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Abstract: In the context of the global economic downturn caused by COVID-19, e-commerce has
become the first choice for people to shop. Many merchants choose to launch promotion activities
through some social media platforms. Price discounts can dramatically increase sales volume in social
e-commerce due to the interaction of online consumers. It is urgent for e-commerce merchants to learn
rules about discount information dissemination in social media, so as to formulate reasonable discount
strategies and achieve sustainable business. This paper constructs an evolutionary game model for
e-commerce platforms and merchants when they implement promotion strategies through social
media, investigates discount information dissemination among consumers under multiple situations
by introducing price discount parameters, and further discusses the influence mechanism of discount
size and platform reputation on consumers’ purchase behavior. Results show that in low-reputation
e-commerce platforms, the price discount is the main motivation to purchase. Consumers’ preference
for the high discount is weakened by the increase in platforms’ reputation. Discounts should be set
according to the different reputations. Businesses in a high-reputation environment are relatively more
profitable. E-commerce businesses should work together, apply reasonable pricing, and improve
their quality to create a green and healthy shopping environment, in order to get benefits and
sustainable development.

Keywords: purchase behavior; information dissemination; evolutionary game; behavior modeling;
price discount; social e-commerce; e-commerce reputation

1. Introduction

The spread of COVID-19 is having a severe negative impact on the global economy. As for China,
in the first quarter of 2020, GDP fell by 6.8% and retail sales of consumer goods by 19.0% year-on-year—the
steepest drop in recent years. Countries have taken measures to stimulate consumption and revive
their economies, such as China’s government subsidies for the public in the form of online coupons [1].
E-commerce has become the first choice for people to shop during the epidemic because of its contactless
shopping process. The existing problems in e-commerce have also become more prominent—how to get
more people to know the product? Many merchants choose to launch promotional activities through
some social media platforms, encouraging consumers to forward information and invite online friends,
so as to achieve the goal of spreading brands and promoting sales. Promotional information is not simply
transmitted by sellers to consumers, but is disseminated more among consumers [2,3]. The various
informational and social characteristics of social environments, such as being exposed to other consumers’
opinions or choices, or even just to friends’ lives through social media, can motivate their purchase
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intention [4–6]. Consumers always come together in social groups, which may exert greater social
influence on members and shape their cognition and behavior [7,8]. Social media enable companies to
deal with customers more cost-effectively and efficiently than traditional media, they can save costs for
enterprises in achieving sustainable development [9–11]. Pinduoduo, one of the most famous e-commerce
platforms in China, launched a “Billions Subsidies Promotion” to discount more than 23,000 products in
2019, and carried it out publicity on social platforms such as Sina Weibo and TikTok. This directly led to a
20-fold increase in sales of the iPhone series compared to the same period last year [12].

It is a confusing issue for businesses when trying to develop a reasonable promotional strategy
through social media. In practical terms, consumers’ online friendships are constantly changing,
which has a significant influence on consumer behavior [13,14]. E-commerce platforms’ reputation will
also affect the promotion effect [15]. For example, in lower reputation e-commerce platforms, platforms
do not strictly supervise themselves, for example regarding inflated prices and disorderly discounts,
consumers’ purchase intention will also be reduced. Therefore, in the context of the COVID-19
epidemic, exploring discount information dissemination rules in social media and accurately predicting
purchase rates in e-commerce is necessary for the sustainable operation of enterprises. In theoretical
terms, platform enterprises are the owners, providers and operators of the e-commerce ecosystem,
and often play the dominant role. They are responsible for maintaining the order of the trading
market, making trading rules to attract more suppliers and consumers to participate in the e-commerce
system [16]. Wang et al. applied customer equity drivers (value equity, brand equity, and relationship
equity) to prove that SNS (social network site) marketing activities improve the overall customer
outcome, that is, SNS marketing activities are a sustainable competitive advantage [17]. Some scholars
have also discussed how to strengthen the supervision of platforms and improve the communication
efficiency of consumers [18–20]. However, how should e-commerce platforms implement their discount
strategies in social media within the framework of sustainability? There is no specific and feasible plan.
A knowledge gap could be addressed by this research.

The evolutionary game can describe well the dynamic evolution process of information
dissemination in complex social networks [21–23], and it has also been extended to study purchase
behavior [24]. In this paper, price discount parameters are introduced, and an evolutionary game
model is established which describes social media promotion strategies in e-commerce. This paper
investigates the dynamic propagation of price discount information spreading between consumers,
exploring the influence mechanism of consumers’ purchase behavior. Suggestions are made on
developing the sustainable price discount strategy for merchants and platforms.

2. Literature Review

Scholars have conducted many studies on social e-commerce, which is divided into two categories:
one is based on e-commerce, and the other is based on the social network [8,25]. Syedahmad and
Murphy argued that social networking as a marketing tool could help sellers save marketing costs,
improve buyers’ purchasing experience, and achieve a win-win situation for both buyers and sellers [26].
Thus, the enterprise ecosystem of an e-commerce platform with healthy and sustainable development
can be constructed. At present, the case of the integration of internationally renowned e-commerce
and social networking platform enterprises is shown in Table 1.



Sustainability 2020, 12, 7459 3 of 19

Table 1. The integration of e-commerce and social networking platforms.

