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Abstract: With the development of internet-related technology, more and more consumers are trading
on second-hand platforms. However, due to the uncertainty of second-hand products, there are a lot
of transaction disputes on the platform. It is important to efficiently solve the transaction disputes
on the platform. Based on the comment data on social media, this paper systematically studies
the public opinion towards the online dispute resolution of Xianyu, China’s largest second-hand
goods-trading platform, using word-frequency analysis, theme analysis and sentiment analysis. The
study found that online disputes mainly focus on the return and refund issues between buyers and
sellers. Crowdsourcing online dispute resolution cannot completely solve all problems, and the
platform is still needed to help solve disputes. Consumers are concerned about the convenience of
the process operation and the fairness of the results of the crowdsourcing online dispute resolution,
as well as the contact channels of customer service. The platform should prevent these situations in
advance and avoid disputes from the source. Moreover, the platform should perfect the design of
public review system and mechanism, broaden the appeal channels of platform customer service,
and improve the platform dispute resolution mechanism. It is of great significance for the develop-
ment of a second-hand goods-trading platform and the application of an online dispute resolution
mechanism to mine the service evaluation and satisfaction factors of consumers on the online dispute
resolution mechanism.

Keywords: second-hand goods-trading platform; online dispute resolution; crowdsourcing online
dispute resolution; sentiment analysis

1. Introduction

With the improvement of people’s material and environmental awareness, the atti-
tudes of consumers and their acceptability regarding owning used goods have shifted [1–3].
More and more consumers, especially the new generation of consumers, prefer to trade
second-hand products on reliable second-hand platforms [4,5]. Second-hand goods trading
is conducive to reducing waste, saving resources and energy, and protecting the environ-
ment [6,7]. According to the data of QYResearch, the commodity turnover of the global
second-hand trading platform has reached USD 581.5 billion in 2020, with a compound
annual growth rate of 19.66%. However, compared with traditional e-commerce, the
uncertainty regarding sellers and products is stronger [8], which has seriously hindered
transactions on second-hand platforms, resulting in a large number of transaction disputes.
Due to the characteristics of low amount, large quantity, long distance and anonymity of
online shopping, traditional dispute resolution methods are difficult to use to effectively
solve the online shopping transaction disputes. The online dispute resolution mechanism
can be suitable for solving online shopping disputes with the characteristics of low cost
and high efficiency [9].

Online dispute resolution (ODR) is a mechanism to resolve disputes with internet-
related technology [10]. In 2000, eBay, a typical shopping website, introduced Square Trade,
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a third-party dispute settlement mechanism, to deal with dispute resolution in transactions,
but it still has problems of low efficiency and high cost [11]. After accumulating abundant
experience in dispute resolution, eBay designed its own internal online dispute resolution
mechanism in 2010, which deals with disputes in a typed manner, greatly improving the
efficiency of dispute settlement [12]. Learning from the experience of eBay, Taobao, the
largest shopping website in China, follows the concept of continuous case separation and
quick settlement, and provides repeated opportunities to provide evidence and interaction
in the process of settlement to promote peaceful settlement [13].

The second-hand goods-trading platform Xianyu has designed its own online dispute
resolution mechanism, Xianyu Small Court, which, according to the characteristics of the
platform, adjudicates disputes between buyers and sellers through high-quality users’
voting, which is similar to jury trial [14]. This mechanism, known as crowdsourced online
dispute resolution, was first pioneered by eBay India in 2008 to resolve disputes arising from
negative comments posted on the e-commerce platform [15]. The service was discontinued
in late 2012 but it has been copied by other platforms. Xianyu Small Court provides users
with a quick settlement of disputes, which is suitable for the characteristics of large and
complex transactions on the second-hand goods-trading platform. At the same time, it uses
the form of crowdsourcing to realize sharing governance of the platform.

At present, the crowdsourcing online dispute resolution mechanism is still in the
exploratory stage, with inconsistent procedural rules and a lack of management supervi-
sion [16]. On social media, the new online dispute resolution mode has also received mixed
reactions from users. This paper uses an exploratory approach to investigate what factors
affect users’ satisfaction with the online dispute resolution mechanism on the second-hand
goods-trading platform.

