Available online www.jsaer.com

Journal of Scientific and Engineering Research, 2020, 7(8):205-210

(5 ¢ : ISSN: 2394-2630
S e
@ VA Research Article  copen(USA): JSERBR

A Comprehensive Survey of Text Data Cleaning Techniques:
Challenges, Methods, and Best Practices

Akshata Upadhye

Data Scientist

Abstract Text data cleaning is a crucial preprocessing step in natural language processing (NLP) and text data
analysis aimed at improving the quality, reliability, and usability of textual information. This paper presents a
comprehensive survey of text data cleaning techniques useful in addressing the challenges encountered,
discusses the methodologies used, and provides best practices and recommendations for effective text data
cleaning. The paper begins by highlighting the importance of text data cleaning in the context of NLP and data
preprocessing. It emphasizes the impact of noisy and inconsistent text data on the performance of NLP tasks
such as sentiment analysis, text classification & clustering, and information retrieval. Challenges in text data
cleaning, including noise from typographical errors, inconsistencies in formatting, handling missing data, and
language specific nuances, which are discussed in detail. The paper then provides an overview of various text
data cleaning techniques by categorizing them based on their objectives and methodologies. Techniques such as
text normalization, tokenization, stemming, lemmatization, stopword removal, spell checking, regular
expressions, named entity recognition, and handling missing data are explored. Additionally, the paper discusses
the importance of adding n-grams during the cleaning process.Through evaluation and comparative analysis, the
effectiveness of different cleaning techniques is assessed, highlighting their impact on task accuracy, efficiency,
and robustness. Case studies are discussed to demonstrate the practical applications of text data cleaning,
including improving search relevancy and ranking in ecommerce platforms and enhancing the quality of
language models and embeddings for downstream NLP tasks. Therefore this paper underscores the critical role
of text data cleaning in enabling meaningful insights and knowledge extraction from textual information.

Keywords Text data cleaning, Natural language processing (NLP), Data preprocessing, Text normalization,
Text cleaning techniques, Sentiment analysis.

1. Introduction

In recent years, there has been an exponential growth of digital content across various platforms. This has led to
an abundance of textual data being generated and utilized for a variety of applications. Text data can be found in
nearly every aspect of modern communication and information exchange ranging from social media interactions
to customer reviews and from news articles to scientific publications, etc. However with the abundant
availability of textual information comes with significant challenges such as the inherent noise, inconsistencies,
and irregularities present within raw text data.

In the field of Natural Language Processing (NLP) and data preprocessing, the quality of the input data plays an
important role in determining the effectiveness and accuracy of downstream tasks. Text data is often collected
from diverse sources and is subjected to various forms of human expression and is prone to imperfections such
as typographical errors, misspellings, grammatical inconsistencies, and non-standard abbreviations. These
inherent irregularities not only hamper the interpretability and readability of the text but also pose formidable
barriers to the successful execution of NLP tasks.
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The importance of text data cleaning, therefore, cannot be overstated. Text data cleaning, also known as text
preprocessing or text normalization, encompasses of a range of techniques and methodologies aimed at
rectifying the imperfections present within raw text data. By systematically identifying and eliminating noise,
standardizing data formats, and enhancing data quality, text data cleaning serves as an important precursor to a
wide variety of NLP tasks such as sentiment analysis, text classification, text clustering, information retrieval,
machine translation, and more.

The impact of noisy and inconsistent text data on the performance of NLP tasks can oftentimes have a
significant impact. In sentiment analysis, for instance, the presence of misspelled words or grammatical errors
can distort the sentiment polarity of a text, leading to wrong classification results. Similarly, in text classification
tasks such as topic modeling or spam detection, the presence of irrelevant information or nonstandard
terminology can affect the accurate categorization of documents. Furthermore, in information retrieval systems,
the effectiveness of search algorithms heavily relies on the quality and coherence of the underlying text data.

In the context of these challenges, this paper aims to provide a comprehensive survey of text data cleaning
techniques by addressing the various challenges encountered, presenting a set of methodologies and approaches,
and offering best practices and recommendations for effective text data cleaning. Through an in-depth
exploration of the importance and implications of text data cleaning in the context of NLP and data
preprocessing, the aim of this research paper is to equip researchers and practitioners with the important
knowledge and tools needed for effective text data cleaning in order to harness the full potential of textual
information for diverse NLP applications.

Challenges in text data Cleaning

Cleaning text data consists of numerous challenges due to the inherent structure and complexity of textual
information.

