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Abstract

The growth of e-commerce has led to a rapid increase in user-generated content (UGC),
attracting scholars’ attention as a new data source for investigating customer requirements.
However, existing requirements analysis methods fail to integrate three critical requirement
indicators: stated importance, derived importance, and performance. Using only one or two
of these indicators inevitably has its limitations. This paper proposes a novel framework
for analyzing and prioritizing customer requirements based on multi-source UGC. First,
customer requirements are extracted from online reviews and questions & answers using
non-negative matrix factorization. Next, aspect-level sentiment analysis and multi-source
data fusion are employed to calculate dual importance and performance. Specifically,
we developed an improved importance-performance analysis (IPA) model, named dual
importance-performance analysis (Du-IPA), which integrates the three indicators to classify
requirement types in a 3D cube with corresponding improvement strategies. Finally, by
combining the three indicators, an improved prospect value and PROMETHEE-II are
proposed using prospect theory to prioritize CRs for product service improvement. The
effectiveness of the proposed method is demonstrated through a case study of fresh food in
online retail.

Keywords: requirement analysis; product service improvement; multi-source user-
generated content; importance—performance analysis; online reviews; online Q&A
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Traditionally, companies have relied on questionnaires and interviews to gather
CRs [5-7]. However, these methods often entail lengthy, resource-intensive processes,
heavily depending on the surveyor’s expertise and experience, as well as respondents’
cooperation [8]. In contrast, the advent of the big data era and the rapid growth of e-
commerce have led to the proliferation of online customer reviews [9]. These reviews
are assessments of products and services based on personal experiences [10], providing
insightful and genuine feedback from customers [11], thereby more accurately reflecting
their opinions [12,13]. Consequently, numerous studies have concentrated on analyzing
CRs derived from online reviews to help companies enhance their products and services,
thereby enhancing customer satisfaction [5,7,14-19].

Most studies focus on analyzing CRs based on a single source of online reviews.
However, online reviews may contain inaccurate information, and reliance on a single
source can lead to biased conclusions [20,21]. Most e-commerce platforms provide user-
generated content (UGC), which includes both online reviews and question-and-answer
(Q&A) sections. Extracting CRs from Q&A sections may be more reliable, as the design
of these systems makes manipulation more difficult [21,22]. Furthermore, according to
information fusion theory, the integration of multi-source data can reduce biases associated
with relying on a single data source through scenario complementarity. Online reviews
capture post-purchase experience-related requirements, while Q&A data can capture CRs
related to before and during the purchasing process [23]. The combination of these two
sources provides a comprehensive coverage of the CR generation scenarios. Based on this,
this study aims to propose a novel framework for analyzing CRs based on the two sources
of UGC.

According to the dichotomy of explicit and implicit requirements, CRs can be classified
into explicit and implicit CRs [24]. In CR analysis, stated importance serves as a core indi-
cator of customer attention to various requirements, reflecting explicit CRs, while derived
importance measures the impact of these CRs on customer satisfaction, corresponding to
implicit CRs. These two dimensions together form the foundation of CR analysis. However,
relying solely on stated importance and derived importance to prioritize improvements
does not fully meet the practical needs of product and service optimization. Performance
metrics should also be incorporated, which quantify the degree to which current CRs are
satisfied. For instance, a CR may have high stated or derived importance, but if its per-
formance is already close to or meets customer expectations, prioritizing its improvement
may not be the most optimal choice, especially under resource constraints. Conversely,
CRs with relatively low dual importance but significantly insufficient satisfaction are often
more amenable to improvement and should be prioritized to enhance customer satisfaction
in a competitive environment. Based on this, the first research question (RQ) of this study
is proposed:

RQ1: How can CRs be identified from multi-source UGC, and how can their dual
importance and actual performance be quantified?

Visualization methods, by transforming data features into spatial representations,
allow managers to comprehensively and accurately grasp the multidimensional relation-
ships of CRs with minimal cognitive load. Researchers have combined stated importance
or derived importance with performance to construct the importance—performance anal-
ysis (IPA) model, which is used for visualizing and classifying CRs, while formulating
improvement strategies [25-30]. Additionally, scholars have proposed the Kano model
by measuring the asymmetric impact of customer demand quality on overall satisfaction.
This model has become a key tool for assessing derived importance and has been applied
to build the asymmetric impact-performance analysis (AIPA) model [31]. To provide a
comprehensive analysis of CR, these models have been further optimized.
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However, existing requirement visualization models focus on one or two indicators
of dual importance and performance to analyze and classify CRs, and have not fully
integrated the three key indicators. Although variants of the IPA or Kano models, such as
the asymmetric impact-attention—performance analysis, improve the understanding of CRs
by refining the classifications of stated importance, they fail to fully leverage the specific
values of stated importance for deeper analysis. Relying on only one or two of these three
indicators inevitably has limitations [32-34]. According to expectancy confirmation theory,
customer satisfaction depends on the gap between expectations and actual performance,
so neglecting the performance indicators makes it impossible to assess whether a CR
requires improvement. According to the satisfaction asymmetry theory, the impact of
CR fulfillment on satisfaction is asymmetric. For instance, an unmet requirement may
lead to a significant decrease in satisfaction, while meeting this requirement only brings a
slight increase. Therefore, ignoring derived importance could cause companies to overlook
key requirements that are mentioned infrequently but are crucial, leading to resource
misallocation. The core value of stated importance is to capture customers’ explicit CRs,
and neglecting this indicator may result in product and service improvements that are
disconnected from users’ explicit concerns, making the investment unable to translate into
meaningful user-perceived value. Existing visualization methods struggle to integrate all
three indicators to support decision-making effectively. Based on this, the second question
of this study is proposed:

RQ2: How can three-dimensional visualization methods for CR analysis be constructed
based on dual importance and performance to achieve precise classification of CRs?

Existing CR visualization methods based on IPA or Kano models effectively define CR
categories, but they struggle to establish clear prioritization within the same category. To
addpress this issue, researchers have attempted to incorporate additional dimensions, such
as Kano types in the I-Kano model and stated importance in the AIPA model, to rank CRs
within the same category [26,33]. Moreover, opportunity algorithms that determine im-
provement priorities by calculating the difference between CR importance and performance
can handle attribute rankings. However, they overlook the unique asymmetric impact of
CR performance on overall satisfaction, known as derived importance [35,36]. In general,
most ranking methods based on IPA /Kano model classification results fail to integrate the
three key indicators mentioned above, resulting in insufficient ranking accuracy.

A more critical issue lies in the psychological blind spot of existing ranking methods.
When prioritizing CRs within the same type, traditional models often overlook the inherent
risk aversion of decision-makers. They fail to assign higher priority to CRs that remain
unmet and could more significantly lead to customer dissatisfaction or even complaints.
This essentially ignores the “loss aversion” psychology exhibited by decision-makers un-
der conditions of uncertainty and resource constraints. In practical product and service
improvement decisions, managers tend to prioritize avoiding a decline in customer satis-
faction (avoiding “losses”) rather than simply seeking an increase in satisfaction (seeking
“gains”). This asymmetric psychological bias is difficult to capture accurately using sym-
metric mathematical optimization models that assume fully rational decision-making, such
as simple difference calculations.

To address this gap, this study introduces prospect theory as the theoretical foundation
for reconstructing the priority ranking of CR improvements. Prospect theory reveals that
individuals are generally more sensitive to losses than to equivalent gains when making
risk-based decisions [37]. This principle provides a more realistic psychological basis for
understanding the actual decision-making behavior of managers. Based on this, the third
research question of this study is proposed:
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RQ3: How to determine the improvement priorities of CRs based on prospect theory,
combined with dual importance and performance indicators, to provide clear directions for
product and service improvement.

The remainder of this paper is organized as follows: Section 2 reviews related work;
Section 3 elaborates on the proposed CR analysis and product service improvement frame-
work based on multi-source UGC and prospect theory; Section 4 presents a case study
on requirement analysis and prioritization for fresh food e-commerce (FFEC); Section 5
concludes this study and discusses the future work.

2. Related Works

This study aims to propose a new approach for CR analysis and product service
improvement to address the three issues stated above. Therefore, this section provides a
systematic review of the existing research in both domains.

2.1. CR Analyzing Methods

Existing methods for analyzing CRs primarily rely on the IPA and the Kano model.
The IPA, introduced by Martilla and James [38], is widely used for product and service
improvements to enhance customer satisfaction. It has been extensively applied to assess the
importance and performance of various attributes across sectors, such as hotel services [39-41],
public transportation services [42], and airport services [43], among others [44,45].

