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graph. Despite enormous efforts by researchers, POS tagging still faces challenges in
improving accuracy while reducing false-positive rates and in tagging unknown words.
Furthermore, the presence of ambiguity when tagging terms with different contextual
meanings inside a sentence cannot be overlooked. Recently, Deep learning (DL) and
Machine learning (ML)-based POS taggers are being implemented as potential solu-
tions to efficiently identify words in a given sentence across a paragraph. This article
first clarifies the concept of part of speech POS tagging. It then provides the broad
categorization based on the famous ML and DL techniques employed in designing
and implementing part of speech taggers. A comprehensive review of the latest POS
tagging articles is provided by discussing the weakness and strengths of the proposed
approaches. Then, recent trends and advancements of DL and ML-based part-of-
speech-taggers are presented in terms of the proposed approaches deployed and their
performance evaluation metrics. Using the limitations of the proposed approaches,

we emphasized various research gaps and presented future recommendations for the
research in advancing DL and ML-based POS tagging.
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Introduction

Natural language processing (NLP) has become a part of daily life and a crucial tool
today. It aids people in many areas, such as information retrieval, information extrac-
tion, machine translation, question-answering speech synthesis and recognition, and
so on. In particular, NLP is an automatic approach to analyzing texts using a differ-
ent set of technologies and theories with the help of a computer. It is also defined

as a computerized approach to process and understand natural language. Thus, it
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improves human-to-human communication, enables human-to-machine communi-
cation by doing useful processing of texts or speeches. Part-of-speech (POS) tagging
is one of the most important addressed areas and main building block and application
in the natural language processing discipline [1-3]. So, Part of Speech (POS) Tagging
is a notable NLP topic that aims in assigning each word of a text the proper syntac-
tic tag in its context of appearance [4-8]. Part-of-speech (POS) tagging, also called
grammatical tagging, is the automatic assignment of part-of-speech tags to words in a
sentence [9-11]. A POS is a grammatical classification that commonly includes verbs,
adjectives, adverbs, nouns, etc. POS tagging is an important natural language pro-
cessing application used in machine translation, word sense disambiguation, question
answering parsing, and so on. The genesis of POS tagging is based on the ambiguity of
many words in terms of their part of speech in a context.

Manually tagging part-of-speech to words is a tedious, laborious, expensive, and
time-consuming task; therefore, widespread interest is becoming in automating
the tagging process [12]. As stated by Pisceldo et al. [4], the main issue that must
be addressed in part of speech tagging is that of ambiguity: words behave differently
given different contexts in most languages, and thus the difficulty is to identify the
correct tag of a word appearing in a particular sentence. Several approaches have
been deployed to automatic POS tagging, like transformational-based, rule-based
and probabilistic approaches. Rule-based part of speech taggers assign a tag to a word
based on manually created linguistic rules; for instance, a word that follows adjectives
is tagged as a noun [12]. And probabilistic approaches [12] determine the frequent
tag of a word in a given context based on probability values calculated from a tagged
corpus which is tagged manually. On the other hand, a combination of probabilistic
and rule-based approaches is the transformational-based approach to automatically
calculate symbolic rules from a corpus.

To accomplish the requirements of an efficient POS tagger, the researchers have
explored the possibility of using Deep learning (DL) and Machine learning (ML)
techniques. Under the big umbrella of artificial intelligence, both ML and DL aim to
learn meaningful information from the given big language resources [13, 14]. Because
of the growth of powerful graphics processor units (GPUs), these techniques have
gained widespread recognition and appeal in the field of natural language process-
ing, notably part of speech tagging (POST), throughout the previous decade. [13, 15].
Both ML and DL are powerful tools for extracting valuable and hidden features from
the given corpus and assigning the correct POS tags to words based on the patterns
discovered. To learn valuable information from the corpus, the ML-based POS tagger
relies mostly on feature engineering [16]. On the other hand, DL-based POS taggers
are better at learning complicated features from raw data without relying on feature
engineering because of their deep structure [17].

Different researchers forwarded numerous ML and DL-based solutions to make
POS taggers effective in tagging part of speech of words in their context. However, the
extensive use of POS tagging and the resulting complications have generated several
challenges for POS tagging systems to appropriately tag the word class. The research
on using the DL methods for POS tagging is currently in its early stage, and there is
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still a gap to further explore this approach within POS tagging to effectively assign
part of speech within the sentence.

The main contributions of this paper are addressed in three phases. Phase I; we
selected recent journal articles focusing on DL- and ML-based POS tagging (published
between 2017 and February 2021). Phase II; we extensively reviewed and discussed each
article from various parameters such as proposed methods and techniques, weakness,
strength, and evaluation metrics. Phase III; in this phase, recent trends in POS tagging
using Al methods are provided, challenges in DL/ML-based POS tagging are high-
lighted, and we provided future research directions in this domain. This review paper
is explored based on three aspects: (i) Systematic article selection process is followed
to obtain more related research articles on POS tagging implementation using Artificial
Intelligence methods, while others reviewed without using the systematic approach. (ii)
Our study emphasized the research articles published between 2017 and July 2021 to
provide a piece of updated information in the design of Al-oriented POST. (iii) A recent
POS tagging model based on the DL and ML approach is reviewed according to their
methods and techniques, and evaluation metrics. The intent is to provide new research-
ers with more updated knowledge on Al-oriented POS tagging in one place.

Therefore, this paper aims to review Artificial Intelligence oriented POS tagging and
related studies published from 2017 to 2021 by examining what methods and techniques
have been used, what experiments have been conducted, and what performance metrics
have been used for evaluation. The research paper provides a comprehensive overview
of the advancement and recent trends in DL- and ML-based solutions for POS tagger
Systems. The key idea is to provide up-to-date information on recent DL-based and
ML-based POS taggers that provide a ground for the new researchers who want to start
exploring this research domain.

The rest of the paper is organized as follows: “Methodology” section describes the
research methodology deployed for the study. “POS tagging approaches” section pre-
sents the basic POS tagging approaches. “Artificial Intelligence methods for POS tag-
ging” section describes the ML and DL methodologies used. The details about the
evaluation metrics are shown in “Evaluation metrics” section. Recent observations in
POS implementation, research challenges, and future research directions are also pre-
sented in “Remarks, challenges, and future trends” section. Finally, the Conclusion of the

review article is presented in “Conclusion” section.

