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Introduction: Optimization of distribution for essential medical products is impor-
tant goal in health systems. For this purpose, the network design should consider
economic, environmental, and social aspects together. This issue is especially seri-
ous in Turkiye, where regional disparities, infrastructure differences, and limited
access to healthcare make pharmaceutical distribution more complicated.
Methods: This study develops a tri objective mathematical programming model
for sustainable distribution network design of essential medical products in
Turkiye. The model tries to minimize logistics cost and carbon emission at the
same time, while it maximizes social benefit through regional job creation. Since
the problem is NP hard, two multi objective metaheuristic algorithms, NSGA I
and MOPSO, were applied for solving large scale instances. Their performance
was evaluated by mean ideal distance, spacing metric, number of Pareto solu-
tions, and computational time. Validation was done through comparison of
metaheuristic results with exact MILP solutions in small scale instances.
Results: The results show that both algorithms produced near optimal solutions
with good quality. MOPSO had faster convergence, lower mean ideal distance,
and also more uniform Pareto front, while NSGA Il gave wider spread of alterna-
tive solutions. No statistically significant difference was found in the number of
non-dominated solutions. The case study results also show that the proposed
model can help simultaneous improvement of economic, environmental, and
social performance in Turkish healthcare distribution network.

Discussion: The proposed framework gives a practical decision support basis
for sustainable and resilient healthcare distribution network design in Turkiye.
Its contribution is that it brings together cost, carbon emissions, and regional
employment generation in one unified multi echelon optimization structure, and
also shows that metaheuristic solution methods can be useful for real world
healthcare logistics planning.
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1 Introduction

Logistics of essential medicines is a basic function of the global
health infrastructure and a cornerstone for ensuring quality health care
and health system stability (Bashirynejad et al., 2024). The management
of the supply chain has to move away from the traditional cost reduction
methods to a sustainable model that addresses various aspects in the
current ‘new normal’ scenario (Tyagi, 2024). This has to be done espe-
cially in the distribution phase, which is the last connection between the
production sites and the patients, while it remains the most vulnerable
to the imbalances in the inventory levels (Zandkarimkhani et al., 2020).
Recent studies have highlighted the need for sustainable optimization
models that can handle high levels of uncertainty in perishable-product
supply chains (Shiri and Ahmadizar, 2023; Truant et al, 2024;
Rostamzadeh et al,, 2025). Research done recently in 2025 has pointed
out the need to have a sustainable optimization model that can handle
high levels of uncertainty in the perishable products’ supply chains (Shiri
and Ahmadizar, 2023; Truant et al., 2024).

A truly sustainable health care supply chain is a balancing act that
achieves competing priorities in a dynamic way, reflecting the Triple
Bottom Line: economic, environmental and social considerations
(Madani et al., 2024). The main purpose of the economic efficiency is
to ensure the long-term sustainability of the logistics network. On the
other hand, the environmental performance of a logistics network is
aimed at reducing the carbon emissions in the logistics activities so as
to achieve the global decarbonization of the network (Zhou et al,,
2024). Social sustainability is the least quantified aspect and is focused
on the improvement of health equity and regional economic develop-
ment (Truant et al., 2024). Newly emerging studies on 2025 indicate
that pharmaceutical SCM in developing countries is facing major
challenges in terms of infrastructure and market access and requires
more localized and comprehensive strategic frameworks (Alfaouri et
al.,, 2025; Erdag and Yegenoglu, 2025).

In the context of Turkey, regional differences in terms of infrastruc-
ture and geography result in a “spatial mismatch” between centers of
supply and centers of demand (Acar and Biik, 2017; Erdag and
Yegenoglu, 2025). The Turkish pharmaceutical system is a complex
multi-stage system that is heavily regulated and involves manufacturers,
wholesalers, and thousands of retailers (Acar and Bik, 2017; Kose et al.,
2022). Studies have shown that regional differences in Turkey have
resulted in temporary shortages in the region, thus requiring structural
interventions that bring services “closer to home” (Bravo et al., 2025;
Erdogan and Ayyildiz, 2022). In spite of these needs, existing optimiza-
tion approaches for the Turkish context are either focused on robustness
(Isik and Topaloglu Yildiz, 2023), without a unified mathematical per-
spective where job creation at the regional level is considered a major
factor, together with economic and environmental aspects.

Addressing the gaps identified in the existing literature, this study
contributes to healthcare logistics and sustainable supply chain design in
several ways. It first proposes a tri-objective mathematical optimization
model for the distribution of essential medical products that jointly cap-
tures economic cost, transportation-related carbon emissions, and social
benefits in the form of regional employment generation. By doing so, the
framework moves beyond the predominantly single-dimensional, or
only partially integrated, approaches reported in much of the prior litera-
ture. The study also combines strategic facility location decisions with
tactical product flow allocation in a unified multi-echelon optimization
framework, which allows the network to be designed in a more coherent
and realistic manner. Because the problem is NP-hard, two established
multi-objective metaheuristic algorithms, Non-dominated Sorting
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Genetic Algorithm II (NSGA-II) and Multi-Objective Particle Swarm
Optimization (MOPSO), are used to solve large-scale instances. Their
performance is evaluated through mean ideal distance, number of Pareto
solutions, spacing metric, and computational time. The framework is
then applied to a real-world case study of Turkey’s pharmaceutical dis-
tribution network, represented by aggregated demand zones, and the
reliability of the resulting solutions is verified by comparison with exact
MILP solutions for small-scale instances and with generated large-scale
benchmark instances. Collectively, these contributions provide both
methodological advancement and practical guidance for the design of
more sustainable medical distribution systems.

The rest of this paper is organized as follows: Section 2 presents the
literature review and Section 3 introduces the research design. Section
4 formulates the mathematical model for the proposed sustainable
distribution network design problem, while Section 5 presents the
solution algorithms used to solve it. Section 6 describes the algorithmic
implementation and parameter-tuning procedure. The case study and
data setting are introduced in Section 7, followed by the computational
experiments and results in Section 8. Section 9 discusses the main
findings together with their managerial implications, and Section 10
concludes the paper by identifying directions for future research.

2 Literature review

2.1 Healthcare supply chain and distribution
challenges

Pharmaceutical distribution in developing countries is faced with
a number of challenges, including a highly fragmented, and often
poorly developed, distribution structure (Alfaouri et al., 2025). Turkey
has quite restrictive access to the market, and, as in the other countries,
also a number of barriers exist for the distribution between warehouses
and pharmacies (Erdogan and Ayyildiz, 2022; Kose et al., 2022). Recent
2025 studies point to the fact that the “estimate-then-optimize”
approach may lead to better service quality in the provinces and gener-
ally, in cases where the location of the logistics centre is not optimal in
relation to the demand centres (Bravo et al., 2025). This is also con-
firmed by studies (Bilal et al., 2024; Erdogan and Ayyildiz, 2022).

2.2 Sustainable supply chain network
design

Sustainable design is not only about cost savings but also has to
consider the environmental and social impacts (Govindan et al., 2016;
Madani et al., 2024). For instance, the management of perishable
products has to consider the environmental and uncertainty associ-
ated with product deterioration in order to limit waste (Rostamzadeh
et al., 2025; Zandkarimkhani et al., 2020). While corporate social
responsibility influences carbon reduction (Zhou et al.,, 2024), the
integration of regional and rural development and job creation in a
multi-tier health system is an important issue which is not covered in
the current literature (Madani et al., 2024; Truant et al., 2024).

2.3 Social sustainability and optimization
approaches

Social sustainability is often not incorporated within the frame-
work of quantitative modeling (Govindan et al., 2019). There are
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many studies in the literature on vaccine equity during pandemics
(Shiri and Ahmadizar, 2023) or job creation in medical waste recy-
cling (El Liazidi and Dkhissi, 2024). In Turkey, studies on cold chain
waste management (Isik and Topaloglu Yildiz, 2023) are available.
However, for the healthcare distribution sector in Turkey, a system-
atic approach that balances the job creation potential of the regions
with the carbon-based sustainability goals has not been identified in
the literature yet.

TABLE 1 Comparative analysis of the proposed study with existing literature.

