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Abstract

To enhance the quality of machine translation (MT), the most significant way is to train the system. Machine Learning (ML)
provides an opportunity to train the system by using a training data set. Further, assessment is done using a test data set. This
way training and assessment can be carried out in a given system. The training further helps the system make appropriate
predictions. To provide training and testing data ML has techniques like supervised, unsupervised, and knowledge-based. MT
has various challenges. Including ambiguity. In this paper, we have done an analysis of various ML techniques for Word Sense
Disambiguation (WSD). The accuracy of all the analyzed algorithms ranges from sixty-eight to eight-four percent. We have
also introduced a hybrid model named AmbiF to resolve WSD. This model has exhibited a higher accuracy percentage in
comparison to the other analyzed techniques. The percentage of accuracy reported is eighty-five percent under the F-score
value.

Keywords: AmbiF, ambiguity, knowledge-based, machine learning, machine translation, supervised approach, unsupervised
approach.

1 INTRODUCTION

For many years, machine translation (MT) has been a broad area of study. The translation is the process of
translating meaning of a text into the resulting equivalent meaning that transfers the same message into another
language. In the translation process, the text that is to be translated is called the source text, and the text after
translation is called the target text [1]. This translation process occurs between two languages. The language of
the source text is called the source language, and of the target text is called the target language. Machine
Translation is the automatic process of conversion of text from the source language to the target language using
computers. The automatic machine translation process is shown in Figure 1.
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The automatic MT uses the bilingual dictionary for establishing fixing points for closing the gap between two
languages [2]. India is a multilingual country, and only approximately three percent of people can understand the
English language [3]. Therefore, we need a MT system to translate any information in the English language into
any other local target language. There are various approaches to MT, and on the basis of these approaches, MT is
classified into four categories. These four categories are depicted in Figure 2.
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Figure 2: Machine Translation Approaches

Traditionally, MT had two different approaches: the approach based on rules (RBMT, Rule-Based Machine
Translation) and the corpus-based approach. However, neural MT and hybrid MT have emerged in recent years
[4]. Each MT approach has its own benefits and drawbacks. Today, the hybrid approach, and neural machine
translation approach are widely used for testing different combinations.

Arthur Samuel defined the term “ML”, and he described ML as ““a field of study that trains computers to enable
an automatic and improving learning process from experience without any human intervention, i.e., the capability
to learn without being explicitly programmed” [5].

1.1 Role of ML Approaches in MT

Machine Learning (ML) plays an important role in many real-life applications, like photo tagging applications,
web search engines, spam detectors, machine translation, etc. ML enables computers to learn by providing
training. There are various ML approaches that play an important role in improving the quality of the translated
text. Blending ML with MT, enhances the quality of MT. ML addresses the grey areas of MT, one of which is
ambiguity. ML approaches are classified into the following categories: supervised, unsupervised, and
reinforcement learning. This classification is shown in Figure 3.
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Figure 3: Classification of Machine Learning Approaches
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These ML approaches are used in MT for automatic translation, and using these learning approaches, we can
improve the quality and percentage of correctly translated text. According to Figure. 3, we can see that there are
three types of learning approaches, and these approaches are:

1. Supervised Learning Approach: Supervised learning methods can be applied to well-labeled data to train
the system. After the training process, the new set of data is applied to the system, which then generates
results for the new data. Classification and regression are the two methods in the supervised learning
approach.

e Classification: By using supervised learning classification algorithms such as Naive Bayes, K
Nearest Neighbor, Support Vector Machines, Logistic Regression, etc., we can classify the text into
two or more classes.

e  Regression: This technique is used for the prediction of new data and also shows the connection
among both dependent and independent variables. Example: linear regression and logistic
regression.

2. Unsupervised Learning Approach: In the unsupervised learning approach, there is no need for a training
corpus, which also significant amount of calculation time [6]. With this method, we may quickly obtain
the computer’s unlabeled data. Clustering and association are the two methods in this approach.

e  Clustering: In clustering, we can divide the data points into two or more groups on the basis of
their group features.

e  Association: The association rule finds the relationship between various variables in a data set.