Methodology

This study explores a systematic literature review of various DL and ML-based POS tag-
ging and examines the research articles published from 2017 to 2021. A systematic arti-
cle review is a research methodology conducted to identify, extract, and examine useful
literature related to a particular research area. We followed two stages process in this
systematic review.

Stage-1 identifies the information resource and keywords to execute query related to
"POST" and obtain an initial list of articles. Stage-2 applies certain criteria on the initial
list to select the most related and core articles and store them into a final list reviewed
in this paper. The main aim of this review paper is to answer some of the following ques-
tions: (i) What is state-of-the-art in the design of Al-oriented POS tagging? (ii) What
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are the current ML and DL methodologies deployed for designing POS tagging? (iii)
What are the strengths and weaknesses of deployed methods and techniques? (iv)? What
are the most common evaluation metrics used for testing? And (v) What are the future
research trends in Al-oriented POS tagging?

In the first phase, keywords and search engines are selected for searching articles. As
a potential search engine, Scopus document search is selected due to searching all well-
known databases. The search query is executed using the initial keyword like "Part of
speech tagging" and filter the publication duration that showed between 2017 and 2021.
The initial query search results from articles that proposed POS tagging using different
methods like Al-oriented, rule-based stochastic etc., for different applications. Then the
query keyword is redefined by combining the keyword deep learning or machine learn-
ing to get more important research articles. Accordingly, important articles from query
search based on the defined keywords were taken and stored as an initial list of articles.
The process of stage-1 is presented in Fig. 1.

Whereas in stage-2, we defined criteria to get a more focused article from the initial
list used for analysis. As a result, articles were selected that proposed new ML and DL
methods written in English. In this review, we did not include papers with keywords like
survey, review, and analysis. Based on these criteria, we selected articles for this review
and stored them in the final article list, then used them for analysis. All selected arti-
cles which are stored in the final list were analyzed based on the DL or ML methodol-
ogy proposed and the strengths and weaknesses of the proposed methodology. And also
analyzed performance metrics used for evaluation and testing purposes. At last, future
research directions and challenges in the design of effective and efficient Al-based POS
tagging are identified. The complete process used in stage-1 and stage-2 is summarized
in Figs. 1 and 2, respectively.

POS tagging approaches
This section first describes the details about approaches of POS tagging based on its
methods and techniques deployed for tagging the given the word. Several POS tagging
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Fig. 2 Stage two methodology

approaches have been proposed to automatically tag words with part-of-speech tags in a
sentence. The most familiar approaches are rule-based [18, 19], artificial neural network
[20], stochastic [21, 22] and hybrid approaches [22—24]. The most commonly used part

of speech tagging approaches is presented as follows.

Rule based

A rule-based approach for POS tagging uses hand-crafted rules to assign tags to words
in a sentence. According to [19, 25], the rules generated mostly depend on linguistic
features of the language, such as lexical, morphological, and syntactical information.
Linguistic experts may construct these rules or use machine learning on an annotated
corpus [10, 11]. The first way of getting rules is tedious, prone to error, and time-con-
suming. Besides, it needs highly a language expert on the language being tagged. For the
second process, a model built using experts then learns and stores a sequence of rules
using a training corpus without expert rule [19].

Artificial neural network

Artificial Neural Network is an algorithm inspired by biological neurons and is used to
estimate functions that can depend on a large number of inputs, and they are generally
unknown [29, 30]. It is presented as interconnected systems of "neurons" that are used
to exchange messages. The associations between neurons have numeric loads that can
be changed dependent on experience, making neural organizations versatile to sources
of info and ready to learn. It is an assortment of an enormous number of interconnected
handling neurons cooperating to tackle given issues (Fig. 3).

Like other approaches, an ANN approach that can be used for POS tagger develop-
ments requires a pre-processing activity before working on the actual ANN-based tag-
ger [11, 14]. The output from the pre-processing task would be taken as an input for the
input layer of the neural network. From this pre-processed input, the neural network
trains itself by adopting the value of the numeric weights of the connection between

input layers until the correct POS tag is provided.

Hidden Markov Model

The hidden Markov model is the most widely implemented POS tagging method
under the stochastic approach [6, 23, 31]. It follows a factual Markov model in which
the tagger framework being demonstrated is thought to be explored from one state
to another with an inconspicuous state. Unlike the Markov model, in HMM, the state
is not directly observable to the observer, but the output that depends on the hidden
state is visible. As stated in [23, 32, 33], Hidden Markov Model is a familiar statistical
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model that is used to find the most frequent tag sequence T ={tl, t2, t3... tn} for a
word sequence in sentence W ={wl, w2, w3...wn} [33]. The Viterbi algorithm is a
well-known method for tagging the most likely tag sequence for each word in a sen-

tence when using a hidden Markov model.

Maximum Entropy Markov Model

Maximum Entropy Markov is a conditional probabilistic sequence model [12, 34, 35].
Maximum entropy modeling aims to take the probabilistic lexical distribution that
scores maximum entropy out of the distributions to complement a certain set of con-
straints. The constraints limit the model to perform as per a set of measurements col-

lected from the training corpus.

The most commonly deployed statistics for POS tagging are: how often a word was
annotated in a certain way and how often labels showed up in a sequence. On the
other hand, unlike HMM in the maximum entropy approach, it is likely to effortlessly
characterize and include much more complex measurements, which are not confined
to n-gram sequences [36]. Also, the problem of HMM is solved by the Maximum
Entropy Markov model (MEMM) because it is possible to include random features
sets. However, the MEMM approach has a business problem in labeling because it

normalizes not the whole sequence; rather, it normalizes per state [35].

Artificial intelligence methods for POS tagging

This section provides a general methodology of the Al-based POS tagging along with
the details of the most commonly deployed DL and ML algorithms used to implement
an effective POS tagging. Both DL and ML are broadly classified into supervised and
unsupervised algorithms [22, 32, 37, 38]. In supervised learning algorithms, the hid-
den information is extracted from the labeled data. In contrast, unsupervised learning

algorithms find useful features and information from the unlabeled data.

Page 6 of 25



Chiche and Yitagesu Journal of Big Data (2022) 9:10 Page 7 of 25

Machine Learning Algorithms

Machine Learning could be a set of Al that has all the strategies and algorithms that
enable the machines to learn automatically by using mathematical models to extract rel-
evant knowledge from the given datasets [15, 38—42]. The most common ML algorithms
used for POS taggers are Neural Network, Naive Bayes, HMM, Support Vector Machine
(SVM), ANN, Conditional Random Field (CRF), Brill, and TnT.