Industry Platform Measure

E-commerce Taobao The platform is equipped with an online social community,
which allows users to post shopping experiences to their online friends.

E-commerce Pinduoduo Users can invite online friends to click on product links to help them
bargain or buy together, and group purchases can get extra discounts.

E-commerce Amazon
It has launched “Amazon Posts” to browse and find products on

Amazon’s platform. It functions like social media tweets, allowing each
brand to post a series of posts.

Social media TikTok Internet celebrities with a large number of followers can sell goods live
on the platform and add product links in videos or live broadcasts.

Social media WeChat
It cooperates with multiple e-commerce platforms. Sharing the

shopping page with WeChat friends can get users discounts, and it adds
the shopping platform “Jingdong” entrance on the home page.

Social media Facebook
It has launched the Facebook Shop app, as well as Facebook Live

Shopping, where companies can set up Live experiences for specific
products and provide links for viewers to buy directly from videos.

Social media Instagram With the ‘Checkout’ feature, people can buy directly from Instagram
instead of going directly to the retailer’s website.

In the study on e-commerce group buying, scholars analyzed various factors affecting buying
behavior. Xie and Lee investigated the effects of exposures to earned and owned social media activities
and their interaction on brand purchase in a two-stage decision model [27]. Erkan and Evans examined
the influence of conversations between online friends in social media on consumers’ purchase intentions
based on the integration of the information adoption model [28]. Scholars collected actual data from
e-commerce platforms to conduct empirical studies. Kwahk and Kim posited social interaction ties and
social media commitment as key elements when exploring the effects of social media on consumers’
purchase decisions [29]. They tested the hypotheses based on survey data collected from Taobao,
the largest e-commerce site in China. The above explored the influence factors of social media on
purchasing behavior qualitatively. Weng developed a theory of online buyer behavior to explain
the process buyers go through while making an online purchase, which proved the importance of
perceived value to e-purchase intention [30]. Subsequent research explored the grouping buying from
the perspective of technology acceptance [31]. However, there is a lack of consideration of the specific
role of the price discount.

In online purchasing, a discount on the price had a significant impact on the sales volume of the
goods in promotional activities [32]. See Table 2 for the current research on discount. Social media
is widely used to promote viral marketing through its powerful connection and interpersonal
relationship-building capabilities. Lots of studies examined the positive impact of social media on
increasing brand exposure; Kim examined the effect of social sharing on sales, such as Facebook
“likes” and Twitter “tweets” by analyzing actual data. Results showed that not all social referrals are
meaningful in terms of increasing sales [33]. Zhou et al. studied how the discount ratio contained in
the promotional information pushed by social media to users affects the behavior of users clicking on
the information [34], trying to find out the influence of discount on information forwarding in social
media. These studies conducted qualitative research on the price discount from the influence factors,
but did not quantify the influence factors into the specific formula.
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Table 2. Current research on price discount.

Research Contents Author

The influence of different ways of price discount Estelami C [35], Mariola and Delgado [36], Teng [37]

The influence of discount frequency Gupta [38], Chen and Cheng [39]

The influence of discount restrictions (time limit,
quantity limit)

Corso and Lobler [40], Francesca Greco [41], Huiling
and Stephanie [42], Hélène Cristini [43]

Influence of quality and scope of discount
information Khouja and Liu [44], Gong et al. [45]

Influence of price discount magnitude Bearden and Hardesty (2003) [46], Sheehan et al.
(2019) [47]

Besides, Carlson and Kukar verified the effect of consumers on discount credibility and provided
ideas for the establishment of the platform reputation update [48]. Platforms’ reputation and price
promotion are particularly important for the sustainable development of e-commerce enterprises.
When consumers notice that a company sells products or brands with positive word of mouth and also
provides information and knowledge through SNSs, which offer convenience for customers, they build
a positive image of the products or brands that the company offers and these positive reputations
eventually lead them to trust the company [49]. This reputation-based trust is the resource that
generates sustainable competitive advantage [50,51]. Consumer trust in a product, brand information
and knowledge made available through social networks can reinforce future purchase intention and
provide a sustainable competitive advantage for traditional markets [52]. However, the studies [48–52]
did not take into account the amplifying effect of social media when reputation and promotional
messages are disseminated between consumers.

Scholars built models to find the internal mechanism of information transmission in social media.
Qiu et al. presented a game model to simulate the processes of information dissemination at different
stages and introduced knowledge, beliefs, memories, and reputation into the benefit function to
study the influence of individual characteristics on their information dissemination behavior [53].
The evolutionary game theory used in this paper is an effective method to describe the dynamic changes
of network structure. Li et al. constructed an evolutionary game model between opinion leaders and
netizens on the condition that participants are not completely rational [54]. Yu et al. proposed a social
evolutionary game model and attempted to interpret human impacts on information dissemination.
In his model, the reputation mechanism is introduced to change the network structure [21,22].
Wang et al. provided several analysis methods for modeling of network group behaviors and stochastic
evolutionary games [23]. This gives a better direction for exploring the updating mechanism of group
behavior evolution.

