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Abstract: With the rapid development of the Internet of Things and the popularity of numerous
sensing devices, Mobile crowdsourcing (MCS) has become a paradigm for collecting sensing data and
solving problems. However, most early studies focused on schemes of incentive mechanisms, task
allocation and data quality control, which did not consider the influence and restriction of different
behavioral strategies of stakeholders on the behaviors of other participants, and rarely applied
dynamic system theory to analysis of participant behavior in mobile crowdsourcing. In this paper,
we first propose a tripartite evolutionary game model of crowdsourcing workers, crowdsourcing
platforms and task requesters. Secondly, we focus on the evolutionary stability strategies and
evolutionary trends of different participants, as well as the influential factors, such as participants’
irrational personality, conflict of interest, punishment intensity, technical level and awareness of rights
protection, to analyze the influence of different behavioral strategies on other participants. Thirdly,
we verify the stability of the equilibrium point of the tripartite game system through simulation
experiments. Finally, we summarize our work and provide related recommendations for governing
agencies and different stakeholders to facilitate the continuous operation of the mobile crowdsourcing
market and maximize social welfare.

Keywords: mobile crowdsourcing; tripartite evolutionary game; stability analysis

MSC: 91A80

1. Introduction

Mobile crowdsourcing (MCS) has new opportunities due to the advancement of mobile
communication technology and intelligent terminal applications. Currently, smart mobile
devices contain a lot of sensors, such as microphones, GPS, cameras, etc. [1]. Therefore, mobile
devices have the ability to collect a variety of sensing data, and users can use the multi-source
sensing capabilities of smart devices to collect and share data. For instance, vehicle sensors
with computing and communication capabilities are added to the car, which can be used to
provide environmental information, such as detecting air quality, road condition information,
and available parking spaces. In addition, mobile crowdsourcing is also widely used in many
service fields [2,3], i.e., public safety, healthcare, smart cities, etc.

The mobile crowdsourcing system contains three stakeholders, namely task requesters,
crowdsourcing workers and the crowdsourcing platform. Typically, task requesters first
submit task details to the platform, including the due date, quantity and budget of the task.
Then, registered workers receive and execute crowdsourcing tasks and return the results
to the crowdsourcing platform. The crowdsourcing platform verifies the uploaded data,
provides settlement services to the workers according to the completion of the task and
finally sends the data to the task requester [4]. However, according to the hypothesis of
rational man in economics, all stakeholders are inherently selfish [5]. Furthermore, they are
ignorant of each other’s strategic behavior. Therefore, different stakeholders may make
speculative behaviors to obtain their own maximum economic benefits with the minimum

Mathematics 2023, 11, 1269. https://doi.org/10.3390/math11051269 https://www.mdpi.com/journal/mathematics

https://doi.org/10.3390/math11051269
https://doi.org/10.3390/math11051269
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-8799-5148
https://orcid.org/0000-0002-3518-7851
https://orcid.org/0000-0002-8415-2903
https://doi.org/10.3390/math11051269
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com/article/10.3390/math11051269?type=check_update&version=1


Mathematics 2023, 11, 1269 2 of 18

cost, which will have a negative impact on the management and operation of the mobile
crowdsourcing system [6].

Although many scholars have proposed solutions from the aspects of quality control [7],
task assignment [8], incentive mechanism [9], etc., these solutions have some limitations,
such as they only focus on one or two stakeholders. Moreover, they ignore the influence
and constraints of the behavioral strategies of different stakeholders on other participants
and do not analyze the behavior of each participant with dynamic system theory.

In this paper, we construct a three-way evolutionary game model of crowd workers,
crowdsourcing platforms, and task requesters. In addition, we take into account a variety
of influencing factors, such as the irrational characteristics of the participants, attrition
costs, the strength of punishment, the data filtering ability of the crowdsourcing platform,
attrition costs and the task requester’s awareness of his rights, and dynamically analyze the
effects of a participant’s different behavioral strategies on the behavioral strategies of other
participants in the system. The following is a summary of this study’s main innovations
and contributions:

• Combining irrational characteristics, such as selfishness and the perfunctory strategy
of the participant, the law of interaction among workers, crowdsourcing platforms
and task requesters is studied.

• The mutual concealment of various misbehaviors is fully considered, and replica-
tion dynamics are employed to propose an ideal steady state that obtains the Nash
equilibrium and achieves the maximum benefit to society.

• Using supervision mechanisms and combining factors, such as the strength of penal-
ties, the cost of complaints and the technical level of the platform, we guide the
participants and regulators in mobile crowdsourcing to make the right decisions.

The remaining portions of the paper are structured as follows: Section 2 reviews the
relevant literature and comparatively analyzes the innovations in this paper. Section 3 for-
mulates fundamental assumptions based on the problem, identifies the variables and their
definitions and builds models based on the assumptions. Section 4 analyzes the stability of
each equilibrium point by constructing a Jacobian matrix. Section 5 conducts a simulation
experiment based on setting parameters and analyzes the impacts of various factors on
participants’ behavior. Section 6 summarizes the conclusions, makes recommendations for
each participant and proposes future work.

2. Related Work
2.1. Mobile Crowdsourcing

Mobile crowdsourcing has grown in popularity over the past few years, and various
research studies on mobile crowdsourcing data management mainly focus on the following
three core issues: quality control, task allocation and incentive mechanisms.

To obtain high-quality sensing data, Li et al. [10] proposed an effective quality control
mechanism designed to induce workers to report task completion without collusion and
with honesty, which can better control the quality of sensing data without supervision.
Gong et al. [11] designed the quality, effort and data elicitation crowdsourcing mechanism
to allow employees to truthfully provide their data and level of fulfillment to the party
making the request and to carefully complete the task as requested by the requesting party
to provide high-quality sensing data.

