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ABSTRACT

Among the several tasks that make up aspect-based
sentiment analysis (ABSA), aspect identification
stands out as the most important.It is a challenging
problem to address because of the subjectivity of
classification and the fact that classes often overlap.
The bulk of the machine learning algorithms utilized
to address ACD have been statistical behavior-based
rule-based strategies. The approach used in this
article is based on association rules.

To overcome association rules' statistical
shortcomings, we devised a mixed-principles
approach that combines association rule mining with
semantic associations. We used word-embed as a
means of establishing semantic connections. The
SemEval dataset, a benchmark for feature
classification in the industry, was used to conduct
the studies. We found that, in addition to statistical
relationships, semantic links might improve
classification accuracy. In comparison to other
statistical approaches, the one put out fared better.
KEYWORDS Word-embedding, Aspect Category
Detection, Review Analysis, Semantic Association,
Association Rule

1. INTRODUCTION

Blogs and reviews are two examples of the internet
sources of opinionated data that consumers are
increasingly use to evaluate businesses, services,
and goods. People also no longer have to rely on just
one source for guidance due to the proliferation of
community-based platforms like blogs, Instagram,
and review sites. A growing number of people are
turning to online product reviews before making a
purchase. These unstructured evaluations are widely
available, but it may be difficult to glean useful

information from them. There are too many for
anybody to read. Therefore, it is necessary to
mechanically extract information from these
reviews. More significant than the review's actual
substance is the tone it conveys in the majority of
cases. Consequently, we are faced with a well
recognized challenge in sentiment analysis.
A popular way to convey sentiment analysis is as a
true or false classification, where the whole content
might be described as positive or negative. Having

said that, this is only a generic formulation. others of
the characteristics (aspects) of a product or entity
may be bad and others may be good, depending on
the document. This makes aspect-based sentiment
analysis an increasingly challenging issue.
In addition to collecting customer input for each
component or feature of a company or product that
is detailed in reviews, ABSA is the process of
dogging in and of itself.[1] The job's implementation
is challenging, even though ABSA may be seen as a
multi-class classification work.
Two of the subtasks of ABCA are the identification
of aspect-phrases and the assessment of the
perception connected to the provided words. Further
information on ABSA is provided by a research
conducted by Schouten et al. [2].Aspect words may
be either singular and presenting a broad trait or
plural and corresponding to the same aspect. Pasta
and pizza, for instance, may go well with the FOOD
aspect of the restaurant domain.
Sorting words according to their general
characteristics is called aspect classification. A
granular being refers to an aspect, whereas a coarse
entity is an aspect category. In a perfect world, we'd
be able to identify certain types of features
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associated with a product or domain. The recognized
facet .Restaurant domain categories might include
things like SERVICE, AMBIENCE, FOOD, and
PRICE. Subjectivity abounds in the category of
aspect, however; for example, aspect categories can
be vague, and classes might overlap. The bulk of the
time, the paper identifies feature categories in
passing. A significant subtask of the ABCA, the laid
paper seeks to resolve the challenging issue of aspect
categorization. Great strides have been made in this
field, but they are dwarfed by the accomplishments
in sentiment analysis. Many earlier works relied on
statistical or semantic methods to establish
connections between document categories and the
phrases used to describe them. The two systems are
not without their flaws. We merged these two
approaches in order to take use of additional
relationships. To capture statistical and semantic
relationships, we used word-embedding in addition
to association rules. As far as we are aware, this
approach has never been used previously in the field
of aspect classification. Our method provides a hnew
angle on the challenging problem of aspect
classification, which is especially welcome given
the dearth of literature in this area. Despite our
technique's independence from any particular
domain, we put it through its paces using
SemEval2014's standard data from the restaurant
domain. The remainder of the article is structured as
follows. Part 2 delves into the history and driving
forces. Identical efforts to identify aspect categories
(ACD) are covered in section 3. Section 4 lays out
our suggested methodology in full. The
experimental setup and results are detailed in section
5. Finally, the conclusion and suggestions for further
research are included in Section 6.

2. HISTORY AND MOTIVATION

The classification of features is the subject of our
investigation; this is a vague and speculative term.
So, here we focus on describing the aspect
categorization issue more objectively. To further
understand the issue statement, Table 1 provides
review words together with the categories and
aspect-terms that go along with it. The examples
given provide a clean separation between the
concept of aspect-terms and the category of aspect.
Table 1 shows that there is more than one possible
classification for a statement of review.
Additionally, this table displays three additional
choices. When the aspect word and its category are
well defined, like in the third and fourth cases, we
get the first example. Because this is a simple
example, it is far simpler to determine which aspect
category applies to a given review statement. This is
followed by instances when an aspect-term is used
to indicate a category of aspects (first and sixth).
Finally, there are cases when neither the aspect
category nor the feature word is provided (2nd and
5th). Determining aspect categories becomes more
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challenging when the aspect word is suggested
rather than explicitly stated in the text. When that
happens, it's not possible to infer the aspect category
without additional information like domain
knowledge or contextual data. Much research has
been conducted on the subject of review sentiment
analysis. Unfortunately, there has been less research
in the area of aspect classification because of a
number of issues and subjectivity. The position in
the hospitality sector has been detailed.

