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ABSTRACT 
Pharmaceutical supply chains face increasing pressure to deliver high service levels while meeting 
environmental and social expectations. Vaccine supply chains amplify these challenges due to 
strict cold-chain requirements, demand uncertainty driven by acceptance and preferences, and 
the urgency of public-health objectives. This paper develops a multi-objective mixed-integer lin-
ear programming (MILP) framework for national-scale vaccine distribution that explicitly integrates 
economic cost, service level, greenhouse-gas emissions, and population-level vaccine effective-
ness. Behavioral realism is incorporated by modeling vaccine acceptance and brand preferences 
as operational constraints rather than ex-post indicators. Trade-offs are explored using an ε-cons-
traint method that preserves the MILP structure and enables systematic recovery of Pareto-opti-
mal solutions. The framework is applied to a 52-week national case study for metropolitan France 
during the 2021 COVID-19 vaccination campaign, focusing on Pfizer-BioNTech and Moderna 
mRNA vaccines. Results show that population-level effectiveness saturates early once ac-
ceptance-driven coverage is achieved, making cost and emissions the primary decision levers 
under service guarantees. Balanced solutions maintain near-maximal protection while achieving 
substantial emission reductions at moderate additional cost, whereas deeper decarbonization re-
quires explicit service concessions. The proposed framework provides transparent, policy-rele-
vant insights and supports informed decision-making in large-scale vaccine logistics. 
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INTRODUCTION 
Pharmaceutical supply chains (PSCs) are a corner-

stone of global healthcare systems, ensuring the timely 
delivery of essential medicines, vaccines, and other 
healthcare products. Their performance directly condi-
tions public health outcomes, particularly under condi-
tions of uncertainty and time pressure. Over recent dec-
ades, PSCs have become increasingly complex due to 
stringent quality requirements, strict regulatory over-
sight, and the perishable nature of many pharmaceutical 
products [1–3]. Additional challenges arise from demand 
variability, emergency preparedness, and growing ex-
pectations regarding sustainability and equity [4]. 

Within this broad pharmaceutical context, vaccine 
supply chains (VSCs) constitute a particularly critical and 
challenging subset. Vaccines are highly perishable and 
often require strict cold-chain management, sometimes 
at ultra-low temperatures (e.g., mRNA vaccines). Distri-
bution performance is tightly linked to public acceptance 
and preferences, which directly affect uptake and, ulti-
mately, immunization. At the same time, energy-intensive 
storage and transport generate non-negligible environ-
mental impacts that are rarely considered explicitly in 
distribution planning. Unlike other pharmaceuticals, vac-
cines are often deployed at national or global scale during 
public health emergencies, where both operational effi-
ciency and social equity are paramount. 
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The COVID-19 pandemic highlighted these chal-
lenges at an unprecedented scale. Beyond the health cri-
sis, it exposed structural weaknesses in vaccine logistics 
when systems are stressed by uncertainty, compressed 
timelines, and capacity constraints. The emergency de-
ployment of mRNA vaccines at the end of 2020 intro-
duced ultra-low temperature requirements that amplified 
bottlenecks in cold-chain infrastructure, staffing, testing 
and release, and transportation. As a result, vaccine dis-
tribution emerged not only as a medical issue, but as a 
large-scale operation and decision-support problem, 
where trade-offs between speed, coverage, cost, and 
environmental performance became explicit. 

Despite significant advances in pharmaceutical and 
vaccine supply chain modeling, several limitations re-
main: 

 Limited integration of social and behavioral 
factors, such as public acceptance and preference 
heterogeneity, in optimization-based approaches; 

 Partial treatment of sustainability, with greenhouse 
gas emissions rarely assessed alongside economic 
and operational objectives; 

 Scarcity of empirically grounded, national-scale 
models combining demographic data, logistics 
constraints, and cold-chain requirements. 

This work addresses these gaps by proposing a na-
tional-scale, multi-echelon, multi-objective optimization 
framework for vaccine distribution. The model explicitly 
integrates cold-chain and capacity constraints, behav-
ioral features related to vaccine acceptance and prefer-
ences, and multiple performance indicators, including 

cost, backlog, emissions, and vaccination effectiveness. 
The framework is designed as a decision-support tool, 
enabling the exploration of trade-offs rather than the 
identification of a single optimal solution. 