3. Reinforcement Learning Approach: This is a feedback-based learning approach in which an agent learns
from experiences and then performs the action in the environment to see the results. In this method, there
is no labelled data. This learning process depends on the hit-and-trial method. The main application areas
of reinforcement learning are robotics, gaming, chemistry equations, manufacturing, etc.

2 ORGANIZATION OF PAPER
Our paper contains the following sections:
Section 3: The training dataset’s role in the ML process and its format
Section 4: Supervised machine learning approaches
Section 5: AmbiF hybrid model developed
5.1 Testing Method
5.2 Proposed Approach
5.3 AmbiF model
Section 6: Discussion and Result Analysis
Section 7: Contribution
Section 8: Conclusion

3 ROLE OF DATA SETS FOR TRAINING AND IN ML PROCESSES

There is a significant role for data sets in ML processes. The data set is divided into two sets: one is the training
data set, and another is the test data set. The training data set contains information related to the domain, while
the sentences in the test data set are given to the system to test the accuracy of the output result. The accuracy of
the prediction output is directly proportional to the training provided to the model. The better trained model gives
a better result.

To test the different ML approaches, we have taken a training data set of four sentences that contains an
ambiguous word “block.” This ambiguous words falls into several part of speech categories. He has checked the
efficiency of each algorithm under the three-fold cross validation method. The data set is partitioned into three
equal sections for the three fold cross-validation test procedure and in each iteration two parts of the given data
set are used for the training purpose and the third part is used to predict the test data. After that, we applied various
ML approaches to see the result and check the accuracy of the algorithm. Example: Consider the following
sentences shown in Table 1.
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Table 1: Data set for training purposes with POS categories of ambiguous words

Training sentence | Training sentences POS Category

no.

1 He tried to block me from joining the meeting. Verb
Look at the block of ice. Noun

3 She drove the car around the block to charge its | Noun
batteries.

4 The block of stone had to be lifted into position with a | Noun
system of pulleys.

5 There is a good deli on this block. Noun

6 My friend circled the block looking for a place to park. | Noun

7 Child has a red colour block. Noun

8 When a glacier meets the sea, a large block of ice may | Noun
break off and float away as icebergs.

9 You can block unwanted numbers Verb

Here we are trying to train the system for the given ambiguous word “block.” The idea is to train the system and
obtain a correct prediction of POS for the test data provided. As shown in Table 1, the ambiguous word “block”,
here belongs to different POS like noun and verb for different sentences.

The information provided by words in the vicinity of the ambiguous word will help train the system and
obtain accurate predictions for test sentences. A working model for the prediction of test data is shown in Figure
4,

Ambiguous
sentences collected

Dataset for
Tralning and

Ambiguous word Trained by different
detected Approaches
Testing

Machine Learning Model
Developed
Purpose
10-fold Cross-validation
Test Method

Figure 4. Working Model of Machine Learning Prediction

Get desired POS of
Ambiguous Word

3.1 Format of the data set

For the preparation of the data set, first of all, we have extracted the neighboring words around the target
ambiguous word “block” for the fixed size of the window, i.e., 3. It means three neighbor words are on the left
and three words are on the right of the target ambiguous words. We have also stored the position-specific
information (POS) of these neighboring words. These words are classified as features and will be processed
further. The features of the test word “block” from the sentences in Table 1 are shown in Table 2.

Table. 2: Sample Format of Data set with neighboring attributes and POS category
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4  SUPERVISED MACHINE LEARNING ALGORITHMS

There are many ML algorithms that can help computers perform correct segmentation based on the training data
and extracted features. In the process of WSD, these algorithms are helpful in the selection of the accurate meaning
of an ambiguous word [7]. Commonly used supervised ML approaches are shown in Figure 5.
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Figure 5: Various commonly used Supervised ML Approaches

4.1 Decision Tree

Decision tree learning is a tree-based ML method, and it is one of the most important and widely used supervised
learning algorithms. These algorithms provide great accuracy and stability for the prediction based on test data.
These trees can be used to take decisions and implement systems based on these decisions [8]. A person, for
example, can play indoor games depending on the weather. The visual representation of this example in the form

of a decision tree is shown in Figure 6.
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Figure 6: The visual representation of the Decision Tree

The output generated for the decision tree approach for the test data set is shown in Figure. 7.

