A Two-stage Stochastic Collaborative Intertwined Supply Network Design
Problem Under Multiple Disruptions

Abstract
An intertwined supply network (ISN) is a set of interconnected supply chains with dynamic structures
that efficiently provide products and services to numerous customers. ISNs inherently involve collaboration
among several logistics partners, and such collaboration is pivotal in their long-term resiliency under major
disruptions. This paper studies a two-stage stochastic network design problem that incorporates three
different resilience strategies to design ISNs under a fair collaboration. We consider capacity expansion,
capacity sharing, and rerouting as resilience strategies. We consider disruptions to be stochastic and to
incorporate two sources of uncertainty: transportation costs and available capacity at facilities. We develop
a Monte-Carlo simulation-based algorithm that uses the sample average approximation scheme to generate
high quality solutions for our problem. We analyze the robustness and efficiency of the proposed model on
a set of instances with up to 117 nodes and six collaborating companies. The value of collaboration on the
ISN performance is assessed by a thorough sensitivity analysis of different metrics. In particular, we evaluate
the impact of different levels and scales of random disruptions and flexibility on the network performance,
which provides insights into the balance between cost and resilience.
Keywords: Resilient supply chains, collaboration, supply chain disruptions, intertwined supply networks,
two-stage stochastic programming

1. Introduction
Supply chain design determines strategic decisions to construct a network and involves selecting suppliers,
planning facility locations, and allocating products to different facilities and customers. Several quantitative
methods have been applied in the last few decades to find optimal supply chain design structures, considering different assumptions and constraints related to demand, capacities, and costs. Today’s fast-changing
business environment has triggered huge shifts towards globalization, making the role of uncertainty and
risk much more crucial in supply network design (Martel and Klibi, 2016; Cordeau et al., 2021). Globalization creates new challenges alongside the opportunities it brings. The number of interconnecting links
between companies within a network is increasing through globalization, making supply chains more prone
to disruptions in material and product flows (Chen et al., 2013).
Hendricks and Singhal (2005) define disruptions as unplanned and unexpected events that interrupt
the flow of materials and products within a supply chain. Recently, the COVID-19 pandemic has caused
significant disruptions in all business sectors in terms of raw material availability, lead times, and cost
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structures, among other things, highlighting the importance of investing in resilient supply chain research
and practices. Resilience enables supply chains to be well prepared for disruptions, quickly lessening their
effects, recovering from them, and even going on to higher levels of operational performance (Torabi et al.,
2015; Ivanov et al., 2016; Hosseini et al., 2019). Although there is an increasing focus on developing concepts
and methodologies for resilient supply chains, most of the work has focused on its qualitative aspects (Hosseini
et al., 2019). Only limited studies developed quantitative models to analyze the supply chain resilience under
disruption events.
Many modern logistics networks can be modeled as a rather complex intertwined supply network (ISN)
involving a set of interdependent supply chains that provide products and services essential to society (Ivanov
and Dolgui, 2020). Unlike independent supply chains, an ISN involves interconnected supply chains with
dynamic structures, meaning that some entities may play multiple roles in the network (see Figure 1).
For instance, at the beginning of the COVID-19 pandemic, some suppliers in the automotive industry
simultaneously acted as producers of valves for respirators (Aggi, 2020). Despite the increasing attention to
study resilient supply chains, resilient ISNs are rarely addressed in the literature.

Figure 1: supply chains and intertwined supply networks

When dealing with ISNs, all participants must be resilient to tackle disruptions. Therefore, collaboration
among partners plays a crucial role in managing disruptions to operate more efficiently (Duong and Chong,
2020; Shekarian and Mellat Parast, 2020). There are two main types of collaboration studied in logistics
networks: vertical and horizontal. Vertical collaboration aims to incorporate suppliers, producers, and
distributors to provide the most efficient service to the customer in terms of time, quality, and cost (Cruijssen
et al., 2007). Horizontal collaboration is the cooperation between firms that conduct comparable operations
at the same level of the supply chain. The combination of vertical and horizontal collaboration is known as
lateral collaboration, which is rarely studied in the literature (Simatupang and Sridharan, 2002). It mainly
considers the adjustment of inventory and the synchronization of operations from different logistics service
providers.
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There are strategic, tactical, and operational decisions in collaborative logistics. At the strategic level,
participants need to select a coalition. At the tactical level, they have to develop a mechanism to share
benefits or costs, whereas at the operational level, they need to decide which resources and in which order
to share (Cleophas et al., 2019). They may share resources such as raw materials, transportation vehicles,
capacity at manufacturing facilities, distribution centers and warehouses, or exchange customer requests.
Many studies in collaborative logistics consider a grand coalition that has the super-additivity property, i.e.,
the more participants join the collaboration, the more benefit they gain.
In this paper, we introduce a two-stage stochastic collaborative intertwined supply network design problem
(SCIND) that exploits different resilience strategies to mitigate the negative impact of major uncertain disruptions. Each supply chain within the ISN consists of sets of suppliers, manufacturing facilities, distribution
centers, and customers. The uncertainty and risk are represented as disruptions in both the capacities of
facilities and the loss of connectivity in the ISN. To mitigate the disruptions, the proposed model simultaneously considers first-stage strategic decisions involving the selection of a set of facilities requiring a capacity
expansion and second-stage tactical decisions such as multi-product rerouting and lateral collaboration in
the form of crossover capacity sharing of facilities at any level of the network among partners. To the best
of our knowledge, this work is the first to study this important form of collaboration in the resilient supply
chain design literature. We assume a grand coalition has already been formed, satisfying the super-additivity
property. Therefore, the remaining decisions that need to be made at the tactical and operational levels
are identifying a fair mechanism for sharing resources and allocating costs among participants. We use a
Monte-Carlo simulation-based method, known as the sample average approximation (SAA) scheme (Kleywegt et al., 2002), to solve SCIND problems where capacities at facilities and road accessibility are stochastic
parameters with known distributions. We present extensive computational experiments to analyze the robustness of the solutions and efficiency of the proposed model. To this end, the role of collaboration in the
network’s performance is quantitatively assessed using metrics associated with different resilience strategies.
The remainder of this paper is organized as follows. Section 2 reviews the literature on resilient supply
network design problems from different viewpoints. In Section 3, a formal description of the problem and a
two-stage stochastic program is given. Section 4 describes our solution method for the SCIND. The results
of computational experiments are discussed in Section 5 and, finally, we draw concluding remarks in Section
6.