A key insight emerging from the analysis is that vac-
cination effectiveness saturates early, making cost and 
emissions the primary decision levers for large-scale de-
ployment strategies. This result highlights the im-
portance of combining epidemiological effectiveness 
with economic and environmental criteria when design-
ing resilient and sustainable vaccine distribution policies.  

The remainder of this paper is organized as follows. 
Section 2 presents the proposed multi-echelon MILP 
framework, including the network structure, operational 
constraints, objective functions, and the ε-constraint so-
lution strategy used to explore trade-offs among cost, 
service, emissions, and effectiveness. Section 3 de-
scribes the national-scale case study for metropolitan 
France during the 2021 COVID-19 vaccination campaign, 
detailing data sources, assumptions, and calibration 
choices. Section 4 reports and discusses the main re-
sults, with a focus on Pareto-optimal trade-offs and their 
implications for large-scale vaccine deployment strate-
gies. Finally, Section 5 concludes with key insights for de-
cision-makers and outlines perspectives for extending 
the framework. 

METHODOLOGICAL FRAMEWORK 
The proposed optimization framework models a 

pharmaceutical supply chain (PSC) in a structured, multi-
echelon, multi-period setting. The chain is represented as 
a sequence of operational stages, capturing flows from 
origin to end users under capacity, inventory, and routing 

 
Figure 1. General framework of the proposed optimization model: inputs (static data and candidate sets) feed the 
MILP, which produces outputs. 
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constraints. Figure 1 illustrates the modeling pipeline, 
linking input data, the MILP optimization core, and result-
ing outputs. Inputs include static data (e.g., demand, ge-
ographical information, time horizon, costs, emission fac-
tors) and candidate sets (e.g., facility options, vaccine 
types, transport modes) from which the model selects. 
The optimization core is formulated as a Mixed-Integer 
Linear Program (MILP) with binary, integer, and continu-
ous decision variables, solved using GAMS/CPLEX. Out-
puts comprise facility locations, vaccine allocation over 
time, selected vaccine mix, and transport configuration. 

Network structure and flows 
The network comprises five echelons: primary man-

ufacturers, secondary manufacturers (fill–finish), main 
storage, regional storage, and demand zones (admin-
istration points). Vaccines flow along the sequences 
(manufacturer → fill–finish → warehouse), (import → 
warehouse), and (warehouse → regional → administra-
tion), ensuring consistent representation of sourcing, 
processing, storage, and last-mile distribution over mul-
tiple periods (Figure 2). 

MILP formulation and operational constraints 
Key decisions include facility activation, vaccine 

flows, transport logistics, and inventory management. Bi-
nary variables indicate active facilities and routes, integer 
variables capture shipment counts and number of facili-
ties. Continuous variables describe vaccine flows, inven-
tory, and administered doses. Slack variables allow minor 
deviations to preserve feasibility. 

Core assumptions include deterministic data (de-
mand, travel times, costs, capacities), discrete planning 
periods, strict cold-chain compliance, and stable inven-
tory without spoilage beyond standard holding costs. 
Operational constraints ensure feasibility: 

 Routing and transport: shipments occur only if 
facilities and routes are active; shipment sizes 
respect predefined bounds. 

 Inventory: standard stock–flow identity with 
min/max bounds enforced at operational facilities. 

 Processing: production, fill–finish, and imports 
respect throughput limits; transport trips are 
derived from shipment quantities relative to 
maximum capacity. 

Objective functions 
The model considers four main objectives to capture 

vaccination campaign priorities: 
1. Economic efficiency (cost minimization): Includes 

production/procurement, facility activation, 
transport, cold-chain, inventory, administration, and 
unmet demand penalties. Fixed and variable costs 
across all echelons are aggregated into a single ad-
ditive objective [1]. 

2. Service-level compliance (backlog minimization): 
Defined as the total number of doses not adminis-
tered despite demand. Backlog is computed across 
all vaccine types, locations, and periods. Minimizing 
backlog serves as a proxy for service reliability and 
ensures high-risk populations are protected [5]. 

