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Abstract:

Natural language processing, or NLP, is a set of computer methods that are based on theories and
are used to automatically understand and describe human conversation. The main aim of the
study is to Evaluation of Natural Language Processing and Machine Learning. Pre-processing of
text features and pre-processing of numerical and category characteristics are the two primary
components that make up the bulk of the data pre-processing procedure. In this study, a
classification system for technical papers as well as an assessment strategy for document quality

rankings are presented.
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1. INTRODUCTION

Natural language processing, or NLP, is a
set of computer methods that are based on
theories and are used to automatically
understand and describe human
conversation. In the old days of punch cards
and group processing, it could take up to
seven minutes to analyze a sentence. Now,
thanks to Google and other companies like
it, millions of webpages can be analyzed in
less than a second.

Computers can do many tasks related to
natural language with the help of NLP.
These tasks include analysis, part-of-speech
(POS) tracking, machine translation, and
conversation systems. Architectures and
methods for deep learning have already
made huge steps forward in areas like
computer vision and pattern recognition. In
line with this trend, new NLP study is

focused more and more on using new deep
learning techniques (see Figure 1). We've
been using shallow models (like SVM and
logistic regression) to solve NLP problems
with machine learning for decades. These
models were learned on very high-
dimensional and sparse data. In the past few
years, neural networks using dense vector
representations have been doing better at
many NLP jobs. This trend began because
word embeddings and deep learning
methods worked so well. Deep learning
makes it possible for automatic feature
representation learning at multiple levels.
Traditional NLP systems, on the other hand,
use a lot of hand-crafted features instead of
machine learning. These kinds of hand-made
features take a long time and are often not
finished. Collobert et al. showed that a basic
deep learning system does better than most
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cutting-edge methods in a number of natural
languages processing tasks, including POS
tagging, named-entity recognition (NER),
and semantic role labeling (SRL). Since
then, many complicated methods based on
deep learning have been suggested as ways
to solve tough NLP problems.

1.2 CHALLENGES OF NATURAL
LANGUAGE PROCESSING

Thanks to progress in artificial intelligence
(Al) and machine learning, natural language
processing (NLP) has come a long way in
the last few years. Software that reads
writing or recognizes speech has a hard time
understanding real language because it has
so many subtleties. This means that NLP
still has a long way to go before it can really
be said to understand human language. For
instance, NLP systems have a hard time
understanding humor, idioms, puns, and
other types of non-literal language. Because
they are taught on data sets that show these
biases, they also tend to be biased against
some groups of people, like women or
people of color.There are many great things
about Natural Language Processing (NLP),
but there are also some issues and problems
that need to be fixed.

2. LITERATURE REVIEW

Tsuruoka, Yoshimasa. (2019). Since deep
learning methods came out a few years ago,
the area of natural language processing
(NLP) has made a lot of progress very
quickly. Now, simple mixtures of general
neural network models like recurrent neural
networks and attention processes can do a
wide range of NLP tasks, such as grammar
parsing, machine translation, and summary.
This paper gives a short outline of deep
learning and the current NLP technology
that is built on deep learning.

Vedantam, Vamsi. (2020). Deep Learning
is one of the most important areas of Al to
study over the next few decades. In the past

few years, important areas of study and
development have grown up in artificial
intelligence, which has led to its evolution.
The newest advances in Natural Language
Processing have helped make machine
translations, language models, speech
recognition, and automatic text generation
applications work well. This essay talks
about the latest progress made in Natural
Language Processing (NLP) using Deep
Learning as well as some areas of NLP that
people are excited to see grow in the coming
years. The first part talks about the design of
Deep Learning and Natural Language
Processing methods. The second part shows
how Deep Learning has changed NLP, and
the last part concludes my piece by saying
what you should remember from it.

Arkhangelskaya, E. & Nikolenko, S..
(2023). Deep learning has changed machine
learning a lot in the last ten years. In many
situations, neural network designs are now
the best way to do things. In this study, we
look at how deep learning can be used to
solve problems in natural language
processing (NLP). First, we take a quick
look at the main ideas and models of deep
learning, including some new developments
that are especially important for natural
language processing (NLP). Then, we look
at how words are represented in different
ways, showing how word embeddings can
be used for sentences and paragraphs as well
as how words can be broken down even
more in character-level models. The last part
of the survey is mostly about the different
deep architectures that have been created or
have become popular for natural language
processing (NLP) tasks. These tasks include
machine translation, sentiment analysis,
answering questions, dialog and
conversational models, and more.

