International Journal of Data and Network Science 7 (2023) 17531774

Contents lists available at GrowingScience

International Journal of Data and Network Science

homepage: www.GrowingScience.com/ijds

Balancing quality, cost, and uncertainty in pharmaceutical supply chain: A robust possibilistic
flexible programming approach

Mohammad Kanan®”

“Industrial Engineering Department, College of Engineering, University of Business and Technology, Jeddah, 21448, Saudi Arabia

CHRONICLE ABSTRACT

Article history: The pharmaceutical supply chain (PSC) plays a crucial role in ensuring the timely and reliable
Received: April 10, 2023 availability of essential drugs while maintaining high-quality standards. Balancing the triad of
[1{8“;6"263‘1 in revised format: May cost, time, and quality is paramount in optimizing the complexities of this supply chain. In this

research, a multi-objective PSC optimization model is developed to maximize the key business

A ted: July 19, 2023 . .. . .
geeplec: Juy " factors. The dynamic nature of the PSC can significantly compromise the effectiveness of the

Available online: July 19, 2023

decision making process. To deal with this challenge, a robust possibilistic flexible programming

gZZ:VZZi‘ZM,-m, supply chain approach (RPFPA) solution methodology is proposed. This methodology provides a robust and
Flexible programming flexible framework to tackle the uncertainties within the supply chain. To validate the proposed
Linear programming model and methodology, a computational analysis of a case study is conducted. The results of the
Fuzzy uncertainty analysis demonstrate the effectiveness of the model and methodology in addressing the uncertain-
Supply chain network design ties and complexities of the PSC. Specifically, the findings reveal that by accepting a 23.8% in-

crease in costs, decision-makers can achieve a desirable level of robustness in their decisions.
Moreover, the study identifies that the assignment of higher priority to cost objectives leads to
more centralized decisions within the supply chain, while a greater emphasis on quality objectives
results in a more decentralized approach. By employing the proposed approach, decision-makers
can efficiently deal with the complexities and uncertainties inherent in the PSC, making well-
informed choices that balance cost, time, and quality.

© 2023 by the authors; licensee Growing Science, Canada.

1. Introduction

The pharmaceutical supply chain (PSC) is a complex network of players and processes that is responsible for getting drugs
from the manufacturer to the patient (Jaberidoost, Nikfar, Abdollahiasl, & Dinarvand, 2013). It is a critical aspect of ensuring
the availability of high-quality medicines at the right time and at an optimum price (Kaufmann, Thiel, & Becker, 2005). The
pharmaceutical supply chain is unique in that it is subject to a high degree of regulation and is characterized by urgency,
importance, storage, transportation, and other specific considerations. The well-organized PSC contributes drugs in the right-
eous amount to the buyers with sustainable quality, at the right time, and with the minimum possible price to produce satis-
faction for all the shareholders (Shah, 2004). In a PSC, the cost must be minimized, delivery is made in the shortest possible
time, and the best quality medicine is delivered to the end customer. The increasing competition in the pharmaceutical industry
has prompted policymakers to employ supply chain (SC) network design optimization models to minimize overall costs and
improve efficiency. Effective PSC network design requires centralized planning at the strategic, tactical, and operational levels
in order to reduce cost and ensure the timely distribution of high-quality medicine (Enyinda, Mbah, & Ogbuehi, 2010; Kanan,
Habib, Shahbaz, et al., 2022). In this regard, the development of a comprehensive decision-making system that may assist
managers in achieving both commercial success and quality assurance goals is critical. In this aspect, this study presents a
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model based on mixed integer linear programming (MILP) formulation to design a robust network for the PSC. The objective
of the suggested model is to design the PSC by minimizing costs, and delivery time while maintaining the desired level of
drugs quality.

Compared to other types of SC models, the PSC has to face a significant level of unpredictability which arises due to diverse
factors including governmental regulations and fluctuations in the global market and other external factors (Imran, Kang, &
Babar Ramzan, 2018). For example, a sudden rise in the demand for a particular drug can disrupt the supply chain of that
drug. Also, any changes in the regulations of a specific drug represent another source of uncertainty. Furthermore, delays in
the supply of raw materials can also result in production delays(Al-Rawashdeh, Jawabreh, & Ali, 2023; Ali, 2022). In the
background, uncertainty can significantly impact the efficiency of the SC which can compromise the commercial feasibility.
Therefore, the PSC needs to have a robust system in order to minimize the impact of these uncertainties. According to
(Pishvaee & Torabi, 2010) possibilistic programming (PP) is an effective technique to deal with such uncertain environments.
Moreover, by using the flexible programming (FP) approach, the model can also integrate "soft constraints" in order to account
for variations in supply, demand, and capacity (Abusaq, Habib, Shehzad, Kanan, & Assaf, 2022). In this background, to assure
the resilience and robustness of the results, a technique known as robust possibilistic flexible programming approach (RPFPA)
is provided. This technique combines the qualities of flexible programming (FP) and robust possibilistic programming (RPP)
to effectively deal with uncertain environments (Kanan, Habib, Habib, et al., 2022).

The subsequent sections of this study are outlined in the following manner: In Section 2, a comprehensive review of related
research is given, covering previous studies and research in the related field. Section 3 presents the problem definition and
the proposed MILP-based model for designing the PSC network, including details on how the model addresses uncertainty in
factors such as ingredient sourcing, demand for medication, and regulatory compliance. In Section 4, the FRPP technique is
elaborated in more detail, including how it is used to ensure the robustness of the final solution. Section 5 proceeds with the
presentation of a case study, offering an in-depth analysis. Lastly, in Section 6 the research conclusion and the key findings
are reported.

