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Abstract: Perceived quality is crucial for the functioning of clothing brands. However, accurate
evaluation of the perceived quality of clothing brands remains a common challenge. To achieve a
multidimensional evaluation of the perceived quality of clothing brands, an index system is derived
based on perceived quality theory. Then, by combining a fine-grained sentiment analysis approach
with stochastic dominance criteria, a multi-stage model ECRM is proposed for the perceived quality
evaluation of clothing brands based on online user reviews. ECRM comprises three stages: Extraction,
Classification, and Ranking. To begin with, Contrastive Attention and dependency parsing are used
to extract attribute–viewpoint phrases from online reviews. Subsequently, the pre-trained models are
employed to classify the indexes and sentiment levels of these phrases. Furthermore, the perceived
quality indexes are ranked using stochastic dominance criteria and the PROMETHEE-II method.
Empirical analysis is conducted for the clothing brands of ALDB, AND, BNL, and QPL; the results
show that, based on online user reviews, ECRM enables accurate evaluation of the perceived quality
of clothing brands. Based on the evaluation results, it is found that Comfort, External, Protection,
and Fineness are highly valued by consumers; moreover, the four brands focus on different indexes.
Specific strategies for perceived quality improvements are proposed depending on the current status
of the brands.

Keywords: perceived quality; fine-grained sentiment analysis; stochastic dominance criteria; pre-
trained models

MSC: 05A05

1. Introduction

Clothing consumption is entering a rational stage of the pursuit of quality and percep-
tion [1]. Clothing brands with low perceived quality can hardly meet consumers’ demands.
How to evaluate the perceived quality has become a multi-attribute decision making prob-
lem (MADM) for clothing brands [2]. For the last few years, residents’ online consumption
habits have been consolidated in the modern business context, where online shopping for
clothing prevails [3]. Clothing brands need a set of systems and methods to accurately
identify the directions for perceived quality improvements.

The concept of perceived quality was first proposed in the 1980s, and many theoretical
studies had been conducted, such as the theoretical system analysis of perceived quality,
perceived value, and perceived effort [4], the role of perceived quality in brand research [5],
and the mechanism of perceived quality on consumers [6]. Questionnaire surveys have
been widely used in the study of perceived quality, but they suffer from difficulties in
data collection and question design. User-generated content (UGC) has changed the way
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consumers share their experiences [7], and the unstructured UGC data has provided more
advantages for data collection.

One type of UGC data is online user reviews. With the development of the internet,
e-commerce platforms have gathered numerous user online reviews, serving as signifi-
cant support in the research of consumer viewpoints and inclinations [8,9]. Many studies
on perceived quality have been conducted using online reviews and sentiment analy-
sis [10–13]. However, sentence-level sentiment analysis methods focus on the sentiment
polarities of the whole sentences, and the connections of attributes and sentiments are
overlooked [13]. To dig deeper into consumer perspectives, fine-grained sentiment analysis
methods are needed.

Fine-grained sentiment analysis tasks include Aspect Term Extraction, Opinion Term
Extraction, Aspect Sentiment Classification, etc., [14–18]. In response to these tasks, some
fine-grained sentiment analysis methods are proposed using word vectors and language
models. Tulkens et al. put forward an unsupervised approach to extract and classify aspect
terms using Contrastive Attention [19]. Tian et al. proposed a pre-trained model, Skep (Sen-
timent Knowledge Enhanced Pre-training), based on sentiment knowledge augmentation.
Skep acquired a unified sentiment representation via a dedicated objective function during
pre-training, and demonstrated exceptional proficiency for the Aspect-level Sentiment
Classification task [20]. Fine-grained sentiment analysis methods have been widely used in
the evaluation studies of satisfaction [21], user experience [13], and service quality [22].

After sentiment analysis, a barometer, such as mean or variance, is needed to quantify
the index. However, using only two numbers to represent the evaluation results is unreli-
able. Therefore, it is necessary to apply a more stable quantitative approach. Based on the
result of sentiment analysis, a probabilistic linguistic term set (PLTS) can be constructed [8].
PLTS describes the reviews according to certain indexes; then, the dominance relations can
be obtained using stochastic dominance criteria [23]. PROMETHEE-II is a complete ranking
method based on dominance relations. It introduces an advantage function to compute the
priority of the indexes, and the overall evaluation is given by the net advantages [24]. The
combination of stochastic dominance criteria and PROMETHEE-II has been widely used in
MADM problems [23].

