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ABSTRACT Customers share their opinions about a product through online reviews. Companies
incorporate customer opinions into product design to increase customer satisfaction and market success.
Many studies have attempted to analyze customer opinions on specific product features. However, these
studies do not attempt to understand the actual intent of customers when mentioning a product feature in the
context of a review. To overcome this limitation, this study develops a contextual meaning-based approach
that considers the contextual meanings of product features in reviews. This approach enables a deeper
understanding of the intent behind the target features of a product. First, a large language model-based
word embedding model and clustering algorithms are introduced to divide product features into sub-features
based on contextual meanings. Second, a new method is developed for creating a contextual word map to
interpret the clustering results. Third, a sentiment analysis is performed to evaluate customer satisfaction
for each sub-feature using BERT. A case study of a television product was conducted to demonstrate the
applicability of the developed approach. The results showed that, unlike in other studies, several sub-features
were identified from four targeted TV features based on their contextual meanings. Furthermore, customer
satisfaction was evaluated for each sub-feature. This study is the first attempt at providing a fine-grained
online product review analysis based on unsupervised learning to clarify meanings according to the context.
The developed approach can be useful for determining detailed directions for improvement in the product
design process and is expected to offer a new perspective.

INDEX TERMS bidirectional encoder representations from transformers (BERT), contextual meaning,
customer opinion, online product review, polysemy word, product design, product feature, sentiment

analysis, sub-feature identification, television (TV).

. INTRODUCTION

An in-depth understanding of customer requirements is im-
perative for product design [I]]. Companies continuously
collect customer opinions to discern their needs and aim to
incorporate them into their product designs. The adoption of
a customer-centric design approach offers several benefits.
First, accurately identifying and addressing customer needs
and expectations can significantly enhance the likelihood
of the success of a product []Z[] Second, the continuous
collection and analysis of customer feedback facilitate both
rapid product improvements and enhanced adaptability in a
constantly evolving market landscape [3]]. When a product
aligns closely with the actual needs and expectations of the
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customers, it leads to increased customer satisfaction. This
satisfaction can cascade further into positive word-of-mouth
and heightened brand loyalty [4]. Finally, comprehension
of customer needs can mitigate the risks associated with
unnecessary design modifications or redesigns [3].

In traditional studies, customer needs for a product are
determined through direct interactions with customers us-
ing methods like surveys and interviews [6]- [7]. However,
these traditional methods of collecting customer opinions are
time-consuming, costly, and frequently limited in scope and
sample size [§]. Consequently, recent methods are shifting
toward harnessing online reviews, which are abundant and
easily accessible sources. Online reviews contain customers’
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experiences, perceptions, and voices about products. Their
utilization enables businesses to extract customer opinions
and understand their needs [9]]. Several product design stud-
ies have attempted to extract customer opinions from on-
line reviews [10]- [11]]. Existing studies typically focus
on identifying opinion targets and analyzing the customer
satisfaction associated with them. Identifying the opinion
target refers to extracting the key product features or subjects
that customers are interested in from their reviews about a
product. Customer satisfaction regarding the opinion target is
determined by sentiment analysis. For example, [12] utilized
text mining techniques to extract key product features such
as performance, power, fuel consumption, exterior, and safety
from vehicle product reviews. [13] used deep neural networks
to determine whether customer opinion targets were present
in Google Glass product reviews and to analyze the sentiment
associated with these targets.

Although previous studies provided valuable contribu-
tions, they had a limitation. The level of identifying customer
opinion targets was not sufficiently fine-grained. In previous
studies, the most fine-grained level of identifying opinion
targets involved extracting keywords related to product fea-
tures. However, these word-level identification can be further
refined since customers often express opinions on various
aspects of a single product feature. Thus, to understand the
specific aspects of the product features that customers actu-
ally intend to mention, the contextual meaning information
of these feature words in the review sentences should be con-
sidered. For example, when analyzing real review sentences
about a television (TV) and assuming the opinion target as
the product feature “screen”, many previous studies ignored
the contextual meaning of “screen” in the sentences. In the
three example sentences below, the term “screen” can not be
further subdivided or analyzed at its various aspects level by
earlier research methods. In other words, the specific aspects
of the "screen" that customers intend to discuss are not
considered. However, a close examination of these sentences
reveals that the customer mentions of “screen” can be further
refined at the feature level.

(1) The new TV seems to have white spots on the top of the
screen.

(2) I'm thinking of buying a cheap modern flat-screen TV.

(3) The TV’s home screen is filled with a lot of stuff that

I’m never going to watch/use.
In each sentence, “screen” is used with different contextual
meanings by the customers. In (1), a white spot at the top
of the screen is discussed with reference to screen quality.
In (2), the flat physical feature of the screen and its price
are discussed. In (3), the usability of the home screen is
mentioned. As can be seen, even when discussing the same
product feature, “screen”, the aspects of the “screen” that the
customers intend to talk about differ slightly and need to be
clearly distinguished for fine-grained analysis.

To address these limitations, this study developed a con-
textual meaning-based approach that identifies sub-features
of a target product feature based on their contextual mean-
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ings in online product reviews. The proposed methodology
comprises four stages: (1) Collecting online reviews by web
scraping and preprocessing the dataset using the NLTK
toolkit. (2) Clustering the sub-features of the target feature
based on the semantic similarities of their contextual mean-
ings using bidirectional encoder representations from trans-
formers (BERT) -based contextual word embedding with the
affinity propagation (AP) algorithm. (3) Assigning a name to
the contextual meaning of each identified sub-feature using
a contextual word map. (4) Conducting sentiment analysis
of each sub-feature using a fine-tuned BERT model. A case
study was conducted on TV products to demonstrate the
validity of the developed approach.

The main contributions of this study are threefold: First,
this study proposes a fine-grained approach for opinion target
identification at the sub-feature level, delving deeper than
previous feature-level analyses. The proposed approach iden-
tifies aspects of product features from reviews and further
categorizes them into sub-features. By doing so, customer
opinions can be better understood at a more granular level.
This also allows for a closer alignment with customer needs,
thereby providing benefits in the product design phase. Sec-
ond, the proposed approach emphasizes the importance of the
contextual meaning of product feature words found within
review sentences. Gaining a clear understanding of these
contextual meanings provides deeper insight into the cus-
tomer’s authentic intent when mentioning a product feature.
Therefore, this enhances the comprehension of customer’s
actual needs. Third, the proposed approach employs pre-
trained large language models (LLMs) and unsupervised
clustering techniques to identify sub-features based on their
contextual meanings. The advantage of this unsupervised
approach is twofold. First, it negates the necessity for labeled
data, resulting in significant cost savings. Second, there is no
need to predefine sub-feature classes, offering a pathway for
a more customer-centric analysis of online product reviews
at the sub-feature level.

