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Abstract
Data-driven innovation enables firms to design products that are more responsive to market
needs, which greatly reduces the risk of innovation. Customer data in the same supply chain
has certain commonality, but data separation makes it difficult to maximize data value. The
selection of an appropriate mode for cooperation innovation should be based on the particu-
lar big data analytics capability of the firms. This paper focuses on the influence of big data
analytics capability on the choice of cooperation mode, and the influence of their match-
ing relationship on cooperation performance. Specifically, using game-theoretic models, we
discuss two cooperation modes, data analytics is implemented individually (i.e., loose coop-
eration) by either firm, or jointly (tight cooperation) by both firms, and further discuss the
addition of coordination contracts under the loose mode. Several important conclusions are
obtained. Firstly, both firms’ big data capability have positive effects on the selection of tight
cooperation mode. Secondly, with the improvement of big data capability, the firms’ inno-
vative performance gaps between loose and tight mode will increase significantly. Finally,
when the capability meet certain condition, the cost subsidy contract can alleviate the gap
between the two cooperative models.
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1 Introduction

Big data are increasingly driving the changes of decision-making in firms (Brynjolfsson
& McElheran, 2016; Fosso Wamba et al., 2018). In the big data environment, management
decision-making problems expand from the internal domain to the cross-domain environment
and the supplement of cross-domain information makes the measurement of decision factors
more complete and reliable, thus improving the accuracy of management decision-making
(Davenport et al., 2012;McAfee&Brynjolfsson, 2012). Big data is a complex data set, which
needs to realize value through multiple dynamic processes such as data identification, collec-
tion, storage and analysis (Lin & Kunnathur, 2019). In these processes, big data analysis is
considered to be the most critical link in transforming general knowledge in data into specific
knowledge (Xu et al., 2016, Wamba et al., 2017a). By using big data analysis technology,
firms can acquire specific knowledge resources needed for product innovation more quickly
(Ferraris et al., 2019) to transform business into competitive advantages and help improve
business performance (Côrte-Real et al., 2017). Compared with firms lagging behind in big
data analytics capability, leading firms can capture product development direction in tur-
bulent environment, acquire technical knowledge, develop new products and successfully
achieve product innovation (Lin & Kunnathur, 2019). All these information indicate that big
data analytics capability have been widely considered a key competitive advantage of mar-
keting and innovation (Feng & Shanthikumar, 2018), also have a positive interaction effect
on market performance (Dong & Yang, 2020).

As the amount of data of explosive growth, big data may require a large scale of data
centers with huge computing power and resources, which give rise to more consumptions of
resources, increasing firm financial pressures (Wu et al., 2016). The effectiveness of decision-
making are only as good as the data on which they are based (Hazen et al., 2014). The mature
application of big data technologymakes it possible for firms to take advantage of consumers’
data resources (Bendle & Wang, 2016). Consumers do not need expertise or initiative to
generate big data automatically through online behavior that can add value to firms (Xie
et al., 2016). Although big data technology improves the degree of digitization of consumer
behavior and makes the data generated by it highly accessible and of high commercial value
(Erevelles et al., 2016), firms will lose their advantages due to the huge burden in analyzing
massive and complicated consumer data (Gruner et al., 2014, Menguc et al., 2014). Data
collection and the IT that enables data mining need to focus on data validity and analysis
techniques are used (Hazen et al., 2018).

Therefore, some of firms begin to seek external resources. One common method is to
outsource big data project, for buying related big data information from the related Data
Company (Liu & Yi, 2018a). Purchasing customer information is only applicable to a single
project,which is not conducive tofirms tobuild their owndata competitive advantage.Another
ways is invest in cloud-based big data analytics (Liu et al., 2020a). Cloud-based tools that
are low cost with access to sources of consumer data such as social media or other internet
retailers, which will help firms overcome some of the main barriers in undertaking new
technologies. Due to the different roles of firms in the supply chain, upstream and downstream
obtain the data value advantage from different sources, which leads to the different innovation
resource. Therefore, it is a feasible and effective big data strategy for firms, especially SMEs,
to build cloud-based big data analytics capability and cooperate with supply chain members.

From the perspective of enterprise practice, innovation cooperation based on big data have
two modes, separately or in combination. In a loose cooperation, firms can share their data
or knowledge but take big data activities independently. In a tight cooperation, firms jointly
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establish the big data center, and can perfectly share the outcomes. Tight type focus on co-
creation, participants usually invest capital and human resources in a certain proportion to
joint establish the data center where data property rights are shared, benefits are shared and
risks are shared, so as to maximize data value. Generally, firms are less likely to choose a
joint mode when knowledge bases are very different (Sampson, 2004). Loose mode focus
on collaboration, based on transaction contract, participants formulate contracts to clearly
define the division of tasks and the distribution of benefits between the two parties. The
negotiation process is more clear and targeted, and the communication mechanism is easier
to establish. Compared with the tight mode, firms in the loose relationship still conduct data
analysis within the boundaries of their respective organizations, so the degree of interaction
between firms is lower than that in the tight mode, and the relationship of data property rights
is simpler. Loosemode provides firmswith higher flexibility, tight mode provides with higher
data analysis performance.

Customer data in the same supply chain has certain commonality, but the data format,
data storage and other data problems make it difficult for firms to directly share data or
technology (Ali et al., 2017). Although combination data from various data sources is the
major driver for generating additional value, synthesized data have a greater value than the
sum of their individual parts (Shollo & Galliers, 2016). Data separation makes it difficult
to maximize data value. How to excavate the information of target groups effectively is an
important problem to be solved in cooperative innovation of supply chain. In addition, big
data analytics capabilities positively influence co-innovation process outcomes (Lozada et al.,
2019), also empower participates’ collaboration in cooperation innovation, facilitating the
creation knowledge (Lozada et al., 2019). In this sense, the big data analytics capability and
its matching degree with the partners determine the performance of cooperation innovation.

Under the above conditions, firms need to selecting appropriate mode to balance the rela-
tionships between the costs spending on big data and the revenues getting from innovation
cooperation. Firms involved in innovation cooperation are more concerned with their indi-
vidual profits than the channel profits (Ge et al., 2014). For this reason, this paper studies
the decision-making of cooperative innovation in supply chain from the perspective of big
data analytics capability, and mainly solves three questions: (1) How will the change of big
data analytics capability affect firms’ choice of cooperative mode? (2) How does a firm’s
investment in big data analytics capability affect partner cooperation decisions? (3) How
will the matching of big data analytics capability and cooperative mode affect innovation
performance? Based on a game model with two stages, we study a supply chain with one
manufacturer and one retailer and focus on firms’ cooperative behavior considering big data
analytics capability.

