International Journal of Science and Research (1JSR)
ISSN: 2319-7064
SJIF (2022): 7.942

A Comprehensive Study of Using Artificial Neural
Networks for Natural Language Processing

Dr. Milind Nemade®, Dr. Vaishali Wadhe?, Preksha Shah®, Vraj Parekh*, Om Sohani®,
Smita Prajapati®, Sakshi Zanjad’

'H.0.D, Attificial Intelligence and Data Science, K. J. Somaiya Institute of Technology, Sion, Mumbai
2professor, Avtificial Intelligence and Data Science, K. J. Somaiya Institute of Technology, Sion, Mumbai
%.4.5.6. 75y dents, Artificial Intelligence and Data Science, K. J. Somaiya Institute of Technology, Sion, Mumbai

Email: mnemade[at]somaiya.edu,vwadhe[at]somaiya.edu, preksha08[at]somaiya.edu, vraj.mp[at]somaiya.edu,
om.sohani[at]somaiya.edu, smita.prajapati[at]somaiya.edu, sakshi.zanjad[at]somaiya.edu

Abstract: In the most recent timeframe, Artificial neural networks (ANNs) along with natural language processing (NLP) have come
together catalyzing revolutionary advances in the study of computer linguistics. The symbiotic link between ANNs and NLP is
thoroughly examined in this research paper, providing insights on how the two technologies could revolutionize how machines
comprehend, produce, and engage with human language. ANNs have emerged as a key technology for NLP tasks, spanning from word
embeddings and syntactic analysis to complicated language synthesis and comprehension tasks. ANNs were inspired by the extensive
network of interconnected neurons in the human brain. The paper starts out by taking a methodical tour of the many different ways that
ANNSs are used in NLP. Although ANNs have improved NLP models' capabilities, their influence extends beyond textual data. Due to
ANNs, multi-modal NLP—the integration of text with other types of input like images—has gained Substantial progress. Tasks like
picture captioning and visual question answering are made simpler by models that mix visual and textual information. This research
study essentially provides a broad examination of how ANNs have evolved into the foundation that supports modern NLP. The
interaction between these two fields has sped up the creation of intelligent systems that can understand and produce human language
with astounding precision and fluency.

Keywords: Artificial Neural Networks(ANNs), Natural Language Processing(NLP), Computer Linguistics, Word Embeddings, Syntactic
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1. Introduction

One of artificial intelligence's most fascinating and difficult
areas is natural language processing (NLP). Due to the
endlessly complicated, ambiguous, and contextually
sensitive nature of human language, NLP researchers are
always looking for creative approaches to narrow the gap
between human communication and machine understanding.
It si for this reason that the amalgamation of Artificial
Neural Networks (ANNs) has become a crucial turning
point, changing the NLP landscape by allowing computer
systems with the ability to perceive, synthesize, and modify
language in ways that were previously thought to be
unachievable.

In the past, NLP used statistical and rule-based methods,
frequently battling the inherent ambiguities of language
interpretation. However, by utilising their built-in capacity
to mimic the linked neurons of the human brain, ANNs have
brought about a new age by enabling them to recognise
complicated patterns within vast linguistic data sets. This
cognitive resemblance has been especially effective in
handling complexities of language that conventional rule-
based systems are unable to handle. The depth and breadth
of NLP capabilities have fundamentally changed as a result
of the foundation that ANNs have built for extracting
meaning from text, identifying sentiment, translating
languages, providing answers, and creating contextually
relevant information. Their capacity to process
the sequential and contextual data serves as the driving force

behind ANNs' effectiveness in NLP. A detailed
understanding of the context is essential because of the
sequential structure of language, in which a word's meaning
is frequently changed by the words that come prior to and
subsequent to it. Recurrent neural networks (RNNs), which
display a memory-like capability because of their cyclic
connections, effectively handle this issue [3], [15].
Conversely, by utilizing their capacity for collecting local
patterns, convolutional neural networks (CNNSs), which have
excelled in image recognition tasks, have been applied to
NLP and are now indispensable for tasks like classification
of texts and sentiment analysis.[2]

