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ABSTRACT 
Emerging sectors within the biopharmaceutical industry are undergoing rapid scale-up due to the 
market boom of gene therapies and vaccine platform technologies. Manufacturers are pressured 
to orchestrate resources and plan investments under future demand uncertainty and, critically, an 
early-stage process uncertainty for platforms still under development. In this work, a multi-product 
multi-stage stochastic optimization problem integrating demand uncertainty is presented and aug-
mented with a worst-case optimization approach with respect to process uncertainty. Results fo-
cus on a comparison between fixed equipment facilities and modular technologies, highlighting an 
inherent flexibility of the latter option due to shorter recourse actions for capacity scale-out. The 
impact of process uncertainty integration is quantified. With more conservative decisions taken in 
first-stages of the time horizon, expected costs result lower for modular single-use equipment. 
This suggests that capacity adjustments also help adapt to varying process performance and re-
duce the propagation conservative design decisions.  

Keywords: Supply Chain, Planning & Scheduling, Stochastic Optimization, Technoeconomic Analysis, Ad-
vanced Pharmaceutical Manufacturing 

INTRODUCTION 
Pharmaceutical capacity planning is crucial to meet 

product demands from clinical to commercial stages. In 
recent years, the market boom of gene therapies and de-
mand for vaccines in pandemic contexts has highlighted 
a need to improve responsiveness of supply chains to de-
mand fluctuations and unforeseen events. To this end, 
the industry has seen an uptake of single-use equipment 
(SU) to substitute more inflexible stainless-steel multi-
use (MU) facilities, allowing for rapid scale-up and scale-
out of manufacturing capacity. In this space, investment 
planning is challenged by a need to make scale-up deci-
sions before processes are fully intensified and process 
capabilities known for certain1. Furthermore, process un-
certainty in early stages of planning is combined with an 
uncertainty in future demands. In this context, an over-
estimation of attainable production targets and sub-opti-
mal demand forecasting can result in shortages and ex-
acerbate costs2.  

The complexity of investment planning problem un-
der demand uncertainty can be represented as a sto-
chastic optimization embedding a multi-stage scenario 
tree for demand outcomes. The PSE literature presents a 
number of decision support tools based on stochastic 
programming finding a direct application in capacity plan-
ning in pharmaceutical contexts. First stage variables in-
clude initial capacity investments, product selection and 
initial allocation of manufacturing resources to products. 
Second stage recourse decisions consist in additional ca-
pacity investment or sale of capacity, re-allocation of 
products to resources. Extensive research in PSE has fo-
cused problems of capacity planning using stochastic 
programming3,4. Alternatively, simulation-based ap-
proaches5,6 and rolling horizon strategies7,8 have been 
proposed to decision-making based on simulated de-
mand outcomes.  

This work focuses on investigating whether early-
stage process uncertainty which characterizes advanced 
biopharmaceutical products undergoing rapid scale up is 
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worth integrating in capacity planning optimization prob-
lems. The proposed approach accounts for the different 
time scales of uncertainty and differentiates the flexibility 
of MU-based and SU-based equipment, which thus far 
has not been considered explicitly in the context of bio-
pharmaceutical planning under uncertainty. The pre-
sented planning tool integrates process uncertainty using 
a worst-case approach, using previously quantified pro-
cess uncertainty9 and cost-related inputs obtained via 
techno-economic models, and demand uncertainty using 
stochastic programming and uses. Comparative analyses 
for SU and MU cases discuss the impact of process un-
certainty integration compared to a deterministic-pro-
cess counterpart and focus on network responsiveness 
to demand uncertainty.  

