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ABSTRACT

In the early days, very few studies were effectuated in Bengali Languages as well as its functional
sentence. However, studies on Bengali have grown exponentially due to structural diversity.
Inspired by these studies, the classification of the Bengali functional sentences was completed with
machine learning methods for classifying sentences. The study looked at three different forms of
Bengali functional sentences: assertive, interrogative, and exclamatory. Thus, The study's major
goal is to categorize the sentence and compare the rate of accuracy to determine the optimal model.
The dataset has been properly collected, classified, and processed to avoid conflicts. Some
conventional machine learning (ML) classifiers such as Decision Tree (DT), Naive Bayes (NB),
Support Vector Machine (SVM), Random Forest (RF), K-Nearest Neighbor (KNN), and Extreme
Gradient Boosting(XGB) have been applied to compare classification accuracy rates. Parameters
such as precision, recall, F1-score, support, and confusion matrix were calculated for comparison.
The comparison proved that the performance of RF, SVC, and XGB classifiers is better than Naive
Bayes and Decision Tree classifiers. A notable enigma is that the RF algorithm implemented the

highest attainment value with 75.38% accuracy which is the ordinary performance of such datasets.
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CHAPTER 1

Introduction
1.1 Introduction

Language is the most effective means of expressing one's feelings, with a phrase serving
as the basic unit of language text. A sentence is a group of words that together form a
complete notion. From the inception to the present, in this modern world, the majority of
work, including all research, publications, and equipment, has been done in English. For
the creation of computer languages, extensive study is now being conducted on languages
other than English. Bengali is the world's fifth most spoken mother tongue today.
Furthermore, the language is the sixth most widely spoken in terms of total speakers.
Researchers are presently studying many languages to see how they may be linked to
machine learning and artificial intelligence. As a result, there has been a lot of work done
recently in Bangladesh to include the mother tongue into the structural unique features and
technology of the Bengali language. In this study, the classification of Bengali sentences
has begun as a result of this inspiration. The act of categorizing a sentence into a preset
category is known as sentence classification. In English, for example, Bengali sentences
are classified according to their utility, where a functional statement refers to a speaker's
goal. In Bengali, there are five different sorts of phrases that are evaluated based on their
efficacy or meaning. Our datasets were divided into three categories of functional sentence
types: introspective, interrogative, and exclamatory. These three types of sentences are
extremely dissimilar to one another. To determine classification skills, multiple machine
learning (ML) methods were applied to the random forest, nave base, decision tree
classifier, SVM, KNN, and XGB classifier datasets. Our manual dataset was used as a
forecast after this analysis. It was discovered that all of the models used yielded adequate
results for such datasets. Random forest models, on the other hand, received the maximum

score of 75.38 percent for perfect forecasting.
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1.2 Motivation

Lately, NLP is one of the most popular and interesting fields of Artificial Intelligence. As
a branch of Al, it helps computers as well as smart devices, understand, interpret and
manipulate human languages. Moreover, NLP endeavors to fill the gap between computer
understanding and human communication [19]. This behavior of NLP increased both its
necessity and curiosity in Al sectors. With constant innovation and exploration is going on
in this field, it is anticipated to grow in the oncoming day. According to a global market
prediction, NLP revenue will grow from $10.2 billion in 2019 to $26.4 billion in 2024,
with a Compound Annual Growth Rate (CAGR) of 21.0 percent throughout the forecast
period [20]. The usage of huge amounts of smart technologies and devices, cloud-based
solutions, and the thirst for Al-based text-sensing capable and understandable computers
is the major growth factor of NLP. In Figure 1.2, It is supposed that NLP can be applied
to any kind of Al field. It also refers that NLP is a powerful tool for ML and DL.

Natural Language Processing (NLP)
O Machine Learning (ML)
Deep Learning (DL)
NLP Avrtificial Intelliaence (Al

Figure 1.2: Fields of Artificial Intelligence

The key to doing something is its necessity, stakes, and possibilities offered that motivate
a person. However, the demand and the scopes of the fields motivated us to work on it. On
the other hand, researchers are working with different types of languages like English,
Thai, Chinese, Japanese, Tamil, and so on. They are constantly looking for ways to teach
computers their language. Inspired by this, we also decided to work in this field to introduce
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our mother tongue Bengali to computers. To enrich the field with Bengali, we have initially

worked with Bengali Grammar analysis.

1.3 Research Objectives

One of the challenging fields in Al is NLP since it deals with human language. It is
extremely diversified and can be spoken in a lot of ways. NLP Algorithms are used to
implement these functionalities. Thus, is not a very easy implementation which is a
component of text mining. Since unstructured data cannot be used for data retrieval, various
methods are applied to text mining such as summarization, classification, clustering,
information extraction, and visualization which are the categories under text mining. In
this study, we work on the classification category of text mining. We have classified
Bengali functional Sentence. From the beginning to the end of the work, several problems

have been faced that we accepted as a challenge. The problems encountered are as follows:
e Finding out the scopes from the prior related works.
e The Dataset collection and preparation.
e Selecting and installation ML classification algorithms.
e Obtaining the expected outcome.

e During Analyze the result for multiclass.
However, overcome of those challenges are the objectives of this research. With the above

problems in mind, we outlined the objectives of our study as follows:

e To track down the scopes from reviewing the works of literature which are done

by prominent researchers.

e To collect relevant data and to develop the dataset. Work cannot be carried out
without developing datasets.

e To develop the selecting algorithms for classification problems. Since the heart
of the research is the algorithms. Without strong algorithms, the outcome won't

be gained properly.
©Daffodil International University



e To analyze the algorithms perfections for identifying the best model.

1.4 Report Layout

The following five chapters of this research paper have been examined: "Introduction,”
"Related Works," "Research Methodology," "Result Analysis,” and "Conclusion and
Future Works."

Chapter-1:
The first chapter covers the study's introduction. We explained the motivation for the

research, the paper's objectives, and the report layout in this introduction.

Chapter-2:
In chapter two, related works are reviewed. In this review, we have focused on the former
circumstances of the related researches which are done by the prominent researchers, and

discussed the scope and the challenges of the research.

Chapter-3:
Chapter three conveyed the methodology of the study. Data collection and preprocessing,
models’ selection and description of the proposed models, and analyzing parameters were

represented in this chapter.

Chapter-4:

Chapter 4 is about the experiment analyzing part. By this analysis, we picked out the best
algorithm among the applying models. In our analyzing part, we considered data tables and
graph figures to better understand and also compared the output data of the models among
each other by those graphs and tables.

Chapter-5:

Chapter 5 is representing the summary, limitations, and future works of this research.
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CHAPTER 2
Related Works

2.1 Related works

Thanyarat Nomponkrang et al. [1] suggested a module to categorize Thai sentences to
determine their functionality as well as the relevant qualities and features of Thai sentences
based on an algorithm. The module's major features are the term binary (TB) of the original
phrase and the word frequency (TF) of the section of the speech. With the original phrase
and POS word TF-IDF, it was proposed to use the SVM algorithm as the best model when
comparing the two four classification algorithms. Quotes and greetings in sentences, on the

other hand, were not taken into consideration in this article.

