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 Background: Indonesian–English digital talk increasingly exposes the 
limits of language technologies that assume stable monolingual input, 
because switch-points often carry stance, affect, technical meaning, platform 
practice, and identity across compact social media utterances. Objective: 
This study examines how Indonesian–English code-switching can be 
modeled as a computational problem without reducing mixed-language 
digital utterances to noise, error, or preprocessing residue. Method: Using a 
corpus-based qualitative-computational design, this study analyzes 15 coded 
public digital text records through token-level language identification, 
switch-point mapping, normalization–translation alignment, and pragmatic-
computational risk coding. Results: Code-switching appears as structured 
multilingual practice, with English segments functioning as evaluative 
phrases, technical labels, platform commands, fandom markers, and 
discourse-sequence devices within Indonesian frames. Normalization and 
translation are shown to be interpretive operations, because full correction or 
translation may flatten sentiment scope, register, and locally meaningful 
hybrid forms. Monolingual processing risks forced single-language labeling, 
technical mistranslation, discourse-sequence loss, and representational 
distortion for multilingual users. Implication: These findings reposition 
computational adequacy as a question of meaning preservation, not merely 
model accuracy or benchmark coverage in a low-resource Indonesian digital 
context for language technologies. Novelty: This study offers an integrated 
framework that links linguistic switching structure, preprocessing risk, and 
accountable multilingual NLP representation. 
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1. INTRODUCTION 

Indonesia’s digital public sphere has become a dense multilingual environment in which Indonesian, 
English, regional languages, platform slang, emojis, abbreviations, and algorithmic templates circulate within 
the same communicative space. This condition is not marginal: APJII reported 221,563,479 internet users in 
Indonesia in 2024, equal to 79.5% of population, while DataReportal [1] recorded 143 million social media 
user identities in Indonesia in January 2025. These figures make Indonesian digital talk an empirically 
consequential site for studying how language technologies process everyday bilingual expression. Yet 
computational systems often still presume that input belongs to one stable language, even when users 
routinely cross lexical, syntactic, and pragmatic boundaries. Indonesian–English code-switching is therefore 
crucial not because it is linguistically unusual, but because it exposes a mismatch between lived multilingual 
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communication and monolingual NLP design. This mismatch becomes visible in tokenization, language 
identification, normalization, sentiment analysis, and output alignment. 

Existing scholarship has established important foundations for computational Indonesian language 
processing. Santoso (2026) [2] addresses named entity recognition through BiLSTM-CRF and domain-
specific embeddings, Novitasari (2026) [3] examines transformer-based sentiment analysis in Indonesian 
political discourse, Wahid (2026) [4] develops corpus-based lexical analysis for Indonesian academic 
writing, and Yuliyana (2026) [5] evaluates readability through hybrid NLP approaches. More directly, 
Nugroho (2026) [6] investigates Indonesian–English code-mixing detection through machine learning and 
linguistic features, while Barik et al.’s [7] Indonesian–English Twitter work introduced a pipeline involving 
tokenization, language identification, lexical normalization, and translation. Recent multilingual studies also 
show growing concern with low-resource Indonesian dialects, culturally grounded LLM evaluation, 
multilingual reasoning, and sociolinguistic bias [8], [9], [10], [11]. However, what remains underdeveloped is 
an integrated account of code-switching as both a sociolinguistic practice and a computational modeling 
problem. Much prior work detects mixed language; less explains what monolingual assumptions erase. 

This study addresses that gap by asking how Indonesian–English digital code-switching can be 
modeled without reducing multilingual talk to noise, error, or preprocessing residue. Specifically, this study 
examines three linked questions: how switch-points are structured across Indonesian–English digital 
utterances; how normalization and translation procedures preserve or flatten pragmatic meaning; and what 
computational risks emerge when mixed-language data are processed through monolingual or language-
dominant assumptions. These questions position code-switching not merely as an object of linguistic 
classification but as a stress test for NLP systems designed around stable language boundaries. This study 
therefore connects token-level language identification with discourse-pragmatic interpretation, asking 
whether computational models can recognize not only which language appears, but also what communicative 
work switching performs. In methodological terms, this study combines corpus metadata, text-level 
documentation, and coding categories for Result A, Result B, and Result C, aligning linguistic description 
with computational evaluation rather than treating them as separate tasks. 