Naive Bayes

In some circumstances, statistical dependencies between system variables exist. Not-
withstanding, it may be hard to definitively communicate the probabilistic connections
among these factors [43]. A probabilistic graph model can be used to exploit these casual
dependencies or relationships between the variables of a problem, which is called Naive
Bayesian Networks (NB). The probabilistic model provides an answer for "What is the
probability of a given word occurrence before the other words in a given sentence?" by
following conditional probability [44].

Hirpassa et al. [39] proposed an automatic prediction of POS tags of words in the
Ambharic language to address the POS tagging problem. The statistical-based POS tag-
gers are compared. The performances of all these taggers, which are Conditional Ran-
dom Field (CRF), Naive Bays (NB), Trigrams'n'Tags (TnT) Tagger, and an HMM-based
tagger, are compared with the same training and testing datasets. The empirical result
shows that CRF-based tagger has outperformed the performance of others. The CRF-
based tagger has achieved the best accuracy of 94.08% during the experiment.

Support vector machine

Support vector machines (SVM) is first proposed by Vapnik (1998). SVM is a machine
learning algorithm used in applications that need binary classification, adopted for vari-
ous kinds of domain problems, including NLP [16, 45]. Basically, an SVM algorithm
learns a linear hyperplane that splits the set of positive collections from the set of nega-
tive collections with the highest boundary. Surahio and Maha [45] have tried to develop
a prediction System for Sindhi Parts of Speech Tags using the Support Vector Machine
learning algorithm. Rule-Based Approach (RBA) and SVM experiment on the same
dataset. Based on the experiments, SVM has achieved better detection accuracy when
compared to RBA tagging techniques.

Conditional random field (CRF)
A conditional random field (CRF) is a method used for building discriminative probabil-
istic models that segment and label a given sequential data [12, 33, 46—48]. A conditional
random field is an undirected x, y graphical model in which each yi vertex represents
a random variable whose distribution is dependent on some observation variable X,
and each margin characterizes a dependency between xi and yi random variables. The
dependency of Yi on Xi is defined in a set of functions of f(Yi-1,Yi,X,i). Khan et al. [22]
proposed a conditional random field (CRF)-based Urdu POS tagger with both language
dependent and independent feature sets.

It used both deep learning and machine learning approaches with the language-
dependent feature set using two datasets to compare the effectiveness of ML and DL
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approaches. Also, Hirpassa et al. [39] proposed an automatic prediction of POS tags
of words in the Amharic language to address the POS tagging problem. The statisti-
cal-based POS taggers are compared. The performances of all these taggers, which
are Conditional Random Field (CRF), Naive Bays (NB), Trigrams'n'Tags (TnT) Tagger,
and an HMM-based tagger, are compared with the same training and testing datasets.
The empirical result shows that CRF-based tagger has outperformed the performance
of others. The CRF-based tagger has achieved the best accuracy of 94.08% during the
experiment.

Hidden Markov model (HMM)

The Hidden Markov model is the most commonly used model for part of speech tag-
ging appropriate [49-52]. HMM is appropriate in cases where something is hidden while
another is observed. In this case, the observed ones are words, and the hidden one is
tagged. Demilie [53] proposed an Awngi language part of speech tagger using the Hid-
den Markov Model. They created 23 hand-crafted tag sets and collected 94,000 sen-
tences. A tenfold cross-validation mechanism was used to evaluate the performance of
the Awngi HMM POS tagger. The empirical result shows that uni-gram and bi-gram tag-
gers achieve 93.64% and 94.77% tagging accuracy, respectively. The other author, Hirp-
assa et al. [39], proposed an automatic prediction of POS tags of words in the Amharic
language to address the POS tagging problem. The statistical-based POS taggers are
compared. The performances of all these taggers, which are Conditional Random Field
(CREF), Naive Bays (NB), Trigrams'n’Tags (TnT) Tagger, and an HMM-based tagger, are
compared with the same training and testing datasets. As the empirical result shows,
CREF-based tagger has outperformed the performance of others. The CRF-based tagger
has achieved the highest accuracy of 94.08% during the experiment.

Deep learning algorithms

Currently, deep learning methods are the most common word in machine learning to
automatically extract complex data representation at a high level of abstraction, espe-
cially used for extremely complex problems. It is a data-intensive approach to come with
a better result than traditional methods (Naive Bayes, SVM, HMM, etc.). During the
text-based corpora, deep learning sequential models are better than feed-forward meth-
ods. In this paper, some of the common sequential deep learning methods such as FNN,
MLP, GRU, CNN, RNN, LSTM, and BLSTM are discussed.

Multilayer perceptron (MLP)

The neural network (NN) is a machine learning algorithm that mimics the neurons of
the human brain for processing information (Haykin, 1999). One of the widely deployed
neural network techniques is Multilayer perceptron (MLP) in many NLP and other pat-
tern recognition problems. An MLP neural network consists of three layers: an input
layer as input nodes, one or more hidden layers, and an output layer of computation
nodes. Besides, the backpropagation learning algorithm is often used to train an MLP
neural network, which is also called backpropagation NN. In the beginning, randomly
assigned weights are set at the beginning of algorithm training. Then, the MLP algorithm
automatically performs weight changing to define the hidden layer unit representation is
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mostly good at minimizing the misclassification [54—56]. Besharati et al. [54] proposed
a POS tagging model for the Persian language using word vectors as the input for MLP
and LSTM neural networks. Then the proposed model is compared with the results of
the other neural network models and with a second-order HMM tagger, which is used as
a benchmark.

Long short-term memory

A Long Short-Term Memory (LSTM) is a special kind of RNN network architecture,
which has the capability of learning long-term dependencies. An LSTM can also learn to
fill the gap in time intervals in more than1000 steps [14, 57, 58].

Bidirectional long short-term memory

Bidirectional LSTM contains two separate hidden layers to process information in both
directions. The first hidden layer processes the forward input sequences, while the other
hidden layer processes it backward; both are then connected to the same output layer,
which provides access to the future and past context of every point in the sequence.
Hence BLSTM beat both standard LSTMs and RNNSs, and it also significantly provides a
faster and more accurate model [14, 58].

Gate recurrent unit

Gated recurrent unit (GRU) is an extension of recurrent neural network which aims to
process memories of sequence of data by storing prior input state of the network, which
they plan to target vectors based on the prior input [14, 58].

