
Cluster Comput (2019) 22:S10009–S10018
https://doi.org/10.1007/s10586-017-1043-9

The robust analysis of supply chain based on uncertainty
computation: insight from open innovation

Xiaole Wan1,3 · Tingting Hao2,3 · Xiaoxia Rong2,3 · Qingchun Meng1,3

Received: 3 May 2017 / Revised: 4 July 2017 / Accepted: 10 July 2017 / Published online: 19 July 2017
© The Author(s) 2017

Abstract In this study, the effects of open innovation prac-
tices on enterprise value were discussed based on the supply
chain perspective. A nonlinear programming mode was
constructed considering the uncertainty of open innovation
effect. On this basis, the prototype was analyzed using a
robust optimization approach with comprehensive consid-
erations to the infeasible probability of constraint and goal
accuracy. Findings show that parameter � could convert the
nonlinear programming model with uncertainty into a robust
model with a strong stability. Furthermore, � could be used
to regulate the preference of the manufacturer to profit and
the uncertainties in innovative practices. A small � indicates
manufacturers can refer to more information, and the manu-
facturers are more inclined to a mass production, so the profit
is larger. Meanwhile, a high � means that manufacturers can
refer to less information, so that they pay more attention to
making the product output adapt to the uncertainty of inno-
vative effect. Manufacturers could select the appropriate �

value and reasonably arrange the production outputs of dif-
ferent goods according to the technological level of open
innovation subject and their preference to profit and uncer-
tainty. These conclusions were verified by a case study. In
this work, the uncertainty of the open innovation effect was
investigated from the supply chain perspective, which is of
important significance to the decision making on optimal
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1 Introduction

Innovation and its effects on business performance are strate-
gically vital deliberations for modern business organizations
[1,2]. Innovation is also broadly observed as an essential
component of gaining sustainable competitive advantage and
is regarded as the capacity of identifying and gaining value,
which are embedded in the structures, processes, products,
and services of an organization [3]. However, the traditional
“closed” innovation pattern that only depends on the inter-
nal resources of an enterprise is difficult to adapt, such as
in surging R&D costs, shortening the service life of prod-
ucts, and increasing global competition. Therefore, the open
innovationmodel that breaks enterprise boundaries and gains
external resources increases in response to appropriate time
and conditions [4]. The open innovation practice offers enter-
prises an effective way to use external strengths and rebuilds
the organization boundaries of enterprises. Therefore, the
current cognition on enterprise innovation is gradually evolv-
ing from a closed to an “open” pattern.

In open innovation, enterprises can acquire advanced
knowledge by depending on external innovative resources
or market channels [4,5] to gain cost or monopolistic advan-
tages [6]. In open innovation practices, the foothold of many
industrial innovations has exceeded the limits of the cen-
tral R&D laboratory inside the organization and is migrating
to external innovation bodies [4,5], universities, research
unions, or other external organizations, thus reflecting amore
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open innovation pattern and showing huge innovation ability
and vitality [7]. A number of consumer goods, companies, or
technology firms, such as, Procter &Gamble, Dell, and Intel,
have successfully employed open innovation practices [7,8].
The Hair Group is a local consumption tycoon and electronic
enterprise in China that is devoted in creating the largest
innovation ecosystem and full-process innovation interactive
community in the world through the Hair Open Partnership
Ecosystem. The open innovation pattern achieves innovation
source and the optimal resource allocation in the transfer pro-
cess, saves R&D cost, and shortens the R&D period, finally
realizing themaximumbenefits of all parties involved [9,10].
Open innovation is widely applied even in defense-related
science and technology [11]. For example, Gustetic et al.
provided several case studies on the open innovation activi-
ties of NASA and mapped the results of those activities to a
successful set of outcomes [12]. These successful outcomes
could help solve various problems and increase the number
of such outcomes.

Based on the literature, open innovation has great contri-
butions in improving enterprise performance. For instance,
based on a survey data in seven European countries, Yan-
nis and Stavros reported that acquiring external innovative
knowledge not only increases the R&D competitiveness of
enterprises but also positively affects its performance [13].
Sisodiya et al. and Choi argued that open innovation is
conducive in reducing product cost and improving the per-
formance of enterprises [6,14]. Based on a large-scale survey
of high-tech firms, Wang et al., found that a well-developed
open innovation can achieve superior performance [15].