Therefore, it is of great significance for the development of the crowdsourcing online
dispute resolution to understand users’ evaluation of the mechanism and dig out the main
factors that affect customers’ emotional tendencies. This research can help the second-
hand trading platform improve its own governance mechanism. The mining of user
dispute information can reflect the obstacles faced by people when participating in the
exchange in a second-hand trading platform, so as to provide targeted suggestions for
improvement, which is conducive to sustainability and to more people participating in
second-hand trading.

The crowdsourcing online dispute resolution has always been the main system of
Xianyu platform to deal with disputes between buyers and sellers, and it has a wealth of
textual data. Therefore, based on the online comments on the Xianyu Small Court on social
media, this paper studies and analyzes the influence factors of the users’ emotional incli-
nation of the crowdsourcing online dispute resolution on the second-hand goods-trading
platform through the methods of text feature analysis, Latent Dirichlet Allocation (LDA )
topic model and sentiment analysis, among others, and puts forward relevant suggestions.

2. Literature Review

Crowdsourcing online dispute resolution is a type of online dispute resolution mecha-
nism. There are two opinions on online dispute resolution mechanism ODR. One is that
ODR evolved from (Alternative Dispute Resolution) ADR, an alternative dispute resolution
mechanism [17]. The other is, from a broad perspective, that ODR is a general term for
dispute resolution with the help of internet-related technology [18]. ODR is an emerging
dispute resolution mechanism in the Internet era. The main feature of ODR is the applica-
tion of internet-related technology. Therefore, this paper adopts the broad meaning of ODR
and considers that ODR is a general way of using technology to solve disputes online.

The online dispute resolution mechanism mainly includes three types: online nego-
tiation, online mediation and online arbitration. Online negotiation usually refers to the
communication and negotiation between disputing parties on the online platform without
the third party [19]. Online mediation is the process of resolving disputes between parties
online and reaching an agreement by using network information technology with the help
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of a third party [20]. Online arbitration is a form of arbitration in which the parties and
arbitrators use network information technology to arbitrate online awards under the aus-
pices of arbitrators [21]. At present, online negotiation is encouraged on online shopping
platforms, which is mainly divided into two modes: customer service staff adjudication
process and crowdsourcing online dispute resolution [22]. Platform customer service staff
adjudication process means that online platforms resolve disputes by setting up special
customer service teams. The crowdsourcing online dispute resolution, on the other hand, is
a process in which that the platform invites high-quality users as jurors to make judgments
on disputes between parties by voting [23].

From a technical perspective, Clark, Cho, and Hoyle have focused on the use of
information and communication technologies (ICTs) in online dispute resolution processes;
they present its advantages and disadvantages, as well as the resulting policy and regulatory
questions [24]. Zbynek Loebl describes the ODR technical standard and divides it into
two layers—the access layer and the integration layer, posing suggestions to guide [25].
For the future development of the ODR, Ana Gonçalves and Irena Vanenkova describe
the future development of ODRs as a specialization, whose practitioners and service
providers currently need a set of standards, to break through into a recognized, trusted,
independent, self-managed professional service [26]. Shannon Salter believes that online
dispute resolution and the justice system should be co-integrated [27]. Through consumer
research, Chin Eang suggests that the quality of the design of the ODR is critical to building
consumer trust [28]. Dispute resolution can replace prior supplier quality signals, such as
reputation, as an effective alternative to reducing supplier quality risks [29]. Other studies
explored the ODR mechanism design from the perspective of the law [30].

Current research is still limited to the traditional online dispute resolution, and there
are few studies on crowdsourcing online dispute resolution; moreover, there is no research
on its impact on users. In addition, the studies are mostly theoretical explorations and do
not reflect the application status of the crowdsourcing online dispute resolution based on
real data. Therefore, this study studied the platform users’ attitude towards crowdsourcing
online dispute resolution through the comment data on social media.

