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Abstract

The complexity of the global supply chain has increased dramatically over the past few decades as a result
of uncertainty caused by various factors. This paper studies the optimal strategy for supply chain resilience
models considering supply disruptions and demand fluctuations. We present two-stage stochastic program-
ming models based on different scenarios, including a risk-neutral model that considers the expected total
cost, a risk-averse model that considers the conditional value-at-risk measure, and a responsiveness model
that considers the service level. We also propose multiobjective mathematical programming that considers all
three models simultaneously and suggests the solution approach. Finally, we present the results of compu-
tational experiments and demonstrate how to cope with uncertainty through flexibility and redundancy. We
offer a set of nondominated solutions from the multiobjective model and derive managerial insights, which
suggest a decision-making strategy between the disruption risk, expected total cost, and service level.

Keywords: supply chain risk management; supply chain resilience; risk-averse model; decision support system; multiob-
jective model

1. Introduction

Disruption typically occurs in a supply chain because of the complexity and uncertainty of global
supply chains (Meena and Sarmah, 2016; Taleizadeh, 2017). Especially during and after the worst
of the COVID-19 pandemic, there was a negative impact on supply chain operations due to the fluc-
tuations in production and demand (Sarkis, 2020; Chowdhury et al., 2021; Yang et al., 2024). For
this reason, the focus on supply chain risk management has expanded among researchers and prac-
titioners because of worries about unforeseen catastrophic incidents (Sodhi et al., 2012; Ho et al.,
2015; Li et al., 2022). Therefore, a risk-averse model considering uncertainties in the supply chain
will be necessary and practical for decision-makers in a rapidly changing environment (Taghizadeh
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and Venkatachalam, 2023). In addition, restoring the supply chain through recovery after the dis-
ruption has become an important decision in practice (Ivanov et al., 2017; Khamseh et al., 2021).

While the probability of a supply chain disruption is low, its potential implications are severe
and can produce undesirable consequences, making it a crucial attribute to consider (Snyder et al.,
2016; Shen and Li, 2017). To deal with this disruption situation, estimating the expected supplier
dependency ratio, and intensively managing items based on the ratio is necessary. In other words,
the risk can be mitigated by sourcing items from various suppliers. Individual supplier disruption
and disruption of all suppliers within the same region must be considered at the same time. We
define regional disruption as a larger-scale disruption involving the disruption of many suppliers.
As a result, regional factors reflect the disruption from all regional suppliers and the large-scale
investment for trade with a specific region as a regional contract cost. We also propose a study
that considers both supply risk and demand risk simultaneously. When supply disruptions occur,
market demand fluctuations dramatically increase. In a chaotic situation, customers tend to hoard
in preparation for an uncertain situation. Reflecting on this, we consider demand fluctuations for
each scenario according to the level of disruptions.

Methodologies for supply chain resilience include flexibility and redundancy (Kamalahmadi
et al., 2022). Flexibility refers to the capability to increase the production of suppliers temporarily.
Emergency procuring cost occurs because it temporarily increases the capacity of an undisrupted
supplier. On the other hand, redundancy refers to a strategy in which a backup supplier is con-
tracted in advance and supplied in a disruption situation. In this case, procuring cost is the same
but the backup contract cost occurs. This paper explores recovery strategies to enhance supply
chain resilience, effectively managing after disruptions.

Two-stage stochastic programming is a well-known mathematical model that can reflect our
problem situation well (Torabi et al., 2015; Walker and Kwon, 2024). In the first stage, supplier
selection and order allocation decision-making are made before a disruption occurs. In the sec-
ond stage, decisions are made to recover through flexibility and redundancy after the disruption
uncertainty is realized. This study also discusses the risk-averse supply chain resilience model. Con-
ditional value-at-risk (CVaR) is a popular risk measure defined as the expectation of the «-tail
scenarios (Gao et al., 2019; Filippi et al., 2020). By creating disruption scenarios, we minimize the
CVaR measure to evade the worst-case scenario. As a result, when a disruption has catastrophic
consequences, the risk-averse model is more prone to make reasonable decisions.

Multiobjective mathematical programming (MOMP), which makes various decisions simulta-
neously, has recently received much attention (Yu and Goh, 2014; Margolis et al., 2018; Ozkan,
2023). Objective functions have a trade-off with each other, and it is essential to strike a good bal-
ance. MOMP seeks solutions that are as close to the Pareto frontier as possible. The Pareto frontier
is the set of nondominated solutions in which improving one objective function does not improve
at least one other objective function (Chiandussi et al., 2012; Petrelli et al., 2021). A traditional
method for generating the Pareto frontier is the e-constraint method. This method optimizes one
objective, while the other objectives are constrained using a parameter €. The major drawback of
this method is that the solutions cannot be guaranteed to be efficient because the parameter vector
must be contained in the domain of the objective functions. Mavrotas (2009) offered an enhanced
form, the augmented e-constraint method (AUGMECON), to address this problem. This method
enables the generation of weakly Pareto optimal solutions while speeding up the overall process
by avoiding redundant iterations. Afterward, an improved version of the augmented e-constraint
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method (AUGMECON?2 was developed to improve AUGMECON by introducing the concept of
lexicographic optimization and bypass coefficient, which performed better for generating Pareto
sets by Mavrotas and Florios (2013).

We aim to propose supply chain resilience models considering supply disruptions and demand
fluctuations, and decision-making is performed to restore the supply chain through flexibility and
redundancy for each disruption scenario. We introduce the risk-neutral model that focuses on the
expected total cost, the risk-averse model that considers the CVaR measure, and the responsiveness
model that evaluates the service level. In addition, we develop a multiobjective model by utilizing
the solution approach of AUGMECON?2, considering the three models simultaneously. Finally, we
present the supplier and regional dependency ratios, which can be used to build an appropriate
portfolio, and we compare the performance of various models using numerical experiments. We
provide a Pareto frontier and managerial insights as a result of the multiobjective model.

