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Abstract: Small- and medium-sized enterprises (SMEs) play a vital role in the global
economy, driving innovation and economic growth, despite constraints on their financial
and operational resources. In the competitive landscape of modern markets, continuous
product design improvement has become essential for SMEs to meet dynamic user re-
quirements, enhance satisfaction, and maintain competitiveness. Online reviews have
emerged as valuable sources of user feedback, offering real-time, large-scale insights into
user preferences. However, existing methods for leveraging online reviews in product
design improvement have significant limitations, including insufficient attention paid to
the hierarchical structure of different attributes when extracting product improvement
attributes and a lack of quantitative attribute prioritization strategies. These shortcomings
often result in suboptimal improvement and inefficient resource allocation, particularly
for SMEs with limited resources. To address these challenges, this study proposed a novel
online review-assisted method for product design improvement tailored to the needs of
SMEs. The proposed method incorporates a hierarchical latent Dirichlet allocation model
to extract and organize product attributes hierarchically, thereby enabling a comprehensive
understanding of user requirements. Furthermore, a marginal utility-based approach is em-
ployed to prioritize product improvement attributes quantitatively, ensuring that the most
impactful attributes are addressed efficiently. The effectiveness of the proposed method
was demonstrated through a case study on the design improvement of a robotic vacuum
cleaner developed using a typical SME in robotic cleaning solutions.

Keywords: design improvement; online review; product attributes; small- and medium-
sized enterprises; requirement engineering

1. Introduction
Small- and medium-sized enterprises (SMEs) are pivotal to the global economy, repre-

senting approximately 90% of businesses and more than 50% of employment worldwide [1].
These enterprises are vital to economic growth and play a crucial role in product develop-
ment and innovation [2]. They drive technological advancement and adapt to changing
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market requirements, thereby enhancing competitiveness and fostering sustainable de-
velopment [3,4]. In 2023, the number of SMEs globally was estimated at approximately
358 million, with Asia hosting the largest share [5]. In the United States, SMEs are in-
tegral to economic vitality, with small businesses employing nearly half of the private
workforce [6]. In the European Union, SMEs constitute 99.8% of all enterprises in the non-
financial business sector, with the manufacturing sector being one of the most significant
key sectors [7,8]. In China, SMEs represent over 99.8% of all enterprises, contributing to
more than half of the country’s tax income and over 79.4% of employment [9].

Product design improvement is a continuous process in which enterprises analyze
market conditions to propose improvement methods for certain product attributes after
use and develop new generations of products [10]. Product attributes are the specific
characteristics, features, or properties of a product that define its quality, functionality,
performance, and user experience. Collectively, these attributes determine a product’s
value and influence user satisfaction. In an era of rapidly changing user preferences and
technological advancements, identifying and prioritizing product attributes that require
improvement are essential for SMEs, as they directly impact their ability to remain compet-
itive in dynamic and often resource-constrained markets, thus, allowing SMEs to better
meet user requirements, enhance their satisfaction, and differentiate themselves from com-
petitors [11]. By continuously improving their product offerings, SMEs can increase their
market share, build stronger brand loyalty, and open doors to new opportunities in both
the domestic and international markets, thereby driving sustainable growth and resilience
in an increasingly competitive global economy [12].

Traditional product design improvements focus on the internal structure and inher-
ent functions of a product by analyzing its shortcomings [13]. Currently, as increasing
attention is being paid to the interaction between products and their users, product design
improvement has gradually evolved into an optimization path centered on user require-
ments [14]. Considering the product attributes mentioned in user feedback, enterprises
aim to improve product design, thereby enhancing user satisfaction [15,16]. Existing stud-
ies on gathering user requirements primarily rely on approaches such as questionnaires,
surveys, or interviews, which can be time-consuming, labor-intensive, and costly [17,18].
With the rapid development of e-commerce, online review systems and word-of-mouth
websites have become increasingly sophisticated, resulting in a surge in the volume of
online reviews [19,20]. Compared with traditional methods such as questionnaires and
interviews, online reviews offer advantages such as large data volumes, broad coverage,
real-time updates, and high authenticity, providing a more accurate reflection of users’ real
needs and preferences [21]. According to a McKinsey report, mining and analyzing online
reviews are highly beneficial for improving product designs [22]. Therefore, online reviews
can provide timely and accurate support for product design improvement.

When improving product design, SMEs are often constrained by limited financial
and operational resources, which makes it impossible to improve all product attributes
comprehensively [23]. Because user requirements exhibit a dynamic iterative trend, the
pace of product updates and iterations is accelerated [24]. Therefore, strategically allocating
limited resources for the most impactful product improvements plays an important role for
SMEs to maintain their market competitiveness [25]. Currently, although some studies have
already paid attention to strategies for product design improvement based on online user
reviews, they often fell short of addressing the specific needs of SMEs, i.e., comprehensive
understanding of user requirements, prioritizing product improvement attributes, and
deciding which should be improved immediately.

One key limitation is the inadequate utilization of online reviews, with insufficient at-
tention being paid to the hierarchical structure of different attributes during the acquisition
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of product improvement attributes. This oversight may lead SMEs to miss critical insights
into the attributes most valued by users or the nuanced aspects of dissatisfaction, resulting
in suboptimal product improvements. Additionally, current studies rarely account for
the asymmetric effects of attribute performance on user satisfaction or provide a robust
framework for quantitatively prioritizing product improvements. Consequently, SMEs
may allocate their limited resources to less impactful design changes, neglect urgent user
concerns, and weaken their competitive market position.

Therefore, this study proposed a new online review-assisted product design improve-
ment method for extracting and prioritizing product improvement attributes with the
goal of optimizing resource utilization, reducing production costs, and minimizing waste,
which are particularly crucial for SMEs with limited financial and operational resources.
First, by considering the hierarchical relationships between different attributes, the hi-
erarchical latent Dirichlet allocation (hLDA) model was used to construct a hierarchical
tree of different product attributes from which product improvement attributes could be
extracted. Second, using the marginal utility calculation, priority ranking of the extracted
product improvement attributes was performed. Finally, the effectiveness of the proposed
method was demonstrated using the design improvement case of a robotic vacuum cleaner
developed by Narwal Robotics, which is a typical SME specializing in the development of
innovative robotic cleaning solutions.

The remainder of this paper is structured as follows. Section 2 provides a brief
overview of the current approaches to product design improvement. Section 3 presents
details of the proposed product design improvement method. A case study based on
a robotic vacuum cleaner demonstrates the proposed method in Section 4. A detailed
discussion is presented in Section 5. Finally, Section 6 summarizes the study, highlights the
significance of the findings, and suggests directions for future research.

2. Literature Review
2.1. Product Design Improvement Based on Online Reviews

Chatterjee [26] first defined the term “online reviews”, describing them as public
evaluations of products, services, or businesses posted on e-commercial platforms. These
reviews aim to communicate both positive and negative experiences to a wide audience.
Typically, online reviews combine text, images, videos, and ratings, and they have become
prevalent across e-commercial platforms, including Taobao, JD, Amazon, and TripAdvi-
sor [27]. Online reviews help users to assess products and services while making purchase
decisions, enhance trust and credibility between buyers and sellers, and aid prospective
customers in their decision-making process [21].