3. Research Methods
3.1. LDA Topic Clustering Model

LDA is a typical word bag model, that is, it holds that a document is a collection of
words, and there is no order or priority relationship between the words [31,32]. A document
can contain multiple topics, and each word in the document is generated from one of these
topics. LDA is a class of unsupervised learning algorithms, training sets that do not need
to be manually annotated when training but need document sets as well as the number
of specified topics K. The advantages of LDA include the ability to find a few words to
describe each topic [33]. An LDA topic model is shown in Figure 1. An LDA model is a
typical directed probability model, determined by parameters (α, β), with α reflecting the
relative strength of hidden topics in the document set, and β representing the probability
distribution of each hidden topic itself. Meaning of each parameter: K represents the
number of topics in the document set, ϕ is the topic–word probability distribution, M is the
number of texts in the document set, θ is the text–topic probability distribution, V represents
the frequency of feature words contained in each document, z represents the topic variable,
and w represents the observable variable. The LDA topic model is used to extract the
positive and negative bullet screens, respectively. The optimal number of topic extraction
needs to be determined. The representative method is theme consistency score [34] and
perplexity of topic. The experiment proves that the method of topic perplexity has a better
clustering effect [35]. Topic perplexity represents the uncertainty degree of the research
model about which topic a document belongs to. The lower the topic perplexity, the better
the clustering effect at this time. LDA topic perplexity is used to determine the optimal
number of topics.
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3.2. Sentiment Analysis

Sentiment analysis is the process of digging people’s sentiments and evaluating their
attitudes towards products and services [36]. Text sentiment analysis is to analyze the text
with subjective emotion, distinguish the text according to different granularity, construct
the corresponding dictionary to assign values to different words, and take the final value
as the result value of sentiment calculation, reflecting the negative or positive emotional
tendency in the text [37]. Facing different scenes, sentiment analysis mainly includes
sentiment dictionary, machine learning and deep learning three text analysis methods.
Emotional dictionaries mainly rely on the construction of emotional dictionaries to obtain
a document’s sentiment value [38,39]; emotion dictionaries in different fields should be
constructed, but the analysis results of emotion dictionaries in different fields are not good.
Machine learning is to train the sentiment classifier with the existing data with emotion
labels, and then test the emotion tendency of new sentences. It can learn according to the
emotion field, and improve the accuracy of sentiment judgment [40,41]. Deep learning
is a kind of bionic learning, which uses artificial neural network to carry out multi-layer
network learning application. Compared with the other two methods, the setting of model
parameters and the complexity of the model itself are also difficult [42,43]. Based on the
above theory, compared with the other two methods, machine learning can distinguish
sentiments according to the sentiment classifier, and the analysis results are more accurate.
SnowNLP library in Python 3.10 is mainly used for the sentiment analysis of shopping
comments on e-commerce platforms. After abundant official pre-training, SnowNLP has
a high accuracy for the sentiment analysis of online comments generated during online
shopping [44,45]. The crowdsourcing online dispute resolution in this research is also
mainly based on shopping transactions; thus, SnowNLP was chosen for sentiment analysis
of the collected comments. The SnowNLP ‘s sentiment analysis range is [0–1]; the closer it
is to 1, the stronger the positive tendency of the statement; the closer it is to 0, the stronger
the negative tendency of the statement.

3.3. TF–IDF Weights

Term frequency–inverse document frequency (TF–IDF) is a weighting technique
used for information retrieval and data mining, which is commonly used to evaluate the
importance of a certain phrase or word to the total document [46]. TF is called word
frequency, which is used to calculate the ability of the word to describe the document
content, and IDF is called inverse document frequency, which is used to calculate the
ability of the word to distinguish the document. The higher the value of TF–IDF, the
higher the importance of the word in the document, reflecting the degree of consumer
concern for a certain feature [47]. The TF–IDF formula is as follows:

TF–IDF =
n
N

× log
D

d + 1
(1)
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Where n is the number of the word in the document, N is the total number of doc-
uments, d represents the total number of documents containing feature words, and D
represents the total number of documents in the corpus.

4. Research Process and Result Analysis

This research process is mainly divided into the following five specific steps: 1. Collect
relevant comment data from Weibo, Douban and Zhihu to form a comment review text base;
2. Text data preprocessing: mainly includes Chinese text word segmentation, stop words’
removal and parts-of-speech tagging; 3. Feature analysis: feature words are extracted from
the processed text, and visualized in the form of a word cloud; 4. Clustering text comments
based on LDA topic model, mining topics, and using the SnowNLP algorithm for sentiment
analysis; 5. Make a comparative analysis of the feature words and sentiment analysis
results of the two kinds of texts, namely the crowdsourcing online dispute resolution and
the customer service staff adjudication process. The specific process is shown in Figure 2:
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4.1. Data Acquisition and Preprocessing