=== PpPredictions on test data ===

instc# actual predicted error prediction
1 2:Noun 2:Noun 0.667
2 2:Noun 2:Noun 0.667
3 2:Noun 2:Noun 0.667
1 2:Noun 2:Noun 0.833
2 2:Noun 2:Noun 0.833
3 l:Vexb 2:Noun + 0.833
1 2:Noun 2:Noun 0.833
2 2:Noun 2:Noun 0.833
3 l:Vexrb 2:Noun + 0.833

Figure 7: Predictions made using the decision tree approach on the test data set

4.2 Random Forest

Random Forest (RF) is also one of the most powerful and widely used methods for data exploration, data
modeling, and predictive modeling. This classifier is a grouping algorithm; in this type of algorithm, various
decision trees are combined with each other. It is called an ensemble technique. An ensemble decision tree will
have a low variance and a high accuracy value in comparison to a single decision tree. Figure 8 displays a graphic
representation of the Random Forest method.
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Figure 8: Visual representation of the Random Forest Algorithm

A random forest can be built by using the decision trees for the same data set, but the trees cannot be correlated.
The result of this algorithm will be a tree constructed from the results of separate decision trees [9]. This algorithm
reduces the chance of overflow, and the accuracy is much higher than a single decision tree. In this algorithm, the
decision trees work in parallel, and the problem of bottlenecking doesn’t happen. The output generated for the
decision tree approach for the test data set is shown in Figure 9.

=== Prediction=s on test data ===

instc# actual predicted exrroxr prediction

a: 2:Noun 2 :Noun 0.723
v 2 :Noun 2:Noun 0.7€2
3 2 :Noun 2 :Noun 0.742
1 2 :Noun 2 :Noun 0.883
2 2 :Noun 2 :Noun 0.683
3 1l:Verb 2 :Noun + 0.773
1 2 :Noun 2 :Noun 0.895

2 2 :Noun 2 :Noun 0.8S5S8
3 1l:Vexb 2:Noun =+ 0.843

Figure 9: Predictions made on the set of test data using the Random Forest method

4.3 Neural Network

To process the data in the neural network approach, artificial neurons are used [10]. Artificial Neural Networks
(ANNSs) are one of the most important and significant features of neural networks because they have the ability to
learn like the human brain [11]. ANN is made up of the processing units that are called neurons. A neuron has
input units called dendrites and output units called synapses or axons. An ANN is composed of three layers: an
input layer, a hidden layer, and an output layer. The first layer is the input layer, which contains neurons, and it
transfers information to the middle hidden layer. The hidden layer, after doing some computations on the received
information, transfers the calculated information to the output layer. The formula below can be used to determine
an artificial neural network's input for its general model [12].

Yin =x1.wl +x2.w........Xm.wm............. @)

i.e. total input yin =Y xm.wm ................ )

After applying the stimulation function to the entire entered value, the outcome may be calculated.
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The prediction output predicted by the neural network approach for the test data set is shown in Figure 10.

=== Predictions on test data ===

instc#$ actual predicted error prediction
1 2:Noun 2:Noun 0.849
2 2:Noun 2:Noun 0.993
3 2:Noun 2:Noun 0.99
1 2:Noun 2:Noun 0.926
2 2:Noun 2:Noun 0.601
3 l1:Verb 2:Noun + 0.553
1 2:Noun 2:Noun 0.585
2 2:Noun 2:Noun 0.854
3 l:Verb 2:Noun + 0.543

Figure 10: Predictions made using the neural network approach on the test data set

4.4 Naive Bayes’

This algorithm is a probability-based supervised machine learning algorithm that works on Bayes’ theorem [13].
This algorithm is very popular for solving segmentation problems. There are many variables present in the training
data set, and these variables are independent of each other. These independent variables are called “features.” To
compute the likelihood of certain features in a given class, this approach uses the Bayes’ theorem [14-16]. The
Bayes’ Theorem is widely applied in the field of machine learning.

Suppose there are two events X and Y, then the Bayes’ theorem formula can be given by the following equation:

Xy _ P(Y/X)*P(X)
p(§) = TRy e 4)

Here,

X and Y are the two events.