Another key factor affecting crowd-worker and platform behavior is the task assign-
ment mechanism. Designing an efficient task allocation scheme can significantly improve
the performance of mobile crowdsourcing systems. Wu et al. [12] designed a task allocation
mechanism with a real-time, budget-aware task package allocation for a spatial crowd-
sourcing (RB-TPSC) mechanism that not only improves the efficiency of task allocation
but also maximizes the quality of sensing data for crowd workers with a limited budget.
Huang et al. [13] proposed an efficient task assignment algorithm, the optimized allocation
scheme of time-dependent tasks (OPAT), which takes into account the perceived duration
and the perceived capability of the user and can improve the perceived capability of each
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mobile user. Zhang et al. [14] proposed expert knowledge-aware truth-value analysis and
task allocation, which can speculate the areas of expertise of the crowd workers and thus
accurately assign tasks. Wu et al. [15] used the prediction model of the light gradient boost-
ing machine (LightGBM) to forecast workers’ away time and assign mobile crowdsourcing
tasks to suitable workers by considering time and space factors. The method effectively
enhances data quality and decreases task requesters’ waiting times.

In addition, the incentive mechanism stimulates the enthusiasm of crowdsourcing
workers to participate in work by means of rewards and so on, thus improving the quality
of sensing data. In order to inspire workers to produce high-quality work, Yang et al. [16]
proposed an offline incentive mechanism, examining both crowdsourcing-centric and
user-centric models. While the user-centric model of the system evaluates the benefits
available to them based on the quality of the sensing data they provide, the crowdsourcing-
centric model of the system offers appropriate rewards for participating users. Peng
et al. [17] proposed to pay participants according to their good or bad performance to
motivate rational participants to complete mobile crowdsourcing tasks efficiently. The
mechanism provides rewards to each participant by assessing the sensing data’s quality
and the amount of effective contribution from each participant. Luo et al. [18] designed
two competence reputation systems to assess workers’ fine-grained competence online. An
incentive mechanism based on reverse auctions and fine-grained competence reputation
systems is designed to maximize social welfare.

2.2. Game Theory in Mobile Crowdsourcing

Game theory is an effective tool for examining how various participants behave, and
it may simulate various individuals’ behaviors in order to maximize their utility [19]. A
participant’s behavior in mobile crowdsourcing is influenced by that of other participants.
This paper analyzes the diversified interaction behaviors among participants in mobile
crowdsourcing from the perspective of a cooperative game and a non-cooperative game.

Cooperation among participants rather than competition may be advantageous to
everybody [20]. Li et al. [21] designed a time-optimization model based on a cooperation
game in which participants adjust their strategies through time to maximize the perceived
utility of cooperation. Based on a mobile crowdsourcing scenario that allows unauthorized
cooperation between workers and task requesters, Zhao et al. [22] designed a multi-agent
deep reinforcement learning (MADRL) scheme, which creates a task allocation plan that
can consider the long-term interests of requesters and workers through the game between
participants. Zhan et al. [23] formulated perceptual data trading as a two-person coopera-
tive game, proposed an efficient mechanism to define the expected payoff of perceptual
data and solved it by the Nash equilibrium theory. Considering that every mass worker has
an incentive to encourage his friends to provide high-quality sensor data, Yang et al. [24]
developed a mobile crowdsourcing social incentive mechanism with interdependent tasks.
In this mechanism, participants can cooperate to complete tasks at a lower budget.

However, when cooperation does not lead to maximum benefit, a competitive rela-
tionship between players emerges. Competition can motivate crowd workers to submit
high-quality data [20,25]. Jin et al. [26] designed the Theseus incentive mechanism, which
is a non-cooperative relationship. This mechanism can ensure users provide high-quality
data by ensuring the Bayesian Nash equilibrium. Wu et al. [27] designed a non-cooperative
game-based price mechanism framework that can help the platform to provide a stable
perceived strategy for each participant to maximize profits. Based on the characteristics
of the noncooperative game and the Nash equilibrium of mobile crowdsourcing, Jiang
et al. [28] used the stability of iterative algorithms and developed a perceptual scheme for
crowd workers to obtain a method that better matches the crowd workers’ capabilities
and task requesters’ needs. To cope with the competitive mobile crowdsourcing market,
Wu et al. [29] proposed a genetic-algorithm-based method to find tasks based on the non-
cooperative game nature of crowd workers. It also reveals the effect of competition between
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crowd workers and task requesters on their strategy choices and maximizes the utility of
crowd workers.

This paper employs dynamic theory to analyze the behavioral strategies of various
stakeholders and proposes an evolutionary stable strategy based on evolutionary game
theory. Evolutionary game theory changes the assumption of complete rationality in
traditional game theory to the assumption of bounded rationality, which satisfies the
irrationality of game participants. Such changes enable decision makers to make relatively
optimal decisions by continuously adjusting strategies [30]. Since the participants of mobile
crowdsourcing cannot be completely rational, the evolutionary game is used for modeling
to make it more realistic.

3. Model Formulation
3.1. Model Assumptions

For simplicity, we make the following assumptions to explore the interactions and
constraints on the strategic choices of the three stakeholders. For the readers’ convenience,
the main symbols used in the paper are listed in Table 1.

Table 1. Main symbols used in the paper.

Symbol Description

Wh The cost of crowd workers choosing “hardworking” strategies to complete tasks
Wl The cost of crowd workers choosing “perfunctory” strategies to complete tasks
R1 The payments that crowdsourcing platforms make to crowd workers
R2 The amount paid to the platform by the task requester
Ft The cost of data filtering on crowdsourcing platforms
Fp The unit cost of operating a crowdsourcing platform
Pn Fines imposed on platforms by governing agencies
C Compensation received by task requesters
Fc Complaint costs for task requesters
N The number of tasks
µ Data filtering capabilities of crowdsourcing platforms
α Regulatory probability of governing agencies
g Compensation factor
x The probability of crowd workers completing a task with a “hardworking” strategy
y The probability of data filtering by the crowdsourcing platform
z The probability of no complaint by task requesters

Assumption 1. The crowd workers consume a certain cost in completing the task, including loss
of battery, storage space, hardware, time, etc. If completed with a “hardworking” strategy, the
task unit cost is Wh, while the cost is Wl(Wh > Wl) with a perfunctory strategy. The crowd
workers receive payment of R1 from the platform after completing the work. Thus, they obtain a
payoff of (R1 −Wh)N when these workers complete the task with a “hardworking” strategy and
(R1 −Wl)N when they take a perfunctory strategy to finish the task. The number of tasks is N.

