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Abstract: Purpose: High-involvement experience products (HIEP) are generally characterized by a
high value and difficult purchasing decision for customers, and a wrong decision will bring large
losses to consumers, severely affecting their trust in enterprises. The purpose of this paper is to
solve the problem of trust evaluation of HIEP e-commerce enterprises. Tasks and research methods:
First, given the heterogeneity of trust information in the big data context, this paper collects the
reputation data of HIEP enterprises and the trust big data of enterprises in industry, commerce and
justice by a crawler program. Next, we use the dictionary and pattern matching methods to extract
the trust features in text big data and construct the trust evaluation feature set integrating judicial
information. Then, based on machine learning methods, we propose a LAS-RS model, which aims to
solve the problem of trust evaluation in an imbalanced and high-dimensional data context. Finally, by
introducing signal theory, this paper reveals the differential influence mechanism of big data feature
variables on the trust of HIEP e-commerce enterprises. Originality: This study further enriches the
relevant theories and methods of e-commerce trust evaluation research and is conducive to a better
understanding and control of potential trust risks.

Keywords: e-commerce; trust; high-involvement experience products; signal theory

1. Introduction

Consumer trust can substantially improve customer satisfaction and loyalty and is
the key to help e-commerce enterprises win market competition. The literature mainly
studies the trust problem in e-commerce from the characteristics, types, influencing factors
and calculation methods of trust. Liu et al. (2015) studied the domain and dynamic
characteristics of trust and proposed a domain-aware dynamic trust network construction
method by using a time-varying hypergraph model [1]. Isaeva et al. (2020) studied the
types of trust from different dimensions. Specifically, trust is divided into cognitive trust,
emotional trust and behavioral trust from the perspective of the source of trust; however,
from the angle of trust level, trust is divided into institutional trust and interpersonal
trust [2]. Verma et al. (2020) reviewed the factors influencing trust in e-commerce from the
perspectives of content, emotion and the sender and receiver of online word-of-mouth and
explored the degree, direction and moderating effect of these factors on trust [3]. Zhang
and Yang (2021) proposed a trust calculation method for cross-border e-commerce using
Bayesian networks and the machine learning method [4].

The product type and purchasing decision process can substantially influence con-
sumer trust. For experiential products, such as clothing and skin care products, obtaining
information and comparing product attributes are more difficult because consumers usually
need to see, touch, smell or use them [5–7], and different consumers may form different
opinions based on a single attribute of a product [8]. Therefore, for e-commerce companies
with experience products, consumers have difficulty evaluating the credibility of products
and companies through online word-of-mouth (OWOM) before purchasing. In addition,
because of differences in product value, importance and consumer interest and knowledge,
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user purchasing decision costs are different. High-involvement experience products (HIEP)
generally have the characteristics of a high value and difficult purchasing decision for
customers, and a wrong decision will bring large losses to consumers, severely affecting
the trust in enterprises. Therefore, trust evaluation of HIEP e-commerce enterprises is an
important issue worthy of study, but few scholars have paid attention to it.

Developing big data and information technology provides new opportunities for the
trust evaluation of HIEP e-commerce enterprises. In the big data environment, trust infor-
mation not only exists in e-commerce platforms, but also may be distributed in different
regions of cyberspace, such as industrial and commercial departments, judicial depart-
ments, supply chain enterprises and third-party social media platforms. The fusion of
cross-platform trust information can effectively improve the authenticity and comprehen-
siveness of trust evaluation, but few scholars have paid attention to it. However, the trust
evaluation of HIEP e-commerce enterprises based on big data also faces challenges, mainly
in the following three aspects. First, in the big data environment, there are tons of unstruc-
tured trust data, such as user comments on e-commerce platforms, judgment documents on
judicial websites and news reports on third-party social media. Extracting the appropriate
feature variables from this unstructured information to evaluate the credibility of HIEP
e-commerce companies is challenging. Second, the influence mechanism of big data feature
variables on the trustworthiness of HIEP e-commerce enterprises is complex. Relevant
theories must be introduced to reveal the differentiated effects of different types of big
data features on trust to improve the interpretability and guidance of the trust evaluation
model. Third, in the big data environment, the trust data of HIEP e-commerce enterprises
are characterized by high dimensionality and imbalance. The feature set dimension of trust
evaluation is high, including both structured and unstructured data. Furthermore, the
quantity of trusted enterprises and untrusted enterprises presents an unbalanced distribu-
tion, which severely affects the evaluation model performance. Therefore, how to build
the trust evaluation model of HIEP e-commerce enterprises in high-dimensional data and
imbalanced data environments still needs further research.

Given the above research shortcomings and challenges, this paper collected the repu-
tation data of HIEP e-commerce enterprises and the trust big data of enterprises in industry
and commerce, judiciary and other aspects. On this basis, unstructured data analysis meth-
ods, such as dictionary matching and pattern matching, are used to extract trust features
from text big data. By introducing signal theory, this paper explains the differential influ-
ence mechanism of big data feature variables on HIEP e-commerce enterprise credibility.
The results show that the trust features of different signal costs have differential effects
on the credibility of HIEP e-commerce enterprises. The higher the signal cost of the trust
feature is, the stronger its ability to explain whether the HIEP e-commerce enterprise is
trustworthy. Finally, we proposed a LAS-RS trust evaluation model for high-dimensional
trust data and imbalanced trust data. The LAS-RS model is able to establish a broad, well-
defined decision region for instances of the minority class. The effectiveness and robustness
of the proposed model are verified by designing an experimental research scheme.