The remainder of this paper is organized as follows.
Section [[I] includes a literature review of related studies
on identifying targets of customer opinion based on online
product reviews for product design. Section describes
the framework of the developed approach and the methods
used. Section [[V| presents a case study of the application of
the developed approach to TV products. Section [V]discusses
the novelty and the applicability of the developed approach.
Section [V]] presents the conclusion of this study, highlights
its limitations, and suggests directions for future research.

Il. LITERATURE REVIEW

Identifying the targets of opinion that customers intend to
discuss and show main interest in within reviews is crucial
to clearly understand customer needs [15]], [31]. Therefore,
many product design studies have been conducted to identify
the opinion targets from online product reviews [32], [33]]. In
previous studies, four representative methods including term
frequency-, linguistic structure analysis-, topic modeling-,
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and deep learning-based methods have been employed to
identify targets of customer opinion in product reviews. First,
some studies employed term frequency-based techniques to
extract keywords related to the product as opinion targets
[12]], [14], [22]. These term frequency-based techniques em-
phasize the prominence of words that appear more frequently
in the reviews, assuming that such recurrence indicates their
importance. In [14], [22], term frequency analysis in on-
line reviews was conducted to identify keywords as opin-
ion targets. In [12]], the term frequency—inverse document
frequency (TF-IDF) method was used to extract prioritized
words related to product features. Second, other studies
employed linguistic structure analysis-based methods [11]],
[[L7], [18], [26]. These methods emphasize the syntactic and
grammatical relationships within the review text, considering
the structural patterns to be indicative of the underlying
meanings or sentiment. In [|I1]], part of speech (POS) tag-
ging was performed on review sentences to extract nouns as
opinion targets. In [[17], a dependency parser was employed
to identify terms related to product features. In [18]], lin-
guistic pattern mining was used to extract both the product
function and the specific environmental context related to
it. In [26], dependency parsing, co-reference resolution, and
named entity recognition were utilized to extract significant
phrases from reviews. Third, several studies employed latent
Dirichlet allocation (LDA) -based topic modeling methods
for identifying latent topics as opinion targets from online
product reviews [[19], [23]], [40]. These LDA-based topic
modeling methods primarily focus on uncovering latent top-
ics within a collection of review texts, allowing for a more
comprehensive understanding of the underlying topics dis-
cussed in online product reviews [41]]. Lastly, additional stud-
ies employed deep-learning model based methods to detect
the presence of opinion targets within sentences [13]]. These
deep-learning-based methods primarily address classification
problems and require labeled data. In [13]], product reviews
for Google Glass were manually labeled after being collected
from Twitter. Using this labeled data, a deep neural network-
based architecture was used to determine whether a review
sentence expressed an opinion.

However, only a few previous studies have attempted to
consider the aspects of the product feature as customer opin-
ion targets. Although customers provide opinions on various
aspects of a specific product feature, existing studies have not
recognized and distinguished these aspects. Existing studies
primarily extracted opinion targets at the keyword-, phrase-,
and latent topic-levels. Keyword-level identification focused
on extracting words related to the product from reviews [|11]],
[12], [15]I, [16f, [17], 1201, [22], [13]]. Whereas this keyword-
level identification represented the most fine-grained analysis
in previous studies, the analysis ended at identifying the
words related to the product feature terms. The analysis did
not further discern which specific aspects of each product fea-
ture were being discussed. Phrase-level identification focused
on extracting expressions or phrases from review sentences
that contained the customer’s opinion [14], [18], [21]], [24].

VOLUME 4, 2016

This phrase-level identification allowed for the most intuitive
verification of customer opinions. However, it only captured
the apparent information from the expressed phrases in the
review. Additional analysis is needed to determine which
aspects of the product itself or its features the extracted
sentence refers to. Latent topic-level identification focused
on uncovering hidden topics that customers discussed in the
reviews [19], [23], [40]]. This latent topic-level identification
allowed for a relatively easy understanding of the inherent
topics in large-scale reviews. However, these topics typically
pertained to one of the product’s features, and did not go
into more specific details or further subdivide the product
features. In summary, the results of identifying the target
of customer opinions in previous studies, such as keywords,
phrases, and latent topics, were related to product features,
but they did not further identify and analyze the aspects of
the product feature.

Therefore, this study proposes an approach to analyze
aspects of product features. By utilizing LLMs-based contex-
tual word embeddings, the approach identifies these aspects
from reviews based on the contextual meanings of prod-
uct feature words. Subsequently, the identified aspects are
categorized into sub-features using clustering algorithms to
group similar contextual meanings. Thus, the diverse aspects
of the product feature can be captured and identified as sub-
features according to the meanings used by customers in
their reviews. Consequently, this provides the basis for online
product review analysis at the sub-feature level.

lll. METHOD

The overall process is shown in Fig. [T} Online product re-
views serve as the inputs, and the outputs are sub-features of
the target product feature and their sentiments. The proposed
approach consists of three crucial stages after the collection
of online reviews and text data preprocessing. The overall
process is automated as much as possible after the target
product features are determined in advance. Human inter-
vention is only required in stage 2 to name the sub-features
based on the contextual word map. The following describes
the three crucial stages.

Stage 1: Product sub-feature identification:
The sub-features of the target product feature are
identified based on the contextual meanings of the
words for the target product feature in the review
sentences. For this purpose, an LLM, specifically
utilizing the BERT model, is used to perform con-
textual word embedding for the nouns in all review
sentences. The AP algorithm is used to cluster the
obtained contextual word embeddings of the target
product feature words based on the similarity of
their contextual meanings. The AP algorithm is an
unsupervised learning method that automatically
forms clusters from data without requiring both
a predetermined cluster number and centroids of
clusters. The product sub-features are automatically
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identified after setting the hyperparameters of both
BERT model and AP algorithm.

Stage 2: Naming identified product sub-feature:

To understand the contextual meanings of the iden-
tified sub-features and name the sub-features, a
contextual word map is proposed to support. This
map is composed of high-priority nouns that co-
occur in review sentences where the representative
words for each cluster appear. This map is used
to interpret the contextual meaning of each cluster.
Human intervention is only required to interpret the
contextual meaning of the target product feature us-
ing the contextual word map and name a sub-feature
(each cluster) based on the interpreted contextual
meaning.