Improving product design is an ongoing process where companies gather user feed-
back after product use, identify areas for improvement based on this feedback, develop
strategies to enhance the product, and provide guidance for future product iterations,
all aimed at increasing user satisfaction [14,28]. Compared to traditional methods, such
as user interviews and questionnaire distribution [17], online reviews have become an
effective method for obtaining product improvement insights because of their convenience
and practicality of information [29]. Therefore, screening valuable online reviews from
vast amounts of data is essential [30,31]. Forman et al. [32] evaluated the usefulness of
online reviews in the context of online communities by considering the expertise and
attractiveness of reviewers as two criteria for assessing the usefulness of their reviews.
Banerjee et al. [33] argued that reviewer characteristics (positivity, engagement, experience,
reputation, competence, and sociability) directly impact the usefulness of reviews. Karimi
and Wang [34] suggested that visual cues can influence users’ assessments of whether a
review is useful. To identify useful reviews, Qi et al. [35] proposed an automatic filtering
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model for online reviews that predicted the helpfulness of reviews for product designers
based on the feature extraction and helpfulness evaluation of reviews. Malik and Hus-
sain [36] used six mainstream machine learning algorithms to predict review usefulness by
considering review content, reviewer aspects, and other variables, employing stochastic
gradient boosting (SGB) as a method of prediction, and they found that review content had
the greatest impact on model prediction.

With the development of human-centered product design concepts, users have be-
come increasingly willing to participate in product design processes [37]. It is crucial for
companies to mine product attributes and determine the real needs of users from useful
review information to enhance their competitiveness. Jin et al. [38] proposed a framework
for selecting representative opinionated comparative sentence pairs related to specific
product attributes from online reviews of competitive products to help designers conduct
detailed analyses of competitors’ products. Zhang et al. [39] processed online review data
from three Huawei Mate smartphones, extracted 11 customer-focused attribute features,
and discussed the correlation between smartphone improvement and the feature focus
and satisfaction of these 11 attributes. Lee et al. [40] proposed a method called Mining
Perceptual Map (MPM) to automatically construct perceptual maps and radar charts from
online consumer reviews to help companies position new products. Zhang et al. [41]
developed a new integrated embedding method for generating semantic and contextual
representations of words in review sentences to identify and extract innovative products
ideas. Huang et al. [42] proposed the latent Dirichlet allocation–interval grey number
quality function deployment (LDA–IGQFD) method, which utilized customer require-
ments (CRs) and competitive market information (CIs) from online user reviews to drive
product development.

The above studies indicate that collecting and analyzing online reviews that are useful
for product design improvement can provide strong data support for guiding product
design improvement. From the listed research, the focus has shifted from initially focusing
on review features that affect product design improvement to deeply analyzing user
opinions and sentiment tendencies. Moreover, research results are mostly presented in the
form of sentiment evaluations of product attributes.

2.2. Product Attribute Acquisition Based on Online Reviews

Product attributes generally refer to the features of a product, which play a crucial role
in shaping user assessments and decisions [43]. Lancaster [44] argued that “consumers do
not merely purchase products but acquire a variety of characteristics” and proposed the
“Attribute Theory of Consumer Behavior”. He identified attributes that fulfill consumers’
physical, social, and emotional needs, advising that consumers assess products based on
these factors [44]. By extracting descriptive attribute terms from large sets of online review
texts, companies can develop more effective strategies for improving their products [39].
In previous research, scholars have proposed various attribute extraction methods, which
can be divided into two categories: manual definition [45] and machine learning [46–49].
Manual definitions involve domain experts summarizing various product attributes and
establishing an attribute table. This method is relatively accurate but lacks generality and
dynamism and is time-consuming and labor intensive [45].

By contrast, machine learning methods utilize natural language processing (NLP)
techniques to automatically extract product attributes through part-of-speech tagging [46],
syntactic analysis [47], text pattern and syntactic dependency analysis [50], and other
methods. These methods have been widely used in recent years and are currently the
mainstream approaches for attribute acquisition. Machine learning-based methods include
extraction based on high-frequency nouns or noun phrases [46], grammatical rules [49,50],
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and topic models [49]. Hu and Liu [46] pioneered work based on high-frequency noun ex-
traction using part-of-speech tagging to extract nouns or noun phrases and association rules
to find frequent item sets. They then supplemented low-frequency attribute words with
neighboring words. Subsequent studies made several improvements to this method [47,48].
Xie, Wu and Zhu [50] proposed a sequential pattern-mining-based document-specific key-
phrase extraction method that used wildcards (or gap constraints) to extract sequential
patterns. In topic-model-based attribute extraction, the most representative method is latent
Dirichlet allocation (LDA) [30], which identifies multiple topics in documents, determines
the proportion of each topic in a document, and specifies the probability of assigning a
particular word to each topic [51]. Tirunillai and Tellis [52] used LDA to analyze online re-
view data and concept maps to express the key attributes of products and consumer brand
identification. Kim and Kang [53] used a ratio analysis of words, latent semantic analysis
(LSA), and LDA to extract vocabulary related to product-distinguishing attributes and
conducted context and sentiment polarity analysis. Li et al. [54] generated a set of product
attributes using the term frequency–inverse document frequency (TF–IDF) method and
expert consultation and then used LDA to add more attributes to the product attribute set.
Wang et al. [55] extracted product attributes of interest to users using the TF–IDF method
and used the K-means algorithm to segment these attributes into functional modules.

The acquisition of product attributes is an important step in the process of product
design improvement. Different attributes describe a product from different perspectives
and express concepts at different granularity levels, thereby exhibiting a certain hierarchical
relationship. This hierarchical relationship makes it difficult to clearly describe a product or
express needs using single-level attributes alone. However, current research often focuses
on the extraction of single-level attributes, neglecting the hierarchy of attributes. This can
make it difficult to fully capture user requirements and the multidimensional characteristics
of products during the product design improvement process.

2.3. Product Attribute Prioritization

Prioritizing the order of product attributes allows managers to clarify the importance
of each attribute, allocate resources appropriately to improve attribute performance, and
maximize consumer satisfaction [56]. Studies on attribute prioritization typically inte-
grate sentiment analysis results after attribute identification, classify the attributes, and
determine the sequence of improvements, thereby providing decision support for product
improvement [57–60].

Among the many theories of requirement modeling, the Kano model proposed by
Noriaki Kano [57,58] is an established tool for requirement analysis that can help product
design teams identify the product attributes that are key to enhancing product value. The
model classifies product attributes into five categories: must-be, one-dimensional, attrac-
tive, reverse, and indifferent attributes. Expanding upon the Kano model, scholars have
consistently improved and deepened the theory of requirement analysis. Berger et al. [61]
introduced two indicators to measure the overall perception of quality elements: the CS
indicator, which reflects performance satisfaction, and the DS indicator, which represents
dissatisfaction. Yang [62] proposed an extended method for Kano model classification based
on Berger’s research by introducing four additional attribute element classification results
related to user importance and satisfaction indicators. Wu and Wang [63] addressed the
issues of imprecise user requirement language sources and discontinuous classification in
the traditional Kano model by introducing a continuous fuzzy Kano evaluation method and
establishing quantitative evaluation indicators for product attribute classification. Violante
and Vezzetti [56] summarized the construction methods of the Kano model in current user
requirement analysis research, categorizing these models into qualitative and quantitative
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types to assist quality managers and researchers in selecting suitable requirement analysis
models. Sun et al. [64] proposed the customer–manufacturer Kano (CM-Kano) model to
analyze the evolving opinions of users and manufacturers, thereby providing improvement
strategies for product design. Song et al. [65] applied the Kano model to classify product
attributes and used the grey theory and Markov chains to predict the temporal state of user
requirement and support design decisions. However, there are limitations in current re-
search utilizing the Kano model for customer requirement analysis. Despite the significant
advantages of the Kano model for identifying and classifying customer requirements, the
description of product attributes is relatively macroscopic and lacks an in-depth analysis of
the complex relationships between specific attributes. Theories combined with the Kano
model are mostly mathematical models, and there is a lack of applied research on the
quantitative classification of the relationship between attributes and satisfaction.