2. Literature Review

The PSC is a complex network of activities that includes sourcing raw materials, manufacturing, distribution, and delivery of
medicines to patients. Recently, there has been a growing focus on optimizing this SC to improve efficiency, reduce costs,
and increase the availability of medicines to those who need them. In this background, (Imran et al., 2018). presented a model
for an integrated healthcare system that incorporates the uncertainty of product complaints. The model is based on a multi-
echelon inventory system, where inventory is managed at various levels of SC, including suppliers, distributors, (Alhaj et al.,
2023) and hospitals(Zandieh, Janatyan, Alem-Tabriz, & Rabieh, 2018). Employing a mathematical framework, the model
optimizes inventory levels, while simulations are utilized to assess performance across various scenarios(Kanan, Habib,
Habib, et al., 2022; Khouj et al., 2022). The authors employed a possibilistic programming approach to address uncertainty
within PSC operations. However, this approach solely provides an average estimation of uncertain parameters, which may
lead to significant penalties in real-time scenarios. Therefore, adopting more efficient techniques to manage operational un-
certainty would enhance the effectiveness of solutions (Hassan, Aldoseri, Saced, Khder, & Ali, 2022; Shan et al., 2022).
proposed a dynamic SC resilience model for the medical equipment industry. The model aims to improve resilience under
uncertainty and disruptions by considering factors such as inventory management, production planning, and logistics. Case
results indicate that it can effectively identify key vulnerabilities and provide recommendations for improving system resili-
ence. (Jafarnejad, Momeni, Hajiagha, & Khorshidi, 2019) suggested a model for the optimization of the PSC in hospitals,
considering factors such as demand uncertainty, lead times, and safety stock levels. Results depict that the proposed model is
effective in reducing inventory costs while maintaining a high level of customer service.

Ahmad et al. (2022) suggested a model to optimize the socio-economic performance of a PSC. The model considers factors
such as inventory management, production planning, and logistics to optimize multiple objectives, such as cost, service level,
and environmental impact. A genetic algorithm is employed to get the solution, taking into account trade-offs between objec-
tives. Study findings show that the model is effective in finding solutions that balance cost, service level, and environmental
impact. A neuromorphic optimization approach was proposed by (Ahmad, 2022)for solving multi-objective programming
problems in PSC by considering the objectives of cost, service level, and environmental impact. In addition, (Ershadi &
Ershadi, 2022; Shakouhi, Tavakkoli-Moghaddam, Baboli, & Bozorgi-Amiri, 2022)proposed a PSC model that considers ob-
jectives such as minimizing costs, maximizing service level, and reducing environmental impact. A hybrid approach employ-
ing multi-objective MILP and six sigma for optimizing the performance of a competitive PSC is provided by(Shakouhi et al.,
2022; Zandieh et al., 2018). The authors considered the factors such as cost, service level, and environmental impact, and
used the six sigma approach to identify and eliminate sources of variability and waste in the supply chain. (Zandieh et al.,
2018)provided a case study of designing a sustainable PSC distribution network. The factors of demand forecasting, inventory
management, logistics, and environmental impact were considered in their model.(Goodarzian, Wamba, Mathiyazhagan, &
Taghipour, 2021) suggested a model for designing a green medicine SC network using a combination of fuzzy environment
and hybrid metaheuristic algorithms as a solution approach. The objectives of environmental impact and cost minimization
were considered. In addition, (Goodarzian, Taleizadeh, Ghasemi, & Abraham, 2021) provided a model for designing a sus-
tainable medical SC network during the COVID-19 pandemic. The model takes into account multiple objectives such as cost,
service level, and environmental impact. The model uses a multi-objective optimization approach to find the optimal decisions
and it is designed considering sustainability factors. Further, Goodarzian et al. (2021) suggested a model for designing a new
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medicine SC network that considers production technology policy. The model considered the factors of production technology
policy, inventory management, logistics, and transportation to design the SC network. In this research, the authors used a
genetic algorithm and particle swarm optimization algorithm to optimize the system under consideration.

In the PSC, blockchain technology can enhance transparency, efficiency, and traceability. In this background, Jamil et al.
(2019)provided a medical blockchain model for drugs SC integrity management in a hospital. The proposed blockchain model
combines blockchain technology, internet of things devices, and smart contracts, to monitor and track the drugs over the entire
supply chain. In this background, Munir et al. (2022) highlighted the challenges in adoption of the blockchain technology to
grab the relevant opportunities in the areas of the latest areas of SC. For the traceability optimization perspective, (Kumar &
Tripathi, 2019)provided a blockchain-based model for medicine SC. To deal with the fake drugs circulation the authors sug-
gested a blockchain-based system that enhances the transparency, traceability, and security of the drugs SC. The authors also
propose a consensus algorithm for the blockchain network, which ensures that the data stored on the blockchain is accurate
and tamper-proof.

A few authors have also discussed the opportunities and hindrances while adopting blockchain in the healthcare sector. The
authors have also proposed frameworks to align the working of PSC with blockchain technology. For example, Liu et al.
(2021)presented a blockchain-based tracing system for drugs SC. The authors explain how their proposed platform can be
used to improve the traceability of drugs and reduce the risk of counterfeit drugs. Clauson et al. (2018) explored the potential
use of blockchain technology to enhance SC management in healthcare to provide a detailed assessment of the potential
advantages and opportunities that arise from implementing blockchain in SCM within the healthcare domain. Niu et al. (2021)
outlined a framework for the implementation of blockchain technology by incentivizing the stakeholders and claimed that
blockchain can enhance SC effectiveness and transparency, but its adoption is hindered by a lack of alignment between the
various participants in the SC.

A summary of the research in PSC is provided in Table 1.

e A PSC network design (P-SCND) mathematical model is proposed that optimizes the cost efficiency of the PSC by con-
sidering factors such as ingredient sourcing, production, transportation, and storage. The model also minimizes overall
costs while ensuring the timely delivery of high-quality medication to the hospitals.

e Using a technique named RPFPA to deal with uncertainty in the optimization model parameters and provide flexibility in
the constraints of the model. The RPFPA aims to improve the decision-making process for managing PSC projects by
generating robust solutions.

e An interactive fuzzy programming technique is suggested to adapt the model to the specific needs of the decision-makers
and local dynamics.

