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With the widespread usage of mobile devices within growing communities, community group-buying has emerged as a new trend that is gradually
changing people’s lifestyles. In the traditional Internet environment, the interaction between employees create a type social network. However, as the
Internet of Things offers a unique distributed network of location-based interactions between employees and customers, the impact of location-based
social networks on the behavior of both parties becomes an interesting issue worth exploring. In this context, we proposed a dual interaction model
to discuss the turnover behavior of deliverers in the community group-buying scenario. The results showed that employee-customer interaction led
to a two-stage decline in employee turnover, which was different from that in the Internet environment. In order to meet the goal of reducing the rate
of employee turnover, it was more appropriate to select the seeding target based on the number of employees’ social relationships than to select the
seeding target randomly. Results indicated that managers of crowdsourcing logistics enterprises could determine whether employees were worth the
corresponding cost and effort by identifying and positioning their degree of social centralization.

Keywords: crowdsourced logistics; employee turnover behavior; opinion dynamics; catastrophe theory

1. INTRODUCTION

In recent years, various natural disasters and public health
emergencies have occurred from time to time. During states
of emergency, the inter-regional supply chain of products
necessary for people to carry on with their usual daily lives
and activities can be easily interrupted. The resulting shortage
of supplies is likely to cause anxiety and panic among

∗Address for correspondence: Xiaomeng Ma, College of Economics,
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residents, leading to extreme behaviors such as blind buying
and hoarding. As natural disasters and other emergencies are
on the rise, in a community group buying scenario, products
can be purchased and distributed by the community as a unit,
which is important for the buying of necessary items during a
state of emergency. As a result, community group-buying in
China is booming.

Community group-buying involves suppliers deciding the
volume of group-buying and commodity prices. The leader
of a group-buying community negotiates with suppliers so as
to obtain price discounts and valuable services. This form of
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group buying is characterized by its regional, localized, and
niche focus. During the coronavirus epidemic, community
group-buying was a godsend for numerous consumers and
to some extent addressed the issue of supply shortages of
necessary, everyday products. This confirmed the value of
community group-buying.

The supply chain plays a crucial role in community group-
buying, and professional delivery services are essential to
improving consumers’ community group-buying experience.
The community group-buyingplatform offers different modes
of distribution, including self-operated distribution, express
delivery and third-party distribution. In recent years, advances
in Internet technology have led to the rapid development of a
sharing economy. In a sharing economy, resources can be used
more efficiently more efficient waste of social and inactive
resources can be greatly reduced through the integration of
platform resources, leading to a new type of logistics known
as crowdsourcing logistics [1]. This is seen as a third-party
distribution channel in community group-buying, where the
existing relatively adequate distribution system is used to
distribute the community group-buying products, rather than
self-distribution and express delivery, effectively reducing the
heavy asset input and logistics cost of the community group-
buying platform. In the scenario of community group-buying,
the supermarket enterprise or the head of the group-buying
community can publish the current logistics needs on the
crowdsourcing logistics service platform, so that people who
are able and willing to deliver can increase their income,
improve the distribution efficiency, and reduce the transporta-
tion cost in the last kilometer [2] by competing for orders on
the platform. There has been a rapid growth in crowdsourcing
logistics platforms, with platforms such as Ele. me
“Hummingbird”, JD crowdsourcing, Dianwada, Postmates,
Uber Rush and other platforms emerging one after another [3].

Crowdsourcing logistics enterprises have a relaxed ap-
proach to screening distribution personnel. For instance,
people with smart phones and vehicles can begin their
distribution job after simple training. However, this high
degree of autonomy of distribution personnel poses significant
risks for crowdsourcing logistics enterprises. The behavior
of employees will directly affect the normal operation of
the enterprise and, to some extent, it will also affect the
third-party distribution mode in the community group-buying
scenario. This may result in the instability of the distribution
capacity, negatively affecting the experience of consumers in
the community group-buying scheme. One of the primary
issues with crowdsourcing logistics is that the delivery is not
professional enough and the quality of service is inconsistent,
which will lead to the loss of trust of community group-
buying platforms and consumers in crowdsourcing logistics
enterprises. To address these issues, crowdsourcing logistics
enterprises provide users with a system enabling them to
evaluate the service provided by each deliverer, so as to
obtain comprehensive data on consumers’ service experience.
Moreover, delivery personnel are held accountable through a
rating system, and customers’ evaluation of deliverers will in
turn affect employees’ behaviors.