METHODOLOGY 

Problem statement 
The capacity planning problem considered in this 

study is aimed at minimizing total supply chain capital 
and operating cost and determine a set of demand sce-
nario independent design decisions and scenario-de-
pendent decisions. These differ based on whether equip-
ment is multi-use (MU) or single-use (SU).  
The optimization considers:  

 A set 𝑇𝑇 of time periods 𝑡𝑡; 

 A set 𝐼𝐼 of products 𝑖𝑖; 

 A set 𝑁𝑁 of nodes 𝑛𝑛; 

 A set 𝑇𝑇 of time periods 𝑡𝑡; 

 A set 𝐴𝐴 of process scales 𝑎𝑎; 

 A set 𝑆𝑆 of process section 𝑠𝑠; 

 A set 𝐿𝐿 of process lines 𝑙𝑙; 

 A set 𝐷𝐷𝐷𝐷 of demand scenarios 𝑦𝑦; 

In the MU case, the partition of first-stage and sec-
ond-stage scenario-dependent decisions results as fol-
lows: 

1. Network structure and links between nodes; 

2. Investment in manufacturing facilities; 

3. Scales of manufacturing and number or parallel 
lines; 

4. Scenario-dependent manufacturing levels, 

5. Scenario-dependent transportation flows; 

6. Scenario-dependent supply flows at each demand 
node. 

In the SU case, the optimization considers the selection 
of scales and parallel lines as scenario-dependent, hence 

treating it as a recourse action or second-stage decision.  
 The optimization requires information on costs 

of technologies at different manufacturing scales 𝑎𝑎, for 
different process sections  𝑠𝑠  for the different products 
considered  𝑖𝑖 and specific to MU-based equipment vs 
SU-based equipment. This is obtained via techno-eco-
nomic modelling of the processes of interest. Further-
more, it requires input data with respect to storage and 
transport cost per unit (Sarkis et al.10 – SI)  and target de-
mands for each product 𝑖𝑖, realizing over time and differ-
ing by scenario 𝑦𝑦.   

 Whilst demand realizes in stages, process un-
certainty is mainly present in early stages of scale-up. 
Before process capabilities are known, decision-makers 
may consider adopting a risk-averse approach. Once 
process uncertainty realizes, true capabilities are known 
and optimization decisions can adapt accordingly. This 
concept is integrated through a two-stage worst-case 
optimization approach. Ultimately, by combining ex-
pected demand outcomes and this process uncertainty 
mitigation strategy, decision-makers can obtain here-
and-now investment plans which minimize expected 
costs and mitigate early-stage shortage risks. Depending 
on underlying equipment-related recourse actions, the 
resulting planning solutions may differ.  

Figure 1. Optimization superstructure for multi-product 
supply chain case study. 

Techno-economic performance 
quantification 

Techno-economic models of the manufacturing 
technologies of interest are developed using SuperPro 
Designer (Intelligen). In this work, the focus is the quan-
tification of techno-economic performance of MU-based 
and SU-based manufacturing at scale 𝑎𝑎 ∈ 𝐴𝐴 =
{50,200,1000,2000} and for products 𝑖𝑖 ∈ 𝐼𝐼 = {𝐿𝐿𝐿𝐿,𝐴𝐴𝐴𝐴𝐴𝐴}. 
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Details regarding the development of underlying models 
is included in Sarkis et al.9 (SI). Here, equipment has been 
modified to fully SU or MU accordingly. Techno-eco-
nomic KPIs for each platform include batch size 𝜒𝜒, cycle 
time 𝜏𝜏, end-to-end process time 𝛼𝛼, and capital and oper-
ating costs 𝑐𝑐. Costs are assumed to be deterministic and 
dependent on equipment type, product 𝑖𝑖 and scale 𝑎𝑎. In-
stead, throughput related uncertainty as quantified in 
Sarkis et al.9 is considered, yielding ranges of perfor-
mance for batch size 𝜒𝜒 ∈ [𝜒𝜒𝑚𝑚𝑚𝑚𝑚𝑚,𝜒𝜒𝑚𝑚𝑚𝑚𝑚𝑚], cycle time  𝜏𝜏 ∈
[𝜏𝜏𝑚𝑚𝑚𝑚𝑚𝑚 , 𝜏𝜏𝑚𝑚𝑚𝑚𝑚𝑚] and process time 𝛼𝛼 ∈ [𝛼𝛼𝑚𝑚𝑚𝑚𝑚𝑚 ,𝛼𝛼𝑚𝑚𝑚𝑚𝑚𝑚] for each 
product- and scale-specific process.  