This study advances a provisional argument that Indonesian–English code-switching should be 
modeled as structured multilingual practice rather than as deviation from standardized Indonesian or English. 
This argument follows recent critiques of multilingual AI evaluation showing that model performance cannot 
be understood only through benchmark accuracy, because cultural grounding, local-language safety, 
hallucination, and representational bias also shape system reliability [9], [12], [13], [11]. It also aligns with 
work on parameter-efficient adaptation for low-resource Indonesian languages, which suggests that language 
technologies must be adapted to sociolinguistic diversity rather than assuming that multilingual pretraining 
automatically solves local complexity [14]. The expected implication is conceptual and methodological: 
Indonesian–English digital talk requires models that preserve switch-points, ambiguity, pragmatic function, 
and user identity. Thus, this study tests whether computational treatment of code-switching can move beyond 
language detection toward accountable multilingual representation. 
 
2. LITERATURE REVIEW 
2.1. Code-switching 

Code-switching is commonly understood as alternation between two or more languages within a 
communicative event, yet recent scholarship treats it less as a mechanical shift between bounded codes than 
as a situated practice shaped by identity, audience, medium, and interactional purpose. Sociolinguistic studies 
distinguish code-switching from code-mixing, borrowing, and translanguaging, although these boundaries 
often blur in digital Indonesian–English discourse. Doğruöz et al. (2023) [15] and Rayo et al. (2024) [16] 
show that language alternation involves linguistic structure and social meaning, while Azzahra (2024) [17], 
Hanafiah (2022) [18], and Sahib et al. (2021) [19] demonstrate that Indonesian–English switching operates 
across public communication, elite interaction, and syntactic configuration. Thus, code-switching is not 
merely bilingual substitution but patterned multilingual action. 

Its main dimensions can be organized around structure, function, and medium. Structurally, studies 
identify inter-sentential switching, intra-sentential switching, tag switching, lexical insertion, hybrid 
morphology, and ambiguous mixed forms. Functionally, Indonesian research links switching to emphasis, 
intimacy, pedagogical mediation, professional identity, humor, prestige, and communicative efficiency [20], 
[21], [22], [23]. Digitally, platform affordances add hashtags, emojis, abbreviations, usernames, and 
algorithmic templates to conventional language alternation [24], [25], [26]. These indicators suggest that 
Indonesian–English code-switching requires analysis beyond sentence-level classification. 
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2.2. Computational modeling 
Computational modeling refers to procedures through which multilingual textual behavior is 

transformed into machine-readable representations, labels, predictions, or generated outputs. In code-
switching research, however, modeling varies from narrow detection to richer representational learning. 
Nugroho (2026) [6] foregrounds machine learning and linguistic features for Indonesian–English code-
mixing detection, while Hidayatullah et al. (2023) [27] emphasize corpus creation and language identification 
for Indonesian–Javanese–English tweets. Broader work questions whether multilingual models actually 
process switching effectively rather than merely absorbing multilingual vocabulary [28], [29]. This 
distinction is critical: detecting mixed tokens is not equivalent to modeling multilingual meaning. 

Computationally relevant indicators include tokenization stability, token-level language identification, 
switch-point recognition, lexical normalization, named entity preservation, sentiment drift, translation 
alignment, and robustness under noisy input. Santoso (2026) [2], Novitasari (2026) [3], Wahid (2026) [4], 
and Yuliyana (2026) [5] represent important progress in Indonesian NLP, but their tasks remain vulnerable 
when digital input contains mixed-language structures. Hidayatullah et al. (2025) [30] extend transformer 
modeling to Indonesian, Javanese, and English code-mixed text, while Rathnayake et al. (2022) [31], Mondal 
et al. (2022) [32], and Xie et al. (2025) [33] show that multilingual adaptation, controllable generation, and 
large-scale datasets are increasingly central. The unresolved issue is whether these models preserve 
pragmatic switching functions. 
 
2.3. Monolingual assumptions 

Monolingual assumptions describe a design logic in which language data are treated as belonging 
primarily to one stable linguistic system. Such assumptions persist in language identification, preprocessing, 
benchmark construction, sentiment classification, readability assessment, and LLM evaluation. For 
Indonesian digital communication, this logic is insufficient because English may appear as stance marker, 
technical register, affective intensifier, quotation, or identity cue rather than as a separate document language. 
Recent LLM studies sharpen this critique: Mohamed et al. (2025) [34], Sheth et al. (2025) [35], Winata et al. 
(2026) [36], and Oh et al. (2026) [37] suggest that code-switched understanding, reasoning, generation, and 
output alignment remain unresolved challenges. Monolingual processing therefore risks flattening 
communicative meaning. 

