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ABSTRACT 

Natural language processing (NLP) is the general name for the methods and algorithms 

developed for computers to understand, interpret and produce human language. NLP plays a 

critical role in many fields, from social media analyses to customer service, from language 

translation to healthcare. This paper provides a comprehensive overview of the basic concepts 

of NLP, popular algorithms and models, performance comparisons, and various application 

areas. Key concepts of NLP include language models, tokenisation, lemmatisation, stemming, 

POS tagging, NER and syntactic parsing. These concepts are critical for processing, analysing 

and making sense of texts. Language models include popular methods such as N-gram, 

Word2Vec, GloVe and BERT. NLP algorithms are classified as rule-based methods, machine 

learning methods and deep learning methods. Rule-based methods are based on grammatical 

rules, while machine learning methods work on the principle of learning from data. Deep 

learning methods, on the other hand, achieve high accuracy results by using large datasets and 

powerful computational resources. In the performance comparison section, it is stated that the 

algorithms are evaluated with metrics such as accuracy, precision, recall and F1 score. 

Advanced models such as BERT and GPT-3 show superior performance in many NLP tasks. 

In conclusion, the field of NLP is rapidly evolving, with significant advancements anticipated 

in several key areas. These include the creation of more effective and efficient models, efforts 

to reduce biases, enhanced privacy protection, the growth of multilingual and cross-cultural 

models, and the development of explainable artificial intelligence techniques. This paper 

provides a comprehensive overview to understand the current status and future directions of 

NLP technologies. 
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1. INTRODUCTION 

Natural language processing (NLP) is the general name of the methods and algorithms 

developed for computers to understand, interpret and produce human language. Given the 

complexity and diversity of language, NLP is a broad field involving many disciplines, both 

theoretical and applied. The first studies started at the intersection between linguistics and 

computer science, and today it has gained great momentum with the integration of artificial 

intelligence and machine learning techniques [1].  

Today, NLP plays a critical role in many fields from social media analyses to customer service, 

from language translation to healthcare. This wide range of applications has led to the need to 

improve the efficiency and accuracy of NLP algorithms and models. Various algorithms and 

models specifically designed for different tasks and applications have been developed [2][3].  

NLP algorithms are increasingly being used in various fields, especially healthcare, to extract 

valuable information from unstructured text data such as electronic health records (EHRs). 

Researchers have developed and validated NLP algorithms for tasks ranging from identifying 

sleep parameters from polysomnography reports [4] to extracting data from PSG sleep study 

reports [5] and even detecting inconsistencies in allergy information in EHRs [6]. These 

algorithms have shown promising performance on tasks such as identifying patients with 

hypoglycaemia [7] and shoulder injury cases related to vaccine administration [7]. 

The development of NLP algorithms has demonstrated the potential of NLP to improve 

healthcare outcomes by enabling the automatic detection of medical conditions such as 

peripheral arterial disease [8], delirium [9] and asthma [10] from clinical narrative notes. 

Furthermore, NLP has demonstrated its versatility in medical applications by being applied to 

tasks such as identifying skeletal site-specific fractures from radiology reports [11] and mental 

illness among people living with HIV [12]. 

NLP algorithms have also been used beyond healthcare, such as in the development of 

conversational AI for research abstracting, as in [13] and in the identification of fake news using 

machine learning algorithms [14]. These applications highlight the wide range of uses of NLP 

algorithms in different domains. 

With the increasing number of studies in the field of NLP, it has become important to develop 

a comprehensive understanding of the effectiveness of language models and algorithms 

[15][16][17]. In this context, the paper aims to examine the basic principles, advantages and 

disadvantages of different NLP algorithms. It also aims to compare the performance of these 

algorithms on various NLP tasks and provide suggestions for future research directions. 

In the rest of the paper, the basic concepts of NLP, popular algorithms and models will be 

discussed in detail and a comprehensive analysis will be made in the light of experimental 

results. In this way, it is aimed to provide a guiding resource for researchers and practitioners 

working in the field of NLP. 

2. BASIC CONCEPTS OF NATURAL LANGUAGE PROCESSING 

The basic concepts in the field of natural language processing (NLP) are the various techniques 

and processes used for computers to understand, analyse and generate texts and speech data 

[18]. In this section, language models and basic NLP tasks will be discussed in detail. 
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2.1. Language Models 

Language models are mathematical models used to learn the probabilistic structure of texts in 

a language and use this knowledge to create new texts. 