10.3389/frsus.2026.1803612

2.4 Metaheuiristics in logistics

The NP-hard location-allocation problems must be solved by
meta-heuristic methods (Validi et al., 2021). Standard methods for
multi-objective optimization such as NSGA-II and MOPSO are
applied in order to explore the non-convex Pareto frontiers (Nikian
et al., 2023; Rezaei and Liu, 2024). Although hybrid swarm intelli-
gence has been used effectively in vehicle routing problems

Author(s) and  Title of the Problem/ Method/ Env Soc Multi- Key gap/
Year work topic model echelon difference
Govindan et al. Designing a Sustainable SCM Hybrid Swarm v v v v Generic context;
(2019) sustainable supply not specific to
chain network high-sensitivity
integrated with medical logistics.
vehicle routing: A
comparison of
hybrid swarm
intelligence
metaheuristics
Zandkarimkhani et A chance Perishable Fuzzy goal prog. v - - v Lacks
al. (2020) constrained fuzzy pharma environmental
goal programming impact and job
approach for creation metrics.
perishable
pharmaceutical
supply chain
network design
Shiri and Ahmadizar | An equitable and Vaccine equity Mixed-integer v - v v Does not consider
(2023) accessible vaccine carbon emission or
supply chain environmental
network in the sustainability.
epidemic outbreak
of COVID-19
under uncertainty
Isik and Topaloglu Optimizing the Turkey cold chain | Robust MILP v v - v Focused on waste
Yildiz (2023) COVID-19 cold management;
chain vaccine neglects regional
distribution job creation.
network with
medical waste
management: a
robust
optimization
approach
Goodarzian et al. Designing a new Medicine SC Meta-heuristics v - - v Omitted
(2021) medicine supply environmental and
chain network social sustainability
considering dimensions.
production
technology policy
using two novel
heuristic
algorithms
(Continued)
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TABLE 1 (Continued)

Author(s) and

Year

Title of the
work

Problem/
topic

Method/
model

10.3389/frsus.2026.1803612

Multi-
echelon

Key gap/
difference

El Liazidi and A genetic artificial | Medical recycling | Genetic ABC - v v v Focused strictly on
Dkhissi (2024) bee colony waste recycling;
algorithm for not pharmaceutical
investigating job flow.
creation and
economic
enhancement in
medical waste
recycling
Bravo et al. (2025) Closer to home: a Healthcare access | Estimate-then- v - v - Qualitative focus
structural opt. on access; lacks
estimate-then- tri-objective
optimize approach mathematical
to improve access model.
to healthcare
services
Bouchenine and A robust Multi-vaccine SC | Robust MILP v - - v Single-objective
Almaraj (2024) optimization focus on cost/
approach model robustness; lacks
for a multi-vaccine TBL.
multi-echelon
supply chain
Karakostas and Modeling of Sustainable Multi-obj. MILP v v v v Restricted to EU
Sifaleras (2025) sustainable logistics regulations; lacks
integrated supply national meta-
chains under the heuristic
consideration of comparison.
European Union
regulations
This study Evaluation of Turkey pharma Tri-obj. MILP v v v v Unified Tri-obj.
sustainable (Cost, CO2, and
distribution regional job
network design creation under
decisions. aggregated
demand-zone
representation)
with meta-heuristic
comparison.

(Govindan et al., 2019), applying these algorithms to a tri-objective
model of Turkey’s national distribution network provides a useful
benchmark for decision-making at the national level. Table 1 sum-
marizes representative studies in the literature and clarifies the
methodological contribution of the proposed model.

3 Methodology

The purpose of this research is to develop a quantitative model for
design of sustainable distribution network of essential medical products,
with focus on locating upstream and mid-level distribution centers, and
also planning of product flows between different parts of network. In this
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model, network design is carried out by considering sustainability
dimensions at same time, so that decisions are not only acceptable from
economic view, but also from environmental and social viewpoints.
Within framework of proposed model, three main objective func-
tions are considered, which include minimization of total distribution
costs, reduction of environmental impacts caused by logistics activi-
ties, and strengthening positive social effects of distribution network.
The population studied in this research includes companies active in
field of medical product distribution in Turkey, which are responsible
for transferring products from upstream centers to demand points.
Main activities in medical product distribution network mainly
include storage and spatial movement of products. Decision making
complexity at this level of supply chain depends on factors such as
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geographic dispersion of supply and demand centers, diversity of ser-
vice regions, and demographic and regional characteristics of final
customers. For example, providing stable access to medical products
in less developed or low-density areas usually faces more challenges
compared to urban regions.

One of basic considerations in distribution network design is
environmental impacts related to transportation and logistics activi-
ties. Different transportation modes used in network can have differ-
ent effects on environment, including consumption of natural
resources, air pollution, noise pollution, and emission of greenhouse
gases. In recent years, controlling and reducing these impacts has
become one of important concerns in logistics industries.

Besides environmental aspects, design of medical product distri-
bution network also has notable social and economic impacts. In pres-
ent model, creating job opportunities in less developed regions is
considered as one of social sustainability indicators. From economic
perspective, efforts are made to design network structure in way that
operational distribution costs at whole network level are minimized.

Based on these considerations, the model for designing essential
medical product distribution network is developed under following
assumptions.

1. At network level, shortage of medical products at any demand
point is not allowed.

2. Direct exchange of products between upstream distribution
centers is not allowed.

3. Direct transfer of products between mid-level distribution
centers is not considered.

4. Calculation of carbon dioxide emissions is limited only to
transportation activities between network levels.

5. Human resource capacity used in transportation and distribu-
tion activities is assumed to be fixed.

4 Mathematical model

In following, indexes (Table 2), parameters (Table 3), and decision
variables (Table 4) of model are introduced, and then mathematical
structure of model is explained through set of Equations 1-10.

TABLE 2 Model indexes.

Indexes Description

{1 P} Candidate locations of main
pefl,...,
distribution centers for essential

medical products

Candidate locations of local or regional
distribution centers for essential

medical products

Demand regions including health
service providers and consumption
points, such as hospitals, clinics, and

pharmacies.
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TABLE 3 Model parameters.

Parameters Description

Transportation and transfer cost of
pm - A
essential medical product shipments
from main distribution center p to

local distribution center m.

Distribution and delivery cost of
cmd essential medical products from local
distribution center m to demand

region d.

Dy Amount of demand for essential
medical products in demand

region d.

Fixed cost for opening or activating
main distribution center p for

covering essential medical products.

Fixed cost for opening or activating
Fm local distribution center m for

covering essential medical products.

Holding and storage cost of essential
medical products at distribution

center p.

Holding and storage cost of essential
Hm medical products at distribution

center m.

Gapp Operational and storage capacity of

main distribution center p related to

essential medical products.

Operational and storage capacity of
Cap m local distribution center m related to

essential medical products.

o CO, emission coefficient caused by
om
transportation of essential medical

products on route from p to m.

CO, emission coefficient caused by
emd distribution of essential medical

products on route from m to d.

Social dimension parameter related
“p
to regional conditions and social
responsibility for locating main

distribution center p.

Social dimension parameter related
om to regional conditions and social
responsibility for locating local

distribution center m.

Number of jobs created by
establishing main distribution

center p.

Number of jobs created by
J m establishing local distribution

center m.
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TABLE 4 Model variables.

Variables Description

Amount of flow of essential medical
Xom
products from p to m.
Amount of flow of essential medical
Xmd products from m to d.
Inventory level of essential medical
'o
products at main distribution centers.
Inventory level of essential medical
I m products at local distribution centers
Equals 1 if main distribution center p
Yp
is opened, otherwise 0.
z Equals 1 if local distribution center m
m
is opened, otherwise 0.
4.1 Model

minw; = ZF YP+ZF Zm +22cpmxpm
+ZZCdemd+ZH I +ZH I, 1)

minw, =ZZerXpm +zz€;q1dX;rld ©)
p m m d
maxw3:pr ]PYP+ZwIm];an (3)
p P
Subject to:
m :ZXpm _ZX;nd Vm (4)
P d
I,<Cap,Y,  Vp ©)
<CappZy  Im (6)
S Xma=Dg  Vd )
m
> Xpm<Cap,Y, Vp (8)
m
Y5, Zy0{01}  Vp,m ©

Xpm>XmdrIp I 20 Vp,m,d (10)

The mathematical formulation of the proposed model is presented
in Equations 1-10. Specifically, Equations 1-3 define the objective
functions, while Equations 4-10 represent the operational constraints
of the distribution network. In order to optimize distribution network
of essential medical products with emphasis on economic dimension
of sustainability and based on views of experts in health and logistics

Frontiers in Sustainability

10.3389/frsus.2026.1803612

field, this research considers minimization of total costs of distribution
network. The costs considered in model include a set of strategic and
operational costs of medical product distribution network. These costs
specifically include fixed costs for opening main distribution centers
and local distribution centers, costs of transportation and movement
of medical products from main distribution centers to local distribu-
tion centers, costs of transferring medical products from local distri-
bution centers to demand regions, and also holding and storage costs
of medical products at both main and local distribution center levels.

The economic objective function of the proposed model is formu-
lated in Equation 1 and consists of several main components. The first
and second components represent total fixed costs related to opening
main distribution centers and local distribution centers, respectively.
The third component covers total transportation costs of medical
products from main distribution centers to local distribution centers,
while the fourth component is related to costs of transferring medical
products from local distribution centers to demand regions. Finally,
the fifth component of objective function reflects total holding costs
of medical products at main and local distribution centers. In this way,
economic objective function of model, by aggregating all costs related
to network structure and product flows, makes possible a comprehen-
sive evaluation of economic performance of essential medical product
distribution network and provides basis for simultaneous comparison
with environmental and social objectives of model. These costs are
considered in model through parameters ¢, and cmd.