This study has important theoretical and practical values. Theoretically, we integrate
big data analysis and signal theory into the study of trust evaluation of HIEP e-commerce
enterprises, promoting the integration of theories, methods and achievements in related
research fields, such as risk management [9], and providing theoretical and methodological
guidance for scholars to study the credibility of HIEP e-commerce enterprises. In practice,
the research results of this paper are helpful for consumers to have a more comprehen-
sive understanding of the risks of e-commerce transactions; they are beneficial for HIEP
e-commerce enterprises to handle the crisis of trust in a timely manner and improve market
competitiveness; they are also conducive to industrial and commercial regulatory authori-
ties to accurately grasp the business risks of HIEP e-commerce enterprises and scientifically
formulate intervention measures.
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2. Related Studies
2.1. Signal Theory

Signal theory was proposed by Spence in 1978 [10]. This theory is to study how
to reach a transaction under asymmetric information through activities such as signal
transmission and signal discrimination.

Enterprise trust evaluation mainly solves the problem of information asymmetry [4].
HIEP e-commerce companies clearly know their product situation and trust risks better
than customers do. Therefore, companies transmit relevant information as signals to
customers to help them make purchasing decisions under the condition of information
asymmetry. For instance, the reputation and margin of an e-commerce enterprise can be
used as signals for customers to judge whether the enterprise is trustworthy [2,11]. Here,
the HIEP e-commerce enterprise is the party that sends the signal, and the consumer is
the party that receives the signal. E-commerce enterprises send multiple signals to allow
customers to understand the basic situation of products and companies. At the same time,
customers can identify trustworthy merchants by identifying various obtained signals [12].
Müller et al. (2020) revealed how trust-enhancing signals influence buying intentions in
B2C e-commerce [13].

Signal cost is an important measure of signal effectiveness [14]. Signals that are
expensive to produce are more effective for decision making [15]. Rational signal senders
do not generate, release or consume expensive signals for petty gain, especially when
the cost of generating the signal outweighs the benefit of the signal. For example, a
long-term accumulated reputation means expensive signaling costs. Studies show that
e-commerce enterprises generally do not ruin their reputation to gain short-term benefits
from fraudulent behavior [12]. This paper further studies the prediction ability of the big
data features of different signal costs on HIEP e-commerce enterprises’ credibility and
uses signal theory to explain the results. Our study provides empirical evidence that big
data features with high signal costs have better explanatory power for whether HIEP
e-commerce enterprises are trustworthy, reveals the differential influence mechanism of
cross-platform big data features on HIEP e-commerce enterprises’ trust and improves the
interpretability and guidance of the trust evaluation model.

2.2. Influencing Factors of Trust

Trust is mainly affected by the trust tendency of consumers and the trustworthiness
of enterprises [2]. In the network environment, consumers and e-commerce enterprises
have difficulty with communicating face-to-face in the transaction process. In most cases,
consumers judge the credibility of e-commerce enterprises through online word-of-mouth.
Verma and Dewani (2020) found that the content, sender, receiver and context of OWOM
can affect the trust perception of e-commerce enterprises [3]. In terms of content, visual
online word-of-mouth (such as pictures and videos) is generally considered to have a
stronger effect on the trust perception of e-commerce enterprises than comments without
any visual information [16]. When information senders and receivers have similar values,
educational backgrounds and social statuses, online word-of-mouth is more likely to affect
consumers’ trust in enterprises [17]. Product type and platform type are the main contextual
factors affecting consumer trust [18,19]. Consumer trust is often influenced by OWOM
from a variety of platforms, including e-commerce platforms, online review sites and social
networks. Word-of-mouth on social networks has a stronger impact on customer trust than
comments from firm-owned channels [20].

In summary, the literature contains a certain amount of studies on the trust evaluation
of e-commerce companies. However, word-of-mouth on e-commerce platforms and social
media also has flaws, such as fake reviews, which lead to a need to further verify the
reliability of trust evaluation based on word-of-mouth. In addition, few studies have
focused on the trust evaluation of HIEP e-commerce enterprises. Therefore, this paper
combines word-of-mouth information with credible judicial adjudication information in
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the big data environment, and the significance of building a HIEP e-commerce enterprise
trust evaluation model based on cross-platform information is considerable.

2.3. Trust Evaluation Model

The trust evaluation of e-commerce enterprises can be considered a classification
problem; that is, a classification model is established by using statistics and other methods
to divide e-commerce enterprises into trustworthy and untrustworthy categories.

Common statistical methods include the discriminant analysis model, logistic regres-
sion model and decision tree model [21–23]. Statistical analysis methods generally require
that the original data obey relevant statistical assumptions (such as normal distribution),
and are usually effective only when the sample size is large [24]. With the deepening
of research in the field of machine learning, intelligent algorithms have been applied to
trust evaluation and decision making [25,26]. Morton’s (2011) study shows that neural
network (NN) models have significant advantages when there are complex nonlinear rela-
tionships between trust evaluation data [27]. The intelligent model loosens the statistical
assumption of trust evaluation data, while the intelligent algorithm has the feature of a
black box, and the interpretability is poor [28]. The combination method becomes the new
trend of evaluation and prediction research. It enables multiple single models to form
complementary advantages [29–31]. Studies have shown that the learning performance
of combination methods is significantly higher than that of single statistical models and
intelligent models [32].

A typical problem in the trust evaluation of HIEP e-commerce enterprises is the
high-dimensional imbalance of data. Therefore, trust evaluation model construction must
be studied in an imbalanced data environment. Imbalanced classification technologies
contain a sampling method [33], cost-sensitive learning method [34] and ensemble learning
method [35]. The sampling method balances the imbalanced dataset through oversampling
and undersampling, which helps to improve the trust risk identification ability of the
model [36]. Cost-sensitive learning (CSL) trains cost-sensitive classifiers by using minority
class misclassification costs higher than majority class misclassification costs to solve the
imbalanced classification problem from the algorithm level [34]. Although this method is
helpful for the trust evaluation of e-commerce enterprises, the accurate misclassification
cost in the application is difficult to determine [24]. It is worth mentioning that the ensemble
learning method outperforms many single classifiers. However, how to design a rational
integrated trust evaluation model for the high-dimensional imbalance of HIEP e-commerce
enterprise trust data needs further research.