This work focused on the impact of interaction on employee
behavior in crowdsourcing enterprises. It can be seen that, in
crowdsourcing logistics, there are two aspects to employees’

social relations. On the one hand, in the original Internet
environment, the behavioral interaction among employees
constitutes a scale-free social network. On the other hand,
the embedment of IOT technology enables the interaction
between employees and customers to create local, dynamic
and location-based social networks. In this work, two inter-
active process models of crowdsourcing logistics employees
are utilized to explore the internal mechanism of employee
turnover decision behavior and provide theoretical support for
enterprise managers, enabling them to devise and implement
effective management control strategies.

To accurately grasp the internal mechanism of employee
turnover behavior in crowdsourcing logistics, this work
proposes an RA model with embedded catastrophe. Section 2
presents the literature review; in section 3, an analysis is
conducted of the online text data of crowdsourcing logistics
employees in order to identify the evolution of employees’
views based on interactions in an intelligent environment.
The construction of the interaction model of customer and
employee service evaluation is described in section 4, and
includes the embedded mutation RA model used to calculate
employee pressure. Finally, we also conducted a series of
simulation experiments on the interaction between employers
and employees, and between employees and customers in
crowdsourcing logistics, so as to analyze the influence of
interaction on the evolution of employee turnover decision
behavior. Based on the results, several enterprise control
strategies are suggested.

Essentially, our study explored the popularization of mobile
intelligent devices, and investigated the distribution efficiency
and employee turnover behavior mechanism in distributed
communities from two perspectives: demand side and supply
side. On this basis, we propose a dual interaction model to
determine employee turnover behavior in community group-
buying scenarios and explore the evolution mechanism of this
behavior.

2. RELATED WORKS

2.1 The Distribution Mode in the Community
Group-Buying Scenario

The landscape of community group-buying and end-
distribution scenarios is continuously evolving, the number
of commodity types and consumers is increasing, and con-
sumers’ demand for personalized delivery services is growing
steadily. To meet consumers’ demands for personalized
delivery services, community group-buying platforms should
build a reasonable distribution system at the end of the supply
chain, while crowdsourcing logistics provides a solution to
customers’ growing demands for quicker delivery time, lower
costs, and customization [4]. However, challenges persist
in crowdsourcing logistics, including a high concentration
of orders and uneven distribution of transportation capacity.
Freelance operators are very sensitive to the salaries being
offered, so the delivery capacity of crowdsourcing logistics
is unstable, which may affect the customer experience of
community group-buying [1]. In the e-procurement scenario,
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Fallah et al. (2023) applied a dynamic genetic algorithm
for time optimization, and built a more flexible supply chain
system [5]. Pal (2024) studied the supply chain dynamic
planning decision problem in multi-cycle mode [6]. Karger
et al. (2014) put forward a new algorithm to study the problem
of crowdsourcing task allocation in order to minimize the
operating cost of logistics system, and obtained the optimal
crowdsourcing task allocation scheme [7]. Kung and Zhong
(2017) analyzed the profit maximization strategies for bilateral
platforms under three different pricing strategies,membership
pricing, transaction pricing and cross-subsidy, considering the
network externalities [8].

The stability of employee behavior is essential to the third-
party distribution mode in community group-buying, which
is the issue that is discussed in this work.

2.2 Factors Influencing the Behavior
of Deliverers

In this unique distribution logistics mode, the interaction
between customers and deliverers is a significant element of
the consumption experience. The interaction and turnover
behavior of delivery personnel, and quality of communication
between employees and customers strongly influences the
latter’s assessment of the former’s services [9,10]. Enter-
prises whose focus is on customer experience can improve
customers’ evaluations by strengthening the communication
ability and service level of employees. Moreover, customers’
praise would in turn sustain the enthusiasm and commitment
of service employees [11]. Research has found that employee
behavior is not only affected by personal cognition; it is also
influenced by social capital [12]. This impact could be facili-
tated by improving the quality of service, extending working
hours or having a positive attitude towards other employees.
Social capital, as an opportunity for employees to obtain
information from others,could improve cognition as it enables
the acquisition of diverse information via social relationships
[13]. Therefore, numerous studies have explored the impact
of employee interactions on their behavior.

