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In the Big Data era, Data Company as the Big Data information (BDI) supplier should be included in a supply chain. In the new
situation, to research the pricing strategies of supply chain, a three-stage supply chain with one manufacturer, one retailer, and
one Data Company was chosen. Meanwhile, considering the manufacturer contained the internal and external BDI, four benefit
models about BDI investment were proposed and analyzed in both decentralized and centralized supply chain using Stackelberg
game. Meanwhile, the optimal retail price and benefits in the four models were compared. Findings are as follows. (1)The industry
cost improvement coefficient, the internal BDI investment cost of the manufacturer, and the added cost of the Data Company on
using Big Data technology have different relationships with the optimal prices of supply chain members in different models. (2) In
the retailer-dominated supply chain model, the optimal benefits of the retailer and the manufacturer are the same, and the optimal
benefits of the Data Company are biggest in all the members.

1. Introduction

The era of Big Data has arrived. With the popularity of
Internet and mobile Internet, global data are increasing. In
addition, the storage cost of these data also reduces following
the development of virtual storage and Cloud technology
[1, 2]. In this condition, the development and appliance of Big
Data become a possibility. In theBigData background, data as
the necessary original materials of the information economy
[3] have infiltrated into every business and influence the
development of a business.

Thus, more and more enterprises start to gain and apply
Big Data. Some researchers have discussed the merits of Big
Data application and think that BigData have potential values
in improving companies’ business model [4]. Moreover, Big
Data have also huge potential values in improving production
ability and efficiency [5]. But, for most companies, handling
so complicated and large data is very difficult. To solve these
problems, a common choice of companies is to gain Big Data
from professional Data Company and buying the related Big
Data information (BDI) is their usual behavior. Following this
trend growth, Data Company will become an indispensable

member of a supply chain. In other words, Data Company
should be included in a supply chain.

In these new conditions, if Data Company becomes one
of supply chain members, the structure of supply chain will
change. Meanwhile, based on our survey in many companies
who have applied Big Data plan, they say that their benefits
do increase after using Big Data. However, they still want
to know how to set a price in this new condition when
they are in different game situations. According to the above
analyses, previous pricing rules of supply chain members
will not be applicable. New pricing rules should be studied
considering Data Company. In the new supply chain system,
Data Company will pay additional money in Big Data
technology or equipment to gain more valuable BDI. In this
paper, the manufacturer’s BDI includes the external BDI and
the internal BDI (the external BDI mainly refers to consumer
preference information). Considering the above conditions,
how to price to gainmore benefits is a vital problem for supply
chain members in different game models.

Therefore, aims of this study are to explore pricing strate-
gies of a supply chain considering Data Company in different
game situations. Although many studies have explored the
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pricing problem of a supply chain, there is a gap in the related
researches in the Big Data environment and consideringData
Company as a supply chain member. Thus, in this study, this
gap will be made up.

Firstly, the applications of Big Data in supply chain were
discussed, and then researches about pricing strategies of sup-
ply chain in the Big Data environment were also described.
Then, according to the utility function theory, the demand
function was constructed. Meanwhile, benefit models were
proposed and analyzed in different game models. Finally,
the optimal pricing strategies and benefits of supply chain
members in different game models were analyzed. Results
offer a theoretical guidance for supply chainmembers pricing
strategies in the BigData environment.Meanwhile, it is a new
development of supply chain pricing strategies theory in the
Big Data era.

2. Literature Review

Following the advent of Big Data era, discussions about
the appliance of Big Data in supply chain are increasing.
But great majority of them concentrate on the qualitative
researches and the quantitative researches are rare; moreover,
quantitative researches about pricing problem in the Big Data
era are few.

In qualitative aspects, appliances of Big Data have been
discussed in supply chain [6–8]. The vitals of Big Data in
supply chainmanagement were discussed andmore attention
about Big Data appliance in a supply chain was invoked [9].
To assist companies utilize Big Data well, a method based on
RamcoCements Limitedwas presented for implementing Big
Data in a firm [10]. Moreover, to combine their competitive
advantages with other companies, an analysis mode accord-
ing to a deduction chart way was proposed [11]. Furthermore,
influences of Big Data [12] and its quality [7] on companies’
information system are explored. FossoWamba et al. thought
that companies should understand the values created by
Big Data (market segmentation, decision-making, demand
discovery, producing new products, etc.) [13]. Furthermore,
in the process of using Big Data to make decision, the
quality of data collection, analysis, and transmission would
affect the decision quality [14]. Meanwhile, Big Data analysis
ability had also effects on supply chain performance and
organization benefits [15–17]. Hofmann discussed the ability
of Big Data on improving some supply chain processes [18].
In this study, “which natures of Big Data has biggest ability
on removing the bullwhip effect” was elaborated, finding that
the “Velocity” nature has the biggest potential on improving
performance. Brinch et al. studied the applications of Big
Data in supply chainmanagement processes (manufacturing,
logistics, return, sourcing, and planning), finding that the
processes of service, planning, and logistics were applicable
for implementing Big Data analytics [19]. Lamba and Singh
proposed the application trends of BigData in operations and
supply chain management by reviewing current documents
[20], findings that, in the manufacturing, logistics, and
procurement processes of supply chain, Big Data applications
were discussed widely. Big Data can also help company gain
more accurate demand signal; in this condition, Niu and

Zou discussed whether the “better demand signal is always
good for the supply chainmembers” [21].They found that the
more accurate demand signal will be better for environment.
Chavez et al. explored relationships between manufacturing
ability, data-driven supply chains, and customer satisfaction
[22], finding that “data-driven supply chains have positive
relationships with the manufacturing ability dimensions (i.e.,
delivery, flexibility, quality, and cost).”

In quantitative aspects, Ji et al. proposed a decision-
making model of food supply chain using Big Data as input
to predict market demand [23]. Badiezadeh et al. proposed
a method based on Big Data approach to evaluate the
sustainability of supply chain; meanwhile, the double frontier
network DEA was also used [24]. Based on Big Data analytic
method, Mukherjee and Sinha explored product decisions
on recall in medical device supply chain [25]. Here, Big
Data method was used to evaluate the judgment Bias. Mani
et al. provided a proof in reality to explain the advantages
using Big Data analytic method to forecast risk [26]. Yu et
al. discussed “how Big Data-driven supply chains influence
supply chain abilities” [27]; in this study, they collected related
data from Chinese manufactures and the structural equation
modelling was also used to explain the effects of data-driven
supply chain abilities on financial performance. Olama et
al. presented an integral standard model to test the fastness
of a firm’s data system in the Big Data environment [28].
Tambe applied administrators concentrated on matching
relationships between the costs invested in labor and the
profits from Big Data [29]. Shi and Li explored the influences
of secret information leakage on supply chain member
coordination relationship using game theory [30]. Wu et al.
discussed the cooperation rules considering Big Data service
supplier [31]. Liu and Yi explored the investment decision-
making and coordination of supply chain on BDI in the
information symmetry and asymmetry circumstances [32].
In addition, they discussed the same problem of supply chain
on BDI in the decentralized and centralized supply chain
[33]. In these researches, the importance of Data Company
in a supply chain was underlined and they thought Data
Company should be contained in a supply chain.

In the aspects of pricing, from a qualitative view point,
Baker and Kiewell discussed how to use Big Data to get
a pricing rule, and they proposed that using Big Data
analysis technology could get the willingness payment range
of consumer [34]. He et al. researched the coordinative
pricing policies of retailers in the era of Big Data and
discussed how to achieve the multiple dynamic pricing of
retailer companies. From a quantitative view point, Liu and
Yi explored the pricing policies of green supply chain in
the Big Data environment considering targeted advertising
and product green degree [35]. However, Data Company was
not considered as a supply chain member in their research.
In the Big Data environment, Li et al. studied the pricing
and production rules of a two-stage supply chain with one
manufacturer and two suppliers [36]. However, they did not
also consider the importance of Data Company in a supply
chain in the Big Data environment.

Based on the aforementioned analyses, we can find that
applications of Big Data in supply chain management are
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Figure 1: Application of Big Data in the traditional manufacturers.

widely discussed, and pricing strategies of supply chain are
also studied from the quantitative and qualitative viewpoints.
However, some deficiencies still exist. Previous researches did
not consider the importance of Data Company in a supply
chain when they discussed pricing policies of supply chain
members in the era of Big Data. To make up this gap, in
this paper, we will put Data Company into supply chain as
a supply chain member and then study the pricing strategies
of a three-stage supply chain considering Data Company in
decentralized and centralized supply chain. In our research,
four game models were proposed in the decentralized and
centralized models: (1) Data Company-dominated supply
chain model; (2) retailer-dominated supply chain model; (3)
manufacturer-dominated supply chain model; (4) the benefit
model of the centralized model.

3. Model Establishment

In the Big Data environment, following the development of
consumer living standards, consumers’ heterogeneity pref-
erence are added. For manufacturers, getting timely and
accurate consumer preference information becomes more
and more important. Meanwhile, natures of Big Data can
satisfy the requirement of manufacturers on the accurate and
timely information. However, Big Data processing is a huge
challenge for the IT department of the traditional manu-
facturers; they usually gain consumer demand information
from the related and professional Data Company. According
to these preference information, manufacturers design and
produce products and these products can satisfy consumer
requirement well. But, for Data Company, to obtain more
profits from selling consumer BDI, it will add their extra cost
in new Big Data analysis technology or equipment. Which
effects the growth of these costs and the importance of Data
Company in supply chain will have on pricing rules of supply
chain is a problem worth exploring. For decision-makers,
they also want to know how to price to gain more benefits in
different gamemodels.Thus, in this paper, we will do this job.

At present, due to the immature BDI demand market,
Data Company-dominated supply chain, retailer-dominated
supply chain, manufacturer-dominated supply chain, and
centralized supply chain are coexisting. Thus, exploring the

pricing rules of these supply chain models has important
significance in helping players gain more benefits.