The environmental objective function, which minimizes total
carbon dioxide emissions generated by transportation activities in the
network, is defined in Equation 2. Its aim is minimizing negative envi-
ronmental impacts caused by logistics activities in distribution net-
work of essential medical products. More specifically, this objective
function considers amount of carbon dioxide emissions resulting from
movement and transportation of products at different levels of distri-
bution network and tries to minimize total emissions across whole
network. This objective function includes two main components. The
first component reflects total carbon dioxide emissions caused by
transferring products from main distribution centers to local distribu-
tion centers. The second component covers amount of carbon dioxide
emissions resulting from movement of products from local distribu-
tion centers to demand regions. In this way, this objective function
comprehensively captures direct environmental impacts of transporta-
tion activities in distribution network. It should be noted that in this
model, calculation of carbon dioxide emissions is limited only to
transportation activities between different levels of network, and other
components of distribution network, such as internal processes of dis-
tribution centers, are not included in environmental calculations.

International organizations active in health and sustainable devel-
opment define social dimension of sustainability as a set of impacts
resulting from organizational activities on social systems, which can
include areas such as labor force, local community, human rights, and
product responsibility (Saygili et al., 2023). Despite importance of this
dimension, its systematic inclusion into quantitative supply chain
models still faces challenges, so that significant part of existing studies
either focus on economic and environmental aspects or consider social
dimension in limited and unstructured way (Azab et al., 2023). Social
sustainability reference frameworks usually divide this dimension into
components such as employment and decent work, rights of employees
and suppliers, social impacts on local community, and safety and access
of consumers to vital products, each of which can provide basis for
defining measurable indicators in strategic decision making (Bianchini
et al., 2022). In context of essential medical product distribution
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networks, which are directly related to public health and social welfare,
paying attention to social components in location and network design
decisions can lead to reduction of regional inequalities, improvement
of fair access to health services, and creation of employment opportu-
nities in less developed regions, an issue that has been emphasized in
recent studies related to health supply chains and emerging economies,
including Turkey (Piffari et al., 2026).

The social objective function, which maximizes employment
opportunities generated by establishing distribution centers, is pre-
sented in Equation 3. The first part of this function considers social
impacts resulting from opening main distribution centers in regions
with higher social priority, while the second part reflects employment
created in local distribution centers.

The weighting coefficients @, and @ represent relative impor-
tance of regions from perspective of unemployment and social justice,
and parameters ] , and ,, are considered as number of job opportuni-
ties created by opening main and local distribution centers. This struc-
ture is fully aligned with objectives of sustainable development policies
and regional justice in medical product distribution system.

The model constraints are presented in Equations 4-10. Equation 4
represents the inventory balance at local distribution centers, where
inflow from main distribution centers equals outbound shipments to
demand regions plus ending inventory. Equations 5, 6 impose capacity
constraints on the main and local distribution centers, respectively.
Equation 7 enforces exact demand satisfaction in each demand region.
Equation 8 limits the total outbound flow from each main distribution
center. In the present formulation, main distribution centers are treated
as upstream supply origins; therefore, a separate inflow balance for I,
is not modeled. Under the empirical case-study assumptions of zero
initial and ending inventories and positive holding cost, I ytakes a zero
value in the implemented solution. Finally, Equations 9, 10 define the
binary and non-negativity conditions of the decision variables.

5 Solution algorithms

5.1 Solving the medical product distribution
network model

To solve the proposed three-objective model, the linear weighted-
sum approach was used for small- and medium-sized instances, and the
resulting single-objective formulation was solved as a mixed-integer
linear programming (MILP) model. The implementation and exact

TABLE 5 Control parameters and their levels for the optimization algorithms.

10.3389/frsus.2026.1803612

solution of this reformulated model were carried out using the Gurobi
10.0 solver within the MATLAB R2023a environment. Gurobi was
selected because of its strong computational capability and reliable per-
formance in solving network design problems, and it was used to obtain
benchmark optimal solutions for validation and comparison purposes.

With increase of problem size and due to NP-hard nature of sustain-
able distribution network design model, solution time of exact methods
increased significantly. Therefore, to solve model at large scales, multi
objective metaheuristic algorithms were used. In this research, two algo-
rithms NSGA-IT and MOPSO were fully implemented and executed to
generate a set of non dominated optimal solutions (Pareto front).

NSGA-II was employed because of its strong capability to preserve
solution diversity and achieve gradual convergence toward the Pareto
front, whereas MOPSO was selected due to its high convergence speed
and stable performance. The implementation of both algorithms and
the computational experiments were carried out in MATLAB R2023a,
while the statistical analysis of performance indicators was conducted
using the Statistical Package for the Social Sciences (SPSS) version 20.
The parameter settings of both algorithms were determined based on
standard recommendations reported in recent multi-objective optimi-
zation studies, as well as the parameter levels listed in Table 5 and the
experimental combinations presented in Table 6. Finally, the obtained
Pareto solution set was used as basis for analysis and selection of final
solution, and final decision making was carried out by creating balance
among economic, environmental, and social objectives.

5.2 Solving the model using NSGA-II
algorithm

To solve large scale multi objective design model of sustainable
distribution network of essential medical products, NSGA-II algo-
rithm was applied. Considering NP-hard nature of distribution net-
work design problem and existence of conflicting economic,
environmental, and social objectives, use of classical exact methods is
not efficient at realistic scales. Therefore, evolutionary algorithms were
selected as suitable solution tools.

In first stage of algorithm, initial population is generated ran-
domly. Each solution vector includes four main decision components
that simultaneously determine spatial structure and flows of medical
product distribution network:

1. The amount of product flow transferred from main distribu-
tion centers to local distribution centers, represented by
variables X p 3

Algorithm Parameter Number of Level 1 Level 2 Level 3
levels
NSGA-II Population size POPNS 3 100 200 300
NSGA-II Number of generations Genng 3 100 200 300
NSGA-IT Crossover probability pC 3 0.60 0.75 0.85
MOPSO Swarm size POPPS 3 100 200 400
MOPSO Maximum iterations lterPS 3 100 200 300
MOPSO Inertia weight wPS 3 0.40 0.50 0.60
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TABLE 6 Taguchi L9 experimental design for algorithm parameter tuning.

10.3389/frsus.2026.1803612

Experiment

1 POPy Geny p! POP! tter w!
2 POPy Genp p2 POP tter? w2
3 POPy Geng p3 POP tter3 w3
4 POPy Genq p2 POP2 Iter! w?
’ POP2 Genp P POP2 ter? w3
° POP2 Geng P! POP2 lter> w!
7 POP3 Genq p3 pop3 iter! w
8 POP3 Genp p! poPS tter? W
’ POP3 Geng P2 poP> tter w?
2. The amount of product flow transferred from local distribu-  selected, and if they belong to same front, solution with higher crowd-

tion centers to demand regions, represented by variables X yn;

3. The active or inactive status of main distribution centers, rep-
resented by binary variablesY ,;
4. The active or inactive status of local distribution centers, rep-

resented by binary variables Z,,.

Values of these variables in initial population are generated ran-
domly within allowable ranges defined in model. Each chromosome
represents a complete configuration of medical product distribution
network that simultaneously includes information related to flow allo-
cation and selection of active centers (Figure 1).

5.2.1 Stage two: evaluation of initial population

At this stage, the initial population generated is evaluated using eco-
nomic, environmental, and social objective functions defined in model,
and value of each objective function is calculated for all solutions.

5.2.2 Stage three: non dominated sorting

Members of population are sorted based on Pareto dominance
concept, in such way that non dominated solutions are placed in first
front and other solutions are classified into next fronts according to
level of dominance.

5.2.3 Stage four: crowding distance calculation

For each solution in each front, crowding distance index is calcu-
lated. This index shows level of spread of solutions in objective space
and helps keeping diversity of population, so larger values indicate
more uniform distribution of solutions.

5.2.4 Stage five: parent selection and generation
of new population

Parent selection is performed using binary selection operator

based on non dominance rank and crowding distance. In this process,
if two solutions belong to different fronts, solution with better rank is
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ing distance is chosen. Then, by applying crossover and mutation
operators, new generation is produced.

5.2.5 Stage six: applying crossover and mutation

In this stage, new offspring solutions are generated by applying
Simulated Binary Crossover (SBX) and polynomial mutation to the
parent population. SBX is used to recombine pairs of parent solutions
and generate new candidate network configurations, whereas polyno-
mial mutation introduces controlled stochastic perturbations into the
decision variables in order to enhance search diversity and prevent
premature convergence. Because these operators may occasionally pro-
duce infeasible solutions, a repair mechanism is applied after each
operation to restore feasibility with respect to the model constraints.

5.3 Solving the model using MOPSO
algorithm

In this research, to solve multi objective optimization model,
MOPSO algorithm is used. In this algorithm, each potential solution
is represented as a particle, and search process is performed through
collective movement of particles in decision space. Each particle at
each iteration has a position vector and a velocity vector, which,
respectively, show current status of solution and its movement direc-
tion in search space.