Stage 3: Sentiment analysis for each product sub-feature:
After identifying and naming the sub-features of
the target product features, the fined-tuned BERT
model is used to perform sentiment analysis for
each sub-feature. The inputs of the model are sen-
tences containing words within the cluster (sub-
feature), and the output is the average sentiment
score of the cluster (sub-feature), ranging from 1
to 5. This score indicates the degree of customer
satisfaction or dissatisfaction, with 1 representing
extreme dissatisfaction and 5 representing extreme
satisfaction. The sentiment of a sub-feature is auto-
matically measured after setting the hyperparame-
ters of the fine-tuned BERT model.

A. DATA COLLECTION AND PREPROCESSING
A substantial number of online reviews pertaining to the
target product were required to implement the proposed
approach. These reviews were collected by web scraping
from Amazon, BestBuy, and Walmart using Google Drive.
The relevant information extracted from the reviews included
the review title, content, product name (ASIN number), re-
view date, and brand. Duplicate reviews are eliminated by
comparing the extracted titles, dates, and product names. The
review titles and contents are combined for further analysis.
After collecting the reviews, standard text data preprocessing
is performed [39]]. The reviews are segmented into sentences
using punctuation marks, such as full stops (“.”), question
marks (“?””), exclamation points (“!””), and semicolons (*;”).
Uppercase letters in the reviews are converted to lower-
case (e.g., “Remotes” is transformed to “remotes”). Stop
words, emoji, and emoticons, such as “is,” “an,” “the,” “in,”
“it,) =), (7 %5-),” “U+1F602,” “U+2764 U+FEOF,” and
“U+1F64F” are removed and the remaining words are lem-
matized (e.g., remotes is transformed to its root form remote).
Consequently, the reviews are divided into sentences, with
each sentence structured by lemmatized words. For example,
a sentence segmented from a review like “The Remotes are
GREAT! :-) ” is transformed to“remote great” after the
preprocessing.

The target product feature is predetermined by researchers

or practitioners prior to the initiation of the proposed method.
The target feature denotes a specific attribute of the product
that researchers or practitioners seek to further analyze to
gain insights into customer satisfaction. The predetermined
target feature is a noun because nouns typically best represent
the attributes of a product or service in a product/service
review analysis [11]]. This target feature noun serves as a seed
feature word.

B. PRODUCT SUB-FEATURE IDENTIFICATION

1) contextual word embedding

The BERT model is utilized to perform contextual word
embedding among pretrained LLMs. As a pretrained deep
learning model developed by Google, BERT can be utilized
for advanced NLP tasks because it understands the contextual
meanings of words with a high degree of accuracy. This is
because of the two characteristics of BERT: bidirectionality
and a transformer architecture. Unlike previously developed
models that learn the context in one direction, BERT learns
bidirectionally, allowing it to grasp the context more effec-
tively. Additionally, the transformer architecture of BERT
with its attention mechanism enables it to understand the
relations and dependencies between words in a text [25].
Consequently, BERT can distinguish the contextual mean-
ing of the same word based on the different sentences in
which the word appears. Thus, it can generate different
word embedding vectors for the same word depending on
the contextual meaning. For example, in the following three
sentences contain the word “screen’:

(1) The screen is big.

(2) The screen has high resolution.

(3) The screen is so clear.

BERT can understand the contextual meaning of the word
“screen” in each sentence. The contexts of sentences (1) and
(2) are different. In this case, the word embedding vectors
generated by BERT for “screen” in these two sentences will
be different, given the dissimilar contexts of “size” versus
”quality of resolution”. By contrast, the contexts of sentences
(2) and (3) are similar. Therefore, the word embedding vec-
tors generated by BERT for “screen” in these two sentences
will be similar, owing to the similar contexts of “clarity”
versus “quality of resolution”.

To perform contextual word embedding for target feature
nouns, each sentence containing these nouns is used as an
input for the BERT model. The outputs of the model are
high-dimensional word embedding vectors for each word in
the input sentences. Subsequently, only the word embedding
vectors for the target feature nouns are extracted for further
analysis. Through this process, word embedding vectors for
the target feature nouns are obtained from all sentences in
which they appear. In our approach, this is called contextual
word embedding, which represents word embedding vectors
that consider the context of the sentence. Fig. [2] shows an
example of the process and result of contextual word em-
bedding for one of the target feature nouns. The symbol
denotation for process of the contextual word embedding
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Product Product sub-feature

Reviews identification

Naming Sentiment analysis
identified product »  for each product
sub-feature sub-feature

FIGURE 1. Overall process of proposed approach.

is described in Table [I As shown in equation [I] all S,

Symbol Description
w a target feature noun.
7 The total number of sentences where w appears.
Swi The i-th sentence out of all the j sentences.
w_1 The noun, w from the ¢-th sentence out of all j sentences.
Emb,, ; | The word embedding vector of w_z.
B(") The function of the BERT model

TABLE 1. Symbol denotation

are used individually as an input for the BERT model. The
outputs, represented as B(.Sy,;), consist of word embedding
vectors for every word in .S,,;. From these outputs, only the
embedding vector Emby, ; for w_zi is selected.

Embw_i - B(Swz)[w—l] (1)

For all j sentences of w, all embedding vectors Emb,, ; are
obtained by:

Emby 1,Emby, »,...,Emby ;

= B(Sun) 1], B(Su) w2, B(Su)wg]
Each word embedding vector, Emby, ; has different values
depending on the context of the input sentence, S,,;. In the
proposed method, w_t is designated as “polysemy word”,
which refers to words that are identical but appear in different
sentences. This designation as polysemy word is made to
emphasize the unique contextual characteristics determined
by their respective sentences of appearance. Since the con-
textual meaning of w_t can vary slightly depending on the
sentence, polysemy word w_z is indexed according to the
sentence in which it appears. Consequently, polysemy word
w_1 is expressed as the same word w in each sentence, but its
meaning and embedding vector may vary from one sentence
to another. In the example presented in Fig. 2] the noun
“screen” is assumed to be a target feature noun and appear
in a total of j sentences. w corresponds to “screen”, and the
appearance of “screen” in the i-th sentence is indexed as
the polysemy word screen_i by the sentence number. The
contextual word embedding vector of screen_i is obtained
as Embgcypeen i by using a BERT-based word embedding.
The values of Embgcreen i are expected to vary based on
the contextual meaning of "screen" in the sentences where it
appears.
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2) Product sub-feature clustering based on contextual word
embedding

Sub-features refer to the possible meanings of the target
feature nouns, which are discerned based on the contextual
meaning of these noun. These sub-features are identified
using the AP clustering algorithm based on the contextual
word embeddings of the target feature noun, w:

{Emby, 1,Emb,, 2,...,Emby ;} 3)

These embeddings are then grouped into k distinct clusters:

Oe) Ck} (4)

Each cluster C; (for 1 < ¢ < k) captures a distinct contextual
meaning of the target product feature noun, and represents
a unique sub-feature. The number of sub-features, denoted
as k, is automatically determined by the AP algorithm. The
AP algorithm is a centroid-based clustering algorithm that
identifies clusters in data without predetermining the number
of clusters and specifying the initial centroid data [27]:
Given:

C={C,Co,..