In summary, the study of perceived quality holds significant importance for clothing
brands, but simple sentiment and quantitative analysis methods have proven inadequate.
To address the limitations of previous analyses, this paper presents an index system
designed for evaluating the perceived quality of clothing brands. Further, a multi-stage
model ECRM is proposed, and empirical analysis is conducted. The contributions of
this paper are as follows. First, the perceived quality theory is involved to construct the
index system of perceived quality evaluation for clothing brands. Second, a multi-stage
model ECRM is proposed with a stochastic multi-attribute mathematical model and a
fine-grained sentiment analysis method. Third, considering the online user reviews, this
paper provides a multidimensional quantitative basis for evaluating the perceived quality
of clothing brands.

The remainder of this paper is organized as follows. In Section 2, we present and
explain the index system of perceived quality evaluation for clothing brands. In Section 3,
we introduce the proposed model ECRM in detail. In Section 4, we conduct empirical
analysis and discuss the results. In Section 5, we summarize this article.

2. Index System of Perceived Quality Evaluation for Clothing Brands

The clothing industry plays a significant role in consumer goods, and the perceived
quality of clothing brands is crucial for resident consumption. According to the manner
of online transactions and the theoretical system of perceived quality, this paper sets two
evaluation targets: products and services. The index system of perceived quality evaluation
for clothing brands is shown in Table 1.
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Table 1. Index system of perceived quality evaluation for clothing brands.

Evaluation Targets Evaluation Indexes

Products

Comfort
Durability
Fineness

Protection
Certification
Appearance

External

Services

Timeliness of response
Effectiveness of communication

Security of information
Rationality of compensation

Professionalism of service

In the classical theory, perceived quality applies exclusively to products, and is de-
termined by three factors: external attributes, internal attributes, and perceived monetary
price [4]. This conceptual model provides an overall theoretical framework but is not
industry-specific. As for the perceived quality of clothing products, Liu et al. derived
seven factors using questionnaire surveys [25], including Comfort, Certification, External,
Fineness, Mall, Appearance, and Protection. Mall is specific to offline shopping. As con-
sumption patterns change, more and more consumers tend to buy clothes online. The share
of online clothing consumption has exceeded that of offline consumption [1], so this paper
has removed the Mall index.

Parasuraman et al. summarized customer perceived service quality as five aspects:
Reliability, Responsiveness, Assurance, Empathy, and Tangibility [26]. Similar to the classi-
cal perceived quality theoretical system, the perceived service quality system can provide
theoretical support, but the interpretation of the indexes cannot justify their application in
industries. Based on the study of Parasuraman et al. [27], Zhao et al. developed an e-tailing
service quality measurement scale (E-TAIL-SQ) using in-depth interviews and empirical
testing methods [28]. This paper refers to the first-order indices of E-TAIL-SQ to determine
the service indexes.

Therefore, according to previous studies on perceived quality, the index system of
perceived quality evaluation for clothing brands has been devised, and the indexes are
determined as follows.

• Comfort: The index measures the comfort of the clothing items, considering aspects
such as comfort, symmetry, and precision of sizing.

• Durability: Eugene [29] considers durability as a dimension of perceived product
quality. Durability in this paper means the deformation of clothing products in daily
use, including resistance to shrinkage and wrinkling of clothing.

• Fineness: Eugene [29] and Dodds [30] argue that product perceived quality should
include fineness and technical level, such as dimensions. Fineness in this paper
includes threads, seams, fabric breakage, pilling, and other related factors.

• Protection: Reliability should be considered as a dimension that reflects factors related
to consumer safety [30], such as the color fastness or the fabric type of clothing. These
factors are measured as aspects of Protection.

• Certification: Certification is employed to measure the compliance of signage.
• Appearance: Appearance is employed to measure the visual characteristics of the

products, such as color or design.
• External: External is utilized to measure aspects that are not directly connected to

product performance or physical components, such as brand or pricing.
• Timeliness of response: This index is derived from SERVQUAL and E-TAIL-SQ, and it

is utilized to evaluate the promptness of customer service responses and punctuality
of delivery.
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• Effectiveness of communication: Whether the customer service is efficient and amiable
in communication.