In the traditional IPA framework, attributes are plotted on a graph, with importance
on the horizontal axis and satisfaction on the vertical axis (Figure 1). Using average values
of importance and satisfaction as a reference, attributes are categorized into four quadrants,
providing valuable insights for the development and optimization of products and services.
Quadrant I includes attributes with high importance and satisfaction. Quadrant II includes
attributes of high importance but lower satisfaction, indicating the need for urgent im-
provement. Quadrant III comprises attributes with both low importance and satisfaction,
presenting opportunities for innovation. Finally, Quadrant IV holds attributes with low
importance but high satisfaction, which are the lowest priority for improvement. Recently,
scholars have made various enhancements to the IPA model to offer more effective strate-
gies for improving products and services in competitive and dynamic environments [29,46].

Q2 Q1
High High
Importance Importance
o Low High
% Satisfaction Satisfaction
H
E
Q3 Q4
Low Low
Importance Importance
Low High
Satisfaction Satisfaction
Satisfaction

Figure 1. Traditional IPA model.

Traditional IPA methods based on surveys can be costly and time-consuming. Conse-
quently, there has been increasing interest in IPA using online reviews. Scholars have made
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certain improvements in this context. Online reviews, as direct feedback from customers,
provide a wealth of information [34,47-50]. For example, Pan et al. [26] proposed an asym-
metric impact-based importance—performance analysis (ALIAPA) model that incorporates
customer concerns to prioritize attributes. However, this model only classifies customer
concern levels into two categories: high concern and low concern. It marks different sym-
bols on a two-dimensional matrix of asymmetric influence and performance to represent
the integrated concern level, but does not fully utilize the numerical values of concern for
CR analysis.

By analyzing the mention frequency of specific CRs in UGCs, we can effectively assess
stated importance, which reflects customers’ genuine concerns. Simultaneously, examining
the impact of satisfaction on overall ratings helps uncover the objective weight of attributes
in customer evaluations. This study integrates these two forms of importance and perfor-
mance to improve IPA, balancing between customer concerns and objective importance.
This approach enables a more comprehensive and accurate understanding of customers’
multi-dimensional evaluations of products and services, reducing biases associated with
using a single method. Additionally, it provides businesses with a more scientific and
rational basis for decision-making, facilitating the identification of areas for improvement
in products and services, and ultimately enhancing overall customer satisfaction.

2.2. Prioritizing CRs for Product Service Improvement

One of the core purposes of categorizing CRs is to establish a reasonable priority order
for those CRes, strategically enhancing products or services’ market competitiveness [46]. A
common approach is to prioritize CRs based on the characteristics of their categories [17,51,52].
However, within the IPA framework, although it provides preliminary guidance for the
improvement direction of CRs, it often struggles to distinguish priorities among CRs within the
same category, leading to managerial indecision in resource allocation and strategy execution.
To overcome this limitation, researchers have developed opportunity algorithms that rank
CRs by calculating the difference between the importance and satisfaction levels of attributes
within the same quadrant [35,36,53,54].

Although the Kano classification results can also be used to rank CRs, they similarly
face challenges in ordering requirements within the same category. To address this, scholars
have constructed differentiated satisfaction functions to rank CRs, which utilize coefficients
derived from punishment and reward coefficient analysis (PRCA) to quantify customer
satisfaction at the lowest and highest performance levels of attributes [55]. Subsequently,
the satisfaction function is developed, and improvement priorities are established based
on CRs’ marginal utility [56,57]. However, this method has a significant drawback: it
fails to adequately consider CR’s performance, as it focuses solely on functions fitting for
asymmetric effects and marginal utility calculation. Therefore, even if a CR’s marginal
utility appears highest, its urgency for improvement may be minimal if it already meets or
is close to meeting customer expectations.

The prioritization of CRs can also be regarded as a multi-attribute decision-making
problem [58-63]. Existing literature has proposed several methods to address this issue.
Firstly, point-scoring methods are considered the simplest approaches. Some researchers
have employed the analytic hierarchy process (AHP) to rank CRs. To minimize the subjec-
tivity of experts and customers, group decision-making methods have been adopted. Other
scholars have proposed comprehensive methods to address the interval nature of evalua-
tive language. However, many ranking methods overlook the psychological factors that
influence managers, particularly the tendency for loss aversion. Only a few studies have
incorporated psychological perspectives into CR prioritization. For instance, Du et al. [64]
utilized a regret theory-based comprehensive method. Wang et al. [65] and Yang et al. [61]
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combined cumulative prospect theory with market survey methods. These approaches
have limitations in dealing with complex CRs, as they mainly rely on single performance
indicators or expert evaluations (offline survey), making it difficult to fully capture both
the CRs’ dual importance and actual performance, as well as the value of UGC.

In light of this, this study aims to integrate the three key indicators of CR analysis—
stated importance, derived importance, and performance—while considering the risk-
averse psychology of managers in product service improvement using multi-source UGC.
It enables precise quantification and intuitive presentation of CRs by constructing a three-
dimensional visual analysis cube. The ranking process also captures the CRs” multidimen-
sional characteristics and managers’ psychological preferences, providing more effective
decision support for product optimization and service enhancement.

3. Methodology

As illustrated in Figure 2, this study innovatively proposes a five-stage CR analysis and
product service improvement framework —comprising CR extraction, performance analysis,
dual importance determination, Du-IPA cube analysis, and prioritizing CRs —designed to
systematically address the three core research questions raised earlier, with each stage’s design
intentionally tailored to fill existing methodological gaps and align with the multi-source
UGC characteristics.

The first to third stages are tasked with addressing the first research question. Built
on multi-source UGC, these three stages separately perform three tasks: CR extraction,
calculation of CR performance, and calculation of dual importance. In the first stage, online
reviews and Q&A are integrated at the data level and form a UGC corpus to avoid single-
source bias, and then data pre-processing is conducted. Non-negative matrix factorization
(NMF) is employed for CR extraction. Next, the second stage, performance analysis, adopts
differentiated aspect-level sentiment models for the two data sources: BERT-BiLSTM for
online reviews (to handle multi-aspect opinions and achieve fine-grained CR sentiment
recognition) and BERT-SnowNLP for Q&A (to first align attributes in questions with concise
answers, then analyze sentiment), followed by a decision-level fusion strategy to reconcile
satisfaction differences between sources and obtain comprehensive performance values.
For the third stage, dual importance determination, stated importance is quantified via
frequency analysis, while derived importance—focusing on the asymmetric impact of CR
fulfillment on overall satisfaction—is explored using enhanced representation through
knowledge integration (ERNIE), a multi-layer perceptron (MLP), and Shapley additive
explanations (SHAP).

The fourth stage is designed to address the second question. In this stage, an enhanced
IPA model—dual importance—performance analysis (Du-IPA)—is developed on the basis
of the quantified dual importance and performance. This model integrates the three
indicators into a 3D cube, using 3D visualization to intuitively display CRs and dividing
them into eight subcategories based on dual importance and performance values. This
design overcomes the limitation of traditional 2D IPA and provides decision-makers with
granular insights for preliminary improvement strategy planning.

Finally, the fifth stage is designed to address the third question. In this stage, an improved
CR improvement prospect function based on prospect theory is developed—this function
meticulously analyzes the increase in customer satisfaction and decrease in dissatisfaction
to quantify improvement potential, fully incorporating decision-makers’ loss-aversion psy-
chology. It then uses the preference ranking organization method for enrichment evaluations
(PROMETHEE-II) to rank CRs within the same Du-IPA sub-cube, generating a comprehensive
and operable priority sequence for product and service improvements.
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Figure 2. The proposed framework to analyze CRs and product service improvement from multi-
source UGC.

3.1. CR Extraction

This section will introduce the specific process for CR extraction.

3.1.1. Data Collection, Fusion, and Preprocessing

Online reviews and online Q&A can be crawled from relevant platforms using Python
3.9, which is a widely used tool in text mining and analysis. The collected data need to be
preprocessed to provide a basis for subsequent research, including word segmentation and
removing stop words. In this study, “Jieba” is used for word segmentation. And a Chinese
stop word list is applied for removing stop words.

3.1.2. Identifying CRs Using NMF

The NMF model, introduced by Lee and Seung [66], has been widely applied in areas
such as theme identification from text, face/facial expression recognition [3,67,68]. By in-
corporating the term frequency-inverse document frequency (TFIDF) of words as priors, it
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generates semantically coherent topics. Its core concept is as follows: given any non-negative
matrix Vix,, the NMF finds two non-negative matrices, W, s and Q Fxns enabling the
decomposition of the original matrix into the product of two non-negative matrices.