Chengwei Gu et al. [2] designed Natural Language Processing (NLP) for the classification
of sentences in Chinese. The traditional method of machine learning was used. A fancy
CNN architecture was applied to the classification of Chinese sentences. To improve, they
have embedded linear SVMs. Also, tanh was enabled instead of ReLU and the results of

the CNN model were improved for the work of Chinese sentence classification.

Cheng Liu et al. [3] proposed English standard-related text classification. The essential
work of the paper was to mine a lot of data mining, stratification, and research in English
text. In this study, the authors proposed a classification model based on cyclic neural
networks. They applied due to the loop formation of the recurrent neural network (RNN).
The accuracy of the RNN classification was better than the conventional network neural
algorithm. Accuracy has reached about 96% with quality classification in a cyclical

network.

According to Rizwan Ali Nagvi et al. [4], due to the complexity of the language, Roman
Urdu news headlines were used as datasets. They classified the news into five sections. For
classification, ML algorithms such as Long Short-Term Memory (LSTM), Multinomial
Nev Base (MNB), Logistic Regression (LR), and Convolutional Neural Network (CNN)
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were used to compare results. After applying a variety of models, the authors
acknowledged that the MNB algorithm has been selected as the best perfection of 90.17%.
In addition, rule-based procedures were employed to eliminate lexical distinctions.

Fuchun Peng et al. [5] Introduced to compare different methods of ML on Asian language
text classification. Japanese and Chinese languages were considered where information
about the scope of words in the written text was not available. It used the highest entropy
model, Naive Bayes (NB), language modeling (LM), and support vector machine (SVM)
methods. For both languages, the LM classifier offered better accuracy than the others. For
the Chinese character and word level, LM gave about 86.7% and 89.2%, respectively, and
for the Japanese character level about 84%. But SVM did not perform at the Japanese
character level. The relationship between segmentation accuracy and word classification

performance was also investigated.

Ping Zhang et al. [6] raised a research paper using machine learning models on text
classification. In that case, three general text classification algorithms: K-Nearest Neighbor
(KNN), Naive Bayes (NB), and Support Vector Machines (SVM) were introduced, all of
which have good classification effects. After comparison, the experimental results
indicated that the SVM model and the NB model provided better results.

2.2 Scopes of the Work

Reviewing the literature above, it is seen that work has been done to include different
languages in machine learning. In addition, work has been done on the Bengali language,
the amount of which is limited. For this reason, we have worked on the Bengali language
to enrich the influence of the Bengali language in NLP i.e. machine learning in a bigger
way. Although we classify sentences as a preliminary stage, this study will serve as a door
opener for later work. Moreover, it is conceivable from the Literature Review that although

work was done in other languages on this subject, not much work was done in Bengali. By
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reviewing our research, new researchers on this subject will get the idea of working like
word classification, prediction, structural classification, and prediction of Bangla
sentences. On the other hand, it has been found that most of the previous works are Deep
Learning-based works. As a result, those who want to work with a pure machine learning-

based model on the Bengali language can also take ideas from this research paper.

2.3 Challenges

We have had to face some challenges as there is no work on the Bangla language related

to this research. Out of all the challenges, the most difficult ones are stated below:

e Literature reviewing is the most important and prerequisite for any research. Which
was a tough challenge for us as we could not find much work on this subject.

e The most challenging work was to collect data. As the work is the first attempt, we
failed to collect online data set from many platforms such as Kaggol.

e Another challenge is to develop that dataset.

e We also faced the challenge of selecting and developing ML algorithms for

classification.
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CHAPTER 3
Research Methodology

3.1 Introduction

The work method was done step by step to find the best model for the classification of
Bangla functional sentences through the machine learning method. As a result, the
experiments followed a meaningful framework. A flow diagram for smoothing was built
after selecting the ML algorithm. However, before selecting a model, the collected datasets
were analyzed. Furthermore, six models were taken into consideration for analysis,
described in Figure 3.1 as DT (Decision Tree), NB (Naive Bayes), SVM (Support Vector
Machines), RF (Random Forest), KNN (K-nearest Neighbor), and XGB (XGBoost)

respectively.
[Class Selection

[ Data Collection

-}

[ Data Preprosecing
[Model Selection @

Best Model J;L\’

Figure 3.1: The Flow Chart of the Proposed Methodology

3.2 Class Selection

Labels or categories that are used to compare something are called classes. These are the
classes that are produced as a result of classification work. There are four different sorts of
classification that can be encountered when doing classification work. Multiple
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classifications have been selected from these four. A multiclass classification is a
classification that has more than two class labels. The class in this project was chosen from
a variety of functional sentences in Bengali. The research was carried out with the help of
the three most commonly used Bengali sentences. Three types of sentences exist: assertive,
interrogative, and exclamatory. The classes are strongly formatted as interrogative (0),

exclamatory (1), and assertive (2).

3.3 Data Collection Process

Although raw data is useful for getting started, it cannot be used in machine learning
algorithms. Although it is possible to accomplish things in this manner, the best results are
obtained by going a long way. As a result, it's critical to process the unprocessed data. To

create a dataset, follow the steps outlined in Figure 3.3.1.

>
| ———— S0
== J
Data Collecting Preprocessing

Figure 3.3.1: Diagram of Data Collection

The three common sources of data collection are Open source, internet, and artificial data
generation. From the open sources, Data has been collected. All data were assembled from
various Bengali poems, short story books, plays, novels, newspapers, articles, and web
portals through a manual effort. In the first stage of data collection, all data was deposited
on a Google sheet. After the collection was completed, the data set was sent to the next

level for preprocessing.

A total of 7500 sentences [22] have been included as datasets at various intervals. Initially,
3000 datasets were included in the dataset. Formerly 3000 data points were collected once
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more in the second step. Finally, 500 is added for each type of sentence of 1500 sum to

complete the margin. In Figure 3.3.2, a pie chart is represented to show the percentage of

each type of sentence.

Exclamatory
33.33%
interrogative
33.33%

Assertive
33.33%

Figure 3.3.2: Pie Chart View of Collected Data

Data were organized into three categories when it was stored: context (sentence), context
type (sentence name), and a class of Context. TABLE 1, TABLE 2, and TABLE 3

presented data collection examples of interrogative, exclamatory, and assertive sentences

that are shown below.

TABLE 1: INTERROGATIVE SENTENCES DATA COLLECTION FORMATE

Context Context_name Class
(OTNIF NIV [F? RGP TR 0
(BIAIG STICETF SEI STaTen EYRTIEE BT 0

231577 YN [FI14@ RIZN ST (F? RGP TR 0
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TABLE 2: EXCLAMATORY SENTENCES DATA COLLECTION FORMATE

Context Context_name Class
PO JWF APIO R=R5P 157 1
I17 TN G} 2O AT R=ET35F 167 1
1B ™ NI (OTNIA [R=RI6P F1P7 1

TABLE 3: ASSERTIVE SENTENCES DATA COLLECTION FORMATE

Context Context_name Class
OIF QI RN 1 RISYeTE IP7 2
©F N ST BTG PRI RefeyeT 17 2
BT VB AN OIF] e [[g1oye7 IPT 2

3.4 Data Preprocessing

Data preparation is the first and most important stage in building a machine learning model.
While data from the actual world carries many inconsistencies, incomplete and errors, or
extroverts, it is not possible to create a model by manipulating that data manually. On the
other hand, this study made use of a one-of-a-kind dataset. This is since it includes a
manually created dataset that was previously less likely to be used. Accordingly, it must
be needed equipped dataset for the machine learning model. At this stage, the dataset was

©Daffodil International University
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prepared using a few steps propping different Python libraries. In Figure 3.4, the diagram

is a depiction of the preprocessing approach.