The previous studies also used real data to prove that the social evolutionary game model
applied in this paper fits with the real scene in information dissemination [55,56]. Social behavior and
purchasing behavior can be organically combined. Akar and Dalgic integrated the social network
theory and the theory of planned behavior to analyze online consumers’ purchase intentions and to
investigate their structural positions by analyzing their friendships in social networks [57]. Lv et al.
extended the social evolutionary game model to simulate multiple complex social e-commerce networks,
linking purchase decisions to information forwarding, and tried to explore the internal relation between
users’ information dissemination in social media and online shopping behavior [24]. At present,
there are few types of research on the diffusion mechanism of price discount information of e-commerce
in social media.
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3. Evolutionary Game Model of Social Media Promotion Strategies in E-Commerce

3.1. Model Hypothesis

3.1.1. Purchase Behavior in E-Commerce

Consumers would only purchase products if they had the intention to do so first. Therefore,
in order to accurately predict consumers’ purchase behavior, it is necessary to conduct in-depth research
on consumers’ purchase intentions [58]. Purchase intention is the possibility that consumers are willing to
buy a product [59]. According to the transaction value theory, consumers will comprehensively consider
the gains and losses brought by specific purchase behaviors, and take the trade-offs, namely perceived
value, as an important antecedent to affect purchase intention [60].

Fu divided the factors that influence consumers’ purchase intention from the following two
dimensions. First, the individual factors, mainly including consumers’ needs and motivations, perception,
attitudes, personality psychology, self-knowledge, lifestyle, and other factors; second, the individual aspect.
Second, the environmental factors mainly include culture, social class, reference group, consumption
situation, and so on [61]. In this paper, the influence of purchase behavior is divided into environmental
factors and individual factors (See Figure 1).
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Figure 1. Diagram of influencing factors of purchase behavior.

As is shown in Figure 1, for each individual, the behavior of their online friends in social media
constitutes their shopping environment. Consumers can see the shopping information forwarded by
their friends and the herd mentality affects them deeply. In addition, the reputation of e-commerce
platforms and the activity of social e-commerce communities can influence information dissemination
by changing the relationship between their friends [21]. Besides environmental factors, there are also
individual factors that come from consumers’ own judgment of the discount. The results of empirical
studies show that consumers’ judgment on the perceived value of commodity transactions before
purchasing directly affects their purchase intention [62,63].

3.1.2. Information Dissemination in Social Media

In social media platforms, all users have their own social group of friends who are “online neighbors”
with similar interests and preferences. In online shopping social groups, users can quickly obtain product
information, they pay more attention to the content generated by friends, and are more willing to share
and forward a friend’s information [7,8]. Users get product information from their shopping communities,
which are forwarded by online neighbors or published by merchants. In the initial stage of information
dissemination, some active users will begin to focus on the forwarded information and forward the
information again to their friends, but the dissemination of this information is still limited to their friends’
relationships [21,22]. This information dissemination process is shown in Figure 2.
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Figure 2. Schematic diagrams of discount information dissemination.

As shown in Figure 2, in the initial state, price discount information begins to spread. The red
circle represents the users who have received the product information. User 4 and user 11 are the first
to get the discount information. They can choose whether to forward the message or not, and the
decision is made according to the temptation of price discount messages and the herd mentality.
After making decisions, their neighbors (user 1, user 5, and user 10) have a certain probability of
seeing the forwarded information and deciding whether to forward or not, while other users remain
unchanged. At the same time, users can also choose to disconnect from their friends or establish a new
friendship. By analogy, it eventually develops into a relatively stable state. Only the red individuals
who receive the discount information have the ability to make a purchase decision [24]. Therefore, it is
of great significance to explore the mechanism of information dissemination for merchants to promote
sales and sustainable development.

3.1.3. User Strategies in Social Media

The individuals in the model are e-commerce users and have their own social media accounts.
Users with similar interests gather in an online social media community and share information. On the
social media platform, a high discount may stimulate individuals’ desire to share information with their
friends. Each individual has two alternative strategies: Cooperate C(s = [1, 0]T) or defect D(s = [0, 1]T).
Cooperate means participating in information dissemination and interacting with online friends. Defect
means there is no participation in the information dissemination. Due to the limitation of network
structure and an individual’s ability to obtain information, individuals can obtain information only
limited to a two-step distance. That is, individuals can find information shared by their neighbors and
their neighbors’ neighbors with a certain probability. Individuals who receive promotional information
have the ability to purchase goods, which largely depends on the price discount and the behavior of
their neighbors.

The relationship between individuals on social media is set as a directed graph. Individual i has
two kinds of neighbors: OUT-neighbors and IN-neighbors. If individual j focuses on individual i, then
the direction of edge eij between individual i and j can be described as j→i. In this case, individual j is
the IN-neighbor of individual i, and individual i is the OUT-neighbor of individual j. Ni and Ni

I are
the IN-neighbor set and the OUT-neighbor set of individual i, respectively. di

I and di are the in-degree
and out-degree of individual i, used to represent the total number of individual i’s IN-neighbors and
OUT-neighbors, respectively. The degree of individual i is the sum of its in-degree and out-degree,
called di.

