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The purpose of this research study is to analyse the approaches 

that are used in machine learning for the solution of natural 

language processing (NLP) issues. Also, the assessment criteria 

that are used in the performance analysis of these models are 

looked at as part of this investigation. We investigate the 

challenges that come with using machine learning for natural 

language processing (NLP), including the issue of data bias and 

the need that these models have the capacity to be explained. 

Research is conducted into a variety of supervised and 

unsupervised learning approaches, including as neural networks, 

topic modelling, and clustering. Also, a number of evaluation 

metrics, such as accuracy, precision, recall, and F1 score, are 

discussed. As the research comes to a conclusion, it is highlighted 

how important it is to find solutions to problems like data bias 

and the inability to explain results. This is done in order to 

ensure that the results generated by machine learning models for 

natural language processing are accurate and unbiased. 
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1. INTRODUCTION 
 

Machine learning is becoming an increasingly essential technology among the numerous 

applications of natural language processing (NLP), which has many benefits. These applications include 

anything from study of feelings to translation of languages. In this research study, we will investigate the 

many approaches that are used in machine learning for natural language processing (NLP) problems, as 

well as the evaluation metrics that are utilised to evaluate the performance of these models. In addition, 

we will investigate the many evaluation metrics that are utilized to evaluate the performance of these 

models. We will also discuss the challenges that come with using machine learning for natural language 

processing (NLP), such as the issue of data bias and the need for explain ability in the models that are 

used Figure 1. 

 

 
Figure 1. The Comprehension of Human Language by Robots is Made Possible through NLP 

 

1.1 Techniques for Using Machine Learning in Natural Language Processing 

In machine learning for natural language processing, both supervised and unsupervised learning 

strategies may be used as learning methodologies. Unsupervised learning algorithms are able to learn 

from data that has not been labelled, in contrast to supervised learning algorithms, which need access to 

data that has been labelled in order to train a model [1]. 

A prominent kind of supervised learning that is used in natural language processing (NLP) is the 

application of neural networks. Some examples of neural networks that are employed in NLP include 

convolutional neural networks (CNNs) and recurrent neural networks (RNNs). CNNs are often employed 

for text classification tasks like sentiment analysis, whilst RNNs are utilised for sequence-to-sequence 

tasks including language translation. Another prominent strategy for natural language processing is 

known as unsupervised learning. This kind of learning involves clustering as well as topic modelling 

(NLP). Although clustering algorithms can group documents that are similar together, topic modelling can 

uncover the underlying topics in a collection of documents. [C]lustering techniques can also group 

documents that are similar. Both methods are capable of doing analysis on substantial volumes of text [2]. 

 

1.2 CNN 

Convolutional neural networks, also known as CNNs, are a type of neural network that are 

frequently used in computer vision applications such as the categorization of images, the identification of 

objects, and the segmentation of images. CNNs are also referred to by their acronym, which stands for 

"convolutional neural networks." On the other side, CNNs have also been successfully used in natural 
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language processing (NLP) applications, such as text classification, sentiment analysis, and named entity 

recognition, amongst others [3]. 

CNNs are able to accomplish their aim of automatically finding hierarchical representations of 

the data that they are provided with because they submit the input to a series of convolutional filters in 

succession. The filters, which are typically rather small in size, slide over the input while carrying out 

element-wise multiplications and summations in order to extract local features. The goal of this process is 

to find patterns that are unique to the area. The created feature maps are then routed via a non-linear 

activation function such as the rectified linear unit (ReLU), which is a typical approach, in order to 

generate non-linearity. This is done so that the non-linearity may be formed [4]. 

Convolutional neural networks, often known as CNNs, are used in natural language processing. 

These networks may be trained to acquire sentence representations by thinking of phrases as strings of 

words. Word embedding, such as Word2Vec or GloVe, are used, as is standard procedure, in order to 

convert the words into dense vector representations. This process is called "word embedding." After that, 

the sequence of word vectors that was formed is fed into a convolutional neural network, also known as a 

CNN. Inside the CNN, convolutional filters slide along the sequence to extract local properties [5]. 

One of the numerous advantages of adopting CNNs in natural language processing is the capacity 

of CNNs to capture local features such as n-grams, which are vital for tasks such as sentiment analysis. 