Understanding these challenges and addressing them effectively is crucial for ensuring the reliability and
accuracy of downstream NLP tasks. The following are some of the key challenges encountered in text data
cleaning:

A. Noise from Typographical Errors, Misspelled words, and Non-Standard Abbreviations

Text data is often collected from various sources and contains typographical errors, misspelled words, and non-
standard abbreviations introduced during the process of data entry or transmission [1]. These errors not only
degrade the readability of the text but also reduce the performance and effectiveness of NLP tasks such as text
classification and named entity recognition. Cleaning text data involves identifying and correcting such errors
through techniques such as spell checking, tokenization, and normalization.

B. Inconsistencies in Formatting and Structure

Text data may exhibit inconsistencies in formatting and structure, arising from differences in writing styles,
document formats, or data collection methods [2]. For example, variations in capitalization, punctuation usage,
and datetime formats can affect the homogeneity of text data. Addressing these inconsistencies requires the
application of text normalization techniques to standardize the format and structure of the text across
documents.

C. Handling Missing Data

Text data may contain missing values or incomplete information which can pose challenges for data analysis
and modeling [3]. Missing data can arise due to various reasons, including data collection errors, data
corruption, or intentional omissions. Dealing with missing data in text requires implementing various strategies
such as imputation, where missing values are estimated based on existing data, or removal, where incomplete
observations are excluded from the analysis.

D. Dealing with Language-Specific Nuances

Text data cleaning must also account for language-specific nuances and variations in vocabulary, grammar, and
syntax [4]. Different languages often exhibit unique linguistic characteristics and challenges which requires
cleaning techniques and linguistic resources tailored to the specific language. For instance, stemming algorithms
may perform differently across different languages and language-specific dictionaries may be needed for spell
checking and correction and even for stop words.

E. Addressing Domain-Specific Challenges
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Text data cleaning might encounter domain specific challenges depending on the context of the NLP application
[5]. For instance, medical text data may contain specialized terminology and abbreviations, while social media
data may include slang, emojis, and non-standard language constructs. Understanding and addressing these
domain specific challenges is crucial for effectively cleaning text data for specific applications.

In summary, text data cleaning comes with a series of challenges such as noise, inconsistencies, missing data,
language specific nuances, and domain specific considerations, etc. Overcoming these challenges requires a
combination of domain knowledge, linguistic expertise, and computational techniques to ensure the quality and
integrity of the cleaned text data for downstream NLP applications.

3. Text Data Cleaning Techniques

Text data cleaning involves utilizing various of techniques to improve the quality and consistency of text data.
These techniques can be categorized based on their objectives and methodologies. Below is an overview of
some commonly used text data cleaning techniques:

A. Text Normalization

Text normalization involves standardizing text data by converting it to a uniform format. This typically includes
converting text to lowercase, removing punctuation marks, and expanding contractions to their full form [6].

B. Tokenization

Tokenization is the process of breaking down text into individual tokens, such as words or phrases for further
analysis.

C. Stemming and Lemmatization

Stemming involves reducing tokens to their base or root form. This helps in reducing the dimensionality of the
data and improving the efficiency of text processing tasks [7]. Lemmatization is also an alternative approach for
reducing words to their base or dictionary form known as lemma. Unlike stemming, which simply chops off
suffixes, lemmatization considers the context and performs a morphological analysis of the words to accurately
identify their base forms.

D. Stopword Removal

Stopwords are the most commonly occurring words that often carry little semantic meaning and can be safely
removed from the text without affecting its overall interpretation. Stopword removal helps in reducing noise and
dimensionality which helps in improving the efficiency of text analysis algorithms [8].

E. Spell Checking and Correction

Spell checking and correction techniques are often used to detect and correct misspelled words in text data. This
can be done using dictionaries, linguistic rules, or statistical methods to identify and suggest corrections for
misspelled words [9].

F. Regular Expressions

Regular expressions are a set of rules for pattern-matching used to identify and clean specific repetitive patterns
occurring in text data. They allow for flexible and precise manipulation of text data based on user-defined
patterns and rules [10].

G. Named Entity Recognition (NER)

Named entity recognition is the task of identifying and standardizing named entities such as person names,
locations, organizations, and dates in text data. NER techniques play a crucial role in information extraction and
language understanding tasks [11].