Martilla and James [66] first proposed importance—performance analysis (IPA), which
plots attributes on an importance—performance chart based on their importance and
performance. Attributes are categorized into four quadrants to determine the priority
of improvements and to help managers quickly understand user requirements and the
performance and improvement space of products or services. Based on online reviews with
numerical ratings, Nam and Lee [67] used IPA and LDA to calculate the importance of
product attributes and numerical ratings to evaluate product performance. Albayrak [59]
proposed asymmetric impact competitor analysis (AICA) based on the IPA model that con-
siders both the asymmetric impact of product attributes on user satisfaction and competitor
information related to product attributes using the asymmetric impact index of product
attributes and relative performance values to determine attribute priority. Mikulić and
Prebežac [60] used a backpropagation neural network for IPA based on online reviews
to evaluate the importance of product attributes. Wu et al. [68] identified the priority of
functional improvements for products or services using a dynamic IPA of online reviews.
Li et al. [69] introduced a Kano-IPA model that preserves the conventional importance
metrics used in IPA, while modifying priorities according to the Kano classification. Wang
et al. [70] created a sentiment-driven IPA (SIPA) model to assess the classification of product
features and inform product development strategies.

The above studies categorized attributes into different strategic intervals based on
attribute performance, asymmetric impact, and importance and determined attribute
priority based on these intervals. However, these studies did not quantify the relationship
between attribute performance and satisfaction, making it difficult to determine attribute
priority within the same strategic interval. This results in imprecise resource allocation
during the product design improvement process, which affects the effectiveness of the
product improvements.

3. Product Improvement Attribute Extraction and Prioritization Method
This study proposed an online review-assisted product improvement attribute ex-

traction and prioritization method. As shown in Figure 1, the method consists of two
parts: product improvement attribute extraction based on the hLDA model and product
improvement attribute prioritization based on marginal utility.

In the first part, online review data, including review time, review score, review
content, user credit rating, and number of likes, are collected from an e-commercial platform.
A utility analysis is then conducted using user credit ratings, number of likes, and review
time to filter out low-utility review content. Based on this, preprocessing is performed on
the review contents, including data cleaning, word segmentation, tagging, and stop word
removal, to obtain the effective review content, which is used as the input of the hLDA
model. Finally, a hierarchical tree of product improvement attributes is generated, and
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the lowest-level attributes in the hierarchical tree are considered as product attributes that
should be improved.
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In the second part, by making use of the effective review content, a sentiment lexicon
is constructed by adding synonyms, popular Internet terms, and domain-specific sentiment
words extracted using the SO–pointwise mutual information (PMI) algorithm. By com-
bining the sentiment lexicon with product improvement attributes, sentiment labels can
be extracted through dependency syntax analysis from the review content and quantified
to obtain sentiment values for each product improvement attribute. Next, based on the
obtained sentiment values, the Kano model is adopted to classify the types of product
improvement attributes. Finally, marginal utility functions are constructed according to
the classified types of product improvement attributes, and the marginal utility of each
attribute can be calculated to effectively prioritize the product improvement attributes.

3.1. Product Improvement Attribute Extraction Based on the hLDA Model

Before prioritizing product improvement attributes, it is necessary to extract them.
Compared with the traditional method that only focuses on single-level attribute extraction,
to reflect user requirements more accurately and comprehensively, this study used the
hLDA model to construct a hierarchical tree of different product attributes, from which
product improvement attributes could be extracted. The detailed steps related to product
improvement attribute extraction are presented hereafter.
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3.1.1. Data Collection and Preprocessing

Review data, including review time, review score, review content, user credit ratings,
and number of likes, should first be gathered from the e-commercial platform. Then, by
calculating the utility value of each review content, low-utility review content is eliminated.
The utility value is calculated as follows:

Assume that E =
{

e1, e2, . . . , ej, . . . , en
}

represents the set of review content for a
product, where ej represents the jth review content of the product and that U(ej), u1(ej),
u2(ej), and u3(ej) represent the total utility, utility of user credit rating, utility of number of
likes, and utility of timeliness for review, ej, respectively.

u1
(
ej
)
=

gj

G
, j = 1, 2, . . . , m, (1)

where G is the total number of credit ratings assigned to users by the e-commercial platform,
and gj is the credit rating of the user corresponding to review content, ej.

u2
(
ej
)
=

ln
(
hj + 1

)
ln(h∗ + 1)

, j = 1, 2, . . . , m, (2)

where hj represents the number of likes for review content, ej, and h∗ represents the highest
number of likes given by users among all online reviews of the product.

u3
(
ej
)
= exp

( Tj − Tnow

Tnow − T∗

)
, j = 1, 2, . . . , m, (3)

where Tj represents the time when review content, ej, is posted, Tnow represents the starting
time when review data were collected in this study, and T∗ represents the earliest posting
time among all the online reviews of the product.

Considering that the total utility of reviews U
(
ej
)

is affected by all three types of utility,
we combine u1(ej), u2(ej), and u3(ej) to quantify the total utility of the jth review content.
The equation is as follows:

U
(
ej
)
= α·u1

(
ej
)
+ β·u2

(
ej
)
+ γ·u3

(
ej
)
, j = 1, 2, . . . , n, (4)

where α, β, and γ represent the weights of u1
(
ej
)
, u2

(
ej
)
, and u3

(
ej
)
, respectively, with

α, β, γ ≥ 0 and α + β + γ = 1.
Online reviews with low utility values are filtered out, and the selected review content

is preprocessed through steps such as data cleaning, word segmentation, tagging, and stop
word removal to obtain effective review content. The obtained effective review content is
then stored in a structured format for the product improvement attribute extraction step.

3.1.2. Product Improvement Attribute Extraction

Words in effective review content are merged to generate a word list that does not
contain repetitive words. Then, word frequency analysis is performed based on the word
list, and the frequency of each word in the review content is counted. Finally, a review
content-word matrix is generated, which serves as the input for the hLDA model, and a
hierarchical topic tree is generated using the hLDA model.

To obtain the hierarchical topic tree, the parameters of the hLDA model [71], including
the parameter η of the topic prior distribution, the parameter γ for the nested Chinese
Restaurant Process (nCRP), the parameter α of the Dirichlet distribution, and the tree depth
parameter K, should be set up to provide the foundation for subsequent posterior infer-
ence. Here, η controls the sparsity of word distributions within each topic, γ governs the
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probability of review content generating new paths, α controls the sparsity of topics within
each review contents, and K defines the number of layers in the hierarchical topic tree.