Xianyu Small Court is a dispute resolution mechanism set up on the Xianyu platform
to solve the disputes encountered by users in the transaction. When there is a transaction
dispute between the buyer and the seller, the platform will randomly invite 17 anonymous
users to make a ruling. The buyer and seller will present evidence to anonymous juror,
and the user who gets nine votes first wins, so as to solve the contradiction between the
two parties. However, if users do not accept the results of the Small Court, they can be
transferred to customer service staff, who will mediate. Launched in 2017, Xianyu Small
Court has been running for nearly six years. Users’ comments on Xianyu Small Court
on social media are relatively abundant, providing a good data source for analyzing the
crowdsourcing online dispute resolution.

Houyi Collector is a web crawler collector with a friendly interface, convenient opera-
tion and accurate data collection. In this study, using Houyi Collector, a total of 4017 com-
ments and columns were collected from June 2017 to October 2022 on Weibo, Douban and
Zhihu using the keywords “Xianyu Small court”. Due to the existence of more noise in
the unprocessed data, the obtained text should be preprocessed. After removing useless
comments and repeated comments, the number of texts was 3926. Chinese words cannot
be distinguished by spaces in the same way English words can, and word segmentation is
required before the analysis of text characteristics. The “jieba” package is widely used in
Chinese word segmentation with high accuracy and is widely used in practice. Considering
the ease and accuracy of word segmentation, this paper uses the “jieba” package as the
word segmentation tool, and uses the Harbin Institute of Technology stop words list to
remove the useless words. Finally, the desired word segmentation result is obtained, and
effective data is provided for text mining.
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4.2. Text-Feature Extraction

Text-feature extraction is one of the basic problems in the field of text mining and
information retrieval. It aims to quantify the feature words extracted from the text to
represent the text information [48]. This study used TF–IDF is to extract the features of text.
TF–IDF is usually used to assess the importance of a word or phrase to a document. A high
value indicates that the word has a high importance to the document [47]. According to the
calculation results, extract the top 30 feature words, respectively: Seller, Xianyu, Buyer, Small
Court, Refund, Return Goods, Customer Service Staff, Video, Receive Goods, Defects, Delivery,
Fraud, Skirts, Fakes, Problems, Defend Rights, Freight Charge, Platform, Evidence, Involved,
Clothes, Unpack, Transaction, Chat Records, Pictures, Goods, Certified Products, Mobile Phone,
Reason, Address. The larger the value of TF–IDF, the higher the importance of this feature
word to the total comment text. Table 1 lists the top 30 feature words ranked by word
frequency statistics and TF–IDF. Xianyu Small Court ranks third in the top words of word
frequency, but does not appear in the top 30 words of TF–IDF. This is because all the
comment data contain the word Xianyu Small Court, and this reduces its importance in
the TF–IDF ranking. In the TF–IDF ranking, Seller, Buyer, Refund and Return Goods are
high, indicating that the dispute focuses on the refund and return issues of both buyers
and sellers, and users attach importance to the results of the mechanism; Defects, Fraud and
Fakes illustrate the frequent disputes in the mechanism; Videos, Evidence, Chat Records and
Pictures show the details of the proceedings of crowdsourcing online dispute resolution.

Table 1. The top 30 feature words of TF–IDF weight value and word frequency.