Customer-employee interaction is an important part of
services because the generation and purchase of services
are non-renewable [14]. These interactions can enhance
service experiences and increase customer satisfaction [15].
Yildiz and Savelsbergh (2019) studied the spillover effect
of service quality, service scope and delivery capacity of
the crowdsourcing food delivery platform [16]. Klumpp
(2017) established a crowdsourcing service quality evaluation
system that took into account the stability and participation
of crowdsourcing logistics service quality, and proposed that
the application of crowdsourcing must be flexible, secure and
sustainable [17]. However, the service quality that employees
offer to customers might constantly be changing,which makes
the relationship between customers and employees relatively
unstable, and this service quality could change depending on
customer evaluations of the service [18].

Therefore, this current study used the customer-employee
exchange model to model the intention of employees, and
the viewpoint dynamics model to model the social capital of

employees. By integrating these two models, we observed the
genesis mechanism of employee turnover.

2.3 Catastrophe Theory and Employee
Turnover Behavior

Catastrophe theory is a methodology used to study how
continuous small changes of independent variables in a
system lead to discontinuous sudden changes of dependent
variables [19].

Understanding the shifts in employee behavior is integral
to comprehending the continuous process of psychological
activity, thereby necessitating psychological research into
behavior catastrophe and underlying trust. Huang and
Feng (2009) used the catastrophe model to investigate the
relationship between service quality and conversion cost
of choice behavior, and found that service quality and
conversion cost are the two main factors affecting choice
behavior, and high conversion cost will lead to mutation
phenomenon, and it applied the catastrophe model to the
field of social psychology to explain social behavior, attitude
change and other related change processes [20]. In addition,
the random catastrophe theory was applied to quantitatively
analyze the catastrophe of individual psychological perception
[22]. Huang et al. [23] proposed how to use the folding
model and the cusp model to explain the cognitive process.
When applying the catastrophe theory to the study of
computational organization, Hu and Hu [24] constructed a
hybrid cusp catastrophic model of qualitative simulation and
quantitative description of employee behavior catastrophe,
and found that the combination of the mutation theory and
qualitative simulation could effectively reveal the catastrophe
mechanism of employee turnover decision behavior. This
research methodology was also used to study the reversal of
organizational culture [25] and the evolution of organizational
psychological contract [26]. or this study, we adopted the cusp
catastrophic model to examine the changing characteristics of
crowdsourcing logistics employees’ viewpoints. We used the
cusp catastrophic model to simulate the changes of individual
viewpoint uncertainty.

Therefore, on the basis of previous research, we proposed
a dual interaction model under the distributed network to
discuss the turnover behavior of employees in the community
group-buying scenario. Specifically, the distribution platform
distributes the orders to the community after preprocessing
under the condition of maximizing efficiency and benefits,
and the employees of the distribution community efficiently
complete the orders under the condition of pursuing returns,
as shown in Figure 1.

3. DATA COLLECTION AND
PROCESSING

3.1 Data Collection

Baidu Tieba, provided by the Chinese search engine company
Baidu, is an online community. Here, bar means someplace
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Figure 1 Dual interaction model under distributed network to explore employee turnover behavior.

Figure 2 Word cloud for employees.

on the Internet like a forum providing place for users to do
interactive social network site activities. Users are drawn
to it as it offers a space to share their views on specific
topics. DADA delivery bar was created by its delivery staff.
Over 50,000 individuals use this platform and more than
480,000 topics are discussed including working conditions,
pay, pressure, problems and so on. Individuals can choose
specific topics. Participants can post their opinions and
experiences with regard to specific issues that ignite their
interest and communicate these to others. We collected
individual’s’ opinions of the DADA crowdsourced logistics
company about their work pressures and working conditions
from online social media “Baidu Tieba”.

3.2 Data Analysis

From the aforementioned platform, we collected more than
30,000 data on topics discussed by and of concern to service
providers of crowdsourcing logistics from October 2022 to
January 2023, and conducted statistical analysis to create a
visualization of topics in the form of a word cloud. As can
be seen from Figure 2, the topics that are of most interest
to service providers are “remuneration” and “price”. These
data cover platforms such as Dada, Meituan, Ele. me and
Hummingbird. It was not difficult to see that when the
compensation offered by the outsourcing logistics platform
for their services was lower than their expectations, the service
providers would most likely choose other platforms. Service
providers also reported high levels of stress in the course
of their work, including deception or helplessness when

confronted by rude suppliers and customers, which increased
their desire to quit.