5.4 Algorithm symbols

To avoid conflict with symbols of optimization model, following
symbols are defined only at algorithm level and only these symbols are
used in algorithm:

o X (t): position of particle s at iteration t

o v (t): velocity of particle s at iteration t

o ps (t): best recorded position of particle s until iteration t (per-
sonal best)

o g ( t): selected non dominated best solution from archive at itera-
tion t (leader)
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FIGURE 1
Chromosome-based structure of the decision vector used in NSGA-Il and MOPSQO, integrating continuous flow variables across strategic—tactical and
operational levels with binary facility location decision variables.

o w:inertia weight
« ¢1,¢o: individual and social learning coefficients
o 1,7: random numbers uniformly distributed in range [0,1]

5.5 Updating position and velocity of
particles

Movement mechanism of particles in search space is carried out

based on following relations, the velocity and position update rules of
the particles are defined in Equations 11, 12:

xs(t+1)=x,(t)+vs(£+1) (11)

Vg (t +1)=wvs (t)+c1r1(ps (t)—xs(t))-t—czrz(g(t)—xs(t)) (12)

These relations create balance between personal memory of par-
ticle and collective experience of whole population.

5.6 Execution steps of MOPSO algorithm
5.6.1 Stage 1: generation of initial population

At first, a population of particles is generated randomly. This stage
is similar to initialization process in NSGA-II algorithm.

5.6.2 Stage 2: evaluation and archive formation

Initial particles are evaluated and non dominated solutions are
stored in an external archive.

5.6.3 Stage 3: sorting in objective space

Non dominated solutions are classified and sorted based on objec-
tive function values to preserve diversity in Pareto space.
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5.6.4 Stage 4: leader selection for each particle

To guide the movement of particles, a leader is selected for each
particle from the archive members. The leader selection probability is
determined through a density-based roulette wheel mechanism, as
calculated by Equation 13:

(l/ns)ﬁ

> (1m)’

J

Pr, = (13)

where:

« ng: number of solutions located in neighborhood of particle s
o [:selection pressure parameter

Stage 5: updating personal best.
After computing new position, the personal best position of each
particle is updated according to Equation 14:

ps(t)

X (t+1)
random{ps (t),xs (t + 1)}

if p; (t)dom X (t +1)

ps(t+1)= if x, (t+1)dom pg(t) (14)

otherwise

In this relation, operator “dom” represents Pareto dominance
concept.

5.6.5 Stage 6: archive updating

New non dominated members are added to archive and domi-
nated solutions are removed.

frontiersin.org


https://doi.org/10.3389/frsus.2026.1803612
https://www.frontiersin.org/journals/Sustainability
https://www.frontiersin.org

Safaei et al.

5.6.6 Stage 7: archive size control

If the number of archive members exceeds the predefined limit,
an archive pruning mechanism is activated. In this step, solutions
located in highly crowded regions of the objective space are removed
using crowding distance measures, so that the archive preserves a
well-distributed set of non-dominated solutions.

5.6.7 Stage 8: stopping condition check

If stopping condition, such as reaching maximum number of
iterations, is satisfied, algorithm stops; otherwise, process is repeated
from objective space sorting stage.

For setting parameters of metaheuristic algorithms, Taguchi
method is applied in order to reach suitable combination of parame-
ters. For this reason, parameter notation is used as follows:

o POPyg represents population size in NSGA-II.
o Genys is number of generations in NSGA-II.
« P shows crossover probability in NSGA-II.

« POPP* is swarm size in MOPSO.

o Iter? means number of iterations in MOPSO.
o w is inertia weight in MOPSO.

Accordingly, Gurobi 10.0 in MATLAB R2023a was used for all
exact MILP runs, including the weighted-sum benchmark solution
and the small-scale validation instances, whereas NSGA-II and
MOPSO were implemented in MATLAB R2023a for large-scale multi-
objective solution generation.

6 Algorithmic implementation,
constraint handling, and reproducibility
details

To enhance transparency and ensure reproducibility of the pro-
posed solution procedures, the implementation logic of the adopted
metaheuristic algorithms is explicitly described in this section. The
algorithmic structures presented in this section are developed based
on the mathematical formulation introduced in Section 4, including
the defined sets, parameters, and decision variables of the sustainable
distribution network design model.

The overall execution procedures of the two applied multi-objec-
tive metaheuristic algorithms are illustrated in Figures 2, 3. Specifically,
Figure 2 presents the operational flow of the NSGA-II algorithm,
while Figure 3 illustrates the MOPSO-based search procedure. The
flowcharts depict the complete sequence through which candidate
network configurations are generated, evaluated, and updated during
the search process.

6.1 Solution encoding

To represent candidate solutions in both algorithms, a multi-seg-
ment encoding structure is adopted. Each solution, defined as a chro-
mosome in NSGA-II and as a particle in MOPSO, comprises two
groups of decision variables associated with facility location and prod-
uct flow decisions. The first segment captures the binary facility activa-
tion decisions, including Z ,, which denotes the activation status of
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FIGURE 2
Flowchart of the NSGA-II algorithm used for solving the proposed
multi-objective distribution network design model.

main distribution centers, and Z,,, which denotes the activation status
oflocal distribution centers. The second segment contains the continu-
ous shipment variables that represent product flows within the net-
work, namely x ,,,, the quantity shipped from main distribution center
pto local distribution center m, and y,, 4, the quantity shipped from
local distribution center mto demand zone d. This hybrid encoding
structure allows the algorithms to determine facility activation deci-
sions and distribution flow allocations simultaneously, thereby reflect-
ing the integrated nature of the proposed distribution network design
problem.

6.2 Genetic operators in NSGA-II

In the NSGA-II implementation, the parent solutions are selected
by using a binary tournament selection. The candidates are compared
based on their non-domination rank and crowding distance. This
ensures that the diversity of the Pareto front and the quality of the
solution were addressed in the selection process. The offspring were
produced using two genetic operators:

« Simulated Binary Crossover (SBX) is used to cross over two parent
solutions to yield two offspring solutions for the network topology.

« Polynomial mutation introduces controlled stochastic perturba-
tions into the decision variables to enhance the diversity of the
search process and avoid getting stuck at the local optimum.
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FIGURE 3
Flowchart of the MOPSO algorithm used for solving the proposed
multi-objective distribution network design model.

Because crossover and mutation may produce infeasible network
configurations, a feasibility repair mechanism is applied after each
genetic operation. This repair process is ensured to guarantee that
each and every possible solution within the population complies with
the structural and operational constraints of the distribution network
before we perform the objective assessment. The implementation of
the NSGA-II algorithm has a computational complexity of O (M N? ),
where M is the number of objectives and N is the population size.

6.3 Archive management and leader
selection in MOPSO

The MOPSO algorithm has an external archive that stores all non-
dominated solutions encountered during the search process. The
leader selection process of MOPSO chooses a leader particle for every
iteration from the solutions stored in the external archive. The leader
selection mechanism in the proposed multi-objective DE algorithm
employs a density-based method to select the leader from the less
crowded area in the objective space. This maintains the diversity on
the Pareto fronts approximated by the evolution process. When the
archive size exceeds its limit, pruning is activated. In this case, solu-
tions that are found in densely packed regions of objective space are
removed using crowding distance criteria to ensure that a spread set
of Pareto optimal solutions is maintained.
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6.4 Constraint handling mechanism

Maintaining the feasibility of candidate solutions is critical in the
distribution network design problem considered here. Accordingly, a
repair-based constraint-handling strategy is applied during both the
initialization phase and the iterative search process. This repair mech-
anism ensures that candidate solutions satisfy the following
conditions:

« Demand satisfaction constraints for each demand zone d

« capacity limitations of activated main distribution centers pand
local distribution centers m

« Logical consistency between facility activation variables (Z pZm )
and shipment variables (x pm>Ymd )

Crossover, mutation and particle updates can result in infeasible
solutions. If that is the case, the repair mechanism is applied to deci-
sion variables in order to obtain a feasible solution before evaluating
the objective function.

6.5 Stopping criterion

Both NSGA-II and MOPSO terminate when the maximum itera-
tion criterion, T,y is reached. All the parameters to be tuned, namely
the population size, mutation rate, crossover rate, inertia weight, and
acceleration coefficients, are tuned using the Taguchi design of experi-
ments, as will be elaborated on in the next subsection. In order to
improve transparency of the paper and ease of replication of the pro-
posed metaheuristics, the structure of the metaheuristics coded is
presented with the aid of flowcharts.

ALGORITHM 1. NSGA-II for Sustainable Distribution Network Design.
Input:

Population size N

Maximum iterations Tmgx

Crossover rate D¢

Mutation rate Py

Initialize population with candidate solutions

Each solution encodes Zpp, Zm, Xpmand Yymqg

Evaluate objective functions for each solution

Perform fast non-dominated sorting

Compute crowding distance

While t < Tmax

Select parents using binary tournament selection

Generate offspring using simulated binary crossover

Apply polynomial mutation

Repair infeasible offspring solutions

Evaluate objective functions (f1, f2, f3)

Combine parent and offspring populations

Perform fast non-dominated sorting

Select best NV solutions based on rank and crowding distance

End While

Return Pareto optimal solutions
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ALGORITHM 2. MOPSO for Sustainable Distribution Network Design.
Input:

Swarm size N

Maximum iterations Tmgx

Inertia weight w

Acceleration coefficients ¢{ and co

Initialize particles with decision variables Zp, Zm, Xpm and ymd
Initialize particle velocities

Evaluate objective functions

Store non-dominated solutions in external archive
While t< Tmax

Select leader particle from archive

Update particle velocity

Update particle position

Repair infeasible particles

Evaluate objective functions

Update personal best solutions

Update external archive

If archive size exceeds limit

prune archive using crowding distance

End If

End While

Return archive solutions as the approximated Pareto front

7 Case study

In this section, a case study will be provided based on the opera-
tional data of a Turkish pharmaceutical distributor to verify the pro-
posed model and the performance of the solution algorithm. The
pharmaceutical distributor is a well-known supplier of generic drugs
and general medical products to a significant segment of the
local market.