Feed-forward neural network

A feed-forward neural network (FNN) is one artificial neural network in which connec-
tions between the neuron units do not form a cycle. Also, in Feedforward neural net-
works, information processing is passed through the network input layers to output
layers [59].

Recurrent neural network (RNN)

On the other hand, a recurrent neural network (RNN) is among an artificial neural
network model where connections between the processing units form cyclic paths. It
is recurrent since they receive inputs, update the hidden layers depending on the prior
computations, and that make predictions for all elements of a sequence [33, 46, 60—62].

Deep neural network

In a normal Recurrent Neural Network (RNN), the information pipes through only one
layer to the output layer before processing. But Deep Neural Networks (DNN) is a com-
bination of both deep neural networks (DNN) and RNNs concepts [33, 63].

Convolutional neural network

A convolutional neural network (CNN) is a deep learning network structure that is
more suitable for the information stored in the array’s data structure. Like other neural
network structures, CNN comprises an input layer, the memory stack of pooling and
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convolutional layers for extracting feature sets, and then a fully connected layer with a

softmax classifier in the classification layer [64—68].

Evaluation metrics

This

section describes the most commonly deployed performance metrics for validat-

ing the performance of ML and DL methods for POS tagging. All the evaluation metrics

are based on the different metrics used in the Confusion Matrix, which is a confusion

matrix providing information about the Actual and Predicted class which are; True Posi-

tive (TP)—assigns correct tags to the given words, false positive (FP)—assigns incorrect

tags to the given words, false negative (FN)—not assign any tags to given words [14, 55,

72].

ii.
iil.

iv.

True Positive (TP): The word correctly tagged as labelled by experts

False Negative (FN): The given word is not tagged to any of the tag sets.

False Positive (FP): The given word tagged wrongly.

True Negative (TN): The occurrences correctly categorized as normal instances.

In addition to these, the various evaluation metrics used in the previous works are,

Precision: The ratio of correctly tagged part of speech to all the samples tagged

words:

TP

Precision = ————
TP 4 FP

Recall: The ratio of all samples correctly tagged as tagged to all the samples that are
tagged by expert (aka a Detection Rate).

TP

Detection Rate = ———
TP + FEN

False alarm rate: the false positive rate is defined as the ratio of wrongly tagged word

samples to all the samples.

EP

False Alarm Rate = ———
FP 4+ TN

True negative rate: The ratio of the number of correctly tagged samples to all the

samples.

TN

True Negative Rate = ———
TN + FP

Accuracy: The ratio of correctly tagged part of speech to the total number of

instances (aka Detection accuracy).

TP + TN
TP + TN + FP + FEN

Accuracy =

Page 10 of 25
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« F-Measure: It is the harmonic mean of the Precision and Recall.

(Precision x Recall)

F - Measure = —
Precision + Recall

Remarks, challenges, and future trends

This section first presents the researcher’s observation in POS tagging based on their
proposed methodology and performance criteria. It also highlights the potential
research gap and challenges and lastly forwards the future trends for the researchers to
come up with a robust, efficient, and effective POS tagger.

Observations and state of art

The effectiveness of Al-oriented POS tagging depends on the learning phase using
appropriate corpora. For classical machine Learning techniques, the algorithms could be
trained under a small corpus to come with better results. But in the presence of a larger
corpus size, deep learning methods are preferable compared to the classical machine
learning techniques. These methods learn and uncover useful knowledge from given
raw datasets. To make POS tagging efficient in tagging unknown words, it needs to be
trained with known corpus. In nature, deep learning algorithms are resource hungry in
terms of computational resources and time consumption, so the large corpus and deep
nature of the algorithms make the learning process difficult.

Table 1 highlights the summary of the strengths and weaknesses of the reviewed arti-
cles. It is observed that deep learning-oriented POS tagging methodologies are preferred
by researchers nowadays over the machine learning methods because of their efficiency
in learning from the large-size corpus in an unlabeled text.

The introduction of GPUs and cloud-based platforms nowadays has eased the imple-
mentation of the deep learning method due to the need for extensive computational
resources by Deep Learning (DL).

Based on the reviewed article, we observed that for the past three years, the major-
ity of the researchers preferred Deep Learning (DL) tools for developing the POS tag-
ging model, as depicted in Fig. 4. It is observed that 68% of the proposed approaches are
based on the deep learning approaches, 12% of proposed solutions use a hybrid approach
by combining machine learning with deep learning algorithms, and the remaining 20%
of proposed POS tagger models are implemented based on machine learning methods.

Besides, Table 2 shows the frequency of Deep Learning and Machine Learning algo-
rithms deployed by different researchers to design an effective POS tagger model. It is
shown that the three most frequent deep learning algorithms used are LSTM, RNN, and
BiLSTM, respectively. Then the machine learning approaches like CRF and HMM come
into the list and are most commonly deployed in the hybrid approach to improve deep
learning algorithms. Also, machine learning algorithms like KNN, MLP, and SVM are
less frequently used algorithms during this period.

The analysis of the evaluation metrics used in various researches for evaluating the
performance of the methodology is presented in Fig. 5. It is well known that the most
commonly deployed performance metrics are Accuracy and Recall (Detection rate). For
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Table 1 Strength and weakness of the proposed methodologies

(2022) 9:10

Study

Strength

Weakness

Kumar et al. [72]

Mohammed [51]

Besharati et al. [54]

Hirpssa and Lehal [39]

Propose a deep learning approach
for POS tagging and compares the
deep learning sequential models

to find the suitable method for POS
tagging at word level and charac-
ter level. The tagged corpus was
experimented and evaluated with
different models like bidirectional
LSTM (BLSTM), recurrent neural
network (RNN), long short-term
memory (LSTM), and gated recurrent
units (GRU). On the other hand, to
get a better result, experiments were
conducted using both character and

word levels at different hidden states.

