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ABSTRACT 

Crowdsourcing innovation is characterized by loose organizational structures, free will of participants, strong 

innovation goals and information asymmetry, which can easily induce solvers’ opportunistic behaviors, such as 

fraud, intellectual property theft, free-riding and so on. In order to create an attractive and supportive platform 

environment, identifying and avoiding opportunistic solvers is essential. In this study, a four-dimensional 

opportunistic solvers’ identification system, including the work ability, the reputation level, the service level 

and the historical transaction level, is constructed. Then, the opportunistic solvers’ identification model was 

proposed based on the PCA-BP neural network. The data is based on www.zbj.com, and taken into empirical 

research to verify the feasibility and effectiveness of the identification model. 

Keywords: crowdsourcing innovation, opportunistic solvers, identification system, PCA-BP neural network 

1. INTRODUCTION 

Howe defines crowdsourcing as ‘the act of a company or 
institution taking a function once performed by employees 
and outsourcing it to an undefined (and generally large) 
network of people in the form of an open call’. It has proved 
that this mode is an effective mode to acquire the wisdom of 
network groups[1]. InnoCentive brings more than 100,000 
research talents from 125 countries around the world. So far 
more than 30,000 ideas has been submitted and 550 ideas has 
been implemented in Dell's IdeaStorm. However, as a new 
business model, the crowdsourcing innovation’s related 
research is still in the exploratory stage. Therefore, the 
problem, such as solvers don’t participate continuously[2]and 
low-quality of tasks[3]are more and more prominent. 
The crowdsourcing is characterized by loose organizational 
form, solvers’ free and voluntary will of participating and 
information asymmetry, which can easily lead to solvers’ 
opportunistic behaviors, such as fraud, intellectual property 
theft. Hirth (2013) proposed two methods to monitor user 
fraud: majority decision-making and control group re- 
detection[4]. Khasraghi (2014) pointed out that solvers' 
participation history has an important effect on their 
performance, such as the participation times and the winning 
rate[5]. Sun (2015) proposed that increasing speculative costs 
can effectively avoid opportunism solvers at the same time 

improve the bonus[6]. Ye (2017) summarized three threat 
forms of fraudulent solvers and proposed a threat defense 
model based on trust vector to avoid opportunistic 
behaviors of solvers[7]. Paswan (2017) pointed out that 
user fraud can be effectively restricted by applying the 
relational governance strategy and the role identification 
strategy[8]. 
Above researches have significance for identifying and 
limiting the opportunistic behaviors of solvers and 
ensuring the high-quality, sustainable development of the 
relationship the between platform and solvers. While, as a 
new business model, crowdsourcing innovation has 
complex and diverse innovation tasks, extensive sources 
of the public, and certain information asymmetry. In order 
to improve the relevant theories, reduce the risk of 
opportunistic behaviors and ensure the healthy 
development of crowdsourcing, it is necessary to make 
research on the opportunistic solvers identification from 
different perspectives. 

2. IDENTIFICATION SYSTEM 

Combined with the crowdsourcing platform www.zbj.com, 
this paper analyzes and summarizes 11 variables in four 
dimensions to build the opportunism solver identification 
system in crowdsourcing. As shown in Table 1
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Table 1. Opportunistic solvers’ identification system in crowdsourcing innovation 

Dimension 
Inde

x 
Variable 

Variable meaning 

Comprehensive 
work ability 

X1 Comprehensive score 
Comprehensive evaluation score of solvers on 
crowdsourcing platform. 

X2 Completion quality 
Score given by the employer for the quality of task 
completion. 

X3 Working speed 
Score given by the employer for the speed of solver's 
submission. 

X4 Solver level Solver level on crowdsourcing platform 

Reputation level 

X5 Dispute rate 
Ratio of the tasks’ number in dispute to total tasks 
completed by this solver 

X6 
Number of 

punishments 
Number of times that solvers are punished by 
crowdsourcing platform for dishonesty or violation 

X7 Amount of deposit 
The amount of integrity deposit paid by solvers on the 
crowdsourcing platform 

Service level 
X8 Service attitude 

Score given by the employer for the solver's service 
attitude. 