3.1. Variables and Parameters. See “Variables and Parame-
ters” section.

3.2. Demand Function and Model Assumptions

3.2.1. Demand Function. In the Big Data environment, to
gain more competitive advantages, the manufacturer will
buy consumer preference information and then design and
produce products to meet consumer demand, and the appli-
cation of consumer preference information is shown in
Figure 1. Thus, the products designed and produced by using
consumer preference information will be more able to meet
the consumer demands, and consumer will also give a higher
value evaluation to the product compared with the condition
of not using consumer preference information.

For consumers, they will give their judgment about the
product using different value evaluations. We assume that
the value evaluation about the product is ], and, according
to the research of Ferrer and Swaminathan [37], the value
evaluation follows the uniform distribution of [0, 1]. The
satisfied degree of consumer heterogeneity demandwill affect
the value evaluation; assume that the value discount factor is𝛼. In different models, the value discount factor is different;
thus, the value discount factor in differentmodels is𝛼𝑘. In the𝑁model, the value discount factor𝛼𝑁 is lower than it in other
models. Based on the above analysis and the research of Liu
and Yi [33], the utility function 𝑈 = 𝛼V − 𝑝; here, V ∈ [0, 1].
When𝑈 = 𝛼V−𝑝 > 0, consumers will buy the product.Thus,
the demand function 𝑄 = ∫1

𝑝/𝛼
𝑑] = 1 − 𝑝/𝛼, and the market

demand formula in different models is shown as follows.

𝑄𝑘 = 1 − 𝑝𝑘𝛼𝑘 . (1)

Typically, both charging by service hours and charging by
number of messages are the profit models of the Data Com-
pany. In reality, both the two profit models are used. In this
paper, the profit model charging by number of messages will
be chosen. When the manufacturer obtains these consumer
demand information, it can design and produce products
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based on these information. Assume that the total number
of consumer information is 𝐷𝑘 in different models. There is𝐷𝑘 = 𝛽𝑄𝑘; 𝛽𝑘 presents the consumer preference information
conversion coefficient in different models.

3.2.2. Model Assumptions. (a) In reality, Big Data processing
is a huge challenge for the IT department of manufacturers;
thus, we assume that the manufacturer obtains consumer
demand BDI from the Data Company. Generally, the Data
Company charges by number of messages.

(b) The enough production ability is important for
manufacturer to face the continuous market demand, and it
will also impact the manufacturer’s benefit. To highlight the
significance of this study and control the effects of the pro-
duction ability, we assume that the manufacturer has enough
production capacity. In addition, to simplify calculation and
highlight research significance, many researches assume that
supply chain members are completely rational and risk-
neutral [38]; thus, in this paper, to highlight the significance
of this study and control the effects of the players risk appetite,
assume that supply chain members are completely rational
and risk-neutral.

(c) The manufacturer designs and produces this type
product based on the consumer preference information.
In addition, different competitive environments will have
different market demands; in this paper, we focus on the
completely monopolized market.

(d)Generally, consumer preference information is graded
byData Company based on the size and scope of original data
or other standards.The price of the information is different at
different levels. According to our actual survey, the grade of
consumer preference information can reflect the information
accuracy, and, for the manufacturer who uses the consumer
preference information to design and make products, the
information accuracy will influence the satisfaction degree
of consumer demand on products. In our paper, parameter𝛼𝑘 can reflect the grade difference. In reality, if the price of
the information is suitable, the users have a trend to pursue
a higher grade. If this trend reaches a balance state, all users
will choose the highest grade. Thus, in this paper, we assume
that the grade is the same in the proposed four models.
Meanwhile, we assume that the manufacturer has the same
ability of using consumer BDI, and the products made in the
four game models are the same in facing consumer demand
(i.e., 𝛼DC = 𝛼𝑅 = 𝛼𝑀 = 𝛼𝐶 and 𝛽DC = 𝛽𝑅 = 𝛽𝑀 = 𝛽𝐶).
4. Pricing Strategies of the Three-Stage
Supply Chain

In the Big Data environment, to meet consumer demand,
manufacturers have to gain consumers’ preference informa-
tion fromData Company.With this trend development, Data
Company will become an important part of a supply chain.
In this condition, if the supply chain members want to gain
more benefits, how should they set a price? When they face
different game situation, what should they do? The core of
these problems is to explore pricing strategies of a three-stage
supply chain considering Data Company in different game
situations.

However, in the Big Data environment, most of previous
researches on pricing rules of supply chain focus on a two-
stage supply chain with one manufacturer and one retailer.
Few researchers put Data Company into a supply chain as
a supply chain member when they study pricing rules of
supply chain in the Big Data environment. To solve the above
problems and make up the theoretical research gap, a supply
chain with one manufacturer, one retailer, and one Data
Company was chosen. Based on the utility function theory,
the demand function was built.Then, the benefit functions of
the manufacturer, the retailer, and the Data Company were
constructed in the four models.

4.1.𝑁Model. In the𝑁model, supply chain members pursue
their own profitmaximization andwill not invest in Big Data.
Assume that the Data Company is the game leader and first
sets the information retail price. The manufacturer sets the
product wholesale price considering the information retail
price, and then the retailer sets the product retail price.

Thus, in the 𝑁 model, the benefit functions of the Data
Company, the manufacturer, and the retailer are shown in
functions (2), (3), and (4), respectively.

𝜋𝑁𝑏 (𝑝𝑁𝑏 ) = (𝑝𝑁𝑏 − 𝑐𝑏) 𝛽𝑁𝑄𝑁, (2)

𝜋𝑁𝑑 (𝑤𝑁) = (𝑤𝑁 − 𝑝𝑁𝑏 − 𝑐)𝑄𝑁 − 𝑝𝑁𝑏 (𝛽𝑁 − 1)𝑄𝑁, (3)

𝜋𝑁𝑟 (𝑝𝑁) = (𝑝𝑁 − 𝑤𝑁)𝑄𝑁. (4)

To get the optimal pricing rules of supply chainmembers,
the reverse derivation method is adopted. Firstly, calculating
the first-order partial derivative of formula (4) with regard to𝑝𝑁, let it be equal to zero.The product retail price with regard
to 𝑤𝑁 can be obtained.

𝑝𝑁 (𝑤𝑁) = 𝛼𝑁 + 𝑤𝑁2 . (5)

Then, putting 𝑝𝑁(𝑤𝑁) into formula (3), we calculate the
first-order partial derivative of 𝜋𝑁𝑑 (𝑤𝑁) with regard to 𝑤𝑁
and let it be equal to zero. The product wholesale price can
be obtained.

𝑤𝑁 (𝑝𝑁𝑏 ) = 𝛼𝑁 + 𝛽𝑁𝑝𝑁𝑏 + 𝑐2 . (6)

Then, according to formulas (5) and (6), we get

(𝑝𝑁∗𝑏 , 𝑤𝑁∗, 𝑝𝑁∗, 𝑄𝑁∗) = (𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏2𝛽𝑁 ,
3𝛼𝑁 + 𝑐 + 𝛽𝑁𝑐𝑏4 , 7𝛼𝑁 + 𝑐 + 𝛽𝑁𝑐𝑏8 , 𝛼𝑁 − 𝑐 − 𝛽𝑁𝑐𝑏8𝛼𝑁 ) .

(7)

Due to 𝑄𝑁 > 0, 𝛼𝑁 should be bigger than 𝑐 + 𝛽𝑁𝑐𝑏;
namely,

𝑐 + 𝛽𝑐𝑏 < 𝛼DC. (8)
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Based on formula (7), we get supply chain members’
benefits.

(𝜋𝑁∗𝑏 , 𝜋𝑁∗𝑑 , 𝜋𝑁∗𝑟 ) = ((𝛼𝑁 − 𝑐 − 𝛽𝑁𝑐𝑏)
2

16𝛼𝑁 ,
(𝛼𝑁 − 𝑐 − 𝛽𝑁𝑐𝑏)232𝛼𝑁 , (𝛼𝑁 − 𝑐 − 𝛽𝑁𝑐𝑏)264𝛼𝑁 ) .

(9)

According to formulas (7) and (9), Proposition 1 is obtained.

Proposition 1.

(1) 𝜕𝑝𝑁∗𝑏 /𝜕𝑐𝑏𝑖 = 0, 𝜕𝑤𝑁∗/𝜕𝑐𝑏𝑖 = 0, 𝜕𝑝𝑁∗/𝜕𝑐𝑏𝑖 = 0.
(2) 𝜕𝑝𝑁∗𝑏 /𝜕𝑐𝑑 = 0, 𝜕𝑤𝑁∗/𝜕𝑐𝑑 = 0, 𝜕𝑝𝑁∗/𝜕𝑐𝑑 = 0.
(3) 𝜕𝑝𝑁∗𝑏 /𝜕𝜃 = 0, 𝜕𝑤𝑁∗/𝜕𝜃 = 0, 𝜕𝑝𝑁∗/𝜕𝜃 = 0.
(4) 𝜕𝑝𝑁∗𝑏 /𝜕𝛽𝑁 = 𝑐𝑏/2 > 0, 𝜕𝑤𝑁∗/𝜕𝛽𝑁 = 𝑐𝑏/4 > 0, 𝜕𝑝𝑁∗/𝜕𝛽𝑁 = 𝑐𝑏/8 > 0.
Based on Proposition 1, we can get that, with the cost

growth of the Data Company investing in Big Data tech-
nology (𝑐𝑏𝑖), the manufacturer internal BDI cost (𝑐𝑑), and
the industry cost improvement coefficient (𝜃), the optimal
BDI retail price, the optimal product retail price, and the
optimal wholesale price have no changes.With the increase of
the consumer preference information conversion coefficient(𝛽𝑁), the optimal BDI retail price, the optimal product retail
price, and the optimal wholesale price will grow. Moreover,
regarding the change of 𝛽𝑁, the optimal BDI retail price
is more sensitive. It indicates that increasing the consumer
preference information conversion rate will help the Data
Company set a high retail price and gain more benefits.