Table 1. Heading and text fonts

Review stati Terms of aspects Categories of aspect
1. “pizza was delicious.” pizza FOOD

2. “delicious but expensive.” — FOOD, PRICE

3. “the food was very cheap.” food FOOD, PRICE

4. “The food was great.” food FOOD

5. “Tt is very overpriced and not very tasty.” = FOOD, PRICE

6. “Mojito was one of the best items they served” mojito FOOD

3. ASSOCIATED WORK

In the linked paper, we have listed the research that
are specifically on ACD. The researchers used a
number of machine-learning classifiers to ascertain
the aspect's category due to the problem's multi-class
nature. With the use of different features,
Kiritchenko et al.[3] built three 5 support vector
machines, one for each of the categories. Lexicon
characteristics, word cluster n-grams, character n-
grams, stemmed n-grams, and n-grams were used to
train support vector machine classifiers. Instead of
using a support vector machine (SVM),
Alghunaim[4] used a Word2Vec Skip-gram model
trained on a Google News dataset to display words
as a vector. Then, characteristics including token
number (TN), category similarity (CS), and
normalized average vector (NAV) were calculated
using word vector representation.  Linear
classification techniques, such as support vector
machines (SVMs), may make predictions using the
bag-of-words concept.These models still couldn't
make use of the phrase's sequential information,
even when using word-embedding. When dealing
with reviews that have noisy labels, Zhou et al.[5]
used a semi-supervised word-embedding method to
create continuous word representations. Next, the
word vectors are fed into a neural network, which
automatically generates deeper and hybrid features.
Lastly, a logistic regression classifier is trained using
hybrid features to ascertain the aspect category. A
word vector was generated by averaging the word
vectors in all of the statements. The process of
transforming each category into a vector was
identical. With every fresh assertion, we calculate
the distance between each category.
The shortest distance was finally produced by
selecting a category. The bulk of these algorithms
use simple pre-trained word embedding from
Google. It doesn't take emotions into consideration;
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for example, the word "good" and "bad" vectors
were quite similar since they were trained on the
same News corpus. To combat ACD, the majority of
research has relied on rule-based methods. As an
example, Schouten et al.[7] used a normalized
number of words and categories correlation matrix.
For each statement, we added up the weights of all
the words and then normalized the result by taking
the total number of terms in the statement. This gave
us the score. The next step is to give each statement
a score based on each category. For every category,
a new threshold was fine-tuned using the training
data; this new threshold produces the best possible
fl-score. Statements are placed into categories based
on their test scores, which are given when they
above the threshold for that category. A word
category co-occurrence matrix, similar to the
methods outlined before, was used by Schouten et
al. [8]. Instead of averaging the weight of each word
in the statement, they used the greatest word weight
to get the statement score. Other than that, the
procedure remained same. A statement that was not
related with any category was given the category
MISC/ANC.In order to find categories, Bornebusch
et al.[9] used aspect-terms, assuming they were
already in use. They are placed in the associated
category if the aspect phrase is a category term; if it
recognizes the aspect term as bread for a FOOD
category, they are placed in the FOOD category. For
all other unassigned aspects words, RiTa was used
to produce an equivalence between the category and
the term (WordNet similarity computation). If the
route length is smaller than 0.4, the corresponding
category is given the term of aspect. In the absence
of an aspect category, ANC/MISC is distributed.
When conducting ABSA, Schouten et al.[10] relied
on an ontology-driven approach. In comparison to
the bag-of-words approach, they only need training
data up to 20% in order to generate an output. They
train not dependent binary SVM classifiers for each
category of aspects.The statement underwent a
number of pre-processing operations (including
lemmatization, part-of-speech tagging, spelling
correction,word-sensedisambiguation, tokenization,
syntactic analysis,and more) in order to provide
attributes for those classifiers. They also created an
ontology-specific domain to extract sentiment
expression and sentiment target ontology concepts;
this helped with aspect labeling and sentiment
labeling, even for multi-aspect phrases. While
ontology-based methods inherently enhance
accuracy, using domain-specific ontologies makes
this improvement always more scalable. On top of
that, building and updating the ontology is a labor-
intensive process.A combination of rule-based
methods and a conditional random field (CRF) is
used to classify aspects by Patra et al. [11]. Things
like aspect-term, sentiment lexicons, WordNet data
dependency relations, and POS were used as
features. In order to create sentiment, Garcia-Pablos
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et al.[12] use a combination of a maximum entropy
classifier, continuous word embedding, and the
LDA method. The output is a weighted list of aspect-
terms that includes all feature terms as well as a
small number of positive and negative terms.
They also show that their software can work as an
unsupervised multi-domain ABSA system that
supports several languages.Association rule mining
was formerly widely utilized by ABSA researchers.
According to Liu et al. [13], ABSA was shown to
have both explicit and implicit qualities by the use
of all strong associations. In Blinov's[6] work (Skip-
gram with 300 dimensions), Word2Vec was used to
symbolize six words.