X9 Favorable rate 
Ratio of praised tasks to the total number of tasks 
completed by solvers. 

Historical 
transaction level  

X10 Refund rate 
Ratio of the number of tasks refunded by solvers to the 
total number of tasks completed by solvers. 

X11 
Project completion 

rate 
Ratio of the volume of completed orders to winning orders 
in the past year. 

3. METHODOLOGY 

Considering that the opportunistic solvers’ identification 
system contains multiple dimensional indicators, there may 
be some correlations among the variables, and resulting in 
information overlaps. Moreover, too many input layers will 
cause low learning efficiency, slow convergence speed and 
local minimum state of neural network. Therefore, this 
paper uses principal component analysis (PCA) to process 
the index data, which reduces the dimension of data and 
retains most of the original data[9]. The structure of neural 

network is simplified, and the input layers is reduced, and 
the convergence speed and performance are improved, so 
that the recognition accuracy is ensured. The principal 
component analysis (PCA) method simplifies the original 
data structure, and it uses fewer principal components to 
replace the complicated original variables, to make the 
problem clearer. The PCA-BP network model structure is 
shown in Fig. 1. 

 
Figure. 1. The structure of PCA-BP neural network 

4. EMPIRICAL RESEARCH

4.1 Data collection 

www.zbj.com is the largest crowdsourcing platform in China, 
and its main services includes brand design, marketing 
promotion, website construction. This paper is based on the 
data of "Exposure Channel " column of integrity management 
center in www.zbj.com from August 2018 to April 2019. A 
total of 184 original data are collected, there are 34 
opportunistic solvers and 150 normal solvers among the data. 
The main manifestations of opportunism are inducing or 
coercing the employer to evaluate, inability to complete tasks, 
manuscript plagiarism and failure to accomplish duties. The 

punished solvers mainly involves in brand design, website 
construction, e-commerce design services. Among 184 
sample data, 154 data are taken as training set and 30 data 
as the testing set for empirical research. 

4.2 Data analysis 

Table 2 shows that the cumulative variance contribution 
rate of the first three principal components is 81.873%. 
This shows that the first three principal components had 
already contains most of the information of the original 
variables. 
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Table 2 Total variance explained 

Component Initial Eigenvalues Extraction Sums of Squared 
Loadings 

Rotation Sums of Squared 
Loadings 

 Total % of 
Variance 

Cumulativ
e 
% 

Total % of 
Variance 

Cumulativ
e 
% 

Total % of 
Variance 

Cumulative 
% 

1 
5.415 49.224 49.224 

5.41

5 
49.224 49.224 

5.22

4 
47.492 47.492 

2 
2.572 23.38 72.604 

2.57

2 
23.38 72.604 

2.26

2 
20.566 68.058 

3 1.02 9.269 81.873 1.02 9.269 81.873 1.52 13.815 81.873 
4 0.749 6.808 88.681       
5 0.587 5.339 94.021       
6 0.398 3.617 97.637       
7 0.141 1.278 98.915       
8 0.074 0.67 99.585       
9 0.024 0.215 99.801       

10 0.013 0.119 99.92       
11 0.009 0.08 100       

 

Table 3 Rotated Component Matrixa 
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Table 4 Component Score Coefficient Matrix 

 

As shown in table 3, in the principal component 1, the load of 
comprehensive score, completion quality, working speed, 
service attitude, favorable rate and refund rate are large, 
which represents the solver’s comprehensive quality in the 
process of completing tasks. In principal component 2, 
dispute rate, the number of punishments and project 
completion rate have a large load, which could represent the 
opportunistic tendency of solvers in the process of 
communication and transaction. In principal component 3, 
solver level and the amount of deposit are large, which could 
represent the level of solver in crowdsourcing platform. It is 
generally true that the higher the level of solver, the more 
deposit they pay. 
The scores of three principal components are calculated by 
formula (1), then there will be the input variables of BP neural 
network. 
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4.3 Results contrast 