• Security of information: Whether the protection of consumers’ personal information
is ensured.

• Rationality of compensation: This index quantifies the rationality of the services
provided during the return and exchange procedures.

• Professionalism of service: Whether the logistician can complete the distribution
successfully and the retailer can process the order accurately.

3. The Multi-Stage Model for Perceived Quality Evaluation

Based on fine-grained sentiment analysis, a multi-stage model ECRM for perceived
quality evaluation is proposed, where the output of each stage serves as the input for the
next stage. The flowchart for ECRM is shown in Figure 1. First, the attribute–viewpoint
phrases are extracted by Contrastive Attention and Dependency Parsing. Then, based on
the evaluation index system, the sentiment levels and indexes of reviews are classified using
the phrases. Finally, according to PLTS formed by the classification results, the indexes are
ranked using stochastic dominance criteria and PROMETHEE-II.
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3.1. Extraction of Attribute–Viewpoint Phrases

In the pipeline style approaches of fine-grained sentiment analysis, the extraction of
key words has always been the initial stage. In this paper, aspect words and sentiment
words are extracted and combined into attribute–viewpoint phrases. The process can be
described as follows.

Step 1: Obtain all the terms from the corpus by Chinese word segmentation.
Step 2: Since nouns typically provide information on attributes, select all nouns in the

corpus as candidate aspect words [21].
Step 3: Select aspect words from the nouns using Contrastive Attention [21]. First,

BERT is applied to obtain word embeddings [31]. Then, the Radial Basis Function (RBF)
is used to compute the similarity between terms. RBF is defined as (1), where γ is a
scaling factor.

RBF(x, y, γ) = exp
(
−γ‖x− y‖2

2

)
(1)

The kernel functions can be used to calculate the inner product of samples mapped
to a higher dimensional space. Thus, the kernel functions can be utilized to measure the
similarity between samples. RBF is one of the kernel functions. The active range of RBF can
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be regulated by a single parameter. RBF can normalize the distance in the vector space to
(0,1]. If the embeddings of x and y are highly similar, the RBF response will be close to 1; as
the distance between x and y increases, the RBF response decreases rapidly until almost 0.

Let N be the word embeddings of all the candidate aspect words, and let M be the
embeddings of the corpus. Compute the attention scores between nouns and the whole
corpus as (2).

Att = ∑n∈N RBF(m, n, γ)

∑m∈M ∑n∈N RBF(m, n, γ)
(2)

Att represents the possibility of each noun being an aspect word. Equation (2) means
the sum of the RBF distance of each noun to the corpus divided by the sum of the RBF
distance of all nouns to the corpus, and high Att means high similarity between nouns and
the corpus.

Finally, retain nouns with high Contrastive Attention scores using the elbow method.
Step 4: Extract attribute–viewpoint phrases from online reviews based on dependency

parsing. Dependency parsing is a commonly used method for extracting the sentiment
words related to the aspect words [32]. Since the aspect words have been determined, it
is feasible to extract the viewpoints of online user reviews based on dependency patterns.
First, the Part-Of-Speech (POS) of words in online reviews is annotated by Jieba https://
github.com/fxsjy/jieba accessed on (accessed on 13 July 2023). Subsequently, based on
prior research [26,27], five rules in dependency parsing are defined and displayed in Table 2.

Table 2. Extraction rules for attribute–viewpoint phrases.

Extraction Rules Examples of Reviews Extraction Results

aspect + adj The shirt is nice. shirt nice
adj + aspect The color is as beautiful as snow. color beautiful

aspect + adv + adj The delivery is very fast. delivery very fast
adv + adj + aspect It’s the most beautiful dress I’ve ever had. most beautiful dress

verb + aspect I like that material. like material

There are six relations in dependency parsing: subject–verb relation, verb–object
relation, fronting–object relation, attribute relation, adverbial relation, complement relation,
and coordinate relation. The rules defined in Table 2 can address the format of the first five
relations directly. As for aspect words of coordinate relation, the sentences can be broken
down into separate aspect words and then analyzed by the first five rules [32,33].

It can be seen that content words are sometimes not linked in raw reviews; however,
during Chinese word segmentation, insignificant words are eliminated, and content words
are retained in their original order.