Most research has focused on the important role of open
innovation on sustainable competitive edges, cost advan-
tages, or business performances of enterprises, which have
achieved excellent results. However, only few scholars have
explored the uncertainty risks caused by open innovation
through mathematical modeling, except for some empirical
analyses on its mechanism. Rosas et al. adopted the failure
modes and effects analysis (FMEA) method in building ade-
quate risk models on open innovation [16]. However, the
FMEA method can only process the most important and
the most probable risks by depending on the probability of
constraint violations; the method also requires probability
distribution in advance.

Probabilitymethod has been the traditional way to address
innovation uncertainties [17]. The postmortem analysis
method mainly discusses the quality of a solution. Another
method is the materialization of the uncertainty. Uncertain
data are assumed to satisfy a certain probability distribution
and are then viewed as random variables or processes. Both
methods hypothesize the probability distribution of random
parameters. However, accurate data and density distribution
are difficult to acquire in this problem. In actual problems,
acquiring the probability distribution of random parameters

is significantly difficult because of the complicated and diver-
sified uncertainty forms, as well as difficult accessibility to
historical data. Hence, completely depicting a problem using
probability theory is difficult.

Robust optimization is one of the most effective methods
in solving current uncertainty problems [18]. Robust opti-
mization is used to search for the solution that is insensitive to
data disturbance. This methodmainly studies the uncertainty
problem of parameters to acquire the worst value in some
uncertainty set, and the uncertainty of the model is consid-
ered in advanced when solving the uncertainty problem. The
method hypothesizes that the data belongs to a bounded set
rather than obeying a random distribution. The uncertainty
is introduced into the constraint conditions and is consid-
ered in advance, and the gained decision scheme meets any
realizations in a given set [19]. When robust optimization
faces the worst situation, it represents a conservative opin-
ion. In other words, the gained solution might be suboptimal
and could not ensure the optimization of the target value;
however, this optimization method is always feasible when
parameters change in a given uncertainty set, making the
uncertainty optimization model adapt to influences caused
by few parameter changes [20].

Numerous scholars continue to explore and develop robust
optimization methods. Soyster first suggested that robust
optimizationmethod is based on a linear optimizationmodel,
making it feasible for all data in a convex set [19]. How-
ever, this method is relatively conservative, and it sacrifices
the optimal solution of primal problem to some extent [19].
Therefore, Ben-Tal and Nemirovski [21–23] and Ghaoui et
al. [24] proposed the approximation of the uncertainty data
set by choosing appropriate spheroids to avoid conservative
disadvantages and then solved the problem using second-
order cone programming. However, this computing method
is relatively complicated. On this basis, Bertsimas and Sim
[25,26] introduced parameters for the comprehensive consid-
eration of infeasible probability of constraints and influences
on the target function value. They presented a linear opti-
mization model that could regulate conservation degree of
solutions. The robust optimization method is widely used in
many different fields to solve uncertainty problems, such as
in finance [27], energy [28,29] and scheduling [30,31].

More related works to robust optimization (RO) have
applied in supply chain management [32]. Aalaei and
Davoudpour present a new robust model for a cellular
manufacturing system into supply chain design with labor
assignment, which assumes that the market demand is uncer-
tainty and find a best solution developed by RO approach
[33]. Zhang and Jiang apply RO approach to develop a
sustainable biodiesel supply chain model under price uncer-
tainty [34]. Kisomi et al. present an integrated mathematical
programming model based on RO approach to tackle the
uncertain environment in supply chain configuration and
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supplier selection [35]. Mohammaddust et al., develop a
robust model for alternative risk mitigation strategies in sup-
ply chain designs [36]. MA et al., propose a multi-objective
mixed integer nonlinear programming model for environ-
mental closed-loop supply (ECLSC) with uncertainty [37].
Talaei et al., proposed a mixed-integer linear programming
model capable of reducing the network total costs, which
using a robust fuzzy programming approach to investigate
the effects of uncertainties of the variable costs, as well as
the demand rate, on the network design [38].