In this study, we use NMF to identify the CRs from the collected corpus D. We
utilize the non-negative matrix Qy,,, which contains the topic keywords” probability
results, to determine the general content of each topic discussion. The naming of top-
ics should be done by researchers. The topic T¢(f € [1,L]) can be regarded as the
corresponding CR;(I = f,I € [1,L]). And the identified CRs set can be defined as

Scr = {CRI‘CRI =Tpl=fleL,Ll,fell, L]}.

3.2. Performance Analysis of the User-Generated Corpus

Performance is a core metric for assessing the extent to which CRs are met. This section
focuses on the performance quantification methods for multi-source UGC. Considering that
online reviews contain multi-dimensional feedback from experiences and that Q&A data
targets specific needs, we design differentiated aspect-level sentiment analysis strategies.
Subsequently, we integrate these insights at the decision-making level to eliminate biases
from single data sources. Ultimately, this approach enables a precise measurement of the
actual fulfillment levels of various CRs, providing the foundational data support for the
subsequent integration analysis of dual importance and performance.

3.2.1. Performing Sentiment Analysis of Online Reviews

After extracting the CRs, aspect-level sentiment analysis is conducted to identify the
sentiment polarity expressed by each customer concerning each CR. Since contradictory
opinions may appear towards different CRs within the same text (e.g., “the customer
service is excellent, but delivery is slow”), aspect-level sentiment analysis is employed
to improve accuracy. This study constructs a combined sentiment analysis model using
BERT and BiLSTM to assess the sentiment polarity of customers toward each CR from
online reviews. BERT-BiLSTM is an improved model based on BERT to obtain the text
representation vector and BiLSTM to collect the context information. In this combination
sentiment model, BERT is the upstream part, and BiLSTM is the downstream part. Finally,
a softmax classifier is used to translate BILSTM's results into sentiment results. The detailed
steps for aspect-level sentiment analysis based on BERT-BiLSTM are as follows: First, select
the customer evaluation scale as E)‘(A = —1,0,1), based on this project’s characteristics.
Second, extract a certain percentage (e.g., 10% or 20%) of reviews from the review set,
for manual labeling. During labeling, each CR is marked individually: analyze whether
each review contains a description of this CR. If not, label it as “9”. If yes, determine the
customer’s evaluation scale for that CR and label accordingly. Next, train the sentiment
analysis model for each CR using the labeled data, splitting it into for training, 10% for
validation, and 10% for testing. Finally, input the full online review data into the trained
models to perform sentiment analysis on each CR.

This study employs PLTS to represent sentiment analysis results further, thereby
measuring the performance in satisfying CRs. The specific steps are as follows:

First, sentiment analysis results are expressed by using PLTS. Let T = {T(k)

1,2,3}
represents probability linguistic term sets. The conversion rules between the probabilistic
linguistic term set T and the sentiment evaluation scale E are as follows:

TW =1 if E*=-1
TW =2 if E'=0 (1)
W =3 if E'=1
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Then, probability linguistic sets are defined as:

#L(y)
Uw>:{ﬂ”w9ﬂﬂ“654$)zak:LGw#u@,Z}#”gl} 2)
k=1

where T(®*) (lpl(k)) is the linguistic term T() along with the probability l/)l(k), and #L(y) is
the number of linguistic terms in PLTS T(¢;). The probability lpl(k) that the specific CR is

CR; and the linguistic term is T(X), is defined as

k
(k) _ G 3
¢l NGZ ( )

Finally, the customer satisfaction value of online reviews toward CR; is calculated
based on Equation (4).

> k
P(R) = 3o T x )" @
k=1
where P(R); represents the satisfaction degree of CR; in the corpus of online reviews.

3.2.2. Performing Sentiment Analysis of Online Answers

Online answers are typically brief responses to the queries posed in online questions,
often omitting explicit attribute references in the text. This study proposed a sentiment
analysis procedure specifically tailored for online answers (Figure 3). First, we leverage
BERT to identify CRs in the online questions through training. Subsequently, we apply a
widely used Chinese NLP tool, SnowNLP 0.12.3, to assess the sentiment conveyed in each
online answer, reducing the need for manual labeling. Finally, we assume that the CRs
identified in the queries correspond to their answers, and each answer’s sentiment value is
determined based on Equation (5) in conjunction with SnowNLP output.

EM =1, if S(N); <04
E}=0, if 04<S(N),;<06 (5)
Er}=1 if S(N); > 0.6

where S(N) j represents the sentiment results of SnowNLP of the jth online answer.

Online BERT CR
question determination
Online Q&A
SnowNLP Online answer
. Sentiment sentiment toward
»
Online answer P determination CR

Figure 3. The procedure for performing sentiment analysis of online answers.

The calculation of customer satisfaction for online answers can refer to the methods
used for online reviews. First, online answers’ sentiment analysis results are presented
using PLTS based on Equations (1)—(4). Then, customer satisfaction with online Q&A
toward CR; is calculated according to Equation (6).

#L(yr) . ®
P(A) = Y, TWxy (6)
k=1

where P(A), represents the satisfaction degree of CR; in the corpus of online Q&A.
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3.2.3. Acquiring Performance of Each CR Based on Decision-Level Fusion

The fusion of customer satisfaction from online reviews and online Q&A enables a
more comprehensive evaluation, reducing biases that may arise from relying on a sin-
gle data source. This study calculates overall customer satisfaction by combining the
satisfaction scores from both sources, as shown in Equation (7).

Py =aP(R); + (1 —a)P(A), 7)

An adjustment parameter « € [0, 1] is introduced to dynamically modulate the weights
of online Q&A and online review satisfaction in the aggregated evaluation. The value of
this parameter can be determined based on the product’s lifecycle, in line with lifecycle
theory. For instance, during the early stages of the lifecycle, when the focus is on attracting
new customers, « can be set to less than 0.5, giving more weight to online Q&A. In the
later stages, when the goal is to retain customers and reduce churn, & can be set above 0.5,
giving more weight to online reviews.

3.3. Dual Importance Determination for Each CR
3.3.1. Acquiring the Stated Importance of Each CR

The stated importance calculated from UGC is typically gauged by analyzing the
mention frequency related to specific CRs. The more frequently a requirement is mentioned,
the greater their concern or interest in that CR, implying higher stated importance. In this
study, we count the occurrences of online reviews (Q&A) that mention specific CRs through
aspect-level sentiment analysis results. We define the number of online reviews containing
the CR; in online reviews (Q&A) as G(R); (G(A);). Then, employ Equation (8) to calculate
the frequency of requirement CR;.

F(R); = N ®
F(A), = G(A),
I = NG(A)

where NG(R) represents the total number of online reviews in the collected corpus, and
NG(A) is the total number of online Q&A. F(R), is the frequency calculated from online
reviews, while F(A), is derived from online Q&A. It is crucial to note that, although a
CR may be mentioned multiple times in a single review or Q&A, for our calculation, the
multiple times are counted only once. This ensures that the frequency reflects the level of
focus or attention given to the CR by the customers, without being inflated by repeated
mentions within the single review or Q&A.

Similarly to the calculation process of CR performance, this study integrates the
frequencies from two data sources to compute the stated importance I;; of CR;. The
calculation formula is as follows:

Iy; = «F(R); 4+ (1 —a)F(A), 9)

3.3.2. Acquiring the Derived Importance of Each CR

The derived importance refers to the influence of a specific attribute on overall cus-
tomer satisfaction, often measured through star ratings. This study introduces an innovative
methodology with the primary objective of precisely determining the derived importance
of various attributes. The complete procedure is summarized in Algorithm 1.
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Algorithm 1: Calculation of Derived Importance

Input: online_reviews, online_ga, customer_requirement
Output: derived_importance

# Step 1: Data preprocessing and missing value imputation
for each ga in online_ga:
ga_vector = ERNIE.encode(qa.text)
max_similarity = 0
best_match_rating = None
for each review in online_reviews:
review_vector = ERNIE.encode(review.text)
similarity = cosine_similarity(qa_vevtor, review_vector)
if similarity > max_similarity:
max_similarity = similarity
best_match_rating = review.star_rating
qa.assiged_rating = best_match_rating

# Step 2: Construct training dataset
combined_data = merge(online_review, online_qga)
structured_data =[]
for each data_point in combined_data
features =[]
for each CR in customer_requirements:
sentiment = get_sentiment_value(data_point, CR)
fearures.append(sentiment)
structured_data.append({
‘features’: features,
‘target_rating’: data_point.star_rating

)

# Step 3: Train MLP model
mlp_model = MLP(layers = [input_size, 128, 128, 128, output_size])
mlp_model.train(structured_data.features,structured_data.target_rating)

# Step 4: Determining feature importance SHAP values
shap_explainer = SHAPExplainer(mlp.model)
shap_values = shap_explainer.shap_values(structured_data.features)

# Step 5: calculate derived importance

derived_importance =[]

for each CR_i in customer_requirements:
cr_shap_values = shap_values][;, i]
positive_impact = mean(positive(cr_shap_values))
negative_impact = mean(negative(cr_shap_values))
derived_importance[i] = abs(positive_impact — negative_impact)

return derived_importance

https://doi.org/10.3390/jtaer21010019


https://doi.org/10.3390/jtaer21010019

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 19 12 of 34

(1) Data preprocessing and missing value imputation: The absence of a star-rating sys-
tem in online answers constrains calculating the derived importance of attributes
based solely on this data source. We initially utilize ERNIE to map both online an-
swers and online review texts into vector representations. Subsequently, based on
the vectorization results, the cosine similarity is calculated between each online an-
swer and every review within the collection of online reviews. Finally, we match
each online answer with online reviews, identifying the one with the highest simi-
larity score, and assigning the corresponding star rating of that online review to the
online answer.