3.2. Classification of Reviews

The pre-training approach has significantly enhanced the quality of the semantic
representation in language models. As compared to traditional machine learning models,
the pre-trained models have achieved impressive results. In this paper, the pre-trained
language models are utilized to determine the indexes and sentiment levels of the attribute–
viewpoint phrases. Assume that CSF = {CSF1, CSF2, . . . CSF12} represents 12 indexes.
SET = {SET1, SET2, SET3} represents three sentiment levels (positive, neutral, negative).
Multiply CSF by SET using Cartesian multiplication to list all possible combinations of
indexes and sentiment levels.

CSF× SET =
{(

CSFi, SETj
)
|CSFi ∈CSF, SETj ∈ SET

}
(3)

Therefore, 36 index–sentiment classes have been created [34]. The inputs of models
are constructed in three steps, as follows.

Step 1: Concatenate the attribute–viewpoint phrases and reviews to form sentence pairs.
Step 2: Add [CLS] and [SEP] to the sentence pairs to construct input tokens.

https://github.com/fxsjy/jieba
https://github.com/fxsjy/jieba
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Step 3: Transform the input tokens into input ID according to the lexicon, and construct
token type ID to indicate the segments of sentences.

Finally, the inputs of the models consist of input ID and token type ID. The classes
of the sentence embedding (h1) are determined by a fully connected layer. The losses are
calculated by Softmax and Cross-Entropy function. The training process for classification
based on the pre-trained models is shown in Figure 2.
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In the training phase, a tuple (phrase, review) is given, and a token sequence is con-
structed in a form similar to “[CLS], p1, ···, pm, [SEP], r1, ···, rn, [SEP]”, where p1, ···, pm are
words that form a phrase, and r1, ···, rn are words that form a review. Moreover, [CLS] and
[SEP] are special tokens in the pre-trained models. The token sequence is subsequently
input into the pre-trained models, and the vector of [CLS] h1 is used for classification via an
FC layer.

Using the self-attention mechanism, h1 is derived by a weighted summing-up of the
embeddings of all other tokens. Therefore, h1 aggregates the information for the entire
sentence pairs, and can be used for sentence classification. There are alternative meth-
ods for acquiring the ultimate classification vector, like averaging for all the embeddings.
However, those methods tend to lose important information of h1, leading to poor classifi-
cation performance.

3.3. Ranking of Perceived Quality Indexes

PLTS is constructed based on the classification results, and the sentiment levels are
treated as discrete random variables. Then, stochastic dominance criteria are applied to
establish the stochastic dominance relation matrix concerning each index. Based on the
stochastic dominance relation matrix, the stochastic dominance degree matrix of indexes is
constructed, and the overall stochastic dominance degree (comprehensive flow) of each
index is obtained using the PROMETHEE-II method [35].

3.3.1. Construction of Stochastic Dominance Relation Matrix

Transform the distributions of sentiment levels concerning the indexes in PLTS into
discrete percentage distributions. Afterwards, the stochastic dominance criteria are in-
troduced to create the stochastic dominance relation matrix. The specific procedure is
as follows.

For all reviews of a certain brand, the amount of reviews is counted by indexes, and
the amounts of reviews with certain sentiment levels are counted separately [8,36–38],
defined as:

Proε
k =

Pε
k

Pk
, k = 1, 2, 3 · · · 12; ε = 1, 2, 3 (4)
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where Pk denotes the amount of phrases of the k-th index, and Pε
k denotes the amount

of phrases with the ε-th sentiment level of the k-th index. The cumulative distribution
functions of the sentiment levels concerning CSFk can be obtained:

Fk(t) = ∑t≥Tε Proε
k (5)

Let E = (ek)12×1 be the expectation of the cumulative distribution function, where ek
can be expressed by:

ek = ∑3
ε=1 Proε

kTε(k = 1, 2, · · · , 12; ε = 1, 2, 3) (6)

Tε is set to the same value as ε in this paper. On an interval [a,b], if two cumulative
distribution functions F(x) 6= G(y) satisfy:

H1(x) = F(x)− G(x) ≤ 0 (7)

then F(x) dominates G(y) in the first order, denoted as F(x) FSD G(y). Otherwise, if:

H2(x) =
∫ x

a
H1(y)dy ≤ 0 (8)

then F(x) dominates G(y) in the second order, denoted as F(x) SSD G(y). Otherwise, if:

H3(x) =
∫ x

a
H2(y)dy ≤ 0 (9)

E(x) > E(y) (10)

then F(x) dominates G(y) in the third order, denoted as F(x) TSD G(y), otherwise denoted
as ‘--’.