H. Handling Missing Data

Strategies for handling missing data in text include imputation where missing values are estimated based on
existing data and removal where incomplete observations are excluded from the analysis. These strategies help
in ensuring the completeness and integrity of the text data [12].

l. Adding frequent n-grams

N-grams are frequently co-occurring contiguous sequences of n words or characters extracted from text data.
They capture local contextual information and are often used in language modeling and text classification tasks.
These text data cleaning techniques form the foundation for preprocessing text data and are essential for
ensuring the quality and reliability of NLP applications.
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Evaluation and Comparative Analysis

Evaluating the effectiveness of different text data cleaning techniques is essential for understanding their impact
on the performance of various NLP tasks. Through examining and analyzing case studies, researchers can
compare the performance of cleaned datasets and assess the efficacy of various cleaning methods in improving
task accuracy, efficiency, and robustness.

A. Experimental EvaluationExperimental evaluations typically involves applying different text data cleaning
techniques to raw datasets and measuring their performance on a variety of NLP tasks. Metrics such as
accuracy, precision, recall, Fl-score, and computational efficiency are commonly used to evaluate the
effectiveness of cleaning methods. For instance, researchers might compare the performance of sentiment
analysis models trained on cleaned and uncleaned text data to assess the impact of cleaning techniques on
sentiment classification accuracy.

B. Case Studies

Case studies are useful in providing real-world examples of how text data cleaning can improve the quality and
effectiveness of NLP applications. For instance, in the context of ecommerce, cleaning product description data
can significantly enhance search relevancy and ranking algorithms. Thus, by removing noise and standardizing
product descriptions, ecommerce platforms can improve user experience and increase customer satisfaction.
Moreover, efficient text data cleaning can also enhance the quality of language models and embeddings used in
downstream NLP tasks such as text clustering and text categorization. By preprocessing text data effectively,
researchers can generate more accurate and meaningful representations of textual information, leading to
improved performance in tasks that require semantic understanding and context.

C. Comparative Analysis

Comparative analysis involves comparing the performance of different text data cleaning techniques across
multiple NLP tasks and datasets. Researchers could explore the impact of various cleaning methods on tasks
such as text classification & clustering, named entity recognition, machine translation, and information retrieval.
By analyzing the strengths and weaknesses of different cleaning techniques in different contexts, researchers can
identify best practices and recommendations for text data preprocessing.

In summary, evaluation and comparative analysis play a crucial role in assessing the effectiveness of text data
cleaning techniques and understanding their impact on NLP tasks. Through experiments, case studies, and
comparative analyses, researchers can gain insights into the optimal strategies that can be used for cleaning text
data and improving the performance of NLP applications.

5. Best Practices And Recommendations

Cleaning text data effectively often requires careful consideration of the specific requirements and relevant
knowledge of different applications and domains. By following best practices and recommendations, researchers
and practitioners can ensure the quality and integrity of text data for various NLP tasks. Below are some
guidelines for cleaning text data effectively:

A. Understand the Characteristics of the Text Data

Before applying any cleaning techniques, it is essential to understand the characteristics of the text data,
including its source, language, domain, and context of the application. Different types of text data may require
different cleaning approaches. For instance, social media data may contain informal language, abbreviations,
and emojis while scientific literature may contain specialized terminology and jargon.

B. Define Clear Objectives and Goals

It is important to define clear objectives and goals for the text data cleaning process based on the requirements
of the NLP task. This can be achieved by determining the specific aspects of the text data that need to be
addressed, such as noise, inconsistencies, or missing information. This will help tailor the cleaning techniques
according to the desired outcomes.

C. Select Appropriate Cleaning Techniques

Selecting cleaning techniques based on the characteristics of the text data and the goals of the NLP task is also
very crucial. Techniques such as text normalization, tokenization, stemming, stopword removal, spell checking,
and regular expressions should be considered if they are suitable for the language, domain, and complexity of
the text data.
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D. Prioritize Quality Over Quantity

It is vital to focus on improving the quality and reliability of the text data rather than simply maximizing the
quantity of cleaned data. Quality cleaning techniques can significantly enhance the performance of NLP tasks
and contribute to more meaningful insights and interpretations of the data.

E. Evaluate and Validate Cleaning Methods

Evaluating the effectiveness of cleaning methods through experiments, case studies, and comparative analyses
can be helpful to determine the impact of various techniques. It is important to assess the impact of cleaning
techniques on the performance of NLP tasks, such as classification accuracy, information retrieval precision, or
language model quality. By validating the results the robustness and reliability of the cleaning process can be
ensured.

F. Document the Cleaning Process

It is also important to document the cleaning process thoroughly, including the steps taken, the techniques
applied, and any decisions made during the cleaning process. Additionally it is useful to maintain clear records
of the original data and the cleaned datasets for reproducibility and transparency.

G. Iterate and Improve

Finally it is necessary to iterate on the cleaning process based on feedback and insights gained from the
evaluation and validation. Continuously refining and improving the cleaning techniques help in to adapting to
evolving data requirements and domain-specific challenges.

