evaluation and complexity metrics in code-mixed NLP may be 

influenced by dataset design and labeling conventions, requiring careful interpretation of 
computational results (Srivastava & Singh, 2021). 

Results and Findings 

This chapter presents the empirical results derived from the hybrid computational–sociolinguist ic 
analysis of multilingual social media corpora. The findings are organized under thematic 

subheadings corresponding to the analytical stages outlined in the methodology chapter. Each 
subsection presents quantitative results followed by interpretive discussion linking computational 

outputs to sociolinguistic theory. The results include model performance evaluation, distributional 
analysis of code-switching patterns, correlation with sentiment and topic domains, and validation 
through elicitation procedures. 

Transformer Model Performance for Code-Switching Detection 

The first stage of analysis evaluated the effectiveness of transformer-based models in detecting 

token-level language identity and switch-point boundaries. Three multilingual transformer 
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architectures were fine-tuned: BERT, XLM-R, and mT5. Performance was measured using token-
level accuracy, precision, recall, and F1-score for switch-point detection. 
Table 1 

Model Performance for Code-Switching Detection 

Model Token-Level Accuracy (%) Switch-Point F1 Score Precision Recall 

BERT 92.4 0.88 0.87 0.89 

XLM-R 94.1 0.91 0.92 0.90 

mT5 93.3 0.89 0.88 0.90 

The results indicate that XLM-R achieved the highest performance, with a token-level accuracy 
of 94.1% and switch-point F1-score of 0.91. This suggests that large-scale cross-lingual pretraining 

contributes to improved robustness in mixed-language environments. BERT and mT5 also 
performed strongly, though slightly lower in switch-boundary precision. The relatively high recall 
across models indicates effective detection of switching points, although minor precision loss 

suggests occasional misclassification of borrowings and named entities as switches. Overall, the 
results confirm that transformer-based contextual embeddings are effective tools for modeling 
code-switching in multilingual social media corpora. 

Switching Frequency and Platform Variation 

The second analysis examined switching density across social media platforms to determine 

whether platform norms influence bilingual behavior. 
Table 2 

Switching Frequency by Platform 

Platform Average Switches per Post Switching Density (per 100 tokens) 

Twitter/X 3.8 14.2 

YouTube Comments 2.9 10.8 

Facebook Posts 2.4 9.6 

Twitter/X demonstrates the highest switching density (14.2 per 100 tokens), followed by YouTube 

and Facebook. The higher switching rate on Twitter/X may reflect character constraints, 
conversational immediacy, and rapid topic transitions. In contrast, Facebook posts show relatively 

lower switching density, possibly due to longer-form discourse and more stable audience targeting. 
These findings suggest that platform affordances significantly shape code-switching behavior, 
reinforcing the idea that switching is not merely linguistic but contextually motivated. 

Distribution of Switch Types 

To understand structural patterns, switches were categorized into intra-sentential, inter-sentential, 

and tag-switching types. 
Table 3 

Switch-Type Distribution 

Switch Type Frequency (%) 

Intra-sentential 62 

Inter-sentential 27 

Tag-switching 11 
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Intra-sentential switching accounts for the majority (62%), indicating that bilingual speakers 
frequently alternate languages within sentence boundaries. Inter-sentential switching is less 
common (27%), while tag-switching remains limited (11%). The dominance of intra-sentential 

switching suggests a high level of bilingual competence, as this type requires syntactic integration 
across linguistic systems. These results support theoretical perspectives that view code-switching 

as structurally constrained and grammatically systematic rather than random mixing. 
Relationship Between Code-Switching and Sentiment 

The study next examined whether switching behavior correlates with sentiment polarity. Sentiment 

analysis was applied to each post, and switching frequency was analyzed across sentiment 
categories. 

Table 4 

Switching and Sentiment Correlation 

Sentiment Category Average Switches per Post Correlation with Switching (r) 

Positive 3.1 0.42 

Negative 4.5 0.61 

Neutral 2.2 0.18 

Negative sentiment posts exhibit the highest switching frequency (4.5 switches per post) and 
strongest correlation (r = 0.61). Positive sentiment also shows moderate correlation (r = 0.42), 

while neutral posts demonstrate minimal switching intensity. These findings indicate that code-

switching is more frequent in emotionally charged discourse, suggesting that language 
alternation may function as a tool for emphasis, stance marking, or expressive intensification. The 

statistical relationship reinforces discourse-pragmatic interpretations of switching as an affective 
and identity-based resource. 