3.3.2. Construction of Stochastic Dominance Degree Matrix

Based on the stochastic dominance relation matrix, the stochastic dominance degree
matrix SUR = [sur(CSFk, CSFh)] is constructed using the PROMETHEE-II method by
Equation (11).

sur(CSFk, CSFh) =


1, rkh ∈ SD, ek ≥ eh + a
ek−eh

a , rkh ∈ SD, eh ≤ ek ≤ eh + a
−−, otherwise

(11)

In the equation above, SD = {FSD, SSD, TSD}, and a is the preference threshold:

a =
2

12× (12− 1)

12

∑
k=1

12

∑
h=1h 6=k

bkh (12)

bkh =

{
ek − eh, ek ≥ eh
0, ek < eh

(13)

Compute leaving flow φ+, entering flow φ−, and the comprehensive flow φ for all
indexes. For a certain index CSFk:

φ+(CSFk) =
12

∑
i=1

SURk,i (14)

φ−(CSFk) =
12

∑
i=1

SURi,k (15)
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φ(CSFk) = φ+(CSFk)−φ−(CSFk) (16)

The leaving flow φ+(CSFk) represents the degree to which the index CSFk is superior
to other indexes, the entering flow φ−(CSFk) represents the degree to which the index CSFk
is inferior to other indexes, and the comprehensive flow φ(CSFk) represents the degree to
which the index is overall superior to all other indexes. The greater the comprehensive
flow, the better the performance of the index [35].

4. Experiments and Discussions
4.1. Data Collection and Pre-Processing

For effective access to reviews, a web crawler was developed in advance. Then,
following the default review display order, reviews from four brands (ALBD, AND, BNL,
QPL) on JD Mall were collected in June 2023 using the web crawler; 10,000 reviews from
2020 to 2023 were collected for each brand. The annual distribution of the collected online
reviews is illustrated in Figure 3.
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Considering the concentration of terms, 4000 reviews were selected randomly, and
3918 terms were obtained by Chinese word segmentation. The quantities of the 1000 most
frequent terms are displayed in Figure 4.
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Finally, 1899 nouns and their BERT embeddings were obtained.

4.2. Extraction of Attribute-Viewpoint Phrases

Based on the BERT embeddings, the attention scores were calculated using the method
introduced in Section 3.1. To determine the value of γ in Equation (1), the variances of
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standardized attention scores for each noun with varying γ were calculated. The formula
of standardized processing is:

x
′
=

x− Xmin
Xmax − Xmin

(17)

where x is the attention score of a noun. The results of variances are shown in Figure 5a.
The variance of the attention scores is the highest when γ is set to 0.003, indicating that
some nouns are more likely to serve as aspect words than the others. The specific values of
the attention scores for each noun are shown in Figure 5b.
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According to the principle of the elbow method, 1530 nouns were selected to construct
a lexicon of aspect words. The top six words in the attention scores are shown in Table 3.

Table 3. The top six words in the attention scores.

Aspect Words Attention Scores Aspect Words Attention Scores

quality 0.00074981933 necessities 0.00073796633
time 0.00073314965 health 0.00073012454

feeling 0.00071956177 service 0.00070828611

Sentiment words were extracted with regard to the aspect words based on the guide-
lines specified in Table 2. Then, the aspect words and corresponding sentiment words were
merged to form attribute–viewpoint phrases. Examples of sentiment words extraction are
shown in Table 4. The amounts of attribute–viewpoint phrases for each brand are listed in
Table 5.

Table 4. Examples of sentiment words extraction.

Raw Reviews Aspect Words Sentiment Words

The quality is very good, the pattern is
nice, and I am also very satisfied with the

service. I will come again next time.

quality very good
pattern nice
service very satisfied
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Table 5. Amounts of attribute–viewpoint phrases for each brand.