Order TF–IDF Word
Frequency Order TF–IDF Word

Frequency Order TF–IDF Word
Frequency

1 Seller Seller 11 Delivery Discovery 21 Clothes Evidence
2 Xianyu Buyer 12 Fraud Platform 22 Unpack Fakes

3 Buyer Xianyu Small
Court 13 Skirts Videos 23 Transaction Clothes

4 Small Court Refund 14 Fakes Defects 24 Chat
Records Transactions

5 Refund Return
Goods 15 Problems Rejection 25 Pictures Defend Rights

6 Return
Goods Problems 16 Defend

Rights Skirts 26 Goods Freight Charge

7 Customer
Service Staff

Receive
Goods 17 Freight

Charge Fraud 27 Certified
Products The First Time

8 Video Customer
Service Staff 18 Platform Requirements 28 Mobile

Phone See

9 Receive
Goods Goods 19 Evidence Delivery 29 Reasons Involved

10 Defects Express
Delivery 20 Involved Confirmation 30 Address New

4.3. Feature Visualization Analysis Based on Word Cloud

In order to visually show the important words of user comments, this study realized
feature visualization by drawing a word cloud according to word frequency. The word
cloud is generated by all the comment data, as shown in Figure 3. The main feature words
of users include: Xianyu Small Court, Seller, Buyer, Return, Rejection, Customer Service Staff,
Defect, Concealment, Problems, Videos, Pictures, Platform, Express Delivery, etc. These reflect
that the main concerns of users participating in the Xianyu Small Court are about the return
of goods as well as related reasons for the return of goods, such as Defects, Concealment,
Problems and others, and the buyers and sellers should display sufficient evidence, such
as Videos, Photos, Screenshots, among others. The words Platform and Customer Service Staff
also reflect that the Xianyu Small Court cannot completely solve the transaction disputes
between users, and the platform is still needed to assist in governance. Based on the
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visualization analysis of the word cloud, the research found that users’ discussions about
the Xianyu Small Court can be divided into the specific conflicts faced by buyers and sellers
in the transaction and the process of the Xianyu Small Court.
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4.4. LDA Topic Clustering

After feature extraction analysis, some key factors that users pay attention to can be
observed, but there is no further semantic mining of comment content, and topic model
is an important tool for semantic mining. Among them, the LDA topic model is a kind of
document topic generation model, including a document, topic and vocabulary three-layer
structure; therefore, it is also known as the three-layer Bayesian probability model, which is
one of the most convenient and effective models among many topic models [31]. Through
the feature analysis of the LDA topic model, the potential topic information in the text can
be discovered. After calculation, as shown in Figure 4, the perplexity of comments is the
lowest, at 8, which means that the model is better at extracting eight topics. Therefore, this
study selected 8 topics and extracted 15 feature words. The topics, feature words and their
weights generated with the LDA topic analysis are shown in Table 2.
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Table 2. Keywords and their weights in LDA topic analysis.

Topic 1 Topic 2 Topic 3 Topic 4 Topic 5 Topic 6 Topic 7 Topic 8

Feature
Words Weights Feature

Words Weights Feature
Words Weights Feature

Words Weights Feature
Words Weights Feature

Words Weights Feature
Words Weights Feature

Words Weights

Mobile
Phones 0.080 Seller 0.284 Seller 0.176 Refund 0.081 Buyer 0.276 Customer

Service Staff 0.120 Defects 0.104 Review 0.061

Problems 0.031 Return
Goods 0.111 Fakes 0.098 Receive

Goods 0.060 Return
Goods 0.047 Platform 0.083 Skirts 0.103 Vote 0.046

Credit 0.028 Refund 0.061 Defend
Rights 0.067 Fraud 0.045 Refund 0.041 Seller 0.046 Status 0.031 Dispute 0.039

Products 0.028 Clothes 0.055 Evidence 0.038 Transaction 0.037 Videos 0.040 Problems 0.027 Videos 0.027 Juror 0.027

Platform 0.027 Problems 0.050 Certified
Products 0.037 Evaluation 0.029 Problems 0.033 Fraud 0.026 Problems 0.026 Transaction 0.021

Screens 0.020 Freight
Charge 0.050 Refund 0.033 Address 0.028 Evidence 0.018 Defend

Rights 0.025 Photos 0.024 User 0.020

Markets 0.017 Goods 0.028 Pictures 0.025 Delivery 0.023 Delivery 0.018 Buyer 0.022 Sell Goods 0.024 Both Sides 0.017

Battery 0.016 Quality 0.018 After-sale
Service 0.023 Time 0.022 Merchandise 0.017

Human
Customer

Service
0.021 Hanging

Tags 0.023 Win 0.017

After-sale
Service 0.014 Deliver

Goods 0.014 Lucky Bag 0.021 Information 0.021 Customer
Service Staff 0.016 Consumers 0.019 Page 0.023 Dispute 0.015

Individuals 0.014 Reason 0.013 Fraud 0.017 Contact 0.020 Reasons 0.014 Evidence 0.018 Delivery 0.019 Rubbish 0.015
Pictures 0.014 Victory 0.012 Proof 0.015 Record 0.015 Photos 0.013 Official 0.018 Pictures 0.016 Evidence 0.015