N-gram Models: N-gram models are simple and efficient language models that analyse word 

sequences in language into chunks of n-word length. For example, the phrase "natural language 

processing" can be represented as a sequence of three words (trigrams). N-gram models are 

particularly effective with small datasets, but have difficulty capturing long dependencies [19]. 

Language modelling is a process that models the structure and probabilities of language by 

learning the statistical properties of texts. These models are used in tasks such as word 

prediction, automatic text generation and language understanding [20]. 

2.2. Basic NLP Tasks 

Basic tasks in natural language processing include the preprocessing and analysis steps 

necessary to understand and analyse texts. These tasks form the basis for more complex NLP 

applications [21]. 

Tokenization: Tokenization is the process of breaking texts into smaller units such as words, 

sentences or characters. This process is the first step in making texts processable [22]. For 

example, the expression "This is an example sentence." is divided into tokens such as "This", 

"one", "example", "sentence". 

Lemmatization and Stemming: Lemmatisation is the process of reducing words to their root 

forms [23]. For example, the word "running" is lemmatised as "run". Stemming is a simpler 

and faster method to reduce words to their roots, but it does not always give the correct root 

form [23]. For example, the word "running" is stemmed as "run". 

Part-of-Speech Tagging (POS Tagging): POS tagging is the process of determining the 

grammatical role of each word in a sentence. This process allows words to be labelled with tags 

such as nouns, verbs, and adjectives [23][24]. For example, in the sentence "The quick brown 

fox jumps over the lazy dog", "quick" and "brown" are labelled as adjectives, "fox" as a noun, 

and "jumps" as a verb. 

Named Entity Recognition (NER): NER is the process of identifying proper names (people, 

places, organisations, etc.) in texts. This task plays a critical role in information extraction and 

text comprehension applications [21]. For example, in the sentence "Süleyman Demirel was 

born in Isparta", "Süleyman Demirel" is defined as a person and "Isparta" as a place. 

 

Syntactic Parsing: Syntactic parsing is the process of analysing the grammatical structure of 

sentences to determine the relationship and hierarchy between words. This process enables the 

visualisation of dependencies and grammatical structures between words using tree structures 

[22]. 

 

2.3. Semantic Analysis 

Semantic analysis is the process of understanding the meaning and content of texts. It aims to 

accurately decode the context and meaning of words and sentences [23]. 

Word Meaning and Context: The meanings of words may change according to the context in 

which they are found. Therefore, the context needs to be taken into account in order to analyse 
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the texts correctly [25]. For example, the word "bank" can mean both "river bank" and "financial 

institution", it is important to choose the correct meaning according to the context. 

Distributed Representation and Embeddings: Distributed representation methods are used 

to mathematically represent the meaning of words. Methods such as Word2Vec, GloVe and 

FastText represent words as vectors and numerically express meaning similarities and 

relationships [26].  

These basic concepts form the basis of the studies and models developed in the field of natural 

language processing. Language models and basic NLP tasks are critical for processing, 

analysing and making sense of texts. The concepts discussed in this chapter provide the 

foundation for understanding and developing more complex NLP applications. 

3. CLASSIFICATION OF NLP ALGORITHMS 

Natural language processing (NLP) algorithms aim to process, understand and generate 

language data using different approaches and methods. In this section, NLP algorithms are 

classified into three main categories: rule-based methods, machine learning methods and deep 

learning methods. 

3.1. Rule Based Methods 

Rule-based methods are based on the processing of language using specific rules and lexicons. 

These methods are usually based on linguistic knowledge and language rules. Rule-based 

systems process texts using grammatical rules and word lists. For example, predefined rules are 

used for verb conjugation rules, sentence structures and word types in a given language. These 

methods are effective in capturing structural and rule-based aspects of language [27][28]. 

Examples of rule-based methods include syntactic parsers used for grammatical analysis and 

spell checkers based on specific language rules. For example, a system that checks whether 

sentences are correct using English grammar rules is a rule-based NLP application [28]. 

3.2. Machine Learning Methods 

Machine learning methods are algorithms that perform language processing tasks by learning 

from data. These methods involve training models using data labelled for a specific task. 

