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Abstract:

Consumers and businesses alike may benefit from this study's examination of the potential
impact of review votes and user reviews on feature-level assessments of mobile devices. This
grading system gives a fuller picture of the product than a product-level grading system. We
know exactly what makes a product good or bad, therefore feature-level assessments are more
detailed than product-level evaluations. Data on what consumers value most and least has always
been important. It tells the manufacturer and the buyer about upcoming product upgrades and
sales. Various categories of customers are drawn to distinct qualities. Consequently, feature-level
assessments may help make customers' purchase selections more personalised. Using data
collected from an online retailer (Amazon), we analyse user evaluations and review votes
pertaining to various mobile devices. We do this by using a sentiment analysis that is feature-
centric. When everything is said and done, we have ratings for 108 distinct features of more than
4000 distinct online-sold mobile phones. From one side, it helps manufacturers make better
decisions about product enhancement, while from the other, it allows customers to make more
personalized purchases. Recommendation systems, market research, and other areas might
benefit from our work.

Introduction

The proliferation of the Internet and the rising busyness of people's lives have contributed to the
widespread use of online shopping. Reviews written by other customers and posted online
typically influence consumers' final purchase decisions. But most user reviews you'll find online
are shallow, generic rants about products. Consequently, although product-level evaluations are
useful for comparing various commaodities, some people will still opt to buy certain things due to
their distinctive qualities. If you want to know what other people think about a product's features,
you usually have to read the comments section in its entirety. Choosing the best choice for a
customer could be challenging when there are several possibilities for a single product (like a
mobile phone). Such product-level evaluations also provide minimal space for interpretation,
which is problematic from the manufacturer's perspective [3]. Manufacturers have a better
understanding of how to produce their goods when feature-level evaluations are available. We
could make use of all these benefits with a feature-level grading system.
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Fig. 1. Product-level rating system versus feature-level rating system: while

the first one is very generic, the latter is quite specific.

Customers may desire feature ratings in the same way they want product evaluations, but it's not
a good idea since there might be too many features. It is far more practical to use current
customer evaluations and review votes to provide feature-level ratings [4, 5]. The evaluations are
in the form of sentences, and each word expresses an emotion, neutral or positive, from [6] to
[9]. Their separability allows us to extract specific words connected to products and use them to
derive sentiment assessments.We can build a feature-level rating system that can provide feature-
level ratings by using the sentiment scores as a base and the review votes as a backbone. Figure 1
shows the result. However, there are just a handful of obstacles to overcome when developing a
feature-level grading system. ldentifying the features we want in a product should be our first
priority. One further issue is that there are several ways to define a feature, and they all need to
be merged into one. Step two involves cleaning up the data; for example, some review comments
may not be in English or could have typos. The third step in assigning a fair rating to a product
feature is figuring out how to include the review votes with the extracted sentiment ratings.
Looking at the word frequency table for the whole set of customer evaluations for a product
allows us to identify its features, such as mobile, up to a specific frequency.

Literature Survey

An extensive period has passed since sentiment analysis [11]-[18] was a popular area of
research. In addition to e-commerce, it has uses in fields such as health care[19-21], politics[12—
13], and sports [14-15]. It has been shown in [18] and [19] that a lot of information on the
products may be gleaned from sentiment analysis of online reviews. Sentiment analysis of
mobile brand mentions on Twitter was the main focus of Wiliam et al. [11]. Having said that, the
studies don't focus in on specific traits, but rather examine mobility in general.
This was tried by Nandal et al. [10], albeit with a limited set of commodities and features. In
contrast to Sadhasivam and Kalivaradhan [11], who used ensembling, Nandal et al. [10]
employed the supervised learning approach SVM. This post will use user reviews to rank 108
attributes of more than 4000 mobile phones sold online, an unprecedented effort. Additionally,
we create unsupervised sentiment evaluations for sentences using the lexical technique, which is
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neither supervised nor weakly supervised [13]-[15]. Our goals in studying digital cameras and
TVs align with those of Zhang et al. [16]. Although it is a brief examination, ten aspects are
covered. The only devices that Bafha and Toshniwal tested were an MP3 player, a Canon
camera, and an iPhone 4s [18]. In contrast, before offering recommendations, we research and
analyse over four thousand goods. But this is the only article that we are aware of that uses
review votes as part of a feature-level evaluation.