The experimental result shows that
BLSTM achieves the highest evalu-
ation metrics. It achieves 0.8748 for
precision, an f1-measure of 0.8739,
0.8757 for recall, and 0.8757 for
accuracy

Propose an efficient statistical POS
tagger for the Somali language by
adopting HMM and CRF and neural
network methods of machine learn-
ing approaches. They prepare the
corpus, which consists of 14,369
tokens representing 1234 sentences
and 24 tagsets. All POS tagger scores
87.51% average accuracy using a
tenfold cross-validation

They proposed a multi-layer percep-
tron and long short-term memory
neural network approaches, which
are an efficient approach on their
high generality capability, to assign
the appropriate tags for both out

of vocabulary and in-vocabulary
words. This hybrid model is better in
improving the prediction accuracy
t0 97.29%

A machine learning approach has
been proposed to develop the
Ambharic POS tagger. They compared
HMM-based Trigrams'n'Tags (TnT),
Conditional Random Field (CRF), and
Naive Bays (NB) based tagger. They
have used the existing ELRC corpus
with 210 K token by incorporating

a manually tagged corpus with 31
tags. The experiment result shows
that CRF-based Amharic POS tagger
achieved an average accuracy of
94.08%, which is a better perfor-
mance compared to others

The proposed model is tested with a
small corpus size. The proposed model
is misclassified when there is the pres-
ence of unwanted symbols appended
to words in both words and character
level embedding. The performance of
the proposed model doesn't compare
with the state-of-the-art works

The corpus used for the experiment is
not a standard corpus. And also, the
size of the data is not enough to train
algorithms. The accuracy of the tagger
is also not good compared to previous
works

Since the dataset used is not enough
for training a neural network, the

proposed approach was not achieved
high accuracy to extract word vectors

However, CRF-based taggers per-
formed better; their performance is not
significantly improved compared with
state-of-the-art CRF-based POS tag-
gers. The amount and type of feature
set are not enough to improve the
performance of the tagger
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Table 1 (continued)
Study Strength Weakness

Anastasyev et al. [59]

Mishra [66]

Gashaw and Shashirekha [46]

Khan et al. [33]

Singh et al. [56]

A Feedforward neural network
method was proposed for character-
level word representation to provide
better results in terms of speed and
performance. And also deployed
loss forces as a model to learn the
dependencies to make the learning
process. The proposed model shows
an accuracy of 96.46%, 97.97%, and
95.64% on modern literature, news,
and Vkontakte, respectively

They proposed a machine learning
and neural network model to imple-
ment a statistical POS tagger for
Kannada. The strength of this work is
that they have developed a generic
POS tagger, then compared with the
performances of various modeling
techniques, and also both character
and word embedding are explored
for Kannada POS tagging. The
proposed model outperforms the
previous Kannada POS tagger by 6%

They have examined and obtained
significant performance differences
compared to previous works using
morphological knowledge, previ-
ously used dataset, similar feature
extraction, and parameter tuning by
deploying a grid search and tagging
algorithms. And also used differ-

ent corpus for experimenting the
algorithms. The proposed approach
scores an average accuracy of 86.44
for ELRC, 95.87 for ELEC-Extended,
and 92.27 for ELRCQB tagsets. The
experimental result shows extending
the tagset can increase the accuracy
by 9.43, which is a significant perfor-
mance

Developed an Urdu POS tagger
using both machine and deep learn-
ing approaches under language-
dependent feature sets with two
datasets, which then compared the
effectiveness of both approaches.
Based on the experiments, the
CRF-based model performs better
compare to RNNs, SVM, and n-gram
techniques on CLE dataset, whereas
the DRRN approach outperforms
others with BJ dataset

They proposed deep learning
approaches to develop a Hindi POS
tagger. They have experimented with
a large corpus consisting of 50,000
hind-tagged sentences. Based on
the experiment, the proposed model
achieved 97.05% average tagging
accuracy

The final results achieved by the pro-
posed approach are not significantly
better than previous works. And the
model also has poorer performance
than the best model on the deployed
data set

From the result, it was observed that
there are more ambiguities in predic-
tions like ambiguities between finite
verbs and common nouns; common
nouns and adverbs. These problems
are faced due to the inconsistency in
the labeling of training data. Although
the model outperforms the state

of arts POS tagger in Kannada, the
performance of the model achieved
is 92.31% accuracy which is much less
than works in the POS tagging field

The developed tagsets are not verified
by the linguistic expert. So, the perfor-
mance of the tagger was affected. For
instance, the tagger has a problem in
identifying the name of people and
places

The researchers experimented with the
models with labeled datasets and also
used simple feature sets, which work
easily with the simplest algorithms

The study uses a manually annotated
corpus for training and does not com-
pare with previously proposed works
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Study Strength Weakness

\Baig et al. [70]

Bonchanoski and Zdravkova [71]

Sarbin et al. [61]

Kumar et al. [69]

They proposed a statistical data-
driven method to design and imple-
ment an Urdu POS tagging model
using Urdu tweets. They combined
the existing annotated tweets corpus
with new tagsets constructed for
POS tagging. They have also solved
a shortage of corpus using a super-
vised bootstrapping technique. The
new POS tagger shows an accuracy
of 93.8% precision, 92.9% recall, and
93.3% F-measure

Proposed an automatic POS tagger
for Macedonian language. One of
the strengths of the proposed work
is that they used a combined dataset
of available online lexicon with a self-
created crowdsourcing corpus. They
implemented and compared TnT
tagger, averaged perceptron, cyclic
dependency network, and guided
learning framework for tagging. But
they have not achieved a better
result in terms of tagging accuracy.
The accuracy that was achieved is
96.37%, which is reaching a result
comparable to more experimented
languages

Long Short-Term Memory (LSTM),
and Bi-directional Long Short-Term
Memory (BILSTM), Simple Recurrent
Neural Network (RNN), and Gated
Recurrent Unit (GRU) based POS
tagger for Nepali was implemented
and compared. The algorithms are
trained and tested on Nepali tagset;
accordingly Bi-directional LSTM
performs better than the other three
algorithms with a testing accuracy
of 97.27%

Proposed a DL-based POS tagging
for Malayalam twitter data using
sequential deep learning methods
such as Bidirectional LSTM (BLSTM),
Recurrent Neural Network (RNN),
Long Short-Term Memory (LSTM),
and Gated Recurrent Units (GRU).
They trained the model to tag tweets
both at word-level and character-
level. And also, the models are
trained by changing the hidden
states, in which they found that
when the hidden states increase, the
performance of the tagger increases.
Bidirectional LSTM achieves better
tagging accuracy of 92.58%

The corpus used in the experiments is
not a standard corpus and is prepared
from tweeter only. The other limitation
is the performance of the new model
is not compared with the state of arts

They compare only the proposed
models, but it would be better to
compare previously proposed works.
And also, the corpus was created using
crowdsourcing, so the dataset needs
to be checked by experts