Supervised Learning Methods: Supervised learning involves training models using labelled 

data sets. In these methods, the correct output label is known for each data sample and the model 

learns to predict these labels. For example, Naive Bayes and Support Vector Machines (SVM) 

algorithms used to detect spam e-mails are supervised learning methods [29]. 

Unsupervised Learning Methods: Unsupervised learning aims to discover hidden structures 

within the data using unlabelled data sets. In these methods, the correct output label for data 

samples is not known and the model learns patterns and clusters in the data set. For example, 

the K-Means algorithm for text clustering is an example of unsupervised learning [30]. 

3.3. Deep Learning Methods 

Deep learning methods are advanced algorithms that perform complex language processing 

tasks using artificial neural networks. These methods have the ability to learn from large data 

sets and perform high levels of abstraction [31]. 
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RNN (Recurrent Neural Networks): RNNs are neural network models used to capture 

sequential dependencies in language data. These models are effective in learning dependencies 

in sequential data such as time series and language data. For example, RNNs are frequently 

used in language modelling and text prediction tasks [32]. 

LSTM (Long Short-Term Memory): LSTMs are a type of RNNs and are designed to learn 

long-term dependencies more effectively. LSTM cells exhibit superior performance in language 

processing tasks thanks to their ability to store information long-term and forget redundant 

information [33]. 

GRU (Gated Recurrent Unit): GRUs are neural network models that work similarly to 

LSTMs but require less computation. GRUs are used to achieve fast and effective results in 

language processing tasks [34]. 

Transformer Models: Transformer models form the basis of large language models thanks to 

their ability to process dependencies in language data in parallel. These models process 

language data using attention mechanisms and form the basis of popular language models such 

as BERT and GPT. Transformer models are pioneers in tasks such as language translation, text 

generation and language understanding [35]. 

This categorisation helps us to understand how NLP algorithms work using different 

approaches and methods and in which situations they are most effective. Rule-based methods 

focus on linguistic rules and language structures, while machine learning methods offer data-

driven approaches. Deep learning methods make it possible to build high-performance language 

models by learning from large datasets. 

4. POPULAR NLP ALGORITHMS AND MODELS 

In this section, popular algorithms and models that are widely used in the field of natural 

language processing (NLP) and have achieved significant success will be discussed. The basic 

working principles, advantages, disadvantages and application areas of each model will be 

analysed in detail. 

4.1. TF-IDF (Term Frequency-Inverse Document Frequency) 

TF-IDF is a statistical measure used to determine how important a word is in a given document. 

This method is widely used in information extraction and text mining tasks. TF-IDF is based 

on two main components; Term Frequency (TF) and Inverse Document Frequency (IDF). Term 

Frequency measures the number of times a term occurs in a given document. Inverse Document 

Frequency assesses how common the term is across the entire document collection. The TF-

IDF score is calculated by multiplying the TF and IDF components so that rare terms score 

high. TF-IDF is a simple and effective method, fast to compute and highlights important terms 

in the document. However, it does not consider context and word order, so it is limited in 

understanding the more complex structure of the language [36][37][38]. 

 

4.2. Word2Vec 

 

Word2Vec is a deep learning model that represents words as vectors and learns semantic 

relationships between words. Word2Vec uses two main models: Continuous Bag of Words 

(CBOW) and Skip-Gram. The CBOW model predicts a word by looking at the words around 



Ayhan Arısyoy, Yalvaç Akademi Dergisi, 9-2 (2024) 106-121 

 
 

111 
 

it, while the Skip-Gram model predicts the words around a word. Both models are trained on 

large text corpora to learn the semantic similarity of words. Word2Vec is successful in 

capturing semantic relationships between words and is effective on large-scale text datasets. 

However, it uses fixed-size vectors and does not fully reflect contextual information. 

[39][40][41] 

4.3. GloVe (Global Vectors for Word Representation) 

GloVe is a model that uses global word-ambient matrices to learn word vectors. GloVe learns 

word vectors by modelling the probabilities of words occurring together. This model represents 

the relationships between words by considering the number of co-occurrences of word pairs 

and the proportions of these numbers. GloVe learns word vectors using global context 

information and thus represents semantic relations well. However, the computational cost can 

be high due to working with large-sized matrices [42]. 

4.4. FastText 

FastText is a model that takes into account the subword units of words when learning word 

vectors. FastText represents words as character n-grams and learns the vectors of these subunits. 

