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 Social media data presents significant challenges for natural language 

processing because they frequently contain non-standard language 

forms, including creative spellings, shortened expressions, phonetic 

variants, mixed-language usage, and informal constructions. While 

existing research has extensively explored text normalization 

techniques, far less attention has been given to how such noisy elements 

are identified and categorized before normalization takes place. This 

scoping review examines the approaches used to detect and classify 

noisy text prior to normalization. A systematic search was carried out 

across Web of Science, Scopus, IEEE Xplore, ACM Digital Library, and 

ScienceDirect, covering studies published between 2020 and 2025. 

Following duplicate removal and screening, 35 studies were retained 

from an initial pool of 770 records. The review addresses three main 

questions concerning commonly used identification techniques, defining 

characteristics of noisy text, and challenges encountered during 

normalization. The findings indicate that researchers employ diverse 

strategies ranging from rule-based and dictionary-based methods to 

machine learning, deep learning, and similarity-based approaches. 

Common noise characteristics include spelling variation, phonetic 

alteration, code-mixing, and informal word forms. Persistent challenges 

relate to the absence of shared benchmarks, limited annotated and 

multilingual resources, and difficulties in applying detection methods 

across different domains. By explicitly focusing on the identification 

stage, this review clarifies an often-implicit step in text normalization 

pipelines and offers direction for future work, particularly in low-

resource and informal language settings. 
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1. INTRODUCTION 

Unstructured and noisy text from social media, customer reviews, and online forums now constitutes a 

substantial portion of data used in text analytics and natural language processing (Kumar et al., 2020; 

Németh & Koltai, 2021; Sohn et al., 2025). These sources often deviate from formal conventions, with 

typographical errors, phonetic spellings, unconventional abbreviations, merged or split tokens, elongated 

characters, emojis, and mixed language expressions that complicate reliable analysis (Selvaraju et al., 

2024). When such irregularities are not surfaced and handled early, they degrade tokenization, inflate out 

of vocabulary rates, and propagate errors into downstream applications such as sentiment analysis, 

classification, retrieval, and summarization (Li & Zou, 2024; Londhe et al., 2021; Sohn et al., 2025). In 

response, recent studies increasingly emphasize strategies that explicitly define what constitutes noise and 

how it should be addressed prior to subsequent processing stages, rather than relying solely on correction 

at the end of the pipeline. In this context, normalization means correcting and converting non-standard 

(noisy) text into their standard forms to ensure consistency for further analysis. 

In this review, noisy text is understood broadly as any textual form that departs from standard 

orthography, morphology, or syntax (Naseem et al., 2021). Common manifestations include spelling 

mistakes and phonetic approximations, shortened or blended words, unconventional punctuation and 

spacing, transliteration or Romanization, and intra sentence code switching (Huang et al., 2020; Mangla et 

al., 2024). For example, informal abbreviations like gr8 for great, or a sentence that mixes languages, are 

frequent in user generated content and may be misinterpreted by models if left unaddressed (Khan & Lee, 

2021). Recognizing and categorizing such phenomena before normalization is a necessary precursor to 

trustworthy analysis because superficially similar patterns can require different treatments depending on 

type and context. Repeated characters may be safely reduced, code mixed tokens often require language 

aware handling, and named entities that resemble slang should not be normalized away (Roy et al., 2021). 

Although there is notable progress on normalization and robust modeling, the identification step itself 

is often treated implicitly or folded into subsequent processing. Much of the existing research remains 

language specific, focusing on spelling conventions or dialectal features, which limits comparability and 

transfer across domains and languages (Tachicart & Bouzoubaa, 2021; Wolters & van Cranenburgh, 2024). 

Manual identification persists in some settings, but it is time consuming and prone to inconsistency (Chai, 

2023), and it becomes increasingly unsustainable as datasets scale (Watanabe, 2021). To address these 

constraints, automated and semi-automated techniques have been developed to detect diverse forms of noise 

before advanced text processing is applied. Reported approaches span rule-based heuristics and lexicons, 

dictionary and edit distance methods, statistical cues such as frequency and out of vocabulary detection, 

supervised classifiers, and modern sequence models, with hybrid pipelines increasingly common to balance 

precision, recall, and computational cost (Borsotti et al., 2023; Li et al., 2021; Zarnoufi et al., 2020). 

This scoping review examines how researchers identify and classify noisy text before applying 

normalization. The aim is to make this step explicit and easy to evaluate across studies. Searches were 

conducted in major computer science and linguistics databases using predefined criteria to ensure relevance 

and reproducibility. After removing duplicates, 770 records were screened by title and abstract, and 35 

studies published between 2020 and 2025 were included for detailed analysis. Search terms, selection 

decisions, and data charting are reported so that the process can be verified and repeated (Page et al., 2021). 

The review groups common noise types into a practical taxonomy that is suitable for multilingual and 

mixed-script contexts (Clark & Araki, 2011). Recent studies show that effective preprocessing still 

improves performance even with transformer models, supporting the need to treat identification as separate 

from correction (Siino et al., 2024). Persistent challenges include limited datasets, inconsistent annotations, 

and evaluation practices that merge detection with correction (Derczynski et al., 2015). 
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In addition, settings where Malay and English are mixed within the same sentence present additional 

challenges, as it becomes unclear which parts of the text should be normalized and which should be 

preserved. Simple rules are often applied first when processing speed is important, while context-aware 

models are used for more complex cases to ensure that names and domain terms remain intact (Saloot et 

al., 2014). Recent bilingual datasets in Malaysia confirm that short forms and creative spellings are 

common, and these can mislead models if pipelines do not consider local usage (Maskat et al., 2024; Page 

et al., 2021). Treating identification as a separate step allows tokens to be directed to the correct handler, 

which helps maintain system efficiency and protects meaning (Hoang & Mothe, 2018). This perspective 

frames the guiding questions of this review: which identification methods are most widely used, which 

noise features are consistently defined, and which data and evaluation gaps limit scalability and transfer. 

The remainder of this article is structured to progressively address the research objectives. The next 

section surveys prior work on noisy text in social media and existing normalization approaches, positioning 

this study within the broader literature. The methodology section outlines the scoping review design, 

including data sources, search strategy, eligibility criteria, and screening process. The subsequent section 

reports the main findings, covering identification techniques, consolidated noise categories, and recurring 

challenges. This is followed by a discussion of implications, limitations, and directions for future research, 

before concluding the paper. 