P(X) is the prior probability before the event is occurred

P(Y) represents the marginal probability

P(Y | X) denotes the likelihood probability of event Y after occurring evidence of event X.
P(X | Y) represents the posterior probability of event X after the event Y is occurred.

Bayes’ rule can be used to find features of conditional probability in a particular class [17-19]. The
conditional probabilities of each term’s value and features in a given sentence are calculated with the help of this
algorithm. The best outcome will be produced at the maximum value.

The accuracy of correctly classified sentences in the test data set is shown in Figure 11.

=== Predictions on test data ===

inst$ actual predicted error prediction
1 2:Noun 1:Verb + 0.674
2 2:Noun 2:Noun 0.885
3 2:Noun 2:Noun 0.521
1 2:Noun 2:Noun 0.695
2 2:Noun l:Verb + 0.725
3 l:Verxrb 1:Verxrb 0.913
1 2:Noun l1:Verb + 0.985
2 2 :Noun 2:Noun 0.837
3 1:Verb l1:Verb 0.904

Figure 11: Predictions made using the Naive Bayes’ approach on the test data set

4.5 K-nearest Neighbors (KNN)
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This is a non-parametric approach to grouping methods. This is a basic but active approach in various situations
[20]. KNN is a very popular method for classification techniques, and it is commonly used for unlabeled data.
This algorithm works on the votes of its k neighbors [21].

This algorithm works on two important concepts:

i The first concept is based on the calculation of distances in the testing and training data sets for the two
similar features. In this concept, the test data is used to determine which category the neighbor belongs to before
calculating the value of k [22].

ii. In the second concept, first of all, select the value of K. The value of k determines the total number of
neighbors used in the calculation process.

The value of k in this algorithm should not be very small or very large. This condition is called over and under-
fitting, respectively. The Euclidean distance between two points can be calculated using the formula below:

=V((P,—P)*+(Q — Q1)) (5)

Here,

P1 and Q1 are the coordinates of the test word.

P2 and Q2 are the coordinates of the matching feature.

The algorithm can be applied to the test data, and the output of the prediction is shown in Figure 12.

=== Predictions on test data ===

inst$ actual predicted error prediction
1 2:Noun 2:Noun 0.667
2 2:Noun 2:Noun 0.€67
3 2:Noun 2:Noun 0.667
1 2:Noun 2:Noun 0.833
2 2:Noun 2:Noun 0.833
3 1:Verb 2:Noun + 0.833
1 2:Noun 2:Noun 0.833
2 2:Noun 2:Noun 0.833
3 1:Verb 2:Noun + 0.833

Figure 12: Predictions made using the K-Nearest Neighbors approach on the test data set

4.6 Support Vector Machine (SVM)

SVM is the widely known supervised model of machine learning that works on the classification problem. The
primary objective of the support vector machine is finding the largest margin between the hyperplane for the two
specified classes in the training data set. In this algorithm, it is not acceptable for the hyperplane to be closer to
data points from the other class. This prerequisite is also required for more accurate generalizations [23]. The
hyperplane, which is removed from the data points in each category, will be selected. Support vectors are those
points that lie nearest to the margin of the classifier [24]. The predictions made using the support vector machine
approach are shown in Figure 13.
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=== Predictions on test data ===

inst# actual predicted error prediction
1 2:Noun 2:Noun 1
2 2:Noun 2:Noun 1
3 2:Noun 2:Noun 1
1 2:Noun 2:Noun 1
2 2:Noun 2:Noun 1
3 1:Verb 2:Noun + 1
1 2:Noun 2:Noun 1
2 2:Noun 2:Noun 1
3 1:Verb 2:Noun + 1

Figure 13: Predictions made using the Support Vector Machine approach on the test data set

4.7 Logistic Regression

This is a probability-based text classification method. This is a predictive algorithm that is applied for the
prediction of test data. The approach is used for the unconditional data sets, and the output will be in binary form.
The classification problem that is based on the binary output is called a “binary classification problem” [25]. The
output generated for the logistic regression approach is shown in Figure 14.