3.2. Modeling

The evolutionary game model of social media and e-commerce users can be represented by a
group set G = (V, E, I, U, R, B, P, pc) with a number of relevant attributes. The explanations for each
part are as follows:
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• V = (V1, V2, V3 . . . , Vn) is the set of agents.
• E = (e1, e2, e3 . . . , en) is the set of partnerships among the agents.
• I is the set of interactions performed by the agents based on their corresponding strategies.
• U is the set of utility functions of the agents. The utility is the short-term concern of social

e-commerce users. Participants improve their own utility by imitating the strategies adopted by
other successful participants. Each participant’s utility is the cumulative payoffs obtained from
their opponents, formulated as

ui =
∑
j∈Ni

ST
i MS j (1)

where Ni is the set of i’s neighbors, Si and Sj are the strategies adopted by i and j, respectively. M is the
benefits matrix.

• R is the set of reputation functions of the agents. The reputation of individual i refers to other
people’s history of impression on them due to their behavioral strategy. The more cooperative
behavior is, the higher the reputation value becomes. In this model, every social e-commerce
user will pay attention to the reputation for the long term; at the same time, users will adjust the
relationship according to the reputation.

• B is the purchase intention function. Purchase intention is composed of environmental factors
and personal factors. The environment in social e-commerce is composed of users’ social media
friends. If the friends forward more advertising information, users will be more likely to purchase.

• P is the threshold of purchasing. Only if individual i’s purchase intention is greater than
the purchase threshold, the purchase behavior will occur. Additionally, the concept of user
loyalty (the retention rate after APP(Application) is activated for one month) mentioned in the
“Meilishuo Case Study Report” published by iResearch in 2013 has set users’ purchase threshold.
The report points out that Beauty’s user loyalty is 51%, so a purchase threshold 0.5 is set in
our model.

• pc is the group purchase rate. That is, the ratio of the number of buyers to the total number of
e-commerce users in the online shopping community.

3.3. Game Setting

The prisoner’s dilemma model is used to describe the game between each user and their friends,
and the payoff matrix is described as M [64]:

M =

(
b− c −c

b 0

)
(2)

The two parameters of the matrix, b and c are usually simplified to describe the interactions
payoff among participants in the Prisoners’ dilemma, where parameter b represents the benefits of
cooperative behavior, and parameter c represents the costs of cooperative behavior [65,66], usually b > c.
Zhou et al. confirmed through a large amount of actual data that a price discount would contribute
to increasing consumers’ interest in the promotional advertisement [34]. Therefore, the benefits
brought by forwarding information are affected by the price discounts on the advertising information.
The relationship between price discount and benefits is as follows:

b = b0 + kd (3)

In the equation, b0 is the benefit not affected by the discount, which may be related to the quality
of the advertisement. d is the price discount, that is, the percentage of the reduced price in the total
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price of goods. k is the influence degree of the price discount on users’ forwarding, which may be
affected by brand and commodity type.

3.4. Updating Mechanism

The model adopts an asynchronous update mechanism [67]. At time t, an individual is selected
at random, and their strategy is adjusted according to probability q (as Equation (4)); otherwise,
their partnership is adjusted.

q =
1

(1 + w)
(4)

W =
τe

τp
(5)

w (as Equation (5)) is the ratio between time scale of strategy updating τe and time scale of
partnership adjustment τp [68]. w represents the level of community activity. w will change positively
with the frequency of the users changing their social relations and communicating.

3.4.1. Strategy Updating

When an individual changes their information strategy, individual i selects individual j
(as Equation (6)), who has the highest utility, from their OUT-neighbors, and imitates j’s strategy.

j = arg maxl∈NO
i
{ul > ui} (6)

The imitation process can be described by the Fermi rule [69]:

w
(
si ← s j

)
=

1
1 + exp[β(u j − ui)]

(7)

where Si and Sj are strategies adopted by agents i and j, ui and uj are utilities of individual i and j,
respectively. β represents the extent of imitation noise.

3.4.2. Partnership Adjusting

Individual i will change the existing friendship relationship according to the reputation,
disconnect the existing friendship from the users with lower-reputation neighbors, and establish a new
friendship with a higher-reputation individual. Individual i’s reputation is updated as follows:Ri(t)=σRi(t−1)+∆Ri(t)

∆Ri(t)=sin(
π·nC

i
2·di

)

(8)

where ni
C is the number of cooperative friends among the individual i’s neighbors, and the change

rate of reputation is described by a sine function.
Since social networks have direction, when individuals adjust their friendship, they can only

cancel the connection with the individuals they follow. Individual i disconnects with user j with
probability ps from the neighbor, and j is as follows:

j = argminl∈NO
i

{
Rl(t) < Ri(t)

}
(9)

When establishing a new social relationship, individual i chooses the individual with the highest
reputation among their IN-neighbor and OUT-neighbor’s OUT-neighbor k. Then, individual i establishes
the friendship with them with probability pr, and k is as follows:

k = arg maxNI
i l∈NO

i
NO

l ({i}NO
i )

{
Rl(t) > Ri(t)

}
(10)
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Otherwise, individual i randomly selects individual k′ as their new friend with probability 1-pr

from their IN-neighbor and OUT-neighbor’s OUT-neighbor.