Although robust optimization is extensively used, no
scholar has discussed the robustness of open innovation
practices on value creation of enterprises under uncertain
conditions. Open innovation practices in enterprises are com-
plicated and nonlinear from the supply chain perspective;
thus, searching the solution to the nonlinear optimization
mode of enterprise value creation under uncertain open inno-
vation effect is crucial. Bertsimas and Sim proposed a linear
optimization model that can adjust the conservation of solu-
tion by introducing parameters in the nonlinearmodel, which
provides the method in solving the problem considered in the
current study [25].

This study focused on the modeling of enterprise value
creation under uncertain open innovation effect based on the
supply chain perspective. The robust optimization method
of the model was analyzed, and the optimal decision that
satisfies the appeal of all stakeholders was searched from the
perspective of the principal decision maker–manufacturer in
the supply chain.

The remainder of this paper is organized as follows. Sec-
tion 2 constructs the model of enterprise value creation
considering the uncertainty of open innovation effect based
on the supply chain perspective. Section 3 considers the
infeasible probability of constraints and target accuracy com-
prehensively and then analyzes the prototype using robust
optimization method. Section 4 discusses the probability
assurance of a solution using the robust model. Section 5
verifies the conclusions through empirical analysis. Section
6 summarizes and concludes the paper and indicates future
research topics.

2 Enterprise value creation model considering
open innovation

A supply chain model composed of subjects outside and
inside the chain was studied. The subjects inside the chain
include one manufacturer and one retailer. The subjects out-
side the chain consists of N OISs. This supply chain produces
N kinds of heterogeneous products, which will be sold to the
final consumer (Fig. 1).

In open innovation practices, manufacturers often issue
the request for innovative technology to the i th product on

Fig. 1 Supply chain structure considering open innovation

an open innovation platform to increase the R&D level and
reduce the production cost of the product. Open innova-
tion transaction is formed when OIS answers innovation
requests voluntarily. Innovation creates unit revenues by
reducing the unit cost of products. Therefore, ci is the unit
production cost of the i th product is; ui is the percent-
age of unit cost reduction of the i th product caused by the
provided innovation technology; αi is the unit remunera-
tion of the OIS provided by the manufacturer for the i th
product; mi is the R&D cost of the OIS for the i th prod-
uct without loss of generality and meets mi < αi xi and
αi < ui ci .

Suppose that the order quantity of the i th product of the
retailer is xi . For the convenience of modeling in this study,
the retailer only sold out the product under the premise of
ensuring basic conclusions without any surplus and addi-
tional demands. In other words, the order quantity of the
retailer is equal to the sales volume and the output of
the supply chain. qi is the retailing price of the i th prod-
uct. According to the market inverse demand function, the
wholesale price is determined by pi = a − bxi with-
out loss of generality. pi must meet ci ≤ a − bxi ≤
qi .

The real cost reduction by the open innovation practices
can only be determined in the actual production; however,
manufacturers should make decisions on the production
plan before the production. Therefore, ui is uncertain when
manufacturers are making output decisions. The uncertainty
variable of this open innovation effect is recorded ũi . Hence,
this variable can only make a reasonable estimation on cost
reduction before the production according to the available
data of practical production. Based on every innovation tech-
nology estimation of OIS, the cost reduction of these N
products could be recorded as u01, u

0
2, . . . , u

0
N . When ũi has

a reasonable fluctuation range, ũi ∈ [u0i − ûi , u0i + ûi ],
where ûi is the fluctuation range of cost reduction, the
influences of production by external factors are further con-
sidered.
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First, as the producer of the supply chain, themanufacturer
plays the dominant role in the output of supply chain. The
manufacturer will pursue the maximum of total benefits, as
expressed as follows:

maxπmv =
N∑

i=1

((a − bxi ) − (1 − ũi )ci )xi − αi xi . (1)

As the rational subject, the retailer has a psychological bot-
tom line during the entire consumption process—expected
revenues Mrv . When the total benefits in the entire process
is higher than the expected revenues, the retailer will sell
these products; otherwise, it will reject the products, which
is expressed as

N∑

i=1

(qi − (a − bxi ))xi ≥ Mrv. (2)

For everyOIS, the retailer has to ensure that his profit reaches
the expected target profit Mi during the technological inno-
vation process, as expressed as follows:

αi xi − mi ≥ Mi , i = 1, 2, . . . , N . (3)

Meanwhile, the order quantity should meet the non-negative
constraint: xi ≥ 0, ∀i = 1, 2, . . . N .