(2) Construct training dataset. In this step, firstly, online answers with online re-
view data are integrated to form a new set of UGC, denoted as UGC_2, which
comprises a total of M(m =1,2,...,M) data entries, such that M = i+ j. The
input data for the MLP consists of satisfaction scores with various CRs. Let
Hm = (anols, Sf:f, 551025, Szfzg, .., SfLos, S?fg, Km) denote the structure data of mth data of
UGC_2. Let S ”Zs and Szzg represent the sentiment value of mth data toward CR;, and
can be obtained according to Equation (10). The structure of the training data is shown
in Table 1, which serves as a structured example of the data format. Subsequently, the
structured input data is fed into the MLP.

Table 1. The structure of the training data (a structured example).

Features Predictions
UGC_2 CRq CR, ... CRL Star_rating
pOS neg pOS neg pOS neg
Sin1 Sl S S St Sl K
uz24 1 0 0 1 . 0 0 4
uz2, 1 0 1 0 . 0 1 2
U2m 0 1 0 1 - 1 0 2

{Sfjfls =1, anc;s =0 when S,;=1 (10)

shY=0,8"" =1 when S, =-1

(8) Training an MLP. When quantifying the asymmetric impact of CR fulfillment on
overall satisfaction, approaches such as multiple linear regression or neural networks
are commonly employed. Given that neural networks can circumvent the assumptions
of multiple linear regression, such as the normal distribution of variables, this study
constructed an MLP, a type of neural network, to model the impact of attribute
sentiments on overall satisfaction.

(4) Determining feature importance using SHAP. We employ SHAP to quantify the spe-
cific contributions of each feature towards the model’s prediction outcomes. The
calculation of the SHAP value ¢g; for each input feature S (x € {pos,neg}) is
as follows:

F|/(|F| - |F'| —1)!

! 'P“ ) [0(F Ui} —o(F)] an

psr =),

FCR\(s}

where F represents the set of all features. F’ denotes the subset of F that excludes the
feature S;'. v(F/) is the predictive value of MLP when evaluated on the subset F g ‘F / ‘ and

|F| represents the size of the subset F " and the set F, respectively.
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(5) Calculate the derived importance of each requirement. The difference between pos
and neg, as determined by Equation (12), represents the influence scope of each
requirement on overall satisfaction.

Id,l = (l)Slpos — 4)Slneg (12)

3.4. Requirement Analysis Using Du-IPA

In analyzing CRs, few studies have simultaneously examined frequency, asymmetric
impact, and performance. Previous research often focused on constructing an IPA model
based solely on frequency (as importance) and performance, or an AIPA model that incor-
porates asymmetric impact and performance to guide product and service improvements,
but rarely integrates all three indicators comprehensively. This study, therefore, proposes a
requirement analysis cube, named Du-IPA, that integrates these three indicators (Figure 4).
This cube encompasses three axes: the horizontal axis represents the stated importance,
the vertical axis depicts derived importance, and the axis, traversing up and down, depicts
CR performance.

1
P
P
! 1
S0 ] e
I Iy
0 d / d
- / -
0 I 10 0 I 1 0
(a) Original Du-IPA cube (b) Segmented Du-IPA cube

Figure 4. Du-IPA cube.

The steps to conduct a Du-IPA cube are as follows: First, the stated importance, derived
importance, and performance values are standardized to facilitate comparative analysis
across different CRs (Equation (13)).

I, =Iy/Y 0 1
Iy = Lo/ Sy ag (13)
P, =P/Li P

!/

Then, each CR is characterized by the values of these three dimensions as (I, I‘; 1’ P;)
The center lines along the horizontal, vertical, and up-down represent the mean values of
these dimensions, calculated according using Equation (14). These center lines serve as

thresholds dividing the Du-IPA cube into eight sub-cubes, as shown in Figure 4b.

L
Is= Y I,
lil
I;= zl I, (14)
L
P=1Y P
I=1
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Finally, the Du-IPA cube is established for CR classification and analysis. This Du-IPA
model categorizes CRs into eight distinct types. Figure 5a shows CR types with satisfaction

levels above the mean, while Figure 5b illustrates those below the mean. The corresponding

managerial implications for each type are illustrated in Table 2.

1 1
QI:HLH . Q5:HLL Q6:HHL
(Foundational ( Cc%‘igfil\irs) (Acceptable (Critical Pain
Strengths) Pain Points) Points)
I Ts
) Q4:LHH .
Q3.LLH (Hidden Q7’LI.“L Q8:LHL
(Exceeding o (Marginal . .
. Competitivenes (Hid den Risks)
Expectations) 5) Areas)
0 0
0 Td 1 [ I — ]_ |
(a) CR types with performance (b) CR types with performance
above mean under mean
Figure 5. CR types in Du-IPA.
Table 2. The managerial implications of CR types.
CR-Type Description Managerial Implication
Although CRs perform well and receive
significant customer attention, their
contribution to overall satisfaction is limited.
High attention This may suggest that the CR has reached

Q1 (Foundational Strengths) Low impact

High performance

High attention
high impact
High performance

Q2 (Core Drivers)

Low attention
Low impact
High performance

Q3 (Exceeding Expectations)

customers’ “basic expectations,” and further

improvements are unlikely to substantially
increase satisfaction. Therefore, it is advisable
to maintain the current high-performance level

while avoiding excessive investment in this
area to prevent resource wastage.

CRs in this category represent the core
competencies of the business. Continued
investment is essential to maintain and
enhance their performance, thereby solidifying
the market position.

Although customers do not prioritize these
CRs and their impact on overall satisfaction is
limited, their high performance indicates that
the business has invested considerable
resources in this area. It may be beneficial to
reallocate some of these resources to areas that
can more effectively boost customer
satisfaction and loyalty.
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Table 2. Cont.

CR-Type Description

Managerial Implication

Low attention
High impact
High performance

Q4 (Hidden Competitiveness)

High attention
Low impact
Low performance

Q5 (Acceptable Pain Points)

High attention
High impact
Low performance

Q6 (Critical Pain Points)

Low attention
Low impact
Low performance

Q7 (Marginal Areas)

Low attention
High impact
Low performance

Q8 (Hidden Risks)

Although these CRs may not be directly
acknowledged by customers, they significantly
impact overall satisfaction. Businesses should

recognize these “invisible” advantages and
continue to maintain and enhance their
performance. Additionally, it is important to
monitor and improve these factors to adapt to
potential market changes or evolving demands
in the future.

While CRs attract attention from customers,
their performance is insufficient. Although
their impact on satisfaction is low and
customers may be willing to compromise, they
should not be overlooked. Businesses should
take action to improve this area to prevent
customer attrition and negative
word-of-mouth.

CRs are critical to satisfaction and highly
valued by customers, yet their performance is
lacking. Businesses must take immediate action
by developing and implementing an urgent
plan to swiftly enhance performance in
this area.

For CRs in this subset that are neither highly
valued by customers nor significantly impact
satisfaction, businesses may consider
reallocating resources to optimize efficiency.
However, in some cases, these low-attention
CRs may hold hidden opportunities for
innovation or differentiation. Companies can
explore ways to enhance these CRs, creating
new competitive advantages.

CRs in this subset, though not highly noticed
by customers, still have a significant impact on
satisfaction. Often playing a
“behind-the-scenes” role, these CRs may be
subtle but can substantially affect satisfaction
when issues arise. Businesses should take
measures to enhance these CRs’ performance.
By improving the performance of these
“behind-the-scenes” CRs, companies can boost
customer satisfaction and loyalty without
additional marketing costs.