2. Literature Review
In this section, we review three different aspects of resilient interconnected supply network design under
collaboration. We first review resilient supply chain design models under disruptions. We then provide a
succinct review of the most related studies on collaborative supply chain design. This followed by a summary
of the limited work studying collaboration mechanisms in resilient supply networks. Finally, we highlight
the main contributions of our work in view of existing studies.
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2.1. Resilient Supply Chains
Resilience in supply chains has drawn increased attention in the last decade (Pettit et al., 2013; Hosseini
et al., 2019; Goldbeck et al., 2020), in particular on the disruption effects in supply chain network design
(Klibi et al., 2010; Hasani and Khosrojerdi, 2016; Govindan et al., 2017). Supply chains are becoming
more complex, driven by the trend of globalization, which makes all the business partners in the network
vulnerable to disruptions at any level of the network (Li et al., 2020). Hence, it is critical for supply networks
to respond quickly and recover from unplanned and unexpected events (Fattahi et al., 2017). The majority of
existing research on resilient supply chains is qualitative. Christopher and Peck (2004) investigate different
risks incorporated in resilient supply chain design. They underline general principles, including agility and
flexibility, as two main elements of resilience. Craighead et al. (2007) state that the severity level of disruption
significantly depends on the complexity and density of a supply chain and node criticality. Snyder et al.
(2016) discuss the two main approaches in resilience strategies: proactive and reactive. Proactive strategies
are protecting policies without any recovery consideration in the presence of a disruption, while reactive
policies focus on improving the supply chain process where a disruption has occurred.
Alongside the qualitative studies reviewed above, a few models quantitatively assess the impact of resilience strategies in supply chain design. Torabi et al. (2015) study resilient supplier selection incorporating
some proactive strategies, including supplier fortification, backup suppliers, and considering continuity plans
to investigate the impact of disruptive incidents on supplier selection. They quantitatively evaluate the
robustness and speed of the supply chain by calculating the amount of demand loss without considering
resilience strategies and the recovery time needed for full recovery, meeting all demand. Klibi and Martel
(2012) propose a stochastic resilient supply chain network design problem. They suggest different distribution strategies to enhance the resilience ability of the network against disruptions in requested arrival time,
demand, and facilities capacity. Miller-Hooks et al. (2012) present a two-stage stochastic integer program
to quantify the resilience ability of freight transportation logistics in which the proactive decisions are considered in the first stage, while the recovery decisions are made in the second stage. Both types of actions
affect the arc capacities and travel time. Azad et al. (2014) develop a stochastic supply chain network design
considering disruptions in capacity of distribution centers and transportation modes. They consider that
a distribution center may lose a portion of its capacity instead of completely failing under a disruption.
They analyze the effect of disruption probability on design decisions. They show that the number of opened
facilities and utilization of a safe transportation mode increases when the disruption probability increases.
Cardoso et al. (2015) propose a multi-product multi-period model to design a supply chain under demand
uncertainty. They consider different operational and design indicators to analyze resiliency in supply chains.
These indicators include node and flow complexity, density, and node criticality. Kim et al. (2015) study
different supply chain network structures under disruption using graph theory to assess the resilience level
of networks. The result shows that the structural relationships between network entities significantly affect
its resilience ability at the holistic level. They argue that a disruption in a node or arc might cause a major
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failure in the whole network, while there are other nodes or arcs whose loss may not lead to a network-level
disruption because of the way they are configured in the network. Therefore, the resilience strategies for a
network must be developed at a holistic level rather than an individual entity level. Goldbeck et al. (2020)
propose a multi-stage stochastic programming model for the multi-period resilient supply chain planning
problem, determining optimal capacity plans, as well as optimal operational adjustments and allocation of
repair resources. The authors consider disruptions as interdependent failure incidents that have a ripple
effect on the whole supply chain due to failure propagation and functional dependency. They evaluate the
network resilience according to a resilience loss triangle metric related to the amount of satisfied demand.
The results show that sharing resources improves the supply chain performance in terms of resilience ability
as well as resource utilization under interdependent disruption events. Gholami-Zanjani et al. (2020) present
a two-stage stochastic problem incorporating resilience strategies to design a food supply network under
disruptions in demand, order arrival time, and facility capacities. They apply an algorithm based on Benders
decomposition and scenario reduction techniques to solve the proposed model. They assess the effect of
resilience strategies, including backup supplier, multiple sourcing, fortification, and capacity expansion, on
network design decisions. The results indicate that fortification and backup suppliers bring more resilient
solutions against disruptions than the other resilient strategies. We note that, contrary to our work, none of
the studies discussed above evaluated the resilience ability of a set of interconnected supply chains. Moreover,
they do not incorporate collaboration aspects into the considered resilient supply chain design models.
2.2. Collaborative Supply Chain Design
Existing literature reviews on collaborative logistics problems (see, Verdonck et al., 2016; Cleophas et al.,
2019) show that most of the literature can be divided into three categories. The first one, which is the most
common one, is sharing the customer orders to efficiently match orders to available transportation resources
(Bloos and Kopfer, 2011). The second one is sharing vehicle capacity to minimize transportation cost (Wang
et al., 2017), and the last one is sharing storage capacity at distribution centers (Verdonck et al., 2016).
Despite the clear benefits of collaborative logistics, cooperation among organizations is practically limited.
The main impediment for collaboration among players is designing a fair cost-sharing scheme which mainly
falls in the domain of cooperative game theory research in the literature (e.g., Shapley, 1953). Goemans and
Skutella (2004) study a collaborative facility location problem using game theory for both public and private
facilities to find a fair cost allocation to customers such that there is no coalition of customers that intend
to leave. Verdonck et al. (2016) propose a cooperative multi-commodity capacitated facility location model
such that distribution centers are fairly shared among carriers to satisfy all demand. They compare three
different cost allocation mechanisms: Shapley value, the equal profit method, and the alternative cost avoided
method. The results show that the equal profit method finds the most equitable cost allocation among players
in the proposed model. Guo et al. (2022) escribes a mixed-integer linear programming model for designing
multi-echelon, multi-product supply chains. The authors investigate lateral collaboration in production,
distribution, and transportation resources to simultaneously minimize total cost and, sustainability issues,
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as well as maximize the number of jobs provided by the network in the context of social responsibility. They
also propose four cost-sharing mechanisms based on equal-sharing, order-volume, extra-cost, and Shapley
value. The mechanisms address how to share the total cost of the network fairly among players. The results
of this work show that the collaboration significantly reduces the total cost and carbon emissions. Besides,
they find out that among all the cost-sharing mechanisms, the extra-cost strategy ensures that all players
acquire cost reduction equitably. However, none of the considered approaches guarantees stability of the
collaboration.
According to the literature, most studies have focused on order sharing in a customer-centric context,
using cooperative game theory. However, applying game theory often has some downsides, such as its inherent
mathematical complexity, stability, and applicability. To the best of our knowledge, Guo et al. (2022) is the
only work considering a lateral collaboration at every layer of the supply chain. However, they incorporate
different cost-sharing mechanisms that are independent from the collaborative supply chain design decisions
since these features are not integrated into the proposed model. Moreover, none of the proposed mechanisms
guarantees the stability of collaboration with respect to the cost of each player according to its standalone case, i.e., a non-collaborative scenario in which each supply chain operates independently. In this
paper we present an integrated centralized cooperative model, driven by the idea of the equal profit method
(Frisk et al., 2010, see) for a resilient ISN design problem. It incorporates a mechanism for finding a stable
collaboration that minimizes the maximum relative difference in cost-saving and demand satisfaction among
all pairs of partners with respect to their stand-alone cases.
2.3. Collaboration in Resilient Supply Chain Networks
Collaboration is one of the primary strategic responses to tackle disruptions in a supply chain network
(Duong and Chong, 2020). Cao et al. (2010) discuss the nature and characteristics of collaboration in supply
chains such as resource and information sharing, collaborative communication, mutual knowledge creation
and decisions, among all supply network participants. Brusset and Teller (2017) examine the resilience
level of disrupted supply chains. They conclude that collaborative strategies such as continuous inventory
adjustment and sharing information regarding demand forecasting improve the resilience level of a supply
chain significantly. Ivanov and Dolgui (2020) introduce the new concept of viability in intertwined supply
networks. They apply a dynamic game theory model for a biological system representing an ISN to elaborate
on the integrity of collaboration in holistic supply chain networks and survivability under pandemic events.
However, none of the studies quantitatively assess the role of collaboration on the resilience ability of ISN.
2.4. Contributions of This Paper
Despite the significant focus on the role of collaboration in the literature, there exists a gap in investigating how collaboration affects supply chain response and recovery from disruptions and how partners
in a supply chain network collaborate under disruptions. Therefore, this paper makes three contributions
to the supply chain literature. To the best of our knowledge, our work is the first to quantitatively assess
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the effects of collaboration between partners in a resilient ISN, incorporating capacity sharing, rerouting,
and capacity expansion strategies towards managing disruptions. Moreover, it is the first study to consider
lateral collaboration in the form of facility capacity sharing at all levels of the resilient supply chain. Most
of the literature on resilient supply chains focuses on the resilience ability of individual entities instead of
considering resilience from a compound network perspective. Finally, this study investigates the network’s
resilience at the holistic level with dynamic interactions within the ISN.