Initially, we utilized semantic analysis to interpret these
opinions, which were indicative of the employees’ attitudes
towards working at DADA. Drawing upon Timothy and Johns
(2019 to 2022) review about job attitudes, the individuals opin-
ions range across five measurements labelled as: “extremely
not satisfied”, “not satisfied”, “somewhat not satisfied”,
“satisfied”, and“very satisfied”. If an individual said “I
have left the company”, this statement indicated“extremely
not satisfied”. Some said“I will consider quitting my job
if the company doesn’t improve out working conditions”
which indicated “not satisfied”. The statement “I can’t stand
anymore, the location is always wrong” indicated “somewhat
not satisfied”. The opinion“I think the map is okay”belonged
to “satisfied”, and the statement “I’m a part-time worker,
no matter what the condition is, I will continue working”
indicated“very satisfied”.

We used BosonNLP to rank these data, two colleagues were
asked to check these data; scores ranged from −1 to 1. After
their check was completed, we used a consistency test to check
their work, determining that the consistency was 90%. In
cases where the evaluators’ opinions conflicted, we assigned
it a value. Through this method, we determined the numerical
interval of these five classifications as shown in Table 1.

The collected data are shown in Figures 3 and 4.
Figures 3 and 4 indicate that following an initiation of a

topic about work pressure and conditions, the individuals’
discussions continued for an average of twelve days before
their opinions started to stabilize. Figure 2 shows that
the evolution of group opinion is stable in two subgroups.
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Table 1 The divided interval of opinion.

The interval of opinion Key words Description

(−1,−0.7) Extremely unsatisfied the individual will quit his job immediately
(−0.7,−0.4) Not satisfied the individual will quit his job if the working conditions

worsen or the work pressure becomes higher
(−0.4, 0) Somewhat unsatisfied the individual is dissatisfied with the company but will

not quit his job
(0, 0.5) Satisfied the individual understands the difficulty of the company

and will not reduce his enthusiasm for the job
(0.5, 1) Very satisfied the individual will work harder

Figure 3 The evolution of global opinion.

Figure 4 The evolution of an individual’s opinion.
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Figure 5 Service profit chain of employee-customer linkage.

We observed that some individuals’ opinions and statements
suddenly change from positive to negative, other individuals’
opinions are barely influenced, and yet others’ statements and
opinions are influenced only by certain specific opinions.

4. CUSTOMER-EMPLOYEE
INTERACTION MODEL

A critical aspect of the interactive relationship in crowdsourc-
ing logistics enterprises is a service profit chain based on
employee satisfaction, customer satisfaction and enterprise
profitability. We focused on employee satisfaction and
customer satisfaction, and established a conceptual model
according to a “service profit chain” [27] as shown in Figure 5.

According to the service profit chain, the company’s
business strategy and service delivery system determined
the service ability of the company’s employees, that is,
their ability to meet the needs of customers. High-quality
service from employees enhances customer satisfaction with
the service value, creating a positive correlation between
service value and customer satisfaction. The customer rates
the employee based on his level of satisfaction with the
service, and the rating subsequently affects the employee’s
satisfaction. Moreover, in the community group-buying
scenario of crowdsourcing logistics distribution mode, after
the transaction is completed,customers rate employees,which
can directly determine the maximum number of orders that
employees receive every day; hence, the rating will affect
the income of both employees and enterprises. In the real
world, via the Internet, employees communicate with other
employees about how stressed they are at work, and these
interactions also affect employee satisfaction. In this study,
we focused primarily on the impacts of these interactions
between employees and other employees or customers.

4.1 Employee-Customer Exchange Model

In regard to practical decision-making, a crowdsourcing
logistics employee exhibits bounded rationality, implying that
they cannot always make optimal decisions. For instance, they
may feel satisfied if their income surpasses their expectations.

To determine the optimal strategy, the employee must have
a comprehensive knowledge of the way the system operates,
as well as the strategies used by other employees, which is
very difficult. Even if the employee has access to all the
information, it may still be challenging for them to arrive at
an optimal strategy. In an intelligent environment, tasks are
published in real time, and the deliverer has limited time to
respond, lacking both the time and computing power to make
the optimal decision. Considering the bounded rationality of
employees, we opted to use the RA model to simulate the
interaction between employers and employees.