This is only one of the many benefits of utilising CNNs (NLP). In addition, CNNs are easily capable of being 

parallelized, which enables them to analyse enormous amounts of text input in a timely manner [6]. 

On the other hand, CNNs are subject to a number of limitations in terms of NLP. For instance, 

they are not as effective as recurrent neural networks (RNNs) at capturing long-term connections, which 

may be essential for tasks such as machine translation. This is because RNNs are designed to learn from 

previous data. RNNs are a subclass of neural networks that were first created by IBM. Moreover, 

convolutional neural networks (CNNs) may be sensitive to the choice of key parameters, such as the 

number and size of filters, and may need additional tuning in comparison to more straightforward 

modelling techniques [7]. 

In general, convolutional neural networks (CNNs) are a useful tool for natural language 

processing (NLP) applications, and they have achieved state-of-the-art performance on a variety of 

different benchmarks Figure 2. Nevertheless, their utility is dependent on the characteristics of the data 

as well as the nature of the task at hand. In order to determine how well they perform in relation to other 

models, it is necessary to analyse them alongside other models [8]. 

 

 
Figure 2. Basic Architecture of CNN 

 

1.3 RNN 

In the area of natural language processing (NLP), recurrent neural networks (commonly 

abbreviated as RNNs) are a particular kind of neural network that is often employed in a variety of tasks. 

RNN is an abbreviation that stands for "recurrent neural network." RNNs, in contrast to feed forward 

neural networks, are able to process sequences of varying lengths, which distinguishes them from the 

latter. Feed forward neural networks only deal with inputs of a fixed length. As a consequence of this, the 
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applications of language modelling, machine translation, and speech recognition are all ideally suited for 

use with these networks [9]. 

RNNs are constructed to imitate sequential dependencies by maintaining a hidden state vector 

that is updated at each time step. This allows the RNN to improve its performance over time. Because of 

this, the RNN is able to gain knowledge from its previous encounters. When the hidden state is first 

created, it is typically initialised to a vector of zeros. The hidden state is then updated by first applying a 

recurrent weight matrix to the input and the previous hidden state, and then passing the result through a 

non-linear activation function such as the hyperbolic tangent or the sigmoid function. When the hidden 

state is first created, it is typically initialised to a vector of zeros. When it is initially formed, the hidden 

state is often initialised with a vector of zeros as its value. Following that, the newly constructed hidden 

state vector is used in either the process of creating a prediction or the generation of the subsequent 

output in the sequence, depending on which of the two is being carried out [10]. 

One of the most important advantages of using these models is that RNNs are able to identify 

long-term correlations in sequences, which is one of the benefits of utilising these models. This is because 

the hidden state vector is able to keep information on the whole history of the sequence inside its 

memory. This has led to the current situation. This gives the network the capacity to generate predictions 

based on the context of events that occurred a very large number of time steps in the past. In addition, 

RNNs may be taught from scratch using a technique called back propagation through time, which teaches 

them how to optimise the representation of their hidden states in line with the task at hand that is being 

carried out [11]. 

On the other hand, RNNs are subject to a variety of other issues. It may be challenging for them to 

acquire long-term dependencies due to the vanishing gradient issue, which occurs when the gradients 

that are used to update the weights become extremely small as they propagate back through time. This 

problem can make it challenging for them to acquire long-term dependencies. One of the challenges that 

you can have when attempting to teach them is dealing with this issue. There have been many other types 

of RNNs proposed as potential solutions to this issue. Such examples are long short-term memory (LSTM) 

networks and gated recurrent units (GRU) networks. In order to more successfully maintain gradient flow 

throughout longer periods, these networks make use of a variety of mechanisms [12]. 

There are a number of limitations associated with RNNs, one of which is that the process of 

training them may need a significant amount of computer power. This is true, in particular, for very 

extended sequences. This is because the hidden state vector has to be updated at each and every single 

time step, and the network needs to be unrolled throughout the whole sequence while it is being trained. 

Both of these steps are necessary when the network is being trained. When trained on restricted datasets, 

RNNs have a greater risk of falling victim to over fitting, which may lead to poor generalization 

performance [13]. 