 Xx;: data point ¢, which corresponds to a contextual word
embedding vector of w_i, Emby, ; in our study.

e 7(i,k): "responsibility”" of data point x; to candidate
exemplar xy.

e a(i, k): "availability" of candidate exemplar x;, for data
point x;.

1) The "responsibility" (i, k) is updated based on accu-

mulated evidence for x;, to be an exemplar for x;, taking
into account other potential exemplars.

r(i, k) < s(x;, Xp) — g}iﬁ{s(xi,xk/) +a(i,k')} (5)

Where s(x;, X)) is the cosine similarity between x; and
X

2) The "availability" a(i, k) is updated based on evidence
that x; should pick xj as its exemplar, considering
support from other data points.

a(i, k) + min{0,7(k, k) + > max(0,r(i’, k))},

i’ ik
(6)
For i = k:
a(k, k) < Y max(0,r(i', k) (7)
i' £k
5
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Contextual word embedding

@ w : a target feature noun
e.g. screen

g

@ sy, : a sentence containing the noun, w
e.g. “screen has high resolution”

-

BERT model

*Emb denotes a word embedding vector.

-

® B(s,,) : output embeddings for all words in s,,
c.g. [Embscreenv Embhass Embhi‘ghs Embresoultion.]

.

@ Emb,, : a selected word embedding vector of w within B(s,,)
e'g' [Embscreen]

® [Emb,, 1, Emb,, ,, ..., Emb, ;]
: all word embedding vectors of w from every sentence in which w appears
e.g. [Embscreen,lv Embscreenjs ERREE Embscreen,j]

*3(e) denotes the function of the BERT model.

Results example of the contextual word embedding

Target feature noun  Polysemy (Sentence) Contextual word embedding

w_1(Sw1) Emby,_; = [y, V2 .5 Val

w_2(Sw2) Emb,_,=[vy, V3, ..., Vq]
w

w_j(Swj) Emby_; = [Vy, Vasee 5 Vgl

screen_;
screen_,

EmbscremJ = [V Vg, o, V]
Embsczeeu} =[V1, Vo ey V4l

Screen
2Vl

screen_; Emb,gpeey j = [V1, V2, -

* Symbol denotation

- j : the total number of sentences within the reviews where w appears

- w_i : the w from the i-th sentence out of all j sentences, i € {1,2,...,j}
- Sy © the i-th sentence in which w appears

- Emb,, ; : the word embedding vector of w_i

- v : components of the word embedding vector

- d : dimension of the word embedding vector based on the BERT model

FIGURE 2. Process and result example of contextual word embedding.

3) When convergence is reached, exemplars can be deter-
mined where:

Exemplar(i) = arg m]?x{r(i, k) +a(i,k)}.  (8)

An exemplar represents the central data point of a cluster,
serving as a representative for other data points within the
same cluster.

The Davies—Bouldin index (DBI) is utilized to evaluate
clustering results. DBI evaluates clustering results based on
the internal cohesion of each cluster and the discernibility
between other clusters [28|]. The DBI is defined as:

N
1 o, +0;
DBl = — L
N;;%g<ﬂ%£ﬂ> )

where:

o N is the number of clusters.

e 0; is the average distance of all points in cluster ¢ to the
exemplar e; of cluster .

« 0 is the average distance of all points in cluster j to the
exemplar e; of cluster j.

o d(e;,e;) is the distance between the exemplars e; and
e; of clusters ¢ and j.

A smaller DBI value indicates better clustering performance,
which means that the clusters are cohesive internally and
well separated between clusters. To evaluate the clustering
quality of the seed feature, the DBI for each individual cluster
is computed, and the clustering quality is evaluated by the
mean of these DBI values. However, determining the quality

6

of clustering based strictly on the absolute value of the DBI
can be challenging. This is because the DBI values can
vary depending on various factors including the character-
istics and distribution of the data as well as its dimensions.
Therefore, a relative comparison of the clustering analysis
results is necessary. This method requires identifying sub-
features through an accurate understanding of the contextual
meanings of the features; hence, a relatively high DBI makes
it difficult to identify sub-features. Consequently, a threshold
value for the DBI must be set. If the average DBI value for
the seed feature exceeds this threshold, the clustering result is
inferred to be unreliable, indicating that the sub-features are
not well identified.

C. NAMING PRODUCT SUB-FEATURE

In this section, a contextual word map is newly proposed to
name the sub-features of the seed feature. Interpreting the
results and directly naming each cluster corresponding to a
sub-feature is challenging. This is because the clusters are
based on polysemy words, which are words with the same
spelling appearing in different sentences. Thus, a contextual
word map is proposed to understand the contextual meaning
of each cluster and assign names to the cluster based on this
contextual meaning. The construction of a contextual word
map requires two steps. First, representative polysemy words
within each cluster are selected. Second, the nouns within the
sentences where the representative polysemy words appear
are extracted and ordered according to their respective TF-
IDF scores within each cluster. Based on these high TF-IDF-
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scoring nouns, a contextual word map is constructed for each
cluster. This map is then used as a reference to assign a
descriptive name to each cluster (sub-feature). The overall
process for constructing a contextual word map is shown in

Fig.[3]

1) Selection of representative polysemy words within each
cluster

The method for selecting representative polysemy words for
each cluster utilizes the results of the AP algorithm. Since the
AP algorithm is centroid-based, each cluster has a single ex-
emplar polysemy word with the maximum cumulative cosine
similarity to all other words within that cluster. However, re-
lying solely on this exemplar to discern the contextual mean-
ing is impractical. Therefore, within each cluster, the top-k
other polysemy words with the highest cosine similarity to
the exemplar are selected to provide a more comprehensive
understanding of the cluster’s contextual meaning and ensure
a reliable interpretation. The selected words are denoted as
“representative polysemy words” for each cluster. The top-k
representative polysemy words for cluster C are obtained by:

{RP|,RP,,..., RP.}. (10)

Where:

« ¢ is the exemplar of cluster C.
o RP; is the i*" representative polysemy word in cluster
C, computed as:

RP; = arg maXgpecy (e,rp,,....mP,_,} COS(RP, €)

11
fori=1,...k 1
o cos(RP,e) measures the cosine similarity between
word embedding vector RP and exemplar’s embedding
vector e.