Therefore, the basic model of the supply chain under the
open innovation pattern is

maxπmv =
N∑

i=1

((a − bxi ) − (1 − ũi )ci )xi − αi xi (4.1)

s.t.

⎧
⎪⎪⎨

⎪⎪⎩

∑N
i=1 (qi − (a − bxi ))xi ≥ Mrv (4.2)

αi xi − mi ≥ Mi (4.3)
ci ≤ a − bxi ≤ qi (4.4)
xi ≥ 0,∀i = 1, 2, . . . N (4.5)

, (4)

where the maximum profit of the manufacturer is used as the
goal; the expected profit of the retailer and OIS is ensured; xi
is the decision-making variable; and ci , ui , αi ,mi , qi , a, b,
Mi , and Mrv are known variables.

The objective function and constraint conditions inModel
(4) are nonlinear in relation to xi .

The manufacturer should consider the profit of the retailer
and OIS when pursuing the maximum profits; thus, the
manufacturer’s profit could not be increased infinitely. A
manufacturer only aims to maximize the satisfying value
Mrv . In other words, the model can be converted into

maxMmv (5.1)

s.t.

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

∑N
i=1 ((a − bxi ) − (1 − ũi )ci )xi − αi xi ≥ Mmv (5.2)∑N
i=1 (qi − (a − bxi ))xi ≥ Mrv (5.3)

αi xi − mi ≥ Mi (5.4)
ci ≤ a − bxi ≤ qi (5.5)
xi ≥ 0,∀i = 1, 2, . . . N (5.6)

.

(5)

In comparison with Model (4), the target function in Model
(5) is linear and only the constraint condition is the quadratic
nonlinear constraints. Model (5) simplifies the solving pro-
cess.

Model (5) is the enterprise value creation model that con-
siders the uncertainty of open innovation effect.

3 Robust analysis of enterprise value under
uncertainty of open innovation effect

In Model (5), Constraint (5.2) contains the uncertain param-
eter ũi . Uncertainty information plays the critical role in the
decision making of manufacturers. For the nonlinear Con-
straint (5.2) that contains the uncertainty data, Bertsimas and
Sim [25] converted the model into a nonlinear robust opti-
mizationmodel, which is easy to be processed by introducing
a parameter. This parameter can consider the optimality and
robustness of the solution comprehensively. In other words,
if the manufacturer concerns the adaptability of the product
output to the uncertainty, then the manufacturer shall choose
a high value of the parameter to gain a conservative model of
the profit cost. Conversely, if themanufacturer concernsmore
on profit maximization, then the relatively relaxedmodel can
be selected to gain the robust solution that conforms to their
profits.

To determine the quantity of products that ũi changes, the
parameter � (� ∈ [0, N ]) is introduced. � may not be an
integer. In practical problems, not all values of ũi change.
��� ui changing at the most may be hypothesized, and the
deviation of ũtl from u0tl is (� − ���)ûtl . This study aims
to optimize the worst situation that � ui change and find the
optimal solution of the model. If � = 0, then the changes
of cost reduction can be neglected completely and that all
cost reduction amplitudes are consistentwithOIS estimation.
The model is a problem of certain programming. If � = N ,
then all cost reduction amplitudes have a reasonable fluctua-
tion range based on OIS the estimation. These scenarios are
extreme situations, and the decision makers concern more on
the general situations when � ∈ [0, N ].

Under the worst situation with changes of � ũi (� ∈
[0, N ]), the robust form of Constraint (5.2) can be rewrit-
ten as
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N∑

i=1

((
a − ci − αi + u0i ci

)
xi−

max{S∪{t}|S⊆N ,|S|=���,t∈N\S}

{
∑

i∈S
ûi ci |xi | + (� − ���

)
ût ct |xt |

}

−bx2i
≥ Mmv (5.2′)

Equation (5.2′) is difficult to be directly solved because it
contains the subset S and themaximumfunction. Simplifying
Eq. (5.2′) is discussed as follows.