4.2. DC Model. In the DC model, supply chain members
pursue their own profit maximization. We assume that the
Data Company is the game leader and first sets the BDI
retail price. The manufacturer sets the wholesale price of
productions considering the BDI retail price, and then the
retailer sets the product retail price.

In the DC model, the Data Company has used Big Data
technology to extract information; thus, the accuracy of
consumer preference information is high, if themanufacturer
purchases consumer preference information from the Data
Company, and then produces products according to these
information. The product can meet the needs of consumers
well.Thus, in the DCmodel, the benefit functions of the Data
Company, the manufacturer, and the retailer are shown in
functions (10), (11), and (12), respectively.

𝜋DC
𝑏 (𝑝DC

𝑏 ) = (𝑝DC
𝑏 − 𝑐𝑏𝑖 − 𝜃𝑐𝑏) 𝛽DC𝑄DC, (10)

𝜋DC
𝑑 (𝑤DC) = (𝑤DC − 𝑝DC

𝑏 − 𝑐𝑑 − 𝜃𝑐)𝑄DC

− 𝑝DC
𝑏 (𝛽DC − 1)𝑄DC, (11)

𝜋DC
𝑟 (𝑝DC) = (𝑝DC − 𝑤DC)𝑄DC. (12)

To get the optimal pricing rules of supply chainmembers,
the reverse derivation method is adopted. Firstly, calculating
the first-order partial derivative of formula (12) with regard
to 𝑝DC, let it be equal to zero. The product retail price with
regard to 𝑤DC can be obtained.

𝑝DC (𝑤DC) = 𝛼DC + 𝑤DC

2 . (13)

Then, putting 𝑝DC(𝑤DC) into formula (11), we calculate
the first-order partial derivative of 𝜋DC

𝑑 (𝑤DC) with regard to𝑤DC and let it be equal to zero. The product wholesale price
can be obtained.

𝑤DC (𝑝DC
𝑏 ) = 𝛼 + 𝑐𝑑 + 𝛽DC𝑝DC

𝑏 + 𝜃𝑐2 . (14)

Then, according to formulas (13) and (14), we get

(𝑝DC∗
𝑏 , 𝑤DC∗, 𝑝DC∗, 𝑄DC∗)
= (𝛼DC − 𝜃𝑐 − 𝑐𝑑 + 𝛽DC𝑐𝑏𝑖 + 𝛽DC𝜃𝑐𝑏2𝛽DC ,
3𝛼DC + 𝜃𝑐 + 𝑐𝑑 + 𝛽DC𝑐𝑏𝑖 + 𝛽DC𝜃𝑐𝑏4 ,
7𝛼DC + 𝜃𝑐 + 𝑐𝑑 + 𝛽DC𝑐𝑏𝑖 + 𝛽DC𝜃𝑐𝑏8 ,
𝛼DC − 𝜃𝑐 − 𝑐𝑑 − 𝛽DC𝑐𝑏𝑖 − 𝛽DC𝜃𝑐𝑏8𝛼DC ) .

(15)

Due to 𝑄DC > 0, 𝛼DC should be bigger than 𝜃𝑐 + 𝑐𝑑 +𝛽DC𝜃𝑐𝑏 + 𝛽DC𝑐𝑏𝑖; namely,

𝑐𝑑 + 𝛽DC𝑐𝑏𝑖 < 𝛼DC − 𝜃𝑐 − 𝛽𝜃𝑐𝑏. (16)

Based on formula (15), we get supply chain members’
benefits.

(𝜋DC∗
𝑏 , 𝜋DC∗

𝑑 , 𝜋DC∗
𝑟 )

= ((𝛼DC − 𝜃𝑐 − 𝑐𝑑 − 𝛽DC𝜃𝑐𝑏 − 𝛽DC𝑐𝑏𝑖)216𝛼DC ,
(𝛼DC − 𝜃𝑐 − 𝑐𝑑 − 𝛽DC𝜃𝑐𝑏 − 𝛽DC𝑐𝑏𝑖)232𝛼DC ,
(𝛼DC − 𝜃𝑐 − 𝑐𝑑 − 𝛽DC𝜃𝑐𝑏 − 𝛽DC𝑐𝑏𝑖)264𝛼DC ) .

(17)

According to formulas (15) and (17), Proposition 2 is
obtained.

Proposition 2.

(1) 𝜕𝑝𝐷𝐶∗𝑏 /𝜕𝑐𝑏𝑖 = 1/2 > 0, 𝜕𝑤𝐷𝐶∗/𝜕𝑐𝑏𝑖 = 𝛽𝐷𝐶/4 > 0,𝜕𝑝𝐷𝐶∗/𝜕𝑐𝑏𝑖 = 𝛽𝐷𝐶/8 > 0.
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(2) 𝜕𝑝𝐷𝐶∗𝑏 /𝜕𝑐𝑑 = −1/2𝛽𝐷𝐶 < 0, 𝜕𝑤𝐷𝐶∗/𝜕𝑐𝑑 = 1/4 > 0,𝜕𝑝𝐷𝐶∗/𝜕𝑐𝑑 = 1/8 > 0.
(3) 𝜕𝑝𝐷𝐶∗𝑏 /𝜕𝜃 = (𝛽𝐷𝐶𝑐𝑏 − 𝑐)/2𝛽𝐷𝐶, 𝜕𝑤𝐷𝐶∗/𝜕𝜃 = (𝛽𝐷𝐶𝑐𝑏 +𝑐)/4 > 0, 𝜕𝑝𝐷𝐶∗/𝜕𝜃 = (𝛽𝐷𝐶𝑐𝑏 + 𝑐)/8 > 0.
(4) 𝜕𝑝𝐷𝐶∗𝑏 /𝜕𝛽𝐷𝐶 = (𝜃𝑐𝑏+𝑐𝑏𝑖)/2, 𝜕𝑤𝐷𝐶∗/𝜕𝛽𝐷𝐶 = (𝜃𝑐𝑏+𝑐𝑏𝑖)/4 > 0, 𝜕𝑝𝐷𝐶∗/𝜕𝛽𝐷𝐶 = (𝜃𝑐𝑏 + 𝑐𝑏𝑖)/8 > 0.
Based on Proposition 2, we can get that, with the cost

growth of the Data Company investing in Big Data technol-
ogy, the optimal BDI retail price, the optimal product retail
price, and the optimal wholesale price will increase. Maybe it
is because the manufacturer has to set a high retail price to
make up for the added cost invested in Big Data technology
to gain more benefits. Facing the growth of the BDI retail
price, the manufacturer has to increase its product wholesale
price to obtain more benefits, and then the retailer will also
set a higher product retail price because of the growth of the
wholesale price. However, when 𝛽DC < 2, about the changes
of 𝑐𝑏𝑖, the optimal BDI retail price is more sensitive. Maybe it
is because the Data Company bears all the cost investing in
Big Data technology, when the cost adds one unit, the BDI
retail price will add 0.5 units.

With the growth of the manufacturer internal BDI cost(𝑐𝑑), the optimal product retail price and the optimal whole-
sale price will increase; however, the optimal retail price of
the Data Company will decrease. Maybe it is because the
manufacturer has to set a high wholesale price to make up
its internal BDI investment costs; with the increase of the
wholesale price, the retailer has to set a higher retail price.
To sell more consumer BDI and gain more benefits, the Data
Company may reduce its consumer BDI retail price.

With the growth of the industry cost improvement coef-
ficient (𝜃), the optimal product retail price and the optimal
wholesale price will increase; however, changes of the optimal
BDI retail price depend on the difference value between
the information production cost of the Data Company and
the product production cost of the manufacturer. When the
information production cost of the Data Company is higher
than the product production cost of the manufacturer, the
optimal BDI retail price will grow; otherwise, it will reduce.

With the increase of the consumer preference informa-
tion conversion coefficient (𝛽DC), the optimal BDI retail
price, the optimal product retail price, and the optimalwhole-
sale price will grow. Moreover, regarding the change of 𝛽DC,
the optimal BDI retail price is more sensitive. It indicates that
increasing the consumer preference information conversion
rate will help the Data Company set a high retail price and
gain more benefits.

In addition, when the upstreammembers of supply chain
invest and use Big Data, for the downstream members, its
wholesale price or retail price will increase. It indicates that
when the upstream members of supply chain invest and use
Big Data, the costs invested in Big Data will pass to the
downstream members with the style of wholesale price or
consumer BDI retail price.

4.3. 𝑅 Model. In the 𝑅 model, the retailer is the leader. The
dynamic game order of supply chain members is as follows:

the retailer decides the product retail price, and then the Data
Company decides the consumer BDI retail price; finally, the
manufacturer decides the wholesale price. The product can
meet the needs of consumers well.Thus, the benefit functions
of the Data Company, the manufacturer, and the retailer are
shown in functions (18), (19), and (20), respectively.