Price 0.013 Speechless 0.009 Feeling 0.013 Return
Goods 0.014 Shoes 0.011 Phone 0.018 Unboxing

video 0.015 Eyes 0.015

Quality
Detection 0.013 Method 0.008 Real and

Fake 0.012 Message 0.014 Vouchers 0.011 Merchants 0.013 Reviews 0.015 mood 0.014

Content 0.013 Attitude 0.007 Record 0.012 Links 0.011 Dolls 0.011 Message 0.013 Check 0.013 Judging 0.013

Links 0.012 Time 0.007 flood the
screen 0.011 Order 0.011 Goods 0.010 Return

Goods 0.011 Home Page 0.013 Law 0.013
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According to the eight topics and their keywords in the table, when users discuss
Xianyu Small Court, the main concerns of discussion are the subject of the dispute (seller
and buyer), the second-hand items causing the dispute (mobile phones and clothes), and
the two mechanisms of dispute resolution (small court and customer service staff). For
each type of topic, users have specific priorities. Through the analysis of the feature words
in Table 2, the meanings of each theme are shown as follows: theme 1 reflects the concerns
of users in second-hand mobile-phone-trading disputes, including Mobile phone, Battery,
Price, Quality Detection, and After-sales Service, showing attention to the quality of electronic
products. Theme 2 reflects the buyers’ complaints to the sellers, including Freight Charge,
Quality, and Attitude, reflecting the buyers’ attention to the quality of goods, freight and the
sellers’ attitude. Theme 3 reflects the sellers’ problems on the platform, but it is more serious
than theme 2, including the keywords Fakes, Certified Products, Real and Fake, showing the
buyers’ attention to the fake goods. Theme 4 reflects the users’ concern regarding the
platform fraud and puts forward the preventive measures, including Evaluation, Address,
Information, Records, Links and other keywords. Theme 5 reflects the seller’s complaints
to the buyer, including Return Goods, Refund, Videos, Evidence, Reasons, Vouchers and other
keywords, showing that the buyer returns the goods without causing trouble to the seller.
Theme 6 reflects the content emphasized by users when the customer service staff on the
platform solves disputes, including Defend Rights, Official, Telephone, etc. Theme 7 reflects
the users’ concerns in the trade disputes of clothing items, including Defects, Hanging Tags,
Photos, etc. Theme 8 reflects that users are concerned about crowdsourcing online dispute
resolution, including keywords such as Review, Voting, Juror, Winning the Case and Justice.

4.5. Sentiment Analysis

Online comments contain consumers’ attitude towards the Xianyu Small Court. Sen-
timent analysis can obtain the emotional tendency of users’ comments and convert the
comment text into users’ sentiment value [49]. According to the SnowNLP library men-
tioned in Section 3.2, SnowNLP is used in this paper to analyze the emotional tendency of
the collected texts. Specifically, the SnowNLP is trained by using the e-commerce corpus
obtained from the website and the marked comment text; the training accuracy is 80.3%.
Then, the trained SnowNLP model is used to calculate the sentiment value of the comment.
The result is between 0 and 1; the closer to 1, the stronger the positive tendency of the
sentence; the closer to 0, the stronger the negative tendency of the statement. This study
determined the user’s attitude towards the Xianyu Small Court from the distribution of the
sentiment value of the text.

As can be seen from the Figure 5, when discussing the Xianyu Small Court, the
emotional polarization distribution is obvious. About half of the users hold a negative
attitude and about half hold a positive attitude. It can be seen that there is still a huge
room for improvement in the Xianyu Small Court. In order to further analyze the focus of
users’ attention on Xianyu Small Court, this paper then compares and analyzes the relevant
texts of customer service staff and Xianyu Small Court, determines users’ attitudes towards
the two dispute resolution mechanisms, and explores users’ concerns on different dispute
resolution mechanisms.