3.4.3. Purchase Intention Updating

Purchase intention is influenced by environmental factors and personal factors. The environment
in social media is the viewpoint of network friends. Personal factors are determined by consumers’
perceived value. This paper mainly concerns the part of the perceived value affected by price discounts.
Individual i’s purchase intention Bi(i) is updated as follows:

Bi(i) = λ1[ω1 ∗ θ1 ∗ e
w

1+w ∗pr ∗
mi1
ki1

(t) +ω2 ∗ θ2 ∗ e
w

1+w ∗pr ∗
mi2
ki2

(t)] + λ2 f (d) (11)

where λ1 and λ2 are the influence degree of environmental factors and personal factors on purchase
behavior. ω1 represents the influence degree of individual i’s OUT-neighbors on the individual
i participating in interactions, while ω2 represents the influence degree of the OUT-neighbors’
OUT-neighbors participating in interactions on the individual i. θ1 is the probability that individual i
finds their OUT-neighbor forwarding the information. θ2 is the probability that individual i finds their
OUT-neighbor’s OUT-neighbor forwarding the information.

mi1 is the out-degree of individual i. ki1 is the number of individual i’s OUT-neighbors participating
in interactions. mi2 is the out-degree of individual i’s OUT-neighbors. ki2 is the number of individual
i’s OUT-neighbors’ OUT-neighbors participating in interactions. t means at time t. f(d) is the function
that the individual’s perceived value changes with d.

3.5. Simulation Tool

In this study, the Igraph processing package compiled in the C language is applied to run on
the computer terminal. Igraph is a free complex network (graphs) processing packet that can handle
a network of millions of nodes (depending on machine memory). Igraph offers R and C packages,
along with Python and Ruby extensions, and includes features such as:

• network visualization;
• traditional graph theory algorithm: minimum spanning tree, network flow;
• complex network processing algorithm: random network model, network processing (K-cores, PageRank,

Betweenness, motifs), community discovery algorithm.

When the network scale expands rapidly, the situation will become complicated, and the cost and
overhead of processing network structure will also increase accordingly. Many functions of Igraph are
developed with the C language, with high computing efficiency, which is very suitable for solving
large-scale complex network problems. For this study, Igraph can be used to generate a directed graph
with hundreds of nodes, and the nodes can be filtered and traversed according to model requirements
to increase or decrease edges. The data will evolve with the change of parameters until the steady
state is reached. In this research, the simulation data is huge and the network structure is complex,
so Igraph can be used to simulate the real scene with high efficiency and more precision.

4. Numerical Results

In the model simulation, a network is established with uniformity of degree K = 4 and the
total number of social e-commerce community N = 500. At the initial stage, product promotional
information is put into the social media community, and some “active users” participate in information
dissemination. In the simulation, the important parameter variables established are d, pr, and w.
This paper mainly analyzes the influence of promotional information on the group purchase rate pc with
the change of the above parameters. d is the price discount, the range of d is 0 to 1, and the sampling
interval is 0.05. When d = 0, it means that there is no price discount. As d approaches 1, the price
discount gradually increases. pr is the reputation in the whole network, while w is the frequency of
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partnership updates. The sampling interval of pr and w is 0.1, and the range is 0–1. When pr = 0,
the individual randomly selects neighbors without regard to reputation. When pr = 1, individuals
follow the principle of maximum reputation when choosing neighbors. w is positively correlated
with the frequency of partnership updates. When w = 0, the individual only updates the behavioral
strategies but not the partnership. When w = 1, individuals update their behavioral strategies and
partnerships equally.

When the proportion of cooperation does not fluctuate significantly, the evolution is relatively
stable, otherwise it runs 2 × 105 Monte Carlo (MC) time steps. After that, it evolves another 103 cycles.
Take the average of these 103 cycles for the purchase rate of goods. Record the above process as a
simulation process. On this basis, the results of the model are averaged 20 times in an independent
simulation process.

The main fixed parameters in the model in this paper are as follows:

• Simulation noise β= 0.03, disconnecting probability ps = 0.01, reputation memory decay factor σ= 1.
• It is assumed that personal factors and environmental factors have the same weight on individuals,

that is, λ1 = λ2 = 0.5.
• Consumers measure the attractiveness of promotional information by the extent of price concessions.

Many studies have confirmed the impact of price discounts on consumers’ price perception. This effect
is not simply linear. Zhao (2015) confirmed this rule with a large number of empirical studies [70].
Here, formula (12) is used to fit the relationship between daily necessities’ price discount and
perceived value.

f = −0.59d2 + 1.3d (12)

• According to Meilishuo’s (a famous social e-commerce platform in China) website, 69.5% of the
reasons for recommending Meilishuo’s website to others are “providing shopping guidance”.
Therefore, set ω1 = 0.7, ω2 = 0.3.

• Individuals discover their neighbors’ forwarding messages with equal probability, that is, θ1 = θ2 = 0.5.
• Average initial purchase threshold µ = 0.5, randomly distributed between 0 and 1.