The company’s logistics are centered around Istanbul as a central
hub to receive, consolidate, and dispatch drugs. Istanbul was selected
as a hub because it centralizes all the transportation networks and
offers both road and sea routes. Moreover, it is strategically positioned
near the country’s main centers of drug supply. In addition to the main
distribution center, the company has other distribution centers to effi-
ciently and effectively address regional demands.

Data was obtained from Company sources, official Government
agencies, online route planners and through consultation with industry
experts. To be specific, the annual demands used were from the com-
piled historical distribution records of important medical products.
Regional unemployment rates used were from TurkStat and served as
a proxy for the social sustainability component of the model (TurkStat,
2025a). The distances between facilities and demand points were cal-
culated based on Google Maps’ road network data. The environmental
emission coefficients used are based on international environmental
guidelines and OECD' reference sources (OECD, 2025). Moreover, the
specific costs used to compute the setup costs of the possible regional
distribution centers and workforce requirements were triangulated
from a variety of reports from the sector (IEIS, 2024), regional infra-
structure data (Ministry of Industry and Technology of Tiirkiye, 2025),
and opinions from logistics and planning managers. Some

1 Organization for Economic Co-operation and Development.
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company-specific operational parameters are reported in aggregated
or rounded form to preserve data confidentiality. The data used was
selected as operationally relevant and appropriately related to the
Turkish pharmaceutical distribution network’s operational context
(TurksStat, 2025b).

7.1 Distribution network structure and
assumptions

Based on information obtained from logistics and planning man-
agers of company, structure of drug distribution network is modeled
with following assumptions:

o Network includes one central distribution center located in
Istanbul, and its capacity is defined according to total national
drug distribution volume (p = 1).

Possibility of locating 20 potential local distribution centers in

selected provinces of Turkey is considered (m = 1,...,20).

o Market demand is modeled as 20 main demand zones represent-
ing major consumption clusters including hospitals, chain phar-
macies, and healthcare centers (d = 1,...,20). The empirical case
study uses an aggregated 20-zone demand representation. The
larger instances reported later are separately generated benchmark
problems used only for scalability testing of the algorithms.

« Entire drug transportation process in network is carried out using

standard refrigerated fleet that is strategically owned by company.

Initial drug inventory at the beginning of the planning period is
assumed to be zero in all centers, and no inventory is held at the
end of the period. Inventory holding is retained in the mathemati-
cal formulation for completeness; however, under the assumptions
of this case study, the associated holding cost is negligible and
therefore has no meaningful impact on the final solution.

See Figure 4 for the topology of the network in the Turkish case
study. The location of the central hub, the candidate regional distribu-
tion centers and the distances between them and the demand points
have been determined according to the structure and the features of
the region. Thus, the geographical features of the network are
included in the optimization process in order to obtain more realistic
solutions for the network structure and to evaluate the effects of alter-
native topologies. Figure 4 shows the spatial distribution of the central
hub (P), candidate regional distribution centers (M), and aggregated
healthcare demand zones (D) within the Turkish case setting.

To provide a clearer representation of the decision structure of the
proposed model, the conceptual configuration of the pharmaceutical
distribution network is illustrated in Figure 5.

In Table 7, fixed costs of establishing candidate regional distribution
centers are estimated based on regional industrial land prices, availabil-
ity of infrastructures, labor costs, and access to logistics in main prov-
inces of Turkey. All costs are stated in million US dollars and they show
relative differences between locations, not exact value of investment.

Table 8 shows demand zones, which represent areas of healthcare
service consumption distributed across Turkey. Annual demand
values are estimated based on historical distribution records of essen-
tial medical products and they reflect relative regional consumption
patterns, not exact demand at patient level.

Table 9 presents regional unemployment rates, which are used
as a proxy for social sustainability objective in the model. Values
related to labor market indicators at provincial level for year 2025
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FIGURE 4
Geographical representation of the Turkish pharmaceutical distribution network used in the case study.

are reported and they are considered for prioritizing establishment
of regional distribution centers in areas with relatively higher unem-
ployment levels. Regional unemployment rates are obtained from
official statistics reported by TurkStat and they are related to labor
market indicators at province level for year 2025 (TurkStat, 2025a).

Table 10 shows required labor values, which indicate estimated
number of full time employees needed to operate each candidate
regional distribution center under standard operational conditions.
These estimations are extracted from expert evaluations of warehouse
capacity, handling intensity, and regional logistics practices in Turkey,
and they are used to quantify social sustainability objective of model.
Data used in case study are obtained from combination of official sta-
tistics, industry reports, and expert assessments. Fixed costs of estab-
lishing candidate regional distribution centers are estimated based on
regional industrial land prices, availability of infrastructures, and
logistics development indicators reported in national and sectoral
studies. The annual demand values for the healthcare demand zones
are obtained from the cumulative historical probability distribution of
the medical products. The regional unemployment rates that will be
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used in the social sustainability dimension of the model are obtained
from the provincial labor force data published by TurkStat for the year
2025. The labor needs of the regional distribution centers are obtained
from the expert surveys and benchmarked with the warehouse labor
practices obtained from the logistics and labor market studies. The
road distances between the facilities are calculated using the Google
Maps road network data. The greenhouse gas emission factors of
freight transport used in the model are obtained from well-known
international databases and literature such as OECD reports.

7.2 Economic, social, and demand data

Data on the fixed cost of opening local distribution centers,
annual demand levels in consumption zones, provincial unemploy-
ment rates, and the number of jobs generated at each center were
obtained from official sources in Turkey and from managerial esti-
mates provided by the company. These data are presented in Tables 7-
10, respectively. Table 7 reports the fixed costs of establishing local
distribution centers across different provinces of Turkey, which vary

frontiersin.org


https://doi.org/10.3389/frsus.2026.1803612
https://www.frontiersin.org/journals/Sustainability
https://www.frontiersin.org

Safaei et al.

10.3389/frsus.2026.1803612

Central Distribution
Hub (Istanbul)

p=1

FIGURE 5

aggregated demand zones.

Regional Demand Zones
Distribution Centers (Healthcare Clusters)
m=1,,..,20 d=1,2,,..,20

Schematic representation of the pharmaceutical distribution network, comprising a central distribution hub, multiple regional distribution centers, and

TABLE 7 Fixed establishment costs of candidate regional distribution centers (USD million).

Regional distribution Fixed establishment cost

Regional distribution Fixed establishment cost

center (USD million) center (USD million)
Istanbul-1 60 Istanbul-2 48
Izmir 66 Ankara 35
Bursa 15 Kocaeli 17
Antalya 27 Adana 19
Konya 16 Gaziantep 17
Mersin 4 Samsun 15
Kayseri 20 Eskisehir 11
Manisa 43 Corum 11

Source: Compiled based on sectoral reports (IEIS, 2024), regional infrastructure data (Ministry of Industry and Technology of Tiirkiye, 2025), and company planning assumptions for

candidate regional distribution centers.

according to land cost, labor cost, and the logistics infrastructure of
each region. Table 8 presents the annual demand of each pharmaceuti-
cal consumption zone based on the number of registered orders
during the year. Table 9 shows the unemployment rates of the selected
provinces, used in the model as a social indicator. Table 10 reports the
number of personnel required to operate each local distribution center.

7.3 Transportation and logistics
characteristics

Each packaging unit contains 14 medicine packs, and each
carton includes 28 packs. A pallet is assumed to contain 150 car-
tons, while the average weight of each carton is taken as 3 kilo-
grams. Transportation cost per kilometer includes fuel cost, driver
wage, vehicle depreciation, and maintenance costs, which are esti-
mated based on data from transportation companies active
in Turkey.

Frontiers in Sustainability

For transferring medicines from central distribution center in
Istanbul to local distribution centers, refrigerated trucks with capacity
of 10 tons are used. Final distribution from local centers to demand
zones is performed by smaller trucks with capacity of 6 tons.
Geographic distances between centers are calculated using data from
digital routing systems.

7.4 Environmental and social considerations

Carbon dioxide emission coefficients related to transportation
fleet are extracted based on environmental standards of heavy vehicles
in Turkey and international guidelines. These coefficients are consid-
ered separately in model for trucks used on central-local routes and
local-demand zone routes. Also, data related to provincial unemploy-
ment rates are extracted from official statistical databases of Turkey
and used as input for social objective function.
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TABLE 8 Annual demand of healthcare demand zones in the Turkish case study (units per year).