Indicators of monolingual bias include forced single-language labels, misread named entities, 
mistranslated hybrid expressions, sentiment reversal, loss of local cultural reference, and unequal 
performance for multilingual users. Indonesian AI scholarship extends this concern from technical accuracy 
to representation and accountability. Bouazzaoui (2026) [9] critiques translated benchmarks, Wulandari 
(2026) [10] examines multilingual reasoning across Indonesian languages, Nadiyah (2026) [12] addresses 
safety failure in local languages, Wibisono (2026) [13] analyzes cultural hallucination, Hadziqi (2026) [14] 
explores parameter-efficient adaptation, and Sumadi (2026) [11] foregrounds sociolinguistic bias. This study 
therefore positions Indonesian–English digital code-switching as a test case for accountable multilingual 
NLP, where linguistic structure, pragmatic function, and computational reliability must be modeled together. 
 
3. METHOD 

The unit of analysis in this study is a text record from Indonesian–English digital communication, 
treated as a materially bounded utterance rather than as evidence about individual users. Primary records are 
drawn from a public Indonesian–English code-mixed tweet corpus, while secondary and contextual materials 
document annotation logic, multilingual NLP constraints, and Indonesian AI evaluation debates. This focus is 
appropriate because code-switching in digital text becomes computationally observable through tokens, 
language labels, normalization choices, translation equivalents, and discourse context. Prior work on 
Indonesian code-mixed corpora, multilingual transfer, and code-switching technologies supports text-level 
and token-level analysis as analytically defensible units [27], [6], [28]. 
 

Table 1. Dataset composition 
Code Data Type Source Location / 

Scope Period Quantity Characteristics Status 

IEDT-
P 

Primary text 
records 

Indonesian-
English Code-
Mixed Tweet 
Dataset 

Indonesia-
centered 
digital talk 

Source date 
not 
provided; 
retrieved 
2026 

15 coded 
records 

Public text rows containing 
Indonesian–English 
alternation, token labels, 
normalization, and translation 
fields 

Included 

IEDT-
S 

Secondary 
methodological 
sources 

ACL / 
computational 
code-
switching 

International 
and 
Indonesian 
NLP 

2019–2026 3 sources 

Documents corpus design, 
code-mixing detection, 
multilingual modeling, and 
robustness framing 

Included 
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literature scholarship 

IEDT-
C 

Contextual 
dataset and AI 
evaluation 
sources 

Zenodo, 
Hugging Face, 
arXiv, user-
provided 
bibliography 

Indonesian 
multilingual 
and low-
resource 
NLP context 

2022–2026 2 sources 

Supports comparison with 
Indonesian–Javanese–English 
labeling, code-mixed 
robustness, and 
sociolinguistic bias debates 

Included 

 
This study uses a corpus-based qualitative-computational design. It does not test causal effects, infer 

user motivation, or generalize statistically to all Indonesian social media users. Instead, it examines how 
Indonesian–English switching becomes structured as data when processed through metadata registration, text 
extraction, token-level annotation, normalization, translation, and computational-risk coding. This design 
combines linguistic description with methodological auditing: linguistic analysis identifies switching patterns 
and pragmatic functions, whereas computational analysis evaluates where monolingual preprocessing may 
distort mixed-language meaning. Such a design follows recent code-switching scholarship that treats 
multilingual digital talk as structured interaction and recent NLP work that questions whether multilingual 
systems adequately represent code-switched input. 

Information sources were organized into three evidentiary layers. Primary data consist of public tweet 
records from an Indonesian–English code-mixed corpus. Secondary sources include methodological and 
computational studies on tokenization, language identification, normalization, translation, code-mixing 
detection, transformer-based modeling, and multilingual language-model evaluation. Contextual sources 
include Indonesian multilingual datasets and recent Indonesian AI studies on low-resource language 
modeling, culturally grounded evaluation, hallucination, safety, and sociolinguistic bias. This layered design 
prevents conflating corpus evidence with interpretive literature: primary records supply analysable text, 
secondary sources justify analytical procedures, and contextual sources clarify broader computational risks in 
Indonesian multilingual NLP. 

Data collection proceeded through source registration, eligibility screening, metadata extraction, text 
documentation, and deduplication. Each item received a unique document code, source role, title, retrieval 
date, source URL, inclusion basis, exclusion status, and deduplication key. Text records were stored with raw 
text, selected excerpt, token sequence, language-label sequence, normalization note, translation note, and 
contextual description. Visual and video fields were retained in corpus structure but marked not applicable 
because this dataset is text-based. Duplicate control was conducted by comparing document code, source 
URL, and text-based deduplication keys. This procedure preserves auditability while avoiding unsupported 
reconstruction of missing platform metadata. 