Assumption 2. The unit cost of operating a crowdsourcing platform is Fp, which includes the costs
of data aggregation, integration, platform development and maintenance. After data aggregation
is completed, it is sold to the task requester at a price of R2 to support the normal operation of
the platform (R2 > R1 > Wh > Wl). Thus, the crowdsourcing platform receives a revenue of
(R2 − R1 − Fp)N from the distribution and trading of the data.

Assumption 3. Crowdsourcing platforms should be in charge of filtering the sensing data. The
platform will reject the sensing data given by the crowd workers if it detects incomplete or subpar
works, at which point the crowd workers will not be paid. The crowdsourcing platform may choose
not to check the quality or filter the data to reduce the expense of detection. The cost of filtering
is Ft. The possibility that the platform detects a quality problem in the sensing data is µ, and the
possibility of failure is (1− µ), which means that µ reflects the platform’s ability to control the
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sensing data’s quality. The higher the µ, the better the platform’s ability to filter the data will be.
If the crowd workers use the “perfunctory” strategy to complete the tasks and the crowdsourcing
platform chooses a “data filtering” strategy, the income of crowd workers is(1− µ)R1N. In addition,
the governing agencies will investigate and punish violations of crowdsourcing platforms with a
certain probability, and the fine amount is Pn.

Assumption 4. The platform should receive the payment R2N from the task requester when the
task requester requests N tasks from it. The cost of filing a complaint is Fc if a task requester receives
sensing data and discovers that it does not comply with the specifications or cannot be used to create
a model. The likelihood that the regulator will voluntarily enact oversight on the crowdsourcing
platform is α if there is no task requester complaint. When a task requester complains, the probability
of the regulator taking regulatory action is one. Since task requesters deal with the platform directly,
they will receive C from the crowdsourcing platform as compensation if they are successful in their
complaint that the crowdsourcing platform’s data filtering is flawed. If the quality of sensing data
provided by the crowd worker is really low, the crowdsourcing platform has the right to ask the
crowd workers for the reputation compensation gC, where g is the compensation coefficient. If the
crowd workers and crowdsourcing platform have good performance, the task requester’ s complaint
will be invalid.

Assumption 5. The probability of crowd workers completing a task with a “hardworking strategy”
is x, and the probability of completing a task perfunctorily is (1− x) . The probability of the
crowdsourcing platform filtering data is y, and the probability of not filtering data is (1− y).The
probability of the task requester not complaining is z, and the probability of complaining is (1− z);
x, y and z are in the range of [0, 1] .

3.2. Game Relationship Among Three Participants

The mobile crowdsourcing system contains three stakeholders, namely task requesters,
crowdsourcing workers and the crowdsourcing platform, and its workflow is shown in
Figure 1. The task requester publishes crowdsourced task information to the platform,
such as time limitations, task requirements, budget, etc. Meanwhile, the task requester
can provide feedback to the crowdsourcing platform after obtaining the sensing data. As
the performer of the task, crowd workers registered on the platform receive and complete
tasks, and their work attitude will be associated with the quality of task completion. The
crowdsourcing platform will filter and check the uploaded data. However, the data may
also not be filtered to save costs. Based on the completion situation, the platform gives
crowd workers a certain remuneration and sends the processed data to the task requester.

Platform

Crowd Workers Task Requesters

Payment Post tasks

Hardworking (x)

Perfunctory (1-x)

Not complain (z)

Complain (1-z)

Feedback

Supervise

 indirectly

Sensing data

Feedback

 Filter data (y)

  Not filter (1-y)

Sensing data

Figure 1. Mobile crowdsourcing workflow.
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3.3. Model Construction

Using the aforementioned presumptions and parameters, we construct a profit and
loss matrix for crowd workers, crowdsourcing platforms and task requesters in Table 2.

Table 2. The profit and loss matrix of the three game participants.

Crowd Workers Task Requester
Crowdsourcing Platform

Filter (y) Not Filter (1 − y)

Hardworking (x)

Not complain (z)
(R1 −Wh)N (R1 −Wh)N
(R2 − R1 − Fp)N − Ft (R2 − R1 − Fp)N − αPn
−R2 N −R2 N

Complain (1− z)
(R1 −Wh)N (R1 −Wh)N
(R2 − R1 − Fp)N − Ft (R2 − R1 − Fp)N − Pn − C
−R2 N − Fc −R2 N − Fc + C

Perfunctory (1− x)

Not Complain (z)
((1− µ)R1 −Wl)N (R1 −Wl)N
(R2 − R1 − Fp)N + (αPn− Ft)µ− Ft − αPn (R2 − R1 − Fp)N − αPn
−R2 N −R2 N

Complain (1− z)
(1− µ)(R1 N − gC)−Wl N (R1 −Wl)N − gC
(R2 − R1 − Fp)N − (1 + µ)Ft − (1− µ)(Pn + C− gC) (R2 − R1 − Fp)N − Pn + (g− 1)C
−R2 N − Fc + (1− µ)C −R2 N − Fc + C

3.3.1. Replication Dynamic Equation and Phase Diagram for Crowd Workers

The expected payoff of “hardworking” is E11, and that of “perfunctory” is E12. The av-
erage expected payoff of the crowd workers is E1. They are shown below:

E11 = N(R1 −Wh)[yz + y(1− z) + (1− y)z + (1− y)(1− z)] (1)

E12 = yz[(1− µ)R1N −Wl N] + y(1− z)[(1− µ)R1N −Wl N − gC(1− µ)]+
(1− y)z[R1N −Wl N] + (1− y)[R1N −Wl N − gC](1− z)

(2)

E1 = xE11 + (1− x)E12 (3)

The crowd workers’ replication dynamic equation is:

F(x) =
dx
dt

= x(E11 − E1) = (1− x)x(E11 − E12)

= x(1− x){yµ[R1N + zgC− gC]− N(Wh −Wl) + gC− zgC}
(4)

The choice of strategy for crowd workers is influenced by the proportion of crowd-
sourcing platforms choosing the “data filtering” strategy and the proportion of task re-
questers choosing the “no complaint” strategy.

Let y0 =
(Wh −Wl)N − (1− z)gC

µ[R1N − (1− z)gC]
, take the derivative of F(x):

dF(x)
dx

= (1− 2x){yµ[R1N − (1− z)gC]− N(Wh −Wl) + (1− z)gC} (5)

If y = y0, F(x) = 0. No matter what the value of x is, the strategy choice of crowd
workers is in a stable state.

If y < y0, dF(x)
dx |x=0 < 0 and dF(x)

dx |x=1 > 0 can be inferred, x = 0 is the equilibrium
point. The crowd workers will choose the “perfunctory” strategy when the likelihood of
the crowdsourcing platform selecting the “data filtering” strategy drops below a particu-
lar threshold.

If y > y0, dF(x)
dx |x=1 < 0 and dF(x)

dx |x=0 > 0 can be inferred, so x = 1 is the equilibrium
point. The crowd workers will choose the “hardworking” strategy when the likelihood
of the crowdsourcing platform selecting the “data filtering” strategy exceeds a particular
threshold.
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According to the above analysis, the crowd workers’ replication dynamic phase
diagram can be obtained, as shown in Figure 2.
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Figure 2. Replication dynamic phase diagram of crowd workers: (a) y = y0; (b) y < y0; (c) y > y0.

3.3.2. Replication Dynamic Equation and Phase Diagram for Crowdsourcing Platforms
The expected payoff of “data filtering” is E21, and that of “no data filtering” is E22.

The average expected payoff of the task requester is E2. They are shown below:

E21 = [xz + x(1− z)]
[(

R2 − R1 − Fp
)

N − Ft
]
+ (1− x)z[(R2 − R1 − Fp)N − (1

+µ)Ft − (1− µ)αPn] + (1− x)(1− z)[(R2 − R1 − Fp)N − (1 + µ)Ft − (1− µ)
(Pn + C− gC)]

(6)

E22 = [xz + (1− x)z]
[
(R2 − R1 − Fp)N − αPn

]
+ x(1− z)[

(
R2 − R1 − Fp

)
N − Pn

−C] + (1− x)
[(

R2 − R1 − Fp
)

N − Pn − C + gC
]
(1− z)

(7)

E2 = yE21 + (1− y)E22 (8)

The crowdsourcing platform’s replication dynamic equation is:

F(y) =
dy
dt

= y(E21 − E2) = y(1− y)(E21 − E22)

= y(1− y){(xµ− µ− 1)Ft + (µ + x− xµ)Pn − zC[x(µg− µ + 1) + µ− gµ]
+[x(µg− µ + 1) + µ− gµ]C− (1− α)z[x + µ− xµ]Pn}

(9)

The choice of strategy for the crowdsourcing platform is influenced by the proportion
of task requesters who choose a “no complaint” strategy and the proportion of crowd
workers who choose a “hardworking” strategy.

Let z0 =
[x(µg− µ + 1) + µ− gµ]C + (xµ− µ− 1)Ft + [µ(1− x) + x]Pn

(1− α)(µ + x− xµ)Pn +C[x(µg− µ + 1) + µ− gµ]
, take the deriva-

tive of F(y):

dF(y)
dy

= (1− 2x){(xµ− µ− 1)Ft + [µ− xµ + x]Pn + [x(µg− g + 1) + µ

−gµ]C− (1− α)z(x + µ(1− x))Pn − zC[x(µg− µ + 1) + µ− gµ]}
(10)

If z = z0, F(y) = 0. No matter what the value of y is, the strategy choice of the
crowdsourcing platform is in a stable state.

If z < z0, dF(y)
dy

∣∣∣
y=1

< 0 and dF(y)
dy

∣∣∣
y=0

> 0 can be inferred, y = 1 is the equilibrium

point. The crowdsourcing platform will choose the “data filtering” strategy when the
likelihood of the task requester choosing the “no complaint” strategy drops below a
particular threshold.

If z > z0, dF(y)
dy

∣∣∣
y=0

< 0 and dF(y)
dy

∣∣∣
y=1

> 0 can be inferred, so y = 0 is the equi-

librium point. The crowdsourcing platform will choose the “no data filtering” strategy
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when the likelihood of the task requester choosing the “no complaint” strategy exceeds a
particular threshold.

According to the above analysis, the crowdsourcing platform’s replication dynamic
phase diagram can be obtained, as shown in Figure 3.
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Figure 3. Replication dynamic phase diagram of crowdsourcing platforms: (a) z = z0; (b) z < z0; (c)
z > z0.