The subsequent sections of this paper are structured as follows. Section 2 reviews the relevant lit-
erature related to our study and highlights the research gaps where our research offers noteworthy
contributions. The problem statement for the risk-neutral, risk-averse, and responsiveness models
for supply chain resilience with stochastic measures is presented in Section 3. Section 4 combines the
three models to create a problem statement for the multiobjective model and suggests the solution
approach. Section 5 contains numerical experiments for both the single-objective and multiobjec-
tive models. We analyze the performance of each model from various perspectives. Section 6 brings
the paper to a close.

2. Literature review

In this section, we provide an in-depth review of existing literature to pinpoint and highlight the
research gaps that this paper tackles.

2.1. Supply chain uncertainty

Several previous studies have considered supply chain uncertainty, such as supply disruptions and
demand fluctuations (Kamalahmadi and Mellat-Parast, 2016; Sawik, 2016; Esmaeili-Najafabadi
et al., 2021; Bilir, 2023). Kamalahmadi et al. (2022) examined the impact on supply chain respon-
siveness of a semisuper event that causes regional disruption. Sawik (2014) suggested the concept
of regional disruption separately from local disruption. There have also been previous studies in the
supply chain that considered demand uncertainty. Liu et al. (2020) developed a newsvendor model
that determines the optimal order quantity for retailers by considering demand uncertainty. Jin
et al. (2024) presented a model in which retailers consider uncertain demand and defective products
in a two-echelon supply chain via the Stackelberg game. Chen et al. (2023) examined how demand
disruptions affect optimal pricing and product allocation strategies in a dual-channel system un-
der varying capacity constraints. However, there has been no previous research that simultaneously
considered supplier and regional disruption and demand fluctuations as types of uncertainty in the
supply chain model.
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2.2. Supply chain resilience model

Much of the current research on supply chain resilience is based on qualitative methods (Clement
et al., 2021). A limited number of quantitative approaches specifically evaluate the performance of
supply chain resilience or investigate how various mitigation strategies influence resilience in supply
chains (Alikhani et al., 2023; Ghomi et al., 2023). Hosseini et al. (2019) proposed a model for
resilient supplier selection and order allocation considering cost and distance, and the augmented
e-constraint method (AUGMECON) is applied to deal with the biobjective model. Haeri et al.
(2020) designed a multiobjective integrated model to improve blood supply chain resilience using an
interactive fuzzy approach. Sawik (2022) proposed supply chain resilience through prepositioning
and backup suppliers through two-stage stochastic programming. Falsafi et al. (2022) presented a
resilience model for transport modes considering disruptions in the automotive supply chain. This
study proposes a supply chain resilience model considering a risk-averse strategy.

2.3. Multiobjective mathematical programming

Among various methodologies for solving MOMP, we apply the improved version of the aug-
mented e-constraint method (AUGMECON?2) model to effectively and efficiently estimate the
Pareto frontier, and the performance is compared and analyzed through numerical experiments.
There exist several recent preceding studies utilizing AUGMECON and AUGMECON?2 (Hosseini
et al., 2019; Shafiee et al., 2022). Shekarian et al. (2020) presented a multiobjective model consid-
ering disruption in the supply chain and analyzed the effect of flexibility and agility through AUG-
MECON. Recently, Eskandari et al. (2023) utilized AUGMECON to optimize product assortments
based on customer preferences, aiming to maximize expected revenue and customer satisfaction. It
has been demonstrated that AUGMECON? efficiently obtains the Pareto frontier. Aboytes-Ojeda
et al. (2022) designed the biofuel supply chain with uncertainty and applied AUGMECON to solve
the biobjective model considering the expected total cost and CVaR. Shafiee et al. (2022) applied
AUGMECON?2 to deal with the multiobjective model in the supply chain network. In this study, we
compare AUGMECON?2 with a convex combination model and analyze how effectively it estimates
the Pareto frontier.

Table 1 outlines the recent studies related to the supply chain model considering uncertainty,
highlighting the research gaps through an extensive literature review. Our paper addresses these
gaps by presenting an integrated model of the supply chain resilience model that considers both sup-
ply disruptions and demand fluctuations. While most existing studies adopt a risk-neutral model,
this paper introduces a risk-averse model considering value-at-risk (VaR) and CVaR as risk mea-
sures. Furthermore, we developed MOMP that integrates risk-neutral, risk-averse, and responsive-
ness models. The comprehensive literature review, as shown in Table 1, supports that our study on
the integrated model of supply chain resilience is pioneering.

This paper makes several key contributions, which are outlined as follows:

* We define the supply chain resilience model by considering supply disruptions and demand fluc-
tuations, offering a more accurate assumption of potential uncertainties in the supply chain. In
addition, we propose a decision support system to restore a supply chain in a scenario where

© 2024 International Federation of Operational Research Societies.

85U80 |7 SUOWIWOD aAIeaID 3(cedljdde au Aq pausenob ae sejonfe VO ‘@SN JO S9N 10} A%eiq18uluO A1 UO (SUORIPUOO-pUe-SWLRILIO" A8 | 1m" AfeIq U1 |UO//SANY) SUORIPUOD pUe SWe 1 8y} 89S *[5202/20/0T] uo AriqiTauliuo Ae|im ‘AisieAun uoleN [noes Aq 6SYET 103/TTTT OT/I0p/Woo A3 M Akeiq1jeuljuo//Sdny Wo. papeojumod ‘¥ ‘5202 ‘S66ES.1T



14753995, 2025, 4, Downloaded from https://onlinelibrary.wiley.com/doi/10.1111/itor.13459 by Seoul National University, Wiley Online Library on [10/02/2025]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