In this way, it provides a richer representation by taking into account structural information 

such as roots and affixes of words. FastText is an effective model for low-resource languages 

and rare words, because it extends the vocabulary by learning the subunits of words. However, 

the computational cost may increase as the number of subunits increases.[43][44][45] 

4.5. BERT (Bidirectional Encoder Representations from Transformers) 

BERT is a model based on transformer architecture that learns contextual word representation. 

BERT learns the context of words using a bidirectional attention mechanism. This model 

represents words by considering both left and right context. BERT enables fine-tuning in 

different NLP tasks using pre-trained models. BERT is highly successful in contextual word 

representation and shows superior performance in various NLP tasks. However, its training and 

fine-tuning is highly computationally expensive and requires large amounts of data and 

computational power.[46][47] 

4.6. GPT-2/3 (Generative Pre-trained Transformer) 

GPT-2 and GPT-3 are transformer-based models that have shown superior performance in text 

generation and language comprehension tasks as large-scale language models. GPT models use 

autoregressive modelling of language, i.e. using previous words to predict the next word. GPT-

3 is an extremely large model with 175 billion parameters and gives effective results in language 

production, language understanding and many other tasks. GPT models offer high performance 

on a wide range of tasks and are extremely successful in text generation. However, the training 

costs are extremely high and require large amounts of data and computational power. In 

addition, care needs to be taken about bias and ethical issues.[48][49] 

4.7. T5 (Text-To-Text Transfer Transformer) 

T5 is a model that solves all NLP tasks in a single framework and works in a text input-output 

format. T5 transforms all NLP tasks into a text-input and text-output problem. This model can 

perform various tasks such as language translation, text summarisation, question-answering 
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under a single architecture. T5 is a flexible and powerful model and shows high performance 

on many different NLP tasks. However, it requires large datasets and computational power, so 

it can be costly to implement [50][51][52].  

These popular NLP algorithms and models are powerful tools used in various tasks in the field 

of natural language processing. Each model has its own advantages and limitations, and their 

suitability for different application domains may vary. The models discussed in this chapter 

provide an important foundation for understanding developments and advances in the field of 

NLP. 

5. PERFORMANCE COMPARISON OF ALGORITHMS 

Evaluating and comparing the performance of natural language processing (NLP) algorithms is 

critical for selecting the right algorithm for a given task. In this section, we discuss the 

performance comparison of algorithms in the light of various evaluation metrics, commonly 

used benchmark datasets and experimental results. 

5.1. Evaluation Metrics 

Various metrics are used to evaluate the performance of NLP algorithms. These metrics 

measure the accuracy, precision, recall rate and overall effectiveness of the algorithms. 

• Accuracy: Accuracy is the ratio of correctly estimated samples to the total number of 

samples. It is particularly useful in balanced data sets. 

• Precision: Precision is the ratio of correct positive predictions to total positive 

predictions. High precision indicates few false positives. 

• Recall: Recall is the ratio of true positive predictions to total true positives. High recall 

indicates catching most of the true positives. 

• F1 Score: The F1 score is the harmonic mean of precision and recall. It provides a 

balanced evaluation by considering both precision and recall. 

• ROUGE and BLEU Scores: ROUGE (Recall-Oriented Understudy for Gisting 

Evaluation) and BLEU (Bilingual Evaluation Understudy) are metrics used in tasks such 

as text summarisation and translation. ROUGE measures how good summarisations are, 

while BLEU assesses translation quality. 

5.2. Benchmark Datasets 

There are benchmark datasets that are widely used to compare the performance of NLP 

algorithms. These datasets provide standardised tests to measure the performance of algorithms 

on various tasks. 

• GLUE (General Language Understanding Evaluation): The GLUE benchmark 

includes a series of tests that evaluate the performance of models on natural language 

comprehension tasks. These tasks include text classification, logical inference and 

similarity assessment. 

• SQuAD (Stanford Question Answering Dataset): SQuAD is a dataset used in text 

comprehension and question-answer tasks. Models have to give correct answers to 

questions based on a piece of text. 
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• CoNLL (Conference on Natural Language Learning): CoNLL datasets are mainly 

used for named entity recognition (NER) and syntactic parsing tasks. These datasets 

contain labelled texts in various languages. 

5.3. Experimental Results and Comparisons 

Various experimental results and examples are analysed to compare the performance of 

different NLP algorithms on specific tasks. The following are some popular NLP tasks and 

performance comparisons of the algorithms used in these tasks. 