3. Environmental sustainability (GHG minimization): 
Accounts for emissions from transport (van, trailer, 
airplane), refrigeration, dry ice, and packaging ma-
terials. Fuel consumption and emissions depend on 
distance, vehicle load, and speed, justifying a dedi-
cated environmental objective [6]. 

4. Population-level vaccine effectiveness (𝑉𝑉𝑉𝑉) (max-
imization): Consistent with overall (population) 

 
Figure 2: Schematic representation of the five-echelon pharmaceutical supply chain network (nodes and arcs) 
used in the MILP formulation. 
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effectiveness measures used in vaccine study de-
sign, weighting administered doses by product-
specific efficacy provides a tractable proxy for pop-
ulation protection—even when indirect (herd) ef-
fects are not explicitly modeled [7]. 

𝑉𝑉𝑉𝑉(%) = 100 ×
∑ ��,�,��∈�,�∈�,�∈� .���

���
   (1) 

where: 
𝑉𝑉  = set of vaccine types 
𝐶𝐶 = set of vaccination centers (demand zones) 
𝑇𝑇 = set of planning periods 
𝑞𝑞�,�,� = number of doses of vaccine v administered at 

center c during period t 
𝑒𝑒𝑒𝑒� = clinical efficacy of vaccine v 
𝑡𝑡𝑡𝑡𝑡𝑡 = total planned doses for the campaign 

This metric integrates coverage and per-dose effective-
ness into a single, linear indicator that can be incorpo-
rated alongside cost, backlog, and emissions in a multi-
objective optimization framework. 

Multi-objective solution approach: the ε-
constraint method 

The vaccine supply chain model involves multiple, 
often conflicting objectives: Cost (min), Backlog (min), 
Emissions (min), and Effectiveness (max). Using a single 
weighted sum may miss relevant trade-offs, especially in 
mixed-integer problems. We employ the ε-constraint 
method, which: (i) optimizes one objective (primary) 
while converting the others into constraints; (ii) pre-
serves the MILP structure and ensures extreme Pareto 
points can be recovered; (iii) avoids heuristic weight tun-
ing. The implementation follows best-practice recom-
mendations from [8]. 
The solution procedure follows four main steps: 

1. Payoff table (ideal and nadir anchors) 

 Optimize each objective individually and record all 
objective values. 

 Compute lower/upper anchors for each objective 
to define ε bounds. 

2. Grid of ε values 

 Generate a uniform grid of ε points between the 
anchors. 

 Provides a transparent schedule of target levels 
for the constrained objectives. 

3. ε-constrained solves 

 At each grid point, optimize the primary objective 
while enforcing ε constraints for the others. 

 Retain solutions only if the MILP reaches optimality 
(integer-optimal). 

4. Rotate the primary objective 

 Cycle the primary objective across runs to explore 
the Pareto frontier evenly. 

 Reduces bias and avoids gaps in the recovered 
solutions. 

In the national-scale application, 50 grid points (g₀ 
= 1, …, 50) were generated using the ε-constraint 
method. Only solutions that achieved full optimality—i.e., 
feasible and meeting the solver’s convergence criteria—
were retained for analysis, ensuring that all reported 
trade-off points are valid and reliable. 

Trade-offs were quantified by identifying non-dom-
inated (Pareto) solutions. Dominance was assessed in 
the full four-dimensional space of Cost (min), Backlog 
(min), Emissions (min), and Effectiveness (max) [13]. A 
solution A dominates B if it is no worse in every objective 
and strictly better in at least one. Conversely, a solution 
is non-dominated if no other solution dominates it. When 
applying an ε-constraint grid, weakly efficient points 
were filtered out to ensure that the retained set repre-
sents true Pareto candidates [8]. 

This approach highlights configurations that are not 
strictly inferior to any others across all objectives and fo-
cuses the analysis on a compact set of meaningful alter-
natives. 

CASE STUDY: FRANCE (2021) 
France was selected for this study due to its exten-

sive availability of detailed public vaccination data, ma-
ture logistics infrastructure, and clearly defined adminis-
trative regions. During the COVID-19 pandemic, collabo-
ration among public health institutions, statistical offices, 
and other agencies ensured high-quality, timely, and 
comprehensive open datasets, enabling accurate data-
driven analysis [10]. 

