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Abstract: This paper presents an overview of text classification techniques, focusing on the pre-processing
steps, feature extraction methods, and model selection strategies employed in the process. Algorithms such
as Naive Bayes, Support Vector Machines (SVM), logistic regression, and neural networks are used.
Furthermore, recent advancements in deep learning models for text classification, including Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) are used. Comprehensive understanding
of text classification methodologies in NLP and insights into current trends and challenges in the field are
mentioned
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L. INTRODUCTION
Naive Bayes algorithm using Python: Use the popular scikit-learn library
#python
from sklearn.datasets import fetch_20newsgroups
from sklearn.feature extraction.text import TfidfVectorizer
from sklearn.naive bayes import MultinomialNB
from sklearn.pipeline import make pipeline
from sklearn.metrics import classification _report, accuracy score
from sklearn.model_selection import train_test split

# Load the 20 newsgroups dataset (a collection of newsgroup documents)
data = fetch 20newsgroups(subset="all', shuffle=True, random_state=42)

# Split the dataset into training and testing sets
X train, X test, y train, y test = train test split(data.data, data.target, test size=0.25, random_state=42)

# Create a pipeline with TF-IDF vectorizer and Naive Bayes classifier
model = make_pipeline(TfidfVectorizer(), MultinomialNB())

# Train the model on the training data
model.fit(X_train, y train)

# Predict the labels for the test set
y_pred = model.predict(X_test)

# Evaluate the model

print("Accuracy:", accuracy_score(y_test, y_pred))

print("\nClassification Report:")

print(classification_report(y_test, y_pred, target names=data.target names))
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Explanation:

B¥ Command Prompt - python NaiveBayes.py X

start by importing necessary modules from scikit-learn.

load the 20 newsgroups dataset using ‘fetch_20newsgroups()" function.

split the dataset into training and testing sets using "train_test split()* function.

create a pipeline consisting of a TF-IDF vectorizer and a Multinomial Naive Bayes classifier using
‘make_pipeline()" function.

train the model on the training data using 'fit()" method.

make predictions on the test data using “predict()’ method.

evaluate the model's performance by calculating accuracy and generating a classification report using
‘accuracy_score()” and “classification_report()’ functions respectively.
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Figure: Naive Bayes

Support Vector Machines:
Text classification using Support Vector Machines (SVM) in Python with the scikit-learn library. use the 20
newsgroups dataset

#python

from sklearn.datasets import fetch 20newsgroups

from sklearn.feature extraction.text import TfidfVectorizer

from sklearn.svm import SVC

from sklearn.pipeline import make pipeline

from sklearn.metrics import classification report, accuracy score

from sklearn.model_selection import train_test split

# Load the 20 newsgroups dataset

data = fetch_20newsgroups(subset="all', shuffle=True, random_state=42)
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# Split the dataset into training and testing sets
X train, X_test, y train, y_test = train_test split(data.data, data.target, test _size=0.25, random_state=42)

# Create a pipeline with TF-IDF vectorizer and Support Vector Machines classifier
model = make_pipeline(TfidfVectorizer(), SVC(kernel='"linear"))

# Train the model on the training data
model.fit(X_train, y train)

# Predict the labels for the test set
y_pred = model.predict(X_test)

# Evaluate the model

print("Accuracy:", accuracy_score(y_test, y_pred))

print("\nClassification Report:")

print(classification report(y test, y pred, target names=data.target names))

Explanation:

e import necessary modules from scikit-learn.

e load the 20 newsgroups dataset using “fetch_20newsgroups()* function.

e split the dataset into training and testing sets using "train_test split()" function.

e create a pipeline consisting of a TF-IDF vectorizer and a Support Vector Machines classifier using
‘make_pipeline()" function.

e train the model on the training data using *fit()" method.

o make predictions on the test data using “predict()’ method.

e cvaluate the model's performance by calculating accuracy and generating a classification report using
‘accuracy_score()” and “classification_report()’ functions respectively.

Figure: Support Vector Machines
Logistic Regression:
Text classification using logistic regression in Python with scikit-learn, using the 20 newsgroups dataset.

#python

from sklearn.datasets import fetch_20newsgroups

from sklearn.feature_extraction.text import TfidfVectorizer

from sklearn.linear_model import LogisticRegression

from sklearn.pipeline import make pipeline

from sklearn.metrics import classification report, accuracy score
from sklearn.model_selection import train_test_split

# Load the 20 newsgroups dataset
data = fetch_20newsgroups(subset="all', shuffle=True, random_state=42)

# Split the dataset into training and testing sets
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# Create a pipeline with TF-IDF vectorizer and Logistic Regression classifier
model = make_pipeline(TfidfVectorizer(), LogisticRegression(max_iter=1000))

# Train the model on the training data
model.fit(X_train, y_train)

# Predict the labels for the test set
y_pred = model.predict(X_test)

# Evaluate the model

print(" Accuracy:", accuracy_score(y_test, y_pred))

print("\nClassification Report:")

print(classification_report(y_test, y pred, target names=data.target names))

Explanation:

- import necessary modules from scikit-learn.

- load the 20 newsgroups dataset using “fetch 20newsgroups()* function.

- split the dataset into training and testing sets using “train_test split()" function.

-create a pipeline consisting of a TF-IDF vectorizer and a Logistic Regression classifier using ‘make pipeline()’
function.