First, a lemma is provided.

Lemma The dual program of the linear programming
max c′x

s.t.

{
Ax ≤ b is
xi ≥ 0, i = 1, 2, . . . n

min b′x

s.t.

{
y′A ≥ c
yi ≥ 0,∀i = 1, 2, . . .m

.

If the original linear programming has the optimal solution,
then its dual program has the optimal solution, and the objec-
tive function values are equal;
where c = (c1, c2, . . . , cn)′,x = (x1, x2, . . . , xn)′,b =

(b1, b2, . . . , bm)′,A =
⎡

⎢⎣
a11 . . . a1n
...

. . .
...

am1 · · · amn

⎤

⎥⎦.

Next, a theorem is given.

Theorem 1 If β(xi , �) = max{S∪{t}|S⊆N ,|S|=���,t∈N\S}
{∑i∈S ûi ci |xi | + (� − ���)ût ct |xi |}, then β(xi , �) is
equivalent to the optimal value of the following constraint
optimization problem:

β(xi , �) = min�z0 +
∑

i∈N
yi

s.t.

⎧
⎨

⎩

z0 + yi ≥ ûi ci |xi |
yi ≥ 0,∀i = 1, 2, . . . N
z0 ≥ 0

(6)

Proof According to the definition of β(xi , �), the appropri-
ate subset {S ∪ {t}|S ⊆ N , |S| = ��� , t ∈ N\S} is selected
to achieve themaximum

∑
i∈S ûi ci |xi | + (�i −��i�)ût ct |xi |.

Hence, the variable z = (z1, z2, . . . , zN ), 0 ≤ zi ≤ 1 is
introduced to obtain the optimal solution: ��� components
is 1, and 1 component is � − ���, whereas the remaining
components are 0.

Thus, β(xi , �) is equal to the following constraint opti-
mization problem:

β(xi , �) = max
∑

i∈N
ûi ci |xi |zi

s.t.

{ ∑
i∈N

zi ≤ �

0 ≤ zi ≤ 1,∀i = 1, 2, . . . N
. (7)

According to the lemma, the dual program problem of Eq.
(7) is

β(xi , �) = min�z0 +
∑

i∈N
yi

s.t.

⎧
⎨

⎩

z0 + yi ≥ ûi ci |xi |
yi ≥ 0,∀i = 1, 2, . . . , N
z0 ≥ 0

,

that is, Problem (6).
Equation (7) is feasible and bounded; thus Eq. (6) is feasi-

ble with respect to ∀� ∈ [0, N ] according to the lemma, and
the objective function is consistent with Eq. (7). The theorem
is proven.

Therefore, β(xi , �) can be replaced by Eq. (7). However,
max

∑
i∈N ûi ci |xi |zi is the nonlinear form relative to the

decision-making variables xi , zi , which increases the diffi-
culty to solve the problem. It is considered to be replaced by
Eq. (6). At this moment, Constraint (5.2′) is expressed as

N∑

i=1

((a − ci − αi + u0i ci )xi − min

{
�z0 +

∑

i∈N
yi

}

−bx2i ≥ Mmv

z0 + yi ≥ ûi ci |xi |
yi ≥ 0,∀i = 1, 2, . . . , N

z0 ≥ 0

This constraint still involves the problem of calculating
the maximum value, because any solution that meets∑N

i=1 ((a − ci − αi + u0i ci )xi − (�z0 +∑
i∈N yi ) − bx2i

≥ Mmv must satisfy
∑N

i=1((a − ci − αi + u0i ci )xi− min{�z0 +∑
i∈N yi } − bx2i ≥ Mmv; thus, the two equa-

tions above are equal.
Therefore, Theorem 2 can be formulated. ��

Theorem 2 The supply chain model of the open innovation
uncertainty is equal to the following certainty programming:

maxMmv

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

N∑
i=1

(
(a−ci−αi + u0i ci )xi−

(
�z0 + ∑

i∈N
yi

)
− bx2i

)
≥ Mmv

N∑
i=1

(qi − (a − bxi ))xi ≥ Mrv

αi xi − mi ≥ Mi
z0 + yi ≥ ûi ciwi
−wi ≤ xi ≤ wi
z0 ≥ 0
xi ≥ 0, yi ≥ 0, ∀i = 1, 2, . . . , N
ci ≤ a − bxi ≤ qi

(8)
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For the constraint
∑N

i=1 (qi − (a − bxi ))xi ≥ Mrv ,∑N
i=1 bx

2
i + (qi − a)xi − Mrv ≥ 0 with solution forms of

xi ∈ (−∞, x1i ) ∪ (x2i ,+∞) are a non-convex set.