3. Problem Definition and Mathematical Models
The SCIND is formally defined as follows. Let M be the set of companies (members of a coalition),
K be the set of customer zones, and P be the set of products to produce. Let G “ pV, Aq be a directed
graph, such that the node set V comprises four sets of nodes for each member m P M , including Sm , Im ,
Jm , and K representing their set of suppliers, production facilities, distribution centers, and customer zones,
respectively. We define S “

Ť
mPM

Sm , I “

Ť
mPM

Im and J “

Ť
mPM

Jm . The arc set A comprises three sets of

links for each node i P S YI YJ, including A1i representing the set of arcs connecting two nodes in consecutive
levels of the same supply chain, and A2i and A3i representing the sets of arcs connecting two nodes of the
same level and at different levels of different supply chains, respectively. We assume that direct shipments
between nodes in non-consecutive echelons are not allowed (e.g., from supply nodes to distribution centers).
´
Moreover, A`
i and Ai represent the in-cut and out-cut sets of node i, respectively.

For each k P K and p P P , we denote by dpk the deterministic demand of product p for customer zone k.
When demand cannot be met, we incur a unit penalty cost λp for each product p P P . We assume that the
capacities τi pξq of suppliers, manufacturing facilities, and distribution centers i P S Y I Y J to be random
variables with known probability distribution representing the future available capacity after a disruption
occurs for realization ξ. The capacity of a production facility or distribution center i Y I Y J can be increased
by the deterministic parameter Ti , when a fixed charge cost fi is incurred. It is assumed that products
consume different amounts of capacity at different facilities. The deterministic unit capacity consumption
rate of product p P P in facility i P S Y I Y J is denoted by rip . Without loss of generality, we assume that
each facility can produce or store products of other companies. Whenever it is not possible to produce or
operate a product in a facility, its capacity consumption rate can be set to a value larger than the capacity
of that facility.
The loss of connectivity between two nodes in the ISN can be caused by either a disruption in road
accessibility or a complete failure in the operation of a facility node. We assume that there exist virtual
routes with higher transportation costs as the alternative routes between node pairs. Therefore, if a link
is disrupted, a node pair’s connection might be yet accessible through a virtual route with a higher cost.
However, there might be a complete loss of connectivity between some node pairs due to either a lack of
alternative transportation routes or due to one of the end nodes becoming non-operational. Arc failures
can be modeled implicitly by defining for each arc a P A, a random variable cpa pξq with known probability
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distribution denoting the unit transportation costs of product p P P on arc a P A for realization ξ.
Given the opportunity of collaboration and a set of manufacturing and distribution centers where capacity can be expanded, the first-stage model decides on capacity expansion of facilities and the maximum
percentage of available capacity that companies will share with others when a disruption occurs. According to the realized uncertain scenario and the first-stage information, the second-stage determines the flow
of products from suppliers to customers in an optimal form based on a fair collaboration regarding the
amount of capacity to be shared with others. These decisions are made such that the following objectives
are simultaneously optimized: i) minimize the total cost of the coalition under any disruptive scenario, ii)
maximize the fairness between companies by comparing their performance improvement under collaboration
with respect to their stand-alone case, and iii) maximize the resilience performance by maximizing the difference in unmet demand for each company compared to its stand-alone case. Accordingly, to evaluate the
second and third objectives of SCIND, it is necessary to first obtain an optimal (or approximate) solution to
the non-collaborative two-stage stochastic supply chain design problem (SSCD), which corresponds to the
stand-alone case of each company when operating independently.
3.1. A Two-stage Stochastic Non-collaborative Supply Chain Design Model
We consider the SSCD in which the capacity of facilities and the transportation costs are uncertain for
each coalition member as they operate independently. Let pτ pξq, cpξqq represent the random data vector
of capacities and transportation costs and Ξ denote the support of ξ. It is assumed that τi pξq and cpa pξq
are independent random variables with known probability distribution functions. Let Gm “ pVm , Am q be
a subgraph of G representing the supply chain of company m P M . It comprises subsets of nodes Vm and
arcs Am of G. The arc set Am comprises two sets of arcs for each node i P Sm Y Im Y Jm , including
A1mi representing the set of arcs connecting two nodes in consecutive levels of the supply chain, and A2mi
representing the set of arcs connecting two nodes of the same level of the supply chain. The SSCD for
each coalition member m P M can be formulated as a two-stage stochastic program with recourse, where
the binary variables yi are the first-stage decision variables, denoting the decisions on capacity expansion of
facility i P Sm Y Im Y Jm . The second-stage decisions consist of routing and demand satisfaction decisions.
For each product p P Pm and arc a P Am , we define the continuous variable zap pξq equal to the portion of
product p routed on arc a for realization ξ. For each product p P Pm in customer zone k, we define the
continuous variable wkp pξq equal to the amount of unsatisfied demand of product p in customer zone k for
realization ξ. Using these sets of decision variables, the SSCD for each member m P M can be stated as
follows:
minimize

ÿ

fi yi ` Eξ rφm py, ξqs

(1)

iPJm YIm

subject to

yi P t0, 1u

i P Im Y Jm ,
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(2)

where Eξ rφm py, ξqs is the recourse function and Eξ denotes the mathematical expectation with respect to ξ.
For a given ξ P Ξ and fixed first-stage vector pyq satisfying constraints (2), we have
φm py, ξq “ minimize

ÿ

ÿ

aPAm pPPm

subject to

ÿ ÿ

ÿ ÿ

cpa pξqzap pξq `

λp wkp pξq

(3)

kPK pPPm

rip zap pξq ď τi pξq

i P Sm

(4)

pPP aPA1mi

ÿ

ÿ

zap pξq ´

aPA`
mi

zap pξq “ 0

p P Pm , i P Im Y Jm (5)

aPA´
mi

¨
ÿ

rip ˝

˛
ÿ

ÿ

zap pξq ´

zap pξq‚ ď τi pξq ` Ti yi

i P Im

(6)

i P Jm

(7)

p P Pm , k P K

(8)

zap pξq ě 0

p P P m , a P Am

(9)

wkp pξq ě 0

p P Pm , k P K.

(10)

pPPm

aPA´
mi

ÿ

ÿ

aPA´
mi

pPPm

ÿ

aPA2`
mi

rip zap pξq ď τi pξq ` Ti yi

zap pξq ` wkp pξq “ dpk

aPA`
mk

The objective function (1) minimizes the total cost of the supply chain of company m P M , including the
total capacity expansion cost of facilities and the expected cost of transportation and unsatisfied demand.
Constraints (4) ensure the total flow from each supplier does not exceed its available capacity. Constraints (5)
correspond to the flow conservation on arcs in the second and third layers of the supply chain (manufacturing
facility and distribution center nodes). Constraints (6) guarantee that the total flow from a manufacturing
facility does not exceed its available production capacity. It is assumed that if an order is physically processed
by a manufacturer and then shipped to another manufacturing facility to be transferred to a distribution
center, that order does not consume the production capacity of the second facility. Constraints (7) ensure the
total amount of products shipped via a distribution center does not exceed its available capacity. Constraints
(8) determine the unsatisfied demand.
3.2. A Two-stage Stochastic Collaborative Intertwined Supply Network Design Model
The SCIND can be formulated as a two-stage stochastic program with recourse, where the binary variables
yi and continuous variables qi are the first-stage decision variables, denoting the decisions on capacity
expansion of facility i P S Y I Y J, and the maximum capacity percentage of facility i P Sm Y Im Y Jm that
company m P M will share with other members of the coalition in the future, respectively. The second-stage
decisions consist of routing and demand satisfaction decisions for each product under a fair collaboration.
We now describe the three objectives of the SCIND problem. The first objective is the total cost of the
coalition under disruptive scenario ξ and is formally defined as follows:
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ÿ ÿ

g 1 pz, w, ξq “

cpa pξqzap pξq `

aPA pPP

ÿ ÿ

λp wkp pξq.