2 Literature review

2.1 Big data with innovation

Big data has received considerable attention from academics and practitioners in recent
years (Gandomi & Haider, 2015). Many researchers point out that big data makes significant
influence on the firm’s innovation (Babu et al., 2021; Fosso Wamba & Akter, 2019; Li et al.,
2018). Data-driven innovation is regarded as an emerging approach to enhance innovation by
acquiring, analyzing and acting upon consumer data (Babu et al., 2021). In the data-driven
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supply chain, data as driving forces and raw materials are getting more and more attentions
(Liu & Yi, 2018b).

From the perspective of enterprise operation, Big Data has made a posi-
tive contribution for firm to manage the new dynamics trends of consumers as
well as an analyses of business survival. For example, Gap sends the appro-
priate localized information in real-time to particular consumers based on the
physical location (The Gap Inc., 2019, https://www.gapinc.com/en-us/articles/2019/09/
banana-republic-and-athleta-launch-buyonline,-pic, https://www.gapinc.com/en-us/articles/
2019/11/%E2%80%98tis-the-season-for-breakoutholiday-campaigns, https://www.gapinc.
com/en-us/articles/2019/12/how-gap-inc-brands-bring-holiday-cheeraround-the-). Google
to deliver targeted advertising (Davenport & Patil, 2012), Bridgestone America uses sup-
ply chain data to alert customers to repair stores in a timely manner (Ransbotham et al.,
2017). Leveraging open media data can help firms to quickly find new market opportunities,
by taking the search log data as an important data source to mine the competitiveness and
intensity of the company’s products; firms can identify the competitive brands that reflect the
intention and cognition of consumers in the market (Wei et al., 2016). In terms of consumer
identification and environmental factors of big data, relevant researches based on personalized
recommendation improve the accuracy of recommendation and innovate the business recom-
mendation mode by integrating more consumer behavior information (He & Liu, 2017; He
et al., 2019). Based onmarket oriented and technology oriented, the retailers can develop cus-
tomer analytics capability from crucial themes of marketing, such as value creation (offering
capability and personalization capability), value delivery (distribution capability and commu-
nication capability), and value management (data management capability and data protection
capability), to engage customers and enhance customer equity (Hossain et al., 2020). From
the perspective of enterprises coping with the external environment, Big Data can help iden-
tify risks along the supply chain (Belhadi et al., 2021). The improvement of IT capability
such as big data analytics could help the SMEs to improve their R&D activities and their
supply chain system in an unfavourable situation, i.e. post COVID-19 scenario (Chatterjee
et al., 2022). These show that Big Data is a kind of the digital innovation technologies that
can provide better support for firms in these complex environment (Piccarozzi & Aquilani,
2022).

When firms consider big data technologies to accelerate innovation, it is important to
intentionally integrate big data into their business and organizational structures to adapt it
to the values and needs that emerge from time to time, rather than focusing on the tech-
nologies themselves. On the one hand, data refinement has great importance in utilizing the
advantages of big data to produce results that include successful innovation (Boiten, 2016).
Big data characteristics (data veracity, data velocity, and data variety) have positive impacts
on enhancing data-driven insight generation, which consequently impacts firm innovation
competency (i.e., exploitation competency and exploration competency), while data volume
does not significantly impact (Ghasemaghaei & Calic, 2019). In the process of Data-driven
innovation, sources of algorithmic bias (data bias, method bias and societal bias) can produce
detrimental impacts on the outcomes of the data products, which may result in unjust and
unfair outcomes, so the decision making autonomy of both humans and machines should
both be augmented (Akter et al., 2021). On the other hand, Understanding the effect of data
analytics on innovation and how organizational practices may moderate these relationships
are especially important (Lynn Wu, 2020). The value created by big data is reflected in the
effective transformation of data information into knowledge in the feature database. Com-
pared with the process of big data identification, collection and storage, big data analytics can
better reflect the technical tool and resource transformation process of big data generating
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value (Akter et al., 2016; Pigni et al., 2016). Therefore, researchers began to use big data
analytics capability to indicate the proficiency of firms in using big data to achieve goals
and acquire new knowledge (Gupta & George, 2016a). Big data analytics capabilities can
lead to enhanced incremental and radical innovation capabilities by affecting the underly-
ing processes of a firm’s dynamic capabilities, both the technical and managerial skills are
core elements for firms to realize big data success (Patrick Mikalef et al., 2019). In terms of
data-driven innovation capability, market orientation capability and innovation talent capa-
bility are the two most significant capabilities, followed by infrastructure capability, which
means that firms should consider these three key aspects in the innovation process to ensure
the whole system performs effectively (Sultana et al., 2022). Among them, talent capability
is regarded as a significant distinguishing factor of data-oriented innovation capability, and
firms must retain the unique resources (i.e., data, technology) to build unique competen-
cies for innovation (Sultana et al., 2022b). In a data-rich environment, firms can improve
marketing analytics capability with the adoption of artificial intelligence, which can helps to
sense the market, identify market changes and understand customers’ expectations, enhances
the holistic marketing decision-making, thus improves firms’ competitive marketing perfor-
mance (Rahman et al., 2021). Likewise, service firms enrich their marketing information
system management capability could improve their service innovation processes and guide
service managers toward innovations that are more in accordance with merging consumer
needs (Rahman et al., 2020). In addition, big data analytics capability have a positive effects
on business model innovation, including direct impact and indirectly by stimulating firms to
proactively take innovative and risky decisions (Ciampi et al., 2021).

2.2 Big data analytics capability

Based on this significant influence, some scholars paid attention to the management and
incorporation of big data into innovation, known as big data analytics capability (Lynn Wu,
2020).

The big data analytics capability refers to the ability to gain strategic and operational
insights from big data (Akter et al., 2016), that is, the continuous use and deployment of
big data resources with the strategic goal of creating value and developing a competitive
advantage for the firm (Gupta & George, 2016b, Wamba et al., 2017a). Being enabled by the
big data capabilities, firms strive to identify an appropriate and competitive data product to
be developed (Sultana et al., 2021).