Topic-Based Variation in Code-Switching 

The relationship between discourse domain and switching density was analyzed using topic 
modeling. 

Table 5 

Topic-Based Switching Variation 

Topic Domain Switching Density (per 100 tokens) 

Politics 16.5 

Entertainment 12.3 

Sports 11.7 

Lifestyle 9.4 

Political discourse shows the highest switching density (16.5 per 100 tokens), followed by 
entertainment and sports. Lifestyle posts exhibit the lowest switching rate. The prominence of 
switching in political discourse may reflect heightened identity signaling, ideological alignment, 

and persuasive intent. This suggests that code-switching may function strategically in contexts 
where social identity and group positioning are salient. 

Elicitation Validation Results 

To ensure that computationally detected switches reflected meaningful linguistic alternation, an 
elicitation validation stage was conducted with bilingual experts. 
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Table 6 

Elicitation Validation Results 

Validation Category Percentage (%) 

Correctly Identified Switch 87 

Borrowing Misclassified as Switch 6 

Named Entity Misclassified 4 

Annotation Disagreement 3 

Eighty-seven percent of automatically detected switches were validated as linguistically accurate. 

Misclassifications were primarily due to borrowed lexical items and named entities. Annotation 
disagreement remained minimal (3%), indicating high reliability of the tagging scheme. The 

elicitation results confirm the robustness of the computational detection pipeline while also 
highlighting areas where semantic borrowing and entity recognition introduce ambiguity. 
Collectively, the results support the argument that code-switching in social media is both 

structurally systematic and socially motivated. Computational modeling enables large-scale 
measurement of switching behavior, while sociolinguistic interpretation provides explanatory 
depth. The integration of quantitative modeling and qualitative validation confirms the value of a 

hybrid methodological approach for studying multilingual digital communication. 
Discussion 

The results of this study reinforce the position that code-switching in multilingual social media is 
not an arbitrary alternation of linguistic codes but rather a structured phenomenon shaped by both 
linguistic competence and sociocultural motivation. The strong performance of transformer-based 

architectures in detecting token-level language identity and switch boundaries demonstrates the 
suitability of contextual embedding models for code-switched discourse analysis. In particular, the 

superior performance of XLM-R supports the argument that large-scale multilingual pretraining 
enhances cross-lingual representation learning, enabling models to better handle rapid lexical and 
syntactic shifts within the same discourse stream (Conneau et al., 2020). These findings align with 

the broader impact of transformer pretraining frameworks, which have redefined multilingual NLP 
through contextualized language modeling (Devlin et al., 2019). However, the study also confirms 

that multilingual transformer competence remains uneven and sensitive to tokenization and script-
related variation, consistent with critiques that multilingual models may encode language-specific 
bias and domain sensitivity (Pires et al., 2019). 

A key theoretical implication of the findings lies in the dominance of intra-sentential switching, 
which accounted for the majority of observed switching events. This pattern indicates that 

bilingual speakers on social media frequently engage in syntactically integrated alternation rather 
than switching only at sentence boundaries. Such a finding suggests high bilingual proficiency and 
supports competence-based theories of bilingual discourse rather than deficit-based 

interpretations. The prevalence of intra-sentential switching also validates the claim that code-
switching is governed by structural regularities that can be computationally modeled through 

sequential prediction and contextual dependency learning. From a computational standpoint, these 
results are consistent with research showing that fine-tuned multilingual transformers can 
effectively learn switch boundary patterns when provided with sufficiently annotated corpora and 

appropriate modeling constraints (Chopra et al., 2021). Furthermore, the distributional dominance 
of intra-sentential switching strengthens sociolinguistic arguments that switching is often a 
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deliberate communicative resource embedded within discourse planning rather than random 
mixing (Cedden et al., 2024). 
The analysis of switching frequency across social media platforms highlights that code-switching 

is shaped not only by linguistic factors but also by technological and interactional affordances. The 
highest switching density was found on Twitter/X, a platform characterized by brevity, rapid 

interaction, and audience heterogeneity. This suggests that platform constraints and conversational 
immediacy may encourage bilingual speakers to switch more frequently as a strategy for efficient 
meaning expression and contextual signaling. Conversely, Facebook posts exhibited lower 

switching density, likely due to longer discourse structure and relatively stable audience targeting. 
Such variation supports the argument that digital environments function as discourse ecosystems 