Within the European context, France faced complex 
logistical and public health requirements, including 
cross-border vaccine imports, coordination with EU pro-
curement initiatives, and compliance with stringent cold-
chain conditions for large-scale distribution [11]. The 
combination of detailed open data, multi-tiered adminis-
trative structures, and a robust logistics system makes 
France a suitable case for modeling vaccine distribution, 
capturing interactions across import flows, warehouses, 
regional hubs, and local administration points. 

Geographic Scope and Spatial 
Representation 

This study considers metropolitan France only: 13 
regions, 96 departments, and approximately 34, 945 
communes. Administrative divisions allow efficient map-
ping and resource allocation, enabling accurate distance 
calculations and detailed logistical planning [12]. Spatial 
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fragmentation was applied across echelons: 

 National/port nodes for imports (i),  

 Plant locations (f),  

 Regional hubs (w),  

 Department-level stores (r),  

 Commune-level administration points (c). 

Clusters of communes follow official geographical 
breakdowns to consolidate nearby localities while main-
taining reporting consistency. The analysis focuses on 
the population aged 15 years and older. 

Vaccine selection 
This study focuses on two widely deployed mRNA 

vaccines, Pfizer-BioNTech (BNT162b2) and Moderna 
(mRNA-1273), selected for their central role in the French 
vaccination campaign, the availability of detailed logisti-
cal data, and contrasting cold-chain requirements. 
Pfizer-BioNTech requires ultra-cold storage and special-
ized transport, while Moderna can be stored at less strin-
gent temperatures, allowing for the evaluation of differ-
ent logistical strategies. National delivery records cor-
roborate this choice. Excluding Pfizer’s paediatric 
presentation, Pfizer and Moderna together account for 
>96% of cumulative doses delivered in metropolitan 
France up to 2024 and approximately 98% during 2021, 
the core year modelled. The predominance of mRNA 
products thus makes the focus on BNT162b2 and mRNA-
1273 representative for modelling the French campaign 
[14]. 

Supply chain nodes 
Nodes represent specific points in the vaccine sup-

ply chain, organized into five echelons in the generic 
model: 

1. Primary manufacturers,  

2. Secondary manufacturers (fill–finish),  

3. Main storage (warehouses),  

4. Local storage (regional stores),  

5. Demand zones (administration points). 

For France, manufacturing and fill–finish are inactive 
(no domestic facilities), so all inbound supply enters via 
import locations: Puurs (Belgium, Pfizer) and Visp (Swit-
zerland, Moderna). The operational chain reduces to i → 
w → r → c. Warehouse candidates were selected among 
departments exceeding a 3 M-dose cumulative delivery 
threshold. Regional stores correspond to the 13 adminis-
trative regions, and administration centers to the 22 for-
mer regional capitals. Figure 3 illustrates the spatial or-
ganization of the national vaccine supply chain, highlight-
ing the geographical alignment between echelons and 

the main logistic flows across the French territory. 

 
Figure 3. National supply chain structure and 
geographical alignment across echelons. 

Demand Parameters 
The demand parameter for the vaccine supply chain 

model was based on demographic data for individuals 
aged 15 years and older. The year 2021 was chosen to 
align with the vaccine shipment timeline, with the first 
shipment arriving on 27 December 2020 and the initial 
vaccination recorded on 5 January 2021. The model sim-
ulates a 52-week period corresponding to this timeframe, 
ensuring temporal consistency. 

Demographic data were extracted from the INSEE 
database and aggregated according to the department 
codes comprising the 22 former administrative regions. 
Several departments were grouped within a former re-
gion and labeled using the name of the main city in the 
cluster. The selected labels were: Strasbourg, Bordeaux, 
Clermont-Ferrand, Rennes, Dijon, Orléans, Châlons-en-
Champagne, Besançon, Rouen, Paris, Limoges, Caen, 
Montpellier, Metz, Toulouse, Lille, Nantes, Poitiers, Mar-
seille, Amiens, Lyon, and Ajaccio. 

Population Acceptance and Hesitancy 
Vaccine acceptance and hesitancy rates were de-

rived from representative international surveys [9], with 
global averages of approximately 79% acceptance and 
21% hesitancy. Booster acceptance among already vac-
cinated individuals averaged 88%, with a hesitancy rate 
of 12%. 