In this paper, the original variables are synthesized into three 
principal components by PCA and the scores of each principal 
component are obtained. 184 data are divided into training 
data and testing data according to the ratio of nearly 10:2, 
which are used for training and testing of BP neural network. 
There are 154 training data, including 23 opportunistic 
solvers and 131 normal solvers; 30 testing data, including 10 
opportunistic solvers and 20 normal solvers. The BP neural 
network model is trained by training data, and the setting error 
is achieved at step 4552. The error curve is shown in Fig.2. 
PCA-BP neural network model is used for recognition, with 
27 correct and 3 wrong identifications, and the recognition 

accuracy is 90%; The recognition results of traditional BP 
neural network are 23 correct and 7 wrong, the recognition 
accuracy is 76.7%. Therefore, the BP neural network 
model improved by PCA method have higher recognition 
accuracy.  

 
Figure. 2. The error curve graph 

F 

5. DISCUSSION 

Based on the above theoretical analysis and empirical 
results, this paper proposes three strategies to avoid the 
opportunistic behavior of solvers. 
(1) Setting up a scientific opportunistic solvers’ 
identification mechanism. The identification methods of 
opportunistic solvers in crowdsourcing innovation are 
mostly post-test methods, that is, to evaluate the quality of 
submitted tasks or to identify the accused solvers. 
Therefore, it is necessary to set up a reasonable 
opportunistic solvers’ identification mechanism to 
transform the post-event control into process identification. 
According to the solver's past historical data and 
participation information, it is effective to identify the 
solvers with higher opportunistic tendency, and improve 
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the crowdsourcing innovation efficiency. 
(2) Improving the punishment mechanism of solvers’ 
opportunism behaviors. The crowdsourcing platform will 
punish the opportunistic solvers after the employer safeguards 
their legitimate rights and interests. The punishment methods 
are mostly to reduce the integrity score or to give poor 
evaluation. If the solver is punished again within the specified 
time, the credit score will be deducted multiple times, and the 
degradation punishment will be carried out. At the same time, 
the third-party dispute settlement mechanism is introduced. 
For solvers who cause losses to the employer and the platform, 
the deposit paid by them will be deducted according to the 
severity of the event, and the opportunistic behavior of solvers 
will be avoided by increasing the penalty cost. 
(3) Creating a free and positive crowdsourcing innovation 
platform environment. The healthy development of 
crowdsourcing platform is inseparable from the sound 
opportunistic solvers’ identification mechanism and 
punishment mechanism. Meanwhile, it is also necessary to 
create a free and positive environment for crowdsourcing 
innovation platform. Combined with the typical 
characteristics and operation process of crowdsourcing 
innovation, an effective multi-party interaction strategy and 
trust mechanism are established to maximize the performance 
of crowdsourcing innovation. 

6. CONCLUSION 

To identify and avoid the opportunistic solvers of 
crowdsourcing innovation, it is urgent to guide and encourage 
solvers to participate continuously, reduce the risk of 
opportunistic behaviors, and create a good platform 
environment. This paper constructs a four-dimensional 
opportunistic solvers’ identification system, which includes 
the comprehensive work ability, the reputation level, the 
service level and the historical transaction level. Then, it 
proposes the opportunistic solvers’ identification model based 
on the PCA-BP neural network and carries out the empirical 
research with www.zbj.com. The results show that the 
principal component analysis (PCA) method simplifies the 
original data structure, and improves the recognition accuracy. 
However, there are still some limitations in the paper. The 
empirical data mainly comes from the domestic 
crowdsourcing platform www.zbj.com, which has relatively 
simple innovation tasks, and shorter task completion time. 
Subsequent research can be combined with typical foreign 
crowdsourcing platforms, such as Innocentive, IdeaStorm, to 
carry out relevant empirical research, which will be more 
representative. 
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