INOOAIWONY  puewodp ‘uordar Jorddng AeAD “UBA A’ A’ Apnys sy,
SWIYILIOS[E ONSLINSH puewsp “rryddng - A, - (€£207) 'Te 30 Tuey Y
NODHNODNV puewop orddng - » » (€207) "Te 10 IwoynH
QIBM1JOS [BIOIWWIO)) uor3ar ‘1arddng ABAD “dBA M — (2202) mes
INODAINODNV JTorjddng - » » (TT07) Te 12 22gEYS
SW)IIOS[E JNISLINAY-RIAN uor3ar Tarddng ABAD “UBA — — (1202) ‘T® 12 1peqRJRlRN-T[IoRWSH
NODINODHNV JIorddng qeA A’ A’ (6107) 'Te 30 Turssoy
(9102)
AIBM}JOS [RIDIOWIWIO)) uor3ar Tarddng — M — ISeIRJ-1R[[OJA PUR IpRWYR[RWEY]
QIBM1JOS [BIOIWWIO)) uor3ar ‘1arddng ABAD “dBA — — (9107) qmes
NODdINODNV Jorddng - VA VA (S102) '[e 12 1qeI0],
yoeoidde uornnjog Kyureyrooun jo sadA7, aInseawr ysry Q0URI[ISTY 2ANd[qOTNIA 90In0S

Ajure11oun SULIdPISUOD sepowr ureyd Afddns Juooay
[ 919eL

J. Lee and I. Moon / Intl. Trans. in Op. Res. 32 (2025) 1834-1860

© 2024 International Federation of Operational Research Societies.

1838



J. Lee and I. Moon / Intl. Trans. in Op. Res. 32 (2025) 1834-1860 1839

uncertainty occurs. This assists policymakers in building a robust supply chain in dealing with
uncertainty.

* We introduce a risk-averse model, considering VaR and CVaR as risk measures alongside a risk-
neutral model that calculates the total expected cost. The CVaR is evaluated using an equivalent
equation, leading to the scenario-based risk-averse model that significantly accounts for worst-
case scenarios. We also offer a responsiveness model, which considers the service level.

* We develop multiobjective models to integrate risk-neutral, risk-averse, and responsiveness mod-
els. These models allow decision-makers to evaluate how increased expected costs can offset dis-
ruption risks. In addition, we design a decision support system by suggesting various reference
points between expected cost, risk cost, and service level.

* We apply AUGMECON?2, a recently developed solution approach, to solve the multiobjective
model effectively and efficiently. Through numerical experiments, we compare and analyze the
performance of various models. Finally, we establish a Pareto frontier with the multiobjective
model and derive managerial insights.

3. Supply chain resilience models

This section defines two-stage stochastic programming for supply chain resilience models. We de-
sign a supply chain network with the supply chain of appliances such as phones and refrigerators
in mind. We consider various types of risks that may arise from appliance manufacturers. In this
study, we categorize suppliers based on regional characteristics. We divide them into K regions
and assume that the number of suppliers in the region k is I;. Each supplier provides items to re-
tailers, who then sell the items to customers. In the first stage, we select regions to contract and
select suppliers existing in those regions as prime or backup suppliers. Decisions about order allo-
cation are made under normal situations that do not consider the occurrence of disruption. In the
second stage, a recovery strategy is established to cope with supply disruptions and demand fluctu-
ations. For the recovery, the prime suppliers can temporarily increase the production quantity, and
backup suppliers can provide emergency items immediately. Finally, penalties and refunding costs
are imposed on unsatisfied items. The risk-neutral model that considers expected total cost would
contract low-cost suppliers in reasonable regions. On the other hand, the risk-averse model that
considers the impact of disruption risks and demand fluctuations would prefer a mix of expensive
but reliable suppliers. The responsiveness model takes as many strategies as possible to recover the
supply chain, regardless of cost.

We consider a finite set of disruption scenarios w € Q2 = {w;, w», ..., s} and the probability of
each scenario w with P,. We consider normal, supplier disruption, and regional disruption situ-
ations for the scenarios. The disruption probability of a supplier i in the region k is defined as
Bix. When all suppliers in the same region are disrupted, this is referred to as regional disruption.
The regional disruption probability for region k is defined as n;. When a disruption occurs, demand
fluctuates as customers stock up on items. We reflect on the situation in which demand increases for
each disruption scenario. In particular, when regional disruption occurs, there is a surge in demand.
Therefore, the realized market demand can finally be calculated by adding the demand fluctuation
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Table 2

Indexes and parameters

i Index of supplier’s typei € I = {1,2, ..., It}

k Index of regions type k € K = {1, 2, ..., K}

w Index of disruption scenario w € Q = {wy, wy, ..., ws}

Cik Procuring cost purchased from supplier i located in region k
ecik Emergency procuring cost purchased from supplier i located in region k
peapix Capacity of prime supplier i located in region k

beapi. Capacity of backup supplier i located in region k

Dik Prime contract cost of supplier i located in region k&

bix Backup contract cost of supplier i located in region k

tix Transportation cost of supplier i located in region k&

S fi Supplier flexibility of supplier i located in region k

T Regional contract cost of region k

d Expected market demand

0 Demand fluctuation parameter

m Unit shortage cost

P, Probability of scenario w

D, Realized market demand of scenario w

status;i, 0 if supplier i located in region k is disrupted in scenario w; otherwise 1
Bir The probability of disruption for supplier i located in region k
Nie The probability of disruption for suppliers located in region &
o Tolerance level

parameter 6 according to the disruption scenario to the expected market demand as follows:

0
P,

ci and ecy, are the procuring and emergency procuring costs purchased from supplier i located in
region k, respectively. pcepy and beapj. are the capacities of prime and backup supplier i located
in region k, respectively. p; and b are the prime and backup contract costs of supplier i located
in region k, respectively. ;. is the transportation cost of supplier i located in region k. sfj is the
supplier flexibility of supplier i located in region k that can temporarily increase the capacity of
the supplier. We also define the regional contract cost of the region k as r; and unit shortage cost
as m. status;,, represents the status of the supplier i located in region k in scenario w. In the risk-
averse model, @ represents the tolerance level for the risk measure. Definitions for all indexes and
parameters are shown in Table 2.