𝜋𝑅𝑏 (𝑝𝑅𝑏 ) = (𝑝𝑅𝑏 − 𝑐𝑏𝑖 − 𝜃𝑐𝑏) 𝛽𝑅𝑄𝑅, (18)

𝜋𝑅𝑑 (𝑤𝑅) = (𝑤𝑅 − 𝑝𝑅𝑏 − 𝑐𝑑 − 𝜃𝑐)𝑄𝑅
− 𝑝𝑅𝑏 (𝛽𝑅 − 1)𝑄𝑅, (19)

𝜋𝑅𝑟 (𝑝𝑅) = (𝑝𝑅 − 𝑤𝑅)𝑄𝑅. (20)

To get the optimal pricing rules of supply chainmembers,
the reverse derivation method is adopted. Firstly, to facilitate
the computation, let𝑝𝑅 = 𝑤𝑅+𝑥; then put it into formula (19).
The calculation method is similar to Section 4.1; thus, we will
not repeat it. Based on formulas (18), (19), and (20), we get

(𝑝𝑅∗𝑏 , 𝑤𝑅∗, 𝑝𝑅∗, 𝑄𝑅∗)
= (2𝛼𝑅 − 2𝜃𝑐 − 2𝑐𝑑 + 3𝛽𝑅𝑐𝑏𝑖 + 3𝛽𝑅𝜃𝑐𝑏5𝛽𝑅 ,
3𝛼𝑅 + 2𝜃𝑐 + 2𝑐𝑑 + 2𝛽𝑅𝑐𝑏𝑖 + 2𝛽𝑅𝜃𝑐𝑏5 ,
4𝛼𝑅 + 𝜃𝑐 + 𝑐𝑑 + 𝛽𝑅𝑐𝑏𝑖 + 𝛽𝑅𝜃𝑐𝑏5 ,
𝛼𝑅 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑅𝑐𝑏𝑖 − 𝛽𝑅𝜃𝑐𝑏5𝛼𝑅 ) .

(21)

Due to𝑄𝑅 > 0, 𝛼𝑅 should be bigger than 𝜃𝑐+𝑐𝑑+𝛽𝑅𝜃𝑐𝑏+𝛽𝑅𝑐𝑏𝑖;
namely,

𝑐𝑑 + 𝛽𝑅𝑐𝑏𝑖 < 𝛼𝑅 − 𝜃𝑐 − 𝛽𝑅𝜃𝑐𝑏. (22)

Based on formula (21), supply chain members’ benefits are

(𝜋𝑅∗𝑏 , 𝜋𝑅∗𝑑 , 𝜋𝑅∗𝑟 )
= (2 (𝛼𝑅 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑅𝜃𝑐𝑏 − 𝛽𝑅𝑐𝑏𝑖)225𝛼𝑅 ,
(𝛼𝑅 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑅𝜃𝑐𝑏 − 𝛽𝑅𝑐𝑏𝑖)225𝛼𝑅 ,
(𝛼𝑅 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑅𝜃𝑐𝑏 − 𝛽𝑅𝑐𝑏𝑖)225𝛼𝑅 ) .

(23)

According to formulas (21) and (23), Proposition 3 is
obtained.
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Proposition 3.
(1) 𝜕𝑝𝑅∗𝑏 /𝜕𝑐𝑏𝑖 = 3/5 > 0, 𝜕𝑤𝑅∗/𝜕𝑐𝑏𝑖 = 2𝛽𝑅/5 > 0, 𝜕𝑝𝑅∗/𝜕𝑐𝑏𝑖 = 𝛽𝑅/5 > 0.
(2) 𝜕𝑝𝑅∗𝑏 /𝜕𝑐𝑑 = −2/5𝛽𝑅 < 0, 𝜕𝑤𝑅∗/𝜕𝑐𝑑 = 2/5 > 0, 𝜕𝑝𝑅∗/𝜕𝑐𝑑 = 1/5 > 0.
(3) 𝜕𝑝𝑅∗𝑏 /𝜕𝜃 = (3𝛽𝑅𝑐𝑏−2𝑐)/5𝛽𝑅, 𝜕𝑤𝑅∗/𝜕𝜃 = (2𝛽𝑅𝑐𝑏+2𝑐)/5 > 0, 𝜕𝑝𝑅∗/𝜕𝜃 = (𝛽𝑅𝑐𝑏 + 𝑐)/5 > 0.
(4) 𝜕𝑝𝑅∗𝑏 /𝜕𝛽𝑅 = (3𝜃𝑐𝑏+3𝑐𝑏𝑖)/5, 𝜕𝑤𝑅∗/𝜕𝛽𝑅 = (2𝜃𝑐𝑏+2𝑐𝑏𝑖)/5 > 0, 𝜕𝑝𝑅∗/𝜕𝛽𝑅 = (𝜃𝑐𝑏 + 𝑐𝑏𝑖)/5 > 0.
Proposition 3 shows that, with the cost growth of theData

Company invested in Big Data technology, the optimal BDI
retail price, the optimal product retail price, and the optimal
wholesale price will increase in the𝑅model. Moreover, about
the change of 𝑐𝑏𝑖, the optimal BDI retail price, the optimal
product retail price, and the optimal wholesale price in the𝑅 model are more sensitive than they are in the DC model.
Maybe it is because, in the DCmodel, the Data Company can
control its investment costs in Big Data technology well.

With the growth of the manufacturer internal BDI cost
(𝑐𝑑), the optimal product retail price and the optimal whole-
sale price will increase; however, the optimal BDI retail
price will decrease. Moreover, about the change of 𝑐𝑑, the
optimal wholesale price and the optimal BDI retail price in
the 𝑅 model are less sensitive than they in the DC model.
The optimal product retail price in the 𝑅 model is more
sensitive than it in the DC model. Maybe it is because, in
the aspect of coordinating the external BDI investment of the
manufacturer, the Data Company as the leader in the DC
model is not as good as the retailer as the leader in the 𝑅
model.

With the growth of the industry cost improvement coef-
ficient (𝜃), the optimal product retail price and the optimal
wholesale price will increase; however, changes of the optimal
BDI retail price depend on the difference value between
the information production cost of the Data Company and
the product production cost of the manufacturer. Moreover,
about the change of 𝜃, the optimal wholesale price, the
optimal BDI retail price, and the optimal retail price in the𝑅model are more sensitive than they are in the DCmodel. It
indicates that the industry cost improvement coefficient has
more effects on decision-makers’ pricing rules in the𝑅model.

With the increase of the consumer preference informa-
tion conversion coefficient (𝛽𝑅), the optimal BDI retail price,
the optimal product retail price, and the optimal wholesale
price will grow. Moreover, regarding the change of 𝛽𝑅, the
optimal BDI retail price is more sensitive. It indicates that
increasing the consumer preference information conversion
rate will help the Data Company set a high retail price and
gain more benefits. However, regarding the change of 𝛽𝑅,
supply chainmembers optimal pricing in the𝑅model ismore
sensitive than it is in the DC model. It shows that effects of𝛽𝑅 on supply chain members pricing rules are different in
different decision order.

4.4. 𝑀 Model. In the 𝑀 model, the manufacturer is the
leader. The dynamic game order of supply chain members

is as follows: the manufacturer decides the wholesale price,
and then the Data Company decides the consumer BDI retail
price and the retailer decides the product retail price. Thus,
the benefit functions of theData Company, themanufacturer,
and the retailer are shown in functions (24), (25), and (26),
respectively.

𝜋𝑀𝑏 (𝑝𝑀𝑏 ) = (𝑝𝑀𝑏 − 𝑐𝑏𝑖 − 𝜃𝑐𝑏) 𝛽𝑀𝑄𝑀, (24)

𝜋𝑀𝑑 (𝑤𝑀) = (𝑤𝑀 − 𝑝𝑀𝑏 − 𝑐𝑑 − 𝜃𝑐)𝑄𝑀
− 𝑝𝑀𝑏 (𝛽𝑀 − 1)𝑄𝑀, (25)

𝜋𝑀𝑟 (𝑝𝑀) = (𝑝𝑀 − 𝑤𝑀)𝑄𝑀. (26)

To get the optimal pricing rules of supply chainmembers,
the reverse derivation method is adopted. Firstly, to facilitate
the computation, let 𝑤𝑀 = 𝑝𝑀𝑏 + 𝜃𝑐 + 𝑐𝑑 + 𝑥. The calculation
method is similar to Section 4.1; thus, we will not repeat it.
Based on formulas (24), (25), and (26), we get

(𝑝𝑀∗𝑏 , 𝑤𝑀∗, 𝑝𝑀∗, 𝑄𝑀∗)
= (𝛼𝑀 − 𝜃𝑐 − 𝑐𝑑 + 2𝛽𝑀𝑐𝑏𝑖 + 2𝛽𝑀𝜃𝑐𝑏3𝛽𝑀 ,
2𝛼𝑀 + 𝜃𝑐 + 𝑐𝑑 + 𝛽𝑀𝑐𝑏𝑖 + 𝛽𝑀𝜃𝑐𝑏3 ,
5𝛼𝑀 + 𝜃𝑐 + 𝑐𝑑 + 𝛽𝑀𝑐𝑏𝑖 + 𝛽𝑀𝜃𝑐𝑏6 ,
𝛼𝑀 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑀𝑐𝑏𝑖 − 𝛽𝑀𝜃𝑐𝑏6𝛼𝑀 ) .

(27)

Due to 𝑄𝑀 > 0, 𝛼𝑀 should be bigger than 𝜃𝑐 + 𝑐𝑑 + 𝛽𝑀𝜃𝑐𝑏 +𝛽𝑀𝑐𝑏𝑖; namely,

𝑐𝑑 + 𝛽𝑀𝑐𝑏𝑖 < 𝛼𝑀 − 𝜃𝑐 − 𝛽𝑀𝜃𝑐𝑏. (28)

Based on formula (27), supply chain members’ benefits are

(𝜋𝑀∗𝑏 , 𝜋𝑀∗𝑑 , 𝜋𝑀∗𝑟 )
= ((𝛼𝑀 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑀𝜃𝑐𝑏 − 𝛽𝑀𝑐𝑏𝑖)218𝛼𝑀 ,
(𝛼𝑀 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑀𝜃𝑐𝑏 − 𝛽𝑀𝑐𝑏𝑖)218𝛼𝑀 ,
(𝛼𝑀 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑀𝜃𝑐𝑏 − 𝛽𝑀𝑐𝑏𝑖)236𝛼𝑀 ) .

(29)

According to formulas (27) and (29), Proposition 4 is
obtained.
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Proposition 4.