[ Insertion of Dataset]

b[ Dataset Diagnosing J
t>[ Dispel Punctuation J DRI CIBHT G

Marks

Abbreviation into Full

Alternating the
Form

Dispel of Stop Words]

;>[ Feature Extraction J

Figure 3.4: Diagram of Data Preprocessing

3.4.1 Insertion of Dataset

The data insertion step is very significant. This is because the model does not work at all
when the collected data is inserted into any type of file format. Models work by inserting
certain types of file formats such as CSV, or HTML, or XLSX file formats and move on to
the next process for processing that file. The CSV file format of the collected dataset was

adopted in our study. The Python library needed for further processing was also imported.

3.4.2 Dataset Diagnosing

This step refers to one of the ways of choosing valid data. Sometimes it is also called data
diagnosis which is very essential in algorithms. In this plod, diverse types of scrutinizing

©Daffodil International University
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have been accomplished. After inserting the data, the data type of the dataset is first verified
in this step. We got context as object type and class as integer type of our dataset which
was a favorable aspect for us. In this plaid, various types of verification and selection have
been done. After inserting the data, the data type of the dataset is first verified in this step.
We got classes as context and integer as objects of our dataset which was a favorable aspect
for us. The dataset is then monitored to see if there are any null values. To monitor and
find these null values, info() function and isna().sum() functions are applied. We have also
verified the data mean value, standard deviation, minimum and maximum values through
the describe() function. All the applied functions are built-in functions of python. Finally,
by checking and removing duplicate entries the dataset was made unique for ameliorating

accuracy.

3.4.3 Dataset Cleaning

The step belongs to data cleaning of data preprocessing. Unnessecery things such as
punctuation marks (e.g.- “/ 7, “,7, 7, “?7, -7, “1” etc), stop-words(all Bengali
connective words, e.9.- “(¥ ”, “(WIQ", “QIF", “OFAT, “©g8", “J7", “[FF’ etc) are
dispelled for feature extraction. Mainly, punctuation marks, stop-words do not carry much
information rather it sometimes misguides the key feature. In addition, punctuation can
make noise in the sentence. Here, the NLTK library was applied for tokenization,
normalization, and vectorization before feature extraction. Splitting an entire sentence into
words is known as tokenizing where a simple separator can be utilized for this. However,
abbreviations are separated by “.”(e.q.- /7.0&I ="[R*¥ (FEWT, ©l. = “GIFIF" etc,), the
separator fails to split them. Consequently, the Abbreviations were alternated into full
form. After that, punctuation marks and stop words are dispelled by read-through each
token from the corpus. Since Word-Tokenize is a very popular function for tokenization

and cleaning, we utilized this in our study to succeed in this stage.

©Daffodil International University
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3.4.4 Feature Extraction

Since ML algorithms can’t understand the normal form of data, data needs to encode as
integers i.e., the numeric form that generates the feature vectors. Vectorizing is a process
of this encoding. Count Vectorizer or Bag of Words (BoW) commonly applies for
vectorizing that reveals the existence of words in the data. It produces the result in binary.
When a word is present in the text data it returns 1 for this word else returns 0 and creates
a vector-matrix count in every single data. On the other hand, this vector conversion step
is essential to fit the data into the algorithms. Hereafter, the vector-matrix dataset is split

into two parts in an 85:15 ratio.

3.5 Machine Learning Model Selection

For classification, On the basis of our datasets, six machine learning models were deployed
to forecast our findings. The whole dataset was splatted into two parts in the ratio of 85:15.
In this research, 85% of data has been kept as a training set and 15% as a testing set. The

applied algorithms are elucidated as follows:

3.5.1 Naive Bayes (NB)

It is a classification method in which a unique trait in a class stands out from the rest of the
group. For really big datasets, this classifier is simple to use, fast, and effective. The method
is also recognized as a highly advanced categorization tool. It has applications in real-time
prediction, multiclass classification, and sentiment or text analysis. In this study,
multinomial Naive Bayes was used [7]. Naive Bayes based on Bayes Theorem. Baye
theorem calculates conditional probability. Conditional probability measures the
probability of a case occurring given that another case has occurred. The formula of Bayes
Theorem is as follows-

P(Y|X).P(X
P(X|Y) = Z 05 (1)

©Daffodil International University
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In equation (1), X represents the class that means X tells us the sentence is interrogative or
exclamatory or assertive sentence based on the given condition. Y represents the features
that map the sentences where Y = (Y1, Y2, Y3, ........, Yn).

Now, The formula can be written like equation (2),

P(Y1|X)P(Y2|X)...r(YNX)P(x)

P(X[Y1, Y2 ..., Yn) = P(Y1)P(Y2)...P(Yn) (2)
Therefore, the probability can be written as equation (3),
P (X]Yy, Yo ..., Yn) 0 POX)IT, (Vi X) 3)

However, in the case of us, we use naive Bayes to classify our sentences. Here, X will
provide the maximum probability value. Thus, we can represent our maximum probability
by equation (4) [15].

X = argmaxx P(X) [T, (Y;|X) (4)

3.5.2 Random Forest (RF)

The random forest is one of the most basic and straightforward models. Both calculation
and regression analysis can be done with it. This is the most used method due to its
adaptability, and it usually produces excellent results without the need for hyper-parameter
customization. It's also part of a supervised machine learning method. The tree is now an
ensemble as a result of this decision. Then it gives each of them a prophecy. It enhances
the best tree to receive the most votes [8]. Simply put, the model generates and assembles
numerous trees before arriving at acceptable and most viable outputs. The huge number of
trees also prevents the overfitting problem. In the training phase, random forests contain
many decision trees. For each decision tree, random forest calculates the importance of a
node using Gini importance. Equation (3) is the calculation term of Importance of i

number Node NI;.

NIi = WiCi-WLi Cugy — Wr(i)Crai) (5)
©Daffodil International University
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On a decision tree, the importance of a feature calculates by the following equation (6)
where the summation of all node importance is divided by the total number of nodes. It can

normalize a value between 0 and 1. The normalized formula is represented by equation (7).

FI - Zi:node isplite onfeaturejN” (6)
Ekeallnodes NIk

FIj

NORMFI; = (7

Zieall feature FIi

After that, random forest averages all the normalized values of decision trees. The
summation of features importance for each tree is divided by the total number of trees
which is represented by equation (8) [16].