In general terms, the contribution of big data technology to performance depends on the
ability of big data analysis (Yasmin et al., 2020). The important purpose of big data analytics
capability is to extract the knowledge that can serve the enterprise product innovation, mar-
ket demand and gain competitive advantage from the massive and complicated data (Mikalef
et al., 2019), which places more emphasis on the data basis for specific knowledge (Xu et al.,
2016). Existing studies have analyzed the internal mechanism of big data analytics capability
mainly from the resource-based perspective (Yang & Zhou, 2015). Big data analytics capa-
bility includes tangible resources and intangible resources. Tangible resources refer to basic
resources, technology and data, this requires the firms undertake the necessary investments to
advance big data initiatives (Wamba et al., 2017b). Efficient data management requires ade-
quate infrastructure (George et al., 2016), which requires a large initial investment. Intangible
resources are indicators to human skills, drive culture and organizational learning, which is
often also referred to as knowledge based capital (Chen et al., 2016a, b). Firms cope with
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the uncertainty of product innovation activities by continuously acquiring, creating and inte-
grating knowledge to expand knowledge base (Antonelli & Fassio, 2016). New products,
services and processes of different forms are generated through the process of knowledge
fusion (Ferraris et al., 2019). There is a complementarity effects between investments in tan-
gible and intangible capital (Corrado et al., 2017). In order to improve the big data analytics
capability, firms need to coordinate the input of the two resources to achieve the optimal
investment returns.

However, analyzing so large and complex data is a huge challenge for most firms. It is
difficult for the IT department of the traditional enterprise to use Big Data well because of the
“volume” nature of Big Data (Liu et al., 2020). The main challenge related to the use of Big
Data, specifically the skills for handling it, has been identified as being of particular concern,
as not only are the skills difficult to find but they are, most importantly, expensive to acquire
(Del Vecchio et al., 2018). Considering Big Data as an important approach to help firms to
maximize their innovation, efficiency (Babu et al., 2021), it is important to seek external
cooperation to improve their big data capabilities as well as contribute to their success in
promoting collaborative innovation.

2.3 Data collaboration

Generally speaking, innovation cooperation have two differentmodes: share resource through
contract to coordinate their decisions; jointly venture which two firms perfectly share knowl-
edge considered useful to innovation (Ge et al., 2014). The problem of data-based cooperative
innovation can also refer to this two modes. According to data problem, the majority of the
related studies has focused on data sharing or information sharing. Supply chainmanagement
research has long recognized the importance of information sharing between multiple parties
(Ghoshal et al., 2020; Stefansson, 2002).

There are several studies from different perspectives. From the perspective of cooperative
performance, many researches focus on shared incentives. For example, (Chu et al., 2017)
discusses the incentive for information sharing for manufacturers to make simultaneous
decisions on capacity and wholesale prices. (Ha et al., 2017) analyzed the incentive problem
of vertical information sharing for retailers when manufacturers have cost saving efforts.
(Taylor & Xiao, 2009) compared the incentive effects of sales rebate and residual compensa-
tion contracts on retailers’ information acquisition behavior Based on the fixed information
acquisition cost. (Tang&Girotra, 2017) studies how suppliers use advance purchase discount
contract tomotivate retailers’ demand information acquisition and sharing behavior. From the
perspective of data value, many studies focus on the behavior of information acquisition. Shin
and Tunca (2010) provides a coordination contract based on market value index for retailers’
information investment considering the convexity information acquisition cost in the case of
competition among retailers. Guo (2009) studies the impact of information investment and
sharing on supply chain performance under the condition of information acquisition costs in
two constant states. Chen et al. (2016a, b) studies the contract mechanism of coordinating
information investment and sales efforts of retailers simultaneously under the consideration
of convexity information acquisition cost. From the perspective of data investment, Liu and
Yi (2018c) compared the investment decision and coordination of supply chain on BDI in
the case of information symmetry and asymmetry, and adopted the revenue sharing contract
to coordinate supply chain. Considering the rise and rapid growth of Data Company, they
discussed the investment decision-making problems in a three-stage supply chain with taking
Data Company as a member (Liu and Yi, 2018a). These studies all focus on coordination in a
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single mode of cooperation, this paper will discuss the cooperation of supply chain members
under different cooperation mode.

2.4 Cooperative innovation in supply chain

Cooperative innovation is a form of contractual to obtain external resources for joint R&D
(Fusfeld & Haklisch, 1985), to achieve tacit knowledge transfer between firms; reduce inno-
vation costs and avoid innovation risks (Williams, 2005). The research content of supply chain
cooperative innovation mainly focuses on cooperative innovation mechanism, cooperative
performance and influence factors.

In terms of influencing factors of supply chain cooperative innovation, Hsueh et al., (2010)
found that the participation of other cooperative organizationswould have a significant impact
on innovation performance, and innovation performance would become higher with stronger
network embeddedness. Trigo andVence (2012) shows that innovation level is positively cor-
related with cooperation level through empirical research, and cooperation can also promote
enterprise innovation level. Wu (2014) believes that with the fierce competition, more and
more enterprises take the initiative to cooperate with other organizations, even competitors,
to form an innovation network system. Skippari et al. (2017) studies the factors of cognitive
barriers that supply chain members will face in the process of cooperative innovation, and
puts forward that the generation of cooperative innovation will be affected by the different
views of the relationship between supply chain members.

In terms of the innovation performance of supply chain cooperation, Bellantuono et al.
(2009) analyzed the profit distribution problem of the two-level supply chain cooperation and
found that the retailer’s profit when cooperating with suppliers was greater than when acting
alone. Bai and Sarkis (2016) studies different developments of suppliers, and the results show
that cooperative and non-cooperative decisions between manufacturers and suppliers have a
direct impact on supplier investment. Hu et al. (2016) believes that the internal and external
integration of the supply chain can promote the exploration and development of innovative
knowledge, and the supply chain thus obtains complementary resources and technologies,
which improves its competitive advantages and drives the research and development of new
products. Friedl and Wagner (2016) designed a contract model of supply chain innovation
composed of suppliers and manufacturers, and found that the optimal value of supply chain
can be obtained when cooperation stimulates supplier innovation.

In terms of cooperation mechanism, it is usually to integrate with external resources,
but in the process of cooperation, difficulties in knowledge integration and risks such as
knowledge leakage will inevitably be encountered. Therefore, how to cooperate and what
degree of openness become key decisions in this process (Laursen & Salter, 2014). Baldwin
et al. (2006) compared the costs and expected benefits of various product innovations and
found that the mode of cooperative innovation in which manufacturing enterprises play the
leading role and other related enterprises cooperate can not only improve market satisfaction,
but also significantly improve the benefits obtained from product innovation. Knight et al.
(2016) proposed that cooperative innovation with upstream and downstream enterprises of
the supply chain can enhance the internal and external expansion effect of innovation and
stimulate the amount of enterprise resources input in the process of innovation, so as to
maintain the competitive advantage of enterprises.