Zhou, Di. (2021). In computer science and
artificial intelligence, natural language
processing is a big area of study. It looks
into different ideas and methods that make it
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possible for people and computers to talk to
each other in normal language. In a broad
sense, NLP can be broken down into the
following areas: machine translation,
conversation systems, text search, mood
analysis, and semantic role labeling. Even
though AI has made some progress in the
conversation system recently, there is still
room for improvement. This piece suggests
a way to handle multiple conversations
between a person and a machine. This way,
the machine dialogue can take into account
more of what was said before and after, and
the behavior of the machine dialogue is
more like real human dialogue.

Bharadiya, Jasmin. (2023). The goal of
this study is to look into why transfer
learning methods aren't used more in radio
frequency machine learning and to suggest a
custom classification for radio frequency
uses. In this area, the goal is to make
performance gains, better generalization,
and cost-effective training data options
possible. Methodology: A thorough review
of all the available literature on transfer
learning in radio frequency machine learning
is used in this study's research plan. The
researchers got relevant papers from
trustworthy sources and read them to find
patterns, trends, and new ideas. The main
way the data was gathered was by reading
and putting together current books. Finding
the most important results and making a
special classification for radio frequency
uses were part of the data analysis. Findings:
The study's results show that transfer
learning methods aren't used very much in
radio frequency machine learning.

3. METHODOLOGY

3.1 EVALUATION OF NATURAL
LANGUAGE PROCESSING AND
MACHINE LEARNING TOOLS

3.1.1 Data Pre-processing

Pre-processing of text features and pre-
processing of numerical and category
characteristics are the two primary
components that make up the bulk of the
data pre-processing procedure. Different
approaches are used, depending on the sort
of method being utilized.

Text Pre-processing

In the dataset, most of the textual data is
written in English. However, customers tend
to submit their inquiries in the language
spoken in the area, which results in some
samples being written in languages other
than English. Observations are also made on
the remarks made by minor traders in the
local languages. To make use of these data,
a preliminary translation into English is
carried out with the assistance of Amazon
Translate, which is a text translation service
that is based on the Neural Network and
follows the encoder-decoder architecture.
The attention mechanism that is explained
here is used. A nation that is the origin of a
disagreement is the one that identifies the
original language.

Once it is complete, the text is cleaned up
with the assistance of the tools that were
discussed. The sequence of procedures for
cleaning text is applied to all of the
important text characteristics, which include
free-text comments from an agent, a
merchant, and a customer, predetermined
replies from the merchant, a dispute cause,
and a brand name. Regarding the algorithm
that is being trained, the number of text
cleaning steps is identified.

4. RESULTS
4.1 RESULTS AND DISCUSSION

All the findings from the experiments are
shown in Table 4.1, which can be found
here. Because the dataset is not evenly
distributed, the balanced accuracy is used,
and the precision, recall, and F1-Score are
assessed for each class in a distinct manner.

66 | Page




Murthy et al.

Journal of Drug Discovery and Therapeutics (JDDT)

Logistic  Regression offers the best
performance among the baseline classifiers
that use BOW text representation. It
achieves this performance in all three
scenarios of the text, nontext, and
combination features as input, with an
accuracy of 71.5%, 62.3%, and 75.4%,
respectively, during the first phase. The
reason for this is because Logistic
Regression and XGBoost, which is the
second-best, are both retained for the trials
that will take place during the second phase.
This is done for the purpose of comparing
the models. With an accuracy of 76.4%
throughout the first phase, the DistilBERT

model surpasses the baseline models that are
based on the comments made by merchants
and agents as text input. The expansion of
the dataset during the second phase, on the
other hand, does not result in an
improvement in the performance of the
models; rather, it diminishes for both the
baseline and DistilBERT models, with the
DistilBERT model achieving the highest
score of 71.4%. Furthermore, the addition of
additional comments from customers to the
input does not result in a substantial
improvement to the DistilBERT model, and
in fact, it results in a deterioration in the
performance of the baseline models.