The researchers use small datasets for
training and testing sets compared to
the previous works. It is not compared
with previous works

The researchers use unrefined and
rough tagsets, which are previously
available tagsets from previous works.
Besides, the corpus used is not enough
to train deep learning algorithms and
the tagger is only developed on the
tweeter corpus
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Kabir et al. [73]

Alharbi et al. [1]

Meftah et al. [65]

Argaw [55]

They build a Bengali POS tagger
using the Deep Learning approach,
particularly deep belief network.
They have created a word diction-
ary for POS tagging by using the
corpus. The dictionary constructed
from POS tagging can minimize the
ambiguity of tagging processes. The
deep learning-based Bengali POS
tagger scores 93.33% accuracy on
the corpus

They proposed a POS tagging for
Arabic Gulf Dialect using Bi-LSTM.
Support Vector Machine (SVM) clas-
sifier and bi-directional Long Short-
Term Memory (Bi-LSTM) machine
learning methods are applied for
sequence modeling purposes. The
POS tagging model was improved
from a 75% state-of-the-art POS
tagger to over 91% accuracy for Gulf
dialect using a Bi-LSTM. Also, they
prepare a POS tagging dataset and
multiple sets of features for testing
the models

They proposed a neural network-
based POS tagging for social media
content such as Facebook, tweets
and forums. They have used the
transfer learning technique to
alleviate the unavailability of enough
annotated corpus created from social
media content. The POS tagging
model was developed based on five
languages, namely English, German,
French, Italian, and Spanish. Also, the
proposed model used both word-
level and character representations
by combining pre-trained embed-
ding like GloVe, Word2Vec, and Fast-
Text for word-level representation. A
cross-task transfer learning on those
multiple social media languages was
efficient. The proposed approach
achieves 91.03%, 90.33%, and 89.66%
for Spanish, German and Italian,
respectively

Develop POS tagging for Amharic
language using a deep learning
approach. They experimented with
three algorithms such as bidirec-
tional Long Short-Term Memory
(Bi-LSTM), Long Short-Term Memory
(LSTM), and recurrent neural net-
works (RNNs) to develop the model.
An automatically generated neural
word embedding is used as a feature
to address the use of hand-crafted
features for developing a POS tag-
ging model. The empirical result
shows 93.67% F-measure using Bi-
LSTM recurrent neural network

The study uses a corpus prepared by
Microsoft Research India as a part of
the Indian Language Part-of-Speech
Tagset (IL-POST) project. The corpus
was prepared based on IL-POST for
Indian Languages. The corpus used for
experiments is not enough. Since there
is a class imbalance in the corpus,
there are zero accuracies for some
classes, and also, the proposed model
didn’t compare with previous works

The models are tested on the existing
dataset, which is not suitable for the
experiment. And also, dataset was
not verified by language experts. The
feature sets are constructed without
consultation with language experts

The use of rough texts directly taken
from social media that might affect the
performance of the tagger model. Bet-
ter to take a thorough pre-processing
task on the texts. And the use of one
language corpus using transfer learn-
ing to develop a POS tagger model for
another language might not give an
expected result

The study uses the existing corpus
used in previous related works in

the Amharic language, which is a
medium-sized corpus not enough

for deep learning approaches. And
also, the corpus used in the study is

of lower quality. They didn't compare
the performance of the model with
the previous works experimented with
hand-crafted features
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Deshmukh and Kiwelekar [14]

Prabha et al. [60]

Srivastava et al. [63]

Attia et al. [62]

Propose a bidirectional long short-
term memory (Bi-LSTM) and deep
learning model to develop a POS
tagging for Marathi language text.
They tried to develop Bi-LSTM and
deep learning-based POS tag-

ging models based on three folds
validation. Based on the experiment
Bi-LSTM and deep learning model
achieved an accuracy of 97% and
85%, respectively. And also, the
proposed BI-LSTM and deep learning
models are compared with machine
learning techniques like naive Bayes,
Hidden Markov model, K nearest
neighbor (KNN), random forest,
conditional random fields, and neural
network on the same dataset

Develop a deep learning-based POS
tagger for Nepali language using
Long Short-Term Memory Networks
(LSTM), Gated Recurrent Unit (GRU),
Recurrent Neural Network (RNN), and
their bidirectional variants. They have
deployed the word-level represen-
tations. Bi-directional versions of

the POS tagger model achieved

the maximum performance scores,
which shows significant improve-
ment and performs better than

the previous POS taggers with 99%
tagging accuracy

Presented an unsupervised DL-based
POS tagging for Sanskrit language.
Instead of traditional Word2Vec
implementations, character level
n-grams implementation was used.
They use a BiLSTM autoencoder, and
a POS tagging accuracy of 93.2% is
achieved

Develop Awngi language parts of
speech tagger using Hidden Markov
Model (HMM). They created 23 hand-
crafted tag sets and collected 94,000
sentences. A tenfold cross-validation
mechanism was used to evaluate the
performance of the Awngi HMM POS
tagger. The empirical result shows
that uni-gram and bi-gram taggers
achieve 93.64% and 94.77% tagging
accuracy, respectively

The experiments are conducted with
1500 sentences consisting of 10,115
words which are quite smaller for
modeling deep learning and Bi-LSTM
methods. And the proposed models
are not compared with the state-of-art
works in the same field of study

The corpus used for this research is
from the Center for Research in Urdu
Language Processing (CRULP). The cor-
pus used for developing a Nepali POS
tagger is translated from English i.e,,
PENN Treebank corpus. The use of dif-
ferent language resources for building
other languages POS tagger models
may not be advisable because of the
difference in nature of languages

They used much less annotated San-
skrit corpus, which is 115,000 words
prepared by JNU. The corpus used is
not sufficient to experiment unsuper-
vised deep learning approaches

The tagger is trained with only 23
hand-crafted tagsets. And the corpus
used was the first manually annotated
corpus which needs expert knowledge
to come with better results. And the
POS tagger model doesn’t compare
with the previous related works experi-
mented with using HMM
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Patoary et al. [74]

Gopalakrishnan et al. [58]

Bahcevan et al. [57]

Akhil et al. [75]

A DL-based POS tagging model for
the Bengali language is proposed,
basically using suffixes of the lan-
guage. The experiment is conducted
with a labeled corpus containing
2927 words. The proposed DL-based
POS tagging model achieved an
accuracy of 93.90%. And also, the
deep learning model achieved
better accuracy compared with
previous models like rule-based and
global linear models. Moreover, the
proposed model is incorporated in
python for the open-source Bengali
NLP toolkit