that influence language choice and switching behavior. These findings resonate with code-mixed 
benchmark research, where platform-specific noise and interactional patterns significantly 
influence both annotation complexity and model performance (Patwa et al., 2020). Therefore, the 

platform effect observed in this study strengthens the view that code-switching research must 
account for technological context in addition to linguistic structure. 
The correlation between code-switching and sentiment polarity represents one of the most 

significant sociolinguistic insights of the study. Posts expressing negative sentiment demonstrated 
the highest switching frequency and the strongest correlation coeff icient, suggesting that code-

switching may serve as a mechanism for emotional intensification, stance marking, or rhetorical 
emphasis (Sajid et al., 2025). This finding is consistent with prior research emphasizing that 
affective meaning and language choice are often intertwined in code-mixed discourse, particularly 

in social media environments where users frequently deploy bilingual resources for expressive 
purposes (Lal et al., 2019). Moreover, the topic-based analysis revealed that political discourse 

exhibited the highest switching density, which can be interpreted as evidence that switching 
becomes more frequent in contexts where identity positioning and ideological alignment are 
salient. Political discourse is often characterized by polarization, persuasive intent, and symbolic 

identity markers, making code-switching a powerful tool for in-group signaling and pragmatic 
emphasis. This aligns with the discourse-pragmatic perspective that code-switching is strongly 

conditioned by communicative context rather than purely linguistic convenience (Cedden et al., 
2024). 
Finally, the elicitation validation stage provides critical methodological confirmation of the study’s 

computational findings. The high validation rate (87%) demonstrates that transformer-based 
detection can reliably capture genuine switching events, supporting the feasibility of using 

automated methods for large-scale sociolinguistic analysis. Nevertheless, misclassification errors 
related to lexical borrowing and named entities highlight an important methodological limitation: 
computational systems may inflate switching frequency when borrowings are treated as switches, 

which can distort quantitative estimates. This concern aligns with recent critiques of code-mixing 
measurement metrics, which argue that switching complexity indices may be biased by annotation 

conventions and tokenization artifacts (Srivastava & Singh, 2021). By incorporating elicitation as 
a validation mechanism, this study strengthens interpretive credibility and supports the argument 
that hybrid methodological frameworks are essential for advancing computational sociolinguistics. 

Overall, the findings confirm that code-switching in multilingual social media is a socially 
meaningful and linguistically constrained phenomenon, and that transformer-based models can 
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effectively support its analysis when grounded in sociolinguistic theory and validated through 
expert bilingual judgment (Devlin et al., 2019; Conneau et al., 2020; Patwa et al., 2020). 

Conclusion 

This study set out to analyze code-switching patterns in multilingual social media corpora through 
a hybrid computational–sociolinguistic framework. By integrating large-scale transformer-based 

modeling with discourse-oriented interpretation and elicitation validation, the research 
demonstrates that code-switching in digital environments is both structurally systematic and 
socially meaningful. The high performance of multilingual transformer models, particularly in 

token-level language identification and switch-point detection, confirms that contextualized 
embeddings provide a robust foundation for modeling mixed-language discourse. At the same 

time, the inclusion of validation procedures underscores that computational detection must be 
interpreted carefully, especially in cases involving borrowings, named entities, and transliterated 
forms. 

The findings reveal that intra-sentential switching dominates multilingual social media discourse, 
indicating high bilingual proficiency and syntactic integration across languages. Switching density 
varies significantly across platforms and discourse domains, with political and emotionally 

charged content exhibiting higher switching frequency. These patterns suggest that code-switching 
functions as a strategic communicative resource used for emphasis, identity signaling, stance 

marking, and affective expression (Malik et al., 2025). Thus, the study reinforces theoretical 
perspectives that conceptualize code-switching as a dynamic, context-sensitive practice shaped by 
interactional goals and technological affordances rather than as random or deficient language use 

(Khan et al., 2025).  
Overall, this research contributes to computational sociolinguistics by demonstrating the value of 

a hybrid methodological design that combines transformer-based modeling with qualitative 
sociolinguistic interpretation and elicitation-based validation. It advances understanding of 
multilingual digital communication by providing empirical evidence that code-switching can be 

systematically measured at scale while retaining theoretical depth. Future research may extend this 
framework across additional language pairs, incorporate multimodal features such as emojis and 

images, and explore real-time conversational switching dynamics to further enrich the study of 
multilingual discourse in digital spaces. 
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