Data analysis was conducted in three connected stages. First, token-level language identification and 
switch-point mapping identified Indonesian, English, ambiguous, named-entity, punctuation, and other 
tokens, then located switching across lexical, phrasal, and clausal boundaries. Second, normalization and 
translation alignment audited whether informal spellings, abbreviations, product terms, named entities, 
affective markers, and English evaluative phrases were preserved or flattened. Third, pragmatic-
computational coding connected linguistic function to modeling risk, including language-label ambiguity, 
sentiment-scope error, entity confusion, mistranslation, and loss of discourse stance. Figure 2 presents this 
operational matrix as an analytic sequence rather than a causal model. 
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Figure 1. Operational matrix of analysis 
 
4. RESULTS 
4.1. Switch-point structure and language-label ambiguity 

Indonesian–English digital switching is distributed across multiple configurations rather than 
concentrated in a single bilingual pattern. The table shows that intra-sentential lexical insertion, evaluative 
phrase insertion, and inter-sentential switching each appear in two records, while other configurations occur 
once. This distribution matters because each configuration creates a different computational problem: lexical 
insertions test token-level language identification, inter-sentential switching tests clause segmentation, and 
platform or technical insertions test domain-sensitive normalization. The coded records also show that 
English tokens are not merely foreign insertions; they carry stance, product meaning, fandom identity, 
platform action, or technical specificity. This pattern aligns with computational code-switching research that 
treats mixed-language input as structured linguistic data rather than accidental noise. 
 

Table 2. Switching configurations, token-label composition, and pragmatic orientation 
Switching 
Configuration 

Operational 
Indicator Frequency Percentage ID 

Tokens 
EN 
Tokens 

Other / 
Ambiguous 
Tokens 

Dominant 
Pragmatic 
Orientation 

Representative 
Excerpt 

Data 
Code 

Intra-sentential 
lexical insertion 

English phrase 
embedded beside 
Indonesian 
lexical frame; 
Indonesian 
matrix with 
English fandom 
terms 

2 13.3 5 5 5 
Compressed 
evaluation; fandom 
affiliation 

“not habits.. 
tekanan”; “first 
luv ku di dunia 
fangirl” 

IEDT-
P-001; 
IEDT-
P-002 

Lexical insertion 
with commercial 
register 

English product 
terms inserted 
into Indonesian 
sales frame 

1 6.7 1 2 4 Selling; cataloguing 
“handcream ... 
photo set ... ada 
shopee jg” 

IEDT-
P-003 

Lexical 
alternation / 
orthographic 
variant 

Indonesian 
question frame 
with 
Indonesianized 
and English-like 
lexical variants 

1 6.7 4 1 2 Metalinguistic 
inquiry 

“Apa bedanya 
donut sama 
doughtnut?” 

IEDT-
P-004 

Service-script 
lexical insertion 

Indonesian 
institutional 
reply with 
English platform 
actions 

1 6.7 3 4 2 Customer assistance; 
directive 

“respon via DM 
... follow back” 

IEDT-
P-005 

English-
dominant mixed 
utterance 

English frame 
anchored by 
Indonesia-related 
named entities 

1 6.7 0 4 4 Review; stance-
taking 

“Penang Food 
Rocks! Even in 
Jakarta!” 

IEDT-
P-006 

Evaluative 
phrase insertion 

Indonesian 
matrix with 
English 
sentiment or 
assessment 
phrase 

2 13.3 11 6 3 Stance; affect; self-
assessment 

“enak not bad lah 
tapi haram”; “not 
so good juga sih” 

IEDT-
P-007; 
IEDT-
P-012 

Inter-sentential 
switch 

Indonesian 
narrative 
followed by 
English 
evaluation; 
English affective 
opening followed 
by Indonesian 
continuation 

2 13.3 4 12 6 
Judgment; stance 
intensification; 
emotion narration 

“it’s not a good 
example 
definitely”; “Its 
kinda weird while 
you chat” 

IEDT-
P-008; 
IEDT-
P-015 

Clause-initial 
English switch 

English 
correction 
followed by 
Indonesian 
explanation 

1 6.7 1 6 4 Disagreement; 
correction 

“No... not like 
that... kalau Anda 
sering hunting” 

IEDT-
P-009 

Technical-
register insertion 

Indonesian 
complaint frame 
with English 
technical terms 

1 6.7 4 5 2 Complaint; 
troubleshooting 

“speedtest ... 
server not found 
... inbound” 

IEDT-
P-010 

Formulaic 
English insertion 

Indonesian 
evaluation with 
English media-
sharing template 

1 6.7 4 6 2 Recommendation; 
affective sharing 

“trending di 
spotify ... Heres a 
song for you” 