4 Probability assurance of robust analysis

In the aforementioned robust analysis, the parameter � is
used to control the conservative degree of the solution. ���
uncertainty parameters are changing, and the deviation of
one parameter is � − ���. Then, if more than ��� uncer-
tainty parameters change or the deviation of some parameters
exceeds � − ���, then the feasibility of the robust model
becomes questionable.

The solution of the robust model still has high feasible
probability.

Theorem 3 If x∗ is the optimal solution of Eq. (8), and S∗, t∗
are the subset and the corresponding subscripts to achieve
the optimal solution of β(x∗, �), ũi ∈ [u0i − ûi , u0i + ûi ],
then the probability of violating the constraint conditions is

Pr

(
N∑

i=1

((a − bxi ) − (1 − ũi )ci )xi − αi xi < Mmv

)

≤ Pr

(
N∑

i=1

γiηi > �

)
, (9)

where γi =
⎧
⎨

⎩
1 if : i ∈ S∗
ûi |x∗

i |
û|
r∗ x

∗
r∗ | if : j ∈ N\S∗ , r∗ = argminr∈S∗∪{t∗}

ûr |x∗
r |.

Proof If x∗, S∗, t∗ are the optimal solution of themodel, then

Pr

(
N∑

i=1

((a − bx∗
i − (1 − ũi )ci )x

∗
i − αi x

∗
i ) < Mmv

)

= Pr

(
N∑

i=1

(ũi ci x
∗
i + (a − ci − αi )x

∗
i − bx∗2

i ) < Mmv

)

= Pr

(
−

N∑

i=1

(ũi ci x
∗
i + (a − ci − αi )x

∗
i −bx∗2

i ) > −Mmv

)

= Pr

(
N∑

i=1

ηi ûi x
∗
i −

N∑

i=1

u0i ci x
∗
i + (a − ci − αi )x

∗
i

−bx∗2
i > −Mmv

)
, ηi ∈ [−1, 1]

= Pr

(
N∑

i=1

ηi ûi x
∗
i >

N∑

i=1

u0i ci x
∗
i + (a − ci − αi )x

∗
i

−bx∗2
i − Mmv

)
(∗)

according to
N∑
i=1

((a − ci − αi + u0i ci )x
∗
i −

max{S∗∪{t∗}|S∗⊆N ,|S∗|=���,t∗∈N\S∗}
{∑

i∈S∗ ûi ci |xi | + (� − ���)
ût∗ct∗ |x∗

t∗ |
} −bx∗2

i ≥ Mmv

we get
N∑
i=1

(u0i ci x
∗
i + (a − ci − αi )x∗

i − bx∗2
i ) − Mmv >

max{S∗∪{t∗}|S∗⊆N ,|S∗|=���,t∗∈N\S∗}
{∑

i∈S∗ ûi ci |xi | + (� − ���)
ût∗ct∗ |x∗

t∗ |
so (*)

≤ Pr

(
N∑

i=1

ηi ûi x
∗
i ≥

∑

i∈S∗
ûi |x∗

i | + (�∗ − ⌊
�∗⌋)ût∗ |x∗

t∗ |
)

= Pr

⎛

⎝
∑

i∈N\S∗
ηi ûi |x∗

i | >
∑

i∈S∗
ûi |x∗

i |(1 − ηi ) + (� − ���)ût∗ |x∗
t∗ |
⎞

⎠

≤ Pr

⎛

⎝
∑

i∈N\S∗
ηi ûi |x∗

i | > ût∗ |x∗
t∗ |
(
∑

i∈S∗
(1 − ηi ) + (� − ���)

)⎞

⎠

(∗∗)

according to
∑
i∈S∗

(1 − ηi ) + (� − ���) = |S∗| − ∑
i∈S∗

ηi +
� − ��� =� −∑

i∈S∗ ηi
so (**)