3. Research Framework

To cope with the research gap and challenges, the following research framework is
proposed to construct a trust evaluation method suitable for HIEP e-commerce enterprises.
The research framework consists of three parts, as shown in Figure 1. The first part aims to
collect big data trust information about HIEP e-commerce enterprises from e-commerce
platforms and third-party network platforms, mainly including the basic information of
enterprises, the reputation data of e-commerce platforms and the data of industry and
commerce and judicial departments. The second part includes trust feature extraction
and time window determination, which aim to extract appropriate trust features from
structured and unstructured data collected in the first part and determine the best time
window. This approach is used because the influence of trust features on the credibility
of HIEP e-commerce enterprises differs significantly between time windows. The third
part proposes an LAS-RS model for the high-dimensional imbalance of trust data and
compares it with several benchmark models. At the same time, according to the signal
theory, the influence strength and mechanism of various features on the credibility of HIEP
e-commerce enterprises are discussed in depth. Finally, robustness analysis is carried out
on the trust prediction ability of the proposed model and various features.
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3.1. Trust Information Collection

This section mainly introduces the trust information of HIEP e-commerce enterprises
contained in the judgment document, which is rarely considered in the literature. Then, in
Section 3.2, we briefly introduce the enterprise basic information commonly used in the
trust evaluation literature and the trust information contained in the e-commerce reputation
system. We extract the administrative penalty information of industrial and commercial
departments as the target variable to judge whether the HIEP e-commerce enterprises are
trustworthy to consumers in their business activities.

3.1.1. Judgment Information

Judgment documents can effectively reflect disputes arising in the business process
of HIEP e-commerce enterprises, which is of great help in judging their trustworthiness
to consumers. Judgments can also affect a company’s ability to gain user trust. For
example, a court ordered an e-commerce enterprise to compensate the other party with
CNY 10 million. This ruling will directly affect the funds the company spends on improving
the quality of its products and services, which in turn affects consumer trust. The following
four aspects are mainly considered in extracting trust features from judgment documents
(See Appendix A Figures A1–A4).

1. Lawsuit status

Lawsuit status can be divided into plaintiffs and defendants. In general, defendant
status may have a greater effect on the trust risk of HIEP e-commerce enterprises. We
extract the lawsuit status information of enterprises according to trigger words. Commonly
used negative trigger words include defendant, respondent, appellee, etc. Other trigger
words indicate that the business is in plaintiff status.

2. Cause of action

Not all causes of action significantly affect the trust risk of HIEP enterprises. We select
specific types of disputes as keywords to find causes of action related to consumer trust,
such as false publicity and poor quality. We extract these specific types of causes of action
based on legal dictionaries and pattern matching methods.

3. Number of lawsuits

If HIEP e-commerce enterprises face many lawsuits from multiple stakeholders in
a short period, the enterprise may have serious trust risks. If lawsuits are only sporadic,
then negligence in some aspects of management may be the cause, which does not neces-
sarily affect consumer trust. To this end, we extract the number of lawsuits and study its
relationship with the credibility of HIEP e-commerce enterprises.

4. Judgment result

Judgment results include winning and losing, and different results have different
impacts on the trust risk of HIEP e-commerce enterprises. In addition, we extracted the
keywords of receipt and payment information from the judgment result section. This
approach is used because receipt and payment information directly affects the financial
status of HIEP e-commerce enterprises, which in turn affects the quality of products and
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services and consumer trust. As with litigation status, we divide the verdict into winning
or losing, depending on whether the verdict is in favor of the applicant.

3.1.2. Time Window Selection

In the big data environment, judgment information changes rapidly. HIEP e-commerce
enterprises may be involved in multiple judgment documents within a period of time.
However, judicial decisions in different time windows have different effects on consumer
trust. In general, the influence of judgment documents on the credibility of e-commerce
enterprises will gradually decay over time. Therefore, an appropriate time window must
be chosen to evaluate the credibility of HIEP e-commerce enterprises and to obtain all the
judgment documents during this period.

To select an appropriate time window, we calculate the time interval between the
judgment and target variable (whether HIEP e-commerce enterprises have industrial and
commercial administrative penalties). In our data, the maximum time interval is 5 years.
Therefore, for the judgment information Ji (i = 1–5), a five-dimensional vector (J1, J2, . . . , J5)
is defined, which represents the number of judgments of the HIEP e-commerce enterprises
in the previous i years of industrial and commercial administrative punishment.

For example, for judgment information, there is a five-dimensional vector (2, 3, 5, 6, 8),
where J1 = 2 and J2 = 3 indicate that two and three judgment documents have accumulated
in one and two years before the enterprise is punished by industrial and commercial
administration, respectively. The Chi-squared test was used to select the time window
corresponding to the dimension most associated with consumer trust.

3.2. Trust Feature Set Construction

We use the data collected from the judgment documents, combined with the enterprise
basic situation data commonly used in the literature and the e-commerce reputation system
data, to establish a feature set to evaluate the credibility of HIEP e-commerce companies.

The big data environment contains unstructured text data, such as the cause of action
description text in a judgment document. There are challenges in extracting appropriate
trust features from these unstructured data. Because of the standard expression of judgment
documents and the use of many professional terms to describe the process of litigation
and judgment results, we combine the legal dictionaries and use related trigger words and
rule templates to extract information such as lawsuit status, cause of action and judgment
results and then design the relevant trust features.

Table 1 shows the established feature set, which mainly includes three types of trust features,
namely basic features, e-commerce reputation features and judgment document features.

Table 1. Trust feature set of HIEP e-commerce enterprise.

Type Features References

FA: Basic features

Fa1 Registered capital

[37,38]
Fa2 Tax credit rating
Fa3 Amount of insurance
Fa4 Age (years)
Fa5 Number of insured

FB: E-commerce reputation
features

Fb1 Total number of reviews

[3,39]

Fb2 Number of positive reviews
Fb3 Number of negative reviews
Fb4 Authenticity of product information
Fb5 Speed of logistics
Fb6 After-sales service
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Table 1. Cont.