Annual
demand
(units/
year)

Demand
zone

Annual
demand

Demand
zone

(units/
year)

Demand Zone 1 7,400 Demand 12,910
Zone 11
Demand zone 2 9,020 Demand zone 12 5,355
Demand zone 3 4,817 Demand zone 13 7,641
Demand zone 4 4,775 Demand zone 14 3,910
Demand zone 5 15,328 Demand zone 15 1,152
Demand zone 6 10,480 Demand zone 16 7,794
Demand zone 7 10,140 Demand zone 17 7,284
Demand zone 8 14,052 Demand zone 18 6,484
Demand zone 9 14,397 Demand zone 19 7,734
Demand zone 10 5,822 Demand zone 20 2,510

Compiled from aggregated historical distribution records of essential medical products
obtained from the focal company.

8 Computational experiments and
results

8.1 Performance evaluation indices for
parameter tuning

To compare and evaluate results of experiments, normalized per-
formance indices are used in this research. These indices allow simul-

taneous evaluation of sustainability, solution quality, and search
efficiency.

9 Number of Pareto solutions (NOS)

This index shows number of non dominated solutions extracted
by algorithm and indicates ability of algorithm in covering Pareto
front space.

10 Mean ideal distance (MID)

The MID index is calculated using Equation 15:

(15)

where f, ¢is value of objective function g for non dominated
solution so, and n is total number of non dominated solutions.
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11 Spacing (s)

The spacing metric used to evaluate the diversity of Pareto solu-
tions is calculated using Equation 16, Where, the auxiliary distance
terms used in the spacing metric are defined in Equation 17.

S— —i(dd,- ~da) (16)

3 n
. — 1
dd;=min | 3" | fim = fim [*>dd == dd; 17)
keN, m=1 e

12 Algorithm running time (time)

This index shows execution time of algorithm until stopping con-
dition is reached and is considered as main criterion for computa-
tional efficiency.

12.1 Determination of best parameter
combination

To determine optimal parameter levels, first value of relative per-
centage deviation (RPD) index is calculated. This index is defined as
percentage difference of solution of each algorithm compared to best
obtained solution. The RPD is computed according to Equation 18:

x100 (18)

12.2 Signal to noise ratio (S/N) in Taguchi

The signal-to-noise ratio for the smaller-is-better criterion is cal-
culated using Equation 19:

S 14, 5
—=-10log| — ) TC;} 19
N g " lgl i (19)

where TC; is objective function value or cost measure in experi-
ment i, and n is total number of experiments.

12.3 Statistical comparison of performance
of two algorithms

To select final suitable algorithm for solving proposed model,
performance of NSGA-II and MOPSO algorithms is compared based
on performance indices including MID, NOS, S, and Time. All com-
putations, implementation, and execution of algorithms are carried
out in MATLAB R2023a environment. The statistical comparison
between the two algorithms is formulated using the hypotheses pre-
sented in Equation 20.
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TABLE 9 Regional unemployment rates associated with candidate distribution centers in Turkey (2025).

Regional distribution

Unemployment rate (%)

Regional distribution Unemployment rate (%)

center center

Istanbul-1 133 Istanbul-2 13.3
Izmir 7.5 Ankara 11.8
Bursa 9.9 Kocaeli 8.0
Antalya 12.6 Adana 13.6
Konya 10.8 Gaziantep 12.8
Mersin 11.2 Samsun 11.9
Kayseri 12,5 Eskisehir 11.4
Manisa 17.4 Corum 11.4
Diyarbakir 20.3 Van 14.9

Turkish Statistical Institute (TurkStat), provincial labor force statistics for 2025 (TurkStat, 2025a).

TABLE 10 Required workforce for candidate regional distribution centers in the Turkish case

study.

Regional Required Regional Required
distribution workforce distribution workforce
center (persons) center (persons)
Istanbul-1 90 Istanbul-2 80
Izmir 30 Ankara 50
Bursa 10 Kocaeli 30
Antalya 50 Adana 50
Konya 40 Gaziantep 30
Mersin 60 Samsun 30
Kayseri 30 Eskisehir 30
Manisa 30 Corum 30
Diyarbakir 30 Van 30

Compiled from expert consultation with logistics and planning managers, warehouse
capacity assessments, and regional logistics practice benchmarks used in the case study.

{Ho HvsGa-i1 (4) = #opso (4) (20)

Hy: pnsga-i (A)# taopso (A)

In this framework, tnsga—_ir (A) and ty0pso (A)represent
mean value of performance index A for NSGA-II and MOPSO algo-
rithms, respectively. Based on this, algorithm that shows better mean
performance over set of indices is introduced as superior solution
method. Since NSGA-II and MOPSO are approximate multi-objec-
tive metaheuristic algorithms, they cannot guarantee globally opti-
mal solutions for large-scale instances of the proposed NP-hard
model. Therefore, their suitability in this study is evaluated through
exact MILP benchmarking on small-scale instances and through
convergence and comparative performance analyses on larger
instances.

12.4 Small-scale validation (MILP vs.
algorithms)

To evaluate the performance and solution quality of the proposed
metaheuristic algorithms, a set of 10 small-scale validation instances
was generated. These instances were intentionally designed with rela-
tively small network sizes so that the corresponding MILP
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formulation of the proposed model could be solved to optimality. The
exact solutions were obtained using the Gurobi 10.0 MILP solver inte-
grated within the MATLAB R2023a environment. This enables a
direct comparison between the exact optimal solutions obtained from
the mathematical programming model and those generated by the
NSGA-IT and MOPSO algorithms.

The validation instances were constructed using the same param-
eter ranges as those adopted in the main case study, thereby ensuring
consistency between the validation experiments and the real applica-
tion setting of the distribution network design problem. Since the
MILP solver produces a single optimal solution for a weighted objec-
tive formulation, the economic objective fis used as the benchmark
indicator for evaluating the solution quality of the metaheuristic algo-
rithms. To measure the deviation of the metaheuristic results from the
exact optimal solution, the optimality gap between the metaheuristic
solution and the exact MILP solution is calculated using Equation 21:

meta _ fMILP

Gap(%):f1 x100 (21)

flM ILP

where

« f{""represents the economic objective value obtained by the
metaheuristic algorithm, and

. flM ILP genotes the exact optimal objective value obtained by solv-
ing the MILP model using Gurobi 10.0 in MATLAB R2023a.

All reported gap values are non-negative, since the MILP solution
represents the exact global optimum for each validation instance. All
computational experiments were performed on a system equipped
with an Intel Core i7 processor and 16 GB RAM, running
MATLAB R2023a.

12.5 Analysis of results

The results presented in Table 11 indicate that both metaheuristic
algorithms generate solutions extremely close to the exact MILP opti-
mal solutions across all validation instances. The average optimality
gaps are 0.25% for NSGA-II and 0.09% for MOPSO, confirming the
effectiveness and reliability of the proposed solution procedures for
small-scale validation instances. Furthermore, the results show that
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TABLE 11 Performance comparison of the proposed metaheuristic algorithms against exact MILP solutions for small-scale validation instances.

Instance Size (P, MILP NSGA-II MOPSO Gap NSGA- Gap MOPSO CPU Time

M, D) Optimal (f1) (Best) (Best) 11 (%) (VA (s)
Vi (2,3,5) 1,240,500 1,240,500 1,240,500 0.00 0.00 8.4
V2 (2,4,8) 1,580,200 1,580,950 1,580,210 0.05 0.01 12.1
V3 (3,5,10) 1,920,000 1,921,800 1,920,400 0.09 0.02 16.5
V4 (3,6,12) 2,350,600 2,353,400 2,351,100 0.12 0.02 228
V5 (4,7,15) 2,890,000 2,895,200 2,891,500 0.18 0.05 29.4
G (4,8,18) 3,120,400 3,127,900 3,122,800 0.24 0.08 35.1
v7 (5,9,20) 3,560,000 3,571,400 3,564,300 032 0.12 417
V8 (5,10,22) 3,980,500 3,995,600 3,986,500 0.38 0.15 482
Vo (5,10, 25) 4,250,000 4,269,100 4,258,500 0.45 0.20 56.9
V10 (6,12, 30) 4,680,200 4,705,900 4,692,100 0.55 025 69.3
Avg. 0.25% 0.09%

MOPSO slightly outperforms NSGA-II in terms of solution quality, ~ when solving the problem using the L15 instance. Moreover, it is noted
achieving a smaller average optimality gap. However, both algorithms ~ that MOPSO performs better than NSGA-II in terms of objective func-
consistently produce solutions very close to the optimal benchmark.  tion values. This is due to the global search capability of the particle
These findings confirm the effectiveness, reliability, and accuracy of =~ swarm optimization mechanism. This capability allows MOPSO to
the proposed metaheuristic approaches for solving the multi-objective  explore the solution space more rapidly. In contrast, NSGA-II also per-
sustainable distribution network design problem, particularly for cases  forms competitively and produces a set of Pareto optimal solutions due
where exact optimization becomes computationally expensive. to its crowding distance-based diversity preservation mechanism. It is

noted that both algorithms are scalable and can be used to solve large-
12.6 Large-scale computational analysis scale sustainable distribution network design problems.