(1) 𝜕𝑝𝑀∗𝑏 /𝜕𝑐𝑏𝑖 = 2/3 > 0, 𝜕𝑤𝑀∗/𝜕𝑐𝑏𝑖 = 𝛽𝑀/3 > 0, 𝜕𝑝𝑀∗/𝜕𝑐𝑏𝑖 = 𝛽𝑀/6 > 0.
(2) 𝜕𝑝𝑀∗𝑏 /𝜕𝑐𝑑 = −1/3𝛽𝑀 < 0, 𝜕𝑤𝑀∗/𝜕𝑐𝑑 = 1/3 > 0,𝜕𝑝𝑀∗/𝜕𝑐𝑑 = 1/6 > 0.
(3) 𝜕𝑝𝑀∗𝑏 /𝜕𝜃 = (2𝛽𝑀𝑐𝑏−𝑐)/3𝛽𝑀, 𝜕𝑤𝑀∗/𝜕𝜃 = (𝛽𝑀𝑐𝑏+𝑐)/3 > 0, 𝜕𝑝𝑀∗/𝜕𝜃 = (𝛽𝑀𝑐𝑏 + 𝑐)/6 > 0.
(4) 𝜕𝑝𝑀∗𝑏 /𝜕𝛽𝑀 = (2𝜃𝑐𝑏+2𝑐𝑏𝑖)/3, 𝜕𝑤𝑀∗/𝜕𝛽𝑀 = (𝜃𝑐𝑏+𝑐𝑏𝑖)/3 > 0, 𝜕𝑝𝑀∗/𝜕𝛽𝑀 = (𝜃𝑐𝑏 + 𝑐𝑏𝑖)/6 > 0.
Proposition 4 shows that, with the cost growth of theData

Company invested in Big Data technology, the optimal BDI
retail price, the optimal product retail price, and the optimal
wholesale price will increase in the 𝑀 model. Moreover,
regarding the change of 𝑐𝑏𝑖, the optimal wholesale price and
the optimal retail price in the 𝑀 model are more sensitive
than they are in the DC model and less sensitive than they
are in the 𝑅 model. However, about the change of 𝑐𝑏𝑖, the
optimal retail price of the Data Company in the 𝑀 model
is more sensitive among the above three models. Maybe it is
because, in the DC model, the Data Company can control its
investment costs in Big Data technology well.

With the growth of the manufacturer internal BDI cost
(𝑐𝑑), the optimal product retail price and the optimal whole-
sale price will increase; however, the optimal BDI retail price
will decrease. Moreover, about the change of 𝑐𝑑, the optimal
wholesale price and the optimal product retail price in the𝑀 model are less sensitive than they are in the 𝑅 model
and are more sensitive than they are in the DC model.
However, regarding the change of 𝑐𝑑, the optimal retail price
of the Data Company in the 𝑀 model is the less sensitive
among the above three models. Maybe it is because, in the
aspect of coordinating the external BDI investment of the
manufacturer, the retailer as the leader in the 𝑅model is not
as good as the manufacturer as the leader in the𝑀model.

With the growth of the industry cost improvement coef-
ficient (𝜃), the optimal product retail price and the optimal
wholesale price will increase; however, changes of the optimal
BDI retail price depend on the difference value between
the information production cost of the Data Company and
the product production cost of the manufacturer. Moreover,
about the change of 𝜃, the optimal wholesale price and the
optimal product retail price in the𝑀model are less sensitive
than they are in the 𝑅 model and are more sensitive than
they are in the DC model. However, regarding the change
of 𝜃, the optimal BDI retail price in the 𝑀 model is most
sensitive among the above three models. It indicates that the
industry cost improvement coefficient has more effects on
pricing aspects of the Data Company in the𝑀model.

With the increase of the consumer preference informa-
tion conversion coefficient (𝛽𝑀), the optimal BDI retail price,
the optimal product retail price, and the optimal wholesale
price will grow. Moreover, regarding the change of 𝛽𝑀, the
optimal BDI retail price is more sensitive. It indicates that
increasing the consumer preference information conversion
rate will help the Data Company set a high retail price and

gain more benefits. However, regarding the change of 𝛽𝑀,
supply chain members optimal pricing in the𝑀model is less
sensitive than it is inmodels of𝑅 andDC. It shows that effects
of 𝛽𝑀 on supply chain members pricing rules are different in
different decision order.

4.5. 𝐶 Model. In the 𝐶 model, the benefit function of the
centralized supply chain is shown in

𝜋𝐶𝑗 = (𝑝𝐶 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝐶𝑐𝑏𝑖 − 𝛽𝐶𝜃𝑐𝑏)𝑄𝐶. (30)

Based on formula (30), we get

(𝑝𝐶∗, 𝑄𝐶∗) = (𝛼𝐶 + 𝜃𝑐 + 𝜃𝛽𝐶𝑐𝑏 + 𝑐𝑑 + 𝛽𝐶𝑐𝑏𝑖2 ,
𝛼𝐶 − 𝜃𝑐 − 𝜃𝛽𝑁𝐶𝑐𝑏 − 𝑐𝑑 − 𝛽𝐶𝑐𝑏𝑖2𝛼𝐶 ) .

(31)

Due to𝑄𝐶 > 0, 𝛼𝐶 should be bigger than 𝜃𝑐+𝜃𝛽𝐶𝑐𝑏+𝑐𝑑+𝛽𝐶𝑐𝑏𝑖; namely,

𝛼𝐶 − 𝜃𝑐 − 𝜃𝛽𝐶𝑐𝑏 > 𝑐𝑑 + 𝛽𝐶𝑐𝑏𝑖. (32)

Based on formula (31), supply chain benefit is

𝜋𝐶∗𝑗 = (𝛼𝐶 − 𝜃𝑐 − 𝜃𝛽𝐶𝑐𝑏 − 𝑐𝑑 − 𝛽𝐶𝑐𝑏𝑖)24𝛼𝐶 . (33)

According to formula (31), Proposition 5 is obtained.

Proposition 5.

(1) 𝜕𝑝𝐶∗/𝜕𝑐𝑏𝑖 = 𝛽𝐶/2 > 0, 𝜕𝑝𝐶∗/𝜕𝑐𝑑 = 1/2 >0, 𝜕𝑝𝐶∗/𝜕𝜃 = (𝑐 + 𝛽𝐶𝑐𝑏)/2 > 0, 𝜕𝑝𝐶∗/𝜕𝛽𝐶 = (𝑐𝑏𝑖 +𝜃𝑐𝑏)/2 > 0.
Proposition 5 indicates that the retail price has a positive

relationship with the cost of the Data Company investing in
Big Data technology (𝑐𝑏𝑖), the cost of the internal BDI cost
of the manufacturer (𝑐𝑑), and the industry cost improvement
coefficient (𝜃). Moreover, about the change of the Data Com-
pany investing in Big Data technology (𝑐𝑏𝑖), the sensitivity
of the optimal retail price in the 𝐶 model is related to 𝛽𝐶.
Namely, the bigger the consumer preference information
conversion coefficient, the bigger the optimal retail price. In
addition, about the change of the industry cost improvement
coefficient (𝜃), the sensitivity of the optimal retail price in the𝐶model is also related to 𝛽𝐶. Namely, the lower the industry
cost improvement coefficient, the lower the optimal retail
price.

With the increase of the consumer preference informa-
tion conversion coefficient (𝛽𝐶), the optimal product retail
price will grow. However, regarding the change of 𝛽𝐶, supply
chain members optimal pricing in the 𝑀 model is less
sensitive than it in models of 𝑅, 𝐶, and DC. It shows that
effects of 𝛽𝐶 on supply chain members pricing rules are
different in different decision order.
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The above analyses indicate that the consumer preference
information conversion coefficient will affect the pricing
strategies of decision-maker in the 𝐶 model. Thus, for the
decision-maker, they should improve the consumer prefer-
ence information conversion coefficient in the application
process of Big Data.

4.6. Prices and Benefits Contrast in the Four Models. Based
on the aforementioned four competition models, Table 1 was
obtained.

Proposition 6. There are the following relationships: when7(𝛼𝑁−𝛼𝐷𝐶)+ (1−𝜃)𝑐+ (𝛽𝑁−𝛽𝐷𝐶)𝑐𝑏 −𝑐𝑑 > 0, 𝑝𝑁∗ > 𝑝𝐷𝐶∗ >𝑝𝑀∗ > 𝑝𝑅∗ > 𝑝𝐶∗; when 3(𝛼𝑁 − 𝛼𝐷𝐶) + (1 − 𝜃)𝑐 + (𝛽𝑁 −𝛽𝐷𝐶)𝑐𝑏 − 𝑐𝑑 > 0, 𝑤𝑁∗ > 𝑤𝐷𝐶∗ > 𝑤𝑀∗ > 𝑤𝑅∗; when 𝛽𝐷𝐶(𝛼𝑁−𝑐+𝛽𝑁𝑐𝑏)−𝛽𝑁(𝛼𝐷𝐶−𝜃𝑐−𝑐𝑑+𝛽𝐷𝐶𝑐𝑏𝑖+𝛽𝐷𝐶𝜃𝑐𝑏), 𝑝𝑁∗𝑏 > 𝑝𝐷𝐶∗𝑏 >𝑝𝑅∗𝑏 > 𝑝𝑀∗𝑏 .