Brands Amounts of Attribute-Viewpoint Phrases

ALBD 20,629
AND 15,336
BNL 17,608
QPL 20,510

4.3. Classification of Reviews
4.3.1. Model Training

Attribute–viewpoint phrases and index-sentiment classes were manually annotated
for model training; 1630 reviews were annotated for the training set, and 572 reviews for
the test set. Three more pre-trained language models were trained and tested to select the
most appropriate one for classification. Ernie 3.0: a unified framework for pre-training
large-scale knowledge enhanced models, which can be easily tailored for natural language
understanding and generation tasks with zero-shot learning [39]; Roberta: an improved
version of BERT, in the training process of Roberta, Byte-Pair Encoding and Dynamic Mask
are applied, Next Sentence Pair task is removed [40]; Macbert: a pre-trained model which
improves upon Roberta in several ways, including the masking strategy that adopts MLM
as a correction (Mac) [41].

In the training process, the hyper-parameters were established with the following
values: Epochs: 20, representing the times the entire training dataset had been traversed.
Batch_size: 16 or 32, representing the size of each input data provided to the model.
Lr: 1 × 10−5 or 1 × 10−4, representing the step size of the network weight adjustment
along the gradient direction. Experiments were conducted for varying hyper-parameter
configurations. The losses of the training process for each model are displayed in Figure 6.
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It can be seen that Skep exhibits better loss convergence, implying more effective
fitting with the dataset in this paper. Macbert and Ernie 3.0 did not converge at a Batch_size
of 16 and Lr of 1 × 10−4. When Lr was set to 1 × 10−5, ERNIE 3.0 and Roberta exhibited a
tendency to enter local optima, and additional training was required to minimize the losses.
Moreover, it was found that utilizing a Batch_size of 32 resulted in more stable losses and
smaller fluctuations for each model, thus promoting the models’ convergence.

Macro-P, Macro-R, and Macro-F1 were employed as metrics to evaluate the general-
ization effect of the models. The metrics above were computed using Equations (18)–(20).

Macro-P =
1
n

n

∑
i=1

Pi (18)
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Macro-R =
1
n

n

∑
i=1

Ri (19)

Macro-F1 =
1
n

n

∑
i=1

F1i =
1
n

n

∑
i=1

2PiRi
Pi + Ri

(20)

The optimum Macro-F1 values for each model with varying hyper-parameters are
presented in Table 6. Additionally, the results are compared by several traditional models
based on word vectors using Tf-idf.

Table 6. Optimum Macro-F1 values for each model with varying hyper-parameters on the test set.

Model Batch_Size Lr Macro-P Macro-R Macro-F1

Ernie-3.0 32 1 × 10−4 0.78 0.76 0.76
Roberta 16 1 × 10−4 0.74 0.73 0.73
Macbert 16 1 × 10−5 0.80 0.78 0.77

Skep 32 1 × 10−5 0.83 0.77 0.77
Text_CNN 32 1 × 10−5 0.55 0.49 0.50

Tf-idf + SVC - - 0.51 0.49 0.46
Tf-idf + SGD - - 0.48 0.47 0.46

Tf-idf + RandomForest - - 0.40 0.38 0.36

According to Table 6, the traditional models exhibited unsatisfactory performance in
this paper, whereas the pre-trained models demonstrated exceptional performance. Among
the pre-trained models, Macbert and Skep can achieve almost the same level of effect, but,
according to Figure 6, Skep exhibits better loss convergence, so the following classification
task is achieved by Skep.

4.3.2. Classification Results

The reviews of the four brands were transformed and classified by Skep following the
method described in Section 3.2. The results of the review classification for each brand are
shown in Figure 7.

Figure 7 states that the clothing industry possesses numerous significant supplemental
features, with a 20% variance in External between the four brands’ highest and lowest
levels. Moreover, there exist concealed hazards in safeguarding consumer information,
with low Security and Certification levels for each brand.

The distribution of reviews related to each index for each brand is shown in Figure 8.
For the overall perceived quality of clothing brands, reviews primarily relate to prod-

ucts rather than services, indicating that the attributes of products are the main influencing
factors in forming perceived quality, while services have a relatively supplementary role.

The cumulative percentage of the first six indexes attained 90%, and Comfort is the
most valued index by consumers. Consequently, clothing brands should focus on Comfort,
External, Protection, Fineness, Professionalism, and Appearance indexes.
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4.4. Ranking of Perceived Quality Indexes for Clothing Brands

After classification, discrete percentage distributions of sentiment levels for each index
were obtained, and the PLTS were constructed. Then, stochastic dominance criteria and
the PROMETHEE-II method were used to compute the comprehensive flow of the chosen
brands. The result is shown in Table 7.
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Table 7. Comprehensive flow of the selected brands.