2. RELATED WORKS 

Research on noisy text has expanded alongside the growth of user-generated content on social media 

platforms. Prior studies have examined the characteristics of informal language, the impact of noise on 

natural language processing tasks, and a range of normalization strategies designed to address these 

challenges. This section synthesizes relevant literature on noisy social media text, summarizes commonly 

reported noise characteristics, and situates the present study within existing scoping review research by 

emphasizing the identification of noisy text prior to normalization. 

2.1 Noisy Text in Social Media 

Social media writing in Malay often moves away from formal spelling rules. People stretch words 

such as “baikkk”, shorten them into forms like “xnak”, add creative punctuation, use emojis and hashtags, 

mix upper and lower case, and blend in English words within the same post. These practices increase the 

number of out-of-vocabulary tokens and shift word distributions compared to models trained on edited text. 

That explains why classifiers and sequence taggers tend to lose accuracy when applied directly to tweets 

and posts. Comparative studies and surveys point to the same conclusion. Information retrieval systems 

have shown improved performance when incorporating Levenshtein Distance algorithms for handling noisy 

queries (Po, 2020). Well-chosen preprocessing steps still provide measurable improvements even with 

transformer models, though the size of the gain depends on the dataset and domain (Rodríguez-Ibánez et 

al., 2023; Siino et al., 2024).  

For the Malay context, evidence shows that local social streams carry these same types of noise. 

Sentiment analysis for informal Malay text in social commerce contexts has revealed specific noise patterns 

unique to Malaysian digital discourse (Nabiha et al., 2021). A 2024 Data in Brief article introduces a 

bilingual English–Malay code-mixed dataset in a public-security setting. It is annotated for sentiment and 

sarcasm and includes explicit language labels, making it useful to track how mixing and informal forms 

appear together in real posts (Md Suhaimin et al., 2024). A 2023 mixed Malay–English Twitter dataset built 

around COVID-19 similarly documents shortforms and code-mixing in Malaysian conversations (Kong et 

al., 2023). Studies in finance and public security provide further examples of how colloquialisms and topic-

specific jargon make inference difficult, reinforcing the need for adapted preprocessing before modeling 

(Cam et al., 2024; Md Suhaimin et al., 2023). Sociolinguistic perspectives on slang language use among 
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Malaysian youths have documented the prevalence and evolution of informal language patterns in social 

media (Ghazali et al., 2021). Taken together, these resources highlight how common mixing and spelling 

drift are in the genres this study examines. When it comes to downstream tasks, the trend is consistent. 

Reducing lexical sparsity through light normalization and code-mixing aware handling generally stabilizes 

features and improves performance, although the gains are uneven across genres and languages. Large-

scale evaluations show that simple cleaning actions such as reducing repetitions, expanding shortforms, 

and normalizing casing can bring reliable benefits for short and informal texts (Siino et al., 2024). In code-

mixed contexts, transformer models that are fine-tuned with language cues or trained on mixed corpora 

recover even more accuracy. This underlines the value of anticipating mixed sequences at both 

preprocessing and modeling stages (Shanmugavadivel et al., 2022; Takawane et al., 2023). For Malay social 

streams, accounting for noise is not optional; it is the foundation of any effective pipeline for sentiment, 

toxicity, or topic analysis. 

2.2 Noisy Text Normalization 

Work on social-media normalization has coalesced around three practical lines. The first uses rules 

and lexicons to collapse obvious variants like repeated letters and common short forms, which reduces out-

of-vocabulary tokens before modeling, recent studies show simple rule layers materially improve 

robustness in hostile streams such as hate-speech posts and in Malay microtext with slang and Romanized 

forms (Mansur et al., 2024; Noor Allia Noor Ariffin et al., 2020) . The second treats normalization as a 

translation problem, generating candidates with edit distance or full machine translation, a comparative 

study on Dutch shows that statistical and neural approaches behave differently under noise and data 

scarcity, which matters for short Malay posts (Matos Veliz et al., 2021). The third line uses sequence-to-

sequence transformers, including cross-lingual and zero-shot setups. Recent advances in lexical 

normalization using multilingual sequence models have shown promise for handling diverse linguistic 

variations (Kubal & Nagvenkar, 2021) that distil supervision from high-resource languages, a recent paper 

demonstrates zero-shot text normalization via knowledge distillation, while transformer generators have 

also been explored for multilingual lexical normalization (Ashmawy et al., 2023; Wang et al., 2024). In 

practice, hybrid pipelines are common, a light rule layer for easy cases, followed by a learned normalizer 

for difficult tokens, which aligns with earlier Malay work and recent rule-plus-correction designs (Islam et 

al., 2024; Mansur et al., 2024; Noor Allia Noor Ariffin et al., 2020).  

The downstream story is nuanced. Large comparative evaluations find that careful preprocessing 

reduces sparsity and can lift accuracy for short, informal inputs, but the size of the gain depends on corpus 

and task, over-aggressive rewriting may blur sentiment cues or domain markers (Siino et al., 2024). Studies 

on Arabic and other social streams echo the same pattern, integrated preprocessing improves information 

extraction and short-text classification when noise is profiled first, and rules are applied with diagnostics 

rather than blindly (Alnajjar & Hämäläinen, 2024; Hegazi et al., 2021). When normalization is framed as 

machine translation, results are not uniform across settings, with Statistical Machine Translation sometimes 

rivaling Neural Machine Translation under low-resource constraints, this argues for reporting ablations and 

error types rather than assuming a single best recipe (Matos Veliz et al., 2021).  