Once all relevant parameters of the hLDA model are defined, the hLDA model can
assign initial topics to words in each review content. A topic is defined as a collection of
related words collectively representing a specific concept or meaning. Subsequently, poste-
rior inference is performed via Gibbs sampling [72] to iteratively update the topic assigned
to each word in the review content. During the iteration process, topic assignments can
be adjusted automatically based on the topic-word and review content-path distributions.
This iteration stops when the topic-word and review content-path distributions converge
to stable values. Thus, a hierarchical topic tree is generated.

Although a hierarchical topic tree reflects topics and their hierarchical relationships, it
does not explicitly map these topics to specific product attributes or reveal the hierarchical
relationships among them. Therefore, it is necessary to prune the hierarchical topic tree to
obtain the hierarchical relationships of the product improvement attributes. The pruning
steps are summarized as follows.

First, the number of review contents of each topic is compared with those of other
topics at the same level from the bottom to the top, and the topics with fewer review contents
are deleted to identify the topics that are most in line with user concerns. Second, the PMI
algorithm [73], which evaluates the correlation between words, is iteratively applied to
calculate the correlations of words in each topic, and words with a high correlation in each
topic can be selected. Manual adjustments might be carried out in this step, to remove
or combine certain words. Then, these selected words can be used to derive topics into
product improvement attributes. Words referring to a specific characteristic, feature, or
property of a product can be extracted directly as attributes. As for words that cannot be
used directly as product improvement attributes, designers should consider them carefully
and try to further classify them into certain product improvement attributes according to
the user emotions or usage scenarios expressed by the words. Through this process, an
initial hierarchical tree of the product improvement attributes can be constructed.

Finally, because the initial hierarchical tree of product improvement attributes may
exhibit hierarchical gaps, indicating that the number of layers traversed from the root node
to each leaf node is inconsistent, it is necessary to bridge the hierarchical gap by adding
higher-level attributes above the leaf nodes or lower-level attributes below them in the
initial hierarchical tree to generate the final hierarchical tree of the product improvement
attributes, and the lowest-level attributes in the hierarchical tree are considered as the
product attributes that should be improved.

3.2. Product Improvement Attribute Prioritization Based on Marginal Utility
3.2.1. Sentiment Analysis for Product Improvement Attributes

Sentiment analysis refers to the process of analyzing sentiment polarity and intensity
in textual data using NLP and text mining techniques. In this study, sentiment analysis
was employed to evaluate the performance of the extracted product improvement attributes
quantitatively in preparation for subsequent marginal utility calculations. A comprehensive
sentiment lexicon tailored to the required design domain can be obtained by adding syn-
onyms, popular Internet terms, and domain-specific sentiment words extracted using the
SO–PMI algorithm [74] to existing sentiment lexicon resources, such as Hownet [75] and
NTUSD [76] in Chinese, or SentiWordNet 3.0 [77], SenticNet [78] and VADER [79] in English.

By combining the sentiment lexicon with product improvement attributes, sentiment
labels can be extracted from the review content through a dependency syntax analysis.
Once the sentiment labels have been extracted from the review content, it is necessary to
quantify the sentiment words in the labels based on certain criteria. In general, sentiment
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words can be categorized into three types: sentiment polarity words, intensity adverbs,
and negation words [80]. In this study, following the principle proposed by the Hownet
sentiment lexicon, positive sentiment polarity words were assigned a utility value of 1,
whereas negative sentiment polarity words were assigned a utility value of −1. If no
sentiment polarity words were found, the utility value was set to 0. Intensity adverbs were
assigned utility values based on their impact on sentiment intensity, ranging from high
to low at 2, 1.8, 1.6, 1.4, 1, 0.8, and 0.5. If no intensity adverbs were present in the review
content, the utility value was set to 1. If a negation word was present, the utility value was
set to −1.

Considering the predefined utility values of the three types of sentiment words, the
sentiment values of the words for each product improvement attribute assigned by the
hLDA model can be obtained using the following equation:

SValuem = SpwValuem × IaValuem × NwValuem, (5)

where SValuem represents the sentiment value of word m, and SpwValuem, IaValuem, and
NwValuem represent the utility values of sentiment polarity words, intensity adverbs,
and negation words corresponding to word m, respectively. Subsequently, based on
the sentiment value calculation results, words are classified to identify those that exhibit
positive and negative sentiments. Finally, the phrases <word, sentiment value> for each
review content are obtained.

The sentiment values of the product improvement attributes are calculated based
on a single review, and the word sentiment values under the same product attribute are
combined to obtain positive or negative sentiment values using the following equation:

Fij_pos =
∑

n(Fij)

m=1 SValuepos(Fij, m)

n(Fij)
, (6)

where Fij_pos represents the positive sentiment value of attribute i in review content j, n(Fij)

represents the total number of words for attribute i in review content j, and SValuepos(Fij, m)

represents the sentiment value of word m that is classified as a positive sentiment in the
phrases <word, sentiment value> from review content j for attribute i.

Fij_neg =
∑

n(Fij)

m=1 SValueneg(Fij, m)

n(Fij)
, (7)

where Fij_neg represents the negative sentiment value of attribute i in review content j, and
SValueneg(Fij, m) represents the sentiment value of word m that is classified as a negative
sentiment in the phrases <word, sentiment value> from review content j for attribute i. The
meanings of the remaining parameters are the same as those in Equation (6).

Finally, the calculation method for the overall sentiment value of the product improve-
ment attributes is as follows:

ReValueij = Fij_neg + Fij_pos, i = 1, 2, 3, . . . , n; j = 1, 2, 3, . . . , m, (8)

attributei =
∑Ni

j=1 ReviewValueij

Ni
, (9)

where ReValueij represents the sentiment value of attribute i in review content j, attributei

represents the overall sentiment value of attribute i, and Ni represents the total number of
review contents containing attribute i.
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3.2.2. Product Improvement Attribute Classification

After calculating the positive and negative sentiment values of each product improve-
ment attribute in each review, we constructed a regression equation based on the Kano
model [81], as shown in Equation (10), to analyze the impact of attribute performance on
user satisfaction.

log(rating) = β0 + β
pos
i Fij_pos + β

neg
i Fij_neg + ε, (10)

where rating is the users’ overall evaluation of a product. Generally, e-commercial platforms
invite users to evaluate a product. For example, some platforms use a scale of “one star” to
“five stars” after shopping, where “one star” indicates the worst user experience and “five
stars” is the best. As a result, this study assigned values of 1–5 to the rating accordingly.
Fij_pos and Fij_neg are calculated using Equations (6) and (7), respectively: β

pos
i and β

neg
i

are the reward coefficient and penalty coefficient of attribute i, respectively, reflecting the
degree of change in satisfaction caused by a slight change in attribute performance.

After constructing the regression equation, we determined the types of product im-
provement attributes based on the Kano model. The method involves the positional
relationship of points A(1, β

pos
i ), B(−1, β

neg
i ), and O(0, 0) in the model. Specifically, the

attribute type can be determined by comparing the parameters slopei and intercepti of the
straight line λ connecting points A and B with the thresholds ls and li. The calculation of
slopei and intercepti is shown in Equations (11) and (12), respectively.

slopei =
(

β
pos
i − β

neg
i

)
/2, (11)

intercepti =
(

β
pos
i + β

neg
i

)
/2, (12)

As shown in Figure 2, the specific steps of the attribute-type decision process are
as follows:
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When the absolute value of slopei is less than or equal to the threshold, ls, the straight
line, λ, is essentially parallel to the horizontal axis, indicating that the attribute is an
indifferent attribute. The indifferent attribute refers to aspect that is neither good nor bad,
and it do not result in either user satisfaction or dissatisfaction.