To improve product service and enhance customer satisfaction, managers should
prioritize their focus on unmet CRs with high importance initially. Attention should be
directed towards those CRs that customers deem essential and have a higher potential to
elevate their satisfaction levels. Consequently, based on the Du-IPA cube, a preliminary

prioritizing of requirements can be derived, offering insights to guide managerial decision-
making: Q6 > Q8 > Q5> Q7> Q2> Q4 > Q1 > Q3.
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3.5. Improvement Index Calculation for Product Service Improvement

Du-IPA can initially rank requirements based on their sub-cube. To refine the priority
within the same quadrant, this study integrates stated importance, derived importance, and
performance, and utilizes prospect theory to calculate each CR’s improvement prospect
value. The final ranking is then determined using the PROMETHEE-II method. The steps
are as follows:

First, calculate the performance improvement value, assuming that improvements can
bring attributes to a state of perfect satisfaction (satisfaction probability = 1). The increment
in satisfaction can then be calculated using Equation (15).

1 Zf (Pslpos <0, ¢slneg <0
3 .
1-— gol( ) lf (PSfas >0, (PSlneg <0
1 .
J— qol( ) lf (Psfos < O, (PS?Eg > 0
0 if (PSlpus >0, 4)Slneg >0

A5 = (15)

Similarly, assuming that improvements can completely eradicate dissatisfaction (dis-
satisfaction probability = 0). The decrement in dissatisfaction corresponds directly to the
current dissatisfaction probability, as shown in Equation (16).

1 if (Psfos <0, (Ps;wg <0
1 .
q)l( ) lf 4)5;705 >0, 4)S;u’g <0

@, if (l)sfos <0, (PS?eg >0
0 lf 4)Slpas >0, ¢S;18g >0

(16)

Second, calculate the weighted performance improvement value. In this step, we
employ the value function from prospect theory to nonlinearly adjust the increment in
satisfaction and the decrement in dissatisfaction. The value function has the following
characteristics: for the increment in satisfaction (gains), it is concave, meaning marginal
value decreases as gains increase; for the decrement in dissatisfaction (losses), it is convex,
meaning marginal value increases as losses diminish. Additionally, the psychological
impact of losses often exceeds that of equivalent gains.

0(@gor X BS;5) = (pgor x BS})¢ -
U((Pslrwg X ASl,u) = _0((1757"3 2 ASl,u)ﬁ
where Ll(k) represents the kth linguistic term of CR;. In this study, according to Tversky and
Kahneman [15], the parameters are setas 6 = 2.25¢ = 5 = 0.88.

Let (); denote the weighted performance-improvement-prospect value of CR;, calcu-
lated according to Equation (18). This calculation takes into account the stated importance
I; 1, the asymmetry of satisfaction cpslpus and dissatisfaction (Ps]m’g, as well as the decrement in
dissatisfaction AS; , and increment in satisfaction AS; ;.

Ql = Ié X |:’U((Pslpus X ASZ,S) — ’U((Pslm’g X ASI,M)] (18)

Third, the dominance degree matrix R = ((CR;,CRy)), ., for pairwise comparisons

of CRs can be constructed using weighted performance-improvement-prospect value
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and the PROMETHEE-II method, where 7(CR;, CR;) denotes dominance degree and is

expressed by:
r(CR;, CRy) = { 280, 0y < O < O+ pt (19)
-, otherwise

pt; represents the preference threshold and is defined as

L L
pt=-—7—n), Y d (20)
Lx(L-1)4 &,
where
-0, >0
d = q q 21
g { 0, 0 < Q @D

Based on the dominance degree matrix, let 7rl+ be the dominant degree, “outflow,”
which measures the degree to CR; dominate the other CRs. Let 77;” be the non-dominant
degree, “inflow,” which describes how CR; is dominated by others. 7rl+ and 7, are de-

fined as L
= Y  r(CR;,CRy) (22)
qzlq#l
L
n; = ) r(CR;CR)) (23)
9=11#q

Let 71; be the “netflow,” which measures the difference between the degree of domi-
nance and non-dominance of CR;, and can be calculated as

m =" - (24)

Obviously, CRs with higher “netflow” have relatively higher improvement prospect
values and a higher priority to improve.

4. Case Study

A case study of FFEC’s requirement analysis and prioritization is conducted to verify
the proposed method’s applicability. This section provides a detailed explanation of the
complete process and analysis results for demand extraction, performance analysis, dual
importance analysis, Du-IPA, and prioritization in this case study.

4.1. Results of CR Extraction
4.1.1. Data Collection and Pre-Processing

The UGC of FFEC companies was scraped from www.jd.com, one of the largest online
shopping platforms in China. Using Python, online review and Q&A were automatically
collected, online reviews, questions, and answers were automatically collected, with data
spanning from April 2019 to July 2024. To enhance representativeness, data for 129 types of
fresh food products were scraped. Detailed data information is provided in Table 3.

Then, we integrate these data to form a user-generated corpus. For the convenience of
the next step, this corpus must be pre-processed. “Jieba” was used for word segmentation.
A Chinese stop-word list was used to conduct stop-word removal.
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Table 3. The details of the collected data.

Product Categories Number of Products Number of Reviews Number of Questions Number of Answers
fruits 34 29,820 4243 71,595
vegetables 31 17,287 252 2142
Frozen food and meat 20 14,142 384 3500
seafood and aquatic 44 17,830 1093 10,991
products
Total 129 79,079 5972 88,228

4.1.2. Results of CR Extraction Using NMF

Based on NME, we extract CRs from the UGC corpus in this study. We imported
the NMF model from the “sklearn” library for this study. However, the matrix generated
during NMF construction results in high memory requirements. We therefore adopted the
“MiniBatch” strategy, which fits the NMF model via mini-batch gradient descent, aiming to
mitigate the out-of-memory issue when processing large datasets.

An important parameter in the construction of the NMF model is the rank, which
corresponds to the number of topics in the topic modeling process. To determine the
optimal number of candidate topics, we first fit the NMF model with different ranks
(ranging from 1 to 20) following the method proposed by Bellstam et al. [69]. During this
process, we observed that when the number of topics was set to 10, the keywords for each
topic were highly similar. Additionally, we applied the elbow method to further validate
the optimal topic number by calculating the reconstruction error for different numbers of
clusters (as shown in Figure 6). When the number of topics reached 10, the reconstruction
started to decline at a slower rate, indicating that this was an appropriate truncation point.
To ensure the robustness of the results, we also tested clustering results for other topic
numbers. In conclusion, too few topics may lead to the omission of some topics, while too
many can cause redundancy. Therefore, choosing 10 as the optimal number of topics is
both reasonable and well-supported.

365
360
355 10,

350 347.5980
345
340
335

2345678 91011121314151617181920

Figure 6. Results of reconstruction error of different rank numbers.

Then, human intervention was necessary to assign names to the topics based on the
obtained keyword results of NMF. The topic keywords and human naming results are
shown in Table 4. Despite initially setting the number of topics for NMF fitting at 10, we
ultimately obtained 7 distinct topics, as two of them, named “Taste,” were found to be
duplicated and were manually merged. The topics named “Comprehensiveness” and
“repurchase intention” were removed as they were deemed less relevant to CRs.
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Table 4. NMF topic keywords and human naming results.

Topics Keywords

Delicious, super, recommended, friends, will come again, several times,
Taste sincerely, family, purchased, this place, amazing, fragrant, sweet, pork,
indeed, dumplings, at home, twice, bought, came back.
Fresh, date, will come again, worth it, fruit, chili pepper, plump, portion,
Fresh baby, delicious, a bit, meat quality, super, fruit, arrived, recommended,
very tender, vegetables, size, portion.

Taste, a bit, delicious, specifications, excellent, weight, children, a hint of,
Taste will come again, first time, cost-effectiveness, authentic, store,
recommended, super, fruit, worth it, quite tasty, outside, childhood.

Logistics, express delivery, fast, weight, specifications, cost-effectiveness,

service, Shunfeng (a courier company), store, customer service, epidemic

situation, speed, delivery person, quite fast, period, impressive, during,
baby (referring to products), too slow, super

Logistic

Packaging, intact, tightly sealed, ice bag, quality, attentive, opened, not
Packaging melted, a bit, baby, very sweet, complete, damaged, foam, careful,
merchandise, will come again, seller, perfect, independent.

Texture, weight, specifications, cost-effectiveness, store, service, very
sweet, quality, moisture content, not good, freshness, delicate,
merchandise, meat quality, size, will come again, influence, appearance,
crisp and sweet, sweet and sour

Comprehensiveness

Size, very large, very sweet, quite big, even, worth it, size, will come
Specification again, not small, moisture content, fruit, rotten fruit, meat quality,
plump, too small, portion, crab, first time, recommended, one box.

Cheap, price, affordable, supermarket, worth it, cost-effective, quality,
promotion, recommended, discount, super, will come again, market,
many, physical store, tasty, date, this shop, cost-effectiveness, good value
for money.