Table 3 provides a summary of the decision variables at the first and second stages. In the first
stage, regions and suppliers are contracted with order allocation. In the second stage, disruption
scenarios are realized and deal with decision-making to recover through flexibility and redundancy.
In addition, we consider penalties and refunding costs for the unfulfilled quantity due to supply dis-
ruptions and demand fluctuations. In the risk-averse model, which will be explained in Section 3.2,
7, and VaR are the decision variables.
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Table 3
Decision variables

First-stage decision variables

aix Order allocation from supplier 7 located in region k
Xite 1 if supplier 7 located in region k is contracted as a prime supplier; otherwise 0
Vik 1 if supplier i located in region k is contracted as a backup supplier; otherwise 0
Z 1 if region k is contracted; otherwise 0

Second-stage decision variables
Gike Quantity of items from prime supplier i located in region k of scenario w
eGike Quantity of emergency items from prime supplier i located in region k of scenario w
bGire Quantity of emergency items from backup supplier 7 located in region k of scenario @
U, Quantity of unsatisfied items in scenario w
T, Tail cost of scenario w
VaR, value-at-risk measure for a given tolerance level o
3.1. Risk-neutral model

We present scenario-based two-stage risk-neutral stochastic programming to minimize the expected
total cost. The objective function F consists of supplier selection and order allocation costs for the
first stage and recovery costs through flexibility and redundancy with the transportation, penalty,

and

refunding costs considering each scenario with uncertainty for the second stage. Therefore, the

risk-neutral model that minimizes expected total cost is defined as follows (risk-neutral model):

min f; = Z Zpikxik + Z Z by + Z Frzik + Z Z Cik ik

iel kek icl kek kek icl kek

+Y YN Pofeabgicn + tnGico + Divo + i) + eCieqixy + mu,

icl keK weQ

+ (statusir, — 1)ciai}, 2
subject to Z Z ag =d, 3)

icl kek
X <zx Viel, Yk eK, 4)
vik <zx Viel, Yk e K, &)
X +yue <1 Viel, VkeKk, (6)
ay < xjpeapy  Viel, Yk € K, (7
Giteo = apStatusy, Viel, Yk e K, Yo € Q, (®)
eqikw < Xipcapysfustatusy, Viel, Vke K, Yo € €, )
bqikw < yibcapiystatusy, Viel, Vke K, Yo € Q, (10)
Z Z(bq,kw + eqike) < Z Z aix(1 — statusjx,) + D, —d Vo € Q, (11)
iel kek iel kek
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Uy = Da) - Z Z(qikw + eqikw + bqika)) Yo € Q, (12)
iel keK
Xit, Vi, 2k € {0, 1} Viel, Vk € K, (13)
diks Gikeos Diker €qikws o € Z Vi€ 1, Yk € K, Yo € Q, (14)

Constraints (3)—(7) are conditions related to decision-making in the first stage. Constraint (3)
indicates that the total order allocation satisfies the expected market demand. Constraints (4) and
(5) restrict that the prime and backup suppliers should be contracted only when the region is avail-
able. Constraint (6) is a condition for the contract as a prime or backup supplier. Constraint (7)
ensures that order allocation does not exceed the capacity of the prime supplier. Constraints (8)—
(12) are conditions related to decision-making in the second stage. Constraint (8) ensures that the
order has been allocated according to the status of the supplier in each scenario. Constraint (9) is
a condition for a prime supplier to produce an emergency item through flexibility in a disruption
situation. Constraint (10) is a condition for receiving an emergency item from a backup supplier.
Constraint (11) is a condition where the quantity of a recovery item is less than or equal to the sum
of the unallocated quantity due to disruption and the quantity of demand fluctuations. Constraint
(12) finally determines the unsatisfied quantity through allocation and recovery. For each decision
variable, constraints (13) and (14) are binary and integer conditions, respectively.

3.2. Risk-averse model

In the risk-averse model, we present scenario-based two-stage stochastic programming considering
the CVaR measure. In particular, we assume uncertainty about disruption and demand. VaR is the
a-percentile of the random variable Z. We define VaR, for a given tolerance level, o € (0, 1], as
follows:

VaR,(Z) = inf{t : Prob[t < Z] > «, T € R}. (15)

Furthermore, CVaR means the expectation of Z from «-percentile cases. We consider CVaR
as a risk measure for computational tractability, and CVaR is defined for a given tolerance level,
a € (0, 1], as follows:

CVaR,(Z) = E[Z|Z > VaR,(Z)). (16)

To make CVaR more tractable, Rockafellar and Uryasev (2000) proposed the auxiliary function.
As a result, the equivalent equation is presented to solve the optimization problem more tractable:

CVaR,(Z) =1 + éE([Z —11.), (17)

where [Z — 7], is defined as max(Z — 7, 0) (Rockafellar and Uryasev, 2000). It is known that min-
imizing (16) and (17) is equivalent.
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We suggest the optimization model with constraints to calculate expectations. As a result, the
risk-averse model that minimizes the CVaR measure for a given tolerance level « € (0, 1] is defined
as follows (risk-averse model):

min B =YY paXc+ Y > bayi+ P reze+ Y Y cudi + (T + & ZPwTw), (18)

iel keK iel keK keK iel keK weR

subject to (3)-(14)

Ty > Z Z{Cikbqikw + ti(qikw + bGike + €qirw) + ecikeqir, + mu,
iel keK

+ (statusir, — V)cgap} — 7, (19)
7, >0 Yo € Q. (20)

Constraints (3)—(14) are the same conditions in the risk-neutral model. The tail cost for scenario
w 18 7, and the tail cost t corresponds to VaR, when the tolerance level is «. Constraint (19)
searches for cases where the cost of the second stage exceeds t in the scenario w. For each scenario,
constraint (20) is a nonnegative condition.