Proof. Based on𝛼𝑁 < 𝛼𝐷𝐶 = 𝛼𝑅 = 𝛼𝑀 = 𝛼𝐶 and𝛽𝑁 < 𝛽𝐷𝐶 =𝛽𝑅 = 𝛽𝑀 = 𝛽𝐶, we get 𝑝𝐷𝐶∗ − 𝑝𝑀∗ = 𝑇/24 > 0; therefore,𝑝𝐷𝐶∗ > 𝑝𝑀∗; here, 𝑇 = 𝛼𝑘 − 𝜃𝑐 − 𝑐𝑑 − 𝛽𝑘𝑐𝑏𝑖 − 𝛽𝑘𝜃𝑐𝑏. 𝑝𝑀∗ −𝑝𝑅∗ = 𝑇/30 > 0; thus, 𝑝𝑀∗ > 𝑝𝑅∗. 𝑝𝐷𝐶∗ − 𝑝𝑀∗ = T/24 > 0;
therefore, 𝑝𝐷𝐶∗ > 𝑝𝑀∗. 𝑝𝑅∗ − 𝑝𝐶∗ = 3𝑇/10 > 0; thus, 𝑝𝑅∗ >𝑝𝐶∗. When 𝑝𝑁∗ − 𝑝𝐷𝐶∗ > 0, we get 7(𝛼𝑁 − 𝛼𝐷𝐶) + (1 − 𝜃)𝑐 +(𝛽𝑁 − 𝛽𝐷𝐶)𝑐𝑏 − 𝑐𝑑 > 0; thus, when 7(𝛼𝑁 − 𝛼𝐷𝐶) + (1 − 𝜃)𝑐 +(𝛽𝑁 − 𝛽𝐷𝐶)𝑐𝑏 − 𝑐𝑑 > 0, 𝑝𝑁∗ > 𝑝𝐷𝐶∗ > 𝑝𝑀∗ > 𝑝𝑅∗ > 𝑝𝐶∗.𝑤DC∗ − 𝑤𝑀∗ = 3𝑇/20; thus, 𝑤DC∗ > 𝑤𝑀∗. 𝑤𝑀∗ − 𝑤𝑅∗ =𝑇/15 > 0; thus, 𝑤𝑀∗ > 𝑤𝑅∗. When, 𝑤𝑁∗ − 𝑤DC∗ > 0, we get3(𝛼𝑁−𝛼DC)+(1−𝜃)𝑐+(𝛽𝑁−𝛽DC)𝑐𝑏−𝑐𝑑 > 0; thus, when 3(𝛼𝑁−𝛼DC)+(1−𝜃)𝑐+(𝛽𝑁−𝛽DC)𝑐𝑏−𝑐𝑑 > 0,𝑤𝑁∗ > 𝑤DC∗ > 𝑤𝑀∗ >𝑤𝑅∗.𝑝DC∗
𝑏 − 𝑝𝑅∗𝑏 = 𝑇/10 > 0; therefore, 𝑝DC∗

𝑏 > 𝑝𝑅∗𝑏 . 𝑝𝑅∗𝑏 −𝑝𝑀∗𝑏 = 𝑇/15 > 0; thus, 𝑝𝑅∗𝑏 > 𝑝𝑀∗𝑏 . When 𝑝𝑁∗𝑏 − 𝑝DC∗
𝑏 > 0,

we get 𝛽DC(𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏) − 𝛽𝑁(𝛼DC − 𝜃𝑐 − 𝑐𝑑 + 𝛽DC𝑐𝑏𝑖 +𝛽DC𝜃𝑐𝑏); thus, when 𝛽DC(𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏) − 𝛽𝑁(𝛼DC − 𝜃𝑐 −𝑐𝑑 + 𝛽DC𝑐𝑏𝑖 + 𝛽DC𝜃𝑐𝑏), 𝑝𝑁∗𝑏 > 𝑝DC∗
𝑏 > 𝑝𝑅∗𝑏 > 𝑝𝑀∗𝑏 . When𝛽DC(𝛼𝑁−𝑐+𝛽𝑁𝑐𝑏)−𝛽𝑁(𝛼DC−𝜃𝑐−𝑐𝑑+𝛽DC𝑐𝑏𝑖+𝛽DC𝜃𝑐𝑏),𝑝𝑁∗𝑏 >𝑝DC∗

𝑏 > 𝑝𝑅∗𝑏 > 𝑝𝑀∗𝑏 . Proposition 6 is confirmed.

Proposition 6 indicates that, in the 𝐶 model, the retail
price is lowest. Due to the demand function (𝑄 = 1 − 𝑝/𝛼),
in the 𝐶model, the market demand is highest; therefore, it is
more conducive for supply chain members to expand sales to
get more revenues. In addition, the optimal wholesale price
is highest in the 𝑁 model. In the 𝑅 model, the retailer has
a stronger bargaining power and greater control ability, the
lower the wholesale price, the higher the benefit space of
the retailer. Finally, the optimal BDI retail price is highest
in the 𝑁 model. In the 𝑅 and𝑀 model, the retailer and the
manufacturer have a stronger bargaining power and greater
control ability; the lower the BDI retail price, the higher the
benefit space of the retailer and the manufacturer.

Proposition 7. Benefits of supply chain members should meet
the following relationships.When√𝛼𝑁(𝛼𝐷𝐶−𝜃𝑐−𝑐𝑑+𝛽𝐷𝐶𝑐𝑏𝑖+𝛽𝐷𝐶𝜃𝑐𝑏) − √𝛼𝐷𝐶(𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏) > 0, 𝜋𝑅∗𝑟 > 𝜋𝑀∗𝑟 > 𝜋𝐷𝐶∗𝑟 >

𝜋𝑁∗𝑟 , 𝜋𝑀∗𝑑 > 𝜋𝑅∗𝑑 > 𝜋𝐷𝐶∗𝑑 > 𝜋𝑁∗𝑑 , and 𝜋𝐶∗ > 𝜋𝑀∗𝑟 + 𝜋𝑀∗𝑑 +𝜋𝑀∗𝑏 > 𝜋𝑅∗𝑟 +𝜋𝑅∗𝑑 +𝜋𝑅∗𝑏 > 𝜋𝐷𝐶∗𝑟 +𝜋𝐷𝐶∗𝑏 +𝜋𝐷𝐶∗𝑑 > 𝜋𝑁∗𝑟 +𝜋𝑁∗𝑏 +𝜋𝑁∗𝑑 . When 4√2𝛼𝑁(𝛼𝑅−𝜃𝑐−𝑐𝑑 +𝛽𝑅𝑐𝑏𝑖 +𝛽𝑅𝜃𝑐𝑏)−5√𝛼𝑅(𝛼𝑁−𝑐 + 𝛽𝑁𝑐𝑏) > 0, 𝜋𝐷𝐶∗𝑏 > 𝜋𝑀∗𝑏 > 𝜋𝑅∗𝑏 > 𝜋𝑁∗𝑏 .

Proof. Based on 𝛼𝑁 < 𝛼DC = 𝛼𝑅 = 𝛼𝑀 = 𝛼𝐶 and 𝛽𝑁 < 𝛽DC =𝛽𝑅 = 𝛽𝑀 = 𝛽𝐶, we get 𝜋𝑅∗𝑟 − 𝜋𝑀∗𝑟 = 𝑇2/25𝛼𝑅 − 𝑇2/36𝛼𝑀 > 0
and 𝜋𝑀∗𝑟 − 𝜋DC∗

𝑟 = 𝑇2/36𝛼𝑀 − 𝑇2/64𝛼DC > 0. When 𝜋DC∗
𝑟 −𝜋𝑁∗𝑟 > 0, we get √𝛼𝑁(𝛼DC − 𝜃𝑐 − 𝑐𝑑 + 𝛽DC𝑐𝑏𝑖 + 𝛽DC𝜃𝑐𝑏) −√𝛼DC(𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏) > 0. Thus, when√𝛼𝑁(𝛼DC − 𝜃𝑐 − 𝑐𝑑 +𝛽DC𝑐𝑏𝑖 + 𝛽DC𝜃𝑐𝑏) − √𝛼DC(𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏) > 0, 𝜋𝑅∗𝑟 > 𝜋𝑀∗𝑟 >𝜋DC∗

𝑟 > 𝜋𝑁∗𝑟 . Similarly, we get 𝜋𝑀∗𝑑 − 𝜋𝑅∗𝑑 = 𝑇2/18𝛼𝑀 − 𝑇2/25𝛼𝑅 > 0 and 𝜋𝑅∗𝑑 − 𝜋DC∗
𝑑 = 𝑇2/25𝛼𝑅 − 𝑇2/32𝛼DC > 0.

When 𝜋DC∗
𝑑 − 𝜋𝑁∗𝑑 > 0, we get√𝛼𝑁(𝛼DC − 𝜃𝑐 − 𝑐𝑑 + 𝛽DC𝑐𝑏𝑖+𝛽DC𝜃𝑐𝑏) − √𝛼DC(𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏) > 0; thus, when√𝛼𝑁(𝛼DC −𝜃𝑐− 𝑐𝑑 +𝛽DC𝑐𝑏𝑖 +𝛽DC𝜃𝑐𝑏) −√𝛼DC(𝛼𝑁 − 𝑐+𝛽𝑁𝑐𝑏) > 0, 𝜋𝑀∗𝑑 >𝜋𝑅∗𝑑 > 𝜋DC∗
𝑑 > 𝜋𝑁∗𝑑 . Meanwhile, we get 𝜋DC∗

𝑏 − 𝜋𝑀∗𝑏 = 𝑇2/16𝛼DC−𝑇2/18𝛼𝑀 > 0 and𝜋𝑀∗𝑏 −𝜋𝑅∗𝑏 = 𝑇2/18𝛼𝑀−𝑇2/25𝛼𝑅 >0. When 𝜋𝑅∗𝑏 − 𝜋𝑁∗𝑏 > 0, we get 4√2𝛼𝑁(𝛼𝑅 − 𝜃𝑐 − 𝑐𝑑 +𝛽𝑅𝑐𝑏𝑖 + 𝛽𝑅𝜃𝑐𝑏) − 5√𝛼𝑅(𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏) > 0. Therefore, when4√2𝛼𝑁(𝛼𝑅−𝜃𝑐−𝑐𝑑+𝛽𝑅𝑐𝑏𝑖+𝛽𝑅𝜃𝑐𝑏)−5√𝛼𝑅(𝛼𝑁−𝑐+𝛽𝑁𝑐𝑏) > 0,𝜋DC∗
𝑏 > 𝜋𝑀∗𝑏 > 𝜋𝑅∗𝑏 > 𝜋𝑁∗𝑏 . In addition, 𝜋𝑀∗𝑟 + 𝜋𝑀∗𝑑 + 𝜋𝑀∗𝑏 =5𝑇2/36𝛼𝑀, 𝜋𝑅∗𝑟 +𝜋𝑅∗𝑑 +𝜋𝑅∗𝑏 = 3𝑇2/25𝛼𝑅, and 𝜋DC∗