For Malay and code-mixed Malay English, resources remain thin. Recent work on Malay social media 

has specifically addressed the challenge of normalizing spelling variants and vowel-less words, which are 

particularly prevalent in informal Malay text (Maskat & Rahman, 2020). A rule-based Malay normalizer 

shows gains on social media text, but coverage of fast-evolving slang, dialectal forms and mixed tokens is 

limited (Noor Allia Noor Ariffin et al., 2020).  New bilingual English-Malay datasets with sentiment, 

sarcasm and language labels are valuable for modeling and for profiling noise, yet they are not parallel 

normalization pairs and cannot substitute dedicated TN resources (Md Suhaimin et al., 2024). Evidence 

from code-mixed settings further suggests that models trained or fine-tuned on mixed corpora benefit from 

normalization that respects language boundaries and preserves label-bearing cues, reinforcing the case for 

a small Malay/code-mix lexicon and character rules before classification (Sampath & Supriya, 2024). In 
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Malay sentiment pipelines, lexicons (e.g., Kamus Dewan), the impact of machine translation tools like 

Google Translate on lexicon-based sentiment analysis of Malay social media text has been examined (Enjop 

et al., 2022), revealing challenges in preserving semantic nuances; explicit negation handling is also 

commonly paired with normalization of contractions and dialectal forms (Osman & Pham, 2023). Lexical 

resources also document Malay compound classes and morphology that guide normalization mappings 

(Niewiarowski & Plichta, 2023). 

2.3 Scoping Review 

Scoping reviews are widely used in natural language processing research to consolidate existing 

evidence, compare methodological approaches, and identify areas where further investigation is needed. 

Unlike systematic reviews, which primarily assess intervention effectiveness, scoping reviews focus on 

mapping research landscapes, conceptual frameworks, and emerging trends. This makes them particularly 

suitable for NLP, where methods and applications develop rapidly and findings are often distributed across 

diverse domains. 

Previous scoping reviews have been conducted in technology-driven fields such as healthcare and 

education. For instance, prior work has examined multimodal machine learning in precision health, digital 

literacy as a determinant of health, and the application of artificial intelligence in medical education and 

nutrition research (del Pilar Arias López et al., 2023; Gordon et al., 2024; Kline et al., 2022; Sosa-Holwerda 

et al., 2024). Other studies have explored healthcare language models, information extraction, and the use 

of NLP technologies in public health settings, particularly highlighting gaps in under-resourced languages 

(Hu et al., 2024; Nunes et al., 2024). Collectively, these studies demonstrate the flexibility of scoping 

reviews in synthesizing methodological developments and informing future research directions. 

Despite this growing body of work, scoping reviews that explicitly focus on the identification of noisy 

text prior to normalization remain limited. While normalization and preprocessing have been examined in 

areas such as unstructured quality assessment, healthcare language modeling, and code-mixed language 

processing, these studies often overlook the preliminary step of systematically identifying and categorizing 

noisy text types. This gap is important, as inadequate handling of misspellings, abbreviations, slang, and 

code-switching can negatively affect downstream NLP performance. The present review addresses this 

limitation by systematically examining approaches used to detect and classify noisy text before 

normalization, with particular emphasis on social media data and low-resource language contexts. 

3. METHODOLOGY 

This study adopts a scoping review design to examine techniques used to identify and classify noisy text 

prior to normalization, with a particular focus on the Malay language context. The review process was 

guided by established methodological frameworks to ensure transparency and reproducibility. Specifically, 

the approach proposed by Arksey and O’Malley, 2005 was followed, which outlines a structured process 

for conducting scoping reviews. 

The review procedure comprised several interrelated stages, including the formulation of research 

questions, the systematic identification of relevant studies, the application of predefined eligibility criteria, 

data charting, and the synthesis of findings. To further strengthen methodological rigor, the review was 

conducted in accordance with recommendations from the Joanna Briggs Institute and the PRISMA 

Extension for Scoping Reviews (PRISMA-ScR) (Peters et al., 2022). An overview of the adopted review 

process is presented in Fig. 1, illustrating how these guidelines were integrated to support consistency, 

transparency, and replicability. 
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Fig. 1. Scoping Review Methodology 

The research questions were formulated to explore how noisy text is identified and classified prior to 

normalization and other preprocessing tasks. These questions informed the development of objectives, 

eligibility criteria, and a systematic search strategy. A preliminary list of keywords and concepts was 

derived from existing literature on text normalization, noisy text identification, and preprocessing 

techniques (Alves et al., 2022; Mansur et al., 2024). Boolean operators (AND, OR), truncations, and 

alternative spellings were incorporated to maximize retrieval scope. The final search strings were 

customized for each database, as presented in Table 1. 
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Table 1. The Search String 

Database Search String 

Web of Science (Noisy text OR unstructured text OR misspelled words OR out-of-vocabulary OR OOV OR slang OR 

informal text) 

AND (normalize OR normalization OR normalisation OR text correction OR spelling correction OR text 
cleaning OR preprocessing OR lexical normalization) 

Scopus (Noisy text OR unstructured text OR misspelled words OR out-of-vocabulary OR OOV OR slang OR 
informal text) 

AND (normalize OR normalization OR normalisation OR text correction OR spelling correction OR text 
cleaning OR preprocessing OR lexical normalization) 

IEEE Explore (Noisy text OR unstructured text OR misspelled words OR out-of-vocabulary OR OOV OR slang OR 

informal text) 

AND (normalize OR normalization OR normalisation OR text correction OR spelling correction OR text 
cleaning OR preprocessing OR lexical normalization) 

ACM Digital 
Library 

(Noisy text OR unstructured text OR misspelled words OR out-of-vocabulary OR OOV OR slang OR 

informal text) 

AND (normalize OR normalization OR normalisation OR text correction OR spelling correction OR text 
cleaning OR preprocessing OR lexical normalization) 

Science Direct (Noisy text OR unstructured text OR misspelled words OR slang) 

AND (normalize OR normalization OR text correction OR preprocessing) 

Five databases were selected for their relevance to computer science, linguistics, and NLP research: 

Web of Science, Scopus, IEEE Xplore, ACM Digital Library, and ScienceDirect (Gusenbauer, 2022; 

Wanyama et al., 2022). Search results included 578 articles from IEEE Xplore, 501 from Web of Science, 

145 from Scopus, 66 from ScienceDirect (limited by query syntax), and 262 from ACM Digital Library 

(refined from 44,898 after narrowing to abstracts). 

After removing duplicates and irrelevant records, 770 unique articles were screened by title and 

abstract. The selection process followed strict inclusion and exclusion criteria to minimize bias (Muka et 

al., 2020) and maintain consistency (see Table 2). Articles were included if they explicitly addressed noisy 

text identification, classification, or normalization techniques. Studies focused on unrelated modalities 

(e.g., speech or image-based noise) or lacking methodological clarity were excluded. 