To further evaluate the scalability and robustness of the proposed
metaheuristic algorithms, fifteen large-scale test instances (L1-L15) ~ 12.7 Convergence analysis
were generated based on the Turkish pharmaceutical distribution net-
work dataset used in the case study. Each instance was constructed by The convergence of the two algorithms is analyzed by performing
progressively increasing the number of demand zones selected from  the convergence study for the large-scale instance, i.e., the L15
the national distribution network of Turkey. The problem size there-  instance, of the distribution network design problem. Figure 6 shows
fore increases from medium-scale instances including 40 demand  the convergence plot of the best objective function value obtained by
nodes to generated large-scale benchmark instances including up to  the two algorithms during the iterative process.
81 demand points for scalability analysis. The input parameters for The convergence trajectories also prove that both algorithms
these instances are derived directly from the empirical dataset usedin ~ improve the objective function value over iterations. MOPSO is seen
the case study. This dataset includes the geographic coordinates of  to converge more rapidly to solutions in the early stages of both opti-
facilities, transportation distance matrices between nodes, candidate ~ mization algorithms. This is due to its significant exploration capabil-
regional distribution centers, facility capacities, and regional demand  ity. However, NSGA-II is seen to converge a little more slowly in the
data. Transportation distances are computed using road-network dis- ~ beginning and then continues to improve solutions with consistent
tance matrices based on the geographic coordinates of provinces and ~ convergence. Both algorithms converge to solutions of comparable
distribution centers. Transportation cost and emission parametersare  quality, which proves their suitability to tackle large-scale sustainable
estimated through calibrated logistics cost and emission models.  distribution network optimization problems.
When the distribution network becomes larger, the computational
complexity of the exact MILP solution approaches increases exponen-
tially because of the combinatorial characteristics of the MILP formu- ~ 12.8 Pareto front ana lysis
lation. In contrast, the metaheuristic algorithms such as NSGA-II and
MOPSO can maintain the computational efficiency while producing The Pareto fronts obtained using NSGA-II and MOPSO are
the high-quality solution. The computational results for the generated ~ shown in Figure 7.
large-scale instances are summarized in Table 12. Each point represents a non-dominated solution generated
The results show that both algorithms can solve large-scale instances by the algorithms, reflecting the trade-off between the economic
of the distribution network design problem within computational times ~ objective and the environmental objective. The results indicate
that are practical for use. As the number of demand nodes is increased, ~ that both algorithms are capable of generating useful Pareto
it is noted that the computational time required to execute both algo-  solution sets. MOPSO tends to produce slightly better objective
rithms is increasing gradually due to the complexity of the search space. ~ values in several regions of the search space and a more uniform
However, it is also noted that the solution time is less than eight minutes ~ distribution of solutions, whereas NSGA-II preserves a broader
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TABLE 12 Performance comparison of NSGA-Il and MOPSO for large-scale instances.

Instance Size (P, M, D) NSGA-II Best f1 MOPSO Best f1 NSGA-Il Time (s) MOPSO Time (s)
L1 (5,15, 40) 5,420,000 5,395,000 112 105
L2 (5,16, 42) 5,780,000 5,750,000 120 110
L3 (5,17, 45) 6,150,000 6,110,000 138 125
L4 (5,18, 48) 6,780,000 6,740,000 150 135
L5 (5,19, 50) 7,280,000 7,245,000 165 148
L6 (5,20, 52) 7,640,000 7,600,000 175 158
L7 (5,20, 55) 8,150,000 8,110,000 190 170
L8 (5,20, 58) 8,520,000 8,480,000 205 185
L9 (5, 20, 60) 8,950,000 8,910,000 210 192
L10 (5,20, 65) 9,520,000 9,480,000 235 210
L11 (5, 20, 68) 9,850,000 9,810,000 250 225
L12 (5, 20, 70) 10,120,000 10,085,000 265 235
L13 (5,20,73) 10,820,000 10,770,000 300 260
L14 (5,20,77) 11,640,000 11,580,000 360 310
L15 (5,20, 81) 12,450,000 12,380,000 450 380

“Instance L15 represents the largest generated benchmark instance used for scalability analysis, including 81 demand points.

1e7 Convergence Behavior of NSGA-Il and MOPSO for Instance L15
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—— MOPSO
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FIGURE 6
Convergence behavior of NSGA-II and MOPSO for the largest instance (L15) of the Turkish pharmaceutical distribution network.

spread of alternatives along the Pareto front due to its crowding- 13 Discussion

distance mechanism. This broader spread may provide decision

makers with additional trade-off choices, although the statistical By inserting case study data related to essential medical product
comparison later shows no significant difference between the  distribution network in Turkey, proposed model for network design
two algorithms in terms of the number of non-dominated and flow allocation is executed. Network structure includes one main
solutions. distribution center located in Istanbul, a set of candidate regional
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FIGURE 7
Pareto front comparison of NSGA-Il and MOPSO for the sustainable pharmaceutical distribution network design problem.

distribution centers, and several healthcare demand zones, which are
represented by indices pe {1,...,P} ‘me {1,...,M} de {1,...,D},
respectively. Decisions related to opening distribution centers are mod-
eled through binary variables Y, and Z ;, and flow of medical products
from main center to regional centers and then to demand zones is
expressed by continuous variables X ,,, and X ;4. Annual demand of
each zone is considered by parameter D4, and capacity constraints of
centers are included in model constraints through Cap, and Cap,,.

In economic dimension, fixed costs of opening main and regional
centers are included in objective function by parameters Fyand F,
and transportation costs between different levels of network are rep-
resented by c,,,and cpg. Also, holding costs per unit of product at
distribution centers are considered through parameters H yand H .
To cover environmental dimension, carbon emission coefficients
caused by road transportation between main and regional centers and
also between regional centers and demand zones are included in
model by epyand ey , respectively. Finally, social sustainability
dimension is incorporated in model using regional coefficients w,and
@y, which represent labor market conditions at location of centers,
and employment parameters ] ,and ], in a way that location deci-
sions also consider areas with higher social priority.

To extract a representative and managerially interpretable solution,
the multi-objective model was first converted into a single-objective
form using the weighted-sum approach. Based on the opinions of
experts in the field of medical product distribution in Turkey, the weights
of the economic, environmental, and social objectives were set to 0.70,
0.17, and 0.13, respectively, in order to reflect decision-maker prefer-
ences in the final objective function. These weights were determined
according to expert judgment with the aim of representing the practical
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priorities of healthcare distribution planning in Turkey. The resulting
single-objective MILP model was solved exactly using Gurobi 10.0 in the
MATLAB R2023a environment, and the corresponding optimal solution
was used as the benchmark for further analysis. Considering problem
size and increasing computational complexity in large scales, NSGA-II
and MOPSO metaheuristic algorithms are used to efficiently solve multi
objective model. To improve quality of Pareto front and obtain more
stable solutions, control parameters of these algorithms are tuned before
final execution. Parameter tuning process is performed using Taguchi
design of experiments and L9 orthogonal array, so that effect of different
parameter levels can be evaluated with limited number of experiments.
Then, the performance of the algorithms is compared based on standard
multi-objective indicators including NOS, MID, spacing metric (S), and
execution time. Also, to quantitatively compare the quality of the
obtained solutions, RPD from the best observed solution is reported as
an additional measure. The performance of the parameter combinations
was evaluated using the metrics reported in Table 13.

Based on values of mean response and S/N that are calculated in
Taguchi experiment design framework, optimal levels of control
parameters for each algorithm are determined separately. According
to results shown in Figures 8a,b, in NSGA-II algorithm, level one for
first and second parameters and level three for third parameter is
selected as optimal combination.

In similar way, results related to MOPSO algorithm that are
shown in Figures 9a,b show that level one for first and second
parameters and level two for third parameter give best performance
in terms of average performance indicators and stability of response.

For comparing the performance of the two algorithms in solving
the sustainable distribution network design model for essential
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TABLE 13 Performance metrics used for parameter tuning.

10.3389/frsus.2026.1803612

NSGA-II MOPSO
NOS Time (s) MID NOS Time (s) MID
1 18 35.69 1.97945 660.15333029 1 25 16.09 1.73693 678.2967938
2 20 70.99 1.94865 463.74724549 2 37 36.58 1.72347 636.5019999
3 19 107.59 1.98119 697.64323010 3 21 41.70 1.51737 503.8350562
4 23 124.14 1.96667 55521311105 4 15 23.48 1.25675 49262911042
5 21 25.89 1.98043 377.78945626 5 24 48.22 1.19217 511.29893649
6 22 375.32 2.00107 550.38424008 6 21 76.93 1.72156 766.20801950
7 23 270.94 2.05257 793.66213580 7 33 48.32 1.54795 938.40250238
8 23 556.01 1.99272 754.70856364 8 25 89.16 1.72114 753.3394370
9 27 803.11 1.04515 674.87957058 9 30 137.87 1.20456 446.46848787
(a) Mean Values (b) Signal-to-Noise (S/N) Ratios
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FIGURE 8

Main effects plots of the NSGA-II algorithm parameters: (a) Mean values of performance indices; (b) Signal-to-noise (S/N) ratios.
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Main effects plots of the MOPSO algorithm parameters: (a) Mean values of performance indices; (b) signal-to-noise (S/N) ratios.
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medical products, NSGA-II and MOPSO were each run 30 times
under the extracted optimal settings. The performance indicators
obtained from each run were calculated and statistically analyzed
using SPSS version 20. The mean values of the performance indicators
were compared between the two algorithms using independent-sam-
ples t-tests at the 95% confidence level. The results of the statistical

Frontiers in Sustainability

comparison are presented in Table 14. Based on these results, MOPSO
shows better overall performance than NSGA-II in terms of mean
ideal distance, spacing, and computational time. In particular,
MOPSO achieves faster convergence, a more uniform distribution of
Pareto solutions, and a lower MID value. However, no statistically sig-
nificant difference is observed between the two algorithms in terms of
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TABLE 14 Statistical comparison results of NSGA-1l and MOPSO algorithms.