=== Predictions on test data ===

inst# actual predicted error prediction
1 2:Noun 1:Verb + 0.504
2 2:Noun 2:Noun 1
3 2:Noun 2:Noun 1
1 2:Noun 2:Noun 1
2 2:Noun 1:Verb + K
3 1l:Verxrb 1:Verb 1
1 2 :Noun 2:Noun 1
2 2:Noun 2:Noun 0.84
3 1:Verb 1:Verb 1

Figure 14: Predictions made using the logistic regression approach on the test data set

5 DEVELOPED MODEL AMBIF

The AmbiF model is a hybrid model that was created to improve the efficiency of ML algorithms. In this model,
we are using the combination of the following three ML algorithms:

i.  Naive Bayes algorithm
ii.  Support Vector Machine (SVM) algorithm
iii. Decision Tree algorithm

We have also done the evaluation of the data set in Table 1 in this AmbiF model. The output generated for
the prediction of test data is shown in Figure 15.

- Journal of Pharmaceutical Negative Results | Volume 14 | Special Issue 1 | 2023 m




=== predictions on test data ===

inst$ actual predicted error prediction
1 2:Noun 2:Noun 1
2 2:Noun 2:Noun 1
3 2:Noun 2:Noun 1
1 2:Noun 2:Noun 1
2 2:Noun 2:Noun 1
3 1:Verb 1:Verb 0.76
1 2:Noun 2:Noun 1
2 2:Noun 2:Noun 0.952
3 1l:Verb 2 :Noun - = 1

Figure 15.Predictions made using the AmbiF model on the test data set

5.1 Testing Method

All the testing was done using the ten-fold cross-validation method, and we choose k = 5 which means that the
number of folds used to split the data set is five. This testing method is more common for the prediction of the
class prediction of the test data set [26, 27]. The prediction of the test data involves the following steps:

i.  The data set is prepared in ARFF or CSV format.

ii.  Identification of attributes and classes for each ambiguous word.

iii. Divide the data set into five equal parts after shuffling.

iv. In each iteration, four parts of the training data set are used, and a learning model is developed.

v.  Onthe basis of this learning model, the fifth part is tested, and the final prediction for the class is generated.
5.2 Proposed Approach

We have presented a hybrid model for achieving better accuracy in the prediction of the POS of ambiguous words.
The name of the model is given as AmbiF. The purpose of the AmbiF model is to improve the accuracy of
previously analyzed ML algorithms [28]. In this model, we have combined three ML approaches, i.e., support
vector machines, decision trees, and Naive Bayes’. The model AmbiF is used to improve the accuracy of the
supervised and ML approaches. The AmbiF model is shown in Figure 16.

Test
Sentence

Prediction
for the
Class

Training
Data

Figure 16: Developed AmbiF model

As shown in Figure.16 the AmbiF model is trained and tested for the prediction of a given test data set.

5.3 AmbiF Model

The AmbiF model has been developed to remove the POS ambiguity. It also helps in the correct categorization of
ambiguous words on the basis of the training data set. In this model, we have combined the three supervised ML

approaches. Naive Bayes’. Support Vector Machine (SVM), and Decision Tree are three of these approaches. In
Figure 17, the whole AmbiF model is displayed.
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In the AmbiF model shown in Figure 18, the data set for training purposes is defined by the x*y. It means the
training data set contains a certain number of rows i.e. X and a certain number of columns, i.e. y. We have prepared
a training data set of about 2000 sentences. Here we have defined 17 attributes, which consist of words that are
next-door neighbors to the existing ambiguous words. Therefore, in our training data set, x = 2000 and y = 17.

Figure 18 depicts the sample data set, which shows x and y.