When the absolute value of intercepti is less than or equal to the threshold li, points
A and B are considered to be on the same straight line as the origin. At this time, if slopei
of the straight line, λ, is greater than 0, the attribute is a one-dimensional attribute. The
one-dimensional attribute results in satisfaction when fulfilled and dissatisfaction when
not fulfilled. When slopei of the straight line, λ, is less than or equal to 0, the attribute is a
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reverse attribute. The reverse attribute refers to a high degree of achievement resulting in
dissatisfaction and to the fact that not all users are alike.

When the absolute value of intercepti of the straight line, λ, is greater than the thresh-
old, li, the straight line has deviated from the origin. At this time, if intercepti of the straight
line, λ, is greater than 0, the attribute is an attractive attribute. The attractive attribute refers
to the attribute that is not normally expected by users. When this attribute is achieved
fully, users become satisfied, but it does not cause dissatisfaction when not fulfilled. If
intercepti of the straight line, λ, is less than or equal to 0, the attribute is a must-be attribute.
The must-be attribute refers to the attribute that users expect and take for granted. When
this attribute is fulfilled, users remain neutral, but when it is not fulfilled, users become
very dissatisfied.

3.2.3. Prioritization of Product Improvement Attributes

After identifying the types of product improvement attributes, the marginal utility
is used to prioritize the improvement attributes. This method comprises three steps:
satisfaction function construction, attribute marginal utility calculation, and attribute
prioritization. The details of each step are as follows:

(1) Satisfaction function construction

The satisfaction function describes the relationship between user satisfaction and
attribute performance. The basic assumption is that a direct proportional relationship exists
between user satisfaction (U) and product attribute performance (A). This relationship is
expressed by the following linear equation:

U = k·A + b, (13)

where k and b are curve parameters representing the slope and intercept, respectively.
Based on this, we set the satisfaction function as follows:

Ui = f (attributei), (14)

where Ui represents user satisfaction with product improvement attribute i, and attributei

represents the performance of product improvement attribute i. Specifically, the satisfaction
functions constructed for different types of attributes in this study are as follows:

For the must-be attribute, the satisfaction function is shown in Equation (15):

Ui = βi(−e−attributei ) + bi, (15)

For the one-dimensional attribute, the satisfaction function is shown in Equation (16):

Ui = βi·attributei + bi, (16)

For the attractive attribute, the satisfaction function is shown in Equation (17):

Ui = βi·eattributei + bi, (17)

For the reverse attribute, the satisfaction function is shown in Equation (18):

Ui = βi·attributei + bi, (18)

For the indifferent attribute, the satisfaction function is shown in Equation (19):

Ui = bi, (19)
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where βi and bi are the curve parameters. Because user overall satisfaction is influenced by
various product attributes, this study constructed an overall satisfaction function and em-
ployed nonlinear regression to estimate the parameters of the above satisfaction functions.
The overall user satisfaction function constructed in this study is as follows:

OR = β0·RR +
n

∑
i=1

(wiUi) + err, (20)

where OR represents the score of a specific review, RR is the overall user rating of the
product, Ui represents user satisfaction with the product improvement attribute, i, wi is the
weight of the product improvement attribute, i, calculated using the TF-IDF algorithm [82],
and err represents the error.

(2) Attribute marginal utility calculation

The marginal utility of an attribute refers to the additional user satisfaction or utility
gained from a one-unit increase in the product attribute performance, assuming that all
other factors remain constant. This study assumed that the attributes were independent
and constructed a marginal utility function based on the satisfaction function described
above. Here, marginal utility, MUi, is defined as follows:

MUi =
∆OR

∆attributei
=

wi·∆Ui
∆attributei

, (21)

where ∆OR, ∆Ui, and ∆attributei represent the changes in the overall user satisfaction, user
satisfaction with the product improvement attribute, i, and performance of the product
improvement attribute, i, respectively.

Therefore, we define a specific calculation equation for the marginal utility function of
each attribute type as follows:

For must-be attributes, the marginal utility function can be obtained using Equation (22):

MUi = wi·βi·e−attributei , (22)

For one-dimensional attributes, the marginal utility function can be obtained using
Equation (23):

MUi = wi·βi, (23)

For attractive attributes, the marginal utility function can be obtained using Equation (24):

MUi = wi·βi·eattributei , (24)

For reverse attributes, the marginal utility function can be obtained using Equation (25):

MUi = wi·βi, (25)

For indifferent attributes, the marginal utility function can be obtained using Equation (26):

MUi = 0, (26)

(3) Prioritization of product improvement attributes

Finally, based on the marginal utility function, the marginal utility of each product
improvement attribute is calculated using the current attribute performance level. At-
tributes are then prioritized according to their marginal utility values, where attributes
with higher marginal utility indicate that their improvement can lead to a greater increase
in user satisfaction and should, therefore, be prioritized for improvement.
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4. Case Study
4.1. Product Improvement Attribute Extraction Based on Online Reviews

The effectiveness of the proposed method was demonstrated using the design im-
provement case of a robotic vacuum cleaner, NARWAL J4, developed by Narwal Robotics,
which is a typical SME specializing in the development of innovative robotic cleaning
solutions. Online reviews collected from the JD e-commercial platform served as exper-
imental data. Figure 3 illustrates an example of an online review gathered from the JD
e-commercial platform, including user credit rating, review score, review content, review
time, and number of likes.
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Figure 3. Online review example of the JD e-commercial platform1.

Using web crawling techniques in Python 3.11.5, 3349 online reviews of NARWAL J4
from 3 December 2023 to 2 June 2024 were collected. Examples of the collected review data
are presented in Table 1, the review contents of which were translated into English.

Subsequently, we conducted a utility analysis of the collected review data using the
utility functions described in Section 3.1.1. For each review, the utility values of the user’s
credit rating, number of likes, and timeliness were calculated. Based on previous studies
and the metrics defined in this study, the weights for different utility values (α = 0.4 ,
β = 0.2, γ = 0.4) were adopted to calculate the total utility of each review content, as
shown in Table 2. Considering the total utility, the top 80%, that is, a total of 2678 review
contents, were selected for the following preprocessing step.

After data preprocessing, including data cleaning, word segmentation and tagging,
and the removal of stop words, 2420 effective review contents were obtained for the
following steps of product improvement attribute extraction.

The words from 2420 effective review contents were merged to generate a word list
that did not contain repetitive words. Word frequency analysis was then performed based
on the word list to generate the review content-word matrix, which served as the input for
the hLDA model.
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Table 1. Examples of the collected review data for NARWAL J4.

Index Review Content (Translated from the Review Contents
in Chinese)

Review
Score

Number
of Likes

User Credit
Rating Review Time

3

It cannot sweep corners, and small garbage needs strong or
super strong suction when sweeping the floor. Occasionally,
the garbage swept in falls out. Mopping the floor is OK. It
saves considerably more water than mopping by yourself. In
the mode of sweeping first and mopping after, no water stains
remain on the tiles after mopping, but there are traces. I have
not used cleaner robots before, and it is generally OK. I will
evaluate further after more frequent use.