The incorporation of transformer architecture has increased
ANNSs' effectiveness in NLP even further. Transformers,
originally intended for machine translation, laid the way for
a breakthrough in contextual language understanding and
generation models like BERT i.e Bidirectional Encoder
Representations from Transformers and GPT i.e Generative
Pre-trained Transformer. BERT's bidirectional attention
method enables it to take into account both left and right
context, significantly enhancing performance in tasks like
named entity identification and question answering [17]. The
unidirectional attention mechanism of GPT, on the other
hand, enables it to generate text that is coherent and
contextually  appropriate, resulting to remarkable
improvements in dialogue systems, content production, and
even creative writing. The growing use of ANNs in NLP is
not without its difficulties, though. Scalability issues arise
from the need for more data and computer power to train
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increasingly complicated models. The 'black-box' nature of
some deep learning systems also creates interpretability
concerns, which can be extremely important in fields where
transparency and accountability are crucial. In this review
article, we dive deep into the crucial function that ANNs
perform in the field of NLP. We seek to present an informed
overview of the varied contributions that ANNs have made
to developing NLP through a thorough investigation of their
use in diverse tasks and the architectural modifications
adapted to linguistic nuances. This study aims to provide a
comprehensive knowledge of how ANNSs have sparked an
evolutionary change, revolutionizing NLP and redefining the
way machines read and interact with human language by
examining the nuances, successes, and limitations.

2. Literature Survey

The dynamic integration of artificial neural networks
(ANNs) with natural language processing (NLP) is
investigated in this research review. We explore important
topics including word embeddings, sequence modelling,
transformers, and generative models, emphasizing
techniques that have transformed NLP tasks and encouraged
more in-depth linguistic comprehension and inventive
language production. Given below are some important
aspects of the survey findings:

A) Word Embeddings and Semantic Representations:

The development of word embeddings represented the
starting point of the integration of Artificial Neural
Networks with Natural Language Processing. Initial tests
using ANNs to encrypt words into dense vector spaces and
capture connections between them include Word2Vec
(Mikolov et al., 2013), GloVe (Pennington et al., 2014), and
FastText (Bojanowski et al., 2017). By enabling models to
recognize nuanced word correlations, these embeddings
transformed natural language processing (NLP) and
accelerated developments in sentiment analysis, named
entity recognition (NER), and classification of texts.[2],[6]

B) Sequence Learning and Recurrent Neural Networks
(RNNs):

Elman (1990) first put forward recurrent neural networks
(RNNs), which later became the foundation for sequence
modelling in NLP. They were well suited for applications
like language modelling and machine translation because of
their natural tendency to remember sequential context [17].
The development of Long Short-Term Memory networks
(LSTMs) by Hochreiter and Schmidhuber (1997) and Gated
Recurrent Units (GRUs) by Cho et al. (2014) alleviated
vanishing gradient concerns, allowing the modelling of long-
range relationships. RNNs represented a paradigm
transformation in the critical areasof language
comprehension known as sequential information.

C) Convolutional Neural Networks (CNNs) For Text:

Convolutional Neural Networks—originally designed for
visual analysis—found coherence in text analysis through
Kim's work in 2014. CNNs have proven useful in extracting
local characteristics from texts, which makes them proficient
at sentiment analysis and classification of texts [8]. Yoon
Kim's approach improved document categorization and

sentiment analysis by identifying patterns inside phrases
using pre-trained word vectors and neural layers.

D) Transformers and Contextual Understanding:

A turning point in NLP was the release of the Transformer
architecture (Vaswani et al., 2017). Transformers enhanced
contextual comprehension by utilising self-attention
methods to process sequential inputs in parallel. Devlin et al.
(2018) invented BERT, a transformer-based model that was
pre-trained on enormous corpora and achieved cutting-edge
scores on several NLP benchmarks. Contextual embeddings
from BERT were crucial for tasks including text completion,
NER, and question answering [2], [8].

E) Generative Models and Creative Text Generation:
Through models like GPT (Radford et al., 2018), ANNs
added a new dimension to language production
Autoregressive decoding was used by Generative Pre-trained
Transformers to produce contextually coherent text. Due to
GPT-2's capacity to produce high-quality information,
controlled release techniques were thought about. These
capabilities were further enhanced by GPT-3 (Brown et al.,
2020), opening the door for a variety of applications
including code creation, conversational bots, and creative
writing.

F) Multimodal NLP:

By branching out towards multimodal NLP, ANNs have
gone beyond the textual domain. Models that connected text
and image comprehension enabled collaborative analysis for
tasks including picture captioning and visual question
answering. These models illustrated ANNS' ability to derive
meaning from a variety of data sources, broadening the
range of NLP applications.