Type Features References

Fb7 Number of positive reviews with
visual information
Fb8 Number of negative reviews with
visual information
Fb9 Number of additional positive reviews
Fb10 Number of additional
negative reviews

FC: Judgment document
features

Fc1 Total number of lawsuits

[37]

Fc2 Number of wins as plaintiff
Fc3 Number of wins as a defendant
Fc4 Number of lost cases as plaintiff
Fc5 Number of lost cases as a defendant
Fc6 Compensation
Fc7 Compensation as a percentage of profit
Fc8–Fc16 Number of disputes of
various types

Source: systematized by the authors.

In the judgment document features (FC), we extract sixteen trust features based on the
four aspects analyzed in Section 3.1.1. Among them, the total number of lawsuits (Fc1) reflects
the overall situation of disputes arising in the operation of HIEP e-commerce enterprises,
which potentially can indicate whether the enterprises are trustworthy. We further divide
litigation into four types according to lawsuit status and judgment results and study the
relationship between different types of litigation and enterprise trust (Fc2–Fc5). We believe
that the compensation awarded in the judicial judgment can substantially affect the financial
status of the enterprise, thus affecting the ability of HIEP e-commerce enterprises to gain
consumer trust (Fc6 and Fc7). In addition, this paper intends to analyze the relationship
between causes of action and consumer trust (Fc8–Fc16). The types we focus on include
the dispute about construction projects (Fc8), commercial contract (Fc9), loan contract (Fc10),
shareholders (Fc11), real right (Fc12), guarantee (Fc13), personality rights (Fc14), labor (Fc15),
production and business operation (Fc16). We believe that not all causes of action will
substantially affect the credibility of the enterprise. This paper selects special types of disputes
as keywords to find causes of action related to consumer trust, such as false publicity and
low quality. We extract these specific types of causes of action based on legal dictionaries and
pattern matching methods.

3.3. Trust Evaluation Model Construction

The trusted HIEP e-commerce enterprises greatly outnumber the untrusted HIEP
e-commerce enterprises [24]. Therefore, constructing a trust evaluation model involves
classifying imbalanced data. Generally, imbalanced data classification methods include
two categories. One type is the sample-level method, which resamples by means of
oversampling and undersampling to balance the data distribution. Another type is the
algorithm-level approach, which mainly addresses class imbalances by improving existing
models or developing new algorithms. The ensemble approach is an effective algorithm-
level approach when imbalanced datasets contain high-dimensional data [40,41].

Feature selection can transform data into a low-dimensional space and is an effective
way to avoid misclassification of minority class instances. If the irrelevant features can be
filtered out and the features that have a significant impact on the classification effect can
be extracted, the performance of the ensemble model will be effectively improved. From
this perspective, the Lasso method involves a shrinkage estimation method that promises
to improve the accuracy of the ensemble method. Unlike most feature selection methods
(each feature is evaluated separately), Lasso can reduce the global feature set during the
construction of a trust evaluation model.
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Our proposed LAS-RS method consists of three steps, as shown in Figure 2. Firstly, the
original feature set is divided into several subsets through two important parameters: the
subspace ratio r and the penalty parameter λ estimated by the Lasso. r determines the ratio
of each feature subset to the global feature set, while the penalty parameter λ affects the
shrinkage of the feature set. The feature weight is determined by Lasso estimation, which
works as follows. To obtain a model, Lasso minimizes the sum of the squared residuals. The
constraint condition is that the sum of the absolute values of the regression coefficients is less
than a constant. Given a set of instances, the constraint condition is expressed as an instance
matrix D = {(x1, y1), · · · , (xi, yi), · · · (xn, yn)}T , where xi = {x1,i, x2,i, · · · , xc,i, · · · , xm,i}
is the prediction variable, yi is the state variable, n is the number of instances and m is
the number of prediction variables. On the condition that the regression coefficient of
the predictor does not exceed a threshold parameter on the L1 norm, a linear regression
model with prediction variables is established. The observations are independent or yi is
conditionally independent on a specific xc,i. Additionally, xc,i is standardized and satisfies
∑n

i=1 xc,i
n = 0 and

∑n
i=1 x2

c,i
n = 1. Therefore, Lasso estimation can be defined as a quadratic

optimization problem according to the following conditions:

argmin
γ
{

n

∑
i=1

(yi −
m

∑
c=1

(γcxc,i))
2

}+ λ
m

∑
c=1
|γc| (1)

where γc is the set of regression coefficients of the prediction variables xc, and λ is the
penalty parameter that controls the shrinkage degree. We determine the degree of associ-
ation between feature xc and class label yi by Lasso estimation. Then, we assign a set of
importance scores y = {γ1, γ2, · · · , γc, · · · , γm} for each feature. Finally, the feature weight
w can be determined as wc =

|γc |
∑m

c=1|γc | . By controlling the parameters w and r, the features
are randomly extracted, and the probability that feature xc is extracted is equal to its weight
(wc). Therefore, several random feature subspaces formed by the original feature set can be
expressed as Lj

sub =
{
(xj

1, y1), · · · , (xj
i , yi), · · · , (xj

n, yn)
}

, 1 ≤ j ≤ s.
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4. Experimental Design 
4.1. Experimental Dataset 

Our data come from China’s famous e-commerce platform JD.com, as well as the 
China Judgment Documents Network and “www.qcc.com”. Among them, basic infor-
mation about the registered capital, deposit amount and age of HIEP e-commerce enter-
prises is obtained from Jingdong Mall, and information, such as user reviews and ratings, 
is obtained from the e-commerce reputation system. In addition, we obtained the judg-
ment document information about the HIEP e-commerce enterprise from the China Judg-
ment Documents Network and linked the cross-platform big data with the Jingdong Mall 
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The second step is to train the selected base classifier. Decision trees are widely used as
one of the best classifiers for prediction because of their superior classification performance
and good interpretability [42]. Therefore, we choose the C4.5 decision tree as the base
classifier of LAS-RS.