To determine the value of k, the number of words related to
latent topics is referenced, which is considered when evalu-
ating results from LDA-based topic modeling [34]- [38]]. In
LDA-based topic modeling research, semantic coherence and
discrimination between latent topics have been evaluated.
This evaluation involves comparing words with a high prob-
abilistic association with each latent topic. In most related
studies, the top-10 [|34]]- [35]], 15 [36], 20 [37]], and 30 words
[38]] have been used for this assessment. Based on these stud-
ies, to effectively distinguish the dissimilarity or contextual
meaning between clusters, the number of representative pol-
ysemy words, k, can be selected from 10, 15, 20, or 30 in our
method. When the value of k is small, a few polysemy words
represent a cluster and a few sentences are considered, which
increases the likelihood of misinterpreting the meaning of
the cluster. However, as the value of k increases, the number
of representative words and sentences considered increases,
making it more challenging to distinguish the contextual
meanings between clusters. Therefore, setting an appropriate
value for k is essential.

VOLUME 4, 2016

2) Extraction and prioritization of nouns for a contextual
word map

Based on the representative polysemy words selected from
the clusters using the above method, nouns are extracted from
the sentences in which each representative polysemy word
occurs. As previously mentioned in section nouns are
POS that effectively represent the attributes of a product.
Additionally, similar nouns tend to appear in similar contexts.
A noun corpus is created using the nouns extracted from all
clusters using the representative polysemy words. To prior-
itize the extracted nouns that best represent the contextual
meaning of each cluster, the TF-IDF scores of the extracted
nouns in each cluster are calculated using the noun corpus
and the sets of the extracted nouns for each cluster:

TF-IDF(n, ¢) = TF(n, ¢) x IDF(n, C) (12)

where:

o TF(n,c) is the term frequency of noun 7 in cluster ¢,
defined as:

count(n, ¢)

TF(n, c) (13)

total number of nouns in ¢

« IDF(n, C) is the inverse document frequency of noun n,

defined as:
IC]
14
lceC:nec+1 (14

IDF(n, c) = log <

e n is a specific noun.

e cis aspecific cluster.

« count(n, c¢) is the number of times n appears in c.

o (' is the set of all clusters.

e |c € C : n € ¢|is the number of clusters where the noun
n appears. The addition of 1 ensures that there is no
division by zero if n does not appear in any cluster.

Nouns with high TF-IDF scores have a low frequency of
occurrence in other clusters but are frequently observed
within their own clusters. Consequently, these nouns are
high-priority for their respective clusters and can be consid-
ered effective in representing the clusters.

3) Construction of contextual word maps for sub-feature
naming

To visually and intuitively understand the contextual mean-
ings inherent in each cluster, a contextual word map is con-
structed for each cluster. This map comprises high-priority
nouns that often co-occur with the target product feature
word in review sentences. When the feature word carries a
specific contextual meaning, the map effectively showcases
this context. Consequently, the contextual meaning of each
cluster can be discerned by referencing this contextual word
embedding map. Based on the identified contextual mean-
ings, names are assigned to each cluster, which represents a
sub-feature.
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FIGURE 3. Overall process for constructing contextual word map.

D. SENTIMENT ANALYSIS FOR EACH PRODUCT
SUB-FEATURE

A BERT-based sentiment analyzer is used to determine the
sentiment of each product sub-feature in the reviews. Specifi-
cally, a BERT-base-multilingual-uncased-sentiment model is
employed. This model is a pretrained and fine-tuned BERT
model provided by nlptown from Hugging Face’s Trans-
former Library. This model is based on the BERT-base-
multilingual-uncased-sentiment model and has been fine-
tuned to be directly applicable to sentiment analysis of
product reviews. For English, it has been fine-tuned us-
ing 1,500,000 reviews as the training data. The underly-
ing BERT-base-multilingual-uncased-sentiment model has a
structure similar to that of the BERT model of contextual
word embedding in section and is an extended version
that can be applied to various languages. The BERT-base-
multilingual-uncased-sentiment model accepts sentences (to-
kens) as the inputs and estimates a sentiment score ranging
from 1 to 5 as the output. A score closer to 1 signifies a more
negative sentiment, whereas a score closer to 5 indicates a
more positive sentiment.

The process of utilizing the BERT-base-multilingual-
uncased-sentiment model to analyze the sentiment of a target
product sub-feature is as follows: First, all sentences that
contain all polysemy words belonging to each cluster are
collected. These sentences are then fed into the model as
the inputs. After estimating the sentiment for each sentence
containing a polysemy word within the cluster by using
the model, the sentiment of the sub-feature is determined
based on the mean of the cluster sentiment. Consequently, the
sentiment of the identified product sub-feature is assessed.

IV. CASE STUDY

A case study was conducted on TVs to demonstrate the
proposed approach. The selection of TVs as the product
domain was motivated by the following reasons:

1) Obtaining large-scale online customer reviews related to
TV products is straightforward. Numerous reviews for a
wide range of TV products can be easily obtained from
online platforms like Amazon, BestBuy, and Walmart as
mentioned in section [I=A]

2) Terms related to TVs in reviews can be used from di-
verse viewpoints or contexts as the TV market evolves.
TVs have transcended their traditional role of channel

content delivery to integrate with the internet, leading to
the rise of smart TVs. Given these changes, customers
may use identical TV-related terms in different ways
or contexts. For example, "screen" was traditionally a
key feature in TV reviews, predominantly in relation
to picture quality. However, mentions of "screen" have
expanded to include its functionality when interfacing
with other devices, as TVs evolved into smart TVs.
Conversely, the term "application" began appearing in
reviews with the rise of smart TVs. Customers discuss
“applications” from various aspects, including instal-
lation, operation, and permissions. Clarifying its vari-
ous contextual usages is essential to accurately under-
standing the customer needs regarding "application”.
As evidenced by these examples, where a single TV
feature term is discussed from various perspectives due
to market changes, TVs were deemed suitable as the
product for this study’s case study.