Yicall trees NORMFIji

- ®)

RFFI; =

3.5.3 Decision Tree (DT)

Decision Trees are used for classification and regression problems and are associated with
supervised machine learning. It mostly provides data in the form of a tree. A decision tree
predicts a record's class label by starting at the root of the tree. The root attribute and the
record attribute are then compared. The comparison is completed, and the node jumps to
the next node [9]. These algorithms are capable of working with both numerical and
categorical data. The SOP (Sum of Products) norm, on the other hand, is upheld. In this
algorithm, the following criteria calculate the values for each attribute. The attribute is
placed on the root with a high value. First, the entropy was measured that measures the
randomness of information being processed. The mathematical representation of entropy

is as follows by the equation (10).
E(S) = Xi-1 —pilogap; (10)

For multiple attributes, the equation (11) is represented,

E(T, X) =Xcee P(0)E(C) (11)
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Now, calculate the information gain. The decrease of entropy is information gain. It
calculates the difference in entropy between the before and after split average entropy. The
mathematical term can be represented by equation (12) where T is the current state and X
is the selected attributes. The simpler conclusion of information gain can be represented by

equation (14).
IG(T, X) = E(T) - E(T, X) (12)
IG = E(before) - X¥_, E(j, After) (14)
Then, the Gini index is calculated. The equation (15) is for the Gini index calculation.

Gini = 1- ¥_(p;)? (15)

If we divide Information Gain(i.e. €g.14) by Split Information, Gain Ratio equation (16)
will be got. The problem with 1G by taking into account the number of branches is scalped
by the gain ratio that would result before erection the split. 1G is fixed by adopting the
intrinsic information of a split into account [17].

I1G

Gain Ratio= —/———
Z{-(=1leog2Wj

(16)

3.5.4 Support Vector Machines (SVM)

Support Vector Machine (SVM) is a supervised machine learning technique that belongs
to the SVM family. It is mostly used to solve categorization challenges. The models can
also be employed in regression problems. The SVM algorithm's purpose is to build optimal
decision boundaries that may split n-dimensional spaces in a class, with each item's value
defining a distinct coordinate. This is referred to as the best decision boundary because it
is a hyper-plane that can effectively separate two classes, and we use it to perform

classification. The hyperplane's dimensions are determined by the number of features [10].
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3.5.5 K-nearest Neighbor (KNN)

The K-nearest neighbor is a well-known non-parametric supervised technique. It can be
used to solve problems like classification and regression. The categorization problem,
however, is the most widely employed. A lazy learning model is also dubbed by KNN. It
works quite slowly since it saves rather than learns data from its training dataset. When
dealing with a large data set, this is a challenging condition to navigate. It predicts
outcomes based on the data point or neighbor that is closest to the user [11]. This method
divides fresh data into pieces that are more comparable to the new data as it is being trained.
In this algorithm, we had needed to find out a function h:X ->Y, where KNN was an

unknown observation x and h(x) predict the output y.

First, the Euclidean Distance matrix is used (eq.17).

dix,x) =/ (x1 —x1)2 + (x1—x1)2 + -+ (xn — xn’)? (17)

At that time, with the largest probability x is assigned to the class,

PY=]1X=X)==Tieal 00 =) (18)

In the KNN, K is a hyperparameter [18].

3.5.6 Extreme Gradient Boosting (XGB)

One of the best redacting algorithms is utilized for supervised learning is XGB (Extreme
Gradient Boosting). Most data scientists prefer XGB whereas it has a high accomplished
speed out of the core estimation. XGB is a machine learning technique based on decision
trees that uses a gradient boost decision tree design. This speeds up the algorithm and
improves its performance. XGB is used to tackle regression, classification, and prediction

issues. [12].
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3.6 Cross-Validation

Cross-validation is a method of data resampling to evaluate the generalizability of
predictive models and to prevent overfitting. Among many of the resampling methods,
cross-validation is customarily exerted to attune model parameters [13]. Because of its
simplicity, K-fold cross-validation is a common method. It assumes that there is an
opportunity to attend the training and test set of each observation from the original dataset.
It is only used in a predetermined dataset. K is a single parameter in k-fold, which signifies
that the given dataset is separated into groups. We used 10-times cross-validation for our
datasets. For our dataset, we employed 10-fold cross-validation. By Figure 3.6 this scheme

for k=10 is expounded, i.e., 10-fold cross-validation.

Fold 1
Fold 2
Fold 3 !
Fold 4 !
Fold 5 D M
Fold 6 ! Dain |
Fold 7
Fold 8
Fold 9 !

Fold 10 l

Figure 3.6: K-Fold Cross Validation where k=10 and the data set are

randomly split into 10 detach subsets.

The first subset serves as a validation set Dyai-1, While the following nine subsets serve as a
training set Dirain-1 in the first fold. Similarly, the validation set Dvai-2 is the second subset
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of the second fold, whereas the remaining subsets constitute the training set Diain2. This
method of working has been revolved unless each k subset acts as a validity set.

3.7 Performance Parameters

3.7.1 Confusion Matrix

A confusion matrix is a metric for determining how well a categorization system performs.
It's a table that combines four separate parameters with projected and real-world values.
True positive (TP), false negative (FN), true negative (TN), and false-positive (FP) are the
four metrics used to assess it [14]. The exploratory outcome may be conveniently concise
by the following Figure 3.7.1 [21]:

(Real)

Positive Negative

= Positive
=

8

K=}

o .
a Negative

Figure 3.7.1: Confusion Matrix

According to this figure 4, Precision, Recall, Accuracy can be measured. After calculating
the precision and recall, using the measuring values of those, F1-score can be calculated.

3.7.2 Precision

Precision is defined as the ratio of true positives to total positives (true positives and false
positives). A positive anticipated value is another term for this. The term of precision p is

represented by the equation (19):
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TP
p= TP+FP (19)

3.7.3 Recall

The recall of a classifier refers to its capacity to intuitively locate all positive samples. The
lowest and highest values are 0 and 1, respectively. In aword, recall is a measure of positive

identification of truth. The term of recall r is as follows:

r=—o (20)

~ TP+FN

3.7.4 Fl1-score

We can't easily compare two models so we use f1-scores to compare them. The F1-score
is measured by the harmonic mean of recall and precision. So, the formula of F1-score will

be as following equation (21).

Fl-score = 2x - (21)
p

+r

3.7.5 Accuracy

Accuracy is a metric for determining classification models. In a family way, accuracy is
the fraction of prophecies the model got accurate. Formally, accuracy has the following
equation (22):

Number of correct predictions _ TP+TN
Total number of predictions TP+FP+TN+FN

Accuracy = (22)
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CHAPTER 4
Result Analysis

Our study's mold began with 3000 data points. When working with that dataset, RF
provided better accuracy results than the others. The accuracy stated was 62 percent. When
the data was expanded to 6000, RF held a maximum value of 68.4 percent, with a 6.4
percent increase the accuracy. 7500 data has been added because it did not meet our
expectations. After doing this, for the third time, it showed a pretty satisfactory result that
we can afford. It was very noticeable that the average increment of each algorithm was 5%
accuracy. Cross-validation was created for every single algorithm to achieve optimal
results. However, the purchase was a bit of a letdown. The comparison of test accuracy and

cross-validation score was presented with the help of Figure 4.1.