𝑟 +𝜋DC∗
𝑏 +𝜋DC∗

𝑑 = 7𝑇2/64𝛼DC, 𝜋𝑁∗𝑟 + 𝜋𝑁∗𝑏 + 𝜋𝑁∗𝑑 = 7(𝛼𝑁 − 𝑐 − 𝛽𝑁𝑐𝑏)2/64𝛼𝑁; by comparing, we get that when √𝛼𝑁(𝛼DC − 𝜃𝑐 −𝑐𝑑 + 𝛽DC𝑐𝑏𝑖 + 𝛽DC𝜃𝑐𝑏) − √𝛼DC(𝛼𝑁 − 𝑐 + 𝛽𝑁𝑐𝑏) > 0, 𝜋𝐶∗ >𝜋𝑀∗𝑟 +𝜋𝑀∗𝑑 +𝜋𝑀∗𝑏 > 𝜋𝑅∗𝑟 +𝜋𝑅∗𝑑 +𝜋𝑅∗𝑏 > 𝜋DC∗
𝑟 +𝜋DC∗

𝑏 +𝜋DC∗
𝑑 >𝜋𝑁∗𝑟 + 𝜋𝑁∗𝑏 + 𝜋𝑁∗𝑑 . Thus, Proposition 7 is proved.

Proposition 7 indicates that the retailer’s benefit in the 𝑅
model is highest in the models of DC, 𝑅, 𝑁, and 𝑀. The
manufacturer’s revenue in the 𝑀 model is highest in the
models of DC, 𝑅,𝑁, and𝑀. Benefit of the Data Company in
the DC model is highest in the models of DC, 𝑁, 𝑅, and𝑀.
These demonstrate that the first mover has more advantages
in the process of game. Namely, if supply chainmembers who
want to gain more benefits should become the first mover, to
the entire supply chain, the benefit of the entire supply chain
in the𝐶model is highest among the fourmodels. However, in
the decentralized decision supply chain, the benefit of supply
chain in the𝑀 model is highest in the three models. When
we only consider the manufacturer and the retailer, we can
find if one supply chain member is the game leader and has
applied Big Data plan to obtain more benefits; benefits of the
entire supply chain will be higher.

5. Numerical Simulation

In this chapter, a numerical example will be presented to
show the results’ effectiveness. In reality, the value of 𝜃 is
difficult to measure, and it is related to the costs improved
by using BDI. Based on our survey in many companies who
have applied Big Data plan, they say that their benefits do
increase after using Big Data. Moreover, based on what is
below analyzed, we can get that, as long as the application of
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Figure 2: Effects of 𝑐𝑑 on pricing strategies of supply chainmembers.

Big Data is effective in reducing production costs, benefits of
supply chain members will increase.

According to document [39] and the range of 𝜃, we set𝜃 = 0.65. Based on our actual survey in a book publishing
company (this company designs and makes books based on
consumer BDI and it gains the related consumer BDI from
a Data Company) from Chongqing, China, we choose a best
seller as the test subject and its retailer price is 25. According
to formula (1), 𝛼𝑘 should be bigger than 25; thus, based on
Section 3.2.2, without losing generality, we set 𝛼𝑁 = 40 <𝛼DC = 𝛼𝑅 = 𝛼𝑀 = 𝛼𝐶 = 50. Based on our actual survey, we
set 𝑐 = 5 and 𝑐𝑏 = 1. According to the range of 𝛽𝑘 and
Section 3.2.2, without losing generality, we set 𝛽𝑁 = 0.7 <𝛽DC = 𝛽𝑅 = 𝛽𝑀 = 𝛽𝐶 = 0.9. According to formulas (8), (13),
and (19), 𝑐𝑏𝑖+𝑐𝑑 < 4.61.Without losing generality, let 𝑐𝑏𝑖 = 0.1.

Effects of the internal BDI investment cost of the man-
ufacturer (𝑐𝑑) on the pricing strategies of supply chain
members in the five models are shown in Figure 2. From
Figure 2, we can get that, with the increase of the internal
BDI investment cost of the manufacturer (𝑐𝑑), the optimal
retail price of the Data Company in models of DC, 𝑅, and𝑀 will decrease, and the optimal wholesale price in models
of DC, 𝑅, and 𝑀 will grow, and the optimal product retail
price in models of DC, 𝑅,𝑀, and 𝐶 will increase. However,
the prices of supply chainmembers in the𝑁modelwill not be
influenced by 𝑐𝑑. According to Figure 2, we can also get that
the optimal retail price of theDataCompany in theDCmodel
is higher than it is in the𝑅model, and in the𝑅model is higher
than it is in the 𝑀 model. The optimal product retail price
in the 𝐶 model is smallest in the four models. The optimal
wholesale price in the 𝑀 model is higher than it is in the𝑅 model and lower than it is in the DC model. When the
value of 𝑐𝑑 is low, 𝑈1, 𝑈2, and 𝑈3, the BDI retail price, the
product retail price, and the wholesale price in the 𝑁 model
are highest among the five models, respectively. Thus, (2) in
Proposition 1, (2) in Proposition 2, (2) in Proposition 3, and
Proposition 5 are confirmed.

Effects of the internal BDI investment cost of the man-
ufacturer (𝑐𝑑) on the benefits of supply chain members in
models of DC, 𝑁, 𝑅, and 𝑀 are shown in Figure 3. From
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Figure 3: Effects of 𝑐𝑑 on benefits of supply chain members.

Figure 3, we can get that, with the increase of 𝑐𝑑, the benefits
of supply chain members in models of DC, 𝑅, and 𝑀 will
decrease. However, the benefits of supply chain members in
the 𝑁 model will not be influenced by 𝑐𝑑. In addition, the
optimal benefits of the retailer in the 𝑅 model is highest
among the three models, and the optimal revenues of the
manufacturer in the 𝑀 model are highest among the three
models, and the optimal profits of the Data Company in the
DCmodel are highest in the three models. It indicates who is
the game leader and who will gain more benefits. In addition,
in the 𝑀 model, benefits of the Data Company and the
manufacturer are the same. In the 𝑅 model, revenues of the
manufacturer and the retailer are the same. When the value
of 𝑐𝑑 is low, 𝐼2, benefits of supply chain members in the 𝑁
model are lowest among the fivemodels.Moreover, inmodels
of DC, 𝑅, and𝑀, revenues of the manufacturer and the Data
Company are higher than benefits of the retailer. It proves the
rule “who will gain benefit from his/her investment” [32].

Effects of 𝑐𝑏𝑖 on the pricing strategies of supply chain
members in models of DC, 𝑁, 𝑅, 𝑀, and 𝐶 are shown in
Figure 4. From Figure 4, we can get that, when 𝑐𝑏𝑖 < 𝐺,
with the increase of 𝑐𝑏𝑖, the optimal retail price of the Data
Company, the optimal product retail price, and the optimal
wholesale price will grow. However, the prices of supply
chain members in the𝑁model will not be influenced by 𝑐𝑏𝑖.
According to Figure 4, we can also get that the optimal retail
price of theData Company in theDCmodel is highest among
the four models. The optimal product retail price in the 𝐶
model is smallest among the four models. When the value of𝑐𝑏𝑖 is low 𝐿2, prices of supply chain members in the𝑁model
are highest among the five models. The optimal wholesale
price in the𝑀 model is higher than it is in the 𝑅 model and
lower than it is in the DC model. Thus, (1) in Proposition 1,
(1) in Proposition 2, and (1) in Proposition 3 are confirmed.

Effects of 𝑐𝑏𝑖 on benefits of supply chain members in the
models of DC, 𝑁, 𝑅, and 𝑀 are shown in Figure 5. From
Figure 5, we can get that, with the increase of 𝑐𝑏𝑖, the benefits
of supply chain members in models of DC, 𝑅, and 𝑀 will
decrease. However, the benefits of supply chain members
in the 𝑁 model will not be influenced by 𝑐𝑏𝑖. In addition,
the optimal benefit of the retailer in the 𝑅 model is highest
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Figure 5: Effects of 𝑐𝑏𝑖 on the benefits of supply chain members.

among the three models, and the optimal revenues of the
manufacturer in the 𝑀 model are highest among the three
models, and the optimal profits of the Data Company in the
DCmodel are highest in the threemodels. It indicateswho are
the game leader and who will gain more benefits. In addition,
in the 𝑅 model, the optimal benefits of the retailer and the
manufacturer are the same. In the𝑀 model, benefits of the
DataCompany and themanufacturer are the same.Moreover,
in models of DC, 𝑅, and 𝑀, revenues of the manufacturer
and theData Company are higher than benefits of the retailer.
When the value of 𝑐𝑏𝑖 can be low, 𝐼4, benefits of supply chain
members in the𝑁model are lowest among the five models.

Effects of the industry cost improvement coefficient (𝜃)
on the pricing strategies of supply chain members in models
of DC, 𝑅, 𝑁, and 𝑀 are shown in Figure 6. However, the
prices of supply chain members in the 𝑁 model will not be
influenced by 𝜃. From Figure 6, we can get that, with the
increase of 𝜃, the optimal retail price of the Data Company
in the three models will decrease, and the optimal wholesale
price and the optimal product retail price in the three models
will grow. According to Figure 6, we can also get that the
optimal retail price of the Data Company in the DCmodel is
highest among the three models. The optimal product retail

price in the 𝑅model is smallest among the three models. The
optimal wholesale price in the𝑀model is higher than it is in
the 𝑅 model and lower than it is in the DC model. Prices of
supply chain members in the𝑁model are highest among the
five models, when 𝜃 is in its range. Thus, (3) in Proposition 1,
(3) in Proposition 2, and (3) in Proposition 3 are confirmed.