1 0 Silver member 26 May 2024
07:57:08

18

The NARWAL J4 integrates sweeping, mopping, cleaning,
dust collection, and drying functions, which is great. I had
previously used robotic vacuum cleaners from other brands
and had long wanted to get a NARWAL product. This latest
J4 robotic vacuum cleaner has proven to be highly satisfying
in actual use. Its unique sweeping and mopping functions are
impressive. Professional staff members offer careful
installation and instruction. Compared to other brands, the
sweeping and dragging map display could be more
prominent, and route identification during sweeping and
mopping could be clearer. However, I am very satisfied with
the other aspects and give it high praise.

5 5 Silver member 15 March 2024
22:26:33

25

Every family environment is different, and it takes some time
to get used to robotic vacuum cleaners. At first, I wondered
why the app could not connect to the WIFI. Later, I found that
this was caused by a problem with my own network, and the
connection was smooth after this was solved. After map
planning, I became more and more familiar with the system. I
did not buy water and sewage. I personally feel that cleaning
and changing the water tank is not a big deal. The automatic
cleaning of the mop and dust box is relatively worry-free and
sensible haha.

4 0 Silver member
25 December

2023
10:41:14

. . .

In this case, the key parameters of the hLDA model were set as follows: η = 0.1,
γ = 1.0, α = 1.0, and K = 3. Subsequently, posterior inference was performed via Gibbs
sampling to iteratively update the topic assigned to each word in the review content. When
the model was iterated up to 100 times, the topic-word and review content-path distri-
butions converged to stable values. A hierarchical topic tree was then generated, which
included 11 primary topics and 110 secondary topics. Next, based on the hierarchical topic
tree pruning steps mentioned in Section 3.1.2, the final hierarchical tree of the product
improvement attributes (with 6 primary and 11 secondary attributes) was obtained, as
shown in Figure 4. Specifically, during the manual adjustment phase, irrelevant topics, such
as Topic 3–5 (e.g., “user”, “review”, “sticker”, “housework”) and Topic 9–4 (e.g., “order”,
“baby”, “homework”, “J3”), are identified and removed. For certain words under specific
topics, such as “cleaning”, “effect” or “mode”. The individual words, like “cleaning”,
“effect” and “mode”, cannot be used to directly express a certain attribute of the prod-
uct, but the combinations of these words, such as “cleaning effect” and “cleaning mode”,
does convey much clearer improvement attributes. We trace back to the original review
contents to understand their context better. The terms “cleaning effect” and “cleaning
mode” are, thus, proposed to enhance the clarity and interpretability of the product im-
provement attributes. Finally, the 11 secondary attributes in Figure 4 were identified as the
product improvement attributes, that is, cleaning effect, cleaning mode, noise, interaction
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mode, mapping, obstacle avoidance, appearance, delivery service, after-sales service, price,
and material.

Table 2. Example of utility calculation results for reviews.

Index Review Content Review
Score

Number
of Likes

Utility
of Num-

ber of
Likes

User
Credit
Rating

Utility
of User
Credit
Rating

Review
Time

Utility
of

Review
Time

Total
Utility
Value

1

I am a loyal user of
NARWAL robots. I bought
one as soon as the first
generation was sold. I have
been using it until now. I am
very satisfied with the
product quality and cleaning
effect. . .

5 156 1.01
Bronze
mem-
bers

0.40

31
January

2024
16:30:39

0.71 0.71

39

It looks very good, doesn’t
make much noise, cleans
very well, and mops very
diligently. . .

5 60 0.39 Silver
member 0.60

11
March
2024

11:27:43

0.79 0.59

907

This robot is really very
good. I have used it several
times. It sweeps and mops
very cleanly, even cleaner
than I do myself. . .

5 9 0.06
Bronze
mem-
bers

0.20

12
March
2024

19:43:02

0.80 0.46

1258

Before buying, I asked the
customer service whether it
would include installation.
After it arrived, they said
that my home is not within
the installation service
area. . . I don’t recommend
you to buy it!!!

1 35 0.23 Non
members 0.20

27
Febru-

ary 2024
10:20:07

0.77 0.44

. . . . . .
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4.2. Product Improvement Attribute Prioritization Based on Online Reviews

Before calculating the marginal utility, sentiment analysis was used to quantitatively
evaluate the performance of the extracted product improvement attributes. First, a compre-
hensive sentiment lexicon containing 769 sentiment words tailored to the design domain
of robotic devices was constructed by extending Hownet and NTUSD, two widely used
Chinese sentiment lexicons, with synonyms, popular Internet terms, and domain-specific
sentiment words extracted from crawled online review contents using the SO–PMI al-
gorithm. Subsequently, by combining the sentiment lexicon with the obtained product
improvement attributes of NARWAL J4, sentiment labels were extracted from the review
content through dependency syntax analysis. The positive and negative sentiment values
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of the product improvement attributes in each review were then calculated. The calculation
results are presented in Table 3.

Table 3. Positive and negative sentiment values of product improvement attributes.

Review
Cleaning
Effect
_pos

Cleaning
Mode
_pos

Noise
_pos . . . Material

_pos

Cleaning
Effect
_neg

Cleaning
Mode
_neg

Noise
_neg . . . Material

_neg

n = 1 0 0 1.6 . . . 0 0 0 0 . . . 0
n = 2 1.6 0 0 . . . 1.8 0 0 −0.8 . . . 0
n = 3 1 0 1 . . . 0 0 0 0 . . . 0

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
n = 2420 0 1 1.8 . . . 0 −1 0 0 . . . 0

Finally, based on the results in Table 3, the sentiment values of the product improve-
ment attributes for each review content were calculated using Equation (8). The overall
sentiment value for each attribute was obtained using Equation (9). The quantitative results
for the attribute sentiment values are presented in Table 4.

Table 4. Quantitative results of the attribute sentiment value.

Product Improvement Attribute Overall Sentiment Value

Cleaning effect 0.569
Cleaning mode 0.685

Noise 0.406
Interaction mode 0.612

Mapping 0.686
Obstacle avoidance 0.592

Appearance 0.693
Delivery service 0.630

After-sales service 0.338
Price 0.508

Material 0.506

Next, using the positive sentiment value, negative sentiment value of product im-
provement attributes, and score of each review content for regression analysis, the reward
coefficient β

pos
i , penalty coefficient β

neg
i , slopei, and intercepti for each product improve-

ment attribute can be calculated using Equations (11) and (12). In this case, ls was set
to 0.005, and li was set to 0.001. Following the attribute-type decision process shown in
Figure 2, product improvement attributes were classified. The classification results for the
11 product improvement attributes are listed in Table 5.

Finally, based on the product improvement attribute types, the overall satisfac-
tion function was constructed using Equation (20), and a nonlinear regression was per-
formed to obtain estimates for βi and wi. Subsequently, using the value of attributei,
Equations (22) and (24) were applied to calculate the marginal utility values for each prod-
uct improvement attribute. As shown in Table 6, the priority ranking of the product
improvement attributes was as follows: after-sales service, obstacle avoidance, noise, clean-
ing effect, delivery service, interaction mode, price, appearance, cleaning mode, material,
and mapping.