- train the model on the training data using ‘fit()" method.

- make predictions on the test data using ‘predict()’ method.

- evaluate the model's performance by calculating accuracy and generating a classification report using
‘accuracy score()” and “classification report()" functions respectively.
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Figure: Logistic Regression

Conventional Neural Networks:
Text classification using a conventional neural network (also known as a feedforward neural network or multilayer
perceptron) in Python with Keras. use the 20 newsgroups dataset as before.

#python

import numpy as np

from sklearn.datasets import fetch_20newsgroups

from sklearn.model selection import train_test split

from sklearn.feature extraction.text import TfidfVectorizer
from keras.models import Sequential

from keras.layers import Dense, Dropout

from keras.utils import to_categorical

# Load the 20 newsgroups dataset
data = fetch_20newsgroups(subset="all', shuffle=True, random_state=42)

# Split the dataset into training and testing sets
X train, X_test, y_train, y_test = train_test_split(data.data, data.target, test_size=0.25, random_state=42)

# Convert text data to TF-IDF vectors

vectorizer = TfidfVectorizer()

X train_tfidf = vectorizer.fit_transform(X_train)
X test tfidf = vectorizer.transform(X_test)
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# Convert target labels to one-hot encoding
num_classes = len(np.unique(y_train))

y_train_onehot =to_categorical(y train, num_classes)
y_test_onchot =to_categorical(y_test, num_classes)

# Build a conventional neural network model

model = Sequential()

model.add(Dense(512, input_shape=(X_train_tfidf.shape[1],), activation="relu'))
model.add(Dropout(0.5))

model.add(Dense(256, activation="relu'))

model.add(Dropout(0.5))

model.add(Dense(num_classes, activation='softmax"))

# Compile the model
model.compile(loss='categorical crossentropy', optimizer="adam', metrics=['accuracy'])

# Train the model
model.fit(X_train_tfidf, y train onehot, epochs=5, batch_size=32, validation_split=0.1)

# Evaluate the model

loss, accuracy = model.evaluate(X_test tfidf, y test_onehot)
print('Test Loss:', loss)

print('Test Accuracy:', accuracy)

Explanation:
e import necessary modules from scikit-learn and Keras.
e load the 20 newsgroups dataset using “fetch 20newsgroups()* function.
e split the dataset into training and testing sets using “train_test_split()* function.
e convert text data to TF-IDF vectors using "TfidfVectorizer()" from scikit-learn.
e convert target labels to one-hot encoding using “to_categorical()' from Keras.
e build a conventional neural network model using ‘Sequential()’ from Keras and add dense layers with ReLU

activation and dropout for regularization.

e compile the model with categorical crossentropy loss and Adam optimizer.
e train the model on the training data using *fit()" method.
e evaluate the model's performance on the test data using "evaluate()’ method.
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Figure: Conventional Neural Networks

Recurrent Neural Networks(RNNs)

Text classification using Recurrent Neural Networks (RNNs), specifically Long Short-Term Memory (LSTM)
networks, in Python with Keras.

Use the IMDB movie review dataset for sentiment analysis.

#python

import numpy as np

from keras.datasets import imdb

from keras.models import Sequential

from keras.layers import Embedding, LSTM, Dense

from keras.preprocessing.sequence import pad_sequences

# Set parameters

max_features = 5000 # Number of words to consider as features
maxlen =400 # Cut texts after this number of words

batch_size = 32

embedding_dims = 50

epochs = 2 # Increase this value for better accuracy

# Load the data

(x_train, y_train), (x_test, y_test) = imdb.load data(num_words=max_features)
# Pad sequences to make them uniform length

x_train = pad_sequences(x_train, maxlen=maxlen)

x_test = pad_sequences(x_test, maxlen=maxlen)

# Define the model
model = Sequential()
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# Embedding layer
model.add(Embedding(max_features, embedding_dims, input_length=maxlen))

# LSTM layer
model.add(LSTM(100)) # You can adjust the number of LSTM units as per your requirement

# Output layer
model.add(Dense(1, activation="sigmoid'))

# Compile the model
model.compile(loss='binary_crossentropy’',
optimizer="adam’,

metrics=['accuracy'])

# Train the model
model.fit(x_train, y train,
batch_size=batch_size,
epochs=epochs,

validation data=(x_test, y_test))

# Evaluate the model

scores = model.evaluate(x_test, y_test, verbose=0)
print(" Accuracy: %.2f%%" % (scores[1] * 100))
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Figure: Recurrent Neural Networks

II. CONCLUSION
In conclusion, text classification stands as a cornerstone in Natural Language Processing (NLP), serving as a pivotal
tool for organizing, categorizing, and understanding textual data at scale.
Traditional machine learning algorithms like Naive Bayes, Support Vector Machines (SVM), and Decision Trees have
long been the cornerstone of text classification tasks, offering interpretable models and decent performance across
various datasets. However, with the advent of deep learning, particularly Convolutiona
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Recurrent Neural Networks (RNNs), and their variants like LSTM and GRU, text classification has seen remarkable
advancements in accuracy and scalability.

Moreover, transfer learning techniques leveraging pre-trained language models, such as BERT, GPT, and their
derivatives, have revolutionized text classification by providing models with rich contextual understanding and the
ability to generalize across diverse domains with minimal task-specific training data.
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