kPK pPP

The second objective corresponds to the maximum relative difference in cost between all companies for
each realization ξ. Let ŷim be the value of the optimal first-stage solution of the SSCD problem (1)–(2), and
p
p
z̄am
pξq and w̄km
pξq be the optimal solution of the second-stage problem of the SSCD (3)–(10) associated

with the supply chain of company m P M that performs independently under the particular realization ξ.
Let T Cm pξq be the total cost of company m P M under realization ξ in the stand-alone case, which is defined
as
ÿ

T Cm pξq “

ÿ ÿ

fi ŷi `

p
cpa pξqz̄am
pξq.

aPA pPPm

iPIm YJm

Given T Cm pξq, the second objective can be stated as:

g 2 pz, w, ξq “

$
’
&
max

m,m1 PM,m‰m1

ř

ř

fi yi `

iPIm YJm

aPA pPPm

´

T Cm pξq

’
%

ř

cpa pξqzap pξq

ř

fi yim `

iPIm1 YJm1

ř

ř

aPA pPPm1

,
cpa pξqzap pξq /
.

T Cm1 pξq

.
/
-

The third objective represents the maximum relative difference in unmet demand between all companies
for each realization ξ. Let Λm pξq be the total unmet demand cost of company m P M for realization ξ under
stand-alone case. It is defined as
Λm pξq “

ÿ ÿ

p
Cp w̄km
pξq.

kPK pPPm

Given Λm pξq, the third objective can be stated as

g 3 pz, w, ξq “

$ ř
’
&

ř

kPK pPPm

max

m,m1 PM,m‰m1

Cp wkp pξq

Λm pξq

’
%

ř
´

ř

kPK pPPm1

,
Cp wkp pξq /
.

Λm1 pξq

.
/
-

The last objective relates to the network resilience ability from an operational perspective. It is computed
as the difference in unsatisfied demand by each company compared to its stand-alone case. Minimizing the
difference leads to satisfying the demand as much as possible under a disruption. Besides, it guarantees the
coalition’s stability in the sense that there is no member in the coalition that satisfies its demand less than
in the stand-alone case. Given Λm pξq, the fourth objective can be defined as:
˜
g 4 pz, w, ξq “

¸

ÿ

ÿ ÿ

mPM

kPK pPPm

λp wkp pξq

´ Λm pξq .

Using all sets of decisions variables and parameters discussed above, the SCIND can be stated as:
minimize

θ1

ÿ

fi yi ` Eξ rQpy, q, ξqs

iPJYI
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(11)

subject to

0 ď qi ď 1

iPSYI YJ

(12)

yi P t0, 1u

i P I Y J,

(13)

where Eξ rQpy, q, ξqs is the recourse function with respect to ξ. For a given ξ P Ξ and fixed first-stage vector
pq, yq satisfying constraints (12)–(13), we have
θ1 g 1 pz, w, ξq ` θ2 g 2 pz, w, ξq ` θ3 g 3 pz, w, ξq ` θ4 g 4 pz, w, ξq
ÿ
ÿ
rip zap pξq ď τi pξq
subject to
i P S,

Qpy, q, ξq “ minimize

(14)
(15)

pPP aPAi1 YAi3

ÿ

ÿ

pPP zPm

aPAi1 YAi3

ÿ

rip zap pξq ď τi pξqqi
ÿ

zap pξq ´

zap pξq “ 0

(16)

p P P, i P I Y J

(17)

iPI

(18)

lPA´
i

aPA`
i

˛

¨
ÿ

i P Sm , m P M

rip ˝

pPP

ÿ

zap pξq ´

aPA´
i

ÿ

zap pξq‚ ď τi pξq ` Ti yi

aPA`
i2

˛

¨
ÿ

rip ˝

ÿ

zap pξq ´

aPA´
i

pPP zPm

ÿ ÿ

ÿ

zap pξq‚ ď pτi pξq ` Ti yi q qi i P Im , m P M

(19)

aPA`
i2

rip zap pξq ď τi pξq ` Ti yi

iPJ

(20)

i P Jm , m P M

(21)

p P P, k P K

(22)

zap pξq ě 0

p P P, a P A

(23)

wkp pξq ě 0

p P P, k P K.

(24)

pPP
aPA´
i

ÿ

ÿ

aPA´
i

pPP zPm

ÿ

rip zap pξq ď pτi pξq ` Ti yi qqi

zap pξq ` wkp pξq “ dpk

aPA`
k

The objective function (14) minimizes the weighted sum of the four objectives. The interpretation of
constraints (15), (17), (18), (20), and (22) is the same as that of constraints (4)–(8), respectively. Constraints
(16), (19), and (21) ensure that the total items shared with other players do not exceed the maximum
sharing capacity assigned in each supplier, manufacturing facility, and distribution center, respectively. Since
constraints (19) and (21) are nonlinear, the following equivalent linear constraints are used instead, where
B denotes a very large number:
¨
ÿ
pPP zPm

rip ˝

˛
ÿ

aPA´
i

zap pξq ´

ÿ

zap pξq‚ ď τi pξqqi ` Byi

aPA`
i2
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i P Im , m P M

(25)

¨
ÿ

˛
ÿ

rip ˝

zap pξq ´

(26)

rip zap pξq ď τi pξqqi ` Byi

i P Jm , m P M

(27)

rip zap pξq ď pτi pξq ` Ti qqi ` Bp1 ´ yi q

i P Jm , m P M.

(28)

pPP zPm

ÿ

aPA´
i

pPP zPc

ÿ

ÿ

zap pξq‚ ď pτi pξq ` Ti qqi ` Bp1 ´ yi q

i P Im , m P M

aPA´
i

ÿ

ÿ
lPL`
i2

pPP zPm
aPA´
i

4. Algorithm for the SCIND
In this section, we present a Monte-Carlo simulation technique based on the sample average approximation (SAA) scheme (Shapiro and Homem-de Mello, 1998; Mak et al., 1999) to solve the SCIND. From the
stochastic supply chain design literature, we note that the SAA scheme is an efficient algorithm that has been
successfully used to obtain high-quality solutions for complex stochastic problems (see for instance, Santoso
et al., 2005; Contreras et al., 2011; Martel and Klibi, 2016, and references therein). The SAA scheme relies
on the idea of generating a large number of random scenarios and estimating the expected value function
using the associated sample average function. A candidate solution to the SCIND is then constructed by
solving a deterministic optimization problem.
In the SAA scheme, a random sample N “ tξ 1 , ..., ξ |N | u of realizations of the random vector ξ is generated,
and the second-stage expectation Eξ rQpy, q, ξqs is approximated by the sample average function
˘
1 ÿ ` 1
θ1 g pz, w, ξ n q ` θ2 g 2 pz, w, ξ n q ` θ3 g 3 pz, w, ξ n q ` θ4 g 4 pz, w, ξ n q .
N nPN
Therefore, the original problem is approximated by the SAA problem:
minimize