4.6. Comparative Analysis

According to the results of LDA topic division in Section 4.4, the text of the customer
service staff adjudication process is selected to be divided into topic 6, containing 517 texts.
The text of the crowdsourcing online dispute resolution selects the text divided into topic 8
in LDA, with a total of 565 texts. Sentiment analysis and feature extraction were carried out
on the two types of texts in order to judge the different issues that users pay attention to in
the dispute resolution mechanism, so as to put forward specific improvement measures for
the dispute resolution mechanism on the platform.
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In Figures 6 and 7, users’ attitudes towards the two dispute resolution mechanisms
can be seen from the distribution of sentiment values. They show that users have a
higher positive emotion towards the crowdsourcing online dispute resolution and a higher
negative emotion towards the customer service staff adjudication process. Next, feature
extraction of the text is carried out to analyze the reasons for the difference in users’ attitudes.
As can be seen from the table below, users’ positive feelings towards the crowdsourcing
online dispute resolution are a result of being invited to participate in the court, winning
the suit, and supporting and recognizing the jurors’ serious attitude. From the results
of text-feature extraction in Table 3, it can be seen that users’ negative emotions toward
the customer service staff adjudication process are a result of the timeliness of the service
process and specific complaints that require service staff to intervene.
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Figure 7. Distribution of sentiment value based on the topic of customer service staff adjudication
process.

Table 3. Top 20 feature words based on crowdsourcing online dispute resolution and customer
service staff adjudication process.

Order TF–IDF on Crowdsourcing Online
Dispute Resolution

TF–IDF on Customer Service Staff
Adjudication Process

1 Review Return goods
2 Invitations Complaints
3 Handle Refund
4 Receive Receive
5 Win Express delivery
6 Like Appeal
7 Requirements Discovery
8 Support Process
9 Refund Provision
10 Juror Intervention
11 Verdict Support
12 Case Requirements
13 Happy Buy
14 Screenshots Hope
15 Serious Judgment
16 Resolve Confirmation
17 Return goods Rejection
18 Evidence Time
19 Randomly Report
20 Satisfied Surprisingly

5. Discussion and Conclusions
5.1. Discussion

This paper finds out the main types of disputes and problems causing disputes on
the second-hand goods-trading platform through text mining, such as defects, fraud, fake
goods, sellers’ attitudes, and freight charge, among others. Previous literature explored the
barriers of second-hand goods trading. For example, Wang et al. found that the barriers for
users to participate in second-hand platforms are unregulated industry, fake identification,
and sanitation concern [5]. Lang and Zhang found that performance risk and social risk
have a negative impact on consumers’ participation in second-hand transactions [50].
Mencarelli et al. also revealed that the anonymity of members affects people’s willingness
to participate in second-hand transactions [51]. From the perspective of disputes in second-
hand platforms, this paper confirms the existence of these obstacles in user transactions.
In addition, it also finds that other factors easily cause problems, such as return, sellers’
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attitudes, and freight charges. In addition, the previous literature has mainly explored the
willingness of second-hand transactions from the perspective of buyers, though this paper
also finds the obstacles of sellers in transactions: buyers’ goods-returning behavior for
no reason and fraudulent behavior. The findings of this paper are conducive to reducing
the disputes on the platform, improving the construction of second-hand goods-trading
platforms, and enabling more users to participate in the trading of idle resources, which is
conducive to the recycling of resources and the realization of sustainability.

In addition, according to the results of sentiment analysis, users have different at-
titudes towards the two online dispute resolution mechanisms of crowdsourcing online
dispute resolution and customer service staff adjudication process. Previous studies fo-
cused less on crowdsourcing online dispute resolution, and more on descriptive studies of
such mechanisms in legal academics [15,23]. However, the crowdsourced online dispute
resolution mechanism borrowed from the jury system, and the previous literature has
shown that the experience of the jury has a positive impact on the attitude [52]. Based on
the analysis of users’ reviews towards crowdsourcing online dispute resolution mechanism,
this paper finds that participation in the process of the mechanism is easy to generate
positive emotions. Moreover, the victory of a small court and the judges’ serious work also
can generate users’ positive reviews.

5.2. Suggestions

Combined with the main results of the study, the following management suggestions
are proposed.

First, from the perspective of the causes of disputes, the second-hand goods-trading
platform should take precautions in advance and formulate corresponding regulations
according to the categories of commodities in order to prevent disputes. On the platform,
sellers can clearly mark on the product’s details page whether they goods can be returned
without reason, as well as mark the range and reasons for return, in order to reduce the
disputes between the buyer and the seller about returning goods by as much as possible.
For mobile phones and other electronic products, pre-sale quality-testing services and
after-sales services can be launched to reduce disputes on the quality of electronic products.
For clothing products, the standard of product display can be set in detail, so that users
can provide a more detailed photos of the product, showing the details and defects of the
product, in order to avoid a situation of inconsistency between the goods and the photos.
These can also be applied on traditional e-commerce platforms.