The TV market offers a diverse range of products, varying in
size, functionality, and price. Therefore, based on the most
popular and commonly sold smart TV criteria, mid-range
TVs with a size of 50 in or less, priced under $800, and
equipped with smart functions such as Internet connectivity
and application usage were chosen. Also, as target TV fea-
tures(seed features), four TV features were selected to iden-
tify customer opinions on the sub-features that interest cus-
tomers in the current smart TV landscape. The TV features
of screen, remote control (remote), cable, and application
(app) were determined as the target product features. These
represent the key components of smart TVs that have been
mainly addressed from the customer perspective in previous
studies targeting smart TVs [29]- [30]. In the case study,
the sub-features of these four target features were identified
based on their contextual meanings in review sentences. Sub-
sequently, customer satisfaction regarding these sub-features
was assessed through a sentiment analysis. Through the case
study, customer opinions about multiple aspects of the TV
features were obtained at the sub-feature level.

A. COLLECTING AND PREPROCESSING REVIEW DATA
Online customer reviews for TV, filtered by size, price, and
functionality, were web-scraped from Amazon.com by exe-
cuting Google Drive and the Python Library Selenium. The
information extracted from the reviews included the review
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title, content, date, brand, and product name. After removing
duplicate reviews by comparing the extracted information,
16,248 reviews were obtained for 36 products from 6 brands.
The release years of the products ranged from 2016 to 2022,
encompassing notable advancements in smart TV technology
and accommodating a typical product lifecycle. Reviews
from April 2020 to March 2023 were extracted to incorporate
the recent user trends and heightened demand for home
entertainment systems during the COVID-19 pandemic while
ensuring freshness of the data. Examining the distribution
by brand, 7,086 reviews were collected for 13 Samsung
products, 2,862 reviews for 4 TCL products, 2,121 reviews
for 4 Hisense products, 2,098 reviews for 5 VIZIO products,
1,542 reviews for 8 LG products, and 539 reviews for 2 Sony
products.

The NLTK package in Python was executed for data
preprocessing, which included several steps as described
in section [[I[-A] First, reviews were divided into sentences
using punctuation. All capitalized words were converted to
lowercase words. The stop words, emojis, and emoticons
were removed from the review sentences. Finally, lemmati-
zation was conducted for each word in the review sentences.
Consequently, the reviews were transformed into sentences
composed of lemmatized words.

B. IDENTIFYING PRODUCT SUB-FEATURE
All sentences containing the four target feature nouns were
extracted from the entire set of review sentences. “’screen”
appeared in 2,477 review sentences, “"remote” in 3,802, “app”
in 2,283, and “cable”’in 1,043. Additionally, an index was
assigned based on the sentence in which the noun appeared.
These indexed nouns were “polysemy words” as mentioned
in section In case of “screen”, the polysemy words
included [screen_l1,screen_2, ..., screen_2477|, with each
number denoting a sentence occurrence of ’screen”.

Contextual word embedding for each polysemy word was
conducted using a BERT-base-uncased model, which is a
version of the pretrained BERT model [25]]. This model
was trained using only lowercase letters and had a model
size of 12 layers, 768 hidden units, 12 attention heads, and
110 million parameters. The model was pretrained using
a dataset capable of processing multiple languages. For
English, this model used the BookCorpus dataset, which
consists of 11,038 unpublished books and English Wikipedia,
excluding lists, tables, and headers. The BERT-base-uncased
model took a sentence containing a polysemy word as the
input and processed each word as a single token. Embedding
vectors were generated for all words in a sentence; however,
only the embedding vector of the polysemy word of interest
was extracted, as described in equationm

After obtaining the contextual word embeddings, poly-
semy words for each target product feature with similar
contexts were clustered using the AP algorithm. The hy-
perparameters for the AP algorithm were as follows: the
damping value was set to 0.8, the maximum number of
iterations was 2000, and the similarity matrix was based on
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TABLE 2. Results of identifying sub-features of target product feature

Target DBI  Cluster

feature

Remote 3.3094 1 403

Number of Exemplar polysemy word
polysemy words & Review sentence
remote_246
“TV doesn’t respond when
I press the buttons on re-
mote. ”
remote_1089
“Cable remote is cool”
remote_3234
“Remote’s voice recogni-
tion doesn’t work.”
screen_623
“If you are considering
buying a large screen TV,
believe me, you’ll want to
buy this one.”
screen_1515
“If the lights are turned
on, they reflect like crazy,
creating a rainbow effect
on the screen.”
screen_2290
“Screen casting to TV de-
vices has been a bad ex-
perience - it only works
about 50% of the time and
often takes an eternity to
connect.”
app_496
“They strongly encourage
you to get the app for your
phone which costs $20, but
1 found it to have little use
especially since I can use
the iPhone mirroring fea-
ture.”
app_697
“It actually instructs to
cast the Xfinity app from
another device and to use
a Roku, which is a little
disappointing.”

3 3,168

Screen 2.4762 1 863

2 515

3 1,118

App 23926 1 2,019

2 264

Cable 7.2136 3

the cosine similarity. Consequently, 3, 3, 2, and 3 clusters for
screen, remote, app, and cable, respectively, were obtained
automatically, confirming that each TV feature was divided
into three, three, two, and three sub-features.

The mean DBI values for the clustering results of each
target product feature were computed as 2.4762, 3.3094,
2.3238, and 7.2136 for screen, remote, app, and cable, re-
spectively. The DBI value for cable demonstrated relatively
higher measurements than the clustering results for the other
target product features and exceeded a threshold value of
5. This finding suggested that the clustering for cable was
unsuccessful, and consequently, the sub-feature for cable
could not be effectively separated.

The summary of the results and the original forms of the
actual review sentences in which the exemplar polysemy
words appeared were presented in Table 2] Each target
product feature was successfully divided into sub-features
(excluding cable). However, examining the clustering results
showed that each cluster consisted of polysemy words with
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similar contexts appearing in different sentences. Interpreting
or confirming the meanings of the sub-features or clusters
based solely on polysemy words was difficult. Contextual
word maps were constructed to understand the contextual
meaning of these clusters in the following section [[V-C|

C. ASSIGNING NAMES TO IDENTIFIED PRODUCT
SUB-FEATURES

To construct the contextual word map, the top-30 representa-
tive polysemy words within each cluster that had the highest
cosine similarity values to the exemplar polysemy word were
selected. Subsequently, nouns were extracted from review
sentences containing the selected representative polysemy
words. The TF-IDF values of these nouns were calculated
for each cluster. The 30 nouns with the highest TF-IDF
values were prioritized and extracted for each cluster. A
contextual word map was constructed based on these high-
priority nouns (Fig. d). In the map, a large font size implied
a high TF-IDF score, indicating a high priority in explaining
the cluster.