By referring to the datasheet of NARWAL J4 and its successor, NARWAL J5, the au-
thors attempt to determine which attributes of NARWAL J4 have been improved by the
enterprise. A comparison of the results of the extracted product improvement attributes of
the two types of robotic vacuum cleaners is shown in Figure 5. This comparison provides
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substantial evidence that supports the effectiveness of the proposed online review-assisted
product design improvement method. The comparison between NARWAL J4 and NAR-
WAL J5 indicated that most of the high-priority product improvement attributes identified
by the method (blue rows in Figure 5), such as after-sales service and obstacle avoidance,
were addressed by the enterprise. These improvements align with user expectations and
are likely to significantly contribute to enhanced user satisfaction and market competitive-
ness. Conversely, low-priority attributes, such as mapping and material, did not improve
(green rows in Figure 5). An interesting phenomenon observed in the analysis was the
unimprovement of two high-priority attributes, noise and price, in NARWAL J5 (orange
rows in Figure 5). We find that the noise made by NARWAL J5 is slightly louder than
that made by NARWAL J4, which may be a side effect of increasing the suction power
of J4, and the designers of the enterprise might consider that a 1 dB noise increase is ac-
ceptable to users when providing a new generation of product with higher suction power.
Additionally, the price of the successor of NARWAL J4 is increased by the enterprise. This
observation suggests a potential misalignment between user-centric priorities and design
decisions made during the development of NARWAL J5; thus, it may not yield substantial
improvements in user satisfaction. Although there may be strategic motivations behind this
change, such as aligning with technological advancements or differentiating the product
from its competitors, it is essential for SMEs to carefully evaluate the tradeoffs involved.

Table 5. Product attribute types.

Attribute β
pos
i p Value β

neg
i p Value slopei intercepti Attribute Type

Cleaning effect 0.026 0.001 −0.114 0.001 0.070 −0.022 Must-be attribute
Noise 0.013 0.001 −0.190 0.001 0.1015 −0.044 Must-be attribute

Mapping 0.023 0.001 −0.015 0.001 0.019 −0.002 Must-be attribute
Obstacle avoidance 0.200 0.002 −0.220 0.001 0.210 −0.005 Must-be attribute
After-sales service 0.018 0.004 −0.263 0.001 0.1405 −0.061 Must-be attribute

Price 0.001 0.001 −0.144 0.001 0.0725 −0.036 Must-be attribute
Delivery service 0.100 0.002 −0.339 0.001 0.2195 −0.060 Must-be attribute

Appearance 0.240 0.001 −0.134 0.001 0.187 0.027 Attractive attribute
Cleaning mode 0.170 0.001 −0.125 0.001 0.1475 0.011 Attractive attribute

Material 0.240 0.001 −0.226 0.001 0.233 0.003 Attractive attribute
Mapping 0.023 0.002 −0.015 0.001 0.019 0.002 Attractive attribute

Table 6. Marginal utility function parameters and marginal utility values of product improvement attributes.

Product Improvement Attributes βi wi MUi

After-sales service 0.216 0.197 0.347
Obstacle avoidance 0.281 0.150 0.281

Noise 0.251 0.123 0.251
Cleaning effect 0.347 0.028 0.216

Delivery service 0.208 0.044 0.208
Interaction mode 0.205 0.025 0.205

Price 0.204 0.027 0.204
Appearance 0.139 0.052 0.179

Cleaning mode 0.179 0.016 0.139
Material 0.138 0.015 0.138
Mapping 0.083 0.081 0.083
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5. Discussions
5.1. Main Findings

To assist SMEs in improving product design, this study proposed a method for product
attribute extraction and prioritization based on online reviews. Compared with traditional
methods, the main findings of the proposed method are as follows:
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• This study employed the hLDA model to extract multi-level attributes from online
reviews, thereby providing a more nuanced depiction of user concerns at various
requirement levels. This enables SMEs to promptly pinpoint the most urgently
needed attributes, offering more detailed decision support for subsequent develop-
ment and improvement strategies, and ultimately enhancing overall user satisfaction
and market competitiveness;

• This study approached this issue from the perspective of the asymmetric relationship
between attribute performance and consumer satisfaction, integrating the marginal
utility for the priority ranking of product improvement attributes and measuring how
much each attribute, at its current performance level, could increase satisfaction if
slightly improved. This approach allows for a refined determination of the improve-
ment order, even within the same strategic interval, aiding SMEs in allocating limited
resources more strategically to maximize overall user satisfaction;

• The performance evaluation of the proposed method has been conducted by compar-
ing with the Importance-Performance Analysis (IPA) approach [83], which can also
be used for ranking the priority of product improvement attributes. The compari-
son results show that the proposed method outperforms the IPA model in terms of
attribute extraction comprehensiveness and priority ranking accuracy. According to
the principle of IPA approach, the priority ranking of product improvement attributes
can be obtained by mapping the attributes into four-quadrant matrix based on their
importance and performance. However, when two attributes with different levels
of importance and satisfaction fall within the same quadrant, it becomes challeng-
ing to determine the precise order of improvement. For example, the ranking result
obtained by IPA approach shows the satisfaction level of the attribute “Delivery ser-
vice” is lower than that of the attribute “Cleaning mode”, but its importance level is
higher. When importance and satisfaction matrix are intertwined in such manner, it
becomes difficult to determine the priority between the attributes “Delivery service”
and “Cleaning mode”.

5.2. Implementations

This subsection outlines the implementation of the proposed method in real-world
product development process. Specifically, we discuss how the method can be integrated
into existing product development workflows to improve the iterative design and comple-
ment the traditional multi-criteria decision-making (MCDM) techniques.

• The proposed method is primarily designed for the “redesign” process, rather than
the typical new product development (NPD) process. Specifically, the proposed
method focuses on extracting product attributes that require improvement for the next-
generation product by analyzing online reviews provided by users. Currently, various
design methods have been proposed to support the new product development process,
such as the Comprehensive Design Methodology [84], the V-model [85], VDI 2221 [86],
and Axiomatic Design [87]. While each method has its unique focus, they generally
follow a structured, iterative process that begins with specifying the user requirements
and leads through various stages, such as functional analysis, conceptual design,
detailed design, prototyping, validation and verification, and iterative improvement.
Therefore, in the context of existing product development workflows, the proposed
approach can be considered an effective tool to support both of the user requirement
specification and the iterative improvement stages, which helps the SMEs to achieve
the iterative design improvement by extracting the user requirements from online
review and providing data-driven evidence of areas where improvements are most
required by the users.
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• Currently existing MCDM methods, such as AHP [88], ANP [89], TOPSIS [90], and
DEMATEL [8], have been widely used in NPD to facilitate quantitative analysis of
multiple attributes. These methods rely on expert input and subjective judgment to
assign weights and prioritize the importance of various product attributes. While
these methods have advantages, such as low cost and the ability to analyze multiple
attributes quantitatively, they are dependent on expert panels and typically require
structured surveys or consultations, which can introduce biases or fail to capture
the full spectrum of user preferences. In contrast, the proposed method extracts the
product attributes which should be improved directly from online reviews provided
by users and rank them. This makes the proposed method more objective and data-
driven, as it reflects the real-world preferences and concerns of actual users, rather
than relying on the opinions of a small group of experts. By analyzing a large volume
of user-generated content, the proposed method offers insights that are more represen-
tative of the broader user base and provides a more comprehensive understanding
of user needs. Another key advantage of the proposed method is its scalability and
adaptability. Traditional MCDM methods are typically more static, as they require
predefined stages of expert input. The proposed method in this study, however, is dy-
namic, allowing for real-time updates as new user feedback is collected. This ensures
that SMEs can continuously adjust their product development based on current user
needs, rather than relying on periodic surveys or expert opinions. Considering the
advantages of the proposed method compared with existing MCDM methods, the
proposed method could be used as an effective support to complement the existing
MCDM techniques by providing the necessary input data for attribute selection. The
attributes derived from the online reviews, but not from the expert opinions, could
serve as a more objective and accurate basis for the decision-making process, aligning
with the principles of MCDM while adding an extra layer of robustness and relevance
to the attribute selection.

