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ext analysis, a crucial area within natural language processing (NLP), employs machine
learning algorithms to extract meaningful insights from textual data. This thesis explores the
primary techniques used in text analysis, detailing the processes involved in data collection,
preprocessing, model training, and evaluation. Emphasis is placed on the practical applications
and comparative effectiveness of different machine learning algorithms. A comparison table
summarizing the key characteristics of these algorithms is included to facilitate understanding.
The proliferation of digital text in various forms such as social media posts, news articles, and
customer reviews has led to an increased interest in text analysis techniques. These techniques,
powered by machine learning algorithms, enable the extraction of valuable information from
large textual datasets. This thesis investigates the fundamental methods of text analysis using
machine learning, highlighting their applications, strengths, and limitations [1].

The initial step in text analysis is data collection. This involves gathering text data from diverse
sources such as websites, databases, and APIs. Effective data collection ensures a comprehensive
dataset that represents the text domain of interest [2].

Web scraping involves extracting text data from websites using automated scripts. This method
is useful for collecting data from blogs, news sites, and forums, but must be used in compliance
with website terms of service [3].

APIs provide a structured way to access text data from platforms like Twitter, Reddit, and news
websites. APIs offer real-time data access and often come with rate limits and data usage policies
that must be adhered to [4].

Public datasets, such as those available from research institutions and open data repositories,
offer pre-collected and cleaned text data. Examples include the Reuters-21578 dataset for news
articles and the IMDDb dataset for movie reviews [5].

Table-1. Comparison of Data Collection Methods

Method  ||Strengths Weaknesses Applications
Web Customizable, access Compllagllce k_|ssues, poten_tlal t():Iollectlng o_Iata from
Scraping [to non-API data for_ ocking, requires|iblogs, news sites, forums
' maintenance. [3].
APIls Real-time data access,|Limited to what platforms||Real-time monitoring,
structured format. provide, rate limits. social media analysis [4].
Public Pre-collected and||May not cover specific needs, |Benchmarking, academic
Datasets ||cleaned, ready to use. |static. research [5].

Before applying machine learning algorithms, text data must be preprocessed to ensure
consistency and quality. Key preprocessing steps include tokenization, stop word removal,
stemming, and lemmatization [6].

Tokenization splits text into individual words or tokens. This step is fundamental for text
analysis as it converts raw text into manageable pieces for further processing [7].
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Stop words are common words (e.g., "and", "the", "is") that are usually removed from text data
because they carry little informational value. Removing stop words helps in reducing the
dimensionality of the text data [8].

Stemming reduces words to their root forms (e.g., “running” to "run"), while lemmatization
reduces words to their base forms based on their meaning (e.g., "better” to "good"). These
chniques help in normalizing text data [9].

Once the text data is preprocessed, machine learning algorithms are trained to perform various
text analysis tasks. Common tasks include text classification, sentiment analysis, and topic
modeling [10].

Text Classification

Text classification involves categorizing text into predefined classes. Algorithms such as Naive
Bayes, Support Vector Machines (SVM), and neural networks are commonly used for this task
[11].

Sentiment Analysis

Sentiment analysis determines the emotional tone of text. Techniques range from simple lexicon-
based approaches to advanced deep learning models like Recurrent Neural Networks (RNN) and
Transformers [12].

Topic Modeling

Topic modeling identifies underlying themes in a text corpus. Latent Dirichlet Allocation (LDA)
and Non-negative Matrix Factorization (NMF) are popular methods for this task [13].

Table-2, Comparison of Machine Learning Algorithms for Text Analysis

Algorithm Strengths Weaknesses Applications

Simple, fast, works ﬁfjiurgﬁzence feartrl:;e Spam detection,
Naive Bayes well with small erfgrm 6orl Wi t)h/ document

datasets. P poorly classification [11].

complex data.

High accuracy,
effective in  high-
dimensional spaces.

Text  classification,
sentiment analysis
[11].

Support  Vector
Machines (SVM)

Computationally intensive,
less interpretable.

Captures sequential [Training can be slow, may|Sentiment  analysis,
dependencies, good forsuffer ~ from  vanishing|(language modeling
time-series text. gradients. [12].

Recurrent Neural
Networks (RNN)

Handles long-range
Transformers dependencies, state-of-
the-art performance.

Sentiment  analysis,
translation, text
summarization [12].

Requires large datasets and
computational resources.

Interpretable, well-|Assumes a fixed number
suited for topic|[of topics, can be sensitive
discovery. to parameters.

Latent Dirichlet
Allocation (LDA)

Topic modeling, text
summarization [13].

22




INTERNATIONAL CONFERENCE PEDAGOGICAL REFORMS AND
THEIR SOLUTIONS

Text analysis techniques using machine learning algorithms play a crucial role in extracting

valuable insights from textual data. By leveraging advanced data collection, preprocessing,

model training, and evaluation methods, these techniques provide powerful tools for a wide

range of applications. The comparative analysis of different algorithms highlights their

respective strengths and weaknesses, guiding the selection of appropriate methods for specific
sks.
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