The contextual meaning of the identified sub-features for
each target product feature was determined based on the
combination of nouns in the contextual word map for each
cluster. The “screen” feature was further divided into “ap-
pearance”, “resolution”, and “compatibility”. The “remote”
feature was clustered into “TV remote usability”, “cable
remote usability”, and “compatibility”. The “app” feature
was divided into “setup” and “accessibility”. In the first
cluster of “screen”, high-priority nouns like size, crack, inch,
and matte had high TF-IDF values, which were interpreted
as pertaining to the appearance of the screen. Thus, this
cluster and sub-feature were named “Appearance”. In the
second cluster, high-priority nouns like line, spot, strip, and
dot had high TF-IDF values and were interpreted as being
related to the quality or resolution of the screen. Therefore,
this cluster and sub-feature were named “Resolution.” In
the third cluster, high-priority nouns such as monitor, home,
pc, phone, and smartcast had high TF-IDF values and were
interpreted as pertaining to compatibility with other devices
or screen operations. As such, this cluster and sub-feature
were named “Compatibility”. In the first cluster of “remote”,
high-priority nouns like button, volume, and sound had high
TF-IDF values, which were interpreted as pertaining to the
usability of the TV remote. Thus, this cluster and sub-feature
were named “TV remote usability”. In the second cluster,
high-priority nouns such as cable, channel, and dongle had
high TF-IDF values, which were interpreted as pertaining to
the usability of cable services or cable remotes. Thus, this
cluster and sub-feature were named “Cable remote usability”.
In the third cluster, high-priority nouns such as monitor, fea-
ture, cable, computer, and desktop had high TF-IDF values,
which were interpreted as being related to the interoperability
with other devices. Thus, this cluster and sub-feature were
called “Compatibility”. In the first cluster of “app”, high-
priority nouns like download, load, setting, and install had
high TF-IDF values, which were interpreted as pertaining to
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TABLE 3. Sentiment scores of all sub-features of target product features

Target feature sub-feature Sentiment score Avergae sentiment

Appearance 2.654
Screen Resolution 2.1352 2.374
Compatibility 2.1932
TV remote usability 3.0819
Remote Cable remote usability 3.3636 3.1756
Compatibility 3.0814
A Setup 3.1
pp Accessibility 30114 3.0557
Cable 3.319

the installation and setting up of apps on the TV. Thus, this
cluster and sub-feature were named “Setup”. In the second
cluster of “app”, high-priority nouns like phone, issue, ac-
cess, and names of specific apps had high TF-IDF values,
which were interpreted as being related to the accessibility
of apps in TV. Thus, this cluster and sub-feature were named
“Accessibility”.

D. DETERMINING SENTIMENTS OF PRODUCT
SUB-FEATURE

In this section, the sentiment of each identified sub-feature
was determined by executing the BERT-base-multilingual-
sentiment model. Sentences containing the polysemy words
within each cluster were used as the inputs to the model. As
summarized in Table [3] the sentiment score at the feature
level was calculated using the mean sentiment score of the
sub-features. Among the feature levels, “screen” had a senti-
ment score of 2.374, implying that customer satisfaction was
slightly negative. For other features such as “remote” and
“app”, customer satisfaction was close to neutral. For “ca-
ble”, no divided sub-features were found. However, customer
satisfaction at the cable feature level was estimated based on
review sentences containing “cable” and found to be neutral.
At the sub-feature level, all sub-features of “screen” had
low sentiment scores. Customer satisfaction with resolution
and compatibility was relatively low. These aspects should
be prioritized when designing the TV product. The sub-
feature “cable remote usability” of “remote” had a slightly
high sentiment score, implying that customer satisfaction
was relatively high. Through the case study, it was con-
firmed that the proposed approach effectively identifies sub-
features of the target product feature using real TV review
data. Additionally, customer opinions at the sub-feature level,
combining both the sub-feature and its associated sentiment,
were successfully extracted.

V. DISCUSSION

A. NOVELTY OF THE PROPOSED SUB-FEATURE
IDENTIFICATION APPROACH

This study introduced a new approach for identifying sub-
features of product features. The main distinction from prior
research lies in the more fine-grained categorization that
considers various aspects of a product feature. A key point
of this categorization is recognizing and differentiating the
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FIGURE 4. Results of contextual word map for target product features.

contextual meaning of aspects of product features within
sentences to accurately identify sub-features. To underscore
our methodology’s novelty, a qualitative comparison of the
proposed approach is conducted by examining the real review
sentences from section [[V]and contrasting these results with
earlier studies. A quantitative comparison is challenging due
to:

1) Absence of comparable research.
Few studies exist that identify sub-features by consider-
ing various aspects of target product features. This gap
in the literature provides no benchmarks or analogous
studies for comparison with the proposed approach.

2) Unsupervised nature of our method.
The study uses an unsupervised approach, eliminating
reliance on prior labeled data or predefined sub-features.
The absence of standardized labeled data or pre-defined
categories renders direct quantitative comparisons with
other methods or datasets challenging.

For qualitative comparison, three earlier studies on online
product review analysis are utilized [42], [33]], [32]. Each
study applied distinct methodologies: [42] used word2vec
with a supervised CNN for TV reviews, [33] combined
word2vec with the AP algorithm for Fitbit reviews, and
employed an LDA-based approach for smartphone reviews.
Notably, these studies primarily reported results at the feature
level. In the results of [42]], features such as “connection”,
“netflix”, and “’brightness” were extracted for TVs. Similarly,
extracted features like “battery”, ”band”, and ’design”
for Fitbit, and identified features like ”screen”, ”cam-
era”, and "battery” for smartphones. In contrast to previous
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studies, our proposed method offers a refined categorization
based on the contextual meaning of these aspects. For in-
stance, the feature "netflix", extracted from [42]], can relate to
either the content or its operation on the TV according to the
contexts. Similarly, the "battery" feature, extracted from both
and [32],, can refer to either battery duration or charging
speed.

For further clarification, some real review sentences from
section[[V]in our study are considered. Regarding the product
feature ”screen”, the following real sentences are provided:

(1) “Poor picture quality side, unless directly front screen.”