Optimization formulation 
The optimization considers a multi-period multi-

product planning problem where 𝑇𝑇 = {𝑇𝑇1,𝑇𝑇2,𝑇𝑇3,𝑇𝑇4} and 
𝐼𝐼 =  {𝐿𝐿𝐿𝐿,𝐴𝐴𝐴𝐴𝐴𝐴}, where LV is a lentivirus-based product for 
gene therapy applications and AdV is an adenovirus-
based product for vaccine applications. As mentioned, 
throughput related parameters are considered uncertain, 
whereas cost-related parameters are held at the deter-
ministic value quantified via techno-economic modelling. 
On the demand side, a set of demand scenarios 𝑦𝑦 is con-
sidered 𝐷𝐷𝐷𝐷 = {𝐷𝐷𝑆𝑆1,𝐷𝐷𝑆𝑆2  . . .𝐷𝐷𝑆𝑆𝑁𝑁}, which result from combi-
nations of individual product demands in a multi-stage 
stochastic scenario tree. The optimization formulation is 
summarized in Table 1. 

As shown in Eq.1, the objective function 𝑧𝑧 corre-
sponds to the total expected supply chain cost, which a 
summation of capital and operating costs of manufactur-
ing, storage costs and transport costs. These are sce-
nario-dependent quantities and normalized by scenario 
probability Π𝑦𝑦. Manufacturing capital costs  𝑇𝑇𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 embed 
equipment installation costs 𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸  for each node 𝑛𝑛 ∈
𝑁𝑁𝐽𝐽and time 𝑡𝑡 (Eq. 2.), which are a function of equipment 
installation cost coefficients 𝑐𝑐𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 and equipment instal-
lation binaries  𝐻𝐻, with respect to time 𝑡𝑡, node 𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽, 
scale 𝑎𝑎, line 𝑙𝑙, section 𝑠𝑠 and scenario 𝑦𝑦 (Eq. 3).  

Manufacturing operating costs  𝑇𝑇𝐶𝐶𝑂𝑂𝑂𝑂𝑂𝑂 include labour 
related costs 𝐶𝐶𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿, variable costs 𝐶𝐶𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 and facility-de-
pendent costs 𝐶𝐶𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 (Eq. 4), which are respectively func-
tion of cost coefficients 𝑐𝑐𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿, 𝑐𝑐𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉, 𝑐𝑐𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 for each scale 
𝑎𝑎, section 𝑠𝑠 and product 𝑖𝑖 multiplied by either the number 
of batches 𝐵𝐵 (Eq. 5-6), and product-specific equipment 
installation 𝑀𝑀 (Eq. 7). Hence, the benefit of economies of 
scale on cost effectiveness is captured within the optimi-
zation, with a balance between costs that scale with pro-
duction levels and fixed costs. Storage related costs 
𝑇𝑇𝐶𝐶𝑂𝑂𝑂𝑂𝑂𝑂 are computed as multiplication of a handling coef-
ficient 𝑐𝑐𝑂𝑂𝑂𝑂𝑂𝑂, which depends on scale 𝑎𝑎 and product 𝑖𝑖 and 
the sum of transport flows 𝑄𝑄 passing through all storage 
nodes at time 𝑡𝑡 and in scenario 𝑦𝑦 (Eq. 8). Transport costs 
𝑇𝑇𝐶𝐶𝑇𝑇 consider a cost coefficient per km travelled and 
batch delivered 𝑐𝑐𝑇𝑇multiplied by distance 𝜌𝜌 between 
nodes 𝑛𝑛 and 𝑚𝑚 and transport flows 𝑄𝑄. 

Table 1: Optimization formulation for multi-product, 
multi-stage, multi-period stochastic problem. 