ÿ

θ1

fi yi `

iPJYI

subject to

ÿ

ÿ

¯
1 ÿ ´ 1
θ1 g pz, w, ξ n q ` θ2 g 2 pz, w, ξ n q ` θ3 g 3 pz, w, ξ n q ` θ4 g 4 pz, w, ξ n q
N nPN

rip zapn ď τin

(29)

i P S, n P N

(30)

rip zapn ď τin qi

i P Sm , m P M, n P N

(31)

zapn “ 0

p P P, i P I Y J, n P N

(32)

i P I, n P N

(33)

i P Im , m P M, n P N

(34)

i P J, n P N

(35)

pPP aPAi1 YAi3

ÿ

ÿ

pPP zPm aPAi1 YAi3

ÿ

zapn ´

aPA`
i

ÿ
aPA´
i

¨
ÿ

rip ˝

pPP

˛
ÿ

zapn ´

aPA´
i

ÿ

zapn ‚ ď τin ` Ti yi

aPA`
i2

¨
ÿ

rip ˝

pPP zPm

ÿ ÿ
aPA´
i

˛
ÿ

aPA´
i

zapn ´

ÿ

zapn ‚ ď pτin ` Ti yi q qi

aPA`
i2

rip zapn ď τin ` Ti yi

pPP

12

ÿ

ÿ

lPA´
i

pPP zPm

rip zapn ď pτin ` Ti yi qqi

i P Jm , m P M, n P N

(36)

p P P, k P K, n P N

(37)

zapn ě 0

p P P, a P A, n P N

(38)

wkpn ě 0

p P P, k P K, n P N

(39)

0 ď qi ď 1

iPSYI YJ

(40)

yi P t0, 1u

i P I Y J,

(41)

ÿ

zapn ` wkpn “ dpk

aPA`
k

where Capn and τin denote the realization of the uncertain parameters of scenario n, and zapn and wkpn the
value of the decision variables of scenario n P N . Given that g 2 pz, w, ξ n q and g 3 pz, w, ξ n q are nonlinear
functions, the following constraints are used to linearize them:
ř
n
ηcost

ě

fi yi `

iPIm YJm

ř

ř

ř

pn
cpn
a za

aPA pPPm
n
T Cm

´

fi yi `

iPIm1 YJm1

ř

pn
cpn
a za

ř

aPA pPPm1
n
T Cm
1

m, m1 P M, m ‰ m1 , n P N
(42)

ř
n
ηloss
ě

ř

Cp wkpn

kPK pPPm
Λnm

ř
´

ř

Cp wkpn

kPK pPPm1
Λnm1

m, m1 P M, m ‰ m1 , n P N,
(43)

n
n
and ηloss
are the maximum relative difference in cost and unmet demand between members of
where ηcost

the coalition, respectively. Given that obtaining the optimal values of T Cm pξq and Λm pξq involves solving
n
SSCD with the SAA scheme for every company m P M , we approximate these values with T Cm
and Λnm

defined as follows:
n
T Cm
“

ÿ
iPIm YJm

n
fi ȳim
`

ÿ ÿ

pn
cpn
a z̄am

aPA pPPm

,

Λm pξq “

ÿ ÿ

pn
Cp w̄km
,

kPK pPPm

pn
n
pn
where pȳim
, z̄am
, w̄km
q is an optimal solution of the first-stage problem of SSCD under the same scenario

n P N considered in the first-stage problem of the SCIND.
Kleywegt et al. (2002) show that under mild regularity conditions, the optimal solution value and the
optimal solution converge with probability one to their true counterparts, as the sample size |N | increases.
Moreover, the optimal solution converges to an optimal solution of the true problem with probability approaching one exponentially fast. We can estimate the sample size |N | needed to obtain an ϵ-optimal solution
to the original problem. However, it is known that such sample size estimate is too conservative for practical
applications. Therefore, a less conservative way is to find a trade-off between the quality of the obtained
solution and the computational time needed to solve the SAA problem (29)–(43). In this approach, the
SAA scheme includes repeated solutions of smaller SAA problems with independent samples rather than
13

solving one large-scale SAA problem. Statistical confidence intervals are then computed on the quality of
the estimated solutions. We now describe this procedure. In Section 5, we show how to select a sample size
that can produce tight and accurate statistical bounds.
|N |

1
1. Generate a set of independent sample M “ tN1 , ..., N|M | u. For each sample Nm “ tξm
, ..., ξm u, solve

the corresponding SAA problem (29)–(43).
|N |

2. Let v Nm , m “ 1, ..., |M | be the corresponding optimal objective value to the sample ξm . The average
objective value of all optimal solutions and their variance can be computed as follows:
N
vsM
“

σv2sN “
M

1 ÿ Nm
v ,
|M | mPM

ÿ
1
N 2
pv Nm ´ vĎ
Mq .
|M |p|M | ´ 1q mPM

N
We note that vsM
is a statistical lower bound for the optimal objective value of the problem (11)–(13),

and σ 2 is the estimated variance of the statistical lower bound (Mak et al., 1999).
y , qs) of the original problem. For instance, we can use one of the obtained
3. Select a feasible solution (s
m m
solutions pŷN
, q̂N q of the SAA problem (29)–(43) to estimate the true objective function (11) as follows:

y , qsq “ θ1
v̂N 1 ps

ÿ

4
1 ÿ ÿ
θe g e pz ˚ , w˚ , ξ n q,
N 1 nPN 1 e“1

fi ysi `

iPJYI
1

where ξ 1 , ..., ξ N is a sample of size |N 1 | generated independently of the sample used in the SAA
problem to obtain ys and qs. Given that the variables of the first stage (s
y , qs) are fixed for each sample,
z ˚ and w˚ are the best optimal solution of the second-stage problem among all samples. It is noted
y , qsq) is an estimate of the upper bound on
that the estimation of the true objective function (v̂N 1 ps
y , qs) used in the second
the optimal solution of the original problem, since the first-stage variables (s
1

stage are feasible. Assuming the sample ξ 1 , ..., ξ N is independent identically distributed (iid), we can
estimate the variance of v̂N 1 ps
y , qsq as follows:

2
σN
y , qsq
1 ps

ÿ
1
“
1
1
|N |p|N | ´ 1q nPN 1

˜
θ1

ÿ
iPJYI

fi ysi `

4
ÿ

¸2
e

˚

˚

n

y , qsqq
θe g pz , w , ξ q ´ v̂N 1 ps

.

e“1

4. The absolute optimality gap of the obtained solution and its variance are calculated according to the
lower and upper bound estimations on the optimal objective value of the original problem (11)–(13)
computed in steps 2 and 3:
N
y , qsq “ v̂N 1 ps
gapps
y , qsq ´ vsM
,
2
2
y , qsq ` σv2sN .
σgap
“ σN
1 ps
M
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5. Computational Experiments
In this section, we present the results of computational experiments to analyze the efficiency and efficacy of the proposed algorithm. We first discuss implementation details concerning the convergence of the
SAA algorithm under different continuous probability distributions. We then present an extensive sensitivity analysis of the proposed model to show the effect of different levels of uncertainty and flexibility on
the performance of the resilient network under uniform and gamma distributions. Finally, we assess the
robustness and challenges of the proposed model on instances with up to 117 nodes and six collaborating
companies. These instances are different in terms of the number of nodes, products and companies as shown
in Table 1. We considered an incomplete graph representing an intertwined supply network. All formulations
and algorithms were coded in C and run on an Intel Xeon E5-2687W v3 processor at 3.10 GHz in a Linux
environment. The formulations were implemented using the Callable Library of CPLEX 12.9.
Table 1: Size of instances