80
7538 73.92 72.87 71.77 73

70 62.49 63.2 63.25 | 6567 63.2
60 58.9_5 —_— - o
50
40
30
20
10
0

Naive Bayes Random Forest  Decision Tree SVM KNN XG

70.85

B

Figure 4.1: Comparison between test and cross-validation accuracy of different machine learning

M Accuracy M Cross-Validation

techniques

For NB, RF, SVC, KNN, DT Classifier, and XGB Classifier, the proposed experiment
accuracy rate in TABLE | was 62.49%, 75.38%, 72.87%, 65.67%, 63.2%, and 73% as well.
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On the other hand, the Cross-validation score exposed in the table was 58.95%, 73.925%,
71.77%, 63.2%, 63.25%, and 70.85%. After comparison between accuracy and cross-
validation showed that for NB, RF, SVC, KNN, and XGB Classifier there was a significant
reduction of 3.54%, 1.46%, 1.1%, 2.47%, and 2.15% respectively. However, for the DT
algorithm, a meager accretion of 0.05% was seen. Despite an exhaustive reduction of
accuracy after Cross-validation, it was proved that RF had the best scenery of score with a

75.35% value of perfection.

To evaluate the performance of each categorization, precision, recall, F1-score, and support
were surveyed. Differences in criteria were evident in this comparison. TABLE 4 shows a
comparison of the classes that have been used. In the instance of NB, recall and F1-score
propped up a very close score to each other for the interrogative or class O precision, with
358 as the support. However, for exclamatory or class 1, it was noticed that precision was
less than class 0 with recall and the f1-score was adaptable with 405 support. On the other
hand, for assertive or class 2, in the case of NB, each parameter was very bad excluding

support.

TABLE 4: MEASURE PRECISION, RECALL, AND F1-SCORE FOR THREE CLASSES (NAIVE
BAYES ALGORITHM)

Test Score Cross- Class Precision Recall F1-Score
Validation
Score
Interrogative 0.67 0.69 0.68
62.49 58.95 Exclamatory 0.61 0.69 0.65
Assertive 0.58 0.48 0.53

Precision, recall, and f1-score for Interrogative or class 0 were determined to be 0.79 and
support to be 358 in TABLE 5. For class 1, precision and f1-score were decreased to 0.72
and 0.77, respectively. Furthermore, recall soared to 0.82 with the help of 405 support. All
of the criteria in Class 2 declined except for precision.
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TABLE 5: MEASURE PRECISION, RECALL, AND F1-SCORE FOR THREE CLASSES (RANDOM

FOREST ALGORITHM)

Test Score Cross- Class Precision Recall F1-Score
Validation
Score
Interrogative 0.79 0.79 0.79
75.38 73.92 Exclamatory 0.72 0.82 0.77
Assertive 0.75 0.64 0.69

TABLE 6 demonstrates that the Decision Tree technique had precision, recall, f1-score,
and support of 0.65, 0.68, 0.66, and 488 for class 0. Precision, recall, and f1-score for class
1 were all 0.64, with 538 support. For class 2, the precision, recall, f1-score, and support
scores were 0.60, 0.58, 0.59, and 478, respectively. TABLE 6 shows, on the other hand,
that Test accuracy has increased marginally, with a value of 63.25. However, the increase

was negligible.

TABLE 6: MEASURE PRECISION, RECALL, AND F1-SCORE FOR THREE CLASSES (DECISION
TREE ALGORITHM)

Test Score Cross- Class Precision Recall F1-Score
Validation
Score
Interrogative 0.65 0.68 0.66
63.2 63.25 Exclamatory 0.64 0.64 0.64
Assertive 0.60 0.58 0.59

TABLE 7 contains all of the support vector machine's parameters. Precision was 0.74, the
recall was 0.74, f1-score was 0.74, and support for class 0 was 488. Precision, recall, f1-

score, and support for class 1 were also found to be 0.71, 0.79, 0.75, and 538, respectively.
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The precision of 0.76, recall of 0.67, f1-score of 0.71, and support of 474 were obtained

for class 2.

TABLE 7: MEASURE PRECISION, RECALL, AND F1-SCORE FOR THREE CLASSES (SUPPORT
VECTOR MACHINE ALGORITHM)

Test Score Cross- Class Precision Recall F1-Score
Validation
Score
Interrogative 0.74 0.74 0.7
72.78 71.77 Exclamatory 0.71 0.79 0.75
Assertive 0.76 0.67 0.71

Precision was 0.59, the recall was 0.79, f1-score was 0.67, and support was 483 for class 0
in TABLE 8 for the K-Nearest Neighbors algorithm. Furthermore, the precision, recall, f1-
score, and support for class 1 were 0.69, 0.68, 0.68, and 519, respectively. On the other
hand, TABLE 8 shows a precision of 0.75, recall of 0.50, f1-score of 0.60, and support of
498 for class 2.

TABLE 8: K-NEAREST NEIGHBOR ALGORITHM PRECISION, RECALL, AND F1-SCORE

Test Score Cross- Class Precision Recall F1-Score
Validation
Score
Interrogative 0.59 0.79 0.67
65.67 63.2 Exclamatory 0.69 0.68 0.68
Assertive 0.75 0.50 0.60

TABLE 9 represents precision as 0.74, recall as 0.77, f1-score as 0.67, and support as 483

for class O for the XGBoost classifiers. For class 1, however, precision, recall, f1-score,
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and support were 0.69, 0.68, 0.68, and 519, respectively. Furthermore, precision was 0.74,

the recall was 0.60, f1-score was 0.70, and support was 498 for class 2.

TABLE 9. MEASURE PRECISION, RECALL AND F1-SCORE FOR THREE CLASSES (XGBOOST

ALGORITHM)
Test Score Cross- Class Precision Recall F1-Score
Validation
Score
Interrogative 0.74 0.77 0.75
73 70.85 Exclamatory 0.71 0.77 0.74
Assertive 0.74 0.66 0.70

To make the comparison clear, the graph was rendered. Figure 4.2 was outlined for class
0. In that graph, Random Forest was the highest-scoring model for precision, recall, and
f1-score. Thus, the KNN model was displayed in that graph with a high recall score of 0.79.
The chart is illustrated for Class 1 in Figure 4.3. Of the six classifiers, Random Forest again
topped for three parameters. Additionally, Figure 4.4 was sketched for Class 2, indicating
that SVC is the top model with the highest standard of parameters. Moreover, Random
Forrest also scored very close to SVC. After all comparisons, it has been concluded that
Random Forest, SVC, and XGB classifiers performed much better than Naive Bayes,
Decision Tree, and KNN. Nevertheless, Random Forest provided the winning score in most

of the comparisons.
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CHAPTER 5
Conclusion and Future Work

5.1 Conclusion

The paper offers comparisons between ML classifiers and seeks out the paramount
methods for classifying Bengali sentences. Random Forest has surpassed 75.38% to
classify different types of Bangla sentences with accuracy in this analysis. Thus, if the

dataset can be extended by a large margin, the results will be more fruitful.