By following these best practices and recommendations the researchers and practitioners can effectively clean
text data for various NLP tasks by ensuring reliability, accuracy, and usability of the data for downstream NLP
applications.

6. Conclusion

Text data cleaning plays a fundamental role in natural language processing (NLP) and data preprocessing to
enable the researchers and practitioners to extract meaningful insights and knowledge from text data.
Throughout this paper, we have explored the importance of text data cleaning in enhancing the quality,
reliability, and usability of text data for various NLP tasks. The paper discusses the challenges encountered in
cleaning text data and provides a comprehensive overview of cleaning techniques and best practices by
highlighting the complexities and details involved in the text data cleaning process. By evaluating the
effectiveness of different cleaning methods through case studies and comparative analyses, we have
demonstrated the significant impact of text data cleaning on the performance of various NLP applications. By
discussing various case studies, we have illustrated how cleaning text data can improve search relevancy and
ranking on ecommerce platforms, enhance the quality of language models and embeddings, and ultimately
contribute to more accurate and efficient NLP tasks such as clustering and categorization. In conclusion, text
data cleaning is a critical first step to ensure success and effectiveness of NLP applications. Text data cleaning
enables researchers and practitioners to unlock the full potential of textual information across various domains
and applications. Therefore it is important to follow the best practices and recommendations, understand the
specific requirements and constraints of different applications and domains, and continuously refine and
improve cleaning techniques. Following these guidelines can help to harness the power of text data to drive
innovation and advancements in natural language processing.

References

[1] Mikolov, Tomas, Ilya Sutskever, Kai Chen, Greg S. Corrado, and Jeff Dean. Distributed
representations of words and phrases and their compositionality.” Advances in neural information
processing systems 26 (2013).

[2]  Esuli, Andrea, and Fabrizio Sebastiani. ”Training data cleaning for text classification.” In Conference
on the Theory of Information Retrieval, pp. 29-41. Berlin, Heidelberg: Springer Berlin Heidelberg,
2009.

[3] McKnight, Patrick E., Katherine M. McKnight, Souraya Sidani, and Aurelio Jose Figueredo. Missing
data: A gentle introduction. Guilford Press, 2007.

=
‘*‘3_,‘ SR
’% Journal of Scientific and Engineering Research

209



Upadhye A Journal of Scientific and Engineering Research, 2020, 7(8):205-210

(4]

(5]

(6]

(7]
(8]

(9]

[10]
[11]

[12]

Kd\
=/

Schierle, Martin, Sascha Schulz, and Markus Ackermann. ”From spelling correction to text cleaning—
using context information.” In Data Analysis, Machine Learning and Applications: Proceedings of the
31st Annual Conference of the Gesellschaft fur Klassifikation eV, Albert-" Ludwigs-Universitat
Freiburg, March 7-9, 2007, pp. 397-404. Springer” Berlin Heidelberg, 2008.

Saravanan, M., PC Reghu Raj, and S. Raman. ”Summarization and categorization of text data in high-
level data cleaning for information retrieval.” Applied Artificial Intelligence 17, no. 5-6 (2003): 461-
474,

Clark, Eleanor, and Kenji Araki. “Text normalization in social media: progress, problems and
applications for a pre-processing system of casual English.” Procedia-Social and Behavioral Sciences
27 (2011): 2-11.

Porter, Martin F. ”An algorithm for suffix stripping.” Program 14, no. 3 (1980): 130-137.

Schutze, Hinrich, Christopher D. Manning, and Prabhakar Raghavan.” Introduction to information
retrieval. Vol. 39. Cambridge: Cambridge University Press, 2008.

Wau, Jian-cheng, Hsun-wen Chiu, and Jason S. Chang. “Integrating dictionary and web N-grams for
chinese spell checking.” In International Journal of Computational Linguistics & Chinese Language
Processing, Volume 18, Number 4, December 2013-Special Issue on Selected Papers from ROCLING
XXV. 2013.

Friedl, Jeffrey EF. Mastering regular expressions. ” O’Reilly Media, Inc.”, 2006.

Yao, Lin, Hong Liu, Yi Liu, Xinxin Li, and Muhammad Waqas Anwar. "Biomedical named entity
recognition based on deep neutral network.” Int. J. Hybrid Inf. Technol 8, no. 8 (2015): 279-288.
Rubin, Donald B. ”Discussion on multiple imputation.” International Statistical Review/Revue
Internationale de Statistique 71, no. 3 (2003):619-625.

Journal of Scientific and Engineering Research

210