4. SUGGESTED METHOD
4.1. Task Definition

With a predefined class of categories C = {c1, c2,
c3, ..., ck} denoting the label of the category area
and a set of reviews R = {R1, R2, R3, ..., Rn}
containing n number of review statements, the ACD
problem could be expressed as absorbing a function
h m R — 2C using a training set that contains more
than one category. One label of the set of categories
associated to ri is denoted by D = (11, Yi)[l <i<n,
Yi € C. The collection of absolute labels or
categories assigned to each unseen review r in R is
denoted by h(r) < C in the category of aspect
prophecy function h(:).

4.2. The recommended strategy

We provide a rule-based approach that uses
statistical and semantic connections between review
keywords (words) and associated categories to
generate the rules. Here are the main components of
the process:1. Discover the statistical link between
the aspect category and review terms using class-
based association rules. This will help you select
representative words for each aspect category
(CARs).2. Train word embedding on the dataset that
is unique to the topic.Third, we found a semantic
relationship between review words and aspect
categories by using word embedding.Determining
Aspect Regulationb. Update the rules to include
semantic  characteristics by using  word
embedding.4. Review the results of the tests and
draw conclusions.

4.3. Procedure

After learning the word-embedding model and
getting the data ready, we can start developing
association rules. Figure 2 shows our technique
running on a regular dataset, while Figure 1 shows
the abstract process of our model. The method of
generating rules consists of the following steps:
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Figure 1. Suggested model’s flow chart

5.EXPERIMENTAL
CONFIGURATION

5.1.Information
database

regarding  the

This article's study is a part of the SemEval-2014
challenge. Therefore, we used the same
SemEval2014 task4 dataset from the restaurant
domain. There are a total of 3041 training examples
and 800 test examples. Sorting customer review
comments into distinct groups according to their
overall significance is the real issue.These groups
are often based on assumptions.

Anectotes/Miscellaneous

Services,PRICE, Ambience, and Food are the five
sections that make up the dataset. At least one
category is attached to each assessment.This
problem of multi-label categorization arises since
few reviews are likely to be linked to more than one
category. Figure 3 shows the breakdown of the
review statement counts in testing and training data
by category. Diagram 4 shows that while several
categories,likeFOODandANECDOTES/MISCELL
ANEOUS, had severe bifurcation in both the testing
and training data, the review corpus does not include
any such categories. When statements do not belong
to any of the other categories, they are marked as
ANECDOTES/MISCELLANEOUS. Our model
can make predictions in four different areas. In the
pre-processing phase, the fifth category s
bifurcated.

5.2 Evaluation metric

We take the help of three metrics to evaluate
performance: fl-score, recall, and precision.
Theyare calculated in the following manner.

.. TP
Precision =

TP+FP

(C))
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Figure 3. The quota of categories for each review statement
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Figure 4. The quota of reviews per category in both testing and training data

Recall = TF ()
TP+FN

2x PrecisionxRecall

F1 —score = Precision+Recall (6)

where TP, TN, FP, and FN represent the total number of True Positives, True Negatives, False
Positives, and False Negatives.

True lahel [False label

Mrue Prediction TP FP

False Prediction FN N

6. CONCLUSION

A key job of aspect-based sentiment analysis, ACD,
was suggested as a principle-based solution in this
paper. Rules were established for each aspect group.
The idea of the statistical and semantic relationship
between words and aspect categories was useful in
developing the classification rules.Word embedding
and a class-based association approach were used to
develop the concepts. Because our solution is not
domain specific, it may be used in any domain
without changing the algorithm. At the same time,
adding domain knowledge may make accuracy even
better.
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We want to start using n-grams as a class signifier
instead of unigrams for aspect category forecasting
in the future. Studying how to embed text for a
combination of phrases is another option for
removing context ambiguity. "The hot dog they
served was terrible," to give just one example. Even
if the review phrase just uses the terms "hot" and
"dog" to describe the food, the two words may be
used together to describe the food. The term "hot
dog" and the FOOD category will be closely related
at the same time. Small to medium data sets are ideal
for this approach. Up to this point, 66% F1-score has
been achieved with as few as 1000 training instances
on the SemEval-2014 dataset. Because of the
SemEval-2016 dataset's hierarchical category
structure, we cannot apply our model using our
present approach parameters. Nevertheless, we are
actively striving to enhance the outcome in our next
studies.
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