(2) “The new TV seems to have white spots on the top of
the screen. ”

(3) “I'm thinking of buying a cheap modern flat-screen

(4) “The screen is not working well by the remote.”

From these, our approach identified the sub-features of the
“screen” based on its contextual meaning within each sen-
tence. Specifically, the sub-features identified were: (1) reso-
lution, (2) resolution, (3) appearance, and (4) compatibility.
However, methodologies in [42]}, [33]], and [32] often restrict
their analysis to identifying primary features without extract-
ing finer contextual nuances. Crucially, these methodologies
do not capture the aspects of "screen" nor do they leverage
the contextual meaning of feature words. In [42]], the analysis
predominantly focuses on the mere presence or absence of
pre-labeled feature words observed in reviews, such as "pic-
ture quality", "screen", and "remote". There is not a deeper
exploration into the various contexts surrounding these terms.
In [33], terms like "picture quality" and "flat-screen” are
clustered together by the methodology of word2vec and
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AP clustering used in [33]]. These terms represent different
aspects of "screen" but are grouped due to their lexical
similarity. This approach misses the nuanced differentiation
that our study offers, which is based on contextual meanings.
For [32], topics incorporating the term "screen" are identified.
However, this approach does not effectively differentiate
between the various attributes of "screen." Attributes such as
resolution, compatibility, or size tend to be conflated into a
single topic due to the characteristics of LDA used in [32].
This contrasts with the granularity achieved by our method.

Through the comparison with three previous studies, the
novel discriminative capability of the proposed methodology
has been demonstrated. Whereas prior methods largely fo-
cus on identifying primary features, the proposed approach
allows for discernment of sub-features, deeply grounded in
the contextual meanings within each sentence. This approach
paves the way for a closer alignment with the intentions of
customers and enables a more accurate discernment of their
needs.

B. APPLICABILITY OF THE PROPOSED APPROACH
FOR ONLINE PRODUCT REVIEW ANALYSIS AT THE
SUB-FEATURE LEVEL

This section discusses the practical application of the pro-
posed approach. The proposed approach identifies sub-
features and analyzes sentiments to discern early-stage cus-
tomer needs in product design. This provides insight into the
diverse aspects of primary product features from the cus-
tomer’s viewpoint. Additionally, this approach can provide
guidance on which sub-features to focus on for technological
development and resource allocation, based on customer
satisfaction with product sub-features.

Moreover, the proposed methodology enables a compar-
ative analysis of the sub-features of product features by
brand. Customer satisfaction with the sub-features of product
features can be identified by the brand. This allows for
understanding the aspects of product features that are more
or less competitive in the products of each brand. It also
highlights the sub-features that should be focused on to
boost overall customer satisfaction with a product. The TV
reviews collected in the case study were divided by brand
and analyzed using the proposed methodology. Comparative
analysis was performed on relative customer satisfaction
with the sub-features of the “screen,” “remote,” and “app”
target product features in six brands, i.e., Samsung, LG,
VIZIO, TCL, Sony, and Hisense. The sentiment scores for
the eight sub-features across the various brands are shown
in Fig. 0] For Samsung, although the sentiment score for
screen_resolution is lower than the average, there is no signif-
icant difference. Overall, a relatively high level of satisfaction
is shown across all sub-features. For LG, the sentiment
scores for the two sub-features of the app feature, namely
app_setup and app_accessibility, are lower than those of the
other brands. In particular, app_accessibility, which refers to
issues such as the inability to use specific apps or poor op-
eration, has low satisfaction. VIZIO shows sentiment scores
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lower than the average in terms of screen_appearance and
screen_compatibility, indicating a low level of satisfaction
with the design and size of the screen and its interaction
with other devices (e.g., laptop connectivity). TCL has a rel-
atively lower sentiment score for screen_resolution than the
other brands, signifying lower satisfaction with the quality
or condition of the screen. For Sony, a lower-than-average
sentiment score was obtained for TV_remote_usability, in-
dicating that the usability of the TV remote included with
the purchase is unsatisfactory. For Hisense, sentiment scores
lower than the average are obtained across all sub-features,
except for app_setup, which has a sentiment score similar to
the average. This indicates that overall satisfaction with the
seven sub-features of Hisense products is low.

This study confirms the possibility of a comparative anal-
ysis of customer satisfaction across different sub-features
by brand. Even within the same feature, satisfaction with
a specific sub-feature may be relatively lower than that
with other sub-features when compared to other brands. For
example, for TCL, lower satisfaction is achieved with the
screen_resolution aspect of the screen feature. This implies
that, in future TV design processes, a greater emphasis should
be placed on enhancing resolution among the various screen
aspects. Consequently, assessing customer satisfaction with
sub-features can assist in identifying aspects of a feature that
should be enhanced to boost competitiveness and increase
customer satisfaction.

VI. CONCLUSION

This paper proposes an approach for identifying and perform-
ing sentiment analysis of sub-features of predefined target
product features from online product reviews. This study is
the first attempt at automatically divide the sub-features of a
target feature based on the contexts of the review sentence in
an unsupervised manner. It employs pretrained LLM-based
contextual noun-word embedding to incorporate contextual
information into word embeddings. These contextual word
embedding vectors are used as the basis for executing the
AP algorithm, thereby clustering sub-features with similar
contextual meanings. This enables the division of various
inherent sub-features of a given feature from a customer
perspective. Second, this study introduces a new method for
constructing a contextual word map that can be used as a
reference to discern the contextual meanings of sub-features.
A contextual word map is created using nouns with high
priority, allowing understanding and naming each cluster, or
sub-feature, and its contextual meaning. Finally, a fine-tuned
BERT model is used to perform sentiment analysis for each
sub-feature and estimate customer satisfaction with each sub-
feature.

This study has several limitations that suggest directions
for future research. The proposed methodology was applied
only to TV products and four target product features. Future
studies can use this method to test various products and their
corresponding target product features. Second, the proposed
method can be expanded to address not only nouns that corre-
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spond to a target feature but also other words that have similar
contexts. This expansion is needed when considering only
sentences in which a noun corresponding to the target feature
appears, which may limit the amount of data and potentially
lead to significant information loss. Third, to maximize the
automation of the entire methodology and minimize human
intervention, future studies should develop a contextual word
map from a reference for naming sub-features to an actual
naming method. If the sub-features can be directly named us-
ing the contextual word map, the proposed methodology with
become automated once the hyperparameters are determined.
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