3.3.3. Replication Dynamic Equation and Phase Diagram for Task Requesters

The expected payoff of “no complaint” is E31, and that of “complaint” is E32. The aver-
age expected payoff of the task requester is E3. They are shown below:

E31 = [xy + x(1− y) + (1− x)(1− y) + (1− x)y](−R2N) (11)

E32 = xy(−R2N − Fc) + x(1− y)(−R2N − Fc + C) + (1− x)y[−R2N − Fc
+(1− µ)C] + (1− x)(−R2N − Fc + C)(1− y)

(12)

E3 = zE31 + (1− z)E32 (13)

The task requesters’ replication dynamic equation is:

F(z) =
dz
dt

= z(E31 − E3)

= z(1− z)(E31 − E32)
= z(1− z)[Fc + (yµ− 1)C + (1− µ)xyC]

(14)

The choice of strategy for the task requester game is influenced by the proportion of
crowd workers selecting the “hardworking” strategy and the proportion of the crowdsourc-
ing platform selecting the “data filtering” strategy.

Let x0 =
(1− yµ)C− Fc

y(1− µ)C
, take the derivative of F(z):

dF(z)
dz

= (1− 2z)[Fc + (yµ− 1)C + (1− µ)xyC] (15)

If x = x0, F(z) = 0. No matter what the value of z is, the strategy choice of task
requesters is in a stable state.

If x < x0, dF(z)
dz |z=0 < 0 and dF(z)

dz |z=1 > 0can be inferred, z = 0 is the equilibrium
point. The task requester will select the “complaint” strategy when the likelihood of crowd
workers selecting the “hardworking” strategy drops below a particular threshold.

If x > x0, dF(z)
dz |z=1 < 0 and dF(z)

dz |z=0 > 0can be inferred, so z = 1 is the equilibrium
point.The task requester will select the “no complaint” strategy when the likelihood of
crowd workers choosing the “hardworking” strategy exceeds a particular threshold.

According to the above analysis, the task requesters’ replication dynamic phase dia-
gram can be obtained, as shown in Figure 4.
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Figure 4. Replication dynamic phase diagram of task requesters: (a) x = x0; (b) x < x0; (c) x > x0.

4. Evolutionary Equilibrium Analysis
4.1. Jacobian Matrix

The aforementioned section examines how the three crowdsourcing system actors’
evolutionary stability strategies have been impacted by critical conditions and evolutionary
paths.The following sections involve different equilibrium states under the combined action
of various participants as well as evolutionary stability strategies. The three replication dy-
namic Equations (4), (9) and (14) can be combined to form a replicator dynamics system [31],
which is denoted by Formula (16).

F(x) = x(1− x){yµ[R1N + zgC− gC]− N(Wh −Wl) + gC− zgC}
F(y) = y(1− y){(xµ− µ− 1)Ft + (µ + x− xµ)Pn − zC[x(µg− µ + 1)

+µ− gµ]+[x(µg− µ + 1) + µ− gµ]C− (1− α)z(x + µ− xµ)Pn}
F(z) = z(1− z)[Fc + (yµ− 1)C + (1− µ)xyC]

(16)

According to [32], the evolutionary stability strategy (ESS) of a set of differential
equations can be found by looking at the Jacobian matrix’s local stability.The corresponding
equilibrium point in the replicator dynamics system’s evolutionary stability strategy (ESS)
is only stable if all of the Jacobian matrix’s eigenvalues are less than 0; otherwise, the
equilibrium point is unstable. The Jacobian matrix J is shown in Formula (17).

J =

 F11 F12 F13
F21 F22 F23
F31 F32 F33

 (17)

The other elements of the Jacobian matrix are as follows:

F11 = ∂F(x)
∂x = (1− 2x){yµ[R1N − (1− z)gC]− N(Wh −Wl) + (1− z)gC}

F12 = ∂F(x)
∂y = x(1− x){µ[R1N + zgC− gC]}

F13 = ∂F(x)
∂z = x(1− x)[yµgC− gC]

F21 =
∂F(y)

∂x = y(1− y)[µFt + zα(1− µ)Pn + (1− z− µ + zµ)(Pn + C) + gµ

(1− z)C]
F22 =

∂F(y)
∂y = (1− 2y){(xµ− 1− µ)Ft + [µ− xµ + x]Pn + [x(µg− µ + 1)

+µ− gµ]C− z(1− α)[µ− µx + x]Pn − zC[x(µg− µ + 1) + µ− gµ]}
F23 =

∂F(y)
∂z = y(1− y){−[x(µg− µ + 1) + µ− gµ]C− (1− α)[µ− xµ + x]Pn}

F31 = ∂F(z)
∂x = z(1− z)[Cy− µyC]

F32 = ∂F(z)
∂y = z(1− z)[µC + xC− xµC]

F33 = ∂F(z)
∂z = (1− 2z)[xy(1− µ)C− C + Fc + yµC]

(18)

We obtain eight strategy equilibrium points by setting F(x) = F(y) = F(z) = 0:
Ep1(0, 0, 0), Ep2(0, 0, 1), Ep3(0, 1, 0), Ep4(1, 0, 0), Ep5(0, 1, 1), Ep6(1, 0, 1), Ep7(1, 1, 0) and
Ep8(1, 1, 1).
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4.2. Stability Analysis
Take the equilibrium point Ep3(0, 1, 0) as an example; we can obtain its eigenvalues

from the Jacobian matrix. The result obtained is shown in Formula (19) .

J =

 µR1N + gC(1− µ)− N(Wh −Wl) 0 0
0 (1 + µ)Ft + µPn + µ(1− g)C 0
0 0 Fc − C + µC

 (19)

The eigenvalues of the Ep3(0, 1, 0) are µR1N + gC(1− µ)− N(Wh −Wl) , (1 + µ)Ft +
µPn + µ(1− g)C and Fc − C + µC. The three eigenvalues are less than 0, so the equilibrium
point is ESS. Similar calculations can be made to determine the eigenvalues of other
equilibrium points, and Table 3 presents the outcomes.

Table 3. System equilibrium points and eigenvalues.