In summary, different cooperation modes will affect the final innovation performance, and
the big data analytics capability will affect the choice of cooperation. The loose mode pays
more attention to collaboration, the data risk of the firms is relatively lower, the contribution
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and benefit distribution of both parties are clearly defined by contract, and the data analysis
activities are still within the organizational boundaries. Data property rights are clear, each
still has its own data advantage, but data separationmakes it difficult to maximize the value of
data. The tightmode ismore creative, and the degree of interaction of data ismuch higher than
the loose mode, which can maximize the value of data. However, in the tight mode, the data
risk of both parties is the highest, and it is easy to lose the unique advantage of data resources.
Previous studies have not discussed the correlation between big data analytics capability and
cooperation mode decisions. Therefore, this paper will explores the relationship between big
data analytics capability and cooperation mode, and then analyze the influence mechanism
of their interaction relationship on innovation performance.

3 Problem description andmodel establishment

In the big data environment, enterprise designs and produces product based on the accu-
rate and timely consumer preference information, to meet consumer demand. In order to
focus on the different cooperation mode, we consider a simple supply chain consisting of
an upstream manufacturer (denoted as “m”) and a downstream retailer (denoted as “r”). The
actual activities of developing, designing and producing new products are carried out by the
manufacturer. The retailer collect customer information in the process of selling products.
Cooperative innovation means that the upstream firm invests in the big data analytics capa-
bility and the downstream firm invests in the big data information collection, the two sides
cooperate through big data. Given that our research focuses on data analytics capabilities, we
assume that manufacturers already have a certain amount of consumer data, have sufficient
capacity to utilize the acquired data, and do not invest in additional data acquisition. The
retailer is closer to the consumer end, so it is the responsibility of the retailer to obtain and
provide the additional data needed for innovation activities. Data quality is used to measure
retailers’ big data contribution to the collaboration process. Before presenting our model, we
introduce some notations as Table 1.

Table 1 Parameters and their definitions

Parameter Definition

p The product retail price

w The wholesale price of the product

c The average unit cost of production

ct The average unit cost of big data analytics capability

cd The average unit cost of big data collection

α The value discount factor which influenced by the precision of consumer preference
information

β The conversion coefficient of preference information extracted from consumer data

πi The profits of the firms, i � m, r

T Index of cooperation type, T � L, T
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First Stage: coopera�on mode-both firms decide which mode to choose and 
set the big data invest level

Second Stage: produc�on and sales-a Stackelberg game where m sets w 
and then r decides p

Fig. 1 The sequence of actions

Based on the utility function theory, let U � αv − p, v ∈ [0, 1]. We get the market
demand formula to the following one (Liu and Yi, 2018a):

Q � 1 − p/α (1)

Assume that supply chain can get the total number of consumer information is D.
Q/D represents the degree of consumer preference information conversion. We can get
D � βQ, β > 1, which means that the data quality improves with the decrease of β. α is
determined by the precision of consumer preference information, stand for the level of big
data analytics capability.

Without loss of generality, we assume that themanufacturer has enough production capac-
ity. Supply chain members are completely rational and risk neutral.

In the two cooperation models, the manufacturer acts as the leader and the retailer acts as
the follower in a Stackelberg game. This power structure is common in manufacture industry
(Ge et al., 2014). The decision sequence is as Fig. 1. In stage 1, the manufacturer with
retailer negotiate to decide the cooperation mode. This will influence the total big data invest
in innovation activities. In stage 2, the manufacturer sets the wholesale price. And then, the
retailer decides the product retail price. Let’s first discuss the optimal decision under different
modes.

3.1 Tight cooperationmodel (T)

We first explore firms’ decisions and corresponding profits in tight mode, which is a bench-
mark. In this model, manufacturers and retailers build data centers to support innovation and
share the cost of big data proportionately (k). Data resources and inputs of both parties are
shared to the greatest extent. New products developed under this scenario can meet the needs
of consumers’ better than other situation. The optimization problem of the manufacturer and
retailer are, respectively,

max
w

πT
m �

(
w − c − k ×

(
ct + βT × cTd

))
× Q (2)

max
p

πT
r �

(
p − w − (1 − k) ×

(
ct + βT × cTd

))
× Q (3)

We can use backward induction to solve it, get the optimal decision:

(
wT , pT

)
�

(
1

2

(
c + α + (2k − 1)

(
βT cTd + ct

))
,
1

4

(
c + 3α + βT cTd + ct

))
(4)
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And the supply chain members’ profits are:

(
πT
m , πT

r

)
�

((
α − c − βT cTd − ct

)2
8α

,

(
α − c − βT cTd − ct

)2
16α

)
(5)

Proposition 1 In the tight model, (wT , pT ) is the equilibrium solution. (πT
m , πT

r ) is the
optimal profits of supply chain members.

It is worth noting that both firms should consider the data quality (β) and big data analytics
capability (α) when making optimal decisions. In addition, the cost sharing ratio of the data
center has no effect on the optimal profit of both parties. In other words, costs are transferred
internally through wholesale prices in this model, the two parties obtain a certain profit ratio
in the cooperation, namely πT

m � 2πT
r .

Corollary 1 For the equilibrium solution, we have:

(1) α > c + βT cTd + ct
(2) ∂πT

∂α
> 0 and ∂πT

∂βT < 0

Corollary 1 shows that the value discount factor should be greater than the total cost per
unit product. Intuitively, with an increased big data analytics capability and data quality, both
the supply chain members could get more benefits.

3.2 Loose cooperationmodel (L)

Under the loose model, members take big data activities separately. The retailer will use
big data technology to collect consumer data, and share the data and customer information
extracted during the collection process with the manufacturer. The manufacturer mainly
invest in big data analytics capability, and conduct customer information mining based on
the existing customer database and the data shared by retailers. Obviously, the accuracy of
consumer preference information is lower than it in the tight model. The firms’ optimization
problems are:

max
w

π L
m �

(
w − c − ct − βL × cLd1

)
× Q (6)

max
p

π L
r �

(
p − w − βL × cLd2

)
× Q (7)

Considering the data format mismatch, security and so on in the process of sharing, data
quality in T model should be higher than L model, which means more data and higher costs
for the same amount of sales quantity (βT 〈βL ; cLd1 + cLd2〉cTd ). Similar to Model T, we solve
(6) and (7) using backward induction. And we get the equilibrium solution:

(
wL , pL

)
�

(
1

2

(
c + α + βL

(
cLd1 − cLd2

)
+ ct

)
,
1

4

(
c + 3α + βL

(
cLd1 + cLd2

)
+ ct

))
(8)

And the supply chain members’ profits are:

(
π L
m , π L

r

)
�

((
α − c − βL

(
cLd1 + cLd2

) − ct
)2

8α
,

(
α − c − βL

(
cLd1 + cLd2

) − ct
)2

16α

)
(9)

Proposition 2 In the loose model, (wL , pL ) is the equilibrium solution. (π L
m , π L

r ) is the
optimal profits of supply chain members.
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Note that in thismodel, manufacturers have difficulty controlling the quality of data shared
by retailers, and this is also the initial stage of data- based collaboration. In order to motivate
retailers to improve the quality of shared data and enhance their willingness to cooperate,
manufacturers usually use contracts to motivate retailers. Next, we discuss the two incentive
contracts under this model.