For the French case study, these values were 
adapted to the two main mRNA vaccines, Pfizer-
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BioNTech and Moderna, based on their relative usage. 
(Pfizer = 85.3%, Moderna = 14.7%). To avoid over-con-
straining the model, these normalized values are then im-
plemented as upper bounds (preference caps) with a 
small modeling slack: 80% for Pfizer and 10% for 
Moderna. This preserves empirical guidance while allow-
ing flexibility in the optimization. 

RESULTS AND DISCUSSION 
ε-constraint exploration and anchor solution 

The multi-objective problem was explored using an 
ε-constraint grid composed of 50 feasible configurations. 
For each grid point, one objective was optimized while 
the remaining ones were enforced through ε-bounds. 
Only solutions reaching proven integer optimality were 
retained, ensuring that all reported configurations corre-
spond to valid and comparable trade-offs. 

For the national-scale French instance (5.088M 
equations and 1.941M variables, solved with 2 threads), 
the four single-objective baseline runs required 0.01–
5.82 h and closed with MIP gaps between 0.00% and 
0.153%; the representative balanced Pareto point g₀ = 50 
required 7.43 h and closed with a 0.14% MIP gap. 

As a preliminary step, each objective was optimized 
independently to compute the corresponding single-ob-
jective optima. These solutions, referred to as anchor so-
lutions, delineate the extreme boundaries of the attaina-
ble performance space—namely the minimum cost, min-
imum backlog, minimum emissions, and maximum effec-
tiveness configurations (Table 1).  

Table 1: Single-objective optima (SO) used as anchor 
points for ε-grid construction  

Objec-
tive 
function  

Cost 
(USD) 

Back-
log (doses) 

Emis-
sions 

(kgCOe) 

Effec-
tiveness 

(%) 
Cost B K M  
Backlog B K M  
Emis-
sions B M M  

Effec-
tiveness B K M  

 
Beyond defining the ε-grid bounds, they provide 

natural reference policies against which multi-objective 
compromises can be interpreted. Recovering these ex-
tremes within the constrained runs also validates the cor-
rectness of the ε-constraint implementation. 

These anchor solutions clearly illustrate the inherent 
trade-offs: minimizing cost, for instance, does not guar-
antee low emissions or maximal effectiveness, highlight-
ing the need for a multi-objective perspective. 

Structure of the trade-off space 

The global structure of the trade-offs is illustrated in Fig-
ure 4, which shows all feasible grid points across the four 
objectives. A parallel coordinates plot is used to visualize 
the multi-dimensional performance, highlighting patterns 
across cost, backlog, emissions, and effectiveness. Two 
consistent trends emerge. 

First, within the retained feasible ε-grid, population-
level effectiveness exhibits very limited variability, rang-
ing from approximately 70.5% to 71.4%. This indicates 
that, once acceptance-driven coverage and the induced 
vaccine mix are satisfied, the system enters a high-pro-
tection plateau in which additional logistical effort yields 
negligible incremental protection. Effectiveness is there-
fore retained not because it strongly shapes the local Pa-
reto geometry, but because it acts as a public-health 
safeguard: it certifies that candidate policies remain in 
the high-protection regime while cost and emissions are 
traded off. This distinction matters because the single-
objective anchors used to define the ε-bounds span a 
wider effectiveness interval, and the emissions-optimal 
anchor drops to 63.92%, showing that stronger environ-
mental pursuit can indeed decrease protection when ser-
vice is relaxed.  

Second, most variation occurs along the economic 
and environmental dimensions. Cost and emissions be-
come the dominant levers shaping the frontier, revealing 
that post-coverage decisions are primarily logistical ra-
ther than epidemiological. This shift indicates that im-
proving sustainability or reducing expenditure involves 
reallocating storage, routing, and transport choices ra-
ther than increasing administered doses.  

Non dominated solutions 
Table 2 reports the non-dominated configurations 

extracted from the feasible ε-grid. Among the 50 evalu-
ated points, only three solutions remain Pareto-efficient, 
indicating that most intermediate configurations are 
dominated. This small set substantially simplifies inter-
pretation and provides decision-makers with a concise 
portfolio of representative policies, ranging from cost-
oriented to environmentally efficient strategies. 