This study uses Matlab to process data and draw images. Simulation data are shown in Figure 3,
which illustrates the temperature graph of pc changing with d and w when pr is between 0 and 1.
Abscissa stands for w and ordinate for d. The color represents the value of the pc. Dark red indicates a
high purchase rate, while blue means low.Sustainability 2020, 12, x FOR PEER REVIEW 11 of 19 
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When pr ≤ 0.4, representing a low-reputation environment, the increase of d significantly increases
pc, while w does not affect pc. After pr > 0.4, representing a high-reputation environment, the increase of
w will lead to the increase of pc. The effect of w on pc will become more significant with the increase of pr.
In other words, frequent communication can increase the purchase rate of consumers in high-reputation
e-commerce platforms. Merchants can give additional rewards to users who forward information in
order to stimulate information dissemination. However, for individuals in low-reputation e-commerce
platforms, frequent communication has little promoting effect, and merchants can use greater discounts
to stimulate their purchase desire. For the e-commerce platform, in order to gain more sales, it is
necessary to improve the regulatory mechanism to improve its reputation.

There is an “inflection point” for d in each w state. When d reaches the “inflection point”,
the growth rate of pc drops sharply. As shown in Figure 4b, when w = 1, the pc growth trend gradually
slows down after d reaches 0.45. When w = 0.1, the pc growth trend gradually slows down after d
reaches 0.6. So, A is the inflection point when pr = 1, w = 1. B is the inflection point when pr = 1, w = 0.1.
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d = 0.6 and d = 0.45 are two important values. Table 3 shows the influence of inflection point d
value on pc, when pr > 0.4, 0 ≤ w ≤1. When d is higher than the inflection point, the average growth rate
of pc is significantly higher than that when d is lower than the inflection point. pc can be maintained at
a relatively stable high level if d reaches 0.6 when pr > 0.4. As w increases, the value of d at the inflection
point changes, the minimum value of d at the inflection point is 0.45. That is, in high-reputation
e-commerce platforms, merchants can achieve a high group purchase rate by offering discounts only
ranging from 45% to 60%.

Table 3. The influence of the value of inflection point d on pc, given pr > 0.4, 0 ≤ w ≤1.

pr
w

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Inflection point d value 0.55 0.55 0.6 0.5 0.5 0.6 0.6 0.55 0.55 0.6
0.5 lower 1 0.973 1.026 1.077 1.044 1.026 1.006 1.006 1.058 1.045 1.03

higher 2 0.643 0.552 0.497 0.546 0.537 0.402 0.402 0.344 0.384 0.299

Inflection point d value 0.55 0.55 0.5 0.55 0.55 0.6 0.5 0.45 0.45 0.45
0.6 lower 1 0.997 0.962 1.015 1.018 1.027 1.006 1.128 1.12 1.12 1.128

higher 2 0.618 0.623 0.563 0.464 0.379 0.365 0.386 0.483 0.475 0.475
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Table 3. Cont.

pr
w

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Inflection point d value 0.6 0.6 0.55 0.5 0.5 0.5 0.5 0.5 0.5 0.45
0.7 lower 1 1.013 1.009 1.063 1.036 1.056 1.061 1.055 1.075 1.057 1.144

higher 2 0.484 0.455 0.48 0.496 0.492 0.251 0.465 0.409 0.431 0.367

Inflection point d value 0.6 0.6 0.55 0.5 0.45 0.5 0.5 0.5 0.45 0.45
0.8 lower 1 0.991 1.025 1.028 1.036 1.049 1.101 1.074 1.105 1.073 1.1

higher 2 0.544 0.527 0.463 0.296 0.387 0.475 0.403 0.389 0.381 0.378

Inflection point d value 0.6 0.6 0.55 0.5 0.45 0.5 0.5 0.5 0.45 0.45
0.9 lower 1 1.024 1.01 1.023 1.086 1.098 1.08 1.099 1.096 1.13 1.114

higher 2 0.541 0.477 0.432 0.45 0.405 0.402 0.275 0.262 0.311 0.345

Inflection point d value 0.6 0.55 0.55 0.5 0.5 0.5 0.5 0.45 0.5 0.45
1 lower 1 1.04 0.996 1.015 1.087 1.103 1.08 1.143 1.193 1.065 1.135

higher 2 0.471 0.464 0.54 0.438 0.402 0.402 0.352 0.34 0.333 0.311
1 Lower means the average growth rate of pc when d is lower than the inflection point d value; 2 higher means the
average growth rate of pc when d is higher than the inflection point d value. Bold is necessary to highlight that the
data range is between 0.45 and 0.6.

As shown in Figure 5, when d = 0.6, w positively affects the purchase rate. When pr≤ 0.4, the purchase
rate increases significantly with the increase of pr, and reaches a relatively stable state when pr > 0.4.
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Figure 4a,b describe the influence of d on pc under different w values, given pr = 0.1 and pr = 1,
respectively. In Figure 4a, when pr = 0.1, pc will not change with w, but it will change with d, and the
growth rate will increase gradually. Increasing d will significantly improve pc. In Figure 4b, when pr = 1,
pc still positively changes with d, but the growth rate drops sharply after reaching the inflection point.
A high pc value can be achieved only by reaching the inflection point d value. The convexity of the
curve changes between different pr values.

The increase in pr has eroded consumers’ preference for a high price discount. That is, in low-reputation
e-commerce platforms, businesses need to give higher price discounts to stimulate the purchase.
In high-reputation e-commerce platforms, a discount between 45% and 60% can increase purchase effectively.