G) Challenges and Future Prospects:

Despite ANNSs' revolutionary impacts, problems still exist.
Biases in models, which are an example of ethical issues
(Bolukbasi et al., 2016), call for the creation of systems that
are more impartial and accommodating. The key concerns
continue to include scalability, consumption of energy, and
model interpretability. The examination of under-resourced
languages, efficient model designs, and transfer learning
breakthroughs are among the future research themes that
will broaden the use and influence of ANNs.

Table 2.1: Fundamental insights of the survey

Key Aspects Fundamental Insights
Word embeddings and Semantic relationships captured
semantic representation and enhancements in NLP tasks.
LSTM, GRU addressing sequence

dependencies.

Local patterns for text
classification, sentiment analysis.
Transformers and contextual |Impact of transformer architecture

understanding on NLP.
Generative models and GPT models enabling auto-
creative text generation regressive text generation.

Multimodal NLP ANNSs expanding ir_]to multimodal
analysis.

Sequence learning and RNNs

CNNs for text

Ethical Concerns and

Biases in language models.
challenges guag

Unsupervised learning and hybrid

Future innovations
models outlook.
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3. Methodology

Artificial Neural Networks (ANNSs) have been extensively
applied to various operations that involve Natural Language
Processing, enhancing their capabilities and achieving state-
of-the-art results. The selection of ANN concepts, data
preprocessing, training methods, and performance
evaluation are all covered in this part. This approach tries to
decipher the complex language structures by using ANN
technologies. It makes it possible for variety of NLP
applications to help machines understand, produce, and alter
human language. In this section, we represent a systematic
study of how we can use prominent ANN techniques for
some primary natural language processes.

A. Convolutional Neural Networks (CNNS):

In the field of Natural Language Processing (NLP),
Convolutional Neural Networks (CNNs), which are well
known for their abilities in image analysis, have
outperformed traditional barriers to develop into effective
technologies. This paradigm change results from CNNSs'
capacity to adapt and efficiently interpret sequential data,
which is a fundamental component of language structures. In
this situation, CNNs make use of their amazing capacity to
identify specific trends and levels in text [12] [15]. CNNs
convolve over language sequences to find important
characteristics by considering words or characters as
equivalent to pixels, revealing textual intricacies that may
defy conventional approaches. Let's examine how
Convolutional Neural Networks are used in a few crucial
areas of natural language processing.

1)  Duplicate  Detection: In  duplicate detection,
Convolutional Neural Networks (CNNs) are used to
examine the structural similarities between pairs of text data.
CNN s treat the text sequences as word grids in this situation.
The network candiscover specific patterns and
characteristics that denote similarity by applying
convolutional filters to these grids. By altering its internal
parameters, the CNN develops the ability to distinguish
between real text pairings and duplicates throughout
training. For instance, the CNN might find terms or sentence
patterns that are present in comparable queries when
detecting question duplicates. The network can detect
semantic similarities even when words are rearranged or
rephrased since it can capture these local patterns [16].
CNNs are an effective tool for upgrading search engines,
content recommendations, and quality control in text-based
platforms because they accurately detect duplicates by
extracting pertinent aspects from text data.

2) Sentiment Analysis: To extract significant elements from
text input, sentiment analysis uses convolutional neural
networks (CNNs). CNNs consider text as a one-dimensional
series of word embeddings. In order to identify specific
trends and characteristics, the convolutional layers scan
through sections of the text. These patterns could reflect
words or word combinations that generate particular
emotions. The dimensionality is gradually decreased and
higher-level information is captured by pooling layers. The
fully linked layers are then provided with the newly learnt
characteristics for categorization. Because they can
automatically learn important features, including sentiment-

indicative n-grams, without the need for manual feature
engineering, CNNs excel at sentiment analysis.[2],[4]
However, because to their local concentration, recurrent
models like LSTMs or transformer models may fail to
capture long-range dependencies.

3) Question Answering: Convolutional Neural Networks
(CNNs) are used to answer questions by analyzing both the
query and its context (often a passage of text) in order to
retrieve the necessary information. CNNs are suited for
discovering important textual properties since they examine
local patterns within the input data. The CNN's
convolutional layers scan the question and context when
answering questions, collecting language patterns and
crucial terms for the given context [2], [12]. Then, max-
pooling or global-pooling layers emphasize the most
important details of these traits. In order to forecast the
answer span within the context, this condensed
representation is then combined with the question
representation. CNNs make it possible for question-
answering models to automatically pick out the relevant
elements of the context, assisting in the correct extraction of
answers from unstructured text.