The third step is to integrate the initial results of each base classifier. Commonly used
integration strategies are voting methods and learning methods. Because of the lack of
relevant expert knowledge to determine the voting weight of each base classifier, we adopt
the learning method. Inspired by the stacking ensemble strategy, logistic regression was
adopted as the meta-classifier, taking the output of each base classifier as the input of the
meta-classifier. The results of the base classifier are learned to reduce the classification error
of the ensemble model and improve the generalization ability.
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The above contents are the three basic steps of the LAS-RS algorithm. Figure 2 shows
the process of the LAS-RS algorithm.

4. Experimental Design
4.1. Experimental Dataset

Our data come from China’s famous e-commerce platform JD.com, as well as the
China Judgment Documents Network and “www.qcc.com”. Among them, basic informa-
tion about the registered capital, deposit amount and age of HIEP e-commerce enterprises
is obtained from Jingdong Mall, and information, such as user reviews and ratings, is
obtained from the e-commerce reputation system. In addition, we obtained the judgment
document information about the HIEP e-commerce enterprise from the China Judgment
Documents Network and linked the cross-platform big data with the Jingdong Mall data
through the enterprise name. This paper selects jewelry e-commerce companies and high-
end customized apparel e-commerce companies as representatives of HIEP e-commerce
enterprises. We collected data from the above websites using a crawler program. Data
from June 2015 to June 2020 for a total of 2586 e-commerce enterprises are included. After
the stage of data preprocessing, 2532 e-commerce enterprises remained, including 1947
trustworthy e-commerce enterprises and 585 e-commerce enterprises with integrity prob-
lems. This paper uses the industrial and commercial administrative penalty information
obtained from “www.qcc.com” as the target variable to judge whether HIEP e-commerce
enterprises are trustworthy and divides the enterprises into two categories: trustworthy
and untrustworthy. Among them, credible refers to the fact that the enterprise has not
experienced industrial and commercial administrative penalties in its business activities
in the past year. This paper uses the LAS-RS model and multisource trust information to
predict whether HIEP e-commerce enterprises will experience a trust crisis in the operation
process in the next year.

4.2. Evaluation Indicators

To measure and compare the performance of trust evaluation models, we use two
commonly used metrics, namely average accuracy (AA) and area under the ROC curve
(AUC). The untrusted enterprise is a positive class, and the trusted enterprise is a negative
class. The average accuracy metric is defined below.

AverageAccuracy =
TP + TN

TP + FP + FN + TN
(2)

By showing the binary classification results under different thresholds, the relationship
between TP and FP can be seen, thus forming the ROC curve. The value of AUC is between
0 and 1, and the larger the AUC value is, the better the performance of the model is.

4.3. Experimental Procedure

We selected several benchmark models for comparison with LAS-RS, including sample-
level methods (oversampling, OS; undersampling, US; SMOTE) and algorithm-level meth-
ods (cost-sensitive methods, CSL; ensemble methods). To implement the above benchmark
approach, WEKA modules, such as SMO, Bagging, ADBoostM1, Stacking and CostSensi-
tiveClassifier, were selected. We verified the performance of the proposed LAS-RS model
and each benchmark model under different types of feature sets and feature set combi-
nations to reflect the explanatory ability of various features for the credibility of HIEP
e-commerce enterprises. To reduce the negative effects of the changes in the training set,
we conducted ten tenfold cross-validation experiments.

5. Results and Discussion
5.1. Time Window Selection

To select the best time window, we study the relationship between judgment informa-
tion in different periods and the credibility of HIEP e-commerce enterprises at observed

www.qcc.com
www.qcc.com
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time points. The Chi-squared test method was used to calculate the correlation between
judgment information and HIEP e-commerce enterprise trust status in different time win-
dows. The results are shown in Table 2. The time window “Having judgment within 2
years” obtains the maximum Chi-squared value, which indicates that the judgment in-
formation within 2 years has the strongest impact on the credibility of HIEP e-commerce
enterprises. This result shows that in the short term, the influence of judicial judgment on
enterprise credibility has a lag, and it takes some time (one year later) to appear; in the
long run, the influence of judicial decisions on enterprise credibility will gradually weaken.
We did not conduct time window analysis on reputation information (FB) and enterprise
basic information (FA). Given that the online reputation data change in real time and their
impact on trust is instantaneous, all the data before the observation time point need to be
collected. However, enterprise basic information is generally time-independent, so time
window analysis was not performed.

Table 2. Results of the Chi-squared test for different observation periods.

Observation Period Number of
Judgment Chi-Value p-Value

1 year 20711 0.000 0.997
2 years 38928 0.963 0.328
3 years 47154 0.205 0.642
4 years 52212 0.132 0.716
5 years 57905 0.098 0.763
6 years 61532 0.086 0.782

Source: calculated by the authors.

5.2. High-Dimensional Feature Selection

We use the Lasso method to select subfeature sets that are closely related to the
credibility of HIEP e-commerce enterprises from the high-dimensional feature set. Feature
selection can effectively reduce the complexity of machine learning models and improve
the generalization ability of models.

In terms of enterprise basic information, the five basic features (Fa1–Fa5) all signifi-
cantly affect the consumer trust of HIEP e-commerce enterprises. Therefore, we use them
as the basic control variables.