3. Modelling of the PSC optimization

3.1 Problem statement

The focus of this research is to address the problem of designing a PSC network that involves balancing three key tradeoffs:
cost, time, and quality objectives. By considering the interdependencies and interactions between cost, time, and quality, this
research seeks to provide a PSC network designing support system for managers. The PSC network consists of drug producers
and hospitals. The proposed model is a multi-objective optimization model and gives the following answers to decision-
makers (DMs).

e How many no. of units of a specific drug is to be manufactured at a selected manufacturing site?
Which hospital’s demand will be fulfilled by a specific drug manufacturer in a specific planning period?
What are the most suitable locations to locate the drug distribution centers while considering the conflicting objectives of
the optimization model?

Fig. 1 provides the working framework of the pharmaceutical supply chain network design model (P-SCND). In the P-SCND
model drugs demand is generated through an integrated information system of the hospitals and communicated to the drugs
manufacturing companies. The drugs manufactured by the companies are evaluated and approved by the government health
department. After the approval from the health department a drug manufacturer qualifies as a drug supplier. Hospitals issue a
tender notice to purchase a specific drug, and drug manufacturers submit their expression of interest against it. Finally, hos-
pitals evaluate these tenders based on quality, time, and cost and allocate purchase orders for a specific drug using the proposed
P-SCND model.
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Table 1
An overview of studies on PSC.

Nature of decisions/findings

Solution/Analysis approach

Consideration of

Objectives of the model

Supply chain decisions

Author uncertainty considered
Operational  tactical ~strategic Stochastic  Fuzzy ID LD MD MP CD
(Imran et al., X . Minimization of cost, Minimisation of time,
2018) v v Interactive fuzzy programming v Wi starhonn ot qpetbisy Tavdl v v v
(Jafarnejad et . . Identification of key factors to enhance resilience
al,, 2019) v Hesitant fuzzy Delphi method v of medical SC
(Franco &
Alfonso- v v Simulation-optimization approach v Minimization of cost v v v
Lizarazo, 2020)
(Ahmad, 2022) v v v TOPSIS, robus.t optimization v Tripple bottom line (sustainability) objectives v v N
techniques
(Ershadi & . . AP
Ershadi, 2022) v v v Neutrosophic optimization methods v Minimization of cost v v v
] Minimization of cost
(Ershadi & . . o .
. v v v NSGA, particle swarm optimization v Minimization of unsatisfied requests v v v
Ershadi, 2022) s .
Minimization of total transportation
. Minimization of environmental pollution
hakouhi et al.
Bl e G, v v v Game theory, six sigma v Maximize profit, v v v
2022) o
Maximize consumer health level
(Zandieh et al Minimization of costs
2018) 7 v v v NSGA-II algorithm v Maximization of the welfare of society v v v v
Minimization of environmental impact
(Goodarzian, . . .
Taleizadeh, et v v v Firefly algorlthnT & simulated v Minimization of environmental impact v Y v v
annealing,
al., 2021)
(Goodarzian, . .
Hoseini-Nasab, v v v Ant colony, fish Swvarm and firefly v Tripple bottom line (sustainability) objectives v Vv v v
algorithm
et al., 2021)
(Goodarzian, Simulated annealing, harmo
Wamba, et al., v v NG mutated anneating, . r .ny v Minimization of cost, Minimization of time v NG v v
2021) search, ant colony optimization
(Jamil et al., v v Blockchain-based hyperledger Safety of the pharmaceutical supply chain
2019) fabric approach (counterfeit drugs)
v v v Drug safety in the pharmaceutical supply chain
(counterfeit drugs), traceability
Minimization of cost
(Kumar & Robust possibilistic flexible . . o .
M ft M t f qualit
Tripathi, 2019) v v v T v inimization o 1mel,evealx1mlza ion of quality v Y v v

ILD - Inventory level decision, LAD —Location allocation decision, MD —Materials flow decision, MP —Multi-product, CD—Capacity decision
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P-SCND model objectives: cost minimization, time minimization, complaints minimization
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Figure 1. P-SCND optimization model working framework.

3.2 Assumptions

Medications are transported directly from the drug plant to the hospital pharmacy.

A uniform fleet of trucks is utilized, allowing for less-than-truckload shipments.

The logistics cost depends on the distance and is determined by the price per kilometer.

All supplied drugs have a minimum shelf life of two years.

The logistic cost is dependent on the distance and is calculated by the cost per kilometer.

The demand for drugs is considered uncertain which follows a trapezoidal possibility distribution (TPD).
Multiple deliveries within a planned period are prohibited.

3.1.1 Indices

~ 0 a3

drugs manufacturing sites

hospitals

drugs distribution center

capacity level of the drugs distribution center
drugs type

planning duration

3.1.2 Parameters
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production cost of drug type p at drug manufacturing site m in planning duration ¢
inspection cost of drug type p

installation cost of drug storage center d with capacity ¢

transference cost of drugs from drug plant m to drug distribution center d
transference cost of drugs from center d to hospital

storage cost for drug type p at distribution center p

duration required to transport drugs from manufacturer m to distributor d
inspection time required for drug type p

duration required to transport drugs from distributor d to hospital /
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~ prot

p production time required to produce one batch of drug type p at drug manufacturer m

Ty number of drug rejections for drug type p sent by drug manufacturer m

S,, Total units of drug type p manufactured at location m

U drug rejection scaling parameter

9p average complaints level for the drug type p manufactured by manufacturer m
0 established acceptance criteria for the drugs

Pcap,, processing capacity of drug manufacturing site m for product type p

Deém,, the demand for drug p in hospital / during period ¢

Scap,, the capacity of center d with capacity ¢

Decision variables

p— If drug manufacturer d supplies drugs to distributor d of type p in planning duration ¢ then 1; otherwise 0
Zy If the drug distribution center at d with a capacity of ¢ is located then 1; otherwise 0

O, Quantity of drug type p sent to drug distribution center d from drug manufacturer 7 in planning duration ¢
O i Quantity of drugs type p is sent from center d to hospital pharmacy / in planning duration ¢