In general, recurrent neural networks, also known as RNNs, are an effective tool for natural 

language processing (NLP) applications, and their performance on a variety of benchmarks has achieved 

the state of the art. Nevertheless, their utility is dependent on the characteristics of the data as well as the 

nature of the task at hand. In order to determine how well they perform in relation to other models, it is 

necessary to analyse them alongside other models. In addition, researchers are continually researching 

into new designs and training techniques for RNNs in an attempt to overcome the limitations of these 

models and raise their overall performance. This is being done in an effort to improve RNNs [14]. 

 

1.4 Cluster Modeling 

Cluster Modeling, which is sometimes referred to as clustering, is a technique that is used in the 

area of machine learning to group data points that are similar to one another on the basis of the features 

that they have. Clustering is a method that is often used in the processes associated with unsupervised 

learning. While working on projects of this kind, the goal is to identify patterns or structures within the 

data without making use of labeled examples [15]. 

The K-means clustering method is a common approach that may be used for the process of 

grouping data; however, this is not the only method for clustering data; there are other alternative 

approaches. The purpose of the k-means clustering approach is to ultimately achieve the aim of 
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iteratively segmenting the data into k clusters. It is possible to do this by finding a way to minimize the 

sum of squared distances between each data point and the centroid of the cluster to which it is 

geographically closest. The method begins by initially randomizing k centroids, and it then alternates 

between assigning each data point to the centroid that is geographically closest to it and then updating 

the centroids based on the mean of the data points that are geographically closest to each cluster. Finally, 

the method concludes by assigning each data point to the centroid that is geographically farthest from it. 

The procedure is finished either when the cluster assignments are no longer being reshuffled or when a 

maximum number of iterations through the algorithm has been reached, depending on which of these 

two conditions is met first [16]. 

Clustering may also be done in a hierarchical fashion, which is a common approach. This 

approach depicts the degree of similarity between the data points by building a tree-like structure, which 

is referred to as a dendrogram. This structure is constructed using this method. While doing 

agglomerative hierarchical clustering, the algorithm first treats each data point as its own cluster before 

moving on to the next data point. After that, the method iteratively combines the two clusters that are 

geographically nearest to one another until all of the data points are a part of a single cluster. This process 

continues until all of the data points have been incorporated. It is common practice to employ a linkage 

criterion, such as full linkage, average linkage, or Ward's approach, when attempting to ascertain the 

distance that exists between clusters. Several distinct approaches are possible for achieving this goal [17]. 

Clustering has the potential to be used in a wide variety of contexts, such as the classification of 

customers, the detection of anomalies, and the segmentation of images. Clustering is a method that is 

used in natural language processing (NLP), and it can be used to group together phrases or documents 

that are similar based on their content. Clustering is a technique that can be used to group together 

phrases or documents that are similar. For instance, clustering may be used to gather news items that are 

linked to one another thematically, or it can be used to detect reviews or comments that are similar based 

on the tone that they communicate. Both of these applications are examples of how clustering can be used 

[18]. 

However, clustering does not come without its own set of challenges and limitations. When the 

data is high-dimensional or noisy, one of the issues is that it may be difficult to determine the appropriate 

number of clusters to use. This is one of the challenges that may be faced. This is especially important to 

keep in mind while dealing with complicated data. In addition to this, clustering may be sensitive to the 

choice of distance metric or linkage criteria, and it may need more tweaking than models with fewer 

moving components in order to provide accurate results. Due to the fact that clustering is a kind of 

unsupervised learning, it is likely that the generated clusters may be difficult to interpret without 

additional domain knowledge or further validation from the outside [19]. 

Clustering is a helpful way for revealing hidden patterns in data and has different applications in 

natural language processing as well as other domains. In general, clustering is a useful method for 

exposing hidden patterns in data. Yet, it is very necessary to pay careful thought to the specific problem at 

hand and the data that are available, as well as to evaluate the efficacy of clustering models by using the 

appropriate metrics and validation methods [20]. 

 

1.5 Topic Modelling 

The discipline of topic modelling is a strategy that is used in the domains of natural language 

processing and machine learning. This approach is utilized as a way to locate topics or themes that are 

included within a massive corpus of text data. It comprises doing an examination of the co-occurrence 

patterns of terms within the text data and then clustering those words into groups based on the semantic 

similarity of the phrases in each category. This is followed by presenting the results of the analysis. 