3.3 Loosemodel with data-subsidy contract (LS)

Generally speaking, the data cost subsidy comes in two forms, one is based on the amount of
data shared; another one is based on the effective amount of information converted by data.
To incentivize retailers to improve the quality of their data, manufacturers will subsidize
the data per unit of new product sales. Under the subsidy contract, the retailer improve data
quality and recoup data costs through manufacturer subsidies. Set the cost subsidy rate is
h, h ∈ (0, 1). The firms’ optimization problems are:

max
w

π Ls
m �

(
w − c − ct − βLS × cLd1 − h × cLd2

)
× Q (10)

max
p

π Ls
r �

(
p − w − βLS × cLd2 + h × cLd2

)
× Q (11)

Considering retailers have improved the quality of their data, and then βT < βLS < βL .
Similar to the solution process of the above model, we can get the equilibrium solution:

(
wLS, pLS

)
�

( 1
2

(
c + α + βLScLd1 − (β − h)cLd2) + ct

)
,

1
4

(
c + 3α + βLScLd1 + (β − h)cLd2 + ct

)
)

(12)

And the supply chain members’ profits are:

(
π LS
m , π LS

r

)
�

⎛
⎜⎝

(
α−c−βLS (cLd1+c

L
d2)−ct

)2−h2
(
cLd2

)2

8α ,(
α−c−βLS (cLd1+c

L
d2

)
−ct+hcLd2)

2

16α

⎞
⎟⎠ (13)

Proposition 3 In the LS model, (wLS, pLS) is the equilibrium solution. (π LS
m , π LS

r ) is the
optimal profits of supply chain members.

This is a special case between mode (L) and model (T) with different h. According
to formulas (13), we get the subsidy rate needs to meet the following condition—h ∈
(0,

α−c−βLS (cLd1+c
L
d2)−ct

cLd2
), to ensure that both profits are non-negative.

The equilibrium decisions and profits of mode (T), (L) and (LS) are listed in Table 2.
As can be seen from Table 2, the price (wholesale price and unit price) is gradually

reduced, and the profit of each enterprise is gradually increased, with the cooperation mode
shifts from loose to close. This result indicates that big data-based cooperation of supply chain
is conducive to improving innovation performance, which is consistent with most relevant
research results (Tan et al., 2015, Liu & Yi, 2018c). In addition, it can be found that the
cooperation performance of LS mode between tight and loose is not necessarily between
the two, depending on data quality, data cost and contract ratio. This result is different from
previous studies, the intermediate mode is not necessarily a transitional mode between tight
and loose, and cooperationmay directly change from loose to tight. In contrast to data quality,
the change of big data analytics capability does not have a continuous impact on the choice
of cooperation mode, but there may be a critical point. Based on the optimal decision of each
mode, we discuss each factor further in the next section.
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4 Effects of ways of cooperation on profits

In this section, we address whether firms have incentives to get tight mode and whether they
have intentions to improve their data capability.

4.1 Effects of modes

Knowing whether tight mode can improve firms’ profits can help managers make better
cooperation mode decisions. This subsection discusses whether or not optimal cooperation
mode is exist, and how to get this mode.
Proposition 4 For the chains and two members’ profit, πT ≥ π L always holds.

The proposition above shows that mode (T) is always better thanmode (L) andmode (LS).
This is similar to the process of innovation cooperation in reality. Generally, the tight mode
appears among firms who have a long history of cooperation or a close vertical relationship
(Ge et al., 2014). The cooperation will gradually change from mode (L) to mode (T) through
the running-in of mode (LS). In order to discuss the transformation of the cooperation mode,
we divided the discussion into two situations.

(1) Mode (L) transfer to Mode (LS)

Assume that �πi stands for the profits differences between modes for firm i, i � m, r .
�πi1 � π LS

i − π L
i > 0, for given βLS � βL � β, and according to formulas (9)

and (13), we get the �πi1 > 0 always hold for h ∈ (0,
α−c−β(cLd1+c

L
d2)−ct

cLd2
). It expresses

that when 0 < h <
α−c−βLS (cLd1+c

L
d2)−ct

cLd2
can be met, both firms are more active to par-

ticipate in the cooperation mode (LS). We also get ∂�πm1
∂h � −2hcL2d2 < 0; ∂�πr1

∂h �
2cLd2(α − c − β(cLd1 + cLd2) − ct + hcLd2) > 0.

Corollary 2 When the cost subsidy rate h less than
α−c−βLS (cLd1+c

L
d2)−ct

cLd2
, the manufacturer

and the retailer can get more benefits from mode (LS). Moreover, the retailer can get more
benefits from the transition mode (L) to mode (LS) than the manufacturer.

(2) Mode (LS) transfer to Mode (T)

For given βT � βLS � β, �πi2 � πT
i − π LS

i > 0, according to
formulas (5) and (13), we get �πi2 > 0 always hold when 0 < h <

min(

√
(2(α−c−ct )−βLS (cLd1+c

L
d2)−βcTd )(c

L
d1+c

L
d2−cTd )

cLd2
,

α−c−βLS (cLd1+c
L
d2)−ct

cLd2
) can be met. And we also

get ∂�πm2
∂h � 2hcL2d2 > 0; ∂�πr2

∂h � −2cLd2(α − c − β(cLd1 + cLd2) − ct + hcLd2) < 0.

Corollary 3 When the 0 < h < min (

√
(2(α−c−ct )−βLS (cLd1+c

L
d2)−βcTd )(c

L
d1+c

L
d2−cTd )

cLd2
,

α−c−βLS (cLd1+c
L
d2)−ct

cLd2
)can be met, both the manufacturer and the retailer can get more benefits

from mode (T). Moreover, the manufacturer can get more benefits from the transition mode
(LS) to mode (T) than the retailer.