= Pr

⎛

⎝
∑

i∈N\S∗
ηi ûi |x∗

i | > ût∗ |x∗
t∗ |
(

� −
∑

i∈S∗
ηi

)⎞

⎠

= Pr

⎛

⎝
∑

i∈S∗
ηi +

∑

i∈N\S∗

ûi |x∗
i |

ûr∗ |x∗
r∗ |ηi > �

⎞

⎠

= Pr

(
∑

i∈N
γiηi > �

)

��

The conclusion is proven.
Equation (9) shows that the upper bound of probability to

violating the constraint Pr(
∑

i∈N γiηi > �) depends on the
optimal solution x∗.Whenmore than ��� parameters change
or the deviation of some parameters exceeds � − ���, the
probability of constraint violations still has a small upper
bound, indicating that the solution of the robust model still
has high feasible probability.

Bertsimas and Sim provided the upper bound of the prob-
ability that does not depend on the optimal value [25].

Theorem 4 [25]: x∗ is the optimal solution of Eq. (8), and
the uncertainty data are ũi ∈ [u0i − ûi , u0i + ûi ], i =
1, 2, . . . , N. Thus, Pr(

∑N
i=1 ((a − bx∗

i − (1 − ũi )ci )x∗
i −
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αi x∗
i ) < Mmv) ≤ B(n, �), where

B(n, �) = 1

2n

⎧
⎨

⎩(1 − μ)

n∑

l=�v�

(
n
l

)
+μ

n∑

l=�v�+1

(
n
l

)⎫⎬

⎭ ,

n = |N |, v = � + n

2
, μ = v − �v� .

This upper bound is independent from the x∗. B(n, �)

involves the problem of solving the composite function when
n is high and difficult to be solved. Bertsimas and Sim pro-
vided the upper bound of B(n, �) [25]. B(n, �) ≤ (1 −
μ)C(n, �v�) +∑n

l=�v�+1 C(n, l), where

C(n, l)

=
{ 1

2n , l = 0 or l = n
1√
2π

√
n

(n−l)l exp
(
n log

(
n

2(n−l)

)
+ l log

( n−l
l

))
, others

.

Table 1 Sample data

i ci qi u0i αi mi Mi

1 1000 1600 0.12 100 20,000 10, 000

2 1050 1500 0.13 100 20,000 10, 000

3 1020 1500 0.13 100 20,000 10, 000

4 990 1450 0.1 90 18,000 5000

5 850 1400 0.1 80 18,000 5000

6 870 1430 0.1 80 18,000 5000

7 880 1500 0.1 80 18,000 5000

8 1100 1550 0.15 110 23,000 10, 000

9 1160 1550 0.16 115 23,000 10, 000

10 1170 1600 0.16 115 23,000 10, 000

5 Empirical analysis

To highlight the validity of the constructed model, numerical
simulation cases are presented, and lingo 11.0 is used for
simulation in this section.

Suppose that all parameters in the supply chain is com-
posed of onemanufacturer, one retailer, N (N = 10)OIS, and
N (N = 10) products (heterogeneity) are known, including
ci , qi , αi andmi . According to previous experiences, the unit
cost reduction of the i th product by the OIS is u0i . Specific
data are listed in Table 1.

The expected profit of the retailer (Mrv) is RMB 100,000
when a = 1850 and b = 1.1.

The open innovation practice makes the cost reduction
an uncertain data. Thus, its reasonable fluctuation range is
ũi ∈ [u0i − ûi , u0i + ûi ], where ûi = θu0i . In this study,
θ = 15%.

Substitute the aforementionedknowndata intoEq. (8), and
determine � ∈ [0, 10]. For the convenience of display, only
the optimal outputs of different products and corresponding
profits of the manufacturer when � = 0, 2, 4, 6, 8, 10 are
shown in Table 2. The variation trend of the probability of
the manufacturer’s profit and the constraint violations with
� are shown in Figs. 2 and 3.