Table 2. Inclusion and Exclusion Criteria 

Criteria Inclusion Exclusion  

Publication 
Years 

2020 to 2025 Published before 2020  

Document Type Articles, Conference Proceedings Books, Chapters in Books, Book Series, Review 
Articles 

 

Approach/Focus Text normalizes, noise text, noisy text classification, 
error spelling correction, sentiment analysis 

Studies unrelated to noisy text  

Criteria Inclusion Exclusion  

Publication 
Years 

2020 to 2025 Published before 2020  

During full-text screening, 137 articles were assessed, with 55 excluded due to access restrictions. Of 

the accessible studies, 62 were excluded for lacking normalization methodology, and 40 for being outside 

the scope of noisy text research. Following full-text evaluation, a final corpus of 35 eligible studies formed 

the basis of the review (Nesca et al., 2022). Only peer-reviewed journal articles and conference papers 

published in English between 2020 and 2025 were included to ensure quality and relevance. Table 3 

presents a subset of the review’s findings on noisy text identification and normalization techniques. 
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Table 3. Techniques to Identify Noisy Text 

No Year; 
Country; 
Author 

Article Title Dataset Technique to Identify 
Noisy Text 

Noisy Text Type 
Addressed 

Technique to 
Normalize Noisy Text 

 

1 2024; 
India; 
(Rani et 
al., 2024) 

Informal Text 

Transformer: 
Handling Noisy 

and Informal Text 

from Social Media 

Large-scale 

Twitter 
dataset. 

Not stated explicitly Typos: Misspellings 

and typographical 
Errors. 

Abbreviations: 

Shortened 

forms of words and 

phrases 

Slang: Informal, non-
standard language 

expressions 

Specialized Tokenizer 

Data Augmentation 
Module 

Noise Prediction Head 

Transformer-Based 
Model (Encoder-

Decoder) 

 

2 2022; 
Malaysia; 
(Sazali & 
Idris, 
2022) 

Neural Machine 
Translation for 
Malay Text 
Normalization 
using Synthetic 
Dataset 

Malay 

news 

websites. 
Web 

scraping 

use 
Selenium. 

Not stated explicitly Slang & Informal 

Words 

Shortened Words 
Misspellings & Typos 

Code-switching 

Malay-English 
Phonetic Variations 

Numbers replacing 

words 

Created parallel text, 

applied Neural 

Machine Translation 
(NMT), tokenized, 

encoded, decoded, and 

compared with Rule-
Based Machine 

Translation (RBMT). 

 

3 2020; 
Indonesia
;  
(Ajmal 
Kurnia, 
2020) 

Statistical 

Machine 

Translation 
Approach for 

Lexical 
Normalization on 
Indonesian Text 

Instagram 

comments 

on 
Indonesian 

public 

figures' 
posts. 

Not stated explicitly Slang & Informal 

Words, 

Misspellings & Typos, 
Character Repetition, 

Reduplicated Words, 

Informal Affixes, 
Ambiguous Words 

SMT-based 

normalization using 

PBSMT (n-grams) and 
CSMT (character-

level) with CIL 

dataset, pre-
normalization rules, 

and OPUS language 

model. 

 

4 2022; 
India; 
(Narayan
asamy et 
al., 2022) 

Effective 
Preprocessing and 
Normalization 
Techniques for 
COVID‐19 
Twitter Streams 
with POS Tagging 
via Lightweight 
Hidden Markov 
Mode 

COVID-19 

Twitter 

dataset. 

Detects noisy text 

using dictionary 

lookup for 
abbreviations, OOV 

detection with 

phonetic and edit 
distance matching, 

statistical rules for 

special symbols and 
repetitions, and HMM 

POS tagging for 

context-based 
corrections.  

Abbreviations, 

Misspellings, OOV 

Words, Repetitions, 
Merged Words 

Normalizes COVID-

19 tweets using 

tokenization, 
dictionary-based word 

replacement, OOV 

detection with 
phonetic and edit 

distance matching, 

character reduction, 
and HMM POS 

tagging for context-

based corrections. 

 

5 2024; 
India; 
(Phukan 
et al., 
2024) 

Automated 
Spelling Error 
Detection in 
Assamese Texts 
using Deep 
Learning 
Approaches 

Collected 

from 
Facebook, 

YouTube, 

newspaper 
articles, and 

books. 

Detects noisy text 

using binary 
classification for 

misspellings, LSTM & 

BiLSTM for context-
aware error detection, 

and word embeddings 

to compare and correct 
spelling variations. 

Misspellings Normalizes Assamese 

text using LSTM and 
BiLSTM for spelling 

correction. It includes 

preprocessing 
(cleaning, stop-word 

removal), binary 

tagging for errors, and 
deep learning models 

to detect and correct 

misspellings based on 
word context. 

 

6 2023; 
Egypt;  
(Ashmaw
y et al., 
2023) 

Lexical 
Normalization 
Using Generative 
Transformer 
Model (LN-GTM) 

MultiLexN

orm 
(Multilingu

al Lexical 

Normalizati

Detects noisy text 

using OOV 
classification with 

special tokens, 

character-to-word 

Misspellings, 

Abbreviations, 
Repetition, Missing 

Apostrophes, 

Normalizes social 

media text using a 
Seq2Seq transformer 

model for character-to-

word translation, an 
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on) shared 

task. 12 

languages 
collected 

from 

Twitter, 
SMS, and 

forums. 

alignment for spelling 

corrections, and a 

lexical error taxonomy 
for classifying typos, 

abbreviations, missing 

apostrophes, 
repetition, shortenings, 

and split/merge errors. 

Shortenings, Word 

Splitting/Merging 

encoder-decoder for 

word generation, error 

classification with 
special tokens, and 

multilingual training 

on 12 languages. 

7 2021; 
China; 
(Pan & 
Cao, 
2021) 

Efficient 
Grammatical 
Error Correction 
with Hierarchical 
Error Detections 
and Correction 

CoNLL-
2014, BEA-

2019, FCE, 
NUCLE, 

Lang-8 

Detects noisy text 
using a three-step 

approach: SED 
(classifies sentences as 

correct/incorrect with 

SpanBERT), GED 

(uses BIO tagging to 

label errors like 

redundancy, missing 
words, and incorrect 

selection), and 

contextual error 
detection. 