10.3389/frsus.2026.1803612

Performance Statistical test Algorithm Mean value Significance Superior
indicator level (95%) algorithm
1 MID t-test NSGA-IT 2.0737E+05 0.000 MOPSO
MOPSO 1.6500E+05
2 NOS t-test NSGA-II 19.9667 0.299 No significant
MOPSO 233333 difference
3 Spacing Metric (S) t-test NSGA-II 7.0440E+05 0.000 MOPSO
MOPSO 4.2596E+05
4 Computational time t-test NSGA-II 35.4809 0.000 MOPSO
(Time) MOPSO 15.4012

the number of non-dominated solutions. These findings indicate that
MOPSO is the more efficient solution method for the proposed
national-scale sustainable distribution network design problem, while
NSGA-IT still provides a broader spread of alternative Pareto solutions.

The designed model for selection and configuration of sustain-
able distribution network in this study was implemented using
MOPSO algorithm. After applying optimal tuning of algorithm
parameters, a set of non dominated solutions is obtained which is
shown in Figure 10. Points marked in this figure represent optimal
and selectable options in objective space. This set of solutions makes
possible choosing final solution based on preferences of deci-
sion makers.

The output of distribution network design model includes selec-
tion of local distribution centers, amount of product flow sent from
upstream centers to intermediate centers, and also allocation level of
flow from intermediate centers to demand points. The distribution
flow patterns obtained from the optimization results are illustrated in
Figure 11.

The results show that MOPSO performs better than NSGA-II in
terms of MID, uniformity of Pareto solution distribution, and compu-
tational time. However, no meaningful difference is observed between
the two algorithms with respect to the number of non-dominated solu-
tions. These findings confirm the higher computational efficiency of
MOPSO for solving the distribution network design problem at
large scales.

Based on these results, it can be concluded that MOPSO algorithm,
by creating suitable balance between solution quality, result stability
and computational cost, is more suitable option for solving proposed
sustainable distribution network design model in this research.

Table 15 compares the best solution obtained by MOPSO with the
benchmark solution derived from the weighted sum method in terms
of the economic, environmental, and social objective values.

As shown in Table 15, the comparison between the best MOPSO
solution and the weighted sum benchmark reveals a clear trade-oft
among the three sustainability objectives. The MOPSO solution
achieves better values for the economic and environmental objec-
tives, indicating lower total system cost and reduced environmental
impact. However, the weighted sum solution performs better in
terms of the social objective. Therefore, Table 15 should not be
interpreted as evidence of absolute superiority of one method over
the other; rather, it demonstrates that different solution methods
may favor different sustainability dimensions depending on the
decision-making priorities.

Frontiers in Sustainability

So far, large part of studies done in medical product supply chain
area have mainly focused on topics like performance evaluation, sup-
plier selection, or managerial type analysis, and less attention is given
to design of distribution network structure and location-flow deci-
sions at operational scale. Especially in many of these works, sustain-
ability dimensions are considered only in limited or single way, and
simultaneous interaction between economic, environmental, and
social objectives is not much studied. Also, use of multi objective opti-
mization models together with advanced metaheuristic algorithms for
solving real large scale problems is still facing research gap.

In this study, a multi-objective planning model for sustainable
distribution network design is developed for the national essential
medical product distribution network of Turkey, with Istanbul func-
tioning as the primary central hub. This model considers three main
sustainability dimensions, including economic costs, environmental
impacts from transportation, and social considerations related to
employment and fair access, in an integrated way inside decision
structure.

Due to NP-hard nature of distribution network design prob-
lem and increasing computational complexity in real dimensions,
solving model by classical exact methods is not possible, therefore
multi objective metaheuristic algorithms NSGA-II and MOPSO
are selected as main solution tools. Obtained results show that
these algorithms have high ability in extracting quality Pareto
fronts, keeping diversity of solutions, and reaching efficient solu-
tions in reasonable computation time. In this way, proposed
framework can be used as practical decision support tool for sus-
tainable distribution planning of medical products in real and
large scale conditions.

To further interpret the network structure, the annual shipment
allocation from the central distribution hub to candidate local distri-
bution centers is examined. Figure 11 shows the annual outbound flow
of essential medical products from the central hub to each candidate
local distribution center in the Turkish case study. It can be observed
that the shipment volume has non-uniform distribution among the
centers, and there are considerable differences among the candidate
centers. The heterogeneity in this case arises from the diverse nature
of the demands imposed upon the centers by the regions in which they
are located, the location of the centers relative to these demands, and
the constraints imposed by center capacity.

The results show that there are some candidate local distribution
centers that are handling a larger portion of the hub’s outbound ship-
ments and are more important in the network, while others are
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FIGURE 10

Three-dimensional Pareto front obtained using the MOPSO algorithm, illustrating the trade-offs among the objective functions.
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Annual outbound flow from the central distribution hub to each candidate local distribution center in the Turkey case study.

auxiliary centers with fewer assigned volumes. This allocation pattern
is a direct outcome of the integrated location-flow decisions of the
model and demonstrates the ability of the proposed framework to
adapt the upstream distribution structure to real demand conditions
and operational constraints.

14 Conclusion

Distribution networks of essential medical products, as one of
critical parts of health system, need designs that can cover

Frontiers in Sustainability

economic efficiency, environmental concerns, and social effects
at same time. In this research, by focusing on the Turkish health-
care distribution context, a multi objective optimization model for
design of essential medical product distribution network is devel-
oped, which considers strategic decisions of distribution center
location and tactical decisions of product flow allocation in an
integrated way.

Numerical and comparative results obtained from solving the
model, as reported in Tables 11, 12, 14, 15, indicate that the proposed
network structure is able to improve the economic, environmental,
and social performance of the system simultaneously. The analysis of
the objective function values shows that the optimal selection of local
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TABLE 15 Comparison of the best solutions obtained by MOPSO and the weighted sum

method.

Algorithm  Economic  Environmental Social
objective objective objective
value ( £) value (/2) value (/3)
(USD)

Weighted Sum | 302,900,000,000 8,856,100 10,029

Method

MOPSO 155,200,000,000 5,540,000 6,569 ‘

distribution centers and the allocation of product flows between these
centers and demand zones play a decisive role in reducing total system
cost, lowering transportation-related environmental impacts, and
improving social indicators associated with regional distribution.
These findings confirm that jointly considering the three dimensions
of sustainability can lead to more balanced network-level decisions
than approaches based on a single performance dimension.

Because of the computational complexity of the model and the
NP-hard nature of the network design problem, two multi-objective
metaheuristic algorithms, NSGA-II and MOPSO, were used to gener-
ate sets of non-dominated solutions. Their performance was evaluated
using standard quantitative indicators, namely NOS, MID, spacing
metric (S), and running time. The results show that both algorithms
are able to produce valid and acceptable Pareto fronts. However,
MOPSO outperforms NSGA-II in most cases, as confirmed by the
lower value of MID, a more uniform distribution of points on the
Pareto front, and lower computational time required to run the algo-
rithm. Conversely, no significant differences between the two meta-
heuristics were found in terms of NOS. This implies that MOPSO is a
more efficient approach to solve the suggested model, while NSGA-II
is also effective in maintaining a wide range of alternative Pareto front
solutions.

Parameter tuning of algorithms using the Taguchi method for the
design of experiments has traditionally been of pivotal importance for
performance improvement. More particularly, the identification of the
right parameter levels results in the improvement of the quality of the
solution and the reduction of the variability in the performance of the
algorithm for multiple runs. The results have shown that the combina-
tion of the design of experiments and the metaheuristic algorithms
can be an effective solution for solving complex distribution network
problems involving multiple objectives.

From a practical point of view, the findings of this study quan-
titatively prove that the proposed model is an efficient decision
support tool for managing essential medical product supply chain
operations. The ability of the model to assess quantitatively the
effects of decisions on costs, environmental performance, and
social performance simultaneously makes it applicable to decision
situations under practical conditions, especially for countries like
Turkey that experience geographical diversity and disparities in
healthcare services.

Finally, while in this study we considered certain parameters
deterministic and used a single-period planning horizon, future stud-
ies can be extended to multiple period, multiple product, and uncer-
tain models. Moreover, a quantitative assessment of the model’s
performance over various types of networks and comparison with
other advanced multiple objective algorithms would add more
strength to the study.
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