IEDT-
P-011 

Discourse-
marker and 
lexical insertion 

Indonesian 
argument with 
English marker 
and content noun 

1 6.7 2 2 2 Advice; moral 
evaluation 

“Well tergantung 
... skill apa2” 

IEDT-
P-013 

Quotation plus Indonesian 1 6.7 7 3 2 Irony; rebuttal “Well at least IEDT-
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English stance 
shift 

quoted trigger 
followed by 
English rebuttal 

some generation 
can take jokes” 

P-014 

 

 
Figure 2. Token-label composition across Indonesian–English switching configurations 

The dominant observable pattern is the uneven interaction between language labels and 
communicative function. English-heavy configurations are clearest in inter-sentential switching, where 
English tokens reach 12 across two records, and in formulaic or clause-initial switching, where English 
phrases organize recommendation or disagreement. In contrast, evaluative phrase insertion contains more 
Indonesian tokens, yet its pragmatic force depends on English expressions such as “not bad” and “not so 
good.” The excerpt “enak not bad lah tapi haram” is especially diagnostic because Indonesian supplies moral-
affective framing while English supplies polarity. Similarly, “server not found” cannot be translated as 
ordinary English without losing its technical function. These patterns show why document-level language 
labels would underdescribe the corpus. 

Code-switching here operates as a site where computational representation and sociolinguistic 
meaning intersect. The recurring presence of English in stance, technical, platform, and affective positions 
suggests that switch-points are not random disruptions in Indonesian text. They mark discourse functions that 
may be lost if preprocessing normalizes the record into one language. This supports recent critiques of 
multilingual modeling which argue that multilingual pretraining and code-switching comprehension are not 
equivalent capacities, especially when pragmatic meaning depends on mixed-language sequencing [28], [34], 
[35], [36]. This study therefore treats switch-point structure as a representational problem: models must 
preserve language alternation, ambiguity, and discourse function together. 
 
4.2. Normalization, translation alignment, and meaning preservation 

Indonesian–English digital records reveal that normalization and translation are not neutral 
preprocessing stages. Each alignment domain shows a different point at which computational handling may 
alter meaning: affective evaluation depends on polarity and stance, technical/platform terms depend on 
domain specificity, and commercial or fandom expressions depend on register retention. The highest-
frequency domains each contain three records, showing that meaning preservation is distributed across affect, 
platform practice, and identity-oriented lexical choice rather than confined to one type of switch. This pattern 
is consistent with computational code-switching work that treats language identification, normalization, and 
translation as connected tasks, not isolated modules [27], [6], [28]. 
 

Table 3. Normalization and translation alignment across Indonesian–English digital records 
Alignment 
Domain 

Operational 
Indicator Frequency Percentage Normalization 

Strain 
Translation 
Ambiguity 

Pragmatic 
Loss Risk 

Dominant 
Computational 

Representative 
Excerpt 

Data 
Code 
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Issue 

Affective 
evaluation 
alignment 

English 
evaluative 
phrase carries 
sentiment 
inside 
Indonesian 
moral or 
experiential 
frame 

3 20.0 2 3 3 

Polarity may be 
preserved 
lexically but 
misread 
pragmatically 

“enak not bad 
lah tapi haram”; 
“not so good 
juga sih”; “not a 
good example 
definitely” 

IEDT-
P-007; 
IEDT-
P-012; 
IEDT-
P-008 

Technical and 
platform term 
preservation 

English 
technical or 
platform terms 
function as 
task-specific 
commands or 
diagnostic 
labels 

3 20.0 1 2 2 

Literal 
translation may 
flatten platform 
or 
troubleshooting 
function 

“respon via 
DM”; “server 
not found”; 
“Heres a song 
for you” 

IEDT-
P-005; 
IEDT-
P-010; 
IEDT-
P-011 

Commercial 
and fandom 
lexical retention 

English nouns 
and fandom 
terms index 
product 
culture, 
affective 
belonging, or 
lifestyle 
register 

3 20.0 2 2 2 

Product, fandom, 
and identity 
markers may be 
over-normalized 

“first luv ku di 
dunia fangirl”; 
“handcream ... 
photo set”; 
“Penang Food 
Rocks!” 