λ1 λ2 λ3

Ep1(0,0,0) −N(Wh −Wl) + gC −(1 + µ)Ft + µPn + µ(1− g)C Fc − C
Ep2(0,0,1) −N(Wh −Wl) −(1 + µ)Ft + µαPn C− Fc
Ep3(0,1,0) µR1N + gC(1− µ)− N(Wh −Wl) (1 + µ)Ft − µPn + µ(g− 1)C Fc − C + µC
Ep4(1,0,0) N(Wh −Wl)− gC −Ft + Pn + C Fc − C
Ep5(0,1,1) µR1N − N(Wh −Wl) (1 + µ)Ft − µαPn (1− µ)C− Fc
Ep6(1,0,1) N(Wh −Wl) −Ft + αPn C− Fc
Ep7(1,1,0) N(Wh −Wl)− µR1N − (1− µ)gC Ft − Pn − C Fc
Ep8(1,1,1) N(Wh −Wl)− µR1N Ft − αPn −Fc

For a long time, consumers in China have been in a passive position, and it is difficult to
obtain evidence, claim compensation and file lawsuits. As a result, the cost of defending rights
is extremely high. With the development of the “Internet+” model, the sharing economy has
emerged, and bicycle sharing is a new form of the sharing economy. In one case in 2019, Mr.
Sun applied for a deposit refund from the ofo bicycle-sharing company, which never arrived.
In May 2020, Mr. Sun found that the app updated the user service agreement. According to
the agreement, users can only apply for arbitration to defend their rights, and the minimum
cost of arbitration is CNY 6100. The arbitration cost is much higher than the CNY 99 deposit
and will largely block consumers from defending their rights. According to the current reality,
C < Fc should be set, and at this time, Ep1 ,Ep4 and Ep3 are not equilibrium points. Table 4
contains the stability analysis of the equilibrium points.

When the parameters meet the following conditions, Ep2 ,Ep5 and Ep8 are possible
equilibrium points, and the gaming system will achieve a steady state.

Table 4. Stability analysis of equilibrium points.

Eigenvalue Analysis Stability

Ep1(0,0,0) Fc − C > 0, so it is unstable. Unstable
Ep2(0,0,1) If−(1 + µ)Ft + µαPn < 0, all eigenvalues are negative. ESS
Ep3(0,1,0) Fc − C + µC > 0, so it is unstable. Unstable
Ep4(1,0,0) Fc − C > 0, so it is unstable. Unstable
Ep5(0,1,1) IfµR1N − N(Wh −Wl) < 0, and (1 + µ)Ft − µαPn < 0, all eigenvalues are negative. ESS
Ep6(1,0,1) N(Wh −Wl) > 0, so it is unstable. Unstable
Ep7(1,1,0) Fc > 0, so it is unstable. Unstable
Ep8(1,1,1) If N(Wh −Wl)− µR1N < 0, andFt − αPn < 0, all eigenvalues are negative. ESS

5. Simulated Analysis

This section includes numerical simulation studies using MATLAB 2020b to study the
effect of different initial strategies and parameter changes on participants. Based on the
above stability analysis, we set Ft = 200, R1 = 5, R2 = 7, Wh = 2, Wl = 1, Fc = 100, C = 20,
Pn = 1000, N = 50, µ = 0.3, α = 0.2 and g = 0.5 for the simulation analysis. We assume
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that the initial strategy probability of all the participants is 0.5, as shown in Figure 5. At the
equilibrium point Ep2(0, 0, 1), the system is stable.
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Figure 5. Initial equilibrium point Ep2(0,0,1).

5.1. The Effect of Different Initial Strategies on Evolution

Since the crowdsourcing platform, the crowd workers, and the task requester are in
a dynamic system, a change in the strategy choice of one party will have an impact on
the strategy choice of other participants. Keeping the initial values constant, we create
four different sets of initial strategies: x = 0.4, y = 0.2, z = 0.6; x = 0.4, y = 0.8, z = 0.6;
x = 0.5, y = 0.3, z = 0.7 and x = 0.5, y = 0.3, z = 0.3. Figure 6 displays the simulation
results. When the probability that the task requester chooses “no complaint” decreases from
0.7 to 0.3, the strategy evolution speed of crowd workers and crowdsourcing platforms
decreases. It indicates that as the likelihood of the task requester choosing not to complain
decreases, the improper behavior of the crowd workers and the crowdsourcing platform
will be suppressed. If the probability of the crowdsourcing platform choosing the “data
filtering” strategy goes from 0.2 to 0.8, the strategy evolution speed of task requesters
increases, while that of crowd workers decreases. It reveals that when the probability of
the “data filtering” strategy increases, it will inhibit the crowd workers from choosing the
“perfunctory” strategy so that task requesters will choose the “no complaint” strategy.

0 2 4 6 8 10
t

0.0

0.2

0.4

0.6

0.8

1.0

x,
y,

z

x=0.4
y=0.2
z=0.6
x=0.4
y=0.8
z=0.6
x=0.5
y=0.3
z=0.7
x=0.5
y=0.3
z=0.3

Figure 6. The effect of different initial strategies.
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5.2. Analysis of Parameters Related to the Crowdsourcing Platform
5.2.1. Data Filtering Cost Ft for the Crowdsourcing Platform

The crowdsourcing platform’s data filtering costs have a direct impact on evolutionary
results. Keeping other parameters unchanged, we increase Ft from 200 to 500 and decrease
it to 50. The results of the simulation are displayed in Figure 7. When Ft rises from 200 to
500, the equilibrium point remains the same. However, the strategy evolution speed of
crowd workers and crowdsourcing platforms increases, and the task requester is basically
unchanged, which shows that the crowdsourcing platform will pick the “no data filtering”
strategy more quickly as the cost of data filtering rises. The equilibrium point shifts from
(0,0,1) to (1,1,1) when Ft drops from 200 to 50. In this instance, the crowd workers’ strategy
shifts from “perfunctory” to “hardworking”, and the platform’s strategy shifts from “no
data filtering” to “data filtering”. The results show that decreasing the cost of data filtering
on the crowdsourcing platform can make it more inclined to choose the “data filtering”
strategy so that crowd workers take the task seriously.
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Figure 7. The impact of Ft on evolution: (a) crowd workers; (b) crowdsourcing platforms; (c) task
requesters.