Methodology

According to this method, there are three steps: The method's first four phases are feature
selection, preprocessing, feature-based rating construction, and algorithm execution. This section
provides a comprehensive overview of each level.

Feature Selection

Assume that we manually scan through the word frequency table of the whole set of customer
review data for a product (a mobile device in this example) and compile a set of N feature-
related words, denoted as W = wl...,wN. Therefore, the traits that people care about the most
could be located. If a phrase appears less than 0.02% of the time in the review data, it is likely
that it is not a feature-related word and is therefore disregarded. The frequency of words
associated to features is denoted by Z = z1, whereas the remainder of the frequency distribution
is denoted by N. Every word in W that is connected to a specific feature, including the feature
itself, should be returned by a relationizer function. This is because all words linked to a feature
should be integrated into a single feature. The relationizer function in question is known as
R(W,wi). This relationizer function we're discussing here is completely manual, so bear that in
mind. Our feature data set, denoted by the letter F, will be defined as a collection of connected
feature words in the following way:In the first expression, F = R(W,wi)il,..,N (1), the
relationizer function is used to iteratively generate sets of related words from all the words in W.
Since many related words will produce identical sets, we shall eliminate duplicates in order to
divide the sets on the left. For convenience's sake, let's refer to the F feature data set as F and
consider Fk to be the kth set of feature words. The whole set of feature words in any Fk may be
located by selecting a single sample feature word. These individuals will be called feature
keywords from now on. The most frequent feature word in the set is chosen as the representative
(based on [18]) or  feature  keyword for the name of the  set:
Name the feature set after the term that occurs in it the most frequently in this instance. In the
future, Fk may stand for both the keyword and the kth set of feature words, which is a group of
related feature words.

IA haveA hadA theA | have had the
phoneA forA sevenA daysA phone for seven
nowA andA 1A amA days now and | am
impressed. A I1tsA setupé impressed. Its setup
isA veryA simple A TheA is very simple. The
screenA gualityA isA screen quality is
great,A andA theA great, and the
processorA isA fast. processor is fast.

=

i like it. it works for me and i like it. it works for
the phone is new on its | me and the phone
box :}S | is new on its box :}

Fig. 2. Preprocessing: useful characters retention. where unnecessary
characters are removed in this illustration.
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Fig. 3. Preprocessing: spelling correction, where misspelled words, such as
“scraches,” “baterry,” “Ecxelent.” “period,” and “fuctional.” are corrected in
this illustration.

Sound could be a little
louder but is okay

Speakers could be a little
louder but is okay

Keywords

Correction

awesome - only photo awesome - only pictures
quality not good quality not good

Fig. 4. Preprocessing: keyword correction, where feature words, such as
“speakers™ and “photo.” are corrected to their respective feature keywords,
“sound” and “pictures,” in this illustration.

Preprocessing

Unstructured data is common in review comments as customers post them publicly. To facilitate
retrieval, disintegration, and correction of pertinent information, our preprocessing procedures
aim to transform this unstructured input into structured data. Remember that after eliminating
unnecessary characters, the remaining information is the important data. We made a mental note
of how positive people were when reading the reviews to decide which features to include.
People often utilise punctuation, emojis, and adjectives. Figure 2 shows that although
punctuation, emoticons, and word structures are preserved, all other letters and numbers are
deleted. We list all characters to be thorough. Following that, we will remove any blank items as
they are not used by our feature-level grading system. Think about it this way: given a product
(not an item), we may say that the review data is D = C1,C2,...,Cm, and that it contains m useful

95



Juni Khyat (UGC Care Group | Listed Journal)
ISSN: 2278-4632 Vol-14 Issue-01 May 2024

remarks.