3.2 Mathematical model

a. Total cost minimization objective

(M

T M

D M P D T P D T
prod stor
PIICANED I WIS IEDIPI I I A I
d m p d p d t
T

l

ml n lutal cost _
¢ [ m
P D D T
r tran
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d d h ot

P t

Zm 5t

3M§

c

The foremost component of the objective function specified in Eq. (1) serves to minimize the cost of drug production in the
manufacturing process. The next term tries to minimize the overall cost associated with drug inspections. The third term
signifies the cumulative cost of storing drugs at distribution centers. The fourth term aims to reduce the total expense incurred
in establishing distribution centers. Lastly, the last two components work towards minimizing the overall cost of drug trans-
portation.

b. Total time minimization objective

M P D T P D T M P D T D H P T
. total time ~ prot ~time ~inspt sz
min DD N RIS )33 RTINS 333 1AL IED )33 3o
p d t p d t m p d t d h p t

m m

2

The objective function pertaining to time, as outlined in Eq. (2), encompasses the product of production time and the quantity
of product families transferred to distribution centers across all time periods. Additionally, it includes the inspection time at
manufacturing sites, as well as the transportation time from manufacturing sites to drugs distribution centers and subsequently
from distribution centers to hospital pharmacies.

c. Drugs complaints minimization objective
. ' ) M P D T ﬁm
min tota complaints Z Z Z Z fmp X /U ympd, (3)
m p d t émp
In the context of measuring quality, it is assessed by considering the number of complaints received for a particular drug type

p- Given this context, Eq. (3) aims to minimize the highest count of rejections received for drug type p that is manufactured
by manufacturing site m. The objective is to reduce the occurrence of rejected products and enhance overall product quality
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by minimizing the maximum number of rejections observed for a specific drug type produced at a particular manufacturing
site.

3.3 Constraints of the P-SCND optimization model

Constraint (4) stipulates that the total quantity of a drug manufactured at a manufacturing plant and transferred to a distribution
center must not exceed the effective production capacity of the manufacturing plant. By adhering to this constraint, the model
ensures that the manufacturing site's capabilities are not exceeded, enabling efficient production planning and allocation of
resources.

“

D
z Qmpdr = Pcapmp Xympdt Vl’l’l, PJ
d

Constraint (5) states that the cumulative quantity of each drug supplied from a distribution center to a hospital pharmacy must
be at least higher than the total demand for each drug in that specific hospital pharmacy during each planned duration. By
enforcing this constraint, the model guarantees that enough drugs are available at the hospital pharmacies to fulfill the needs
of patients and healthcare providers, ensuring a consistent and reliable supply of medications.

D . (5)
ZQM,U > Demhpt Vp,h,t
7]

Constraint (6) impost that the number of drugs supplied to each distribution center in each planning duration must be less than
the total storage capacity of the distribution center. Constraint (6) requires that the number of drugs supplied to each distribu-
tion center during each planning duration must be strictly less than the total storage capacity of the respective distribution
center. This constraint ensures that the quantity of drugs received and stored at each distribution center remains within its
storage capacity limits.

(6)

D P C
ZZQmpdt < zscapdc dec vm’t
d p c
Constraint (7) guarantees the equilibrium between the quantity of each drug type supplied from manufacturers to the storage
center and the quantity supplied from the storage center to the hospital pharmacies. By maintaining this equilibrium, the
constraint facilitates a smooth and consistent supply chain operation, preventing any imbalances or discrepancies between the
supply of drugs from manufacturers and their subsequent distribution to hospital pharmacies.

M H (7)
z Qmpdl - Z deht =0 Vda pst
m h

Constraint (8) imposes a limitation within the P-SCND optimization model, requiring that only a single capacity level be
selected for each operational drug distribution center. By constraining the capacity selection to one level per distribution
center, the optimization model aims to streamline resource allocation and facilitate efficient planning for the operational drug
distribution network.

C 8
>z, <1 Vd ®

Constraint (9) specifies that the acceptance level for the actual production of drug type p, manufactured by drug manufacturer
m, must be lower than the predefined acceptance level. Following this constraint, the manufacturer aims to maintain the
desired level of product quality and ensure that the actual production process consistently meets the established acceptance
criteria.

qm[’xympd[ SQ Vmspsdst (9)

Eq. (10) and Eq. (11) provide the drugs inventory levels for each type of drug p at each drug distribution center in specific
planning durations.

i (10)
ILdpt = det - Z de/n Vd.p,t|t=1
7

H (1 1)
I, =1L, , +T,,—> 0., Ydpit/t=2
h

Eq. (12) and Eq. (13) impose binary and non-negativity constraints on the P-SCND model.
ympdl’zdc E{O’l} (12)
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Qmpdt ’ deht 2 O (13)
4. Solution methodology to solve the P-SCND optimization model

The integration of possibilistic programming, robust possibilistic programming, and flexible programming culminates in the
formation of RPFPA. Each of them contributes a unique advantage in tackling uncertainty, which is as follows:

Possibilistic programming allows for the representation and handling of uncertainty in a flexible manner (Habib, Tayyab,
Zahoor, & Sarkar, 2020). It employs possibility distributions to quantify the degree of possibility for different outcomes,
accommodating imprecise and incomplete information. While robust programming enhances decision-making under uncer-
tainty by considering multiple scenarios or variations in the uncertain parameters. Lastly, flexible programming introduces
adaptability within the constraints of the model, enabling adjustments and modifications based on changing circumstances or
evolving requirements. Using the combination of all these three techniques the DM can harness the benefits of each approach
to effectively handle and manage uncertainty, leading to more robust and flexible solutions.