B) Recurrent Neural Networks (RNNs):

Recurrent Neural Networks (RNNs) are a key advancement
in the field of Natural Language Processing (NLP), helping
to understand the temporal complexities of human language.
RNNs are specifically built to interpret sequential input,
unlike ordinary neural networks, and are therefore
particularly good at comprehending the contextual
connections that support language expression. RNNs have
cyclic connections, which give them an innate memory-like
capacity. This characteristic enables them to convey
backward and forward information with subtlety, suiting the
sequential nature of language. We will discover how to
apply RNNs for various significant NLP applications in this
section.

1) Machine Translation: Recurrent neural networks
(RNNs) are essential for machine translation because they
can identify the sequential relationships between words in
the source and target languages. RNNs are used in this
situation to represent the context and connections between
words in sentences. A RNN processes each word in the
original phrase while translating it, keeping the context
encoded in a hidden state. The RNN can understand the
semantic meaning of the phrase since this hidden state is
changed each time a new input word is received. As a link
between the source and destination RNNS, the final hidden
state is used. Based on the encoded information from the
source phrase, the RNN creates words one at a time for the
target language, producing a coherent translation. [7]
[9], Traditional RNNs, however, have trouble with distant
dependencies. In order to overcome the vanishing gradient
problem and efficiently capture longer context, more
sophisticated RNN variations, such as Long Short-Term
Memory (LSTM) and Gated Recurrent Units (GRU), are
frequently utilized. Despite the rise of more recent models
like transformers, RNNSs' sequential character remains an
important factor in the design of machine translation
systems.
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2) Part-of-speech (POS) tagging: The essential task of
Natural Language Processing known as Part-of-Speech
(POS) tagging is performed by Recurrent Neural Networks
(RNNS) [17]. In POS tagging, each word in a phrase is given
a grammatical category, such as a noun, verb, or adjective.
RNNs are a good choice for this task because of their
prowess in sequence modeling. RNNs carry out phrase
processing sequentially while retaining an internal memory
that stores contextual data. The RNN changes its hidden
state while taking into account both the current word and the
prior hidden state. Each word is represented as an input
vector. RNNs may detect word dependencies because of this
sequential processing.

3) Dependency Parsing: By identifying sequential
relationships in expressions, recurrent neural networks
(RNNs) play a significant part in dependency parsing.
Determining the grammatical connections between words in
an expression is the primary objective of dependency
parsing. The words in the expression are processed
sequentially by RNNs, which preserve hidden states that
encode contextual information about how each word relates
to the words preceding it. The direction and nature of the
relationships between words may be identified with the use
of this contextual information. Standard RNNs, on the other
hand, experience the vanishing gradient problem. This
restricts their capacity to detect long-range relationships. To
address this problem, more sophisticated variations like
Long Short-Term Memory networks i.e LSTMs or Gated
Recurrent Units i.e GRUs are frequently utilized. These
improved RNNs make it possible for dependency parsers to
successfully simulate complex linguistic relationships,
which contributes in the precise and contextually aware
syntactic analysis of sentences[15], [2], [4].

C) Long Short-term Memory (LSTM) Networks: Long
Short-Term Memory networks are known to handle serial
data. NLP utilizes LSTMs for the same. Long-range
relationships and context are particularly well-captured by
LSTMs in text. For tasks like text creation, sentiment
analysis, and machine translation in NLP, LSTMs are used.
LSTMs retain a cell state that enables the storage and
propagation of pertinent information over several time steps,
enabling them to recall data from earlier in the sequence. To
manage the flow of information and overcome the vanishing
gradient issue that conventional RNNs experience, they
make use of gates (input, forget, and output). As a result,
LSTMs are ideally adapted for comprehending language's
sequential character, in which a word's meaning frequently
depends on earlier ones [7]. Let us understand how LSTMs
are used in some important processes of NLP.

1) Emotion Analysis: In order to capture and understand the
temporal relationships and context inside text data, Long
Short Term Memory (LSTM) networks are used in emotion
analysis. Understanding the underlying sentiments and
emotions expressed in text is necessary for emotion analysis.
Since maintaining memory over sequences is essential for
understanding the changing emotional background, LSTMs
thrive in this situation. LSTMs process material in a
sequential manner, which enables them to recognize the
emotional undertones present in the word sequence. Each
LSTM cell features gates that regulate the flow of

information, allowing the network to save important
emotional cues while ignoring unimportant ones. Because of
this, LSTMs are proficient in detecting minute changes in
mood and emotion across a text [1], [12]. LSTMs may offer
a thorough grasp of how emotions develop and interact
within text by taking into account the context of earlier
words in relation to the present word, enabling precise
emotion analysis and sentiment categorization.