Instance size

1

2

3

4

5

Companies |M |
Suppliers |S|
Producers |I|
DCs |J|
Products |P |
Customers |K|

2
3
3
3
6
30

3
5
5
5
10
50

5
6
6
6
12
60

5
8
8
8
16
80

6
9
9
9
18
90

Nodes

39

65

78

104

117

5.1. Description of Data
We next describe the procedure that is applied to randomly generate different test instances with respect
to the deterministic parameters and disruption scenarios.
5.1.1. Deterministic Parameters
Different instances are randomly generated using the procedure described in Cordeau et al. (2006). The
instances differ in terms of the number of suppliers p|S|q, the number of production facilities p|I|q, the number
of distribution centers p|J|q, the number of customers p|K|q, the number of products p|P |q, and the number of
companies p|M |q in the coalition. For a problem with |K| “ n, the number of suppliers, production facilities,
distribution centers, and products of each company is randomly generated such that |S| “ |I| “ |J| “ tn{10u
and |P | “ tn{5u. Since a facility may produce or store products of other companies, we randomly select the
facilities that can produce or store each product.
The capacity structure is determined as follows. The unit capacity consumption rate of product p P P
in facility i P S Y I Y J is randomly generated from the integer set t1, ..., 15u with a uniform distribution.
Let um be the total capacity needed to meet the total demand for company m P M , and |Sm |, |Im |, |Jm | be
the number of facilities (suppliers, manufactures, distribution centers) of company m P M . The minimum
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capacity of each facility is the total capacity divided by the number of facilities owned by each company (i.e.,
ssm “ um {|Sm |). The initial capacity of a facility ps
u
τi q is randomly selected from the set rα.s
u, β.s
us using a
uniform distribution. We assumed that α “ 1 and β “ |Sc | _ |Ic | _ |Jc |.
The cost structure is determined based on a case study discussed by Martel and Klibi (2016). A fixed
charge cost pfsq for capacity expansion of each type of facilities (production facilities and distribution centers)
is randomly generated in an interval shown in Table 2 using a uniform distribution. Afterwards, the fixed
charge cost of each facility is randomly selected from the set rα.fs, β.fss, where α “ 0.75 and β “ 1.25,
ř
multiplied by τsi { iPI τsi . It ensures that the fixed capacity expansion cost of each facility is relative to its
cpa q of product p P Pm on arc a P A1 is randomly generated using a uniform
size. The original freight cost ps
distribution in an interval shown in Table 2. The freight cost of product p P Pm on arc a P A2 Y A3 is
at most 50% more expensive than the price shown in Table 2, since the origin or the destination of the
shipment belongs to another company. The demand of products and the penalty cost of unsatisfied demand
are randomly generated in the interval r10000, 40000s and r60, 150s using a uniform distribution, respectively.
Finally, parameters θ1 , θ2 , θ3 , and θ4 in objective function (29) reflect the weights to scale the values of
different objectives to the same level of measurement:
θ1 “ θ,

θ2 “ α1 p1 ´ θq,

θ3 “ α2 p1 ´ θq,

θ4 “ 0.1θ.

Parameters α1 and α2 reflect weights to prioritize the fairness in unmet demand cost over the logistic
cost (capacity expansion and freight costs). According to the comparison of different solutions we obtained
through applying different weights to the multiple objectives, we conclude that θ1 “ 0.3, α1 “ 10000, and
α2 “ 200000 are the most proper weights that help the algorithm find an efficient solution.
5.1.2. Disruption Scenarios Generation
We generate a set of random scenarios N “ tξ i , ..., ξ |N | u as a set of realizations of the random vector ξ
for the SAA algorithm. We assume that only a part of the set belongs to disruptive scenarios, which are
randomly generated with uniform and gamma distributions. The rest of the set is the same base scenario,
a given realization of uncertain data without disruptions. To reduce the computational time, we consider a
subset of N , which includes one base scenario along with all disruptive scenarios. Accordingly, we incorporate
a random weight in the objective function that is associated with the base scenario. We generate a random
number between 0 and 1 using a uniform distribution |N | times, and count the number of times (nb ) that
the generated random number is greater than the given disruption probability. The number nb is the weight
of base scenario in the objective function.
The disruption scenarios are generated according to a disruption rate, a random number between 0 and
1 under uniform and gamma distributions that is generated independently for the uncertain capacity and
freight cost (δi pξq/ δap pξq). Recall that we consider disruptions in capacities and road accessibility at any
level of the network. From a practical point of view, it is extremely rare to observe a 100% scale of disruption
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such that all facilities and roads within a network become simultaneously affected by a disruption event.
Therefore, we generate a random number between 0 and 1 using a uniform distribution for each facility and
arc in the network. If the generated number associated with an entity in the network (node/arc) is less than
the given disruption scale (i.e., 20%), that entity is considered to be affected by the disruption scenario.
τi q,
Therefore, we generate the stochastic capacities under uniform and gamma distributions as pp1 ´ δi pξqq.s
and the stochastic freight cost under uniform and gamma distributions as pp1`δap pξqq.s
cpa q for only the facilities
and arcs that are randomly selected to be disrupted under disruption scenario ξ.
Table 2: Freight and facility fixed costs
Freight Cost

Cost
Interval
($)

Fixed Cost

Supplier to
Plant

Plant to
Plant

Plant to
DC

DC to
DC

DC to Customer

Plant

DC

(80, 120)

(10, 60)

(100, 200)

(10, 60)

(20, 45)

(2000000, 4000000)

(1000000, 2000000)

5.2. Practical Convergence of the SAA Algorithm
The goal of the first set of experiments is to assess the practical convergence of the SAA algorithm. We
are also interested in determining the proper number of independent samples |M | with size |N | to obtain the
most efficient configuration of the algorithm. Recall that as the sample size |N | and number of replications
|M | increase, the SAA algorithm provides better feasible solutions with tighter optimality gaps and smaller
variance for the corresponding estimate, at the expense of increasing the computational time. Therefore,
we seek a trade-off between the quality of the generated solution and computational time such that the
algorithm provides a solution with a sufficiently small estimated optimality gap and small variance while
the CPU time stays at a minimum. Different combinations of sample size |N | “ t50, 100, 200, 400u and
number of samples |M | “ t10, 20, 40, 60u are considered to analyze the practical convergence of the SAA
algorithm under both uniform and gamma distributions. Besides, a sample size |N 1 | “ 10000 is used to find
fair estimations of actual optimal solution values. Figures 2 A and B represent the estimated optimality gap
for different values of |N | and |M | under uniform and gamma distributions, respectively.
Figure 2 shows that the algorithm provides a more precise estimate of the optimality gap by increasing
the number of SAA problems associated with a particular value of sample size |N | for both the uniform
and gamma distributions. Figure 2 A indicates that the algorithm with sample size |N |= 200 obtains a
more accurate optimality gap below 0.1% even with a small number of SAA problems considering uniform
distribution. It is also observed that by choosing the sample size |N |= 100, an increase on the number of
problems |M | is required to obtain an accurate optimality gap below 0.1%. Figure 2 B indicates that by
applying sample size |N |= 200, a small number of SAA problems are needed to find a solution with an
optimality gap below 0.1%. While using the other sample sizes, the optimality gap stays above 0.3%, even
if the number of SAA problems is increased.
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Figure 2: Optimality gap for the instance size 2 with different values of |N | and |M |.

Figure 3: Standard deviation for optimality gap for the instance size 2 with different values of |N | and |M |.

Figures 3 A and B show the standard deviation for the optimality gap over different sample sizes |N |
and number of replications |M | under uniform and gamma distributions, respectively. These figures indicate
that the standard deviation is significantly reduced by increasing the sample size for the uniform and gamma
distributions. Besides, we observe that if we choose a large sample size |N |= 200 and |N |= 400, the standard
deviation for the optimality gap is reasonably small for both the uniform and gamma distributions, while for
small sample sizes |N |= 50 and |N |= 100, the standard deviation remains relatively high when the number
of SAA problem is increased.
Figures 4 A and B represent the total CPU time spent for solving SAA problems over different values
of |N | and |M | under the uniform and gamma distributions, respectively. Both figures show that the CPU
time grows when increasing the number of SAA problems |M | and sample size |N |. It seems that the
computational complexity increased almost linearly in |N | to solve the problems. We note that when we use
a large sample size |N |, a small number of SAA problems |M | is required to have an accurate optimality
gap and a small variance. Therefore, it is more reasonable to increase the size of the sample rather than the
number of SAA problems. As a result, sample sizes |N |= 200 and |M |= 20 are used for the remaining sets
of computational experiments.
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Figure 4: Total CPU time for the instance size 2 with different values of |N | and |M |.