In terms of reputation information, the total number of reviews (Fb1) and the number
of positive reviews (Fb2) have no significant impact on consumer trust, which coincides
with the research of Verma and Dewani (2020) [3]. This result is possibly due to some
positive reviews being inspired by the interests of merchants rather than the hearts of
consumers. In addition, there are many default positive reviews on e-commerce platforms.
However, the number of negative reviews (Fb3) and the authenticity of product information
(Fb4) significantly affect the credibility of HIEP e-commerce companies. This result may
be due to the greater likelihood that negative reviews and the authenticity of product
information reflect the real consumer experience. This conclusion is also consistent with
the research of Liang et al. (2017) [39]. However, Liang et al. (2017) focused on ordinary
e-commerce enterprises, while we focused on HIEP e-commerce enterprises. Notably,
logistics speed (Fb5) does not have a significant effect on consumer trust, which may be
because consumers of HIEP e-commerce enterprises pay more attention to the quality of
products and services, but have low requirements on logistics speed. Therefore, in our study,
after-sales service (Fb6) has a more significant effect on consumer trust. At the same time,
we found that for HIEP e-commerce companies, customer reviews with visual information
(Fb7 and Fb8) have a significant effect on consumer trust. This result is consistent with the
analysis conclusion of Verma and Dewani (2020) [3] on general e-commerce enterprises, but
Verma and Dewani (2020) [3] only provide a theoretical analysis and lack an empirical test.
Finally, we reveal that additional reviews (Fb9 and Fb10) significantly affect the credibility
of HIEP e-commerce enterprises. This result may be due to high-involvement experience
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products having the characteristics of complex product knowledge, strong professionalism
and a long problem exposure cycle, and the follow-up review can reflect the consumer’s
trust in the product after using it for a period of time.

In terms of judgment information, not all judicial judgment information have been
found to significantly affect the financial trust of enterprises [37]. Inspired by this finding,
we divide the total number of lawsuits (Fc1) into four categories from the perspectives of
HIEP e-commerce enterprises’ position in judgment (including plaintiff and defendant) and
judgment results (including winning and losing), that is, the number of wins as plaintiffs
(Fc2), the number of wins as defendants (Fc3), the number of lost cases as plaintiffs (Fc4)
and the number of lost cases as defendants (Fc5). The results show that only the number of
lost cases as a defendant (Fc5) has a significant impact on enterprise credibility, possibly
because these cases often affect a company’s reputation and perceived trust. In addition,
companies usually need to pay a certain amount of legal compensation (Fc6) when they
lose a lawsuit, which may affect the enterprise’s operating funds that could be used
for the quality of products and services improvement and ultimately affect consumer
trust. However, because of the differences in the profitability of different enterprises, the
same compensation will have different impacts on different enterprises [37]. For example,
CNY 100,000 may not be worth mentioning for a company with strong profitability and
will not affect its operating capital and consumer trust, but may lead to bankruptcy for
a company with weak profitability, seriously affecting its consumer trust. Therefore,
the ratio of litigation compensation to the total annual profit of a company may have a
stronger explanatory power for the credibility of the company. However, many e-commerce
companies do not disclose their total annual profits. Using tax credit rating as a proxy
variable of total annual profits, we find that the compensation as a percentage of profit (Fc7)
has a significant relationship with the consumer trust of HIEP e-commerce enterprises. We
further explore the relationship between the causes of action (Fc8–Fc16) and the credibility
of HIEP e-commerce enterprises. Nine common causes of action are extracted from the
judgment document by using regular expressions and legal dictionaries. Through the Lasso
method, we explore the correlation between the number of disputes and consumer trust
for the above nine types of lawsuits. The result shows that the causes of action related to
commercial contract disputes (Fc9) and production and business operation disputes (Fc16)
significantly correlate with the credibility of HIEP e-commerce enterprises.

5.3. Trust Evaluation Results and Discussion
5.3.1. Findings

We further investigate the prediction ability of various features and methods on the
credibility of two types of HIEP e-commerce enterprises. The conclusions are shown
in Tables 3 and 4.

Table 3. Average accuracy of various features and methods (jewelry e-commerce enterprises).

Feature Sets FA FA + B FA + C FA + B + C

SVM 71.23 73.18 79.16 80.09
OS 78.57 80.39 88.61 90.66
US 72.65 74.58 83.79 86.61

SMOT 78.46 81.22 90.21 90.87
CSL 78.38 81.96 89.53 91.15
Bag 85.21 87.86 90.50 93.14

Boost 86.34 88.31 92.40 93.27
Stacking 87.76 88.72 91.24 93.93
LAS-RS 88.32 89.79 93.45 96.76

Source: calculated by the authors.
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Table 4. AUC of various features and methods (jewelry e-commerce enterprises).

Feature Sets FA FA + B FA + C FA + B + C

SVM 73.92 75.39 82.86 83.52
OS 81.35 82.40 89.75 87.36
US 68.43 70.83 84.58 85.72

SMOT 82.32 84.26 87.33 86.95
CSL 81.79 83.41 86.17 92.38
Bag 84.46 85.93 87.42 93.43

Boost 86.13 86.72 90.78 92.84
Stacking 88.63 89.32 92.29 93.02
LAS-RS 90.39 91.61 93.82 95.87

Source: calculated by the authors.

Tables 3 and 4 show the performance of various features and models in predicting
the trustworthiness of jewelry e-commerce enterprises. From the perspective of features,
the addition of e-commerce reputation features (FB) and judgment document features (FC)
can effectively improve the performance of each trust evaluation method. In addition,
compared with the reputation feature (FB), the judgment document feature (FC) has a
more obvious improvement effect on the performance of the trust evaluation method. For
example, the AA and AUC of the LAS-RS model proposed in this paper reached 93.45
and 93.82, respectively, after adding judgment document features (FA + FC), which was
significantly higher than the model performance after adding reputation features (FA + FB)
(AA and AUC were 89.79 and 91.61, respectively). From the perspective of the models,
the overall performance of the imbalanced classification model is better than that of the
benchmark SVM model, and the performance varies between imbalanced classification
models. In general, the performance of sampling-based imbalanced classification models
(OS, US, SMOT) and cost-sensitive learning (CSL) is inferior to that of ensemble models
(Bag, Boost). The LAS-RS model achieves optimal performance based on improvements
to RS. When FB and FC features were added, the AA of LAS-RS reached 96.76, while the
AUC reached 95.87.