While the Latent Dirichlet Allocation approach is the one that is applied in topic modelling the 

majority of the time, there are a variety of alternative algorithms that may also be used in this process 

(LDA). The Latent Dirichlet Allocation (LDA) model is a generative probabilistic model that operates on 

the premise that each document in the corpus is a mixture of themes, and that each topic is a probability 

distribution over individual words. The Linguistic Data Analysis group is responsible for the creation of 

LDA. 
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The LDA algorithm kicks off its process by first randomly classifying the words in the corpus into 

the various themes. After that, it moves on to the next step in the process. After that, it performs a series 

of iterative adjustments to the topic assignments by first determining the probability that each word in 

each document is associated with the respective topic, and then modifying the topic assignments 

depending on the results of this calculation. This procedure will be repeated until the topic assignments 

are as exact as they can possibly be. Iterations will be performed by the algorithm repeatedly until the 

topic assignments arrive at a solution that is consistent. 

When the LDA algorithm has established which topics are present in the corpus, it can be put to 

the duty of evaluating and summarizing the information that is found in the text data. This may be 

accomplished by using the LDA method. It is possible to use it, for instance, to find the most essential 

subjects or issues covered in a set of news items or to determine patterns in the data acquired from 

customer feedback. Another application for it is to decide which news items include the most important 

topics or problems. 

The idea of topic modelling may also be used to the study of various kinds of data, including 

sensor data and photos, amongst others. For example, in the field of remote sensing, topic modelling can 

be used to recognise patterns in satellite data that are associated with land cover, land use, or 

environmental variables. This can be done, for instance, by analysing the data in order to determine 

whether or not the patterns are caused by human activity. 

Topic modelling is a powerful approach that can be used for the study of large and intricate 

datasets, as well as the extraction of helpful insights from such datasets. In general, this may be 

accomplished by using topic modelling. 

Evaluation Criteria for the Application of Artificial Intelligence to Natural Language Processing. It 

is possible to evaluate the effectiveness of machine learning models for natural language processing using 

a wide variety of various metrics (NLP). The F1 score, along with accuracy, precision, and recall, are some 

common examples of metrics that are used in evaluation. Because of their utility, text classification tasks 

such as sentiment analysis often make use of these measurements. 

When assessing candidates for positions that include language translation, some potential 

metrics to employ include the BLEU score as well as the METEOR score. Although the METEOR score 

examines the degree of quality over the whole of the translation, the BLEU score determines how well the 

freshly generated translation matches a pre-existing corpus of reference translations. 

 

1.6 The Challenges that Come with Using NLP Along with Machine Learning 

When applying machine learning to natural language processing, one of the most significant 

challenges that immediately presents it is the issue of data bias. The results that are produced by machine 

learning models might be distorted due to the fact that the algorithms could learn from biased data and 

then continue to propagate those biases. A model of sentiment analysis that has been trained on biased 

data, for example, may give erroneous conclusions when applied to certain groups of persons. This may 

happen because specific groups of people are more likely to express certain opinions. 

The need that these models must be explainable is another challenge that must be surmounted. 

Because of the intricacy of the models themselves, it may be difficult to understand the decision-making 

process that underpins NLP models. If the capacity to explain things is going to be preserved, it is very 

necessary to make certain that the model is able to provide judgments that are both accurate and 

impartial. 

 

2. CONCLUSION 
 

Jobs related to natural language processing (NLP) now need the use of machine learning 

approaches, and several algorithms have been developed to solve a wide range of issues. The task at hand 

and the desired result both have a role in determining the evaluation criteria that should be used to 

machine learning models that are employed in natural language processing (NLP). It is vital, however, to 

find solutions to difficulties like as data bias and a lack of explain ability in order to ensure that the results 

provided by these models are credible and impartial. Research and development efforts will undoubtedly 

https://journal.hmjournals.com/index.php/JAIMLNN


Journal of Artificial Intelligence, Machine Learning and Neural Network (JAIMLNN)             ISSN: 2799-1172     117 

 

 

Journal homepage: https://journal.hmjournals.com/index.php/JAIMLNN 

result in activities involving natural language processing (NLP), in which machine learning will 

unquestionably play a role that is becoming an increasingly crucial component. 
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