Secondly, the mechanism design of the platform’s crowdsourcing online dispute
resolution can be more transparent in order to encourage more users to participate in the
review process. The crowdsourcing online dispute resolution can increase the transparency
of the arbitrament process. In order to ensure fairness, the jurors are anonymous; however,
the jurors’ standards, related qualifications and experience can be properly disclosed. The
review process is in the form of voting; therefore, the progress of the vote can be reported
to the user in real time. In addition to the public vote comparison, it is necessary to
encourage jurors to provide detailed reasons for their vote, thus enhancing the user’s trust
in the results.

Finally, the platform’s crowdsourcing online dispute resolution ensures smooth appeal
channels, quickly solves disputes and takes care of users’ negative emotions. As customer
service is the last barrier to dispute resolution, the platform should broaden the channels
for users to appeal and open various channels for contacting the customer service, such as
an online chat and by telephone. The platform should standardize the customer service
staff adjudication process and ensure that the processing process is open and transparent
to facilitate user tracking, as well ensure that disputes are solved within the specified
time. The platform should strengthen customer service staff’s training, cultivate a group of
high-quality customer service staff, and pay attention to users’ negative emotions.
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5.3. Conclusions

Based on the comments data on social media, this paper systematically studies the
public attitude towards the crowdsourcing online dispute resolution using word frequency
analysis, topic analysis and sentiment analysis.

Firstly, from the core words, it can be seen that the court mainly deals with the disputes
between buyers and sellers of returned goods and refunds, and the types of disputes mainly
regard defects, fraud, fake goods, etc. Both parties provide evidence, such as their chat
screenshots, videos, and photos, among others, and then the court votes to judge. However,
the court cannot completely solve all the problems; it still needs the assistance of the
platform to solve these disputes.

Secondly, the eight topics in the analysis’ results include the disputes between the
two types of second-hand commodities, the respective concerns of the buyers and sellers,
and the two dispute resolution mechanisms. The disputes are mainly related to mobile
phones and clothing products. The problems of mobile phones mainly regard batteries,
price, quality inspection and after-sales service. The main problems of clothing regard the
mismatch between photos and goods, defects, and hanging tags, among others. Buyers are
mainly concerned with the quality of goods, fake goods, freight charge and sellers’ attitude,
while sellers are mainly concerned with the buyers’ goods-returning behavior for no reason,
as well as fraud on the platform (which both buyers and sellers are concerned about). The
two dispute resolution mechanisms include the crowdsourcing online dispute resolution
and the manual customer service adjudication system. As for the crowdsourcing online
dispute resolution, users pay attention to the specific process mechanism and fairness of
result. In terms of customer service adjudication mechanism, users hope to protect their
rights through customer service, and mainly focus on customer service contact channels.

Finally, from the sentiment analysis, it is further found that the overall comments
of users are polarized. Specifically, users have a higher positive emotion towards the
Xianyu Small Court, while a higher negative emotion is shown towards the platform’s
customer service. The positive emotion of users regarding the small court comes from
the participation in the review process, the success of the small court, and the support
and recognition of the juror’s serious attitude. The more consumers participate in juries,
the greater the educational effect, which reflects the concept of restorative justice [53].
The negative feelings of users towards customer service are a result of the blocking of
contact channels.

5.4. Limitations and Future Work

Based on users’ online comments on Xianyu Small Court on social media, this paper
analyzes public attitude regarding the crowdsourcing online dispute resolution through
text feature analysis, LDA topic model, sentiment analysis and other methods, and puts
forward relevant suggestions for the second-hand platform, which is helpful to the recycling
economy. The limitations of this paper are as follows: there is little users’ comment data on
social platforms, and the amount of data collected is limited. As a type of unsupervised
machine learning, the LDA model has a low accuracy in understanding human language;
therefore, a clustering method with higher accuracy can be adopted in future research. The
sentiment analysis method of machine learning is still to be improved. The supervised
learning method can be adopted by manual labeling to improve the accuracy of machine
learning. These problems can be further studied in the future.
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