Tables 5 and 6 show the performance of various features and methods in predicting the
trustworthiness of high-end customized clothing e-commerce enterprises. On the whole,
the results are alike to that shown in Tables 3 and 4. That is, the imbalanced classification
method outperforms the benchmark SVM method, and the ensemble method outperforms
the sampling-based imbalanced classification method and cost-sensitive learning. LAS-RS
also achieves the best trust prediction ability. In terms of the trust recognition ability of
features, the signal cost of the FC is higher than that of the FB.

Table 5. Average accuracy of various features and methods (high-end customized apparel
e-commerce enterprises).

Feature Sets FA FA + B FA + C FA + B + C

SVM 69.15 71.76 77.65 78.71
OS 73.31 76.90 86.44 88.50
US 69.68 70.80 82.42 85.14

SMOT 74.42 77.99 88.07 89.10
CSL 75.56 78.81 87.95 89.91
Bag 80.39 86.10 88.64 91.73

Boost 81.46 86.71 90.40 92.47
Stacking 83.28 86.48 90.05 92.96
LAS-RS 84.30 88.33 92.46 94.61

Source: calculated by the authors.
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Table 6. AUC of various features and methods (high-end customized apparel e-commerce enterprises).

Feature Sets FA FA + B FA + C FA + B + C

SVM 70.69 74.23 81.51 82.03
OS 72.07 81.93 88.02 89.58
US 70.94 71.66 81.29 84.31

SMOT 76.26 82.07 86.18 88.64
CSL 78.38 81.91 86.86 90.47
Bag 79.50 84.34 87.95 92.51

Boost 81.34 85.08 89.92 91.76
Stacking 82.75 85.46 91.46 93.75
LAS-RS 85.60 89.69 93.59 95.92

Source: calculated by the authors.

To make sure the results were not accidental, we examined the significance of the AUC.
To be specific, we performed a significance paired t-test at the a = 0.05 level on all results to
show the statistical significance of each comparison. Table 7 shows the statistical tests of the
differences in the trust prediction ability of different types of features. The results show that
for jewelry e-commerce enterprises and high-end custom clothing e-commerce enterprises,
integrating FCs has a significantly higher trust prediction ability than integrating FBs. Further-
more, incorporating the three types of features FA + B + C makes the model’s trust prediction
performance significantly better than what can be achieved using only FA + B and FA + C
features. Table 8 shows the statistical test of the AUC differences in various methods in the
state of fusing the three types of features FA + B + C. The conclusion shows that the imbalanced
classification method obtains a significantly higher trust prediction performance than the
benchmark SVM method. Among the many imbalanced classification methods, the ensemble
methods (Bagging and Boosting) have better trust prediction performance than sampling-
based methods (OS, US and SMOT) and cost-sensitive learning methods. The LAS-RS method
significantly outperforms the other methods in terms of trust prediction performance.

Table 7. Statistical test of the AUC differences in various feature sets (* p < 0.05, ** p < 0.01).

Type Jewelry Apparel

Methods FA + B + C/
FA + C

FA + B + C/
FA + B

FA + C/
FA + B

FA + B + C/
FA + C

FA + B + C/
FA + B

FA + C/
FA + B

SVM 2.43 * 8.60 ** 7.15 ** 2.66 * 7.93 ** 7.43 **
OS 3.62 ** 11.63 ** 10.70 ** 3.31 ** 11.26 ** 9.09 **
US 3.08 ** 14.53 ** 13.15 ** 5.08 ** 13.04 ** 10.41 **

SMOT 2.49 * 12.83 ** 11.27 ** 2.41 * 11.19 ** 10.65 **
CSL 2.94 * 12.33 ** 10.93 ** 2.98 * 9.51 ** 8.55 **
Bag 4.59 ** 6.79 ** 3.05 ** 4.35 ** 6.68 ** 3.35 **

Boost 3.09 ** 5.09 ** 4.88 ** 2.24 * 5.44 ** 5.31 **
Stacking 3.50 ** 6.93 ** 4.81 ** 4.84 ** 6.21 ** 3.38 **
LAS-RS 3.84 ** 7.28 ** 4.56 ** 4.55 ** 7.16 ** 4.82 **

Source: calculated by the authors.

Table 8. Statistical test of the AUC differences in various methods (FA + B + C, * p < 0.05, ** p < 0.01).

Type Jewelry Apparel Type Jewelry Apparel

OS/SVM 11.29 ** 12.27 ** Bag/CSL 2.15 * 2.78 *
US/SVM 6.53 ** 6.05 ** Boost/OS 5.06 ** 4.85 **

SMOT/SVM 13.36 ** 13.61 ** Boost/US 10.18 ** 10.61 **
CSL/SVM 12.49 ** 13.18 ** Boost/SMOT 3.66 ** 2.69 *
Bag/SVM 13.40 ** 14.47 ** Boost/CSL 3.58 ** 3.75 **

Boost/SVM 15.36 ** 16.79 ** Stacking/OS 4.49 ** 3.57 **
Stacking/SVM 15.21 ** 14.51 ** Stacking/US 9.36 ** 9.20 **

Bag/OS 2.79 * 2.58 * Stacking/SMOT 3.49 ** 3.80 **
Bag/US 8.42 ** 8.78 ** Stacking/CSL 3.61 ** 3.44 **

Bag/SMOT 2.84 * 2.27 * LAS-RS/Stacking 3.43 ** 3.57 **
Source: calculated by the authors.
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5.3.2. Discussion

We try to interpret and describe the findings in Section 5.3.1 from the perspective of
signal theory. From the signal theory perspective, the results of Tables 3 and 4 were obtained
because judgment information usually means high litigation costs, and the enterprise solves
trust-related disputes through litigation only as a last resort. However, the cost of HIEP
e-commerce enterprises to obtain a short-term (such as within one year) good reputation can
be relatively low. Some enterprises even exploit the loopholes in the e-commerce reputation
system to create the illusion of good reputation through strategic means such as collusion.
Therefore, the signal cost of the FC is significantly more than that of the FB. According to the
principle of signal theory, signal FC is more effective in reducing information asymmetry
in commercial activities. Therefore, FC has a better and significant improvement effect on
the prediction ability of the trust evaluation method. When the above two types of features
are added simultaneously, the hologram of trust can be formed from a broader perspective,
and the performance of the trust evaluation model reaches the optimal level. Similarly,
for the results of Tables 5 and 6, according to the principle of signal theory, feature set
FA + C is stronger than feature set FA + B in trust evaluation, and FA + B + C achieves the
optimal performance.