Y columns
I |
P Ambigu i i i
ous POS(w |POS(w POS(W.| |POS(W POS(W POS(W POS(w Catego
Sentences Words (w3 |3 w2 |y wa iw h wel +1) we2  142)  wes +3 I
tie the victim so that he  tie uil il il il nil il {tie ve victim (NN escape [uil il il Verb
Cannol escape. : i i L i { ! i o | | | {
Can you Lift this cave? It LN il nil il (il il (il N vB case  |NN uil il uil il Verb
depends on how heavy ’
[7,] it is
; a 200 kilo block of block [ml  [ml | 200{Num [kilo |NN_ |block }s:\' lcomeret (NN mil |ml  [mil nil  |Noun
° e Coo o , . ‘, . . v 1< . . . .
— A big network of mrain is train |uil il big [ADI  netwo (NN trnin  |[NN requir (VB overc |VB waflic (NN Noun
> required 10 overcome rk ed ome
traffic need in cities.
a block of wood is used block  |mal J( mal |l il Jt |block  [NN (wood NN lwed (VB mil ml |Noua
A dressiog of olive ol olive  |nil il il (ol dresst :NN jolive |ADJ  loil NN vinega |[NN added (VB Adject
and vinegar is added by ’ ng T we
the patron at the table | | | | 1 ! | 1 | | |
n fast swinuner fast nil {ndl 1wl .ull |ml il fast  |ADJ |swim NN uil il | il Adject
SE | | et | live

Figure 18. The screen shot of the sample data set showing rows (x) and columns (y)

6  DISCUSSION AND RESULT ANALYSIS

A data set of 2000 sentences containing ambiguous words has been prepared. The ambiguous words have many
parts-of-speech, i.e., verb, noun, adjective, and adverb. This data set is evaluated under the ten-fold cross-
validation testing method for k = 10. Different supervised ML algorithms, namely, Decision Tree, Neural
Network, Random Forest, K-Nearest Neighbor, Naive Bayes’, Logistic Regression, and Support Vector Machines,
are tested. The developed ML model AmbiF is used to evaluate all algorithms. AmbiF stands for “Ambiguity
Free.” This tool is developed for the detection and resolution of POS ambiguity. This plugin is implemented in
the EtranS software to provide solutions for ambiguous words. The result is generated on the basis of the prediction
reported on the correct POS. The output of the various ML algorithms is given in Table 3.

Table 4: Output generated for the various ML approaches

S. No. Algorithm No. of Correct Accuracy
Classifications (Percentage)
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1 Logistic Regression 1370 68
2 Random Forest 1407 70
3 IBK 1469 73
4 Neural Network 1520 76
5 Naive Bayes’ Classifier 1525 76
6 SMO 1665 83
7 Decision Tree (J48) 1692 84
8 Hybrid Approach 1696 85

From Table 3, it is clear that the correctly classified percentage and F-score value of the AmbiF model have
improved in comparison to the other algorithms except the KNN algorithm. The AmbiF model’s accuracy is
reported to be eighty-five percent. Thus, developed AmbiF model could be a better approach to resolving
ambiguity for existing MT models such as EtranS. The comparative accuracy chart with respect to the number of
correctly classified ambiguous words is shown in Figure 19.

Correct Classified Percentage

90
80
70
60
50
40
30
20
10

0

Logistic Random Neural Naive Bayos’ Declsion Hybrid
Regrussion Forest Network Classifier Tree (J48)  Approach

Figure 19: Predictions made using the AmbiF model on the test data set

7  CONTRIBUTION

The community and substantial effect of the given work are as follows:

1. A hybrid model named AmbiF is presented for ambiguous word prediction on the basis of their parts of
speech.

The proof of concept is given with the help of the AmbiF model.

This helps provide ambiguity-free translation with better automated categorization of the ambiguous
words.

8  CONCLUSION AND FUTURE SCOPE

In this paper, the significance of ML in MT is discussed in relation to solving the ambiguity problem. To achieve
an ambiguity free translation, we have trained the system by using various ML algorithms. In this paper, we have
evaluated the performance of various supervised learning approaches, namely Decision Tree, Random Forest,
Neural Network, Naive Bayes’, K-Nearest Neighbor, Support Vector Machines, and Logistic Regression, The test
was carried out on developed hybrid model, named AmbiF model, using a dataset of 2000 sentences. The
parameters are accuracy and efficiency on the pre-processed data set. The performance of ML algorithms was
reported sixty-eight to eighty-four percent for all the algorithms.
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We have combined the widely used three supervised ML algorithms i.e., Support Vector Machine,
Decision Tree, and, Naive Bayes approach. The AmbiF model has an accuracy rate of eighty-five percent. The
performance of all the algorithms is evaluated on the basis of correctly classified sentences.

We are extending our research on improving the efficiency of the system by increasing the size of the
training data sets and the window size of the neighboring words.
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