5.2 Future Works

As the work was just the beginning of our idea implementation. In the future, we have a
plan that DL algorithms will be implemented in this dataset by adding the residual
functional sentences as classes. Moreover, the recent world is being driven by dealing with
online platforms. Educational works are also being converted into smart device-dependent.
Keeping in mind this concept, we will try to develop a smart application for Bengali
grammar learning where we will try to include more Al technological grammar learning
modules along with this classification model concept, too. So that, a learner can able to

learn the class of a sentence with other Bengali grammatical lessons very comfortably.
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Abstract— In the early time, very few studies were
accomplished in Bengali functional sentences. However, the
study on Bengali has incredibly increased for its structural
diversity. Inspired by those studies, Functional sentence
classification in Bengali 1 was leted includi

Classification is the task of classifying a sentence under a
predefined category. As like English, there is the classification
of Bengali sentences according to their functionality where a
functional sentence means to the purpose of a speaker. In

machine learning approaches to classify the sentences. Three
types of Bengali functional sentences such as Assertive,
Interrogative and Exclamatory have been considered for the
research. So the leading purpose of the study is to classify the
sentence and find out the best algorithm with comparing
accuracy rate. Data have been collected, categorized and
processed the dataset properly to avoid the conflict. Some
popular machine learning algorithms such as Naive Bayes (NB),
Decision Tree Classifier (DT), SVM, KNN, Random Forest
(RF), and XGB Classifier have been implemented to compare
accuracy rates. Parameters such as Precision, Recall, F1-Score,
Support and Confusion matrix have been calculated for the
comparison. The comparison demonstrated that performance of
the Random Forest, SVC, and XGB Classifier is better than
Naive Bayes and Decision Tree Classifier. Remarkable issue is
that the Random Forest algorithm provided the highest
performance value with an accuracy of 75.38% which is average
performance for such a dataset.

Keywords— Functional Sentence, Assertive, Interrogative,
Exclamatory, Multiclass, Naive Bayes, Random Forest, Decision
Tree Classifier, SVM, KNN, XGB Classifier

I. INTRODUCTION

Language is the best way to express someone’s sense
where a sentence is the textual unit of language. Actually, a
sentence is a set of words that in principle tells a complete
thought. From the beginning to now, in this technological
world, most of the work, all research works, journals or
devices are done following English language. Extensive
research is currently being done on other languages than
English for the development of computer languages. In the
present world, Bengali is the fifth most-spoken native
language. Moreover the language is the sixth most spoken by
total number of speakers. Researchers are currently
conducting various researches on different languages in order
to connect languages with Machine Learning and Artificial
Intelligence. Accordingly, for the structural special features of
the Bengali language and to employ the mother tongue in
technology, a lot of work is being done in Bangladesh
recently. Stimulated by this, the work has started on the
classification of Bengali sentences in this paper. Sentence
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B li, five types of sentences are considered according to
their functionality or meaning. Among these, our dataset was
categorized into 3 types of functional sentence classes:
Assertive, Interrogative and Exclamatory. These three types
of sentences are quite different from each other. In this
research, several machine learning(ML) algorithms: Random
Forest, Naive Bayes, Decision Tree Classifier, SVM, KNN,
XGB Classifier have been applied to the dataset to determine
the efficiency of the classifiers. Analyzing this, our manual
dataset was considered to predict. It was observed that all the
applied models lodged a considerable result for such a dataset.
However, Random Forest models gave the highest score
75.38% of the perfect forecast.

II. LITERATURE REVIEW

Thanyarat Nomponkrang et al. [2] proposed a module to
extract the features of Thai sentences according to the
function of the sentences and the appropriate features and
algorithm to classify the Thai sentences. Term binary (TB) of
key phrases and term frequency (TF) of part of speech were
extracted as main features of the module. Comparing two 4
classification algorithms, the SVM algorithm was proposed
as the optimal model that had the key phrase and TF-IDF term
of POS. However, adages and greeting sentences were not
considered in this paper.

Chengwei Gu et al. [3] designed Natural Language
Processing (NLP) for sentence classification in the Chinese
language. The traditional way of machine learning was used.
A novel architecture of CNN was applied to Chinese sentence
classification. For betterment, they also embedded linear
SVM. Besides, tanh was activated instead of ReLU and the
result of the CNN model improved for Chinese sentence
classification tasks.

Cheng Liu et al. [4] proposed English quality-related text
classification. The vital work of the paper was to mine,
stratify and research great quantity data in English text. In this
study, the authors propounded a categorization model based
on Cyclic Neural Network. The Recurrent neural network
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(RNN) was applied because of its loop structure. The
accuracy of RNN classification was better than the
conventional network neural algorithms. The accuracy with
quality categorization reached about 96% in a cyclic
network.

According to Rizwan Ali Naqvi et al. [5], Roman Urdu News
Headlines were used as a dataset because of the complexity
of this language. They had classified the news into five
categories. For the classification, algorithms of machine
learning like long short-term memory (LSTM), Multinomial
Naive Bayes (MNB), Logistic Regression (LR), and
Convolutional Neural Network (CNN) were utilized to
compare the perfection of results. After applying different
types of models, the authors confessed that the MNB
classifier is selected as the best perfection of 90.17%. In
addition, rule-based techniques were used to remove the
lexical variation.

Fuchun Peng et al. [6] introduced to compare several
techniques of machine learning on text classification of Asian
languages. Japanese and Chinese languages were considered
where information on word circumference is unavailable in
written text. It implemented the Maximum entropy model,
language modeling (LM), Naive Bayes (NB), and Support
vector machines (SVM) approaches. For both languages, the
LM classifier gave better accuracy than others. For Chinese
character and word level, LM gave about 86.7% and 89.2%
respectively, and 84% for Japanese character level. But in the
Japanese character level SVM didn't perform. The
relationship between word classification performance and
segmentation accuracy were also investigated.

Ping Zhang et al. [7] raised research on text classification
applying machine learning models. In that case, three typical
text classification algorithms: Naive Bayes (NB), K-Nearest
Neighbor (KNN) and Support Vector Machines (SVM) were
introduced and all of which have good classification effects.
After comparison, the experimental results indicated that the
NB model and SVM model had provided good results.

However, observing the previous literature, most of the
operation focused on NLP based solutions for classifying the
sentences. Some of the authors have illustrated the machine
learning algorithm to classify the sentences but using other
languages except the Bengali. Therefore, the main scheme of
the study is to classify the Bengali sentences through
traditional machine learning approaches only.

III. PROPOSED METHODOLOGY

Due to finding out the best model for Bengali Functional
Sentence Classification by machine learning approaches the
working procedure was done following step to step.
Accordingly, a contextual framework was followed in the
experiments. After selecting ML algorithms, A flow diagram
was created for smoothness. However, before the model
selection the collected dataset was processed. Additionally,
six models were considered for the analysis which are
mentioned in fig. 1 as NB(Naive Bayes), RF(Random Forest),
DT(Decision Tree), SVM(Support Vector Machines),
KNN(K-nearest Neighbor) and XGB(XGBoost) respectively.
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A. Select Class

The labels or categories which are done for comparing
something is termed as Class. These classes are used as the
output result of classification tasks. For classification tasks
four types of class may be encountered. Among these four,
multi-class classification has been selected. The classification
task which has more than two class labels is known as multi-
class classification. In this work classes have been selected
from different functional sentences of Bengali language. The
work has been done with three most frequently used types of
sentences in Bengali language. These are Assertive,
Interrogative and Exclamatory respectively. Here classes have
been formatted assertive as 2, exclamatory as 1 and lastly

interrogative as 0.

Select classes of
sentences

l

Collect sentences from
bengali news papers,
bengali web portals and
bengali books.