Value

Special, will come again, recommend, children, seller, customer service,
Repurchase intention super, this shop, cost-effective, moisture content, fruit, a bit, fruit,
opened, first time, plump, rotten fruit, delicious, patronize, one box

Shipped, quality, speed, very fast, seller, epidemic situation, will come
again, during the period, customer service, store, Shunfeng, arrival,
service attitude, period, quite fast, merchant, delivery, merchandise,

second day, this shop.

Seller service

Each topic represents a specific CR identified from the online review corpus. According
to the topics T¢(f € [1,7]), the set of CRs can be defined as express delivery (CRy), cost-
effectiveness (CRy), customer service (CR3), freshness (CRy), mouth-feel (CRs), specification
and weight (CRg), and packaging (CRg).

4.2. Results of Performance Analysis

Based on the performance analysis method outlined in Section 3.2, this section
presents the performance analysis processes and results derived from online reviews and
online Q&A.

4.2.1. Results of Sentiment Analysis of Online Reviews

In this phase, we randomly selected 20 percent of the online reviews in the corpus, a
total of 15,816 data pieces, as the manually tagged data set for manual labeling. For one
online review in the manually tagged data set, we determine whether it contains relevant
descriptions of the CR;, and if so, further determine whether the sentiment polarity of the
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description of this CR is positive, neutral, or negative. Positive is marked with 1, neutral
with 0, and negative with —1. The online review that does not include a description of
this CR is marked with 4. Then, we divided the manually tagged data set into training,
validation, and test sets. The number of online reviews in the training set accounted for 80
percent of the manually tagged data set, 10 percent in the validation set, and 10 percent in
the test set.

Notably, the BERT-BiLSTM models used in this study were built based on the Keras
framework, leveraging the pre-trained Chinese BERT model “chinese_L-12_H-768_A-12"
as the backbone. For the BERT component, we set “max_seq_length” to 128 to adapt to
the short-sequence nature of Chinese online reviews, which do not require long sequences
to capture core semantic information. For the BIiLSTM component, we configured the
“hidden size” to 128 to balance contextual feature capture and model complexity, and set
the dropout rate to 0.3 to mitigate overfitting [70].

The training and validation sets were sent to fit the BERT-BiLSTM models. The test set
was used to evaluate the performance of these trained models. Further, we use the seven
trained models to analyze the sentiment polarity of each review in the collected review set.
Finally, we obtain the number of online reviews of different sentiment polarities concerning
each CR, as shown in Table 5.

Table 5. Number of online reviews and answers expressing different sentiment polarities.

E} CR, CR, CR; CR, CR; CRg CR,
_ 1 506 2123 316 1690 2838 2057 455
r(gé‘ilér‘:fs 2 938 2609 1877 278 2449 3822 296
3 22 664 18,698 6197 61,090 37,898 16,219 14,006
. 1 448 1530 875 1609 4160 2901 125
Online 2 1696 1140 949 452 4285 6485 241
answers
3 2681 974 617 4785 17,697 3248 1219

4.2.2. Results of Sentiment Analysis of Online Answers

Similarly to capturing sentiments from online reviews, this study initially annotated
the requirements embodied in 20% of the online questions. If a particular requirement
was present, it was labeled as 1; otherwise, it was labeled as 0 (with separate annotations
for each CR, resulting in seven training sets). By constructing and training the 7 BERT
classifiers, we identified the CRs associated with each online question. Subsequently, we
employed SnowNLP to discern the sentiment orientation of the corresponding online
answers. Leveraging Equation (5) and Figure 3, we extracted the requirements mentioned
in each online answer along with their sentiment polarities. Table 5 presents the frequency
of each sentiment polarity for each identified CR.

4.2.3. Calculation Results of the Performance of CRs

In this section, sentiment analysis outcomes are represented using PLTS, as illustrated
in Table 6. Subsequently, customer satisfaction for both online reviews and answers is
calculated individually using Equations (4) and (6). Finally, the overall performance values
of the requirement are derived through the fusion method in Equation (7) (Table 7). In this
case study, for the purpose of validating the effectiveness of the proposed method, « is
taken as a general value of 0.5.
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Table 6. Sentiment analysis outcomes represented by PLTS.

Online Reviews

Online Answers

CRy {5 (0.0210), S(0.0389), S3(0. 9401)} {$4 (0.0928), S5»(0.3515), S3(0. 5556)}

CR, {5 (0.0906), S(0.1114), S3(0. 7980)} {5 (0.4199), 5»(0.3128), S3(0. 2673)}

CR; {51 (0.0377), 5,(0.2237), S3(0. 7386)} {Sl (0.3585), 5»(0.3888), S3(0. 2528)}

CRy {51 (0.0939), 5,(0.0155), S3(0. 8906)} {Sl (0.2350), S52(0.0660), S3 (0. 6989)}

CRs {51(0.0657), 5,(0.0567), S3(0.8776) } {51(0.1591), S(0.1639), S3(0.6770) }

CRg {5 (0.0931), 5(0.1730), S3(0. 7340)} {$4 (0.2296), S5»(0.5133), S3(0. 2571)}

CRy {5 (0.0308), S5»(0.0201), S3(0. 9491)} {54 (0.0931), S5»(0.1730), S3(0. 7340)}

Table 7. Performance values of CRs.

Performance CRq CR, CR; CRy CRs CRg¢ CRy,
Online review 29191 2.7074 2.7010 2.7967 2.8119 2.6409 2.9183
Online answers 2.4628 1.8474 1.8943 2.4639 2.5178 2.0275 2.6902
Comprehensive 2.6910 2.2774 2.2976 2.6303 2.6648 2.3342 2.8042

Figure 7 visualizes the calculation results of performance. It shows that the compre-
hensive performance value balances the differences between online answers and reviews.
Customers express more dissatisfaction in online Q&A, likely due to the focused nature
of user inquiries, which typically target specific CR. Responders address the performance
related to those CRs. In contrast, reviews reflect a border range of factors, where dis-
satisfaction regarding one CR may be alleviated by satisfaction in others. Additionally,
Figure 7 reveals that customers are most satisfied with packaging and delivery services
after purchasing fresh food. Conversely, they are most dissatisfied with cost-effectiveness
and customer service.

CR1
3.5

CR7
Cre= X % T CR3
A

Y4

CRJ 3)))))’CRAL

Figure 7. Performance across different CRs.

online review

online answers

comprehensive
value

4.3. Results of Dual Importance Determining

Based on the dual importance determination method presented in Section 3.3, this
section outlines the specific processes and results for determining the dual importance in
this case study.

4.3.1. Results of Stated Importance Calculation

Using the BERT-BiLSTM results, we count the number of online reviews containing
the seven CRs. Customer attention for each CR is calculated using Equation (9) and shown
in Table 8.
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Table 8. Stated importance of CRs.

CRq

CR; CR3 CRy CRs CRg CRy

Online review
Online Q&A
Comprehensive

0.1566 0.1522 0.0545 0.1168 0.2805 0.1435 0.0959
0.3311 0.2573 0.1143 0.4696 0.5035 0.4704 0.1839
0.1824 0.1695 0.0667 0.1535 0.4188 0.2109 0.1026

Similarly to CR performance, Figure 8 shows that customer attention given to various
CRs in the Q&A system is noticeably lower than that in the review system. This difference
can also be attributed to the distinct mechanisms of the two systems. A customer’s question
typically addresses a single CR, and responders focus solely on that aspect. In contrast, an
online review may cover multiple CRs, leading to a higher proportion of each CR within the
total review set. Figure 8 also reveals that customers are more focused on freshness, taste,
and product specifications, while paying less attention to customer service and packaging.

CR1

0.6 online review

CR7 . CR2
online Q$A

comprehensive
value

CR6 CR3

CR CR4

Figure 8. Stated importance (frequency) distribution of CRs.

4.3.2. Results of Derived Importance Calculation

In this section, we commence by vectorizing the online reviews and answer data
utilizing the ERNIE 3.0-scale model. Based on commonly used settings in research, we
configure the Transformer with 12 layers, a hidden layer dimension of 768, 12 attention
heads, and a maximum sequence length of 512. Subsequently, we calculate the closest
online review for each online answer and supplement the rating of the online answers.

To assess the impact of the fulfillment degree of individual requirements on overall
satisfaction, we have constructed an MLP using TensorFlow 2.8.0. Typically, for simpler
fitting tasks, selecting a smaller number of layers suffices to prevent overfitting [71-73].
Consequently, the number of hidden layers for the MLP in this study is determined to be
three, each comprising 128 neurons. Furthermore, we employ SHAP values to compute
the asymmetric influence coefficients of each requirement on satisfaction, along with their
derived importance, as presented in Table 9.