5.3. Sensitivity Analysis
In this part of the experiments, we provide the results of a sensitivity analysis of the problem using
different disruption scenarios associated with uncertainty in freight cost and capacity of facilities. For
these experiments, we employ ten different performance indicators from the literature and evaluate them on
different solution networks to assess their behavior when considering different levels of disruption from both
design and performance perspectives.
5.3.1. Effects of Disruptions on Resilient Network Performance and Design
Evaluating resilience is a challenging task. Although there have been efforts in the literature to develop
different metrics for resilience behavior (Cardoso et al., 2015), these often correspond to operational metrics. To evaluate the effect of collaboration from an operational perspective, we consider the following two
indicators that focus on network performance:
demandloss “
costsaved “

col
1 ÿ demandind
loss pmq ´ demandloss pmq
,
M mPM
demandind
loss pmq

1 ÿ costind pmq ´ costcol pmq
.
M mPM
costind pmq

(44)
(45)

These metrics measure the impact of collaboration on total cost and demand loss, respectively, when
compared to the stand-alone case where each coalition member m P M operates independently.
Recall that we incorporate a weight for the base scenario in the objective function as its portion to the
total number of scenarios in the set N , representing the disruption probability in the network. Figure 5
depicts the effect of different disruption probabilities (10% - 75%) on the network performance under the
uniform and gamma distributions for problem size two. It shows that collaboration plays a significant role in
improving network performance under disruptions. It indicates the designed ISN meets on average 40% to
100% of the unsatisfied demand in the stand-alone case disruption, while the cost is increased an average of
at most 50%. We observe that by increasing the probability of disruption in the resilient ISN, the satisfied
demand and cost are decreased. The reason is that there exists more variety of potential disruptions when
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a higher probability of disruption is considered.

Figure 5: Effect of disruption probability on the network performance (G and U stands for Gamma and uniform distributions,
respectively).

We consider four further indicators corresponding to the network design, including node intensity, criticality, flow density, and network complexity.
• Node intensity: it is defined as the average of the utilized capacity of each node over its maximum
capacity. The utilized capacity is the sum of the flows adjacent to each node.
• Criticality: it is assessed by critical nodes in a network. A node is critical when the ratio between the
sum of inbound and outbound flows of the node and total flows of the network is greater than a target
determined by decision-makers. In these experiments, we consider a 20% target.
• Density: it is the ratio between the number of arcs with the actual flow and the total number of arcs
in the network.
• Complexity: it is evaluated by the number of nodes, products, and partners in a coalition.
Table 3: Network design indicators

Problem size 2

Gamma distribution

Uniform distribution

Pobability of disruption scenarios

10%

25%

50%

75%

10%

25%

50%

75%

Intensity (%)
Critical (number)
Density (%)

0.70
1.80
0.15

0.66
2.13
0.14

0.67
2.51
0.15

0.55
2.82
0.15

0.78
1.30
0.19

0.59
2.50
0.16

0.53
2.98
0.15

0.52
3.08
0.17

Complexity

3 players, 10 products, 65 nodes

Table 3 shows the effect of the disruption probability on the network design metrics for both the uniform
and gamma distributions. It shows that the number of critical nodes increases when increasing the probability
of occurrence of disruption scenarios under the uniform and gamma distributions. However, we observe that
the intensity of nodes (i.e., used capacity) slightly decreases when increasing the probability of disruption,
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given that the amount of satisfied demand decreases. Moreover, the probability of disruption seems not to
have a major affect on the density rate under both distributions.
The following five metrics are applied from the design perspective to evaluate the impact of collaboration
on a resilient network, including intensity, critical and density rates, shared capacity, and capacity expansion
with and without collaboration. We say that a node is intense when capacity utilization is over 90%. The
intensity rate is the ratio between the number of intense nodes in collaborative and stand-alone cases, that
is:
Intensityrate “

intenseind ´ intensecol
.
intenseind

(46)

Criticality and density rates are also assessed through the same logic as the intensity rate. Shared capacity
is the average capacity of facilities shared with others in the coalition. The last indicator is the capacity
expansion which is the total capacity extended in ISN and individual supply chains under disruptions. Table
4 presents the design indicators values under different probabilities of disruption considering both the uniform
and gamma distributions.
Table 4: Effect of disruption probability on collaboration role in the network design

Problem size 2

Gamma distribution

Uniform distribution

Probability of disruption scenarios

10%

25%

50%

75%

10%

25%

50%

75%

Intensity rate
Criticality rate
Density rate
Shared capacity
Capacity expansion without collaboration
Capacity expansion with collaboration

-1.30
0.69
0.70
0.35
0.11
0.02

-1.30
0.70
0.70
0.33
0.11
0.06

-1.20
0.70
0.70
0.34
0.11
0.13

-0.20
0.70
0.69
0.25
0.12
0.15

-1.30
0.72
0.64
0.39
0.12
0.14

-1.10
0.73
0.67
0.28
0.14
0.159

-0.90
0.69
0.71
0.35
0.11
0.19

0.02
0.68
0.68
0.19
0.12
0.34

From Figure 4, we note an improvement on collaboration in all indicators except the intensity rate.
The negative value of intensity rate shows that the number of intense nodes under collaboration is greater
than stand-alone case, since incorporating collaboration results in satisfying more demand under disruption,
which causes an increase of capacity utilization. In contrast, collaboration results in less critical nodes
and density in the network. Besides, we observed that changing the disruption probability does not affect
the collaboration impact on the corresponding indicators except the intensity rate. Because there exists a
higher variety of potential disruption scenarios when a higher probability of disruption is considered, and
consequently, we may face severe disruptions that even a collaborative network cannot be fully resilient.
5.3.2. Disruption Scale
We are also interested in analyzing the effect of disruption scale on the resilience behavior of the network.
Therefore, we assess the network of problem size two over different disruption scales ranging from 10% to
100%. For these experiments, we assume a 25% probability of disruption. Table 5 presents the effect of
disruption scale on the network performance and design indicators.
This figure shows that the growing disruption scale deteriorates the collaboration impact on the design
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Table 5: Effect of the disruption scale on the network performance and design

Problem size 2

Gamma distribution

Uniform distribution

Disruption scale

10%

25%

50%

100%

10%

25%

50%

100%

Intensity rate
Criticality rate
Density rate
Shared capacity
Saved cost
Saved demand loss

-0.67
0.74
0.72
0.30
-0.10
0.68

-1.30
0.698
0.70
0.33
-0.13
0.37

-1.40
0.65
0.66
0.38
-0.47
0.47

-1.80
0.61
-0.04
0.34
-1.90
0.61

-0.55
0.815
0.73
0.28
-0.02
0.96

-1.10
0.73
0.67
0.28
-0.49
0.84

-0.90
0.64
0.67
0.37
-0.59
0.80

-1.00
0.58
0.59
0.40
-0.88
0.55

indicators, including intensity, criticality, density rates, and shared capacity of the network. Figure 6 indicates
that a higher cost is required to satisfy almost the same demand by growing the scale of disruption in the
network. For instance, under the uniform distribution, the network costs two times more than the standalone case to satisfy the demand loss by 61%, when the disruption scale is 100%, while the cost is almost
the same as the stand-alone case to improve the same amount of unmet demand when the disruption scale
is 10%.

Figure 6: Effect of the disruption scale on the network performance (G and U stands for gamma and uniform distributions,
respectively).