!

| Processing of Data |
| Models Selection I—-

o

Fig. 1 The flow chart of the proposed methodology

DT

(8] (s [][=] ]

Take Best Model |

B. Data Collection Processs

To start the work raw data is excellent but it can’t be inserted
into machine learning algorithms. Though it can be done this
way, the most desired outcome remains far away. Due to such
reasons it is very much essential to process raw data. The
steps have to be followed as below for building a dataset:

Collecting — Preprocessing

Open source, internet and artificial Data Generation are the
three usual sources of data collection. Data has been collected
from open source. All the data was collected by manual
effort from various Bengali poems, dramas, novels, short
story books, articles, newspapers and web portals as well. In
total 7500 sentences [16] have been inducted as a dataset in
different intervals. At first 3000 data was included in the
dataset. Then in the second phase again 3000 data was
adopted. Finally 500 for each type of sentence in sum 1500
more was added for completing the margin. While storing the
data, it was classified into three sections of context
(sentence), context type (sentence name) and class of
Context. Fig. 2, fig. 3 and fig. 4 represented the example
of interrogative, exclamatory and assertive sentences which
have been shown below as well.
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Context Context Name  Class
comR 719 fFe SHTIIGT I 0
o (R AT? ST T 0
3oz s fFfis W3 areel @2 SRS I 0
IRAMATE &5 wife (F@h? SHTANET A 0
Fig. 2: Example of Interrogative Sentences
Context Context Name  Class
& 3w et ferpe T 1

/! W& e e Fere eren
T, 51 B f e
T TA! F6] WFAS 5L ¢!

frwmpe I 1
e T/ 1
frmpe T 1
Fig. 3: Example of Exclamatory Sentences

Context Name Class
ffoyre a2

fagfoaars 2w
fgforere I
fagfoas awe

Fig. 4: Example of Assertive S

Context
ATAPTRISE 72 & S0 |
I4IIAGT (ATA T N7 TR |
A1 2reTs Zr= AR st ¢Ita <1 |
4Tt cETRs e =3 |

NN

C. Data Pre Processing

There is a unique dataset used in this research. Because it
has a manually built in dataset with very poor probability of
being used before. For the betterment of the research the data
have been sorted and filtered thoroughly for any invalid result.
But the result was very amusing with no invalid result. Cross
checking was also done in search of any kind of null value.
Then, the punctuation marks were dispelled. After that, the
connective words such as “(”, “(JCRY", “AI”, “OIFAF",
0987, “ﬂﬁl—", ‘% etc. were dispelled as stop words.
Some contracted form of words like “fIfIT*Y TET =87,
“OIOISId = .” etc. were found in data which were
abbreviated in due form for better figure. Besides, statistical
reports of Dataset have been identified, too. Python Libraries
were used in this case to process. The data type was String.
Due to this, Python Libraries were used to convert the String
value into numeric value for fitting it into the machine
learning approaches. In fig. 5, the diagram is the presentation

of the preprocessing procedure.
Dispel Punctuation
Mark

[ Insertion of Dataset ]—'[ Checking Dataset
Split Dataset into Dispel of Stop Abbreviated the
Test and Train data words Contraction

Fig. 5: Diagram of Data Preprocessing

D. Select Machine Learning Models

For the classification, six machine learning models were
applied which predict our result based on our dataset. The
whole dataset had been splitted into two parts in 85:15 ratio.
One is the trained dataset which contains 85% data from the
dataset and another one is the tested dataset which contains
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the rest of 15%. The applied algorithm are elucidated as
following:

1) Naive Bayes (NB): It is a classification technique
which assumes that an exceptional feature in a class is
different from any other presence features. This classifier is
easy to use and faster and very effective for very large
datasets. It is also known that the method is a highly
sophisticated classification method. It can be used for real
time prediction, multiclass and text or sentiment analysis. In
the research, multinomial naive bayes were executed[11].

2) Random Forest (RF): One of the simplest and easiest
models is Random Forest to use. It can be used for both
calculation and regression analysis. It is the most famous
algorithm for its flexibility and most of the time, it also
provides a great result without hyper-parameter tuning.
Besides, it belongs to a supervised machine learning
algorithm. This makes an ensemble of decision trees. Then it
predicts each of them. It becomes the best tree which gets the
maximum votes[8]. Simply it can be said that the model
makes multiple trees and makes them together before that
gets the accurate and most performing result.

3) Decision Tree (DT): Decision tree belongs to
supervised machine learning and also used for classification
and regression problems. It mainly represents its data as a
tree. A decision tree works from its root of the tree for
predicting a class label for a record. After that, it compares
root attribute and record attribute. After completing
comparison jumps to the next node[9]. These algorithms can
work with both categorical and numerical data. On the other
hand, It maintains the rules of Sum Of Products(SOP).

4) Support Vector Machines (SVM): Support Vector
Machine(SVM) is also a family member of supervised
machine learning algorithms, too. Generally, it is mostly
utilized in classification problems. Besides, the models can
be used in regression challenges. The goal of the SVM
algorithm is to make the best decision boundary that can
separate n-dimensional space into classes, so the value of
each item places a particular coordinate. It is called the best
decision boundary as hyper-plane which can differentiate two
classes very well and we perform classification by it. The
dimension of a hyper-plane depends on the number of
features[13].

5) K-nearest Neighbor(KNN): K-nearest neighbor is a
non-parametric supervised algorithm. It can be used for both
classification and regression problems. But most of the use is
noticed in classification problems. KNN is also called lazy
learning algorithm. It performs very lazyly because it doesn’t
learn data from it’s training dataset instead it stores the
dataset. It is a very tough situation when we use it with a very
large data set. It predicts the result depending on the nearest
neighbors or data points. When this algorithm trains new
data, it classifies the new data into a category which is more
similar to the new data.

6) XGBoost(XGB): XGBoost is a decision tree based
machine learning algorithm that is an implementation of
gradient boost decision trees design. It makes the algorithm
faster and increases the performance. To solve regression,

36



classification, ranking and user defined prediction problems
XGBoost is performed.

E. Cross Validation(k-fold)

K-fold Cross validation is a very popular method because
of its easy usage. It convenes that every observation from the
main dataset has the chance of appearing in the training and
test set. It is simply used in a limited dataset. In k-fold, kis a
single parameter which means the groups of the given dataset
are split. We have used 10-fold cross validation for our
dataset.

F. Performance Parameters

a. Confusion matrix:
Confusion matrix is performance measurement of
classification problems. This is a table which combines 4
different parameters of predicted and actual values. It
measures by true positive, false negative, true negative and
false positive [10].

b. Precision:
Precision is the ratio between true positive and all positive
(True positive and False positive). It is also called Positive
Predicted Value. The term of precision:

Precision = (TP / TP) + FP
c. Recall:
Without positive classes we have predicted correctly, how
many are actually positive. Recall is actually measurement of
identifying true positives. The term of recall:

Recall = (TP /TP) + FN
d. Fl-score:
We cannot compare two models easily so we use f1-score to
make them comparable. It is the harmonic mean of recall and
precision.