The above analysis indicates that both firms can achieve larger profits through tight coop-
eration mode. Loose mode performed the worst relative to others. For the manufacturer,
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mode (T) brings more revenue growth than mode (LS). This is because the manufacturer
spends more data cost under mode (LS), so the marginal rate of return of big data decreases
relatively. For retailers, mode (LS) brings more revenue growth than mode (T). Under mode
T, retailers share more data costs for manufacturers, and their marginal rate of return on big
data decreases relatively. Therefore, manufacturers and retailers can negotiate the appropriate
subsidy ratio to reach the optimal cooperation mode. It can be found that the most possible
compromise between the supply chain members is to form the CONTRACTmode of LS first,
and then change from LS to T or L. Consistent with the conclusion of previous cooperation
innovation studies, both parties usually carry out cooperation in contract mode to ensure the
smooth progress of cooperation. However, in the case of big data cooperation, the different
result is that LS mode may go further form a tight mode, or may fall back to a loose mode,
even if the partnership is formed through long-term contractual cooperation.

4.2 Effects of big data

(1) The effect of big data analytics capability

Given the βT � βLS � βL � β � 1.2. For the manufacturer,

we can get ∂�πm1
∂α

� ∂(π LS
m −π L

m )
∂α

� h2c2Ld2
8α2 > 0; ∂�πm2

∂α
� ∂(πT

m−π LS
m )

∂α
�

(−h2+β2)c2Ld2 +2βc
L
d2(c+βcLd1+ct )+β(−cTd +c

L
d1)(β(c

T
d +c

L
d1)+2(c+ct ))

8α2 < 0; and ∂(πT
m−π L

m )
∂α

�
−β(cTd −cLd1−cLd2)(β(c

T
d +c

L
d1+c

L
d2)+2(c+ct ))

8α2 < 0.
The results show that under the condition of fixed data quality, the increase of big data

analytics capability input can improve the profit of the manufacturer, but the profit growth
rate from mode (L) or mode (LS) to mode (T) gradually decreases. Only increasing the
analytical capability frommode (L) to (LS) can increase the rate of profit growth. This shows
that when the manufacturer encourage retailers to participate in the mode (LS), improving
the analytical ability is conducive to improving the profit growth.

For the retailer, we can get ∂�πr1
∂α

� ∂(π LS
r −π L

mr )
∂α

� hcLd2((2β−h)cLd2+2(c+βcLd1+ct ))
16α2 > 0;

∂�πr2
∂α

� ∂(πT
r −π LS

r )
∂α

� − (β(cTd −cLd1−cLd2)+hc
L
d2)(βc

T
d +βcLd1−(β−h)cLd2+2(c+ct ))

16α2 < 0; and ∂(πT
r −π L

r )
∂α

�
−β(cTd −cLd1−cLd2)(β(c

T
d +c

L
d1+c

L
d2)+2(c+ct ))

16α2 < 0. The same results as the manufacturer.

Proposition 5 With the increase of big data analytics capability, the enthusiasm of firm’s
participation mode (LS) is relatively increased, while the enthusiasm of participation mode
(L) and mode (T) is relatively decreased.

This proposition indicates that big data analytics capability has a greater influence on
the transition from loose mode to tight mode. This is because the ability is invested by the
manufacturer independently. Under the loose mode, the manufacturer increase investment
in analytical capability to improve overall innovation performance and motivate the retailer.
When the cooperation between the two parties reaches a certain level (such as mode LS),
the influence of the big data analytics capability on the decision-making of the cooperation
mode is gradually weakened. That is, it is most effective for manufacturers to improve their
data analytical capabilities as they transfer from Mode (L) to Mode (LS).

(2) The effect of data quality

In the situation form mode (L) transfer to mode (LS), given the α, set βL � βLS .

For the manufacturer, we can get ∂�πm1
∂βL � ∂(π LS

m −π L
m )

∂βL � 0. For the retailer, we have
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∂�πr1
∂βL � ∂(π LS

r −π L
mr )

∂βL � − hcLd2(c
L
d1+c

L
d2)

8α < 0. At this time, data quality has little influence
on the manufacturer’s decision-making, but has a positive influence on the retailer’s cooper-
ation enthusiasm, that is, with the improvement of data quality, the retailer are more inclined
to shift from mode (L) to mode (LS).

In the situation form mode (LS) transfer to mode (T), set βT � βLS , we can get
∂�πm2
∂βT � ∂(πT

m−π LS
m )

∂βT � − (cTd −cLd1−cLd2)(α−c−βT (cTd +c
L
d1+c

L
d2)−ct )

4α 0, ∂�πr2
∂βT � ∂(πT

r −π LS
r )

∂α
�

βT c2Td +cTd (c−α+ct )−(cLd1+c
L
d2)(c−α+βT cLd1+(β

T −h)cLd2+ct )
8α 0. For the manufacturer, �πm2 is a convex

function of data quality. When the βT � c2Td −(cLd1+c
L
d2)

2

4α , the profit increment brought by
improving data quality is the highest. For the retailer, profit growth is influenced by both data
quality and subsidy rate.

Proposition 6 For data quality, there is an optimal quality level that allows manufacturers
to have extreme points in the mode decisions. Under this quality level, there is a certain
threshold of subsidy rate, which makes the retailer more inclined to choose mode (T).

This proposition indicates that the manufacturer can motivate the retailer to reach the
optimal quality level through appropriate subsidy contract, and both parties have the strongest
willingness to participate in mode (T) at this time. It can be seen that externally shared data
quality is more important for manufacturers, which is consistent with the conclusion that
“enterprise innovation requires new external knowledge, thus weakening the need for internal
knowledge combination (Cheng et al., 2016, Xu et al., 2016)”. For retailers, manufacturers’
big data analytics capability has a greater impact on their choice of contractual cooperation
and a smaller impact on their choice of further tight mode. Retailers’ collaborative decisions
are more focused on the cost of sharing data, so the balance between the two firms is how
manufacturers compensate retailers for the loss of shared data.

5 Numerical simulation

In this section, a numerical example is presented to show the results’ effectiveness. To ensure
more realistic, we select the following parameter settings according to (Liu and Yi, 2018a)
which are summarized in Table 3.

In order to demonstrate the influence of the big data capability on supply chain coop-
eration decision-making, we vary the value of α and β. Based on Propositions 1 to 3,
we get (πT

m , πT
r , π L

m , π L
r ) � (4.79; 2.39; 3.34; 1.67). Based on the above analyses, we get

�πm > 0 and �πr > 0. Thus, proposition 4 is verified.
The effects of the big data analytics capability on the profits differentials among different

mode are shown in Fig. 2. From Fig. 2, we can get that with the increase of big data analytics
capability (α), the increase of data analysis input can improve the profit of the members.