This rule can be verified in real life. Low-reputation e-commerce platforms have relatively loose
supervision on pricing and discount of merchants, which will lead to overpriced and disorderly
pricing. Therefore, the complaint rate of the e-commerce platform is taken as the measurement
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standard of reputation. The complaint rate was calculated by dividing the number of complaints
on the “cluster complaint” website by the total number of active users on the platform. We show
the complaint rate of the 13 most popular social e-commerce platforms in China (See Table 4). If the
number of complaints per million users exceeds 1000, we call it a low-reputation e-commerce platform;
if the number is below 1000, it is a high-reputation e-commerce platform.

Table 4. Reputation rankings for popular e-commerce platforms in China.

Social E-Commerce
Platform

Number of
Complaints

Quarterly
Active Users

Number of Complaints per
Million People Reputation

1 Vipshop 143 53.682 266.38 High
2 Jumei 15 5.1642 290.461 High
3 Mogujie 38 11.051 343.835 High
4 Taobao 1504 396.102 379.7 High
5 Little Red Book 63 11.643 541.056 High
6 Jingdong Mall 1508 192.199 784.601 High
7 Netease Yanxuan 14 1.759 795.907 High
8 Alibaba 117 12.542 932.828 High
9 Microshop 51 4.989 1022.126 Low
10 Tmall 697 47.547 1465.912 Low
11 Pinduoduo 3468 222.701 1557.241 Low
12 Yangmatou 14 0.687 2036.364 Low
13 Suning 1525 41.367 3686.433 Low

The data are from the second quarter of 2020. Quarterly active users are measured in millions.

We take two e-commerce platforms as a simple example. Pinduoduo, an e-commerce platform
of low reputation, sells more than one million units of hot style, mainly low-priced commodities.
Most people there pay little attention to word of mouth and the brand, mainly because they are attracted
by the low price. Only by sharing a shopping link with your social media friends can you get a discount
price. Jingdong, an e-commerce platform of high reputation, insists on authentic goods and guarantees
the quality of goods. Jingdong also uses social media for publicity, by setting a Jingdong shopping
portal link on the WeChat (the most widely used social media in China) interface. Both Pinduoduo and
Jingdong are promoting the same body wash (See Figure 6). We can see that the original price of the
goods is 68 yuan and the price on Pinduoduo is 16.9 yuan, which is equivalent to a discount of about
68%. The price on Jingdong is 29 yuan, equivalent to a 57% discount. At the same time, the ranking list
of shower gel sales on the two shopping platforms is presented (See Figure 7), which is updated in real
time based on the recent sales volume and total transaction volume.
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As shown in Figure 7, both of the two products are listed on their respective platforms, and both
rank 8th, indicating a high level of purchase. This is consistent with the law obtained in this article.
For merchants, selling goods on e-commerce platforms with a low reputation will cost them more,
while selling goods on platforms with a high reputation will save costs. Then all the businesses should
work together, reasonable pricing, and improve their quality to create a high-reputation environment,
in order to sustainable development.

5. Discussion

Previous studies [9–11,26] have pointed out that the combination of social media and e-commerce
can be more efficient, which is a new trend in the e-commerce industry in the future. Under the current
COVID-19 global epidemic, the contactless shopping process and the continued global economic
downturn have made the trend of social e-commerce more obvious and inevitable. The social function
has a positive effect on users’ perception, thus improving their purchase intention [71,72]. In this study,
we explore the optimal implementation strategy of discounts in social e-commerce from a quantitative
perspective. Discount is one of the effective means for merchants to promote sales in traditional
shopping. This effect will be amplified under the diffusion effect of social media. This paper first
incorporates the discount factor into the specific formula, so that the purchase rate can be simulated
and calculated. The reputation of e-commerce platforms is also taken into account as an important
factor for sustainable development. It further establishes the linking between the two platforms to
better combine the purchase behavior with information transmission behavior.

In this paper, the optimal discount range under different conditions is obtained by simulation
of the evolution game in the virtual community. In low-reputation e-commerce platforms, the price
discount is the main motivation to increase the purchase, while strengthening the interaction between
users in social media has little effect. Through the diffusion effect of social media, the merchant should
set a discount of more than 60% to achieve a high purchase rate. However, consumers’ preference for
the high discount is weakened by the increase in e-commerce platforms’ reputation. In high-reputation
e-commerce platforms, merchants only need to offer a discount of 45% to 60% to achieve a high purchase
rate, and enhancing the interaction between users also has a positive effect. Merchants and platforms
can launch interactive advertisements and activities on social platforms to stimulate consumers’ desire
to share.

Finally, a practical case is given to verify the validity of the evolutionary game model. The same
body wash is sold at a 68% discount in Pinduoduo, a low-reputation e-commerce platform, and at a
57% discount in Jingdong, a high-reputation e-commerce platform, when both platforms adopt social
platform promotion strategies. In addition, the product has reached a high purchase rate on both
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platforms. The simulation of daily necessities in social e-commerce based on the above rules accords
with the reality of mainstream platforms. In low-reputation platforms, e-commerce merchants need
to offer low prices with small profit margins, while in high-reputation platforms, the profit margins
are larger. High-quality businesses naturally tend to sell on a high-reputation platform. Under the
normal market rules, it is difficult for law-abiding merchants to develop sustainably in low-reputation
platforms. In the long run, low-reputation platforms struggle to attract high-quality merchants and
consumers. This forces low-reputation platforms to enhance their reputation or be eliminated from the
market. These rules are of guiding significance for merchants to formulate reasonable price discount
strategies and the overall industry ecology can be purified to ensure sustainable development.