Fl-score = (2 * Recall * Precision) / (Recall + Precision)

IV. RESULT ANALYSIS

The frame-work of our research started with a dataset of
3000. While working with that dataset, Random Forest
provided a higher value of accuracy than others. The provided
accuracy was 62%. When the data was extended to 6000,
Random Forest again held the highest value of 68.4% with an
increase of 6.4% in accuracy. For not being as our expectation
we had to increase the data to 7500. After doing so, at the
third time it showed a quite satisfying result which we can
afford. It was very much noticeable that in every algorithm,
it had an average increase of 5% accuracy. For acquiring the
best result cross validation was executed for each and every
single algorithm. But the acquisition was a little bit
disappointing. With the help of the figure 6 comparison of
test accuracy and cross validation score was made. For Naive
Bayes, Random Forest, Decision Tree Classifier, SVC, KNN
and XGB Classifier the presented test accuracy score in
TABLEI was 62.49%, 75.38%, 63.2%, 72.87%, 65.67% and
73% as well. But the Cross Validation score shown in the
table was 58.95%, 73.925%, 63.25%, 71.77%, 63.2% and
70.85% respectively. For NB, RF, SVC, KNN and XGB
Classifier there was a significant decrease of 3.54%, 1.46%,
1.1%, 2.47% and 2.15% respectively. But for the Decision
Tree Classifier there a little increase of 0.05% was seen.
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Despite a thorough decrease of accuracy after Cross
Validation it was proved that Random Forest had the best
scenery of score with 75.35% value of perfection.
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Fig. 6 Comparison between test and cross validation accuracy of different
machine learning technique

The precision, recall, F1-score and support were measured to
analyze every classifier's performance. In the comparison,
variation of the value of each other's parameters was noticed.
By the table 1, it has appeared as the comparison of the
utilized classes. In the case of Naive Bayes, for the
interrogative or class 0 precision, recall and f1-score propped
up a very near score each other where the support was 358.
But for exclamatory or class 1 it was noticed that precision
was less than the class 0 with recall and fl-score was
acceptable with 405 support. On the other hand, for assertive
or class 2 in case of naive bayes, every parameter was very
poor except support.

TABLEL MEASURE PRECISION, RECALL AND F1-SCORE FOR
THREE CLASSES (NAIVE BAYES ALGORITHM)
Test Cross Class Precision Recall F1-
Score Validation Score
Score
62.49 58.95 Interrogative 0.67 0.69 0.68
Exclamatory 0.61 0.69 0.65
Assertive 058 0.48 053

In the case of table 2, For Interrogative or class 0, precision,
recall, f1-score were found as 0.79 and support was found as
358. For class 1, precision and fl1-score were decreased to
0.72 and .77 respectively. Moreover, recall increased
remarkably to 0.82 with support 405. For Class 2, except
precision all the parameters decreased.
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TABLE IL MEASURE PRECISION, RECALL AND F1-SCORE FOR In table 5, for the K-Nearest Neighbors algorithm, it was
THREE CLASSES (RANDOM FORKST ALGORITHM) perceived that precision was as 0.59, recall as 0.79, f1-score
as 0.67 and support as 483 for class 0. Additionally, for class
Gt | e flam Preculen: | Reeall | Flo 1, precision, recall, f1-score and support were traced as 0.69,
Seare 0.68, 0.68 and 519 respectively. On the other hand, precision
as 0.75, recall as 0.50, f1-score as 0.60 and support as 498 for
75.38 73.92 Interrogative 0.79 079 079 class 2 was shown in table 5.
TABLE V. K-NEARREST NEIGHBOR ALGORITHM PRECISION,
RECALL AND F1-SCORE
Exclamatory 0.72 0.82 077
Test Cross Class Precision | Rec F1-
Score | Validation all Score
Assertive 0.75 0.64 0.69 Score
65.67 63.2 Interrogative 0.59 0.79 0.67

For the Decision Tree algorithm, table 3 presented that
precision, recall, fl-score and support were traced as 0.65,
0.68, 0.66 and 488 respectively for class 0. For class 1, the
value of precision, recall and fl1-score were traced as 0.64
with 538 support. For class 2, precision, recall, f1-score and
support were perceived as 0.60, 0.58, 0.59 and 478
respectively. On the other hand, table4 accomplished that
Test accuracy has increased a little bit where the value
extends to 63.25. But the increase was negligible.

TABLEIIL MEASURE PRECISION, RECALL AND F1-SCORE FOR
THREE CLASSES (DECISION TREE ALGORITHM)
Test Cross Class Precision Recall F1-
Score Validation Score
Score
63.2 63.25 Interrogative 0.65 0.68 0.66
Exclamatory 0.64 0.64 0.64
Assertive 0.60 0.58 059

In table 4, all the parameters of the support vector machine
are placed. It represented precision as .74, recall as 0.74, and
fl-score as 0.74 and support as 488 for class 0. Additionally,
precision, recall, fl-score and support for class 1 were
observed as 0.71, 0.79, 0.75 and 538 respectively. For class
2, precision as 0.76, recall as 0.67, fl-score as 0.71 and
support as 474 were obtained.

TABLEIV. MEASURE PRECISION, RECALL AND F1-SCORE FOR
THREE CLASSES (SUPPORT VECTOR MACHINE
ALGORITHM)

Test Cross Class Precision Recall F1-

Score Validation Score
Score

7287 71.77 Interrogative 0.74 0.74 0.74
Exclamatory 0.71 0.79 0.75

Assertive 0.76 0.67 071

©Daffodil International University

Exclamatory 0.69 0.68 0.68

Assertive 0.75 0.50 0.60

For The XGBoost classifiers, table 6 has represented the
value of precision as 0.74, recall as 0.77, and f1-score as 0.67
and support as 483 for class 0. On the other hand, precision,
recall, fl1-score and support were shown as 0.69, 0.68, 0.68
and 519 respectively for class 1. Moreover, for class 2,
precision was traced as 0.74, recall as 0.60, f1-score as 0.70
and support as 498.

TABLE VL MEASURE PRECISION, RECALL AND F1-SCORE FOR
THREE CLASSES (XGBOOST ALGORITHM)
Test Cross Class Precision Recall F1-
Score Validation Score
Score

73 70.85 Interrogative 0.74 0.77 0.75
Exclamatory 071 077 0.74

Assertive 074 0.66 0.70

To represent the comparison clearly, the graph was drawn.
Fig. 7 was charted for class 0. In that chart, Random Forest
was the highest scored model for precision, recall and f1-
score. Thus, KNN model was also present in that graph
containing a high recall score of 0.79. Chart of class 1 was
illustrated in Fig. 8. Among six classifiers, Random Forest
again gained the top most placed for three
parameters. Additionally, Fig. 9 was charted for Class 2,
which conveyed that SVC was the top model with high values
of the parameters. Moreover, Random forest also gained a
very near score of SVC. Ending after all comparison, it is
dispensed that Random Forest, SVC and XGB classifiers
have delivered much better results than Naive Bayes,
Decision Tree and KNN. Yet, Random Forest has delivered
the winning score in most comparisons.
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Fig. 7 Comparison among precision, recall and f1-score for class 0
(Interrogative Sentence)
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Fig. 8 Comparison among precision, recall and f1-score for class 1
(Exclamatory Sentence)
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Fig. 9 Comparison among precision, recall and f1-score for class 2
(Assertive Sentence)

V. CONCLUSION

The paper proposes the comparison among the classifiers
of machine learning and finds out the best approach while the
classification of Bengali sentences. In this study, Random
Forest outperformed for classifying the different kinds of
Bengali sentences with 75.38% accuracy. Hence, if the
dataset can be increased to a large margin the outcome would
be more productive. Hereafter, Deep learning algorithms will
be executed on this dataset by appending the remaining
functional sentences as classes.
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