IEDT-
P-002; 
IEDT-
P-003; 
IEDT-
P-006 

Orthographic 
and lexical 
variant handling 

Non-standard 
spelling, 
repeated 
punctuation, or 
variant form 
creates 
ambiguity 
before 
translation 

2 13.3 2 1 1 

Normalization 
may incorrectly 
repair intentional 
or uncertain 
forms 

“not habits.. 
tekanan”; “donut 
sama doughtnut” 

IEDT-
P-001; 
IEDT-
P-004 

Corrective and 
rebuttal 
sequencing 

English 
opening or 
closing 
segment shifts 
stance in an 
Indonesian 
argumentative 
frame 

2 13.3 1 2 2 

Sequence-
sensitive stance 
may be lost if 
clauses are 
processed 
separately 

“No... not like 
that”; “Well at 
least some 
generation can 
take jokes” 

IEDT-
P-009; 
IEDT-
P-014 

Conversational 
framing and 
chat narrative 

English 
discourse 
marker or chat-
related 
phrasing 
organizes 
interactional 
relation 

2 13.3 1 1 2 

Interactional 
stance may be 
weakened by 
language-by-
language 
translation 

“Well 
tergantung”; “Its 
kinda weird 
while you chat” 

IEDT-
P-013; 
IEDT-
P-015 

 

 
Figure 3. Normalization and translation alignment risks across corpus domains 
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The dominant pattern is that English insertions often perform the most fragile semantic work. In “enak 
not bad lah tapi haram,” the English phrase “not bad” cannot be interpreted apart from Indonesian affective 
and moral framing. In “server not found,” English is not simply a foreign-language phrase but a technical 
diagnostic expression that should be preserved as a system message. Similarly, “first luv ku di dunia fangirl” 
combines English fandom vocabulary with Indonesian possessive morphology, making full translation less 
reliable than selective retention. The table shows that affective evaluation carries the highest translation 
ambiguity and pragmatic loss risk, both appearing in three records. Objectively, this indicates that bilingual 
meaning is most vulnerable when sentiment, stance, and local discourse particles are distributed across 
languages. 

Meaning preservation in code-switched NLP depends on whether models can distinguish translation 
from functional retention. A monolingual pipeline may “correct” spelling, translate English phrases, or 
normalize hybrid expressions, but such repair can remove the very signal that makes the utterance 
meaningful. This finding resonates with studies arguing that multilingual models are not automatically 
competent code-switchers and that output alignment remains difficult in code-switched interaction [29], [34], 
[37], [35]. For this study, normalization is therefore treated as an interpretive risk: computational systems 
must decide when to standardize, when to translate, and when to preserve mixed-language form. 
 
4.3. Computational risk under monolingual processing 

Indonesian–English digital records show that computational risk emerges most sharply when mixed-
language utterances are forced into single-language categories. The most frequent risk domain is forced 
single-language labeling, appearing in five records or 33.3% of this coded corpus. This risk is not simply 
technical misclassification; it affects how switch-points are recognized, whether English segments are 
retained, and whether Indonesian matrix frames remain analytically visible. Other risk domains are 
distributed across sentiment, technical/platform meaning, register, and discourse sequencing. This 
distribution is consistent with recent code-switched NLP scholarship, which argues that multilingual models 
may process multiple languages but still fail to represent code-switched interaction as a structurally 
integrated phenomenon [29], [34], [36]. 
 

Table 4. Monolingual processing risks across Indonesian–English digital records 

Risk Domain Operational 
Indicator Frequency Percentage 

Affected 
Linguistic 
Zone 

Likely Model-
Level Failure 

Distortion 
under 
Monolingual 
Processing 

Representative 
Excerpt 

Data 
Code 

Forced single-
language labeling 

Mixed 
utterance is 
more likely 
to be 
assigned to 
one dominant 
language 
despite 
meaningful 
alternation 

5 33.3 

Whole-record 
language 
classification; 
token 
sequence 

Language 
identification 
collapse; under-
detection of 
switch-points 

English 
elements 
become 
treated as 
noise, 
quotation, or 
removable 
foreign 
material 

“first luv ku di 
dunia fangirl”; 
“respon via 
DM”; “Well 
tergantung” 

IEDT-
P-002; 
IEDT-
P-005; 
IEDT-
P-013 

Sentiment-scope 
error 

Evaluative 
meaning is 
distributed 
across 
Indonesian 
and English 
rather than 
contained in 
one language 
segment 

3 20.0 

Sentiment-
bearing 
phrase; moral 
or affective 
clause 

Polarity 
misclassification; 
incorrect 
sentiment scope 

English 
polarity is 
detached 
from 
Indonesian 
affective, 
moral, or 
experiential 
frame 

“enak not bad 
lah tapi haram”; 
“not so good 
juga sih”; “not a 
good example 
definitely” 