Implement a deep neural network-
based POS tagger for the bio-
medical domain. The experiment is
conducted using LSTM, RNN, and
GRU algorithms. The POS tagging is
evaluated with three algorithms to
come up with a better-performing
POS tagging model. And Bi-direc-
tional LSTM, Bi-directional, RNN, and
Bi-directional GRU were also experi-
mented. As experiment reveals that
Bi-directional LSTM, Bi-directional,
RNN, and Bi-directional GRU scores
better accuracy than simple LSTM,
RNN, and GRU deep learning models.
Since these algorithms are able to
access and understand more context
information from the dataset, they
achieved better performance. The
proposed model has achieved
94.80% of detection accuracy

Proposed a deep Neural Network
Language Models for Turkish to over-
come the POS tagging problem. The
experiment is conducted using Long
Short-Term Memory (LSTM) and
Recurrent Neural Network (RNN). The
performance comparison with the
state-of-art methods is conducted.
The experiment results reveal that
LSTM outperforms RNN with an
88.7% f-measure metric

A POS tagger is proposed using deep
learning approaches for Malayalam.
The experiments are conducted on
a real dataset. The experiments are
conducted using Gated Recur-

rent Unit (GRU), Long Short-Term
Memory (LSTM), Recurrent Neural
Networks (RNN), and Bi-directional
Long Short-Term Memory (BLSTM)
for implementing POS tagger. The
proposed model compared with
previous models and outperformed
them. So, the model achieves 0.9878
of precision, 0.9788 of recall, and
0.9832 f-measure

One of the shortcomings of this work
is that the corpus used for the experi-
ment is not enough for modeling
deep learning. The performance of the
proposed model is evaluated using
accuracy only. Hence the performance
of the model may vary when tested
with other performance metrics such
as f-measure, recall, and precision

All experiments are conducted on

the same dataset, which is publicly
available for researchers. The proposed
model is not compared with the
previous states-of-art works conducted
with a similar domain. Also, it is better
to experiment with other algorithms
which may achieve a better result than
the proposed model

Though Long Short-Term Memory
(LSTM) outperforms Recurrent Neural
Network (RNN) with f-measure metric,
the performance of the LSTM is not
enough. Itis better to experiment with
other methods and compare them

The tagged corpus size is not enough
for modeling the deep learning-
based tagger. And also, the model is
evaluated using precision, recall, and
f-measure, but better to evaluate with
accuracy also
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Methods distribution

Fig. 4 Methods distribution

efficient POS tagging, the model needs a higher Accuracy and Recall. It is observed that
the most widely used metrics are accuracy, recall, precision, and F-measure. So, to exam-
ine the effectiveness and efficiency of the proposed methodology, these four-evaluation
metrics should be taken as performance metrics. For a typical POS tagger developed
using machine learning and deep learning algorithms, Accuracy, Recall, F-measure, and
Precision should be the compulsory metric to evaluate the methodology (Table 3).

Research challenges
This subsection presents the research challenges that existed in the field of POS tagging.

Lack of Enough and standard dataset: Most recent research studies indicated the
unavailability of enough standard corpus for building better POS taggers for a par-
ticular language. The proposed methodologies faced difficulties in getting a balanced
corpus size for some part of speech within the corpus. To come up with a better
POS tagger, it needs to be trained and tested using a balanced and verified corpus. By
incorporating a balanced and maximum number of tokens within a corpus, it should
enable the DL and ML-based POS tagger to learn more patterns. Then the POS tag-
ger could label words with an appropriate part of speech. But preparing a suitable
language corpus is a tedious process that needs plenty of language resources and lan-
guage experts’ knowledge to verify. Therefore, the research challenge for developing
an efficient POS tagging model is the preparation of enough and standard corpus
with enough tokens of almost all balanced parts of speech. The corpus should be
released publicly to help reduce the resource scarcity of the research community.

Lower detection accuracy: It is observed that most of the proposed POS tagging
methodologies reveal lower detection accuracy of the POS tagging model as a whole,
for some parts of speech tags in particular. This low detection accuracy problem
is faced because of the imbalanced nature of the corpus. The ML/DL-based POS
tagger trained with less frequent part of speech tags provides low detection accu-
racy than part of speech with more part of speech. To overcome these problems,
it should come up with a balanced corpus and also an efficient technique like Syn-
thetic Minority Over-sampling Technique (SMOTE), RandomOverSampler; which
are techniques used to balance unbalanced classes of the corpus. These techniques
can be used to increase the number of minority parts of speech tag instances to come
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Table 2 Summary of Methodology and Current deep learning (DL) and machine learning (ML)
based part of speech tagging studies

Study Algorithms Methodology
ML DL

Kumar et al. [69] v Recurrent neural network, long short-term memory (LSTM),
gated recurrent unit, and bidirectional LSTM

Mohammed [51] v Hidden markov model and CRF with neural network model

Besharati et al. [54] 4 Single-layer and a two-layer MLP and LSTM neural network

Hirpssa and Lehal [39] V4 Conditional Random Field, HMM-based, and Naive Bays

Anastasyev et al. [59] v Feedforward Neural Network

Mishra [66] v CRF, SVM, structured perceptron and neural network

Gashaw and Shashirekha [46] V4 Machine learning algorithms (Brill, TnT, and CRFSuit Taggers)

Khan et al. [33] V4 v CRF, support vector machine (SVM), deep recurrent neural
network (DRNN), and n-gram Markov model the bigram hidden
Markov model (HMM)

Singh et al. [56] v LSTMwith RNN

Baig et al. [70] 4 v TnT tagger, averaged perceptron, cyclic dependency network
and guided learning framework for bidirectional sequence
classification

Bonchanoski and Zdravkova [71] 4 Simple Recurrent Neural Network (RNN), Long Short-Term
Memory (LSTM), Gated Recurrent Unit (GRU), and Bi-directional
Long Short-Term Memory (BiLSTM)

Sarbinetal. [61] v Sequential deep learning methods (Recurrent Neural Network
(RNN), Gated Recurrent Units (GRU), Long Short-Term Memory
(LSTM), Bidirectional LSTM (BLSTM)

Kumar et al. [72] 4 Deep Neural Network

Alharbi et al. [1] v v SYMandBi-LSTM

Kabir et al. [73] v Convolutional Neural Network

Meftah et al. [65] 4 Long Short-Term Memory (LSTM) recurrent neural networks and
their bidirectional versions (Bi-LSTM RNNs)