3.3. Responsiveness model

We consider the service level 8 apart from cost in the responsiveness model. The service level 8 is a
quantitative performance measure describing the proportion of total demand satisfied without de-
lay from stock on hand. In particular, in large-scale disruption situations such as disasters, demand
increases rapidly. In this situation, we calculate how much the total demand is being satisfied. We
present the responsiveness model for analysis in a multiobjective model. Therefore, we maximize
the expected service level 8 as an objective function as follows (responsiveness model):

ZwEQ U

) 21
Zweﬂ Dw ( )

max Fi5=1—

subject to (3)-(14).

3.4. Stochastic measures

We concentrate on stochastic measures to determine whether our models using a stochastic pro-
gramming approach are worthwhile. We now examine how uncertainty affects the model using two
well-known measures, which are the expected value of perfect information (EVPI) and the value of
the stochastic solution (VSS) (Birge and Louveaux, 2011). The measures indicate how valuable the
two-stage stochastic programming is compared to the deterministic model. The EVPI quantifies
how much a decision-maker would be willing to spend to obtain perfect information. Wait-and-see
(WS) problems solve the deterministic models for each uncertainty scenario. As the random vari-
ables for each WS problem are fully known, the best strategic decision for the individual problem
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will be taken. The average value of all such WS problems is calculated by taking the probability
of each scenario into account. As an opposite concept, the here-and-now value is derived from the
recourse problem as the optimal stochastic programming (SP) solution. The EVPI is the difference
between the average value with perfect information and the optimal stochastic programming solu-
tion. The VSS determines how bad a solution is if decisions are made based on the expected values
of random parameters rather than values of different scenarios. To accomplish this, we solve a de-
terministic model in which all random parameters are replaced with expected values. The VSS is
evaluated as the difference between the optimal stochastic programming solution and the expected
solution using the expected value (EEV). EVPI and VSS can also be shown by the definition as
follows:

EVPI = Zsp — Zys, (22)

VSS =Zrgpy — Zsp (23)

These two measures are based on expected values and are used to evaluate a risk-neutral model.
They cannot, however, be used to assess a risk-averse model directly. As a result, we modify these
measures and calculate the Zgyys, and Zggyp, using the CVaR measure rather than the expected
value. More specifically, we employ the measures for the risk-averse model (Noyan, 2012):

RV Pl, = Zgrsp, — Zrws, (24)

RV SS, = Zrev, — Zrsp, (25)

In this case, Zgsp, 1s the value of solving the risk-averse model for a given tolerance level, «.
Zrws, 1s obtained as perfect information by solving the risk-averse model for each scenario as a
WS problem and then taking the objective function value for a given tolerance level, a. Zggy, is
obtained by solving the risk-averse model with deterministic expected values for a given tolerance
level, «. Based on the CVaR measure of the objective function value obtained from the WS solution
and the objective function value of the risk-averse model solutions, RV P, calculates the gain of
perfect information. RV'SSS, quantifies the gain of solving the risk-averse model for a given toler-
ance level, @. The higher RV'SS,, values, the greater the value added to considering a risk-averse
model rather than a deterministic model.

4. Multiobjective mathematical programming

The multiobjective model simultaneously optimizes the risk-neutral, risk-averse, and responsive-
ness models discussed in Section 3. The goal is to minimize the expected total cost and the CVaR
measure while maximizing the service level. Due to the multiobjective nature of our models, it is
impossible to find a unique optimal solution. Thus, our goal is to identify a set of nondominated
solutions efficiently. The set of nondominated solutions is termed the Pareto frontier. This implies
the trade-off relationship between cost, risk, and responsiveness. Depending on where the weights
are assigned, the results provide a decision-making criterion. An integrated multiobjective model is
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expressed as follows (multiobjective model):

min F, B
max F; (26)
subject to (3)—(14), (19), (20).

4.1. Solution approach

Compared to the single-objective model, the process of solving the multiobjective model is quite
difficult and challenging. There are various methodologies to solve the multiobjective model. In
our study, we implement a recently developed method to derive the Pareto frontier efficiently. We
optimize the multiobjective model through the improved version of the augmented e-constraint
method (AUGMECON?) for finding the set of optimal solutions (Mavrotas and Florios, 2013).
We slightly modify the AUGMECON?2 model to solve our integrated model as follows (AUGME-
CON2 model):

min F —eps* (s2/ry — 107 5 53/r3), 27)

subject to (3) — (14), (19), (20)

B+ s = e, (28)
B+ 53 = e3, (29)
sy 53 >0, (30)

where e, and e represent the right-hand side for the particular iteration based on the grid points for
the objective functions F5 and F;. The ranges of the respective objective functions are represented
by the parameters r, and r;. The nonnegative surplus decision variables of the respective constraints
are s, and s3. eps is a very small number with a value ranging from 10~ to 1075,

When we perform lexicographic optimization on objective functions F;, F>, and F3, we can create
a payoff table and determine the ranges of objective functions. As a result, r;, and g represent the
range and desired number of grid points of objective function F. The range of the kth objective
function is then divided into g, intervals, and the result indicates the step size of iterations. There-
fore, IT3_ (g« + 1) is the maximum number of iterations. The right-hand side value ¢ is calculated
as follows:

e = ubi — (ix * (r1)/gk)), (31)

where ub; and i; denote the upper bound and the counter for objective function F;, respectively.
In iterations, we calculate the bypass coefficient as inz(s; * gr/rr). When the surplus variable sy is
greater than int(r;/gy), it determines that the equivalent solution will be acquired from the next
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Fig. 1. Flowchart of the AUGMECON?2 model.

iteration. This renders the iteration redundant, allowing us to skip it because a new nondominated
solution is not generated. The bypass coefficient b indicates how many iterations we can skip in a
row. Figure 1 shows the flowchart of the AUGMECON2 model.
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Fig. 2. The result of the expected total cost and service level according to the demand fluctuation parameter 6.