Objective function and cost components 
1 min𝑧𝑧 =∑ Π𝑦𝑦𝑦𝑦∈𝐷𝐷𝐷𝐷 �𝑇𝑇𝐶𝐶𝑦𝑦

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶  +  𝑇𝑇𝐶𝐶𝑦𝑦
𝑂𝑂𝑂𝑂𝑂𝑂  +   𝑇𝑇𝐶𝐶𝑦𝑦𝑂𝑂𝑂𝑂𝑂𝑂 +  𝑇𝑇𝐶𝐶𝑦𝑦𝑇𝑇�  

2 𝑇𝑇𝐶𝐶𝑦𝑦
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶  = ∑ ∑ 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡

𝐸𝐸𝐸𝐸𝐸𝐸 
𝑛𝑛∈𝑁𝑁𝐽𝐽𝑡𝑡∈𝑇𝑇    ∀ 𝑦𝑦  

3  𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝐸𝐸𝐸𝐸 =  ∑ ∑ ∑ 𝑐𝑐𝑎𝑎𝑎𝑎

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐻𝐻𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡   ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑦𝑦 𝑙𝑙∈𝐿𝐿 s∈𝑆𝑆𝑎𝑎∈𝐴𝐴  

4 𝑇𝑇𝐶𝐶𝑦𝑦
𝑂𝑂𝑂𝑂𝑂𝑂 = ∑ ∑ 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 + 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡
𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹
𝑛𝑛∈𝑁𝑁𝐽𝐽𝑡𝑡∈𝑇𝑇   ∀𝑦𝑦  

5 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 =  ∑ ∑ ∑ ∑ 𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿
𝑖𝑖∈𝐼𝐼 𝐵𝐵𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑦𝑦 𝑙𝑙∈𝐿𝐿 s∈𝑆𝑆𝑎𝑎∈𝐴𝐴   

6 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡
𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 =  ∑ ∑ ∑ ∑ 𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎

𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉
𝑖𝑖∈𝐼𝐼 𝐵𝐵𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑦𝑦 𝑙𝑙∈𝐿𝐿 s∈𝑆𝑆𝑎𝑎∈𝐴𝐴   

7 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 =  ∑ ∑ ∑ ∑ 𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹
𝑖𝑖∈𝐼𝐼 𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑦𝑦 𝑙𝑙∈𝐿𝐿 s∈𝑆𝑆𝑎𝑎∈𝐴𝐴   

8 𝑇𝑇𝐶𝐶𝑦𝑦𝑂𝑂𝑂𝑂𝑂𝑂 = ∑ ∑ ∑ ∑ ∑ 𝑐𝑐𝑎𝑎𝑎𝑎𝑂𝑂𝑂𝑂𝑂𝑂𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖∈𝐼𝐼𝑎𝑎∈𝐴𝐴𝑚𝑚∈𝑁𝑁𝐽𝐽  𝑛𝑛∈𝑁𝑁𝐾𝐾𝑡𝑡∈𝑇𝑇   ∀𝑦𝑦  
9 𝑇𝑇𝐶𝐶𝑦𝑦𝑇𝑇 = 𝑐𝑐𝑇𝑇 ∑ ∑ ∑ ∑ ∑ 𝜌𝜌𝑛𝑛𝑛𝑛𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡   ∀𝑦𝑦𝑖𝑖∈𝐼𝐼𝑎𝑎∈𝐴𝐴𝑚𝑚∈𝑀𝑀𝑁𝑁𝑛𝑛∈𝑁𝑁𝑀𝑀𝑡𝑡∈𝑇𝑇   

Sourcing constraints 
10 𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡 ≤ 𝑌𝑌𝑡𝑡𝑡𝑡  ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑚𝑚 ∈ 𝑀𝑀𝑁𝑁    
11 ∑ 𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛∈𝑁𝑁𝐽𝐽 ≥ 𝑌𝑌𝑡𝑡𝑡𝑡  ∀𝑡𝑡,𝑚𝑚 ∈ 𝑁𝑁𝐾𝐾    
12 ∑ 𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛∈𝐾𝐾 ≥ 𝑌𝑌𝑡𝑡𝑡𝑡  ∀𝑡𝑡,𝑚𝑚 ∈ 𝑁𝑁𝑍𝑍    

Equipment and product allocation constraints 
13 ∑ 𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ≤ 𝑌𝑌𝑡𝑡𝑡𝑡   ∀𝑡𝑡, 𝑦𝑦,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽

𝑎𝑎∈𝐴𝐴   
14 𝑍𝑍𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ≤ 𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡   ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦  
15 𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ≤ 𝑍𝑍𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡   ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑖𝑖, 𝑦𝑦  
16 𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ≤ 𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡   ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑖𝑖, 𝑦𝑦 
17 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  ∑ 𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖∈𝐼𝐼 − 1 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦  
18 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑖𝑖=𝐿𝐿𝐿𝐿 =  𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦  
19 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑖𝑖=𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 1 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦  

20 𝑍𝑍𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ≤ 𝑍𝑍𝑡𝑡−1,𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  + 𝐻𝐻𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦  
20’ 𝑍𝑍𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑍𝑍𝑡𝑡−1,𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  + 𝐻𝐻𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦  

Production constraints 
21 𝑇𝑇𝑀𝑀𝑀𝑀𝑀𝑀𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ≤ 𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  ≤ 𝑇𝑇𝑀𝑀𝑀𝑀𝑀𝑀𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑖𝑖, 𝑦𝑦  

22 𝑈𝑈𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  ∑ 𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦𝑖𝑖∈𝐼𝐼   

23 𝑈𝑈𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ≤ 𝑈𝑈𝑀𝑀𝑀𝑀𝑀𝑀 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦  

24 𝐵𝐵𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝜏𝜏𝑠𝑠𝑠𝑠�𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝛼𝛼𝑠𝑠𝑠𝑠𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 −

                     𝜅𝜅𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡�  ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑖𝑖, 𝑦𝑦  

25 ∑ 𝐵𝐵𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑙𝑙∈𝐿𝐿 = ∑ 𝐵𝐵𝑡𝑡𝑡𝑡𝑡𝑡,𝑠𝑠+1,𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙∈𝐿𝐿  ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑖𝑖,𝑦𝑦    

Network balances 
26  𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐼𝐼𝑡𝑡−1,𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 + ∑ 𝐵𝐵𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝑠𝑠=𝐹𝐹𝑙𝑙∈𝐿𝐿  +∑ 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  𝑚𝑚∈𝑁𝑁𝐾𝐾 ∀𝑡𝑡,𝑛𝑛 ∈

𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑖𝑖,𝑦𝑦    

27  ∑ 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑚𝑚∈𝑁𝑁𝐽𝐽 =  ∑ 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑚𝑚∈𝑁𝑁𝑍𝑍  ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐾𝐾, 𝑎𝑎, 𝑖𝑖,𝑦𝑦     

28 ∑ 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑚𝑚∈𝐾𝐾 =  𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝑍𝑍, 𝑎𝑎, 𝑖𝑖,𝑦𝑦     

29 ∑ 𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎∈𝐴𝐴 𝜒𝜒𝑎𝑎𝑎𝑎𝑎𝑎 ≥ 𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝑍𝑍, 𝑖𝑖, 𝑦𝑦     

30 𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡
𝑇𝑇

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑁𝑁𝑍𝑍)
    ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝑍𝑍, 𝑖𝑖, 𝑦𝑦  

31 𝑄𝑄𝑀𝑀𝑀𝑀𝑀𝑀𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡 ≤ ∑ 𝑄𝑄𝑖𝑖∈𝐼𝐼 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  ≤ 𝑄𝑄𝑀𝑀𝑀𝑀𝑀𝑀𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁,𝑚𝑚 ∈ 𝑀𝑀, 𝑎𝑎,𝑦𝑦  

Non-anticipativity constraints   
32  𝑥𝑥𝑡𝑡𝑡𝑡 = 𝑥𝑥𝑡𝑡𝑡𝑡′         ∀𝑦𝑦, 𝑦𝑦′ ∈  Δ𝑡𝑡  

MU case additional constraints  
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33 𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡′   ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑦𝑦  
34 𝑍𝑍𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑍𝑍𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡′   ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦  
35 𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡′   ∀𝑡𝑡,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑖𝑖, 𝑦𝑦  