Table 4.1: balanced precision. Phase 2 is the expanded dataset, whereas Phase 1 is the
original dataset. Text input is defined as follows: AM uses the comments from agents and
merchants; C refers to customer comments; AMC refers to comments from all three
parties; NT refers to non-text features alone; and combined refers to both text and non-text
features.

Model

Phase 1 Phase 2 Phase 3

Logistic Regression (AM)

0.7147 0.7033 -

Logistic Regressionseame: (C)

0.5161

Logistic Regressionsgame: (AMOC)

0.7020

Logistic Regression INT)

0.6226

0.6179

0.8361

Logistic Regressionsgamay. (Combined)

0.7543

0.7364

MultinomialNB (AM)

0.6493

MultinomialNB (NT)

0.5897

MultinomialNB (Combined)

0.7074

SVCoro (AM)

0.6841

SVCoro (NT)

0.6249

SVCor o (Combined)

0.7362

XGBClassifier (AM)

0.7022

0.6731

XGBClassifier (C)

0.5074

XGBClassifier (AMC)

0.6722

XGBClassifier (INT)

0.7055

0.6847

W[ e e |

XGBClassifier (Combined)

0.7405

0.7216

DistilBERT (AM)

0.7637

0.7621

DistilBERT (O)

0.5214

DistilBERT (AMC)

0.7620

DistilBERT (AM combined with raw NT)

0.7120

0.6988

DistilBERT (AM combined with processed
NT)

0.7204

0.7104

Separate NN (NT)

DistilBERT (AM) + scparate NN (NT)

TOD-BERT (AM)

0.7636

The use of TOD-BERT does not contribute
to an improvement in accuracy. 76.4% is the
figure that was got from the remarks that
were provided by the merchants and the
agents. This is the reason why it will not be
reviewed during the second part of the
operation. Logistic Regression, XGBoost,

and DistilBERT all have poor accuracy, with
Logistic Regression having a 51.6%
accuracy rate, XGBoost having a 50.7%
accuracy rate, and DistilBERT having a
52.1% accuracy rate. The performance of
the four baseline models using non-text
characteristics as input ranges from 59.0%
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for Naive Bayes to 70.6% for XGBoost
during the first phase. This variation is seen
in the performance of the models. It has
been noted that the accuracy of this
collection of characteristics is diminishing
during the second phase in comparison to
the first phase. For Logistic Regression, it
decreases by 0.5%, while for XGBoost, it
decreases by 2.1%. Because of this, it does
not affect the performance of Logistic
Regression, but it does cause a slight
decrease in the accuracy of XGBoost during
the second phase, which is based on a mix of
text and non-text data. Nevertheless, it is
observable that the incorporation of non-text

Class 4 - 1048
] Class 1 - 931
0
o
Q
=
S
= Class 3 - 56

Class 2 - 187

Class 4 Class 1

characteristics into the BOW text
representations results in an improvement in
the performance of all baseline models
ranging from 1% to 6% for various models
simultaneously throughout both stages.
Adding non-text characteristics to the
implementation of the DistilBERT model,
on the other hand, does not result in any
improvement in the accuracy of the model.
However, throughout both periods, it drops
to between 3 and 4 percent. When non-text
features are further treated, DistilBERT
performs better than it does when text
characteristics are not handled.

88 224
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127 2184
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(a) Confusion matrix for Logistic Regression
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Class 3 - 87
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(b) Confusion matrix for the DistiiBERT model
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precision

Class 4 0.47
Class 1 0.91
Class 3 0.69
Class 2 0.62
accuracy
macro avg 0.67
weighted avg 0.77

recall fl-score support
0.63 0.54 1656
0.63 0.74 7260
0.91 0.79 2458
0.85 0.72 2567
0.72 13941

0.75 0.70 13941
0.72 0.72 13941

(¢) Metrics’ report for Logistic Regression

precision

Class 1 0.88
Class 2 0.66
Class 3 0.72
Class 4 0.50

accuracy

macro avg 0.69
weighted avg 0.77

recall fl-score support
0.67 0.76 7261
0.82 0.73 2567
0.92 0.81 2458
0.65 0.57 1656
0.74 13942

0.76 0.72 13942
0.74 0.74 13942

(d) Metrics’ report for the DistiiBERT model

Figure 4.1 Metrics for the best baseline and BERT models: Logistic Regression based on
combined features and DistilBERT based on text input. Both are based on agents’ and
merchants’ comments.