5. Computational experiments

In this section, we conduct computational experiments to demonstrate the efficacy of each model
and offer managerial insights. All experiments were conducted on CPLEX version 21.1.2 with an
AMD Ryzen 7 2700X eight-core processor with 3.70 GHz and 16GB RAM. We assume that there
exist six regions with 10 suppliers in each region, and suppliers have different characteristics in each
region. Suppliers from low-numbered regions have a high transportation cost with low reliability,
but they supply at a low procuring cost and have high capacity. This represents overseas suppliers
based on the standards of developing countries. On the other hand, for high-numbered regions, we
assume domestic suppliers with high reliability, low transportation cost, high procuring cost, and
low capacity. Because regional disruption is such an overwhelming event, the probability of occur-
rence is extremely low. Table 4 shows the parameter set that takes into account the characteristics
of each region and supplier. We reprocessed the parameter set from a case study by Kamalahmadi
et al. (2022), which was grounded in data observed from an appliance manufacturer.

5.1. Results from the single-objective model

First, we conducted computational experiments to find an appropriate demand fluctuation pa-
rameter 6. In detail, we performed a sensitivity analysis on six cases of the demand fluctuation
parameter set through the risk-neutral model. As the demand fluctuation parameter 6 increases,
the surge in demand is emphasized. Therefore, the service level decreases, and the expected total
cost increases exponentially. Figure 2 shows the tendencies according to the demand fluctuation
parameter. Table 5 shows the results of six cases based on the demand fluctuation parameter set-
tings. The number of suppliers and regions contracted also tends to increase. When the demand
fluctuation parameter equals 1, four out of six regions and 39 out of 60 suppliers contracted, and
the expected total cost is 330,479. In addition, the risk-neutral model with the demand fluctuation
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Table 5
Results of the risk-neutral model according to the demand fluctuation parameter 6
0 0 1 2 3 4 5
Number of regions contracted 3 4 6 6 6 6
Number of prime suppliers 28 30 41 35 34 32
Number of backup suppliers 0 9 19 25 26 28
Service level 1.00 0.97 0.91 0.84 0.78 0.72
Normal allocation ratio 0.97 0.77 0.63 0.54 0.47 0.42
Flexibility ratio 0.03 0.11 0.13 0.11 0.12 0.11
Redundancy ratio 0.00 0.09 0.15 0.19 0.19 0.20
Expected total cost 173,362 330,479 587,852 1,105,454 1,737,503 2,456,211
Table 6
Results for the risk-averse model according to the tolerance level «
Tolerance level 1 0.5 0.25 0.2 0.15 0.1 0.05 0.02 0.01
CVaR measure 330,479 395,840 497,754 543,105 613,890 752,556 1,164,289 2,391,155 4,428,858
Number of regions contracted 4 5 6 6 6 6 6 6 6
Number of prime suppliers 30 40 49 40 33 30 27 25 25
Number of backup suppliers 9 0 10 19 26 29 32 34 34
service level 0.97 0.97 0.98 0.98 0.98 0.98 0.98 0.98 0.98
Normal allocation ratio 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77
Flexibility ratio 0.11 0.2 0.11 0.08 0.06 0.06 0.06 0.06 0.06
Redundancy ratio 0.09 0 0.11 0.13 0.15 0.16 0.16 0.16 0.15
expected total cost 330,479 335,061 359,135 366,164 371,881 374,545 377,439 379,401 379,443

parameter 1 can cope well in disruption situations through flexibility and redundancy. As a result,
we concluded that the demand fluctuation parameter 1 is a representative parameter and used it in
the following experiment.

We performed experiments for each of the nine specified tolerance thresholds in the risk-averse
model. Table 6 summarizes the results for the risk-averse model based on tolerance level «. As the
tolerance level @ becomes smaller, there are cases (¢« = 0.25, 0.2, 0.15, 0.1, 0.05, 0.02, 0.01) where
all regions are contracted to mitigate the disruption risk. When the tolerance level « is extremely
small (¢ = 0.05, 0.02, 0.01), we confirm that backup suppliers are contracted more than prime
suppliers. This strategy reduces risk by contracting many backup suppliers in extreme situations
with high risk. As a result of the experiment, if the tolerance level « is 1, we confirm that it is the
same as the risk-neutral model. As the tolerance level o decreases, the expected total cost increases
monotonically while the CVaR measure increases exponentially, as shown in Fig. 3. Note that the
considerable risk costs in a disruption situation can be offset by sacrificing some expected total
costs.

Figures 4 and 5 show the expected supplier dependency ratios in the risk-neutral and risk-averse
models, respectively. The red lines are the planned allocation ratios before a disruption occurs in the
first stage. The blue lines are the allocation and recovery ratios to be recovered after a disruption
occurs in the second stage. In the risk-neutral model, all suppliers in regions 4 and 5 are not con-
tracted in any case, and order quantity is recovered from region 6 only in case of disruption. On the
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Fig. 3. Comparison of CVaR and expected cost according to the tolerance level «.
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Fig. 4. Expected supplier dependency ratios in the risk-neutral model.

other hand, in the risk-averse model, contracts are made with 59 out of 60 suppliers in all regions
in preparation for disruption situations. In particular, suppliers in regions 1-3 normally supply for
the first stage, and when disruption occurs, items are provided by almost all suppliers and respond
well. This indicates that when there is a disruption with an overseas supplier, the domestic supplier
can resolve the disruption urgently. Figure 6 shows the results of the expected supplier dependency
ratios for each supplier in the responsiveness model. All suppliers in all regions are contracted, and
the expected total cost is 383,517, which is higher than when the tolerance level « is 0.01 in the risk-
averse model. By contracting 24 as prime suppliers and 36 as backup suppliers, the final expected
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service level of 0.98 is achieved. No matter how much we prepare for disruption, this suggests that
unsatisfied items may exist in large-scale disruption.

Figures 7 and 8 show the expected regional dependency ratios of the risk-neutral and risk-averse
models, respectively. We confirm the recovery strategies for flexibility and redundancy for each
model. The risk-neutral model contracts regions 1-3 for flexibility and region 6 for redundancy.
On the other hand, the risk-averse model contracts with all regions to confirm that it was costly
but copes well with supply disruptions and demand fluctuations by contracting regions 1-3 for
flexibility and regions 4-6 for redundancy. Figure 9 shows the expected regional dependency ra-
tios of the responsiveness model. Overall, decision-making strategies are similar to the risk-averse

© 2024 International Federation of Operational Research Societies.