 
Sourcing constraints impose that a link 𝑋𝑋 at time 𝑡𝑡 

between nodes 𝑛𝑛 and 𝑚𝑚 is established only if the up-
stream node exists through the activation of binary 𝑌𝑌 (Eq. 
10). Furthermore, all downstream nodes 𝑚𝑚 must be 
sourced by at least one link with an upstream node 𝑛𝑛 (Eq. 
11-12). The equipment allocation constraint in Eq. 13 con-
strains the activation of scale 𝑎𝑎 in node 𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽 at time 𝑡𝑡 
and scenario 𝑦𝑦 to nodes which are active (𝑌𝑌 = 1) and al-
lows the selection of at most one scale at a time, as the 
sum on the L.H.S. cannot exceed 1. A line 𝑙𝑙 of scale 
𝑎𝑎 within process section 𝑠𝑠 can be installed through the 
𝑍𝑍 = 1, if the respective scale is active within the node 𝑛𝑛, 
at time 𝑡𝑡 and in scenario 𝑦𝑦 (Eq. 14). Similarly, product-
specific equipment installation through 𝑀𝑀 is allowed if the 

respective line 𝑍𝑍 is active (Eq. 15). Product allocation oc-
curs when 𝑊𝑊 = 1, within manufacturing lines where 
equipment suitable for manufacturing of product 𝑖𝑖 is in-
stalled (Eq. 16). A change-over occurs (𝑁𝑁 = 1) when both 
products 𝑖𝑖 are manufactured within the same equipment, 
whereby the R.H.S. of Eq. 17 takes the value of 1. Prod-
uct-specific change-over (𝐶𝐶 = 1) within the same time 
period 𝑡𝑡 is counted only once with respect to the LV prod-
uct switching to AdV (Eq. 18), whilst the AdV to LV switch 
is always 0 (Eq. 19). An equipment manufacturing line can 
exist (𝑍𝑍 = 1) at time period  𝑡𝑡 if investment has occurred 
through  𝐻𝐻 = 1 or if it existed in the previous time period 
(Eq. 20). Noting the inequality sign which allows equip-
ment to be deinstalled in the SU case, this becomes an 
equality constraint for the MU case (Eq. 20’).  

Production constraints in Eq. 21 bound the time al-
located to manufacturing 𝑇𝑇 of product 𝑖𝑖, as well as the 
total utilisation time 𝑈𝑈 per year (Eq. 22-23). The number 
of batches  𝐵𝐵 is a function of time allocated to production 

 
Figure 2: Demand scenarios for (a) LV and (b) AdV. 
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and process-specific throughput parameters, including 
the bottleneck time 𝜏𝜏, the process time 𝛼𝛼 and change-
over time 𝜅𝜅, accounting for the time required to process 
the first batch within the campaign and the subsequent 
ones in shorter intervals (Eq. 24). In Eq. 25 the number of 
batches processes within each section 𝑠𝑠 is regulated by 
a material balance. Furthermore, network balances (Eq. 
26-29) regulate the accumulation of inventory within the 
manufacturing nodes and the shipment of products so 
that the sales demand constraint is met (Eq. 29) for each 
product 𝑖𝑖, demand zone 𝑛𝑛 ∈ 𝑁𝑁𝑍𝑍 in each time period 𝑡𝑡 and 
demand scenario 𝑦𝑦. The location-specific product de-
mands 𝐷𝐷 are a function of the total demand in each sce-
nario 𝐷𝐷𝑇𝑇, which is an input within the optimization (Figure 
2). Transport flows 𝑄𝑄 are also regulated by upper bounds 
and lower bounds (Eq. 31). Non-anticipativity constraints 
are included in the formulation to ensure that scenarios 
remain indistinguishable until realization (Eq. 32), enforc-
ing that all scenario-dependent variables are equal 
across the set of indistinguishable scenario pairs Δ at 
each stage 𝑡𝑡 .   

Finally, the MU case requires additional constraints 
based on the assumption that the installation of addi-
tional capacity is not considered a recourse action, hence 
scenario-dependent. In Eq. 33-35, equipment installation 
binaries are forced to be equal across scenario and made 
first-stage decisions. 