The Rational Actor (RA) model yields three possible
evolutionary outcomes: convergence towards the center, con-
vergence towards two poles, or single extreme convergence.
In this current study, our investigation was strongly focused
on the relationship between employee job satisfaction and
customer satisfaction, using data linking employee responses
with customer responses. The accumulated research includes
findings of a positive [28, 29], negative [30], and non-
significant relationship. Hence, we divided employees into
three types. We conducted time tracking and dynamic analysis
of the employee data collected in the early stage. Using this
process, we identified three types of employees. This process
helped us to identify three distinct types of employees. The
first type used the evaluation of the organization as a means
of increasing their motivation, That is, if the rating was lower
than the service quality required, they would strive to improve
their service quality so as to achieve higher evaluations. We
call these individuals ‘positive employees’. The second type
of employee thought that the evaluation of the organization
was a punishment; that is, if the rating was lower than the
service quality, they feel angry and reduce the service quality;
these individuals are ‘negative employees’. The last group
of employees falls somewhere in between. These are called
‘non-significant employees’ as the ratings they received did
not change the quality of service they provided. According
to the theory of bounded rationality, individuals are inclined
to believe that their benefits are outweighed by their costs.
Therefore, the situation where the rating is higher than service
quality falls outside the scope of this work. The process is
shown in formula (1).

If rat ing_score
serviceq ualit y < 1, in the next time, the employee’s

service quality is:

364 Engineering Intelligent Systems



X. MA ET AL.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

service_qualityt = service_qualityt−1 Non-significant

employee

service_qualityt = service_qualityt−1

∗
(

1 +
(

1 − rating_scoret−1
service_qualityt−1

))
Positive employee

service_qualityt = service_qualityt−1

∗
(

1 −
(

1 − rating_scoret−1
service_qualityt−1

))
Negative employee

(1)
where service_quality and rating_score is from 0 to 10.

Employee service quality influenced customer perceptions
of service value, an service value had a positive association
with customer satisfaction. We observed that in terms
of customer rating, the customer compares the last two
experiences, and then gives a rating, seen in formula (2).

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

rating_scoret = Uniform(0, service_qualityt

+(service_qualityt − service_qualityt−1))

service_qualityt > service_qualityt−1

rating_scoret = Uniform(0, service_qualityt

−(service_qualityt − service_qualityt−1))

service_qualityt < service_qualityt−1

(2)

The rating determines the number of orders that an
employee will receive, while the pressure determines the
number of orders that an employee wants to deliver. Then
we used the catastrophe-embedded RA model to calculate
employees’ pressure.

4.2 Catastrophe-Embedded RA Model

During interactions, individuals exchanged opinions contain-
ing state variable values. The opinions and their associated
uncertainties were modified during interactions according to
the relative agreement model (RA model). In the RA model,
randomly-selected pairs of agents interacted, expressing their
opinions and their confidence in those opinions, and each
agent then updated their own opinion on the basis of the
new information. The uncertainty represented the individual’s
confidence in their opinions. The viewpoints of the original
RA model evolved continuously, while the viewpoint of the
DADA employees we collected had intermittent changes,with
some abrupt changes. We believed that this discontinuity may
be caused by the degree of individual uncertainty. The sudden
changes in opinion can be explained using catastrophe theory.

In the RA model, the initial value of uncertainty obeyed
uniform distribution under (0, 0.5). However, in reality, the
confidence was influenced by individual heterogeneity and
the external environment. We found that some individuals’
opinions may suddenly change from a positive state to
a negative state, while the opinions of other individuals
were barely influenced, and yet others were influenced
only after reading someone’s statement about a specific
issue. Many applications to problems of social science have
since appeared, such as discontinuities in psychology, in
organizations and in the economy in terms of catastrophe
theory. Flay’s analysis demonstrated that the cusp catastrophe
model was done a better job of describing a change in

human behavior [21]. Certain studies on job satisfaction
have suggested that it can be modeled using cusp catastrophe
theory. The behavior surface was employee’s satisfaction
state, the normal factor u was the competence or skill of the
supervisor or management, and the splitting factor v was the
employee’s involvement in their jobs. In keeping with this
research, we have defined the normal factor u as the sensitivity
of perceiving pressure,and the splitting factor v as the working
conditions.