B5UB017 SUOLULLOD dAIIER.D 3[dedl|dde au Aq pausenob ke ale YO (88N JO s3I 40y Afeud13UIIUO AB]IA UO (SUONIPUOD-PUR-SLLLBYWI0D" AS 1M AleIq 1 jBulIUO//STNY) SUONIPUOD PUe SWid 1 3Y) 885 *[5202/20/0T] Lo ARigi7auliuo A8|im ‘AisieAIuN UOIEN IN0SS AQ 6SYET 03/ TTTT OT/I0P/L0Y"AB| 1M Akeuq 1 Bu1|UO//SANY WOy PPROIUMOQ ' ‘G202 ‘SE6ESLYT



1852 J. Lee and I. Moon / Intl. Trans. in Op. Res. 32 (2025) 1834-1860
e First stage - Order allocation

0.40 + mm Second stage - No disruption
mmm Second stage - Flexibility

0.35 4 Second stage - Redundancy

0.30

2

®

[

>, 025 1
9]

c

]

- 020
c

]

&

8 015

0.10

0.05

0.00 -

Region 1 Region 2 Region 3 Region 4 Region 5 Region &
Fig. 7. Expected regional dependency ratios of the risk-neutral model.

051 mem First stage - Order allocation
mmm Second stage - No disruption
wem Second stage - Flexibility

Second stage - Redundancy

0.4 4

2

w

- 03

>

9]

c

]

o

T

a 024

[

o
0.1 1
0.0 -

Region 1 Region 2 Region 3 Region 4 Region 5 Region &

Fig. 8. Expected regional dependency ratios of the risk-averse model.

model. Eventually, in a disruption situation, the contracted prime suppliers temporarily increase
production while the contracted backup suppliers urgently supply items.

5.2. Stochastic measures

As previously stated, we calculate the stochastic measures to demonstrate the efficacy of our models.
Table 7 shows stochastic measures, including the VSS and EVPI for the risk-neutral model. Table 7
also shows the relative values of EVPI and VSS divided by the optimal objective function value of
the risk-neutral model. The analysis of VSS measures suggests that efforts to solve the risk-neutral
model rather than a deterministic model are critical and have the potential to reduce the expected
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Table 7
Results of the stochastic measures according to the demand fluctuation parameter 6
0 1 2 3 4 5
Zsp 330,479 587,852 1,105,454 1,737,503 2,456,211
Zrey 720,989 1,276,148 1,815,167 2,369,486 2,961,407
Zws 212,059 427,891 844,003 1,462,352 2,177,836
EVPI 118,420 159,961 261,451 275,151 278,375
VSS 390,510 688,297 709,713 631,982 505,196
EVPI/Zsp 0.358 0.272 0.237 0.158 0.113
VSS/Zsp 1.182 1.171 0.642 0.364 0.206
Table 8
Results for the risk-averse model according to tolerance level «
Toleranc level 1 0.5 0.25 0.2 0.15 0.10 0.05 0.02 0.01
ZRsp, 330,479 395,840 497,754 543,105 613,890 752,556 1,164,289 2,391,155 4,428,858
Zrev, 721,000 1,200,777 2,159,065 2,638,125 3,436,689 5,033,806 9,829,704 24,199,390 48,144,644
ZRW S, 158,705 163,481 163,563 163,601 163,660 163,774 164,115 165,138 166,842
RV PI, 171,774 232,360 334,191 379,504 450,230 588,782 1,000,173 2,226,017 4,262,017
RVSS, 390,521 804,936 1,661,311 2,095,020 2,822,799 4,281,250 8,665,415 21,808,235 43,715,786
RV PI,/Zgsp, 0.520 0.587 0.671 0.699 0.733 0.782 0.859 0.931 0.962
RV SSy/Zgsp, 1.182 2.033 3.338 3.857 4.598 5.689 7.443 9.120 9.871

total cost significantly. Furthermore, the analysis of EVPI measures indicates that obtaining perfect
information about disruption and demand uncertainty can significantly reduce the expected total
cost. An increase in the demand fluctuation parameter means an increase in uncertainty. Therefore,
it can be confirmed that the values of EV PI/Zsp and V' SS/Zsp tend to decrease.

We also calculate the RV PI, and RV SS, for a given set of tolerance levels. Table 8 records the
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Fig. 10. Result of the biobjective model that combines risk-neutral and risk-averse models.

results of stochastic measures for the risk-averse model. According to the results, the risk-averse
value of the stochastic solution (RVSS) value is significantly larger than the Zggsp, value, especially
when the tolerance level is very small. It indicates that solving the risk-averse model is worthwhile
in extreme situations. Furthermore, RV PI,/Zsp, values decrease monotonously as the tolerance
level alpha increases. RV'SS,/Zrsp, values indicate that the solutions are more robust than the
deterministic model once disruption and demand uncertainties are considered.