5.4. Effects of Flexibility and Complexity on the Resilient Network Performance and Design
We next conduct a sensitivity analysis of the model for different levels of flexibility and complexity of
the network. We are interested in observing how different levels of flexibility or complexity affect the ISN
resilience behavior in design and performance.
5.4.1. Network Flexibility
We incorporate three resilience strategies simultaneously, including capacity expansion of plants and
distribution centers, rerouting, and collaboration. In practice, several challenges and restrictions may not
allow players to collaborate at every level of their supply chains. Therefore, we consider different levels
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of flexibility such that there is a probability for all nodes of the network to be eligible for rerouting or
collaboration.
Table 6: Effect of flexibility level on the network design

Problem size 2

Gamma distribution

Uniform distribution

flexibility

25%

50%

75%

100%

25%

50%

75%

100%

Intensity rate
Criticality rate
Density rate
Shared capacity

-1.73
0.69
0.66
0.37

-1.65
0.68
0.67
0.34

-1.30
0.698
0.70
0.33

-1.20
0.73
0.71
0.32

-0.96
0.77
0.64
0.32

-0.85
0.81
0.58
0.24

-0.76
0.73
0.67
0.28

-0.64
0.80
0.69
0.32

Table 6 shows the network design and performance indicator values for different levels of flexibility,
ranging from 25% to 100%. We observe that by increasing the flexibility level, the collaboration has a more
significant effect on improving the resilience behavior from the performance perspective. However, from
the design perspective, it only affects the intensity rate to obtain less intense nodes in the network. Other
indicators, including criticality and density rates and shared capacity, are almost the same over different
levels of flexibility.

Figure 7: Effect of flexibility on saved demand loss and cost (G and U stands for gamma and uniform distributions, respectively).

Figure 7 depicts the effect of different levels of flexibility on network operational metrics. As expected,
by increasing the network flexibility, the saved demand loss and the corresponding cost are improved. We
also note that changing the flexibility level has less effect on improving the demand loss under the gamma
distribution than the uniform distribution.
5.4.2. Network Complexity
Recall that the complexity of a network is evaluated based on the number of nodes, products, and
collaborating players in this paper. Therefore, we order networks by their level of complexity as shown in
Table 1. The main challenge in a coalition is establishing a fair collaboration between partners. For this
reason, we are interested in evaluating the fairness of collaboration in terms of cost and demand loss between
partners by increasing the network complexity. Figure 8 A shows the effect of network complexity on the
fairness of collaboration between partners under both the uniform and gamma distributions. In particular,
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it shows that fairness of demand loss is higher than fairness of the cost between partners over different levels
of the network complexity for both distributions.

Figure 8: Effect of complexity on fairness of collaboration (A) and performance of the network (B) (G and U stands for gamma
and uniform distributions, respectively).

When a network is more complex, it is more challenging to establish fairness between partners. For
instance, in problem size one and two, when there are two or three players, the model obtained the optimal
solution with less than 10% difference in the improvement of cost or demand loss between players when
they are collaborating. The optimal solution of problem size five is less fair since there are six players in
the coalition, and the network is much more extensive. Figure 8 B presents the effect of different levels of
complexity on the network performance. It shows that collaboration has a more significant effect on network
performance when the network is more complex. This figure supports the grand coalition property. Since
more partners join a coalition, there are more potential resources to share within the network, which boosts
the resilience ability of the network against disruptions.
Figure 9 shows the impact of collaboration on the design of resilient networks with different complexity.
We observe that by increasing the complexity, collaboration has a more significant effect on the resilience
behaviour of the network from the design perspective. Collaboration in more complex networks resulted
in fewer critical nodes, lower density, and more shared capacity between partners in the network under
disruption.
The last part of the computational experiments evaluates the performance of the SAA algorithm for
different sizes of the problem with up to 117 nodes. Tables 7 and 8 present the summary of the computational
results of the SAA algorithm under the gamma and uniform distributions, respectively.
Table 7: Computational results for 10 instances using gamma distribution.

Problem size

Size 1

Size 2

Size 3

Size 4

Size 5

Mean %GAP
CI at %95
SD for %GAP
Time(minutes)

0.11
(-0.03 , 0.25)
38660.24
5.54

0.06
(-0.15 , 0.27)
392956.40
25.60

-0.017
(-0.15 , 0.11)
346976.47
121.70

0.06
(-0.13 , 0.25)
635992.31
288.10

0.03
(-0.16 , 0.20)
639889.67
899.20
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Figure 9: Effect of network complexity on collaboration role in the resilience network design (G and U stands for gamma and
uniform distributions, respectively).
Table 8: Computational results for 10 instances using uniform distribution.

Problem size

Size 1

Size 2

Size 3

Size 4

Size 5

Mean %GAP
CI at %95
SD for %GAP
time(minutes)

0.09
(-0.19 , 0.37)
74651.09
7.20

0.01
(-0.19 , 0.22)
532693.68
13.60

0.49
(0.34 , 0.64)
319872.37
70.01

0.05
(-0.11 , 0.21)
535055.94
177.52

-0.02
(-0.20 , 0.15)
576401.48
331.70

The results of both tables show the efficiency of the SAA algorithm for SCIND. Under both the uniform and gamma distributions, the SAA algorithm always obtained the best solutions with the estimated
optimality gaps below 0.10%, except for the problem size three-under uniform distribution with 0.49%. The
upper bound of the confidence intervals is always less than 0.38%, except for the same problem with 0.64%.
The last observation is that the computational time for the SAA algorithm significantly grows by increasing
the size and complexity of the problem.

6. Conclusion
The role of collaboration in the resilience ability of supply chains under disruption has become more
visible in recent years. In this paper, we presented a two-stage stochastic optimization framework to design
collaborative ISNs under multiple disruptions. We incorporated three different resilience strategies including
capacity expansion, capacity sharing, and rerouting. The first-stage decisions determine how much companies
have to extend their capacities, and how to form a fair collaboration in terms of the maximum percentage of
capacity they will share with others. The second-stage decisions identify the optimal product flows according
to the first-stage information and the realized uncertainty scenario. It provides guidelines to collaborate fairly
in terms of the amount of capacity shared between partners, and which product flows must be rerouted to
improve the resilience against disruptions.
We developed a Monte-Carlo simulation-based algorithm and analyzed the robustness and efficiency of
the proposed model on a set of instances with up to 117 nodes and six collaborating companies. The
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first set of experiments showed the practical convergence of the SAA algorithm under uniform and gamma
distributions. The computational experiments on different sizes of instances depicted the efficiency of the
applied algorithm under both distributions. It obtained the best solutions with estimated optimality gaps
below 0.10% in reasonable computational times. We conducted an extensive sensitivity analysis regarding
the role of collaboration on the intertwined supply network performance based on ten different quantitative
indicators of the network performance from the design and operational perspectives. The experimental
results highlighted the significant role of collaboration in improving the resilience ability of ISNs.
Finally, we would like mention some practical aspects that we have left aside due to space limitations
that lead to interesting lines of future research on resilience and collaboration in intertwined supply chain
design. For instance, there exist several human-triggered and natural incidents that result in consecutive
disruptive events. There may also exist correlation between consecutive disruptions, such that an incident
may alter the severity and occurrence probability of potential disruptions in a near future. Therefore,
designing a resilient network under consecutive disruptions with unknown probability distributions is an
interesting direction of research. In the classical setting of stochastic programs, the stochastic process is
independent of decisions made in the system. In practice, there are several cases where decisions affect
the remainder of the stochastic process. Incorporating endogenous uncertainty in designing resilient supply
network under disruptions is another promising avenue of future research. Considering the effect of decisions
such as resilience strategies on the stochastic process of the problem may provide more precise decision tools
for designing resilient supply chains.
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