Redundancy Errors, 
Missing Words, 

Incorrect Word 
Selection 

Corrects grammar 
errors using a 

hierarchical GEC 
approach. It includes 

SpanBERT for 

sentence error 

detection, sequence 

labeling (BIO tags) for 

error identification, 
non-autoregressive 

decoding for fast 

corrections, and patch-
based fixes for specific 

errors. 

 

8 2024; 
Azerbaija
n & 
USA; 
(Isbarov 
et al., 
2024) 

Robust 
Automated 
Spelling 
Correction with 
Deep Ensembles 

Azerbaijani 
social 

media text 

corpus. 

Detects noisy text 
using binary 

classification for 

misspellings, softmax 
uncertainty estimation, 

Levenshtein distance 

for error detection, and 

language-specific rules 

for Azerbaijani 

spelling issues and 
abbreviations. 

Misspellings, 
Phonetic, poken-to-

Written Variations, 

Keyboard Substitution 
Errors 

Uses an LSTM-based 
model for spelling 

correction, uncertainty 

estimation (delta and 
entropy-based) to 

reject uncertain 

corrections, and a deep 

ensemble approach 

where multiple models 

must agree before 
applying a correction. 

 

9 2022; 
Republic 
of Korea 
& USA; 
(Jeon et 
al., 2022) 

Named entity 
recognition of 
building 
construction 
defect information 
from text with 
linguistic noise 

69,750 

defect 
complaints 

collected 

from 
various 

residential-

building-
constructio

n  

Systematically 

analyzed defect 
complaints and 

classified noise into 

different categories, 
including spelling 

errors, abbreviations, 

phonetic substitutions, 
spacing errors, and 

domain-specific 

jargon. 

Linguistic errors, 

loanwords, jargon, 
slang, abbreviations, 

phonetic expressions, 

typos, spacing errors. 

Developed a defect-

specific thesaurus and 
rule-based text 

processing 

 

10 2021; 
Denmark
, 
Australia 
& Iran; 
(Naemi 
et al., 
2021) 

Informal-to-
Formal Word 
Conversion for 
Persian Language 
Using Natural 
Language 
Processing 
Techniques 

Collected 

data from 4 

Iranian 
news sites 

(2010–

2016): 541 
296 

articles; 1 

849 927 
user 

comments 

(informal 
Persian 

text). 

Identified noisy text 

by classifying informal 

Persian words into 
three categories based 

on the level of 

transformation 
required to make them 

formal. These included 

minor spelling 
variations, severe 

transformations 

involving multiple 
changes, and informal 

words with entirely 

different formal 

counterparts. 

Spelling variations, 

phonetic 

simplifications, 
informal contractions, 

missing vowels, 

homophone 
substitutions, incorrect 

spacing (pseudo-space 

issues), and structural 
modifications in verb 

conjugations. 

The study applied a 

spell-checking 

approach, where 
informal words were 

categorized and 

converted into formal 
equivalents using 

linguistic rules, 

statistical analyses, 
and correction rules. 

The process relied on a 

dictionary built from 
two well-known 

Persian language 

corpora and a scoring 

function that ranked 

formal word 

candidates. 
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A standardized data extraction process was used to systematically document study characteristics, 

including research settings, noise types, techniques used, datasets, and key findings (Spasic & Nenadic, 

2020). Articles were indexed by their methodological approach e.g., rule-based, machine learning, hybrid, 

and any reported challenges, limitations, or future directions were also noted.  

To handle noisy text, several approaches have been presented by researchers. The simplest option is 

to ignore or discount noisy tokens, which risks losing sentence meaning. A step up is to filter, that is, to 

identify and remove noise, which keeps the remaining text clean but discards potentially useful context. 

More sophisticated pipelines normalize noise into a recognized canonical form. This retains meaning but 

hinges on accurate mappings. An alternative is robust modeling, using noise-tolerant embeddings or 

subword techniques so models can cope without explicit correction. Finally, modern transformer-based 

models offer partial resilience through subword tokenization yet still benefit from a dedicated detection or 

normalization stage in practice. Table 4 shows the common ways of handling noisy text. 

Table 4. Handling Noisy Text Approaches and Its Implications 

Handling Approach Description Implication  

Ignore Discount tokens Quick but sacrifices meaning.  

Filter Identify & remove Preserves clean text but loses noisy context.  

Normalize Convert to recognized form Maintains meaning; requires accurate mapping.  

Robust Modeling Noise-tolerant embeddings, subword models Mitigates impact without explicit correction.  

Transformer-based  Models subword tokenization Exhibit partial robustness.  

The literature indicates that there are several ways to handle noisy text; however, no single strategy 

whether ignoring, filtering, normalizing, robust modeling, or relying on transformers is able to fully resolve 

noisy text challenges. This indicates the need for explicit detection and classification steps to select and 

combine these approaches effectively. 

Table 5 summarizes the main noisy text categories identified across the literature, along with their 

corresponding studies. Abbreviations and misspellings are the most frequently investigated, while phonetic 

variants and slang receive less attention. This distribution further highlights where future work on under-

studied noise types could be directed. 

Table 5. Noisy Text Categories 

Noisy Text Category  Author  

Abbreviation (He et al., 2023; Masud et al., 2022; Vh & Chacko, 2024)  

Incorrect spelling (Lu et al., 2024; Naemi et al., 2021)  

Phonetics (Khan & Lee, 2021)  

Slang (Singh & Kumari, 2021)  

Typo (Chaabi & Ataa Allah, 2022; Stankevičius et al., 2022)  

Table 6 reveals a strong English-language focus in noisy text identification (18 studies), primarily 

tackling misspellings, abbreviations, and slang. Chinese is the next most studied (6), with work centered 

on logographic spelling and character-level errors. Research on Urdu (3) addresses Romanized and phonetic 

misspellings, while Vietnamese (2) studies deal with diacritic-related script issues. Malay (2) investigations 

focus on informal contractions and English–Malay code-switching. Finally, four multilingual studies 

explore cross-lingual noise-handling techniques. Overall, the field remains heavily skewed toward English, 

with emerging but still limited efforts in other languages and mixed-language contexts. 
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Table 6. Distribution of Noisy Text Studies by Language 

Language Number of Studies Focus Area  

English 18 Misspellings, abbreviations, slang  

Chinese 6 Spelling correction, character errors  

Urdu 3 Romanized text, phonetic spelling  

Vietnamese 2 Mixed script issues  

The linguistic diversity in Southeast Asian social media presents unique challenges. Studies on 

Indonesian text classification with misspelled words (Setiabudi et al., 2021) and Malay informal text 

processing (Ghazali & Abdullah, 2021; Nabiha et al., 2021) highlight the need for region-specific 

approaches that account for local linguistic phenomena, code-mixing patterns, and culture specific 

abbreviations. 