5.3.1. Text Classification 

Text classification is the process of assigning a text document to a specific category. For 

example, tasks such as spam detection or sentiment analysis. 

• Naive Bayes: Naive Bayes is a simple and fast algorithm that performs well on small 

data sets. However, its performance may be limited in complex and large data sets. 

• Support Vector Machines (SVM): SVM is an algorithm with high accuracy rates and 

is particularly effective for high dimensional data sets. However, the computational cost 

is high for large data sets. 

• BERT: BERT shows superior performance in text classification using contextual word 

representation. According to GLUE benchmark results, BERT has higher accuracy and 

F1 scores compared to traditional machine learning algorithms. 

5.3.2. Named Entity Recognition (NER) 

NER is the process of identifying proper names (people, places, organisations, etc.) in texts. 

• CRF (Conditional Random Fields): CRF is a powerful algorithm used in sequence 

labelling tasks. It performs especially effectively on small and medium-sized data sets. 

• BiLSTM-CRF: The combination of BiLSTM (Bidirectional Long Short-Term 

Memory) and CRF offers high performance in NER tasks. This model makes more 

accurate labelling by learning the context of words. 

• BERT: BERT based models are highly successful in NER tasks. According to the 

evaluations made on the CoNLL-2003 dataset, BERT shows superior performance 

compared to other models in terms of F1 score. 

5.3.3. Question Answering 

In question-answer tasks, a model has to give correct answers to questions based on a given 

piece of text. 

• BiDAF (Bidirectional Attention Flow): BiDAF is a model used in text comprehension 

and question-answer tasks. In tests on the SQuAD dataset, BiDAF performs well. 

• BERT: BERT has achieved high accuracy and F1 scores in evaluations on the SQuAD 

dataset. Thanks to its transformer architecture, it successfully realises contextual 

understanding and correct response generation. 

• GPT-3: GPT-3 excels at text generation and question-answer tasks. Thanks to its 

natural language understanding capabilities, it can provide accurate and consistent 

answers to even complex questions. 
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5.4. Presentation of Experimental Results in Tables and Graphs 

The performance comparison and experimental results of the algorithms are presented in Table 

1. 

Table 1.  Performance Comparisons of Algorithms 
Algorithm Task Dataset Accuracy F1 Score 

Naive Bayes Text Classification IMDB 85% 0.84 

SVM Text Classification IMDB 89% 0.88 

BERT Text Classification IMDB 95% 0.94 

CRF NER CoNLL-2003 - 0.85 

BiLSTM-CRF NER CoNLL-2003 - 0.90 

BERT NER CoNLL-2003 - 0.93 

BiDAF Question-Answering SQuAD 81% 0.80 

BERT Question-Answering SQuAD 92% 0.91 

GPT-3 Question-Answering SQuAD 95% 0.94 

The bar graph comparing the F1 scores of BERT, SVM and Naive Bayes algorithms in the text 

classification task is shown in Figure 1. 

 
Figure 1. F1 score Comparison of Algorithms in Text Classification Task 

The bar graph comparing the F1 scores of CRF, BiLSTM-CRF and BERT algorithms in the 

NER task is shown in Figure 2. 

 
Figure 2. F1 score Comparison of Algorithms in NER Task 
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The bar graph comparing the F1 scores of BiDAF, BERT, GPT-3 algorithms in the Question-

Answer task is shown in Figure 3. 

 

 
Figure 3. F1 Score Comparison of Algorithms in Question-Answer Task 

6. CHALLENGES AND FUTURE DIRECTIONS 

Although the field of natural language processing (NLP) is a rapidly developing science, it faces 

several challenges. Training deep learning-based NLP models requires large amounts of data 

and computational power. This creates significant barriers in terms of cost and time, especially 

in the collection and labelling of large datasets. Moreover, the use of powerful GPUs and large-

scale distributed systems for training advanced models makes this field accessible only to large 

research groups. In addition, social biases in the datasets on which NLP models are trained may 

cause the models to produce unfair results by repeating these biases. At the same time, NLP 

models may pose privacy and security risks by processing users' personal data. These problems 

appear as critical factors that limit both the use and the widespread use of NLP models. 