Table 9. The derived importance of CRs.

CR;

CR; CR; CR4 CRs CRg CRy

(PSZPOS
Psres
L,

0.0302
—0.0698
0.1000

0.0242 0.0147 0.0085 0.0085 0.0170 0.0074
—0.1502 —0.0970 —0.1686 —0.2782 —0.1046 —0.0476
0.1744 0.1117 0.1772 0.2867 0.1216 0.0551
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4.4. Results of Du-IPA

To construct the Du-IPA cube, the dual importance and performance results must be
standardized according to Equation (13), as shown in Table 10. Then, the standardized
results are integrated into the Du-IPA cube for representation and initial prioritization.
Figure 9 illustrates the Du-IPA results of fresh food e-commerce. Decision-makers can use
this to gain insights into CRs and generate strategies for product service improvement.

Table 10. The standardized results of the dual importance and performance of CRs.

CR, CR, CRs CR, CRs CRq CR,
Stated importance 0.1398 0.1299 0.0511 0.1177 0.3211 0.1617 0.0787
Derived importance 0.0974 0.1699 0.1088 0.1725 0.2792 0.1184 0.0536
Performance 0.1520 0.1287 0.1298 0.1486 0.1506 0.1319 0.1584
w— =
¢ ~ FCR7(Packaging) — T
— | -
0.155 ot
»CR1(Express delivery)
0,150 CR4(Freshness)# P i CRS(Mu:uh-feel)
)
":‘: 0.145
g
2
0.140
0.135 C‘RG(SpecificaLign/aﬁd weight)
0.130 CRB(C\jlsfo/x;m’}erﬁ/c{ ¥ 4CR2(Cost-effectiveness)

(a) Du-IPA Cube
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Q1 Q2 Q5 Q6
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(b) CRs with performance above the mean (c) CRs with performance below the mean

Figure 9. Du-IPA results of fresh food E-commerce.

Du-IPA results indicate that “Mouth-feel” is the “Core driver” for fresh e-commerce,
with high attention, performance, and impact. FFEC should continue investing in services
related to this CR, actively develop new flavors, and maintain product diversity to meet
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the growing taste preferences of customers. Additionally, establishing strict taste testing
standards will ensure that each batch of products meets high-quality taste requirements.
“Packaging” and “Express delivery” are “Exceeding Expectations,” characterized by low
customer attention and impact, but high performance. These areas do not require fur-
ther investment. Instead, resources should be redirected to areas needing more urgent
improvement while maintaining these CRs’ current performance.

“Freshness” is a “Hidden Competitiveness” that receives less customer attention but
significantly impacts satisfaction and exhibits high performance. FFEC must recognize its
importance and maintain its current high performance. Additionally, FFEC should also
strengthen supply chain management and establish clear, quantifiable freshness standards
to adapt to potential market or CR changes. “Specifications and weight” fall into the
“Acceptable Pain Points”, characterized by low impact and performance, but high attention.
The current low performance here does not significantly affect customer satisfaction. FFEC
can optimize this CR by clearly communicating information about product specifications
and weight to enhance customer satisfaction.

“Customer service” falls into the “Marginal Areas”. Although its performance is
lacking, its limited impact on satisfaction means immediate improvements are not essential.
However, when resources allow, enhancing this CR could boost overall satisfaction, as
this CR may present innovative opportunities for FFEC to explore competitive advantages.
“Cost-effectiveness” represents a “hidden risk.” Though customers pay little attention to
this CR, its performance significantly impacts overall satisfaction, and current offerings
fail to meet customer expectations. Improving performance here is essential. FFEC must
recognize this hidden risk and enhance product service quality to increase customers’
perceived value.

4.5. Results of the Improvement Index

Since CR; and CRy fall within the same quadrant in the Du-IPA results, their priorities
cannot be distinguished. Therefore, this study further calculates the priorities of these two
CRs. First, the improvement prospect value is calculated using Equations (15)-(18). The
results are shown in Table 11.

Table 11. The results of the improvement prospect value.

CR1 CR7
Q) 0.0043 0.0011

(); Then, the preference thresholds can be calculated by Equations (20) and (21). The
result is pt = 0.0067. Based on the stochastic dominance relation matrices constructed above

and these thresholds, the stochastic dominance degree matrices on pairwise comparisons
of CR; and CRy are derived as:

0 1
R1(CRy,CRy) = (0 0)

Finally, the dominant degree 77, and non-dominant degree 71, can be calculated using
Equations (22) and (23). Then, the “netflow”, which measures the improvement index, is
obtained via Equation (24) and shown in Table 12. Table 13 presents the sub-cubes where
each CR falls, and the results of both the initial and final ranking.
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Table 12. Improvement index of CRy and CRy.

7T CR, CR7,
" 1 0
s 0 1
7T 1 -1
rank 1 2

Table 13. Final prioritization results of CRs.

CR, Sub-Cube CR Type Initial Rank  Final Rank
CRy Q4 Hidden Competitiveness 4 4
CR, Q8 Hidden Risks 1 1
CR3 Q7 Marginal Areas 3 3
CRy Q3 Exceeding Expectations 6 6
CRs5 Q1 Foundational Strengths 5 5
CRg Q5 Acceptable Pain Points 2 2
CRy Q4 Hidden Competitiveness 4 5

4.6. Comparison Analysis and Sensitivity Analysis

To validate the superiority and stability of the methods employed in this study, this
section presents a comparative analysis between the sentiment analysis methods and CR
analysis methods used in this paper and existing methodologies. Furthermore, sensitivity
analyses of the data fusion weights and the parameters in prospect theory are conducted.

4.6.1. Comparison of Sentiment Analysis Methods

Sentiment analysis results serve as a crucial input for CR analysis, and their reliability
directly affects the accuracy of the final analysis outcomes. Given the outstanding perfor-
mance of BERT in various fields in recent years, this study employs the BERT-BiLSTM
model for sentiment analysis. To validate the reliability of this method, we compared it
with commonly used models, including BiLSTM [28], BERT [29], and SVM [74]. Based
on the data collected in this study and the labeled dataset described in Section 3.2.3, we
calculated the precision, accuracy, recall, and F1 score for each model, as shown in Figure 10.
The results indicate that the sentiment analysis model employed in this study outperforms

the other three models.
0.96
BiLSTM
0.94
0.92 BERT
0.9
0.88 SVM
0.86
0.84 BERT-
BiLSTM
0.82

Precision Recall F1 score Accuracy

Figure 10. Performance metrics of sentiment analysis models.
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4.6.2. Comparison of the Existing CR Analysis Methods

This study aims to develop a CR analysis model based on multi-source data from
online reviews and online Q&A, integrating both the dual importance and performance
of CR, alongside a product service improvement method based on prospect theory. In
this regard, this study compares existing literature that is most similar to the problem
addressed here to assess whether the proposed decision-making method is more effective
than existing methods. Lee et al. [33] proposed an Importance-Kano analysis framework,
which integrates the stated importance, derived importance, and Kano types, and visualizes
them through the I-Kano matrix. The I-Kano matrix, constructed using the online review
data collected in this study, is shown in Figure 11.

0.6
X CR5(M)

0.5
o
5 04
-g CR1(M) CR2(M)
(oW
£ 0.3 X v, ¥
. ’ CR6(M) X CR4(M)
E 0.
2 CR7(M)

0.1 X CR3I(M)

0
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35

Derived importance

Figure 11. Results of the I-Kano matrix.

Firstly, the differences in stated importance results (Figures 9 and 11) highlight the
advantages of multi-source data integration. For example, the importance of “Express
delivery” and “Cost-effectiveness” in the I-Kano matrix is above the average, but below the
average in the Du-IPA cube. In the I-Kano matrix, “Express delivery” holds more stated
importance than “Specification and weight,” while conversely in the Du-IPA cube. These
discrepancies arise primarily because the Du-IPA cube analysis framework incorporates
data from both online reviews and Q&A, whereas the I-Kano matrix relies solely on review
data. The inclusion of online Q&A data reduces the stated importance of these two CRs,
likely because customers pay less attention to them in online Q&A. On the other hand,
“Specification and weight,” compared to “Express delivery,” may receive less attention
in reviews but is more frequently discussed in online Q&A. The Du-IPA cube, therefore,
allows for adjustments in prioritizing these CRs, such as elevating “Specification and
weight” while deprioritizing “Express delivery” and “Cost-effectiveness”, minimizing
decision-making errors. To optimize product service, managers should consider both
online reviews and Q&A data to gain richer insights, reduce cognitive biases, and improve
decision-making.