Deshmukh and Kiwelekar [14] 4 Bidirectional long short-term memory (Bi-LSTM) and deep
learning

Argaw [55] V4 Recurrent Neural Network (RNN), Long Short-term Memory
Networks (LSTM), Gated Recurrent Unit (GRU)

Prabha et al. [60] v Bidirectional LSTM and auto encoder

Srivastava et al. [63] v Deep Learning (BiLSTM autoencoder)

Attia et al. [62] V4 Hidden Markov Model

Patoary et al. [74] v Deep Learning

Gopalakrishnan et al. [58] v Deep learning (RNN, LSTM, and GRU)

Bahcevan et al. [57] 4 Long Short-term Memory (LSTM) and Recurrent Neural Network
(RNN)

Akhil et al. [75] 4 Deep neural network (RNN, GRU, LSTM and BLSTM)

up with a balanced corpus. But there is still a research gap to improve accuracy and

demands more research effort in this arena.

Resource requirement: Most recent POS tagging methodologies proposed are

based on very complex models that need high computing resources and time for

processing. These can be solved by using a multi-core high-performance GPU to

fasten the computation process and reduce time, but it will incur a high amount

of money. The deployment of these complex models may experience an extra pro-

cessing overhead that will affect the performance of the POS tagger. Besides alle-

viating the overhead of processing units and computational processes, the most
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Table 3 Performance evaluation metrics

Study Evaluation Metrics

ACC F-M REC PRE ROC FP TP
Kumar et al. [72] v v v v
Mohammed [51] v v v
Besharati et al. [54] 4
Hirpssa and Lehal [39] 4
Anastasyev et al. [59] v
Mishra [66] v v v
Gashaw and Shashirekha [46] v
Khan et al. [33] v
Singh etal. [56] v
Baig et al. [70] v v v
Bonchanoski and Zdravkova [71] v
Sarbin et al. [61] v
Kumar et al. [69] v v v v
Kabir et al. [73] v v v v v
Alharbi et al. [1] v
Meftah et al.[65] v
Argaw [55] v v v v
Deshmukh and Kiwelekar [14] v v v v
Prabha et al. [60] v v v Vv
Srivastava et al.[63] 4
Attia et al. [62] v
Patoary et al. [74] v
Gopalakrishnan et al. [58] v v v v
Bahcevan et al. [57] 4
Akhil et al. [75] v v v

TP Il

FP
PRE I
REC I
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Performance metrics
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Fig.5 Evaluation metrics

important features must be selected to speed up the processing by using an effi-
cient feature selection algorithm. Although various research works have been
explored to come up with the best feature selection algorithm, there is still room

for improvement in this direction.
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Future directions
This part of the article provides the area which needs further improvement in ML/ DL-ori-
ented POS tagging research.

1. Efficient POS Tagging Model: As stated, POS tagging is one of the most important and
groundwork for any other natural language processing tools like information extraction,
information retrieval, machine translation. Recent research works show that there is a
constraint in automatically tagging "Unknown" words with a high false positive rate. To
this end, the performance of the POS tagger can be improved by using a balanced, up-
to-date systematic dataset. An attempt to propose an efficient and complete POS tagging
model for most under resource languages using ML/DL methodologies is almost null. So,
research can be explored in this area to come up with an efficient POS tagging model that
can automatically label parts of speech to words. The POS tagging model should incorpo-
rate sentences from different domains in a corpus and repeatedly train the model with the
updated corpus to enable the model to learn the new features. This mechanism will ulti-
mately improve the POS tagging model in identifying UNKNOWN words and then mini-
mize false positive rates. Despite the fact that several research studies are being conducted
in order to develop an efficient and successful POS tagging strategy, there is still room for
improvement.

2. Way forwards to complex models: Recently, like other domains, ML/DL-oriented POS
tagging has been popular because of the ability to learn the feature deeply so as to generate
excellent patterns in identifying parts of speech to words. Obviously, the DL-oriented POS
tagging models are too complex that need high storage capacity, computational power,
and time. This complex nature of the DL-based POS tagging implementation challenges
the real-world scenario. The solution to address this problem is to use GPU-based high-
performance computers, but GPU-based devices are costly. So, to reduce computational
costs, the model can be trained and explored on cloud-based GPU platforms. The second
solution forwarded is to use efficient and intelligent feature selection algorithms for reduc-
ing the complex nature of deep learning algorithms. This will use less computing resources
by selecting the main features while the same detection accuracy is achieved using the
whole set of features.

Conclusion

This review paper presents a comprehensive assessment of the part of speech tagging
approaches based on the deep learning (DL) and machine learning (ML) methods to provide
interested and new researchers with up-to-date knowledge, recent researcher’s inclinations,
and advancement of the arena. As a research methodology, a systematic approach is followed
to prioritize and select important research articles in the field of artificial intelligence-based
POS tagging. At the outset, the theoretical concept of NLP and POS tagging and its various
POS tagging approaches are explained comprehensively based on the reviewed research arti-
cles. Then the methodology that is followed by each article is presented, and strong points
and weak points of each article are provided in terms of the capability and difficulty of the
POS tagging model. Based on this review, the recent development of research shows the use
of deep learning (DL) oriented methodologies improves the efficiency and effectiveness
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of POS tagging in terms of accuracy and reduction in false-positive rate. Almost 68% of
the proposed POS tagging solutions were deep learning (DL) based methods, with LSTM,
RNN, and BiLSTM being the three topmost frequently used DL algorithms. The remain-
ing 20% and 12% of proposed POS tagging models are machine learning (ML) and Hybrid
approaches, respectively. However, deep learning methods have shown much better tagging
performance than the machine learning-oriented methods in terms of learning features by
themselves. But these methods are more complex and need high computing resources. So,
these difficulties should be solved to improve POS tagging performance. Given the increas-
ing application of DL and ML techniques in POS tagging, this paper can provide a valu-
able reference and a baseline for researches in both ML and DL fields that want to pull the
potential of these techniques in the POS tagging arena. Proposing an efficient POS tagging
model by adopting less complex deep learning algorithms and an effective POS tagging in
terms of detection mechanism is a potential future research area. Further, the researcher
will use this knowledge to propose a new and efficient deep learning-based POS tagging
which will effectively identify a part of the speech of words within the sentences.
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