5.3. Limitations with Opportunities for the Future Study

Although the proposed method facilitates effective product design improvements,
the inherent complexity of product design and the varied and dynamic nature of online
reviews imply that this study had several limitations.

• This study collected review data from an e-commercial platform and used online
reviews of a robotic vacuum cleaner for the empirical analysis. Although this method
verified the effectiveness of the method constructed by the research institute to a
certain extent, owing to the use of a single data source and the industry scope, it is not
clear whether the same results can be achieved in other industries and using other data
sources. Specifically, e-commercial platforms typically collected review data only from
actual buyers, thereby partly excluding noise introduced by non-buyers. By contrast,
data sources such as specialized communities and social media often encompassed
review data from non-buyers, along with anecdotal experiences unrelated to product
quality, which could introduce additional noise and potentially compromised the
proposed method’s applicability. Moreover, this study demonstrated the method’s
applicability using only a single product category—the robotic vacuum cleaner. How-
ever, compared with robotic vacuum cleaner, products such as automobiles or heavy
machinery involved a larger array of attributes and more complex user requirements,
which means the applicability of this method to more complex products such as auto-
mobiles or heavy machinery remains to be verified. To further enhance the robustness
and applicability of the method, future research could conduct empirical analysis by
collecting review data from multiple data sources, such as social media, specialized
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communities, and professional review websites. Additionally, cross-industry tests
may be conducted on various product types to thoroughly evaluate the performance
of the research framework in diverse settings.

• This study conducted a static analysis of review data within a specific time period
to prioritize product improvement attributes, but this method did not fully consider
the characteristics of user requirements evolving over time. Although this static
analysis can provide enterprises with certain product improvement suggestions in
the short term, the rapid changes in market and user requirements have placed
higher requirements on SMEs. Therefore, it may be necessary to further consider
dynamic analysis on the basis of marginal utility to formulate a better priority ranking
of product improvement attributes. If we only rely on static analysis of current
review data, we may ignore the changing trends of user requirements hidden behind
these review data, which will make it difficult for enterprises to grasp the growth
or decline of user requirements in advance and make timely adjustments to product
design improvements. For example, after collecting the latest review data, enterprises
immediately conduct static analysis, but this results only reflect the user requirements
status at the current time period, without considering how these requirements will
fluctuate or change in the future. For SMEs with relatively limited resources, this lack
of forward-looking decision making may make it more difficult for them to survive
and compete in a fierce market environment. Future research could incorporate the
time dimension into its analytical framework by establishing dynamic evaluation and
monitoring models—for example, through phased or rolling-window analyses—to
capture shifts in user requirement and update attribute priority rankings on an ongoing
basis. Concurrently, techniques such as time-series analysis and dynamic Bayesian
networks could be applied to historical data to combine the potential trend of future
requirements with the results of current static analysis, helping SMEs to be more
forward-looking in product improvement attribute prioritization decisions.

• In this study, the priority ranking of product attributes that should be improved was
mainly measured from the perspective of user satisfaction. However, as illustrated
in Section 4, two high-priority attributes, that is, noise and price, were not improved
in NARWAL J5. These design improvement decisions made by the enterprise may
not yield substantial improvements in user satisfaction; however, there may be strate-
gic motivations behind these design changes, such as alignment with technological
advancements, increasing development cost or differentiating products from com-
petitors. Therefore, in real-world situations, SMEs must also consider other factors,
besides user satisfaction. If the dynamics of competitive products or technological
advancements are ignored, and the SME focuses on online review analysis of the
product, it may cause the SME to miss an opportunity to gain an advantage in an in-
creasingly competitive market. Future research could consider introducing an analysis
of competitive and technological factors when prioritizing attributes. It is essential for
SMEs to consider competitive and technological factors, collect relevant information,
and quantitatively evaluate the tradeoffs involved. In terms of methods, the quality
function deployment model can be integrated. The core idea of this model is not only
to focus on how effectively the product meets various consumer requirements and the
relative importance of these requirements, but also to consider the different degree
to which both the product and its competitors fulfill the same requirements in order
to measure their competitive gap, and combine technological factors to make com-
prehensive considerations, so as to formulate improvement strategies and resource
investment plans more targeted. Therefore, this idea can be combined with the product
improvement attribute prioritization method based on marginal utility proposed in
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this study, that is, not only accounting for the marginal utility of different product
improvement attributes but also fully considering the competitive gap between the
product and its competitors in those attributes, along with relevant technological
factors. Through this, we can leverage the advantage of marginal utility in evaluating
requirement-side value while simultaneously ensuring that the requirement to achieve
maximal competitive advantage at minimal cost is satisfied, so as to achieve more
accurate and more practical product improvement attribute priority ranking.

• With the rapid development of artificial intelligence (AI) technology, generative AI has
shown significant potential in various domains. By training large-scale datasets and
combining deep learning algorithms, generative AI models (such as large language
models) can not only generate high-quality content similar to training data but also
conduct in-depth real-time analysis and understand complex scenarios and dynamic
data, providing the possibility for more accurate decision making. In the future, the
method proposed in this study can be deeply integrated with generative AI to form a
more intelligent product improvement framework and is expected to achieve signif-
icant improvements in the following two aspects. First, this study currently mainly
uses a sentiment analysis method based on a sentiment lexicon, which requires manual
updating and expansion of the sentiment lexicon. When faced with large amounts of
review data, this method is often difficult to rely on manual labor to comprehensively
annotate various sentiment words, resulting in certain limitations on the effect of
sentiment analysis. In contrast, if the generative AI model trained on a large-scale
review data is used, it will be possible to automatically identify and classify sentiments
on large amounts of review data with less manual intervention, greatly improving
efficiency and accuracy. Second, owing to generative AI approaches, data that simulate
user behavior can be generated, helping SMEs predict potential user requirements,
providing considerably richer data support for marginal utility analysis and improv-
ing the scientific nature of priority sorting. As a result, by applying generative AI to
product design improvement, SMEs can not only understand user requirements more
comprehensively but also formulate more forward-looking improvement strategies,
achieve accurate resource investment and continuous optimization of product design,
and take the initiative in fierce market competition.

6. Conclusions
Based on the need for product design improvement, this study proposed a new method

to aid SMEs in extracting and prioritizing product attributes for improvement based on on-
line reviews. By evaluating the usefulness of user reviews, extracting multi-level attributes,
and constructing a nonlinear satisfaction function based on the asymmetry of user satisfac-
tion, the proposed method can more finely explore the need for product improvement at
different levels and quantitatively analyze the marginal utility of attribute improvement for
overall satisfaction under the current performance level. Both the theoretical analysis and
empirical verification results indicated that this method is highly feasible for effectively
identifying product improvement attributes and scientifically dividing priorities, which is
of great significance in helping SMEs allocate their limited resources in a more targeted
manner and improve user satisfaction and market competitiveness.
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