4.1 Generic formulation of RPFPA

To understand the working of RPFPA, Eq.n (14) presents a simplified version of an optimization model that consists of
imprecise parameters. This formulation enables a deeper understanding of the composition of RPFPA and its application in
handling uncertainty.

min  Z=KxXc+RxXo

subjectto  Fxc<T,

(14)

020, ce{O,l},

By employing the ExpV (Expected value) and Me-measure (for details of Exp) and Me-measure please see: (Abusaq et al.,
2022; Pishvaee, J. Razmi, & Torabi, 2012; Rabbani, Zhalechian, & Farshbaf-Geranmayeh, 2018), uncertain parameters in Eq.
(14) undergo a transformation, resulting in their conversion from an uncertain form to a certain form, as illustrated below:

min ExpV[Z]={%X(K1 +K2)+%><(K3 +1<4)}><(:+[%><(Rl +R2)+%><(R3 +R4)}<o

subject to FXCS|:((I)1 —3)xT +(l_®l)XT2}

1-3
Dxc=0 (15)
ong[(cpz -3)xW +(1—<I>2)><V2}<C’

1-3
Wxo2=1,

020, ce{0,1}, 0.5<®,,®,<1, 0<3<1

During the following phase, the PP equivalent form, as illustrated in Eq. (15), is subject to modifications that involve the
integration of flexibility within its constraints. This adaptation results in a revised formulation called FPP, which is outlined
in Eq. (16) provided below:

min ExpV[Z]z[%x(Kl +1<2)+%><(1<3 +K4)}><c+[%x(Rl +R2)+%><(R3 +R4):|><0

subject to F><c§[(q)1 Ll +(1_<D1)XTz}

1-3
Dxc=0, (16)
QXO;F‘DZ—S)XVI+(1—‘I’2)XV2}XC,

1-3
Wxo2=1,

020, ce{0,1}, 0.5<®,,®,<1, 0<3<1
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In the above Equation, the parameter 3 represents the pessimistic-optimistic parameter, while ®@; and @ are indicative of the
SC manager's level of confidence. Besides, the symbol < signifies the integration of flexibility into the target values of

uncertain constraints.

min ExpV|[Z] {%x(}g +1<2)+%><(1<3 +K4)}<c+[%x(1el +R2)+%X(R3 +R4)}<o
subject to FXCS{((D] -3)xT, +(1—(I)1)><T2}{vl +v, +1y +v4}(1—ﬂ1)
Dxc=0,
ons{(«bz ~9)xK +(1—<D2)XV2}XC+HA ity +j4}(1_ﬂ2)}c
1-8 4
Wxo2=1,

020, ce{0,1}, 0.5<®,®,<1, 0<3<1, 0<4,5, <1

In Eq. (17), ¥ and  are the uncertain flexibility margins for uncertain constraints, while B., B, are the confidence level of
DM for the flexibility margin. Subsequently, by utilizing the concept of RPP presented by Pishvaee et al. (2012), the resultant

RPFPA form is as below:

min  ExpV [Z]+©(Z, — ExpV[Z])+E, H«Dl —S)x?jél—d)l)xTz }—‘1%}
EZH@Z SIRANEARE }_cbz}xcﬁo] H—‘ trt +V4}(1—,B1)}+

0, |:|:{Jl +j2 2]3 +j4 }(l_ﬂz)j|><c:|

-3 x (K, +1<2)+%><(1<3 +K4)}Xc+[%X(R1 +R2)+%x(R3 +R4)}><o

subject to  ExpV[Z]= [T
(18)

erg[(cp1 —S)x?jél—d)l)xTz }{vl +v, ZV3 +v, :|(l_ﬂ1)
Dxc=0,

L A
Wxo2>1,

020, ce{0,1}, 0.5<®,,®, <1, 0<3<1, 0<4,5, <1

4.2 Conversion of uncertain P-SCND model into RPFPA form

The systematic conversions described in Section 4.1 are employed to transform the uncertain generic model into an equivalent
RPFPA form. As a result of these conversions, the P-SCND model can be represented in the following RPFPA format:
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Minimize ExpV[fmmlme_i_stt |:fmta/cost,MAX _ExpV[fmmlmerJ_'_

(axup _ K)Pcapmp(l) + (1 — o )Pcapmp(z)

m

) { (@ — %)Dem,, , +(1- e )Dem,,, }il
1-%

total cost | __ AR 1- ACUSI prod prod ACOS? prod
ExpV[f ]_Zzzd:z ) (ﬂm/n(l) +ﬂ’mp!(2))+ 5 (/’mez(s) +
t

m p

S

DT 1_ Acost n ) Acast in in
; Z {T(’%}(YS + A4, ) + P (’11‘7(?) + A, )}X Yopar |+

3

1_ Acost Amxt
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and constraints (6) — (13).

4.3 Membership functions formulation for P-SCND model objectives

After obtaining the P-SCND model’s uncertain formulation, a pay-off table is developed for model objectives. Based on which
membership function for each model objective is developed as below in Equation (24) — (26).

total cost total cost
1 iff < Jrs
total cost total cost
K,cost _ NS _f f ftotulcast <ftotulwst < totulw;t (24)
- total cost _ gtotal cost
NS PS
total cost total cost
0 ifrrs 2 fis
total time total time
1 iy < Jrs
total time _ftutultime
ime __ | J NS total time total time total time
K} - total time _ g total time f f < f < f (25)
NS PS
total time total time
0 s 2 fs
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. total complain total complain
1 iff < frs
total complain _ flotal complain
K,complam — ) JNS l_f fm[almmplam < ffomlcamplabz < total complain
fmfal complain _ g total complain PS NS (26)
NS PS
. total complain total complain
0 ity 2 fs

cost

where, ©*, K" and k""" are the attainment degrees for respective objective functions.
4.4 Transforming the P-SCND model into a single objective form
In the last stage of the proposed methodology, the proposed model is transformed into a single objective. In this research, the

TH method is employed. TH method is employed in many research studies (Habib & Sarkar, 2018)Its formulation is as
follows:

max N f + {(1 _ f) (Wmst K.cost 4 Wtime K.rime + wmmplai/z K.cnmplain )}

such that x*" > X
Ktime >R (27)
Kcam/)[ain 2 N
Xe[0,1]

System constraints (6) — (13) and (19) — (23).

where ¢ and X represent the compensation coefficient and the minimum possible objective target, in the P-SCND model. On

complain

the other hand, w*",w"™,and w/ denote the priority weights assigned to the objectives of the model.