The table show that English is a high-resource language in noisy-text research, with 18 dedicated 

studies. In contrast, Malay and Vietnamese (2 studies each) and Urdu (3 studies) receive minimal attention, 

confirming their low-resource status. This imbalance highlights the urgent need to develop annotated 

corpora, tools, and methods tailored to underrepresented languages to achieve truly inclusive and robust 

noisy text identification pipelines (Chang Poh et al., 2024). 

4. RESULT AND DISCUSSION 

The results show that most of the reviewed studies do not explicitly describe how noisy text is identified or 

classified prior to normalization. In many cases, studies proceed directly to the correction stage without a 

clearly defined identification step. This indicates that noisy text identification is often treated as implicit 

within normalization pipelines. 

A total of 770 eligible articles were retrieved from IEEE Xplore, Web of Science, and Scopus after 

applying the inclusion and exclusion criteria. A strong emphasis was observed on text correction tasks, 

particularly spelling normalization across a variety of languages, including Urdu, Chinese, Vietnamese, and 

Roman-script-based texts.  

This study was guided by two research questions: 

(i) What techniques are commonly used by researchers to identify and classify noisy text in the 

noisy text normalization pipeline? 

(ii) What are the typical characteristics of noisy text? 

(iii) What challenges do researchers encounter when normalizing noisy text? 

The findings reveal that most studies do not explicitly describe how noisy text is identified or classified 

prior to normalization. In many cases, researchers proceed directly to the correction phase, implying that 

the detection of noise is either assumed to be implicit within their processing pipelines or integrated within 

normalization stages without dedicated analysis. 

Furthermore, a considerable number of studies employed machine learning, rule-based, or a hybrid 

technique to automate both detection and correction processes (Chaabi & Ataa Allah, 2022; Narayanasamy 

et al., 2022). Notably, spelling correction for Chinese-language datasets appeared to be a particularly well-

represented area of focus. However, despite the increasing use of automated approaches, only a small subset 

of studies clearly defined the types of noisy text they addressed. These typically include misspellings, 

abbreviations, slang, and code-switching. 
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4.1 Techniques Used to Identify Noisy Text Types 

The reviewed studies indicate that researchers employ a wide range of techniques to identify noisy 

text prior to the normalization stage. These techniques include rule-based methods, statistical approaches, 

machine learning models, deep learning architectures, and hybrid frameworks. Despite the importance of 

this identification step for downstream tasks such as sentiment analysis and information extraction, it is 

frequently underreported in many NLP pipelines, with numerous studies assuming that noisy text 

identification is implicitly handled during normalization (Roy et al., 2021). Table 7 summarizes the 

principal techniques used for noisy text identification, along with their relative strengths and weaknesses. 

The primary techniques for noisy text identification include rule-based, statistical, and machine learning 

approaches (Qorib et al., 2023). 

Rule-based techniques rely on predefined dictionaries, regular expressions, and linguistic heuristics. 

While Levenshtein distance has been successfully applied across various domains, including face 

recognition (Ounachad, 2020), image analysis (Chandar S et al., 2020), and video processing (Yang et al., 

2020), its application in text normalization remains particularly relevant for detecting character-level 

variations and identifying anomalies such as misspellings, abbreviations, and character repetitions. 

Examples include spelling errors (“definately” for “definitely”), informal abbreviations (“u” for “you”) 

with Malay-specific studies documenting extensive use of short-form words in social media contexts 

(Azilawati Azizan et al., 2020), and character repetitions (“soooo”) in text streams (Masud et al., 2022). 

For example, one study utilized Jaro-Winkler distance to detect noisy text based on edit-distance similarity 

scoring (Andrea et al., 2024). Similarly, Levenshtein distance algorithms have been extensively applied in 

NLP tasks for identifying and correcting noisy text patterns (Riza et al., 2020) with recent work 

demonstrating their effectiveness in spelling correction and suggestion systems (Mehta et al., 2021). 

However, several studies report limitations in handling context-dependent errors and evolving language 

forms when using purely rule-based approaches. 

Statistical approaches detect noisy text by leveraging frequency-based metrics and phonetic matching 

algorithms. These models, including out-of-vocabulary (OOV) detection and phonetic matching methods, 

have also been applied to classify non-standard text forms (Ridho Lubis & Nasution, 2023). OOV detection, 

for example, identifies tokens absent from reference corpora, while phonetic algorithms (such as Soundex) 

group words based on pronunciation similarity. These models are particularly well suited to low-resource 

scenarios, as they do not require large, labeled datasets; they can, however, miss subtle or compound noise 

patterns, such as slight phonetic variants that fall within acceptable phoneme edit distances, and may 

misclassify rare but legitimate terms as noise. 

In addition, machine-learning classifiers (e.g., Naïve Bayes, SVM, and CRF) learn to distinguish noisy 

tokens from clean text by training on labeled examples, thereby handling a wider variety of noise patterns 

than rule-based systems. Meanwhile, deep-learning architectures, especially transformer-based models and 

sequence-labeling networks, further improve detection by capturing long-range dependencies and 

contextual cues, which is essential for complex phenomena such as code-switching and informal 

expressions. Deep learning techniques, particularly transformer-based models and sequence labeling 

approches, have demonstrated promising results in identifying complex patterns such as code-switching 

and informal expressions (Sazali & Idris, 2022). While these methods often yield higher accuracy, they 

come with substantial computational costs. In addition, they depend on sizable, annotated corpora for 

training. Their “black-box” nature can also complicate error analysis and rule extraction for unseen noise 

types.  