Secondly, Du-IPA divides CRs into eight quadrants based on their importance and
performance, formulating optimization strategies tailored to each quadrant. In contrast, the
I-Kano framework classifies CRs into Kano types, providing multi-dimensional insights
for managers, but it is less suited to all stages of the product service lifecycle. In the early
stages, fulfilling a CR might induce pleasure, making it a “delight” attribute, but as the
product or service becomes more familiar, it may evolve into a “one-dimensional” CR
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and eventually a “basic” CR [75,76]. The I-Kano framework fails to provide the current
performance data for these CRs, limiting managers’ ability to optimize the product service.
In contrast, Du-IPA enables companies to track CR performance, identify areas requiring
improvement, and dynamically adjust resource allocation based on the dual importance
and performance of CRs. This supports ongoing optimization across multiple stages, from
product launch to the entire lifecycle.

Finally, existing research primarily focuses on optimizing the IPA or Kano models,
providing decision-making support for managers” practical work [25-28]. However, re-
garding further service improvements, most studies rely on these models to prioritize
CR improvements based on the managerial implications of CR classification. This study;,
however, applies prospect theory and utilizes the three indicators of Du-IPA to construct
an improved prospect value, prioritizing CR improvements. This approach offers a more
in-depth decision-making tool for managers in service improvement, which is the key
advantage of the proposed method.

4.6.3. Sensitivity Analysis of Data Fusion Weights

Existing studies typically use online reviews for CR analysis, while only a few studies
have employed online Q&A to extract customer opinions. This study integrates both data
sources through a weighted fusion method with a parameter «. Although the value of
this parameter allows managers to adjust it based on the characteristics of their prod-
ucts/services, to help them better understand the role of « and the advantages of multi-
source data fusion, we construct the Du-IPA using only online Q&A (« = 0), only online
reviews (« = 1), and a values of 0.3, 0.5, and 0.8. The data points of each CR are connected
by curves to illustrate their variations in Figure 12.

0.17
CR5(a=0)
0.16 CR4(a=0) »
: oo #-CR5(a=0.3)
=0. ® =
0.15 I CR503) . CRS(SEOS (80)( v
o= _ =VU.
. £ CR4(a=0.8) ¢ CR5(a=1)
§0~14 CR2(a=1) -{#
5 CR2(a=0.8) ’
5 0.13 é
& CR2(a=0.3)
0.12
" CR2(a=0)
0.11
0.1

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45

Stated importance

(a) CRs with derived importance above the mean

Figure 12. Cont.
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Figure 12. The Du-IPA with different adjusting parameters.

It is noteworthy that CR; and CR; exhibit different CR classifications when using
only online review data or only online Q&A data, indicating that the conclusions drawn
from these two data sources can differ. The parameter « adjusts the difference between the
two, enabling the final classification results to incorporate both the manager’s expertise
of a specific product (the setting of « value) and the differing customer opinions from the
two distinct data sources. In Figure 12, it can be observed that the greater the discrepancy
between the results of the single data sources, the more pronounced the effect of «, with
the curves connecting different points becoming longer.

4.6.4. Sensitivity Analysis of Risk Preference Coefficients and Loss Aversion Coefficient

According to Prospect Theory, risk preference coefficient { measures a decision-
maker’s risk attitude toward “gains” (the smaller ¢ is, the more conservative the decision-
maker is regarding gains). As illustrated in Figure 13, when ¢ varies within the range of
0.18-0.98, the improved prospect values of CR; and CRy both exhibit a trend of “decreasing
rapidly in the early stage and converging gently in the later stage”. Throughout the entire
range, the improved prospect value of CR; is consistently higher than that of CRy, while
CRy is more sensitive to the initial changes of ¢ than CR;. For instance, when « increases
from 0.18 to 0.38, the relative decrease rate of CRy reaches 0.7171, whereas that of CR; is
0.5980. As ¢ approaches its benchmark value (0.88), the variation amplitudes of the two CR
types gradually converge. In general, the stronger a decision-maker’s risk preference for
gains (i.e., the higher ¢ is), the lower the improved prospect values of CR; and CRy will be,
with the initial impact on CRy being more prominent.
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Figure 13. The impact of ¢ on improved prospect value.

The risk preference coefficient f measures a decision-maker’s risk attitude toward
“losses” (the smaller B is, the more sensitive the decision-maker is to losses). In Figure 14,
when p varies within the range of 0.18-0.98, the improved prospect value shows a significant
decreasing trend, and its initial fluctuation amplitude is much larger than that of x. In
summary, an increase in risk preference for losses (i.e., a higher ) will significantly weaken
the improved prospect values of both demand types, and the impact is most pronounced
in the loss-sensitive stage (when B is relatively small).
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0.1
0.08
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0 A—4 45— |
0.18 0.28 0.38 0.48 0.58 0.68 0.78 0.88 0.98

—#—CR1 —a&—CR7

Figure 14. The impact of B on improved prospect value.

A measures the psychological weight of losses relative to gains (A > 1 indicates loss
aversion). When A varies within the range of 0.25-4.25, the improved prospect values
of CR; and CRy7 show a continuously stable increasing trend (Figure 15). The higher the
degree of loss aversion (i.e., the higher A is), the higher the improved prospect values of
both demand types will be, with the positive promotion effect on CR; being more obvious.
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Figure 15. The impact of A on improved prospect value.

In conclusion, the influence intensity of the three coefficients on the improved prospect
value is ranked as: risk preference coefficient for losses > loss aversion coefficient > risk
preference coefficient for gains. Fluctuations in loss-related coefficients are the core factors
affecting the improved prospect value. Additionally, although the two demand types differ
in their sensitivity to coefficient changes, the improved prospect value of CR; is consistently
higher than that of CRy throughout the entire range, which also verifies the stability of the
improved prospect value calculation in this case study.

5. Conclusions

In the fierce competitive business environment, many companies are struggling to
maintain growth, underscoring the need to analyze and prioritize CRs to improve products
and services. However, existing methods typically rely on a single data source, such as
online reviews, and often focus on only one aspect of importance or fail to integrate CR
performance to inform product and service optimization decisions. This study proposes a
multidimensional CR analysis framework that combines multi-source UGC, considering
both the dual importance and performance of CRs. It is also designed to prioritize CRs
based on prospect theory. Compared to existing methods, the innovation and advantages
of the proposed method are reflected in the following aspects: First, this study innova-
tively introduces a method for analyzing CRs using two data sources—online reviews and
Q&A—reducing the potential biases that may arise from relying on a single data source.
Second, by integrating the dual importance of CRs with CR performance, it constructs an
improved IPA, Du-IPA, which divides CRs into eight categories. This provides managers
with a more detailed, visualized tool for CR classification and optimization strategy rec-
ommendations. Finally, this study extends existing research by applying prospect theory
to calculate the improvement prospects of each CR, offering an improved performance
improvement value calculation method to provide more specific decision-making support
in product and service improvement.

This study provides several management insights: First, for managers, this study
highlights the importance of using online reviews and Q&A to jointly uncover CRs. As
shown in Figure 12, the categorization of CRs can vary depending on the data sources.
Managers can assign different weights to these two data sources based on their under-
standing of the product lifecycle stages, enabling a more comprehensive assessment of
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customer opinions across different stages of the purchase journey. Second, managers can
integrate three key indicators of CRs and utilize Du-IPA to generate specific strategies
and plans for product service optimization. For instance, in the case of FFEC, managers
should prioritize cost-effectiveness, as it is a hidden risk for the FFEC operation. Finally,
this study emphasizes the need to prioritize the CRs within the same category to establish
a total order of all CRs. This is crucial for supporting managers in making more effective
decisions in practice. By quantifying the non-linear utility of “dissatisfaction reduction”
and “satisfaction increase,” managers can accurately identify key CRs within the same
quadrant that, if left unaddressed, would result in greater losses, thereby maximizing the
loss-avoidance benefits of each investment.

However, this study also has some limitations. First, while deep learning methods
are used for fine-grained sentiment analysis to categorize customer sentiments as positive,
negative, or neutral, real-world emotions can vary in intensity. More granular sentiment

”oa 7”oa

classification, such as “very positive,” “positive,” “neutral,” “negative,” and “very neg-
ative,” could provide deeper insights. The failure to consider these intensity variations
may result in the loss of valuable information for decision-making. Future research will
consider more fine-grained sentiment classification methods. Second, this study treats all
customers as a single group, but in segmented markets, customer needs may differ. Future
research can segment customers based on factors such as product price, demographic, or
regional to explore the needs of various market segments. This would enable more targeted
resource allocation and customize the provision of differentiated system products and
services tailored to specific market customer groups, thereby enhancing the company’s

core competitiveness.
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