5. Case problem

In this portion, we present the implementation of the P-SCND model in practical scenarios. To validate its effectiveness, we
provide a numerical example that serves as an illustration of the model discussed in the previous section. The SC network
under consideration is a three-tiered system, handling multiple types of drugs. It includes eight drug manufacturing sites, four
drug distribution centers (with two different capacity levels), and four hospitals. In this network, the manufacturing sites are
located on the left side, representing the supply echelon, while the hospitals are positioned on the right side, representing the
demand echelon. The model has been analyzed within a three planning horizon, enabling the identification of the most favor-
able balance among cost, time, and quality factors. The demand of each hospital is fulfilled through a group of distribution
centers, and decisions regarding their location and capacity are treated as binary variables.

The transportation cost between different tiers of the supply chain facilities is calculated by multiplying the distances between
individual facilities with the unit transportation cost specific to each tier. This unit transportation cost is determined based on
data obtained from regional logistics firms. Additionally, the model assumes that a fleet of homogeneous drug supply vehicles
with a capacity of 10 tons is responsible for transporting feedstock from supply terminals to distributors. Similarly, vehicles,
each with a capacity of 5 tons, have been utilized to transport drugs from distribution centers to the respective demand zones
(hospitals). The decision-makers (DMs) engaged in the PSC are focused on procuring drugs to fulfill the hospitals' require-
ments for the upcoming three months. The procurement department is responsible for the purchasing process. Within a 300-
kilometer radius, there are eight suppliers available. The network of healthcare centers, in collaboration with the health de-
partment, aims to assess each supplier's performance based on criteria such as time, quality, and cost. The P-SCND model
involves the following decisions:

e Selection of suppliers: The model determines the number of suppliers to be chosen based on their ability to meet the
evaluation criteria of cost, time, and quality.

e Capacity planning for drug distribution centers: The model determines the operational capacity levels of drug distribution
centers, considering factors such as demand and logistical requirements.

e Allocation of drugs from suppliers to distribution centers: The model calculates the optimal quantity of each type of drug
to be allocated from selected suppliers to specific locations within the drug distribution centers.

e Allocation of drugs from distribution centers to demand points: The model determines the quantity of each type of drug
to be allocated from the selected locations within the drug distribution centers to the respective demand points.
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e Cost for robustness: The model helps evaluate the need for additional investments by decision-makers to guarantee the
reliability of the chosen SC configuration, even in an uncertain environment.

These decisions, made on strategic and tactical fronts, aim to optimize the supply chain operations while considering cost-
effectiveness, timely delivery, quality assurance, and risk against an uncertain environment. In the P-SCND model, uncertain
input parameters are represented as fuzzy parameters. The tables presented in Appendix A, specifically Tables Al to All,
offer a comprehensive compilation of the most probable values for the data utilized in this research.

5.1 Results and computational analysis

In the subsequent phase, the data that was gathered, along with the P-SCND model represented in Equations (5) -(18) and
(19) -(27) are encoded in the LINGO software to obtain optimized results. Since the provided RPFPA approach is interactive,
the managers are required to select the values of interactive parameters under real-time dynamics. These parameters include
the CL (confidence level) of the manager, the scaling parameter, the penalty for violating uncertain constraints, and the penalty
for violating flexible constraints. The scaling parameter value plays a crucial role in improving the robustness and optimality
of the P-SCND model. The scaling parameter helps to balance the trade-offs between different objectives and ensure that the
model's solution remains robust in the face of uncertain or variable durations. By minimizing the maximum deviation of the
objective, the scaling parameter contributes to achieving a more desirable and consistent outcome for the P-SCND model.
Furthermore, the values for the penalty associated with uncertain constraint violation and soft constraint violation are deter-
mined based on the DMs confidence level. If the DM is facing a higher level of uncertain environment, then the confidence
level is low hence, higher values of penalty violation constraints are more suitable. Assuming a CL of 90% of DM for the
uncertain constraints, the RPFPA equivalent form was used to develop the payoff table of the P-SCND model objectives
which is given below in Table 2.

Table 2
Best and worst case values for the objectives of the P-SCND model.
P-SCND model objectives Cost minimization ($) Time minimization (hours) Complaint minimization (quality)
Cost minimization 21,058,669 9,748 35,498
Time minimization 30,044,300 8,490 66,549
Complaint minimization (quality) 29,065,440 11,540 18,659

The decision acquired from the proposed model depicts a conflicting nature between the P-SCND model objectives. For
instance, when considering the cost objective, the best solution yields the lowest value of $21,058,669, while the worst-case
solution provides a value of $30,044,300. Alternatively, when addressing the time objective independently, the resulting value
is 8,490. However, when it is considered in conjunction with the cost minimization objective, the time minimization objective
increases to 9,748. Similarly, the quality objective, when solved independently, achieves a minimum value of 18,659. Yet,
when combined with the time minimization objective, the quality minimization objective yields a value of 66,549. The reason
for this contradiction is that when the quality objective is addressed independently, it consumes more inspection time to uplift
the value of the quality objective satisfaction level. Conversely, when the time minimization objective is pursued in isolation,
it aims to minimize the overall system while still meeting the minimum acceptable level of quality set by the constraints of
the model. These outcomes clearly illustrate the trade-offs among the P-SCND model objectives.

1 if feees <21,058,669
0.044.300 — total cost )
oo = 30,044,300— 1 if 21,058,669 < I < 30,044,300 (28)
30,044,300-21,058,669
0 i £ 230,044,300
1 l]{ fmm[time < 8, 490
) 11.540 — total time ) )
Kﬂme — 1 515540 f8‘ 490 lf 8, 490 < frotalnme < 1 1’540 (29)
0 !f ftota[time >1 1’540
l l_f fmm[camp/ain < 18, 659
) 6 54 __ gtotal complain )
’{omplam — 65 9 f lf 18, 659 < j-totalcomplmn < 66, 549

66,549-18,659
0 lf‘ ftafa[('amplain > 66,549 (30)
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By applying Equation (28) to Equation (30) in the TH formulation, the results for the P-SCND model can be derived. It is
worth mentioning that the proposed solution is interactive in nature. Therefore, it allows for obtaining scenario-specific results
tailored to specific scenarios. Fig. 2 has been provided to visually depict the optimized decision. It represents the decisions

cost time complain
are

made during the first planning duration only, where the values of ¢ = 0and equal preference for w™",w"™ and w
considered. In this specific case scenario, the objectives of minimization of cost, time, and quality have achieved goals of
70.2%, 67.3%, and 62.8%, respectively. These values represent the level of accomplishment (&, &, &“"""“" ) for each
objective based on the optimization process within the model.