2) Named Entity Recognition: In Named Entity Recognition
(NER), long short-term memory (LSTM) networks are used
to identify sequential patterns and relationships in text.
Identification of things like names, places, and dates is a
component of NER. Since they can keep track of previously
processed words while processing new words, which is
essential for context interpretation, LSTMs excel in this task.
Each word is represented as an embedding vector in an
LSTM-based NER model [6]. These word embeddings are
loaded into the LSTM, which keeps track of contextual
information from earlier words in a hidden state. Due to this,
the model can identify the borders of named things and
categorize them into predetermined groups. Since LSTMs
are sequential, they may take into account a sentence's
whole context, which makes them useful in situations when
entity recognition calls for taking into account numerous
words. LSTMs improve the precision of NER models by
learning temporal relationships, assisting in the accurate
identification of named entities throughout text.

3) Text Classification: Since LSTMsare excellent at
identifying sequential relationships in text data, they are
useful for tasks where word order is important. LSTMs
interpret incoming text as a series of word embeddings while
classifying texts, preserving a hidden state that collects
contextual data. As a result, linguistic subtleties and long-
range dependencies may be captured by LSTMs [1]. When
determining sentiment, LSTMs can take into account the full
sentence, taking into account negations or modifiers that
affect the overall meaning. Traditional RNNs can learn
longer-term patterns because LSTMs alleviate the vanishing
gradient problem. The memory cells of LSTMs are updated
throughout training, enabling them to store and retrieve
pertinent information across long sequences. LSTMs
improve text categorization performance by taking into
account the complex grammatical structure  of
language and by capturing the temporal correlations between
words.

4. Experimental Analysis

1. Use of CNN for NLP processes (Sentiment analysis):

In this simple experiment, we have carried out sentiment
analysis using convolutional neural networks. The
embedding layer in this illustration turns words into dense
vectors, and is followed by a 1D convolutional layer. In
order to form the CNN framework, This layer uses the
ReLU activation function. The convolutional layer's most
crucial features are extracted using global max pooling, and
then binary classification is performed using a dense layer
with a sigmoid activation function. [1],[4]

This example imports the IMDb dataset, performs some
basic preprocessing on it, creates a CNN model for
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sentiment analysis, trains the model, assesses how well it
performed, makes predictions on the test data, and plots the
accuracy results as a bar chart. Due to its capacity to
recognize local patterns and hierarchical structures inside
text, CNNs are helpful in NLP and help with tasks like
sentiment analysis. The visual outcomes show how a CNN
can successfully identify sentiment-related characteristics.
The model's comprehension of text semantics is improved
by utilizing these patterns, which makes CNNs ideal for
NLP operations requiring the extraction of contextually
relevant feature information.

Sentiment Prediction Accuracy

Number of REverwi

Cosrect Incorrect
Predation ACEacy

Figure 4.1: Graphical representation of accuracy of
sentiment analysis

2. Use of RNN for NLP processes (Part-of-speech
tagging):

The RNN model we developed for POS tagging has three
layers: an embedding layer for representing words, a Simple
RNN layer for processing data sequentially, and then
softmax activation function with a dense layer for
predicting the possibility of POS tags. The model is trained
to optimize accuracy while minimizing the loss of sparse
categorical cross-entropy. The output layer of the RNN is
made to project the POS tag for each word in terms of POS
tagging. During training, the network discovers patterns
based on the connections between words and their
grammatical functions in diverse situations.[3]

The graphical comparison between the training and the
validation accuracy clearly depict that RNNs are good for
POS tagging. This is because they can anticipate the correct
grammatical categories for each word in a sentence by using
their sequential processing capacity to gather contextual
information and connections between words.