Table 2: Four-dimensional non-dominated solutions ex-
tracted from the feasible ε-grid. 

g₀ Cost 
(USD) 

Back-
log (doses) 

Emis-
sions 

(kg 
CO₂e) 

Effec-
tiveness 

(%) 

 B K M  
 B K M  
 B K M  

 
Among these, g₀ = 50 clearly stands out as the most 

policy-relevant “clean-and-served” solution. It achieves 
the lowest carbon footprint (7.858M kg CO₂e), meets the 
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backlog floor (118.847K doses), and attains the highest 
effectiveness (71.39%), all while maintaining total cost 
near the lower bound (2.369B USD). This configuration 
illustrates how tight ε-constraints on backlog and cost, 
combined with emissions as the primary objective, can 
produce a solution that simultaneously balances service 
quality, cost efficiency, effectiveness, and environmental 
performance. 

The other non-dominated solutions highlight the 
trade-offs involved in prioritizing a single objective. g₀ = 
38 also respects the backlog floor but exhibits slightly 
higher emissions (7.943M kg CO₂e) and marginally lower 
effectiveness (71.31%). By contrast, g₀ = 44 achieves the 
absolute minimum cost (2.365B USD) but at the expense 
of a higher backlog (162.653K doses) and increased 
emissions (7.872M kg CO₂e). Compared to these alterna-
tives, g₀ = 50 occupies the most balanced region of the 
multi-objective frontier, providing the best combination 
of cost, service, effectiveness, and environmental im-
pact. 

CONCLUSIONS AND PERSPECTIVES 
This study developed a multi-objective optimization 

framework for national-scale vaccine supply chains, ex-
plicitly integrating economic, environmental, and public-
health objectives while capturing real operational con-
straints. By combining a multi-period, multi-echelon MILP 
with cold-chain realism and behavior-aware elements re-
flecting vaccine acceptance and preferences, the frame-
work provides a practical tool to explore trade-offs in 
large-scale vaccination campaigns. The ε-constraint 
method enabled systematic recovery of Pareto-optimal 
solutions without altering the linear structure of the 

problem, ensuring methodological rigor and operational 
relevance. 

Application to the French national case study yields 
several key insights. Population-level vaccine effective-
ness saturates early once acceptance-driven coverage is 
achieved, making cost and emissions the main levers for 
decision-making under service guarantees. Among Pa-
reto-efficient solutions, certain configurations achieve 
minimal carbon footprint, high coverage, and controlled 
costs simultaneously, illustrating that well-designed 
strategies can balance economic, environmental, and 
public-health objectives. Solutions focusing solely on 
cost or another single objective either increase emissions 
or backlog, highlighting the trade-offs inherent in multi-
objective planning. 

Strategies with lighter cold-chain requirements can 
substantially reduce emissions without compromising 
protection, helping identify where genuine trade-offs 
begin. Procurement remains the primary cost driver, 
while behavior-aware constraints ensure realistic vac-
cine mixes and stable flows across the supply network. 
 Beyond these case-specific insights, the contribu-
tion is methodological and transferable. The framework 
combines a solver-neutral formulation, a reproducible 
data pipeline, and a rigorous ε-constraint protocol, ena-
bling transparent, policy-relevant decisions. Decision-
makers can compare cost, carbon, and coverage on the 
same scale, making trade-offs explicit and defensible. 
Future research could enhance realism and impact by : 

 Integrating bilevel optimization to explicitly model 
policy interventions. 

 Modeling vaccine loss and perishability along the 
supply chain. 

 
Figure 4. Trade-offs across the four objectives (cost, backlog, emissions, effectiveness). 
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 Incorporating finer-grained emission accounting 
across transport, storage, and packaging. 

 Applying geospatial optimization for facility siting 
to improve distribution efficiency. 

Overall, this framework provides a robust, adaptable 
decision-support tool, capable of guiding vaccine supply 
strategies today and evolving with new data and public-
health priorities. Importantly, it demonstrates that multi-
objective planning can identify strategies that achieve 
high coverage, reduce environmental impact, and control 
costs simultaneously, offering actionable insights for 
large-scale vaccine logistics. 
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