We set u, v obeyed uniform distribution under (−1, 1), α =
1.4137, β = 1.2130 (the calculating algorithm was based on
Hu and Xia [24], through the formula (3) got f .

f 3 + α · u · f + β · v = 0 (3)

The result showed that the value of f was between
(−3.1, 0), in order to conform to the original RA model, we
standardized f to (0, 0.5)

ui = 0.5 · cos
(

f + π

2

)
(4)

We considered a population of N Agent, each agent i is
characterized by two variables, its opinion xi and its uncer-
tainty ui , and the opinion segments are [xi − ui , xi + ui ] , hi j

is defined as the opinion overlap of agent i and agent i .

hi j = min(xi + ui , x j + u j ) − max(xi − ui , x j − u j ) (5)

If hi j > ui , then the modification of x j and u j by the
interaction with i is:

x j = x j + μ · di

d j
·
(

hi j

ui
− 1

)
· (xi − x j

)
(6)

u j = 0.5 · cos
(

f j + π

2

)
(7)

where μ is a constant parameter which amplitude controls the
speed of the dynamics. If hi j < ui , there is no influence
of agent i and agent j . We add di/d j in the RA model to
simulate the influence of the node. In reality, we tend to
focus on and trust on the individual who has lots of neighbors
on the Internet. The greater of di/d j means the agent i
have more influence on agent j . Through the RA-catastrophe
model, we can calculate individuals’ opinion after one step
communication and then we will test and verify the model.

4.3 Agent-Based Model

We established a virtual context consisting of a social network
of employees and customers as agents. The agents are
autonomous, interactive, and have bounded rationality.

Using this model, we calculated each employee’s pressure
level. As previously discussed, the rating score determines
the number of orders that an employee will receive, while the
pressure determines the number of orders that an employee
wants to deliver. We normalized the rating score and
employees’ pressure to the same range for comparison. If
rating score was less than the employee’s pressure, meaning
that the employee could receive as many orders as he wanted,
he might not receive adequate wages and therefore might
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Table 2 Initial values of experiment parameters.

Parameters Initial values

Number of employees, N 2000
Number of customers, M 3000

Network structure of employees Scale free network
Network structure of customers Location based network

Simulation time 100
Simulation times 30

consider leaving the company. The probability of an employee
leaving is calculated with opinion−rat ing_score

rat ing_score . The opinion
represents employee’s pressure, and the employee’s pressure
is inversely proportional to the employee’s opinion. The rating
score represents the upper number of orders that the employee
can get for a day.

The interactions among employees occur online, research
indicates that the structure of the web and social media is a
scale-free network. Characterized by a short average path
length and a high network clustering coefficient, the degree
distribution of this network structure also adheres to the power
law. [31]. We considered the network structure as a scale-free
network and set the minimal number of neighbors to 4 when
using preferential topology set according to the empirical data.

The interaction between employees and customers is fun-
damentally different from the interaction between employees.
Crowdsourcing logistics makes use of intelligent terminal
software based on geographical location and a location-
positioning service, providing a foundational framework for
assigning distribution tasks. Shipping orders are prefer-
entially matched according to the geographic location of
employees and customers [32]. Consequently, we devised a
location-based network structure comprising employees and
customers so that they will connect only when they are in close
proximity.

5. RESULTS

In this section, we present a series of experiments simulating
the interaction between employee and employee, and em-
ployee and customer. The results provide powerful support
for the theoretical analysis. The simulation tool was Anylogic
6.4.1. Table 2 shows the initial values of the experiment
parameters.

5.1 Validation of the Agent-Based Model

Empirical studies traditionally derived results through ques-
tionnaires, designed experiments or observational data. On
the other hand, modeling and simulation (ABMS) approaches
use computer simulation to study the macro evolutionary
dynamic characteristics of the whole system by simulating
the interaction between individuals [33–35]. The researchers
have recently developed a systematic framework procedure
for testing the ABMS model, which will be used in this paper
to verify our model simulation results.

5.2 Face Validation

Face validation refers to subjective evaluation whereby the
model subjectively covers the variables to be measured. That
is, if a model contains the variables to be studied, then it has
surface validity. When conducting simulation, the primary
goal is to build a system that can support experiments and
record the changes of each variable to be measured during
simulation. We constructed the framework, parameters and
decision-making process of the model based on relevant re-
search literature, and met the requirements of surface validity.

5.3 Empirical Input Validation

This step ensures that the data entered into the simulation
model is realistic and valid. Through empirical research and
support provided by actual data support, we achieved the
validity of input data.

5.4 Empirical Output Validation

The output validity refers to the verification of the output
results of the simulation model and the findings in the real
world. Figures 6, 7 and 8 show the simulation results of RA
model with embedded catastrophe.