6. Conclusions

With the background of the global economic downturn caused by COVID-19, this paper establishes
an evolutionary game model of social media promotion strategies in e-commerce, investigates the
dynamically changing process of price discount information transmission through social media,
and further explores its impact on purchase behavior.

6.1. Theoretical Implications

This study advances knowledge about the sustainable development of social e-commerce.
Common awareness of discount strategy has gradually changed from increasing the short-term
profits of enterprises to making enterprises develop sustainability in the long run. Many scholars
believe that discounts do not necessarily positively affect consumers’ purchase intention. Raghubir
showed that increasing discounts does not always improve transaction evaluation or purchase intention,
and may even result in a decline in corporate profits [73]. How to optimize discount value is an
important issue in promotion decision. Although there are more and more studies on promotion
strategies in e-commerce, most of them focus on a specific scenario or product and collect actual data
to verify the viewpoints. However, such research lacks the exploration of rules and mechanisms and
do not take into account the effect of social media. This paper makes up for the lack of knowledge in
this area.

An important contribution of this research is putting the price discount factor as a measurable
variable in the formula, making it possible to obtain the optimal discount value under specific
parameters. Discount has a moderating effect on consumption behavior. An excessively low price may
reduce purchase intention or weaken the efficiency of promotion. In the strategy of using social media
for publicity, discount plays a significant role in word-of-mouth marketing. Previous studies have
characterized these effects, but lack a discussion and simulation of the optimal discount range [32,74,75].

Another key contribution is establishing a link between information dissemination and purchasing
behavior. Shopping information in social networks not only influences individual purchases, but also
influences their online friends through information dissemination, which finally spreads to the whole
shopping network. With establishing a social evolution game model of social e-commerce, this research
studies the rules of promotion information transmission in social e-commerce and its influencing
mechanism on consumer behavior. The interaction and fusion of two independent systems widen the
ideas of social network and consumer behavior.

6.2. Practical Implications

This study takes full advantage of the immediacy and extensiveness of social media and the
navigability of consumer networks. In online consumption, user consumption behavior is easily affected
by factors such as recent sales volume, buyer evaluation, and price of goods. Through group buying,
the promotion will be able to guide online consumption behavior. At the same time, the recommendation of
socialized shopping information will effectively influence consumption behavior. With the development of
social information networks, on platforms such as instant messaging apps, microblogs, and group-buying
forums, a large amount of new online consumption information is released at any time and spread
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rapidly and widely through various channels, enabling more online consumers to make choices based on
promotional information.

On one hand, this enables e-commerce businesses to set reasonable discount ranges according to
different conditions, achieve a high purchase rate while saving promotional costs, and ensure the
optimal profit of enterprises. In addition to discounts, e-commerce companies can increase the
frequency of communication between consumers. They can set strategies such as sharing information
with friends to get discounts or posting high-quality advertising content on social platforms to stimulate
consumers’ desire to discuss and share.

On the other hand, results on the reputation environment of e-commerce platforms enable them
to not only focus on short-term profits, but also consider long-term reputation, to strengthen their
supervision and enable all e-commerce businesses to achieve sustainable long-term development.
The platform can stop in a timely fashion and warn merchants to reduce unreasonable pricing behavior
(disorderly pricing and excessively high pricing) in the market order. Establishing credit points is
useful for the platform to maintain the overall reputation environment. If the points are too low,
merchants will not be able to sell goods on the platform. High-quality goods placed on low-reputation
shopping websites are likely to cause slow sales, which makes low-reputation shopping platforms
unable to attract high-quality merchants in the long run, thus transforming their reputation or being
eliminated by the market and fundamentally purifying the e-commerce ecology.

6.3. Limitations and Future Research

Due to the limitation of certain objective conditions, the research in this paper still has some
deficiencies. Extracting big data from both social media and shopping sites is difficult at present.
Although this paper uses a case to verify the conclusion simply, it is not based on the result of big data
and may be accidental. In the future, the technology for collecting data is expected to improve.

In the model of this paper, network friends are an environmental factor that influences consumers’
purchase intention. However, different social relationships have result in influence to different degrees.
People tend to imitate the behavior of acquaintances rather than strangers. There may also be nodes
with great influence in social networks, such as opinion leaders. They may be an authority in an
industry or a star with a large following. Those nodes need to be distinguished from ordinary nodes
by their level of reputation and influence. In this paper, only ordinary people in the online community
are considered. In the follow-up research, relationship strength and opinion leaders can be introduced
into the research model to explore the influence mechanism of different interpersonal relationships on
purchase intention.

In addition, there are also emotional factors that prompt consumers to generate purchase intention,
such as perceived pleasure [76]. In further research, consumers’ emotional factors can be included as
intermediate variables on purchase intention. At present, there are many emerging marketing models,
such as live streaming platforms and famous stars selling goods, whose decision-making rules and
sustainability also need to be studied in the future [77].
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