Table 3 Parameter settings for
numerical analysis Parameters Data selection

α αT � 50; αL � 40

β βT � 1.2; βL � 1.5

C ct � 0.5; cd � 1; cLd1 � cLd2 � 0.6; c � 5
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Fig. 2 Effects of α on the profits difference of members under modes

It indicates that if the manufacturer want to gain more benefits, they need to improve the
big data analytics capability. In addition, manufacturers’ profit growth shift from easy to
tight mode is high, while retailers’ profit growth value is low. The profit increment obtained
from transform mode LS to T is higher than that obtained by transform mode L to LS. It
indicates that the higher the level of big data analytics capability, the easier it is to form tight
cooperation.

The effect of data quality on the profits differentials among mode are shown in Fig. 3.
From Fig. 3, we can get that data quality have a positive relationship with the choice of
cooperation mode. Moreover, with the rise of big data capability, the gaps between firms’
innovative performance under loose and tight mode will increase. Thus, Propositions 4–5 are
confirmed.

The effects of the subsidy rate on the profits differentials among different mode are shown
in Fig. 4. We set the big data capability as then should be in each mode. From Fig. 4, we can
get that the data cost subsidy ratio has no effect on manufacturers, but it has a big impact on

Fig. 3 Effects of β on the profits difference of members under modes
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Fig. 4 Effects of h on the profits difference of members under modes

retailers’ decision-making. When the cost subsidy rate is at the extreme value (approaching
0 or 1), the retailer’s mode profit difference is greatest. When the cost subsidy rate is in
a low region, retailers are more willing to participate in close cooperation to obtain more
cooperation benefits. This is because the subsidy alone is not enough to make up for the
retailer’s total data input, and the tight model can help him gain more from the partnership.
When the cost subsidy rate is in a high region, the cost subsidy is enough to make up for
the big data input of retailers, and their enthusiasm to participate in the tight mode decreases
accordingly. Proposition 6 are confirmed.

6 Discussion

Massive data utilization makes significant influence on the firm’s innovation. Due to the
different roles of firms in the supply chain, upstream and downstream obtain the data value
advantage from different sources, which leads to the different innovation resource. Customer
data in the same supply chain has certain commonality, but the data format, data storage
and other data problems make it difficult for firms to directly share data or technology. The
high time requirement of big data processing and the small proportion of valuable data,
make firms have to cooperate on data to improve the innovation performance. However,
data sharing loses its unique right to data, and the mode of data cooperation between firms
also affects the efficiency of data analysis. Data risk, security unguaranteed, data control and
validation issues that makemost firms tend to choose loose cooperation type, which is usually
represented as contract to selectively share data or knowledge. Therefore, the selection of
an appropriate mode for cooperation innovation should be based on the particular big data
capability of the firms.

(1) Collaborative innovation based on big data significantly improves innovation per-
formance, regardless of the cooperation mode. Previous studies have shown that
cooperation innovation is conducive to improving innovation performance (Trigo &
Vence, 2012, Hu et al., 2016), and the big data is also beneficial to the firm’s innovation
(Babu et al., 2021; Fosso Wamba & Akter, 2019; Li et al., 2018). This study confirms
that data cooperation is mutually beneficial for supply chain members, and that no mat-
ter what kind of collaboration mode can benefit from data-driven innovation. As the
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core component of data-driven innovation, big data analytics capability have a signifi-
cant impact on cooperation. With the improvement of big data analytics capability, each
supply chain member can gain more benefits.

(2) Tight partnership are always better than others, and the efficiency of big data on inno-
vation performance is the lowest under loose mode. This may be due to the different
data values obtained from the same batch of data in different modes. Combined with the
research questions, this paper draws on the the research hypothesis of Ge et al. (2014)
and Ha et al. (2017) on cooperation, divides the cooperation mode into two extreme
cases, and discusses the impact of cost subsidy contract on the transition of coopera-
tion mode. On this basis, it is further found that there is a critical value of the big data
analytics capability which influence on cooperative mode decision-making. Innovation
returns can be significantly improved by proper contracts, but a high proportion of cost
subsidy will inhibit the enthusiasm of retailers to participate in tight cooperation. Big
data analysis capability is the index to measure the value output of data, and this key
threshold is the balance point for both partners to choose a tight partnership.

(3) The big data analytics capability and data quality have positive effects on the opti-
mal decision. This is consistent with previous studies on big data and decision-making
process. High levels of learning capacity enable the combination and validation
of knowledge extracted from big data, rendering informed decision-making process
(Ghasemaghaei, 2019). This paper draws on the the research results of Yasmin et al.
(2020) and Xu et al. (2016) on big data, focuses on the impact of data analytics capa-
bility and data quality on cooperative mode decision making. The results show that the
enhancement of big data analytics capability will exacerbate the benefits gap between
different modes. This is because big data analytics capability not only provide the
knowledge base for the innovation process (Mikalef et al., 2019), but also improve
the enterprise’s knowledge integration (Xu et al., 2016) and management capabilities
(Ferraris et al., 2019). This difference in performance is reflected in the efficiency of
transforming big data into valuable knowledge. For the supply chain members, trying
their best to extract the value of Big Data will help them increase marginal rate of
return on big data. For the manufacturer, improving the big data analytics capability
will help them gain more benefits, in addition, keeping proper data cost subsidy can
better encourage retailers to participate in tight cooperation.

(4) Data quality has an even bigger impact on manufacturers. For retailers, it is more advan-
tageous to maintain the contract mode if the big data analysis capability of the partner is
below the threshold. However, the benefits of tight mode are better than other modes, so
retailers canmotivate partners to improve their big data analysis capability by improving
data quality. Manufacturers improve their data analytics capability can promote coop-
eration transfer from loose to tight. Retailers provide high-quality data can promote
manufacturers to improve their analytical capabilities. The improvement of big data
analytics capability and data quality will be mutually reinforcing.