5.3. Experiment results for the multiobjective model

We present the results of the experiments on the MOMP discussed in Section 4. The goal is to make
robust decisions by simultancously considering risk-neutral, risk-averse, and responsiveness mod-
els. We constructed a Pareto frontier by combining the nondominated solutions from each model.
First, we experimented with three combinations of biobjective models that can be derived
through the risk-neutral, risk-averse, and responsiveness models. Through this, we confirm the
trade-off relationship that exists between each model. The results of AUGMECON?2 and the convex
combination model are compared. The convex combination model derives the result by assigning
weight to the objective function of each model. At this time, the weight is divided into 100 grid
points between 0 and 1. We experimented with the biobjective model that combines risk-neutral
and risk-averse models, as shown in Fig. 10. Both models equally searched 100 points; the con-
vex combination model found 67 overlapping solutions, and the AUGMECON?2 model found all
100 different solutions. This implies that the AUGMECON2 model derives more sophisticated
solutions when estimating the Pareto frontier. Figure 11 shows the CVaR,; measures and service
levels resulting from risk-averse and responsiveness models. Both models found six different solu-
tions. The difference is that the convex combination model conducted 100 experiments to obtain six
nondominated solutions. In contrast, the AUGMECON2 model conducted only six experiments
to find six nondominated solutions through bypass coefficients. Because when creating the payoff
table, the model already searched for high-quality solutions and could not find a more improved
solution. This suggests that the risk-averse and responsiveness models eventually choose similar
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Fig. 11. Result of the biobjective model that combines risk-averse and responsiveness models.
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Fig. 12. Result of the biobjective model that combines risk-neutral and responsiveness models.

strategies to cope with disruption. Figure 12 shows the result of the biobjective model combining
the risk-neutral and responsiveness model. Since the x-axis is the expected total cost and the y-axis
is the service level, the solutions have a concave shape. The AUGMECON?2 model found 65 unique
nondominated solutions, whereas the convex combination model found 29 unique solutions out of
100. As a result, it suggests that the expected total cost must be compromised in order to increase
the service level.

Finally, we experiment with a supply chain resilience model that integrates the three models. As
the first process of the AUGMECON?2 model, we create a payoff table as shown in Table 9 through
lexicographic optimization. What can be seen through the payoff table is that the results of min F
and max F; are similar to each other. This is because risk and responsiveness are opposite concepts,
and, as a result, similar strategies are selected.

There is a clear trade-off between the objective functions. According to the AUGMECON?2 so-
lutions, the decision-maker has access to a broad range of solutions from which to select the most
preferred solution. Figure 13 shows a Pareto frontier derived from these nondominated solutions.
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Table 9
Payoff table of the AUGMECON2 model
Sequence min F min B, max B
R 330,479 374,480 379,135
B 934,791 752,556 754,358
E 0.96783 0.98001 0.98014
Objective function b2l B F
Lower bound 330,479 752,556 0.96783
Upper bound 379,135 934,791 0.98014
Range 48,656 182,236 0.01232
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Fig. 13. Result of the AUGMECON2 model with the 10 grid points.

While we have to experiment with 100 iterations in AUGMECON, we can get the same nondomi-
nated solutions in AUGMECON?2 with only 54 experiments with the bypass coefficient. Figure 14
shows the result by dividing the range into 100 grid points. This results from investing much com-
putation time and searching for a sophisticated Pareto frontier. Similarly, with the bypass coeffi-
cient, the result can be obtained with 3126 experiments instead of 10,000. As a result, it aids in
understanding the trade-offs among nondominated solutions at a glance. The solutions provide the
decision-makers with nondominated solutions to select the best solution based on their priorities.

5.4. Managerial insights

This study presents three models for enhancing supply chain resilience to help business practition-
ers decide on optimal supplier selection and order allocation. Our models aim to explore various
strategies through flexibility and redundancy. This study offers decision-makers valuable perspec-
tives on effective supply chain risk management.
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Fig. 14. Result of the AUGMECON2 model with the 100 grid points.

From the risk-neutral model with a set of demand fluctuation parameters, we found that various
strategies can cope well in disruption situations through flexibility and redundancy. We explored
appropriate strategies through various scenario analyses on demand fluctuations. Additionally, we
conducted experiments on a risk-averse model based on nine tolerance levels. Our observations
indicated that the expected total cost increased steadily as the tolerance level decreased, whereas the
CVaR measure surged exponentially. This suggests that it is possible to offset the significant costs
associated with a disruption situation by accepting higher expected total costs. The responsiveness
model has similar decision-making strategies to the risk-averse model in a disruption situation, with
prime suppliers increasing production and backup suppliers urgently supplying items.

Stochastic measures, including VSS and EVPI, demonstrate the efficacy of the models. The re-
sults indicate that efforts to solve the two-stage stochastic programming are critical, and obtaining
perfect information about disruption and demand uncertainty can significantly reduce the expected
total cost. In the risk-averse model, smaller tolerance levels resulted in contracting all regions to
mitigate disruption risk, and backup suppliers are contracted more than prime suppliers in extreme
situations with high risk.

We present the results of experiments on MOMP for supply chain resilience. We aim to make ra-
tional decisions by simultaneously considering risk-neutral, risk-averse, and responsiveness models.
The AUGMECON?2 and convex combination models were compared, deriving more sophisticated
solutions when estimating the Pareto frontier. The results reveal a Pareto frontier that derived from
nondominated solutions, offering decision-makers a spectrum of alternatives to choose the most
suitable solution with their priorities. We demonstrate that AUGMECON?2 is more efficient and
helps find more sophisticated solutions than the convex combination model.

6. Conclusions

This study discussed supply chain resilience models that consider the uncertainties about supply
disruptions and demand fluctuations. We propose scenario-based two-stage stochastic program-
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ming with risk-neutral, risk-averse, and responsiveness models. We analyzed the recovery strategies
through flexibility and redundancy to deal with situations that arise after disruptions. Furthermore,
quantifying the stochastic measures demonstrates that considering uncertainty in our models pro-
duces more robust results than the deterministic model. We also proposed a multiobjective model
that integrates the three models and implemented the recently developed solution approach. We
presented the Pareto frontier through the experimental results and derived managerial insights.
Consequently, employing various strategies that consider supplier and regional dependency ratios
can enhance the risk management of the global supply chain.

Nonetheless, this research has some limitations, and future studies should consider the following
aspects. First, there is a need to concentrate on monitoring the decisions made in a multiperiod
setup. This approach can recognize the progress and variation in diverse decisions when viewed
from a long-term perspective. Moreover, a mathematical model that accurately reflects real-life sce-
narios is essential for refining and enhancing some simplified assumptions. Although the probabil-
ity of disruption was set randomly in our model, it is necessary to accurately estimate the probability
and conduct sensitivity analysis according to the probability.
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