Effects of the industry cost improvement coefficient (𝜃)
on benefits of supply chain members in models of DC, 𝑅,𝑁,
and𝑀 are shown in Figure 7. From Figure 7, we can get that,
with the increase of 𝜃, benefits of supply chainmembers in the
three models will decrease. However, the benefits of supply
chain members in the 𝑁 model will not be influenced by 𝜃.
In addition, the optimal benefits of the retailer in the𝑅model
are highest in the three models, and the optimal revenues of
the manufacturer in the𝑀model is highest among the three
models, and the optimal profits of the Data Company in the
DCmodel are highest in the threemodels. It indicateswho are
the game leader and who will gain more benefits. In addition,
in the 𝑅 model, the optimal benefits of the retailer and the
manufacturer are the same. In the𝑀 model, benefits of the
DataCompany and themanufacturer are the same.Moreover,
in models of DC, 𝑅, and 𝑀, revenues of the manufacturer
and theData Company are higher than benefits of the retailer.
When the value of 𝜃 can be low, 𝐾1, benefits of supply chain
members in the𝑁model are lowest among the five models.

Effects of 𝜃, 𝑐𝑏𝑖, and 𝑐𝑑 on benefits of the entire supply
chain in the proposed five models are shown in Figure 8.
From Figure 8, we can get that, with the growth of 𝜃, 𝑐𝑏𝑖, and𝑐𝑑, benefits of the entire supply chain will reduce excepting
it in the𝑁model. Moreover, in the centralized supply chain,
benefit of supply chain is highest. When we only consider the
decentralized supply chain, benefit of supply chain in the𝑀
model is highest. These demonstrate that, in the centralized
game situation, supply chain can get more benefits; thus,
decision-makers should try their best to coordinate members
in the supply chain. If decision-makers cannot coordinate
other members well, manufacturer as the game leader will
be good to other supply chain members. Moreover, when the
values of 𝜃, 𝑐𝑏𝑖, and 𝑐𝑑 are low, 𝐽1, 𝐽2, and 𝐽3, respectively,
benefits of supply chain in the 𝑁 model are lowest. In
summary, based on Figures 7 and 8, Proposition 7 is proved.

Based on the above analyses, we can also get that if the
manufacturer has the ability to collect, store, and deal with
Big Data, when these costs face a certain range, it should be
good for the manufacturer to own the Big Data.

6. Conclusions and Significance

6.1. Conclusions. In the Big Data era, Data Company as a
provider of BDI is playing an increasingly important role in a
supply chain. Many companies start to gain related BDI from
it. However, getting BDI from a Data Company will increase
companies’ extra money; meanwhile, getting the accurate
and timely consumer preference BDI will also add the Data
Company’s extra money to improving new data analysis
technology and equipment. In this process, the previous
pricing rules are not suitable in the new environment; thus,
finding the pricing rules in the new environment is important
for supply chainmembers. However, Data Company as a vital
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Figure 7: Effects of 𝜃 on benefits of supply chain members.

role in a supply chain is seldom considered in researching
pricing rules in previous researches. Therefore, in this study,
a supply chain with one manufacturer, one retailer, and one
Data Company is chosen. Then, four benefit models are con-
structed. By analyzing the above models, we get some results.

(1) The industry cost improvement coefficient (𝜃), the
internal BDI investment cost of the manufacturer (𝑐𝑑), and
the added cost of the Data Company on using Big Data
technology (𝑐𝑏𝑖) have a positive relationship with the optimal
wholesale price and the optimal product retail price inmodels
of DC, 𝑅, and𝑀.

Namely, in the decentralized supply chain, no matter
who is the game leader, and the fact that manufacturer and
Data Company invest and use Big Data will make product’s
wholesale price and retail price increase. For manufacturer,
it should try its best to reduce BDI investment cost (this
is related to the negotiation level of manufacturer) and
extract the value of BDI to face consumer demand.Then, the
wholesale price and the product retail price may reduce.

(2) The added cost of the Data Company on using Big
Data technology (𝑐𝑏𝑖) has a positive relationshipwith the opti-
mal retail price of the Data Company, and the industry cost
improvement coefficient (𝜃) and the internal BDI investment

cost of the manufacturer (𝑐𝑑) has a negative relationship with
the optimal retail price of the Data Company.

In other words, no matter who is the game leader,
investing and using new data analysis technology will add to
the retail price of Data Company. If the manufacturer wants
to get a lower consumer BDI price, it should invest and use
its internal BDI and try its best to extract the value of BDI to
reduce its production costs and face consumer demand.

(3) In the 𝐶 model, the optimal product retail price is
smallest among the four models.The optimal wholesale price
in the𝑀model is higher than it is in the 𝑅model and lower
than it is in theDCmodel. In theDCmodel, the optimal retail
price of the Data Company is biggest in the three models.

Namely, in the 𝐶 model, the decision-maker can set a
lower retail price to gain more benefits. If the manufacturer
wants to gain more benefits, it should master the initiative in
the game process and set a high wholesale price. Similarly, if
the Data Company wants to get more revenues, it should also
master the initiative in the game process and set a high retail
price.

(4) The industry cost improvement coefficient (𝜃), the
internal BDI investment cost of the manufacturer (𝑐𝑑), and
the added cost of the Data Company on using Big Data
technology (𝑐𝑏𝑖) have a negative relationship with the benefits
of supply chain members in models of DC, 𝑅, and 𝑀. In
addition, in the 𝑅 model, the optimal benefits of the retailer
and the manufacturer are the same, and, in the 𝑀 model,
benefits of the Data Company and the manufacturer are the
same. The optimal benefits of the Data Company are biggest
among the three members in models of DC, 𝑅, and𝑀.

In other words, if supply chainmembers want to get more
benefits, the manufacturer should try its best to reduce its
internal BDI acquisition costs and the Data Company should
also try its best to reduce its Big Data investment. Meanwhile,
BDI users should try their best to extract BDI value to make
consumer needed product as much as possible.

(5) With the growth of the consumer preference infor-
mation conversion coefficient 𝛽𝑘, the wholesale price, the
product retail price, and the retail price of Data Companywill
increase, and benefits of supply chain members will reduce.
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Figure 8: Effects of 𝜃, 𝑐𝑏𝑖, and 𝑐𝑑 on benefits of the entire supply chain.

Namely, if supply chain members want to gain best
benefits, the consumer preference information conversion
coefficient 𝛽𝑘 should be reduced. If 𝛽𝑘 can equal 1 (i.e., = 𝑄),
all the information purchased by the manufacturer can be
used fully and supply chain members can gain an optimal
revenues. It illustrated that the application ability of BDI is
important for users, and they should try their best to extract
the value of BDI and use it to make consumer demand
products.

6.2. Significance. This study has some new contributions.
Theoretically, pricing strategies of supply chain in the Big
Data environment were studied considering the Data Com-
pany, and four benefit models were proposed. The optimal
pricing strategies and benefits in the four models were
compared. This research is a new development of pricing
strategies theory of supply chain in the BigData environment.
It offers a theoretical guidance for Data Company, retailer,
and manufacturer for setting their optimal prices to gain
more benefits.

7. Limitations and Future Research

7.1. Limitations. This paper only studies a three-stage supply
chain system with one manufacturer, one Data Company,
and one retailer. In fact, a supply chain system is very
complex; there are double channel and multichannel supply
chains. Moreover, in a supply chain system, it contains
supplier, manufacturer, retailer, and third-party logistics;
however, in this paper, only the relationships among man-
ufacturer, Data Company, and retailer are discussed. In
addition, supply chain members are assumed to be risk-
neutral.

7.2. Future Research. In the future, the pricing policies of a
supply chain should be studied with a multichannel supply
chain or a multistage supply chain in the Big Data envi-
ronment. In addition, next, a three-stage supply chain with
members having risk appetite should be discussed. We can
also explore the related questions in different competitive
environments.
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Variables and Parameters

𝑝𝑘: It is the product retail price in different models.
Here, 𝑘 = {𝑁,DC, 𝑅,𝑀, 𝐶}.𝑁model stands for
the condition of no supply chain members
investing in Big Data. DC model stands for
Data Company-dominated supply chain model.𝑅model presents retailer-dominated supply
chain model.𝑀model stands for
manufacturer-dominated supply chain model.𝐶model presents the centralized model.𝑝𝑘𝑏 : It shows the BDI or information retail price in
different models.𝛼𝑘: It is the value discount factor and is influenced
by the precision of consumer preference
information.𝑐𝑏: It expresses the information production cost of
the Data Company.𝑐𝑏𝑖: It is the added costs of the Data Company
because of gaining Big Data and using Big Data
technology to gain BDI.𝑐: It stands for the product production cost of the
manufacturer.𝑐𝑑: It represents the internal BDI cost of the
manufacturer.𝑤𝑘: It is the wholesale price of the product in
different models.𝜃: It expresses “the industry cost improvement
coefficient. By analyzing the internal and
external BDI of a company and using it in
company can help reduce the company’s cost”
[32]. Here, 𝜃 ∈ [0, 1]Then, 𝑐 and 𝑐𝑏 can be
improved to 𝜃𝑐 and 𝜃𝑐𝑏𝜋𝑘𝑏 : It represents benefits of Data Company in
different models.𝜋𝑘𝑟 : It stands for revenues of the retailer in different
models.𝜋𝑘𝑑: It is benefits of the manufacturer in different
models.

V: It stands for the perceived value of consumer
on product; here, V ∈ [0, 1]𝑄𝑘: It expresses the actual market demand in
different models.𝐷𝑘: It stands for the total number of consumer
information the manufacturer brought from
Data Company in different models.𝛽𝑘: It shows the consumer preference information
conversion coefficient in different models; here,𝛽𝑘 ≥ 1.
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