The further in-depth examination of the data
is carried out with the assistance of
confusion matrices for the best baseline and
BERT models, which are represented in
Figures 4.2 (a) and (b). As far as "Class 2"
and "Class 3" are concerned, both models
provide outcomes that are satisfactory.
However, a significant portion of the
samples that were incorrectly categorized
may be seen for the "Class 1" category that
is the biggest. When it comes to "Class 4",

Class 1

©
Q
[~
— Class 3 - 19
(]
=
|_
Class 4 - 151
Class 1

the issue is much more dire since the
greatest number of samples that have been
incorrectly categorized are anticipated to be
"Class 1." An further analysis into the
metrics for each class, which are shown in
Figures 4.2(c) and (d), reveals that the
values of the accuracy, recall, and F1-Score
are higher for two classes, namely "Class 2"
and "Class 3." On the other hand, the
metrics are much lower for one of the four
classes, which is "Class 4."

73 1236
1108 11
35 773

Class 3 Class 4

Predicrted lahel
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precision

(lass 1 0.96

(lass 3 0.91

(lass 4 0.38
accuracy

macro avg 0.75

weighted avg 0.88

recall fl-score

support

0.75 0.84 5280
0.97 0.% 1138
0.81 0.52 959

0.79 31
0.84 0.7 1377
0.79 0.82 1371

Figure 4.2 Confusion matrix and metrics’ report for the Neural Network combining
representations from the DistilBERT model and the Neural Network based on non-text
features

By modifying the configuration of the task
and including metadata into non-text
features during the third phase, it is possible
to achieve an increase in the accuracy of the
baseline models that include non-text
features of up to 21% for Logistic
Regression and 14% for XGBoost. With a
level of accuracy of 84.5%, the Neural
Network that was trained independently on
non-text characteristics provides superior
performance over the baseline models.
Additionally, the performance of the
DistilBERT model showed growth of up to
78.4%. The performance of the DistilBERT
model is improved by 5.5% as a result of the
addition of non-text characteristics because
of the combined model that was introduced
in the first phase and re-trained for the new
assignment. The Neural Network, on the
other hand, cannot be outperformed by it
since it is based on nontext characteristics.
When compared to previous models, the
newly built model that combines the
DistilBERT model with the Neural Network
based on non-text data does not result in a
gain in performance. Even though the
metrics for "Class 1" and "Class 3" have
been improved, the problem with the high
rate of misclassified samples of "Class 1"
and "Class 4" continues to exist, as shown

by the study of the confusion matrix and the
report of metrics in Figure 4.2.

5. CONCLUSION

In this study, a classification system for
technical papers as well as an assessment
strategy for document quality rankings are
presented. The classification system makes
use of machine learning techniques. An
effort might be made to further enhance
classification quality on a document level by
aggregating sentences to document level
based on estimated confidences of the
resultant classification models. This would
be an extension of the work that has been
done on this subject. Because the algorithm's
confidence for sentence-based classifications
is taken into consideration, this strategy
would result in a more fine-grained
categorization of the documents. A phrase
with the predicted label professional
translation might have its prediction value
translated to a confidence score of 0.873, but
the value of a sentence with the predicted
label automated translation could be
transformed to 0.421. This is an example
shown in the previous sentence. These
confidences would be a representation of the
algorithm's computed chance that the
provided candidate translation was a
sentence that had been translated by a
professional. According to what was
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discussed in chapter 5, several machine
learning algorithms that were used were
unable to be optimized to the extent that
would have been ideal owing to restrictions
in the resources available for computing.
Therefore, about k-Nearest Neighbor
classifiers and Artificial Neural Networks, it
would be preferable to have a more in-depth
optimization procedure in order to get closer
to a global optimum in terms of
classification outcomes. In addition, the
preprocessing procedure that is involved in
the generation of a sentence-based data
collection is an additional topic of interest.
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