Drugs distribution center (d) with

Drug manufacturer capacity level (c)

Hospitals (h)
(m)

HOSPITAL

B8 oeLvery

d
-
—
2

Fig. 2. Optimized decisions for the P-SCND optimization using the RPFPA approach

C2

Based on the graphical representation in Fig. 2, the optimized decision for the first planning duration of the P-SCND model
reveals that six out of the eight drug manufacturing sites have been selected as suppliers. Moving forward to the second tier
of the P-SCND model, out of the four available drug distribution and storage centers, two have been designated as operational.
Additionally, the capacity decision is also made for drug distribution centers. It has been determined that the optimization
model has chosen distribution centers with high processing capacities for both operational locations. By opting for distribution
centers with larger processing capacities, the optimization model takes advantage of economies of scale. This means that as
the scale of operations increases, the average cost per operation decreases. The model recognizes that by leveraging economies
of scale, it becomes more cost-effective to process a higher quantity of drugs in a single operation, rather than distributing
them through multiple smaller operations. This approach optimizes the utilization of resources, minimizes costs, and enhances
operational efficiency within the pharmaceutical supply chain. By prioritizing distribution centers with high processing ca-
pacities and benefiting from the economies of scale factor, the optimization model aims to streamline operations, maximize
cost savings, and ultimately improve the overall performance of the distribution process within the pharmaceutical industry.

5.2 Impact on the total cost for integration of robustness factor

Assuming a confidence level of 90% of DM for the uncertain constraints of the P-SCND model a minimum of total
$21,058,669 is obtained. According to Equation (27), Figure 3 illustrates the relative contributions, expressed as percentages,
of the three components of the cost minimization objective in the RPFPA formulation. Specifically, the ExpV cost, and ro-
bustness cost, 76.2%, and 23.8%, respectively.
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Optimality robustness cost ($)

prugs supply constraint violation penaity ()

23.80%

Drugs demand constraint violation penalty ($)

HExpV ($)

B Robustness cost ($)

Fig. 3. Contribution of the different types of cost in the robust objective formulation of the P-SCND model.

The drugs SC achieves a minimum cost of $21,058,669. Within this total cost, the ExpV cost component amounts to
$16,046,706. The ExpV cost solely takes into account the average values of the uncertain parameters in the model. The
reliability of findings based on the ExpV cost, which considers uncertain parameters obtained from TPD and can take on
various values, is questionable. Due to the inherent uncertainty related to these parameters, the reliability and accuracy of the
results may be compromised. Given the aforementioned background and the inherent limitations associated with uncertain
parameters obtained from TPD, the RPFPA formulation presented in Equation (19) - (21) is utilized. RPFPA approach, in
addition to considering the ExpV, also enhances the robustness, optimality, and feasibility of the optimization model. By
incorporating the uncertainties and their associated penalties, the FRPP formulation aims to achieve a more stable and reliable
solution. In the P-SCND model, a penalty cost of $1,503,589 is incurred to enhance the optimality of the obtained results.
Additionally, there are constraint violation penalties associated with supply and demand which are $1,002,392 and
$2,505,982, respectively. Table 2 provides a detailed breakdown of the total SC system cost, illustrating the individual com-
ponents and their respective contributions to the overall cost.

Table 2
Total cost minimization composition in RPFPA formulation of P-SCND model.

OPJeCt.lve function Drugs supply constraint Drug's der'nanq Total cost
ExpV ($) optimality robustness violation penalty ($) constraint violation
cost ($) P y penalty ($) ®
16,046,706 1,503,589 1,002,392 2,505,982 21,058,669

5.3 Impact of coefficient of compensation (TH method) on P-SCND model objectives attainment levels

The P-SCND model undergoes conversion into a single objective through the utilization of the TH approach. Given the inter-
active nature of the TH method, decision-makers can obtain multiple global optimal solutions by adjusting the values of
interactive parameters in response to real-time circumstances. The TH method encompasses two categories of interactive

cost time complain

parameters: the coefficient of compensation (¢) and the preference weights (w*", W™ and w ) assigned to the model ob-

jectives. By adjusting the values of the interactive parameters, it is possible to obtain multiple global optimal solutions for the
model objectives (&, K™, k""" ). Figure 4 provided displays the P-SCND model, where the levels of objective attain-

ment are depicted on the vertical axis, and the preference weights assigned to each objective are represented on the horizontal
axis. Upon careful examination of the results, an intriguing pattern becomes apparent: as the compensation coefficient (¢)

increases, a balanced solution emerges for the P-SCND model objectives. This occurrence can be attributed to the TH method's
behavior when utilizing higher values of the compensation coefficient. In such cases, the TH method focuses on elevating the
minimum level of satisfaction across all goals, resulting in a more equitable and well-rounded solution. This implies that
decision-makers, by adjusting the compensation coefficient, can achieve a desirable balance among the various objectives of
the P-SCND model. As a result, there exists a relationship among the compensation coefficient (/) , objective preference
weights, and the dispersion of objective attainment levels in the P-SCND model which is shown in Figure 4 (a)—(e). In Figure
4(a), the attainment levels display the highest dispersion, indicating a wider variation among the objectives' levels of attain-
ment. Conversely, in Figure 4(e), the dispersion is the least, providing a highly uniform and consistent attainment level across
the P-SCND model objectives irrespective of priority weights. This implies that the combination of appropriate preference
weights and an optimal compensation coefficient (/) can reduce the dispersal of satisfaction levels, resulting in a more bal-

anced solution.
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Fig. 4. Impact of coefficient of compensation (TH method) on P-SCND model objectives attainment levels. (a) ¢ =0, (b) ¢ =
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6. Conclusions and future research directions