6. Conclusions

This paper studies the trust evaluation of HIEP e-commerce enterprises. We obtain
the trust data of e-commerce enterprises from multisource and heterogeneous big data
platforms, such as the e-commerce reputation system, judicial judgment documents and
industrial and commercial administrative departments, and propose an LAS-RS trust
evaluation model aimed at the high-dimensional imbalance of trust data in a big data
environment. At the same time, to clarify the deep influence mechanism of various features
on trust, we introduce signal theory to explain the differential influence of e-commerce
reputation features and judgment document features on the credibility of HIEP e-commerce
enterprises from the perspective of signal cost.

This study has important theoretical value. First, this paper enriches the related theory
and literature research on e-commerce trust evaluation. Most of the existing literature re-
volve around the trust evaluation of general e-commerce enterprises. From the perspective
of product type and purchase decision-making process, this paper focuses on the trust
evaluation of HIEP e-commerce enterprises, which is an innovation of the research object.

Second, this paper uses judicial judgment information to evaluate the credibility
of HIEP e-commerce companies and further expands the data sources of e-commerce
companies’ trust evaluation. In addition, we introduce signaling theory to explore the
differential impact of various characteristics on trust from the perspective of signaling cost.
The results show that judgment features with high signal costs have a stronger impact on
trust. Therefore, this paper expands the applicable scenarios of signal theory and promotes
the integration of classical theories in related fields to trust evaluation research.

Third, this paper improves the RS-based trust evaluation model. To address the
high-dimensional imbalance of e-commerce trust data, the LAS-RS model is designed.
Additionally, the enterprise operation management data in some scenarios are also high-
dimensional and/or imbalanced. Therefore, the LAS-RS model is also instructive for the
literature research in related areas, such as predicting enterprise bankruptcy risk in the
context of big data.

At the same time, this study also has important practical value. First, the research
results of this paper help business administration departments strengthen the supervision of
e-commerce enterprises; detect the signs of trust risks in the business process of enterprises
in a timely manner; formulate relevant risk surveillance, forewarning and prevention
measures; promote the healthy and sound development of the e-commerce market.

Second, the research conclusions of this paper provide direction for the operation
and risk management of e-commerce platforms. The platform can build a better trust
evaluation system for HIEP e-commerce enterprises. For example, publicly accessible
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judicial judgment information can be integrated into the e-commerce reputation systems
so that consumers can have a more comprehensive understanding of the potential risks of
the enterprise.

Third, the research results of this paper help consumers obtain more trust risk re-
minders about HIEP e-commerce enterprises, help consumers find trustworthy businesses,
reduce consumer losses, improve consumer satisfaction and loyalty and improve the
profitability and market competitiveness of enterprises.

This paper also has shortcomings. For example, we chose only two types of HIEP
e-commerce enterprises. In the future, we will select more types of HIEP e-commerce
enterprises to further verify the research conclusions of this paper. Furthermore, trust is
related to the enterprises themselves and consumer attitudes. This paper mainly studies
one of the aspects that affects trust, that is, trust data on the enterprise side. In the future, we
will consider consumers’ risk preferences and build a personalized consumer trust model.
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Appendix A.1. Lawsuit Status

We select keywords (as shown in Table A1) related to lawsuit status from the legal dic-
tionary to extract the lawsuit status of the applicant, which appear in the basic information
of the parties (see Figure A1). We scan the file from the judgment code line to find the first
place where the applicant’s name appears. If we find a word written before the applicant’s
name in our word bag, we assume that the keyword represents lawsuit status.

Table A1. Keywords associated with lawsuit status.

Lawsuit Status Keywords

Negative Defendant, appellee, respondent, person subjected to
enforcement, party against whom execution is filed

Non-negative Plaintiff, appellant, applicant, execution applicant, retrial
applicant, third party, claimant

Source: compiled by the authors.

Appendix A.2. Cause of Action

We use a pattern-based approach to extract the keywords for the cause of action from
the second part of the judgment (see Figure A2). The first sentence of a cause of action
is usually written as follows: the XXX dispute case with the plaintiff XXX accusing the
defendant XXX. We treat the specific dispute as the keyword for cause of action. Therefore,
we use regular expressions and legal dictionaries to find specific disputes. There are
1960 terms related to disputes in the predefined dictionary.

Appendix A.3. Judgment Result

This structured information is extracted from the third part of the judgment (see Figure A3).
We extract the sentences between the two phrases “the sentence shown below:” and “the total
fee . . . the lawsuit fee . . . the insurance fee . . . ”. Then, we split these sentences by the sequence
number and only retain the items involving the applicant. After analyzing the content of the
judgment results in our sample, we construct 24 regular expressions to match each item in the
judgment results. The keywords shown in Table A2 are part of these regular expressions, and
each keyword belongs to only one regular expression and vice versa. If an item matches one of
these regular expressions, we use the keyword of that regular expression to represent the item.

Table A2. The keywords used in the description of the results of a judgment.

Judgment Result Keywords

Negative
Payment, joint and several liability, frozen assets, detained assets, sealed up
assets, returning goods, compulsory execution, issuing false invoice, the
notice of discharging obligation

Non-negative

Receiving money, suspension of payment, no compensation shall be paid,
preserved assets, release of frozen assets, release of the sealed assets,
release of the detained assets, allowed to withdraw a lawsuit, allowed to
withdraw an appeal, revoked a case placed on file, execution termination,
lawsuit termination, revised the mistake in the judgment, affirmed the
original judgment, the notice of assisting in enforcement

Source: compiled by the authors.
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