Figure 6 illustrates the evolution of each individual’s
opinions under the catastrophe-embedded RA model. The
evolution of employee opinion can be divided into three types.
Type B represents a situation where an individual’s uncertainty
varies, changing according to the internal and external factors
(cusp catastrophe model); therefore, the individuals’ opinions
appear to oscillate. Type A and type C individuals are those
whose psychological states were in either a normal state or an
abnormal state; that is, when the individual’s psychological
state was more stable, their opinions were affected more
strongly by other individuals, as shown in Figure 7.

Compared with Figure 8, we found that the simulation
results of the catastrophe embedded RA model were very close
to the empirical data. As shown in Table 3, the correlation
between the results of RA-catastrophe and empirical data
is 0.973. This value exceeds 0.95, demonstrating a strong
similarity between these two data sets.

The Wilcoxon signed-rank test is a non-parametric statisti-
cal hypothesis test used when comparing two related/matched
samples. It is an alternative to the paired Student’s t-test, t-test
for matched pairs, or the t-test for dependent samples when
the population cannot be assumed to be normally distributed.
Table 4 shows the results of the Wilcoxon signed-rank test.
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Figure 6 Behavior evolution of various types of employees.

Figure 7 Behavior evolution of Type A and Type C employees.

As shown in Table 4, the P value is 0.430, which is
considerably greater than 0.05, indicating that the simulation
data was not significantly different from the real data. Hence,
the proposed catastrophe-embedded RA model is reliable and
effective.

5.5 Simulation Experiment Results

As previously stated, the employees’ decision to leave
the company was based on their pressure rating and the
customers’ rating score. Hence, we determined how these two

factors impact employees’ turnover rate. Table 5 shows the
correlation between these two factors and employees’ turnover
rate.

Table 5 shows that customers’ rating scores are inversely
proportional to employees’ pressure and turnover rate, while
employees’ pressure is directly proportional to turnover
rate. Employees’ pressure has greater impact on employees’
turnover rate than do customers’ rating scores. Consequently,
our focus shifts to addressing these two influential factors
separately and determining strategies to reduce the employee
turnover rate.
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Figure 8 Behavior evolution of Type A and Type C employees.

Table 3 Paired samples correlations.

Correlation Sig.

Model & reality .978 .000

Table 4 Wilcoxon signed-rank test.

Model – Reality

Z −.824
Asymp. Sig. (2-tailed) .430

Table 5 Correlation analysis of employees’ turnover rate.

Customer’s rating score Employee’s pressure Employees’ turnover rate

Customer’s rating score 1
Employee’s pressure −0.356 1

Employees’ turnover rate −0.413 0.805 1

5.6 Control Strategy Between Employee
and Employee Interaction

Network intervention involves leveraging data from social
networks to accelerate the process of changing or improving
organizational performance. Many network intervention
strategies have been proposed, including various mathe-
matical algorithms. So, there are numerous options for
intervention available according to the characteristics of
network data, perceived behavior, and social background.
The most commonly-used network intervention strategy is to
examine network data in order to identify the opinion leaders
in the network, and influence other individuals in the network
by changing the opinions of these leaders [36,37]. Multiple
studies have suggested that the top 10% to 15% of individuals
in the number of neighbor nodes in a social network could be
regarded as opinion leaders. Another intervention strategy is
random intervention, which does not consider the attributes
of the individuals involved in the intervention, but selects
them randomly. This strategy represents the influence of

general individuals in the network on the network [38]. The
experiment design is presented in Table 6.

The results are shown in Figure 9.
Figure 9 illustrates the effectiveness of the intervention

strategies on employee turnover rates in the network. The
intervention results show that the employee turnover rate is
lower after intervention, which is consistent with the findings
of previous studies [39, 40]. Furthermore, our analysis found
that for both intervention strategies, when controlling the
top 10% of individuals in the network, the turnover rate of
employees is lower than that of the top 5%. However, when
the number of individuals in the control network reaches 15%,
the differences between the two strategies begin to emerge.
For random intervention, the turnover rate of employees still
declines, while for opinion leader intervention, the turnover
rate of employees begins to rise. Therefore, we predict that the
two intervention strategies applied to the employee turnover
rate would be represented by a U-shaped structure.

In order to find the “optimal” intervention size, we
studied the effect of intervention size on turnover rate.
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Table 6 Control strategy for employee and employee interaction.

Control strategy Parameter value

Social hubs 5%, 10%, 15%
Randomly chosen 5%, 10%, 15%

Proportion of chosen agent

Figure 9 Employees’ turnover rate under different control strategy of employee and employee interaction.