Table 2 reveals that with the change of �, the optimal
outputs of different products change continuously. When
� = 0, ũi has no uncertain component. In other words, the
cost reduction amplitude in actual production is consistent
with the cost reduction amplitude provided by the OIS. At
this moment, the outputs of all products are relatively high,
and the optimal one is 1,747,474. When � = 4, ũi has four
uncertain components, indicating that the four cost reduction
amplitudes in the actual production are consistent with the
cost reduction amplitudes provided by the OIS, whereas the
remaining six are inconsistent. Under this circumstance, the

Table 2 Optimal product
outputs and profits of the
manufacturer under different �

� 0 2 4 6 8 10

x1 395 396 396 387 387 387

x2 380 380 376 371 371 371

x3 392 392 387 383 383 383

x4 395 395 395 395 392 388

x5 457 457 457 457 456 451

x6 448 448 448 448 446 442

x7 444 444 444 444 441 438

x8 366 366 354 354 355 354

x9 346 333 333 333 333 333

x10 342 329 329 329 329 329

Mmv 1,747,474 1,728,604 1,711,940 1,697,243 1,685,570 1,673,996

Probability of violating the
constraint conditions

0.5 0.264347 0.103835 0.029379 0.00587 0
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Fig. 2 Relationship between profits and �

Fig. 3 Relationship between the probability of constraint violations
and �

outputs of different products are moderate, and the optimal
output is 1,711,940. When � = 10, all components of ũi
are uncertain. This condition reflects that no cost reduction
amplitudes in the practical production conform to the unit
cost reduction amplitudes of products caused by the innova-
tion technologies of the OIS. All cost reduction amplitudes
have certain fluctuation ranges. In this case, the outputs of
different products are relatively small, and the optimal output
is 1,673,996.

Table 2 and Fig. 2 show that with the increase of � (the
number of inconsistency between the actual cost reduction
amplitudes and estimated cost reduction amplitudes of the
OIS), the optimal outputs of different products decline,which
indicates that themanufacturer has fewer reference datawhen
more uncertainty data are on the supply chain. Consequently,
manufacturers are more inclined to shrink the scale of pro-
duction, so that the profits will decrease accordingly.

Table 2 and Fig. 3 show that the probability of constraint
violations decreases gradually with the increase of �. A high
� reflects that the manufacturer concerns more on the adapt-
ability of the product output to the uncertainty and would do
his best to meet the constraints. Therefore, the probability of
constraint violations decreases accordingly.

This result proves that the use of � has practical signif-
icances. In actual production, the manufacturer can select
an appropriate � and arrange outputs of different products
according to the technological level and preference of OIS.

6 Conclusions

In this study, the effects of open innovation practice on
enterprise value are discussed based on the supply chain
perspective. Considering the uncertainty of open innovation
effect, the nonlinear programming model with uncertainty
is constructed. On this basis, the prototype is analyzed by
the robust optimization method with comprehensive consid-
eration to the probability of constraint violations and target
accuracy. Someconclusions are formulated as follows. a) The
introduction of parameter � can convert the nonlinear pro-
gramming model with uncertainty into a robust model that
can be easily solved. Moreover, � can be used to regulate the
preference to profit and uncertainty of innovation practices
of the manufacturer. b) A small � reflects that the manufac-
turer pays attention to profit, whereas a high � means that
the manufacturer has more uncertainty, thereby making the
product output adapt to innovation effectively. c) Manufac-
turers can choose the appropriate � value and arrange the
production outputs of different goods according to the tech-
nological level of the OIS and their preference to profit and
uncertainty. In this study, the uncertainty of open innovation
effect, which is of important significance to decision making
on optimal output of the supply chain and innovation risk
control under uncertain environment, is investigated based
on the supply chain perspective.

As shown in the Fig. 1, the supply chain designed in
this paper has consisted of N open innovation subjects and
one manufacturer. The supply chain is capable of producing
N types of electronic products. For the current and future
researches, different situations will be considered, includ-
ing the difference between the number of open innovation
subjects and the number of products, the case of multiple
open innovation subjects providing innovative service for one
product aswell as the case of oneopen innovation subject pro-
ducing innovative service for multiple products. Moreover,
the uncertainty of the manufacturer giving unit remunera-
tion to the open innovation subject will be considered again.
By taking the uncertain innovative effect and remuneration
into consideration, we can make an in-depth research of the
innovative risk of supply chain comprehensively
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