This research addresses the complexities of the PSC and aims to achieve a balance among quality, cost, time, and uncertainty.
This research provides a decision-making system that assists managers in achieving commercial success while maintaining
quality assurance goals in a PSC. Since the PSC faces considerable unpredictability due to factors such as governmental
regulations and market fluctuations, it requires a robust system to minimize uncertainties and provide high-quality medicine
to hospital pharmacies. For this purpose, this research provides a P-SCND optimization model. Additionally, to ensure resil-
ience and robustness in the results of the P-SCND model, the research introduces the RPFPA solution approach. Research
results demonstrate that the proposed model offers a promising approach to optimize allocation planning in the medicine SC.
The results underscore the advantages of utilizing the proposed model to optimize allocation planning, meet customer de-
mands, and mitigate system complaints. Additionally, by employing the RPFPA methodology, decision-makers gain the abil-
ity to strategically allocate investments within the PSC to enhance its resilience and mitigate the effects of inherent uncertain-
ties.

Overall, the study contributes to the advancement of decision-making systems in the PSC, facilitating improved efficiency,
cost-effectiveness, and quality assurance in the delivery of medicine to end customers. While the research provides valuable
insights into optimizing the PSC, it also has a few limitations. These limitations can serve as future research directions to
further enhance the understanding and effectiveness of PSC optimization. Two limitations and potential areas for future re-
search are as follows:

e The research primarily focuses on internal factors within the pharmaceutical supply chain, such as production costs, trans-
portation times, and quality parameters. However, the external factors that impact the PSC, such as market demand fluc-
tuations, regulatory requirements, and geopolitical considerations, are not fully addressed. This research can be further
extended by integrating external factors into the optimization model to provide a more comprehensive and realistic repre-
sentation of the PSC dynamics.

e The research predominantly emphasizes the triad of cost, time, and quality, but does not extensively address sustainability
and environmental factors. As the pharmaceutical industry is increasingly concerned with sustainability and environmental
impact, future research could delve into incorporating green and sustainable practices into the PSC optimization model.
This could involve considering factors such as carbon footprint reduction, waste management, and the use of eco-friendly
materials. By integrating sustainability objectives into the optimization model, the PSC can become more environmentally
responsible and aligned with global sustainability goals.

By extending research in these directions, scholars and practitioners can further enhance the understanding of PSC optimiza-
tion, making it more comprehensive, adaptable, and sustainable. These future research directions have the potential to con-
tribute to the development of more robust and holistic approaches for managing the complexities of the PSC, leading to
improved operational efficiency, cost-effectiveness, and environmental sustainability.
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Appendix

Table A1

Production cost ($) of each drug per unit (/i,f;’;j’d )

pi D2 D3
t t 13 t t t3 t t t3

mj 12 1.26 1.32 2.1 2.205 231 32 3.36 3.52
m; 1.8 1.89 1.98 2.3 2415 253 3.1 3.255 3.41
m3 1.4 1.47 1.54 25 2.625 2.75 32 3.36 3.52
my L5 1.575 1.65 1.9 1.995 2.09 3.1 3.255 3.41
ms 1.4 1.47 1.54 1.9 1.995 2.09 33 3.465 3.63
me L5 1.575 1.65 2.12 2.10 22 3.4 3.57 3.74
my L6 1.68 1.76 2.1 2.205 231 3.12 3.15 3.35
ms 1.2 1.26 1.32 22 2.31 2.42 2.9 3.045 3.19

Table A2
Inspection cost ($) of each drug type ( /i;n.yp )
Drugs ®
D1 4
P2 1.8
D3 17

Table A3
The installation cost of drug distribution centers with capacity levels (/i’f’ )
c1 c2
d J 12,000 16,000
d> 18,000 20,000
ds 14,000 17,000
d4 15,000 16,000

Table A4

Cost for transferring drugs from the drug manufacturing site to the drug distribution center (ZZ:,’" )
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d/ d_? dj d3
m; 330 21 51 400
ms 420 380 100 200
ms 150 180 330 160
My 170 230 180 160
ms 170 1100 150 360
me 180 110 250 350
my 490 210 330 450
ms 350 250 190 150
Table AS
Time required to transport drugs from manufacture to distributor (72, ).
d/ dg dj d3
mi 33 21 51 40
Mo 0 38 10 20
m3 15 18 33 16
My 17 23 18 16
ms 17 11 15 36
me 18 11 25 35
ms 49 21 33 45
ms 35 25 19 15
Table A6
Time required to transport drugs from distributors to hospitals (7" ).
h/ h_? h3 hj
d; 12 7 12 20
d> 14 10 20 18
ds 17 13 19 21
dy 20 18 12 10
Table A7
Complaints for each drug in last year's duration (77, )
Y2l P2 J 2]
m 250 275 200
m; 180 260 250
m;3 150 190 270
my 265 205 260
ms 250 169 280
me 170 170 250
m; 240 180 200
mg 190 190 157

Table A8
Processing capacity of drug manufacturing sites for each drug type (Pcapmp ).
Di D> D3

mi 25,000 25,000 20,000
m; 30,000 21,000 15,000
ms 27,000 28,000 20,000
my 30,000 26,000 25,000
ms 25,000 35,000 24,000
ms 20,000 30,000 20,000
ms 24,000 20,000 28,000

e 30,000 20,000 21,000
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Table A9
Estimated demand for drugs in hospitals
p1 p? ps
t t t; t t; 13 1 2] 13

hi 21,500 23,650 24,725 28,400 31,240 32,660 15,000 16,500 17,250
h 14,500 15,950 16,675 26,900 29,590 30,935 18,900 20,790 21,735
hs 24,800 27,280 28,520 21,500 23,650 24,725 16,500 18,150 18,975
hy 25,000 27,500 28,750 27,500 30,250 31,625 17,500 19,250 20,125
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