Data from consumer evaluations of the product in issue, including reviews of all mobile phones,
was the last component of our feature selection process. However, data from a single mobile
product review is represented by D.

Generation of Ratings Based on Specifications

We may now go through each of the remaining sentences, filtering out irrelevant ones, to
determine whether any of them make reference to a certain trait, such as Fk. If that's the case, we
may calculate the score based on the tone of the statement. In each of these passages, we reach
this conclusion using sentiment analysis scores [19]. We use the code in [19] because it is
versatile. Feel free to include emoticons into your research as well. Their services are used by us.
For sentiment analysis, a compound score is required. It lies between one and one. The next step
is to average the quality score across all product attributes based on user feedback. During this
period, we amassed quite a bit of possessions. When considering who should hear the comment,
we also look at the review's vote count. Based on these findings, we may infer that the reviews'
claims are well-supported. | propose this next. (Cj) Display the total number of votes cast for Cj.
We've arrived at the notion that, from this person's point of view, each sentence contributes
equally to the total strength. Because of this, we adjust the tally of the original reviewers' self-
votes by adding 1.

Results

Even though there aren't any objective, true feature ratings, we may nevertheless evaluate our
method on a subset of the phone's testable capabilities. We have what it takes to pull this off.
View our results on the go with the help of the built-in app named The bundle already includes
general phone ratings. When evaluating the ‘feature’ of our phone, we take into account the
weighted and averaged evaluations of individual customers. In order to compare the error metric
numbers in Table with the truth-to-ground scores, we need to provide different information.
Considering the average proposes an error measure based on the average error rate (MAER), it is
astounding to see that the rating is just half a star, or 0.55 points, off from the real ratings. We
have also made a confusion matrix for phone features. To get such a high total number of stars,
we rounded our ratings to the closest whole number. This led to the present system of
categorising phone ratings into five separate academic categories, ranging from one to five stars.
Such a discordant results matrix has led us to cause further perplexity. Put simply, our system
reliably predicts consumer satisfaction ratings for 265 mobile phones, with ratings that are all
within one star of each other for 386 out of 141 mobile phones. Consequently, we employ this
method 72.3% of the time to find out how accurate the proposed integer star rating is. However,
if we can tolerate a one-star improvement in accuracy in the integer star rating prior to 94.83
percent of the time, Thus, it is reasonable to presume that the intended This method works well
with the phone's advertised capability. The accurate number of mobile phones is 418, however
there may be certain devices that don't allow our highlight word selection due to terminology
related to the phone's operation, so it's important to keep that in mind.
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5. Conclusion

We've come up with a system to rate cell phones according to several criteria. A total of 108
features have been considered based on reviews and comments from users. For the purpose of
developing personalised services, we have the ability to rate up to four thousand distinct phones.
Both product enhancement and purchasing decisions are critical. We were successful in
achieving our goals because we first organised the unstructured data. We used that dataset to
extract the sentences that comprise our feature. After that, we made the feature-level information
public by evaluating the emotional nature of the words in question and using ratings. Our
position is based on the number of features that each phone has, so we can recommend the best
feature phones. With this information in hand, we honed our strategy for the so-called "phone™
function, which views ratings as ground-level assessments that account for the whole customer.
It has been shown that our team's method is commendable. The only result is an MAE of 0.555.
That is, the quality is just enough for a half star. Applying our 52.3% accuracy yields the
following outcome: The ability to accurately predict integer ratings is essential. On the other
hand, we'd be willing to put up with an inaccurate integer rating of one star if it meant we could
get an accuracy boost of 93.8 percent. There is no supervision whatsoever in the proposed
technique. As it follows that we will endeavour to increase output via the application of a loosely
monitored or loosely managed approach, we will need to make use of the information at our
disposal in order to resolve the matter pertaining to all 108 of our distinct characteristics
together.
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