Demand scenarios 
A total of 216 scenarios 𝑦𝑦 ∈  𝐷𝐷𝑆𝑆 each with a proba-

bility of Π𝑦𝑦 is obtained by combining LV and AdV scenario 
trees. As can be seen in Figure 2a, LV scenarios consider 
that at a first stage demand corresponds to a nominal 
value (10,000 doses per year). As time progresses, de-
mand may realize to be high (20,000 doses per year), mid 
(10,000 doses per year), low (5,000 doses per year), with 
equal probabilities 1/3 each year, capturing irregular de-
mands for cancer therapies. Mariani et al.11 estimate 
probability of a pandemic outbreak per year of 1/50, 
hence the AdV scenario tree (Figure 2b), captures non-
pandemic and pandemic yearly outcomes. In the former 
case, the tree branches into pandemic/non-pandemic 
scenarios at 𝑇𝑇2 . In the latter case, the demand for vac-
cines is high (400 million doses per year), mid (200 million 
doses per year), or low (100 million doses per year), due 
to market competition and/or issues with side-effects 
post commercialization. The pandemic is assumed to re-
solve within 2 years, hence demand is 0.  

Process uncertainty integration 
Early-stage process uncertainty is integrated within 

the problem via a two-stage worst-case optimization ap-
proach (WO). This is compared to a deterministic-pro-
cess approach (DET), whereby process uncertainty is not 
integrated. In WO, risk-averse decision-making is 

assumed, in order to avoid early-stage shortages. Pro-
cess uncertainty is present at 𝑡𝑡 ∈ 𝑇𝑇1, whilst a determinis-
tic realization at a median value (Sarkis et al.10) is as-
sumed in subsequent time period, as knowledge is ac-
quired in later time periods. To this end, the throughput 
related uncertainty quantified in Sarkis et al. is assumed 
to be described by box uncertainty sets for each param-
eter. Therefore: 

 

𝑢𝑢 =  �
𝜒𝜒𝑎𝑎𝑎𝑎𝑎𝑎𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝜒𝜒𝑎𝑎𝑎𝑎𝑎𝑎 ≤ 𝜒𝜒𝑎𝑎𝑎𝑎𝑎𝑎𝑀𝑀𝑀𝑀𝑀𝑀,∀𝑎𝑎, 𝑖𝑖, 𝑡𝑡 ∈ 𝑇𝑇1
𝜏𝜏𝑠𝑠𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝜏𝜏𝑠𝑠𝑠𝑠 ≤ 𝜏𝜏𝑠𝑠𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀,∀𝑠𝑠, 𝑡𝑡 ∈ 𝑇𝑇1
𝛼𝛼𝑠𝑠𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀 ≤ 𝛼𝛼𝑠𝑠𝑠𝑠 ≤ 𝛼𝛼𝑠𝑠𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀,∀𝑠𝑠, 𝑡𝑡 ∈ 𝑇𝑇1

� , 

 
where 𝜒𝜒𝑀𝑀𝑀𝑀𝑀𝑀,𝜒𝜒𝑀𝑀𝑀𝑀𝑀𝑀are bounds for process yield 𝜒𝜒 at scale 
𝑎𝑎, for product 𝑖𝑖 and the first time period,  𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀, 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀are 
bounds for process time within section 𝑠𝑠, and 𝛼𝛼𝑀𝑀𝑀𝑀𝑀𝑀,𝛼𝛼𝑀𝑀𝑀𝑀𝑀𝑀 
are bounds for bottleneck time in section 𝑠𝑠.  To formulate 
the worst-case deterministic optimization problem re-
quires the following modifications for Eq. 24 and Eq. 29 
within the first stage 𝑇𝑇1, as follows: 
 

Eq. 24’:   𝐵𝐵𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝜏𝜏𝑠𝑠𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀�𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝛼𝛼𝑠𝑠𝑠𝑠𝑀𝑀𝑀𝑀𝑀𝑀𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 −

𝜅𝜅𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡�        ∀𝑡𝑡 ∈ 𝑇𝑇1,𝑛𝑛 ∈ 𝑁𝑁𝐽𝐽 ,𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑖𝑖,𝑦𝑦     

Eq. 29’:   ∑ 𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎∈𝐴𝐴 𝜒𝜒𝑎𝑎𝑎𝑎𝑎𝑎𝑀𝑀𝑀𝑀𝑀𝑀 ≥ 𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ∀𝑡𝑡 ∈ 𝑇𝑇1,𝑛𝑛 ∈ 𝑁𝑁𝑍𝑍, 𝑖𝑖,𝑦𝑦   

Computational statistics  
The MU multi-stage formulation involves a smaller 

problem size compared to SU because it involves less 
scenario-dependent decisions (Table 2). The model is 
implemented in PYOMO, solved with GUROBI v11 via 
high-throughput computing (1 node, 48nCPUs, 
RAM:100GB). The optimality gap threshold is set to 10% 
to obtain a solution to compare within 48h. Strategies to 
address problem scalability are discussed as part of re-
search outlook.  