Indexes ALBD AND BNL QPL

Comfort 4.6 2.9 7 4.2
Durability −2 −5.9 −1.9 −4.2
Fineness 3.3 3.5 5.5 3.2

Protection 4.8 5.6 7.2 5.2
Certification −8.8 −9.6 −7.5 −10.8
Appearance 3.4 6.6 6.3 3.5

External 5.9 3.7 6.8 5.2
Timeliness of response 1 2.7 −2.3 2.6

Effectiveness of communication 3.1 3.7 −3.5 4.8
Security of information −9.6 −8.6 −9.5 −7.2

Rationality of compensation −8.7 −8 −9 −8.6
Professionalism of service 2.8 3.3 0.9 2.2

Based on the comprehensive flow presented in Table 7, the ranking results of the four
brands are shown in Figure 9.
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As demonstrated in Figure 9, the ranking results of the four brands exhibit a consistent
pattern, and it can be seen that the evaluation of products is superior to that of services,
indicating that clothing brands place a higher emphasis on products than services.

The differences displayed in Figure 9 for each brand highlight variations in the pri-
mary indexes of each brand. Specifically, BNL exhibits a more substantial discrepancy
between its services and products compared to the other three brands, suggesting that BNL
concentrates more resources on its products and spends fewer resources on its services
than the other brands.

4.5. Comprehensive Analyses and Suggestions

External and Protection are highly ranked across indexes for all the brands and are
highly valued by consumers. However, Figure 7 indicates that there are fewer variations
between those brands. This phenomenon suggests that clothing consumers tend to have a
positive perception of brands due to external and safety-related factors.

Comfort can show the differences between brands to some extent. According to
Figure 9, Comfort ranks highly in ALBD, BNL, and QPL, but ranks only seventh in AND,
indicating the differences between AND and the other brands. Additionally, Figure 7
reveals many neutral reviews of Comfort within AND, suggesting a need for improvement
in product comfort to turn neutral reviews into positive ones.

The rates of Appearance also fluctuate considerably between brands, but Appearance
has received limited attention from consumers. According to Figure 8, only 10% of the
reviews are related to Appearance. The excellent rate of Appearance in AND could not
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bring a significant improvement for it, so it is suggested that AND reduce the cost of its
appearance design to some extent.

According to Figure 9, BNL’s Effectiveness ranks very low, at ninth place, while the
effectiveness of other brands ranks higher. Unlike other brands, BNL receives more negative
reviews than positive in this index; therefore, BNL needs to focus on enhancing the quality
of customer service responses.

In terms of perceived service quality, communication quality (Effectiveness and Time-
liness) surpasses delivery quality (Professionalism) for ALBD and AND. Regarding the
correlation between Effectiveness and Timeliness, the balance between these two indexes
is impacted by the commonly used auto-responder bots, which have their pros and cons.
On the one hand, auto-responder bots enable brands to promptly respond to basic con-
sumer demands, potentially enhancing efficiency. However, if the bots prove ineffective
in resolving issues and manual customer service fails to respond promptly, it may result
in a lackluster response. To improve the perceived service quality of consumers during
the communication process, brands should establish flexible auto-responder bots that
collaborate rationally with manual customer service agents to resolve issues effectively.

5. Conclusions

From the perspective of consumers, this paper has derived the evaluation index system
of perceived quality for clothing brands, which provides a theoretical framework for the
perceived quality evaluation of clothing brands. Based on fine-grained sentiment analysis
and multi-criteria decision making methods, this paper has proposed a multi-stage model
ECRM for perceived quality evaluation. In the first stage, RBF and dependency parsing are
used to extract attribute–viewpoint phrases. Next, reviews are classified using pre-trained
language models. Finally, indexes are then ranked using stochastic dominance criteria and
PROMETHEE-II. ECRM is presented as a system composed of specific components and
may serve as a reference for other industries.

Clothing is intimately connected with individuals. The results of empirical experi-
ments show that certain common and distinct features of perceived quality exist among
clothing brands. Of all the indexes, clothing brands should give priority to the comfort of
clothing products and other factors closely related to people. In the environment of online
shopping, consumers’ demand for service quality is not particularly significant compared
to product quality.
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