& Training and Validation Accuracy

~—— Training Accuracy
—— Validation Accuracy

0;0 0?5 1?0 1.‘5 ZTO 2;5 3.‘0 3.‘5 4.’0
Epoch

Figure 4.2: Pictorial comparison of training and validation

accuracy for every epoch

3. Use of LSTM for NLP processes (Text Classification)

In this Experiment, we make use of LSTM (Long Short
Term Memory) to demonstrate sentiment analysis for text
classification. Our model builds an LSTM-based model by
first learning meaningful word representations in the
embedding layer, then in the LSTM layer, which captures
sequential patterns. Using binary cross-entropy loss, the
model is trained, and the results of that training are
displayed. The performance of the model is then assessed
using the test data, which vyields the test loss and
accuracy.[2],[5].]9]

On plotting the graphs of the training accuracy and the
validation accuracy of the model, we notice that the model is
a perfect fit for text classification. The capacity of Long
Short-Term Memory (LSTM) networks to recognize distant
relationships in sequential input is a key factor in their
suitability for text classification tasks. It is important for
tasks like sentiment analysis, document classification, and
text categorization that LSTMs have the ability to
comprehend the context and semantics of text.

Training and Validation Accuracy

0.925 1(— Training Accuracy

0.900 { — Validation Accuracy

0.875

. 0.850

ac

5 0.825

Acc

0.800

0.775

0.750 4

0.725

0.00 0.25 0.50 0.75 1.00 125 150 175 2.00
Epoch

Figure 4.3: Graphical representation of the model accuracy

5. Conclusion

In this study, we conducted a thorough investigation of how
Acrtificial Neural Networks (ANNs) are used in Natural
Language Processing (NLP) procedures. The research we
conducted includes a thorough examination of the literature,
a methodology defining the incorporation of ANNs into
NLP tasks, and an empirical study highlighting the efficacy
of these complementary technologies. Our findings
illuminate the transformational influence of this symbiotic
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connection, which has considerably advanced research in the
field of Machine learning and Artificial intelligence.

Our thorough literature review sheds light on how ANNs
were integrated into NLP throughout time. ANNs have
revolutionized how machines interpret and comprehend
human language, from the invention of word embeddings
through the appearance of effective transformer-based
designs. The journey revealed the crucial role that word
embeddings play in capturing semantic nuances, the
outstanding ability of RNNs and LSTMs in modeling
sequential dependencies, the adaptability of CNNs in text
analysis, and the ground-breaking potential of transformer
models like BERT and GPT in achieving contextual
understanding and creative text generation [1],[2],[12]. The
development of ANNSs into multimodal domains, ethical
issues, and the never-ending pursuit of scalability and
interpretability were a few examples of the many dimensions
of this profound integration.

Our carefully designed approach provided a clear framework
for integrating ANNs into NLP procedures. The technique
provided a structured framework for utilizing the potential of
ANNSs, including everything from data pretreatment and
architectural design to training methods and performance
evaluation. The highlighted example showed how ANNs
might spot complex patterns in text, improving the model's
capability to classify text. The experiment used a CNN for
sentiment analysis. Another study depicts how RNNs have
efficiently incorporated part-of-speech tagging. The study
demonstrated how researchers may expand and modify
ANN:Ss for different NLP tasks, highlighting the applicability
and effectiveness of the approaches.

Our empirical investigation sheds light on the practical
advantages of using ANNs in NLP. We studied how the
model successfully collected sentiment-related information
from text, leading to precise sentiment analysis using a
CNN. We also successfully demonstrated tagging words to
their respective part-of-speech using RNN that precisely
captured the relationship between words of a sentence and
their grammatical values. Another one of our illustrations is
the LSTM networks that accurately classify text by
uncovering the pattern in a sequence of words and assigning
them to predefined classes. The robustness and capacity of
ANNs to process sequential data were made clear by the
visual depiction of model performance, accuracy of the
training and validation data, and confusion matrices. This
experimental validation supported the idea that ANNs are
essential tools for improving NLP tasks, demonstrating the
capability to provide cutting-edge outcomes.

The fusion of ANNs with NLP has wide-ranging effects on
several sectors. With the ability to understand and produce
human language, ANNs enable machines to do a variety of
tasks, such as customer sentiment analysis in business and
medical report extraction in healthcare, which improves user
experiences. The accessibility of open-source tools, pre-
trained models, and cloud-based platforms further
democratizes access to ANNs and proficient NLP skills.

This study summarized the transformational process of
incorporating ANNSs into NLP, from comprehending their

theoretical foundations to using them in practical settings.
The combination of theoretical insights, methodological
framework, and empirical validation emphasizes how
essential ANNs are in determining the direction of NLP in
the future. As this mutually beneficial connection develops,
the path ahead calls for academicians, practitioners, and
innovators to take full advantage of ANNSs in NLP, ushering
in a period of language interaction between people and
machines that has never before been possible.
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