5.2.2. Data Filtering Capacity µ of the Crowdsourcing Platform

The data filtering capability of a crowdsourcing platform may directly determine
whether a task requester is satisfied with the data. Now, we look at how the change
in the µ value affects the tripartite participants. The initial value of µ is set to 0.3. We
look into two distinct circumstances where the initial value was raised to 0.4 and 1. The
results are shown in Figure 8. When it increases from 0.3 to 0.4, the gaming system’s
equilibrium point is still at (0,0,1). However, the strategy evolution of the crowd workers
and the crowdsourcing platform slows down, which indicates that the improved data
filtering ability of the crowdsourcing platform can inhibit the crowd workers from choosing
the “perfunctory” strategy to finish the task. There is a new equilibrium point (1,1,1) for
the game system when the value of µ increases from 0.4 to 1. In this case, the strategy
choice of the crowd workers changes from “perfunctory” to “hardworking”, and the
platform changes from “no data filtering” to “data filtering”. It can be concluded that the
crowdsourcing platform with high data filtering capability will be more willing to filter
the data, which will further motivate the crowd workers to choose the “hardworking” task
completion strategy.
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Figure 8. The impact of µ on evolution: (a) crowd workers; (b) crowdsourcing platforms; (c) task
requesters.

5.2.3. Governing Agencies’ Fines Pn for Crowdsourcing Platforms

Next, we will examine the effect of the governing agencies’ penalty Pn on the system.
The value of Pn is reduced from 1000 to 500 and increased to 3000, and Figure 9 displays
the simulation results. When Pn is downsized from 1000 to 500, the equilibrium point
remains unchanged at (0,0,1). However, the strategy evolution speed of crowd workers
and crowdsourcing platforms increases. It implies that the crowdsourcing platform will
be more willing to select the “no data filtering” strategy if the fines are reduced, which
will lead the crowd workers to choose the “perfunctory” strategy. The equilibrium point
shifts from (0,0,1) to (1,1,1) when Pn rises to 3000. Crowd workers’ strategy changes
from “perfunctory” to “hardworking”, and the crowdsourcing platform’s strategy changes
from “no data filtering” to “data filtering”. This is the ideal equilibrium state. It can
be concluded that increasing the fines for misconduct on crowdsourcing platforms can
motivate crowdsourcing platforms to choose the “data filtering” strategy and thus motivate
crowd workers to choose the “hardworking” strategy.
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Figure 9. The impact of Pn on evolution: (a) crowd workers; (b) crowdsourcing platforms; (c) task
requesters.

5.2.4. The Probability α of Regulation by the Governing Agencies

The participants’ behavioral strategies are also influenced by the governing agencies.
Next, the cases of increasing α from 0.2 to 0.25 and 0.8 will be studied, as shown in Figure 10.
When α = 0.25, the equilibrium point is still at (0,0,1). However, the strategy evolution
speed of the crowd workers and crowdsourcing platforms becomes slower, which can
indicate that the increase in the probability of regulation by the governing agencies inhibits
the crowdsourcing platform from choosing the “no data filtering” strategy, which further
inhibits the crowd workers from choosing the “perfunctory” strategy. When α = 0.8,
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the equilibrium point shifts from (0,0,1) to (1,1,1). The crowd workers’ strategy switches
from “perfunctory” to “hardworking”, and the crowdsourcing platform‘s strategy switches
from “no data filtering” to “data filtering”. In summary, when governing agencies actively
regulate, the improper behavior of crowdsourcing platforms and crowd workers can be
curbed, and the rights of task requesters can be protected.
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Figure 10. The impact of α on evolution: (a) crowd workers; (b) crowdsourcing platforms; (c) task
requesters.

5.3. Analysis of Parameters Related to the Task Requester
5.3.1. The Task Requester’s Complaint Cost Fc

The starting value of Fc is set to 100, and we study the two cases where Fc increases to
500 and decreases to 10. The simulation outcomes are shown in Figure 11. The equilibrium
point remains at (0,0,1) when the value of Fc rises to 500. However, the strategy evolu-
tion speed of the crowd workers, crowdsourcing platforms and task requesters increases
significantly. It indicates that the rising cost of complaints will lead the task requester to
choose the “no complaint” strategy after weighing the benefits, which will lead the crowd
workers to select the “perfunctory” strategy. When the value of Fc decreases to 10, the
equilibrium point shifts from (0,0,1) to (1,1,1). The crowd workers’ strategy switches from
“perfunctory” to “hardworking”, and the crowdsourcing platform‘s strategy switches from
“no data filtering” to “data filtering”. From the above study, we can conclude that reducing
the cost of complaints can increase the motivation of task requesters to protect their own
interests, which can curb misconduct by crowd workers and crowdsourcing platforms.
Therefore, the governing agencies should reduce the complaint cost of task requesters to
promote the stable operation of the transaction market.
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Figure 11. The impact of Fc on evolution: (a) crowd workers; (b) crowdsourcing platforms; (c) task
requesters.
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5.3.2. Compensable C for the Task Requester

The initial value of C is set to 20. Next, we will study the case of increasing C to 50
and 800, as shown in Figure 12. When C is increased from 20 to 50, the equilibrium point
remains at (0,0,1). The strategy evolution speed of crowd workers and crowdsourcing
platforms decreases. When C reaches 800, it tends to move to the equilibrium point (1,1,0)
and eventually stay at (1,1,1). This outcome indicates that task requesters are more likely
to choose the “complaint” strategy when the amount of compensation is larger. At this
time, the improper behavior of crowd workers and crowdsourcing platforms will be sup-
pressed, so there is a tendency to move to the equilibrium point (1,1,0). However, the task
requester’s complaints are ineffective because crowd workers and crowdsourcing platforms
do not have improper behaviors. So, the task requester will choose the “no complaint”
strategy. Eventually, the equilibrium point stabilizes at the point (1,1,1). Therefore, if we
appropriately increase the amount of compensation so that it is greater than the cost of
complaints by task requesters, the task requesters will actively protect their own interests.
Thus, the misconduct of crowd workers and crowdsourcing platforms will be suppressed,
which will maintain the stable operation of the trading market.
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Figure 12. The impact of C on evolution: (a) crowd workers; (b) crowdsourcing platforms; (c) task
requesters.