Hybrid frameworks seek to combine the interpretability of rule-based systems with the adaptability of 

machine-learning models. For instance, memetic algorithms have been successfully combined with text 

normalization techniques for SMS spam filtering, demonstrating the effectiveness of hybrid approaches in 

handling noisy text (Ojugo & Eboka, 2020). By first applying lightweight heuristics to filter obvious noise 

and then delegating ambiguous cases to trained classifiers, these systems aim to balance precision and 
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recall. Although promising, hybrid methods introduce additional complexity in system design, parameter 

tuning, and evaluation. Future research should thus emphasize hybrid and ensemble strategies that leverage 

complementary strengths, along with the creation of standardized, multilingual corpora to benchmark and 

compare methods. 

Table 7. Noisy Text Identification Techniques, Advantages and Limitations 

Technique Type Examples/Techniques Advantages Limitations  

Rule-Based Dictionaries, regex, edit-
distance (e.g., Jaro-Winkler) 

Simple, interpretable, easy to 
implement 

Poor contextual understanding, 
manual tuning 

 

Statistical OOV detection, frequency 
analysis, phonetic matching 

Handles outliers, low-resource 
friendly 

May fail with complex or subtle 
variations 

 

Machine Learning Naïve Bayes, SVM, CRF Learns patterns, handles noise 
variability 

Requires labeled data, domain-
specific training 

 

Deep Learning Transformers (e.g., BERT), 
RNNs, sequence labeling 

Captures complex 
dependencies and context 

High resource cost, data-hungry  

Hybrid Approaches Rule-based + ML, ensemble 
models 

Combines strengths of multiple 
techniques 

Complex to configure and 
evaluate 

 

The widespread adoption of Levenshtein Distance across multiple domains demonstrates its versatility 

as a similarity metric. Beyond its traditional application in information retrieval (Po, 2020) and NLP tasks 

(Riza et al., 2020), the algorithm has been successfully adapted for speech recognition (Contreras et al., 

2020), image analysis (Chandar S et al., 2020), face recognition (Ounachad, 2020), and video processing 

(Yang et al., 2020). This cross-domain applicability suggests that edit-distance metrics remain fundamental 

to pattern matching tasks, regardless of the data modality. 

Table 8 illustrates how the adoption of noisy-text identification techniques has evolved from 2020 

through mid-2025. A clear trend emerges traditional rule-based and statistical approaches steadily decline 

in prevalence, dropping from a combined total of seven studies in 2020 to only two by 2024. In contrast, 

machine-learning techniques steadily gain traction, rising from three publications in 2020 to seven by 2024, 

and continuing into 2025. Deep-learning (DL) techniques show a similar upward trajectory, starting with a 

single study in 2020, climbing to six in 2024, and appearing in two early-2025 papers. 

Table 8. Noisy Text Identification Techniques Used by Study Year 

Year Rule-Based Statistical ML-Based DL-Based Hybrid 

2020 5 2 3 1 0 

2021 4 2 4 2 1 

2022 3 3 5 3 2 

2023 2 1 6 5 3 

2024 1 1 7 6 5 

2025 0 0 2 2 1 

Hybrid approaches, which integrate rule-based heuristics with machine-learning (ML) models, also 

become more prominent over time. After a single hybrid study in 2021, their usage grows to five by 2024, 

indicating a growing belief that combining techniques can better capture different facets of noisy text. 

Overall, the table highlights a shift away from manually curated, low-complexity techniques toward 

data-driven and integrated frameworks. This trend reflects the NLP community’s increasing access to 

annotated corpora and computational resources, as well as the demonstrated gains in detection accuracy 

offered by machine-learning and deep-learning models. 
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4.2 Common Types and Characteristics of Noisy Text 

The results show that misspellings, abbreviations, phonetic variations, code-switching, character 

elongation, and out-of-vocabulary words are the most reported types of noisy text. Among these, 

misspellings and abbreviations are the most frequently studied across different languages and domains. 

From an interpretative perspective, this prominence may be attributed to the predictable nature of 

misspellings and abbreviations, which makes them easier to detect using dictionary-based and edit-distance 

methods. In contrast, more complex noise types such as code-switching and slang receive less attention due 

to their linguistic variability and the lack of annotated resources.  

Misspellings remain the most extensively studied noise phenomenon, with edit-distance methods (e.g., 

Levenshtein or Jaro-Winkler) and dictionary-based spell-checking proving effective in correcting errors 

such as misspellings of “definitely” (Hu, 2020), while another study used dictionary-based mapping to 

identify informal contractions and abbreviations (Vh & Chacko, 2024), with rule-based approaches proving 

particularly effective for systematic abbreviation conversion (Pradhan, 2021). While predictable patterns 

such as misspellings and standard abbreviations are relatively easier to detect, more complex forms like 

code-switching and phonetic variations remain challenging due to their lack of clear linguistic structure 

(Zarnoufi et al., 2020). Code-switching, the blending of multiple languages in a single utterance, often 

requires language-identification models at the token level to separate segments correctly before 

normalization. On the other hand, phonetic variations, like “nite” and “luv,” pose greater challenges due to 

their reliance on pronunciation patterns, and they are typically detected via phonetic matching algorithms 

(e.g., Soundex) augmented by contextual embedding to disambiguate homophones. 

Less-studied categories such as character elongation, with repetitions like “soooo,” are readily 

captured with simple regex patterns (Hu, 2020), while OOV words are flagged by comparing token 

frequencies against reference corpora or by measuring embedding distances (Leong et al., 2024). Finally, 

slang and informal terms (e.g., “lol,” and “brb”) benefit from hybrid methods combining lexicon mapping 

with contextual embedding techniques to handle rapidly evolving internet slang (Yong et al., 2024). Table 

9 summarizes the most common types of noisy text being addressed by research. The table also provides 

the identification techniques commonly used for each type of noisy text. 