6.1 Theoretical contribution

The main theoretical contribution of this study is that: (1) Previous studies have emphasized
that big data analytics capability can help firms improve innovation performance (Babu et al.,
2021; Fosso Wamba & Akter, 2019; Li et al., 2018), and analyzed the process of big data
analytics capability assisted decision-making (He&Liu, 2017; He et al., 2019;Mikalef et al.,
2019, Yasmin et al., 2020). However, existing studies still limit the commercial value of big
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data analytics capability to the firm’s operation process, while ignoring the impact of big
data analytics capability on the cooperation process. This study combines big data analytics
capability with cooperative innovation mode. It not only effectively supplements the current
research on the aftereffects of big data analytics capability, but also deepens the interpreta-
tion of the current innovation management theory on the formation of cooperative innovation
process from the perspective of big data analytics capability. (2) This finding enriches the
data-driven innovation literature by showing that cooperation to expand data resources and
gain unique data advantages can help enterprises to carry out innovation activities efficiently,
so as to achieving longer-lasting innovation advantages, especially in unfavourable environ-
ment. This set of unique data resources makes it possible to build unique competencies for
innovation, and it is the c combination of these resources that will enable firms to develop big
data analytics capability and realize value gains (Patrick Mikalef et al., 2019). It needs the
firms to nurture big data analytics capability by specifically investing in the basic capabilities,
i.e. talent capability (Sultana et al., 2022b), infrastructure capability (Sultana et al., 2022a),
data resource (Ghasemaghaei and Calic, 2019) and so on. In particular, this study find that
cooperation can promote the improvement of big data analytics capabilities of both sides,
which will be mutually reinforcing each other. (3) In the theory of cooperative innovation,
previous studies have discussed the influence of different factors on the cooperation from the
perspectives of cooperation object (Hsueh et al., 2010, Skippari et al., 2017), cooperation
mode (Ge et al., 2014) and cooperation performance (Hu et al., 2016, Bai and Sarkis, 2016).
A few studies have discussed the impact of big data analytics capability on cooperative per-
formance (2018a; Liu & Yi, 2018b), but the impact of big data analytics capability on the
formation process of cooperation is still blank. This study introduces the cooperation mode
in the relationship between big data analytics capability and cooperative innovation, further
refines the influence mechanism of big data analytics capability on supply chain cooperation
from the perspective of the relationship between supply chain members in the formation
of cooperation, and enrichis the research on the role of big data analytics capability and
cooperative innovation.

6.2 Practical contribution

According to the conclusions, this study has some practical implications. (1) Firms should
focus on fostering big data analytics capability. On the one hand, firms should strengthen the
construction of big data infrastructure and recruit analysis technical personnel to improve the
value conversion rate of big data, so as to maintain the advantageous position of firms in the
cooperative relationships. On the other hand, firms should actively accumulate data in each
cooperation process, so as to increase their own data reserves, which will be an important
resource for firms to make independent innovation decisions. (2) Firms should give priority
to partners’ analytics capability when choosing cooperationmodes. On the one hand, the firm
needs to consider whether the big data analytics capability of the partner is strong enough,
to determine whether to lead the innovation activities. On the other hand, the firm needs
to consider their own big data analytics capability, to determine the cooperation mode. it
is easiest to form a tight partnership when the supply chain member’s big data analytics
capability are matched and coordinated. (3) Firms can choose contract mode to start the
cooperation. The subsidy contract can still coordinate the supply chain. When the capability
is not matched in the cooperation, both parties can be encouraged to increase the investment
in big data analytics capability through incentive contract, so as to improve the overall big
data analytics capability and then shift to the tight mode. It can also reduce incentives, reduce
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costs, maintain loose cooperation to exchange data resources, and break down cooperation
when resource exchange is saturated.

7 Conclusion, limitations and future directions

7.1 Conclusion

In this paper, we constructs a supply chain consisting of an upstream manufacturer and a
downstream retailer, and establishes three analytical models: data analytics is implemented
individually (the loose mode) by either firm, or jointly (the tight mode) by both firms, and
the addition of coordination contracts under the loose mode, to studied the impacts of the big
data analytics capability on the decision-making of cooperation innovation mode. We also
identify the optimal cooperation mode for the manufacturer and the retailer. Based on our
analytical results and numerical examples, we have the following conclusions.

(1) How will the change of big data analytics capability affect firms’ choice of cooperative
mode? Our results show that both firms’ big data analytics capability and date quality
both have positive effects on the selection of tight cooperation mode. With the enhance-
ment of big data analytics capability, the firms’ innovative performance gaps between
loose and tight mode will increase, and the enthusiasm of firm’s participation in to tight
mode is relatively increased. Data quality has an even bigger impact on manufacturers
than retailer, a higher proportion of cost subsidy will inhibit the enthusiasm of retailers
to participate in tight cooperation. For manufacturers, incentivizing retailers to improve
the quality of their data could yield better returns.

(2) How does a firm’s investment in big data analytics capability affect partner cooperation
decisions? Our results show that firms can achieve larger innovation profits through
big data cooperation, whether loose or tight mode. Members need to start with loose
cooperation. For manufacturers, appropriate data cost subsidies can motivate retailers
to improve data quality, thus strengthening the data cooperation between the two sides.
Keeping the ratio of data to the cost of the subsidy can better encourage retailers to choose
the tight cooperationmode. For retailers, they canmaintain benefits by negotiating higher
cost subsidies when manufacturer’s big data analysis capability is low. Providing high-
quality data can promote manufacturers to improve their own data analysis ability. With
the improvement of the overall big data capability of the cooperation, it is easier for
both parties to form a close cooperation mode. Supply chain members can establish a
data-driven innovation cooperation to achieve win–win outcomes.

(3) How will the matching of big data analytics capability and cooperative mode affect
innovation performance? Our results show that firms that engage in actual innovation
activities aremorewillingly to promote tight collaboration.When supply chainmembers
only cooperate in a loose mode, the efficiency of big data on innovation performance
is the lowest. Innovation returns can be significantly improved by proper contracts.
Meanwhile, the manufacturer will get more benefits from tight mode, for the retailer,
its benefits will also be increase, namely, there is “win–win relationship”. In this way,
a good cycle is formed jointly promoted by both parties to maximize the value of big
data.
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7.2 Limitations and future directions

There are several potential directions worthy for further research. In this paper, we have
demonstrated how the big data analytics capability affect the decision-making in cooperative
innovation process among supply chain members. This paper discusses two extreme modes
of cooperation and one form of contract, but there are many kinds of contracts in supply
chain cooperative, and different contracts have their applicable situations. Therefore, future
research can consider the boundary conditions of the impact of big data analytics capability
on different contractual cooperation modes. This study draws on the existing research on the
benefits of big data analytics capability, focusing on the benefits of cooperative. Cooperation
innovation is also analyzed from the perspective of cost reduction, such as Ge et al. (2014).
Future research can consider the big data analytics capability both affects innovation revenue
and cost. The problem in this paper is set in the context of manufacturers are leaders. When
the power structure of supply chain is different, it occupies different dominant positions.
Whether the conclusion is still universal needs to be further verified under different power
structures.
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