5.4. Analysis of Parameters Related to the Crowd Workers
The Compensation Coefficient g

When a task requester chooses the “complaint” strategy, they will request compen-
sation directly from the crowdsourcing platform. The crowdsourcing platform will pay
the requester C as compensation if the complaint is justified. Then, the crowdsourcing
platform will require the crowd workers to cover the penalty in the amount of gC, because
the crowdsourcing platform may suffer a loss of reputation, resources, time and money.
The crowdsourcing platform may seek more compensation for the crowd workers when
it suffers a larger hidden loss. The effect of g on evolutionary outcomes is discussed next.
The initial value of g is 0.5, and we investigate the effects of increasing g to 1 and 3 on
evolutionary outcomes, as shown in Figure 13. The equilibrium point remains at (0,0,1) as
g increases in value, but the strategy evolution speed of crowd workers becomes slower.
This result shows that when the compensation coefficient increases, it will inhibit crowd
workers from choosing the “perfunctory” strategy. The larger the compensation coefficient
is, the less probable it is that the crowd workers will choose to finish the task perfunctorily.
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Figure 13. The impact of g on evolution: (a) crowd workers; (b) crowdsourcing platforms; (c) task
requesters.

6. Conclusions and Future Works

The quality of sensing data and the stability of the mobile crowdsourcing market are
our concerns. This paper establishes a three-party evolutionary game model by analyzing
the behavior decisions of crowdsourcing workers, crowdsourcing platforms and task
requesters. Furthermore, the influencing factors and evolutionary paths of each player’s
different behavioral strategies are discussed. According to the experimental simulation
results, the conclusions and future works are listed:

1. Since the crowdsourcing platform, the crowd worker and the task requester are in the
same dynamic system, any change in strategy choices by one of them will affect and
restrict the strategy choices of the other two parties. Therefore, the following measures
can be implemented to maintain the stable operation of the mobile crowdsourcing
market: (i) increase fines for misconduct, (ii) increase the probability of supervision by
governing agencies, (iii) reduce the cost of data filtering, (iv) reduce the complaint cost
of task requesters, (v) improve the data filtering capability of crowdsourcing platforms
and (vi) encourage the task requesters to actively report misconduct on crowdsourcing
platforms. For example, the higher the probability of selecting the “data filtering”
strategy is, the more crowd workers tend to select the “hardworking” strategy to
complete the task; the higher the enthusiasm of task requesters to safeguard their
rights os, the more misconduct on crowd workers and crowdsourcing platforms will
be inhibited. Through the above analysis and the outcomes of the experiments, it can
be concluded that the crowdsourcing platform selects the “data filtering” strategy,
the task requester selects the “complaint” strategy, and the crowd workers select the
“hardworking” task completion strategy, all of which are conducive to improving the
sensing data’s quality and realizing the maximum social benefits. Therefore, the ideal
stable state of the system is a policy combination of {1, 1, 1}.

2. For crowdsourcing platforms, data filtering plays an important role in stabilizing market
operations. First of all, it will be difficult for task requesters to obtain high-quality sens-
ing data without implementing data filtering measures, thus harming the self-interests
of task requesters and causing the reputation loss of the platform. Secondly, the spec-
ulative behavior of crowdsourcing workers is more rampant without implementing
data filtering, and it is not conducive to obtaining high-quality perception data. There-
fore, crowdsourcing platforms need to improve data filtering capabilities, intensify
technological transformation, reduce data filtering costs and enhance platform social
responsibilities. In this way, not only can the interests of task requesters be protected
from losses and mobile crowdsourcing market transactions be promoted, but also the
reputation and core competitiveness of the platform can be comprehensively enhanced,
and a virtuous cycle of the trading market can be promoted.

3. Task requesters should enhance their awareness of rights protection and safeguard
their own interests from being infringed upon. In addition, protecting their rights
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actively plays an important role in supervising the speculative behaviors of other
participants. Task requesters are the final inspectors who estimate the quality of data.
After finding data quality problems, they should give timely feedback to regulators,
which can not only safeguard their own interests but also help curb speculation in the
crowdsourcing system and play a positive role in stabilizing market operation.

4. Crowd workers should enhance their sense of social responsibility and not deceive
others into performing their tasks perfunctorily for their own benefit. The only way
to stand out and gain trust in the highly competitive trading market environment is
to enhance your own working skills and treat one another with sincerity.

5. Governing agencies should actively perform their supervisory duties. To begin with,
they should develop anonymous reporting platforms, develop a reasonable regulatory
system, improve the probability of regulation and reduce the cost of rights protection
for task requesters. In addition, they can also conduct regular thematic education to
raise the rights protection awareness of task requesters and increase the sense of social
responsibility of mass workers and crowdsourcing platforms.

There are numerous chances to extend our work further. The research agenda is
created by outlining several possible future study directions.

1. Regarding stakeholders’ participation in collusion, we will consider the effect of inter-
participant collusion on the strategy choices of other participants in a comprehensive
manner to make the game system more realistic.

2. Regarding setting incentives for crowd workers, we will combine the reputations
of the crowd workers to set incentives to ensure they complete the tasks with a
“hardworking” strategy and improve the quality of the sensing data.
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