In the future, research in the field of NLP is expected to focus on the development of models 

that provide effective results with less data and computational power. Approaches such as 

transfer learning make it possible to train models with less data and use them in various tasks, 

while the development of algorithms that detect and correct biases will contribute to the creation 

of systems that produce fairer results. Furthermore, anonymisation techniques to protect the 

privacy of user data and secure model training methods will enable secure data processing. In 

addition, the development of multilingual and intercultural NLP models will facilitate global 

communication and produce more meaningful results that take into account different cultural 

contexts. Finally, techniques of explainability and transparency will make the inner workings 

and decision processes of NLP models more comprehensible, supporting the confident use of 

these technologies by a wider audience. These advances will contribute to both overcoming 

current challenges and identifying new research directions in the field of NLP. 

7. CONCLUSION 

In this paper, the basic concepts in natural language processing (NLP), popular algorithms and 

models, comparison of these algorithms and various application areas of NLP are discussed in 

detail. NLP offers powerful techniques and algorithms for understanding and processing the 

complexity of language. In this concluding section, the main findings of the study will be 

summarised and recommendations for future work will be presented. 
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The field of NLP has made great progress in recent years and has provided effective solutions 

in many application areas. It includes basic concepts, language models and basic NLP tasks, 

which are critical for understanding the structural and semantic properties of NLP. Tasks such 

as tokenisation, POS tagging, NER and syntactic parsing form the basis of more complex NLP 

applications. Popular NLP algorithms and models such as TF-IDF, Word2Vec, GloVe, 

FastText, BERT, GPT-3 and T5 have been developed to efficiently handle various aspects and 

tasks of language. Each model has its own advantages and limitations, making it necessary to 

select the most appropriate algorithm for specific tasks. 

Metrics such as accuracy, precision, recall and F1 score have been used to compare the 

performance of NLP algorithms. Benchmark datasets such as GLUE, SQuAD and CoNLL are 

widely used to objectively evaluate the performance of models. Advanced models such as 

BERT and GPT-3 show superior performance in many NLP tasks. NLP technologies are used 

in a wide range of application areas such as text classification, language translation, text 

generation, summarisation, information extraction and voice assistants. These applications 

facilitate daily life and increase productivity in various sectors. 

This work in the field of NLP provides an important basis for understanding the current state 

and future directions. For future work, it is highlighted that the data and computational power 

required for training NLP models can be limiting for small research groups and organisations. 

Therefore, the development of more efficient and lightweight models will enable a wide range 

of users to benefit from NLP technologies. Transfer learning and lightweight model 

architectures can offer important solutions in this area. 

Biases of NLP models may prevent fair and ethical use. In the future, the creation of fairer data 

sets and the development of bias detection and correction techniques will enable models to 

produce fairer results. This may also contribute to reducing biases in society. Privacy and 

security of user data are critical to the success of NLP applications. Anonymisation and secure 

model training techniques can create a secure usage environment by protecting user data. 

Techniques such as federated learning can play an important role in protecting data privacy. 

Increasing the multilingual and intercultural use of NLP technologies will facilitate global 

communication and information access. The development of high performing models in 

different languages and approaches that take cultural context into account will be important 

steps in achieving these goals. Making NLP models explainable and transparent will help users 

and developers understand how the models work. Explainable artificial intelligence techniques 

and transparency principles will enable reliable and ethical NLP applications to become 

widespread. 

Future research in the field of NLP is of great importance for the further development of these 

technologies and the discovery of new application areas. The development of more complex 

and effective language models will lead to higher accuracy and performance in NLP tasks. It is 

especially important to develop effective solutions for low-resource languages and rare words. 

The development of real-time data processing and natural language processing techniques is 

critical for applications that require immediate response and analysis. For example, it can be 

used in applications such as instant customer service and social media analysis. Achieving 

richer and more meaningful results by combining different types of data such as text, audio and 

image is among the goals of multimodal NLP. This can make human-machine interactions more 

natural and effective. Ethical and responsible use of NLP models is important to minimise their 
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societal impact and maximise their benefits. Research in this area will ensure that NLP 

technologies are developed and applied in accordance with ethical standards. 

In conclusion, the field of natural language processing (NLP) is a dynamic field with a fast 

developing and wide range of applications. The topics addressed in this study provide an 

important foundation for understanding the current state and potential future directions of NLP 

technologies. Future research and development is critical to sustain innovations and advances 

in this field. 
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