IEDT-
P-007; 
IEDT-
P-012; 
IEDT-
P-008 

Technical/platform 
mistranslation 

English 
technical or 
platform 
expressions 
operate as 
functional 
labels rather 
than ordinary 
lexical items 

3 20.0 

Platform 
action; 
diagnostic 
phrase; 
media-
sharing 
template 

Overtranslation; 
domain-term 
loss; entity-action 
confusion 

Technical or 
interface 
meaning is 
translated 
literally and 
loses 
operational 
value 

“server not 
found”; “via 
DM”; “Heres a 
song for you” 

IEDT-
P-010; 
IEDT-
P-005; 
IEDT-
P-011 

Register and 
identity flattening 

English 
indexes 
fandom, 
lifestyle, 

2 13.3 

Fandom 
noun; product 
phrase; 
lifestyle 

Register loss; 
weak 
representation of 
sociolinguistic 

Identity-
bearing 
expressions 
are 

“dunia fangirl”; 
“handcream ... 
photo set” 

IEDT-
P-002; 
IEDT-
P-003 



Ind J Comp Lang Std ISSN: 3163-7884 r 
 

 Code-Switching as a Computational Problem… (Devita Septian Dwi Hidayati) 

171 

commercial, 
or 
cosmopolitan 
identity 
within 
Indonesian 
discourse 

register stance normalized 
into generic 
lexical 
content 

Discourse-
sequence loss 

Stance 
depends on 
sequence 
across 
clauses, 
especially 
when English 
opens or 
closes an 
Indonesian 
argument 

2 13.3 

Clause 
boundary; 
rebuttal; 
quoted stance 

Clause 
segmentation 
error; weakened 
discourse relation 

Correction, 
irony, or 
rebuttal 
becomes 
fragmented 
across 
separate 
language 
units 

“No... not like 
that”; “Well at 
least some 
generation can 
take jokes” 

IEDT-
P-009; 
IEDT-
P-014 

 

 
Figure 4. Monolingual processing risk profile in Indonesian–English digital records 

The most visible pattern is that monolingual distortion occurs at different layers of language 
processing. Whole-record labeling is vulnerable in examples such as “first luv ku di dunia fangirl,” where 
English lexical items combine with Indonesian possessive morphology and social-domain framing. 
Sentiment-scope error appears in “enak not bad lah tapi haram,” where positive English evaluation is 
constrained by Indonesian moral qualification. Technical mistranslation is visible in “server not found,” a 
phrase whose computational meaning depends on preserving the English diagnostic form. The table also 
shows that smaller-frequency categories remain analytically important because they involve identity and 
discourse sequencing. Thus, lower counts do not indicate lower significance; they indicate more specialized 
but consequential forms of risk. 

Monolingual assumptions are inadequate because they treat mixed-language text as a problem of 
classification before treating it as a problem of meaning. In this corpus, code-switching is not an accidental 
mixture to be cleaned; it is a mechanism through which stance, technical precision, platform practice, and 
identity are encoded. This position aligns with Indonesian AI evaluation work that questions translated 
benchmarks, local-language safety, cultural hallucination, parameter-efficient adaptation, and sociolinguistic 
bias [9], [12], [13], [14], [11]. For this study, computational adequacy therefore requires preserving 
multilingual form, identifying switch-points, and interpreting pragmatic function within the same analytic 
pipeline. 
 
5. DISCUSSION 

The first analytical implication is that Indonesian–English code-switching cannot be reduced to a 
marginal irregularity in otherwise Indonesian digital text. Switch-points function as sites where users 
compress stance, identity, evaluation, platform practice, and technical reference into short multilingual 
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utterances. This matters because computational systems that treat switching as noise risk removing precisely 
those elements that make digital talk meaningful. The observed configurations support sociolinguistic 
accounts that describe code-switching as socially organized practice rather than random alternation [15], 
[16]. They also extend Indonesian studies that locate switching in education, public communication, social 
media, and elite discourse [18], [17], [22]. The contribution is therefore methodological as well as 
conceptual: code-switching should be modeled as communicative structure, not merely as a preprocessing 
challenge before “real” NLP begins. 

The underlying reason for this pattern lies in how Indonesian–English digital talk distributes 
communicative work across language boundaries. Indonesian frequently provides discourse frame, social 
deixis, and local pragmatic particles, while English contributes evaluative phrases, technical labels, fandom 
terms, platform commands, or quotation-like stance. This division does not imply a fixed grammar of 
switching, but it shows that language alternation is patterned enough to require token-level and sequence-
sensitive analysis. Studies on Indonesian–English syntactic configuration and digital code-mixing support 
this interpretation by showing that switching often follows recognizable structural and functional tendencies 
[19], [25], [24]. At the same time, computational studies remind us that recognizable patterning does not 
automatically mean easy modeling [28], [29]. This tension explains why switch-points become both 
linguistic evidence and computational stress points. 