Table 9. Common Types and Characteristics of Noisy Text with Identification Techniques 

Noisy Text Type Characteristic Identification Techniques 

Misspellings Incorrect spellings of standard words (e.g., 
"definately") 

Edit-distance, spell check, dictionary 
match 

Abbreviations Short forms of standard words (e.g., "u" 
for "you") 

Lookup tables, regex, mapping 
dictionaries 

Phonetic Variations Sound-based errors (e.g., "nitemare" for 
"nightmare") 

Phonetic algorithms, contextual models 

Code-Switching Mixing of two or more languages in a 
single sentence 

Language identification, token-level 
tagging 

Character Elongation Repetition for emphasis (e.g., "soooo" for 
"so") 

Pattern recognition, regex 

Out-of-Vocabulary (OOV) Words not present in reference vocabulary Frequency analysis, embeddings 

Slang / Informal Terms Non-standard terms, including internet 
slang 

Contextual embeddings, lexicon 
mapping 

Although a variety of detection strategies exist, the uneven distribution of research effort, particularly 

the heavy focus on misspellings and abbreviations, highlights the need for more systematic, multilingual, 

and domain-adaptive approaches to underrepresented noise types. 
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4.3 Challenges in Noisy Text Identification and Gaps in Existing Research 

The results indicate that noisy text identification remains underrepresented in many normalization-focused 

studies, despite notable advancements in NLP (Mangla et al., 2024). One of the most frequently reported 

limitations is the lack of standardized datasets with explicit labels for different types of noise. While social 

media datasets are commonly used, they often lack detailed annotations for categories such as phonetic 

distortions, misspellings, or code-mixing (Baruah et al., 2024). 

Another commonly reported challenge stems from the linguistic variability found in informal text. 

Most existing detection models are trained predominantly on English-language corpora, reducing their 

generalizability to other languages (Kaur & Singh, 2020). For example, a study utilizing neural machine 

translation (NMT) for normalization highlighted the difficulty of detecting slang and informal expressions 

in the absence of a dedicated training corpus (Hidayat et al., 2020). Similarly, dictionary-based 

normalization techniques faced limitations when attempting to handle novel or evolving informal 

expressions not found in their lexicons (Ashmawy et al., 2023). Table 10 summarizes the key challenges 

identified by researchers. 

Table 10. Key Challenges in Noisy Text Research 

Challenge Description References 

Lack of Standardized Datasets No publicly available corpora with fine-grained, noise-type 
annotations (e.g., phonetic distortions, code-mixing), hampering 
technique comparison. 

(Baruah et al., 
2024; Mangla 
et al., 2024) 

Limited Language Coverage Most detection models are trained on English-only data, reducing 
their applicability to other languages. 

(Kaur & 
Singh, 2020) 

Difficulty with Slang & 
Informal Expressions 

NMT-based and other normalization approaches struggle to detect 
evolving slang or informal terms without dedicated corpora. 

(Hidayat et 
al., 2020) 

Constraints of Dictionary-
Based Techniques 

Lexicon-driven techniques fail to handle novel or rapidly changing 
informal expressions not present in predefined dictionaries. 

(Ashmawy et 
al., 2023) 

Need for Multilingual & 
Domain Adaptation 

Current techniques lack adaptability across diverse domains (e.g., 
social media vs. OCR text) and multilingual contexts, calling for 
tailored, resource-efficient frameworks. 

(Kaur & 
Singh, 2020) 

The challenge of handling informal text is particularly acute in multilingual Southeast Asian contexts. 

Cross-lingual effects, such as those introduced by machine translation tools on sentiment analysis (Enjop 

et al., 2022), further complicate detection and normalization pipelines. Rule-based approaches for 

abbreviation handling (Pradhan, 2021) and POS tagging strategies (Li et al., 2022) offer partial solutions 

but require extensive localization for each language variant. 

These findings underscore the need for multilingual and domain-specific approaches to improve 

detection performance across diverse language environments. 

4.4 Future Directions for Noisy Text Identification Research 

Future work on noisy text identification should focus on reducing reliance on extensive manual annotation 

while preserving detection accuracy. As highlighted by (Phukan et al., 2024), approaches that minimize 

human supervision are particularly important for scaling noisy text processing across domains and 

languages. In this context, unsupervised and semi-supervised learning methods have gained attention, as 

clustering and anomaly detection techniques allow noisy patterns to be identified without requiring large 

volumes of labeled data (Aziz et al., 2023). 

Another important direction concerns the limited coverage of non-English and low-resource 

languages. Existing studies remain heavily concentrated on English-language data, creating challenges for 

multilingual applicability (Rothe et al., 2021). Recent work suggests that transfer learning and pre-trained 

language models, such as BERT and RoBERTa, can partially address this imbalance by transferring 

knowledge from large general-purpose corpora to smaller, domain-specific datasets (Nguyen et al., 2020). 
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In addition, hybrid strategies that integrate rule-based heuristics with machine-learning classifiers 

offer a promising way to balance interpretability and adaptability. (Mansur et al., 2024) show that such 

combinations can improve robustness across diverse noise types, while broader cross-domain evaluation 

indicates that these models may generalize more effectively to social media, OCR-generated text, and 

conversational data (Yue et al., 2023). Further exploration of these hybrid and cross-domain approaches is 

therefore essential for developing more resilient and transferable noisy text identification systems. 

5. CONCLUSION 

This scoping review examines how existing studies approach the identification and classification of noisy 

text prior to normalization within NLP pipelines, emphasizing this step as a distinct yet frequently under-

specified component of preprocessing. Based on an analysis of 35 studies published between 2020 and 

2025, the review shows that many works proceed directly to normalization without clearly defining a 

dedicated identification stage. Where identification is addressed, researchers employ a range of approaches, 

including rule-based heuristics, statistical models, machine-learning classifiers, deep-learning 

architectures, and hybrid frameworks. Frequently reported noise phenomena include misspellings, phonetic 

variations, informal abbreviations, character elongations, and code-switching. 

Despite methodological progress, notable gaps persist, particularly in multilingual and low-resource 

settings. These include the absence of standardized benchmarks and taxonomies, limited annotated corpora, 

and inconsistent terminology across studies, which disproportionately affect languages such as Malay and 

code-mixed social media text. Addressing these limitations will require greater emphasis on shared 

resources, explicit noise-type labeling, and evaluation frameworks that support cross-domain and cross-

lingual comparison. 

Strengthening noisy text identification as a transparent and standalone preprocessing stage can 

contribute to more robust and interpretable NLP pipelines. Such efforts are especially important for 

informal, multilingual, and code-mixed data, where improved identification can enhance downstream 

performance and generalizability. 
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