Table 7 The optimal choosing size for alternative seeding targets.

Control strategy Optimal choosing size

Random 9%–20% (16%, 0.207)
Social hubs 6%–14% (11%, 0.139)

We determined the optimal intervention size for the two
intervention strategies, as shown in Table 7.

Our analysis found that the effectiveness of the intervention
strategy on employee turnover rate was significant when the
intervention scale of random intervention is between 9% and
20%, the intervention strategy had a significant impact on the
employee turnover rate. When the intervention scale is 16%,
the employee turnover rate is the lowest, which is 20.7%.
Additionally, when the intervention strategy is adopted for
opinion leaders, when the intervention scale is 11%, the
turnover rate was the lowest, which is 13.9%. The findings
presented in Table 7 also confirmed the U-shaped relationship
between employee turnover rate and intervention scale.

Observation 1: Nodes with more social relations should
be chosen purposefully rather than randomly for control.
Managers of crowdsourcing logistics enterprises can choose
the optimal intervention scale for opinion leaders to develop
corresponding management control strategies.

5.7 Sensitivity Analysis Between Employee
and Customer Interaction

Crowdsourced logistics is also known as ‘location-based
crowdsourcing’ (LBCS). Individuals who are located close

to a specific area are assigned tasks that are related to that
location. [41]. The interaction between employee and
customer takes place within a distance-based network. In this
part, we explored how employees’ range of movement (work
territory) influences the rate of employee turnover.

In an IoT environment, the interaction between employee
and customer is partial, dynamic, and based on their location.
While under the Internet environment, a person’s neighbors
will not change with the location.

We set the moving range from 1 to 10; results are shown in
Figure 10.

Figure 10 shows that the turnover rate decreases as the
rating score increases, which confirms the correlation analysis
of employee turnover rate. From a marketing perspective,
it is crucial to acknowledge that customers are not always
right – in fact, they are often wrong – and when they are,
their unfair ratings could be demoralizing to front-line service
providers. For front-line work, managers of crowdsourcing
logistics companies should be aware that motivated and
passionate front-line employees can expand and retain a loyal
customer base for the company. In this study, we found that
the customers’ rating scores were inversely proportional to
employees’ pressure and turnover rate, but some customers
consistently give lower ratings, so the company cannot rely
solely on the customers’ feedback to evaluate their employees.
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Figure 10 Turnover rate under different moving range and rating score.

With the moving range increases, the turnover rate fell
quickly during the first period and then fell slowly during the
next period. Hence, when the movement range of an employee
increased from 1 to 5, the number of customers contacted by
the employee increased substantially, and this increase led to
an increase in the difference of customer ratings. However, it
was also found that there was less likelihood of high turnover
rates among employees with a fair service rating if they had
a larger customer base. But when employee’s moving range
(territory) increased per unit from 5 to 10, the growth rate in
the number of customers was not as substantial, leading to a
slower reduction in the turnover rate.

In conclusion, our research results show that the company
should encourage employees to expand the delivery radius to
reduce the turnover rate, but sometimes, the turnover rate is
not the lower the better, so the company needs to seek the
optimal scheme in the turnover rate and delivery area under
the corresponding incentive measures.

Observation 2: In the smart environment, the interaction
between employee and customer is partial, dynamic, and
based on their location, demonstrating a two-stage downward
trend in the rate of employee turnover.

6. CONCLUSION

We used a computational approach to capture and trace the
changes in employees’ turnover behavior in a crowdsourced
logistics company. In this work, we explored the impact of
two types of interactions: employee and employee interaction
which was under Internet environment, and employee and
customer interaction which was under intelligent environment
on the employee’s turnover behavior.

(1) In order to decrease the employee turnover rate,we found
that it was better to deliberately choose nodes with more
social relations than to randomly select nodes for control
in the employee and employee interaction in the Internet
environment. Managers of crowdsourcing logistics
enterprises can choose the optimal intervention scale of
opinion leaders to develop corresponding management
control strategies.

(2) It was observed that the employee and customer inter-
action in an intelligent environment, is partial, dynamic,
and based on their location, and leaded the employee’s
turnover rate exhibits two-stage down trend.

According to the aforementioned service profit chain,
we considered only the relationship between employee and
employee, employee and customer. In the future, we
will explore the interaction and impact between employee,
customer and company.
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