The second implication concerns normalization and translation: these processes are not neutral 
technical repairs, but interpretive operations that can preserve or erase meaning. In the coded records, fragile 
meaning often appears where English evaluative phrases, technical expressions, and identity-bearing terms 
are embedded inside Indonesian discourse frames. This complicates pipelines that treat normalization as 
spelling correction or translation as semantic equivalence. Research on code-mixed corpora and language 
identification has already shown that tokenization, normalization, and translation form a connected workflow 
rather than separate tasks [27], [6]. However, this study pushes that point further by showing that functional 
retention may be more appropriate than full normalization in some contexts. The implication is practical: 
computational systems should decide whether to translate, preserve, label, or annotate mixed segments 
according to discourse function, not only lexical language identity. 

This pattern emerges because code-switched meaning is often compositional in form but non-
compositional in pragmatic effect. A phrase such as an English evaluation inside an Indonesian moral or 
affective frame cannot be interpreted by translating each language segment independently. Similarly, 
technical and platform expressions may be meaningful precisely because they remain in English as interface 
language, diagnostic label, or circulating digital formula. This helps explain why multilingual NLP work 
increasingly distinguishes multilingual coverage from code-switching competence [29], [34], [35]. It also 
clarifies why models trained on standard monolingual or translated benchmarks may underperform when 
confronted with locally situated multilingual data. Studies on culturally grounded Indonesian LLM 
evaluation and multilingual reasoning support this concern [9], [10]. Thus, normalization failure is not only 
linguistic; it reflects mismatch between benchmark logic and multilingual digital practice. 

The third implication is that monolingual processing produces representational distortion, not merely 
classification error. Forced single-language labeling can make English insertions appear peripheral, while 
Indonesian discourse frames become invisible when English-heavy phrases dominate model attention. 
Sentiment-scope error, technical mistranslation, register flattening, and discourse-sequence loss are therefore 
symptoms of a deeper modeling problem: multilingual users are represented through categories that do not 
match their communicative practice. This finding aligns with recent scholarship on LLM limitations in code-
switched understanding, reasoning, and generation [34], [37], [36]. It also resonates with Indonesian AI 
studies on safety failure, hallucination, and sociolinguistic bias [12], [13], [11]. The larger implication is that 
model reliability must include representational adequacy, not only aggregate task performance. 

The reason monolingual risk persists is structural: many NLP pipelines still begin by assigning 
language, cleaning input, segmenting text, and optimizing downstream tasks according to assumptions of 
linguistic separability. Such architecture works best when languages are discrete layers, but Indonesian–
English digital talk often uses them as interdependent resources. Multilingual pretraining may reduce 
vocabulary gaps, yet it does not guarantee sensitivity to switch-point function, local pragmatics, or culturally 
grounded reference. This explains why parameter-efficient adaptation, local-language evaluation, and bias 
measurement have become increasingly important in Indonesian computational language research [14], [9], 
[11]. This study therefore does not claim to prove a universal theory of code-switching; rather, it shows that 
Indonesian–English digital talk exposes a methodological fault line. Computational adequacy requires 
models that keep language labels, pragmatic functions, and sociolinguistic representation analytically 
connected. 
 
6. CONCLUSION 
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This study concludes that Indonesian–English digital code-switching is not a peripheral irregularity 
but a structured computational problem that challenges monolingual assumptions in NLP. Its most important 
lesson is that switch-points carry communicative value: they organize stance, affect, technical meaning, 
platform practice, and identity within compact digital utterances. By linking token-level language 
identification, normalization–translation alignment, and pragmatic-computational risk coding, this study 
renews code-switching research beyond descriptive sociolinguistics and narrow detection tasks. Its 
contribution lies in reframing mixed-language data as an accountable modeling object, where linguistic 
structure and computational representation must be examined together. 

This study is limited by its text-based corpus design, modest coded record set, and focus on 
Indonesian–English digital records rather than broader Indonesian multilingual ecologies involving regional 
languages, speech, images, or multimodal interaction. Its findings should therefore be read as interpretive and 
diagnostic, not as population-level generalization or causal explanation of user behavior. Future research 
should expand corpus scale, compare platforms, include regional-language combinations, and test model 
behavior across tokenization, sentiment classification, translation, and LLM response generation. Further 
work should also incorporate human annotation reliability and user-centered evaluation to examine whether 
computational preservation of code-switching improves representational fairness. 
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