Table 2: Computational statistics of MU vs SU optimiza-
tion: constraints, integer (binary) and continuous varia-
bles, optimality gap. 

RESULTS & DISCUSSION 

Techno-economic analysis  
Outputs of techno-economic analysis correspond to 

the optimization cost coefficients 𝑐𝑐, defined for each cost 
category VAR, FAC and LAB, process section 𝑠𝑠, scale 𝑎𝑎 
and product 𝑖𝑖. Figure 3 illustrates cost breakdowns for LV 
and AdV platforms implementing either SU or MU 

Case CPU(s) Cons. Int. (Bin.) Cont. Gap(%) 
MU  25,715 878,916 1,369,544 

(1,120,280) 878,916 7.80 

SU  36,513 2,258,780 1,379,864 
(1,130,600) 878,916 4.19 



 

Sarkis et al. / LAPSE:2025.0557 Syst Control Trans 4:2522-2529 (2025) 2527  

equipment, with a focus on the 𝑎𝑎 = 2000. 

 
Figure 3: Cost breakdown for SU vs MU manufacturing 
platforms for LV manufacturing (a) and AdV manufactur-
ing (b). 
 

In Figure 3a, facility cost reductions up to 50% are 
achieved in the SU case for the production on LV in all 
parts of the process. This mostly holds for AdV too; how-
ever AdV facility costs of F&F are critical and are equiva-
lent for both the MU and SU case, since only the formu-
lation equipment is less costly through the use of dispos-
able plastic bags alternatives (Figure 3b).  

In comparison, labor-related costs are reduced by 
approximately 10% with respect to MU labor cost be-
cause of resulting shorter process times in the SU pro-
cess. An underlying assumption of the techno-economic 
model is the linear relation between process times and 
total labor cost per batch which is obtained by multiplying 

process time by a predefined hourly rate. Due to shorter 
process times with removed steam-in-place/clean-in-
place (SIP/CIP) steps, SU equipment results in lower labor 
costs per batch. Focusing on variable costs, the cost per 
batch in SU equipment is larger than the MU case (Figure 
3a). This is due to a larger number of consumables being 
required in SU manufacturing compared to MU. This is 
also seen in AdV manufacturing (Figure 3b), where vari-
able costs for USP, DSP and F&F result higher than the 
MU counterpart. Overall the percentage increase varies 
due to process differences, due to materials (LV) and 
process steps (AdV).  

Figure 3 displays costs normalized per batch, show-
ing that SU results in lower costs per batch compared to 
MU. Reductions in facility-dependent cost outweigh the 
marginal larger variable costs and this already suggests 
the selection of SU equipment for all process sections, if 
a cost optimization is performed. 

Optimization problem solution 
In this work, early-stage throughput uncertainty is 

integrated in a multi-stage stochastic planning problem 
on the demand side, via a two-stage worst-case optimi-
zation approach on the process side, considering a time-
dependent single uncertainty realization.  The impact of 
this risk-averse approach to decision-making is mainly 
seen in first-stage decisions and initial investments. In 
Figure 4a, the MU case optimization (WO) installs a 4-
times larger volumetric capacity compared to the deter-
ministic-process (DET) stochastic solution. This is also 
seen in the cumulative volume trends in Figure 4a. In later 

 

Figure 4: Stochastic optimization results for MU case (a-e) and SU case (f-j). Results integrating worst-case 
optimization w.r.t. to process uncertainty (WO) are displayed, alongside a deterministic (process side) benchmark 
(DET). 
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time periods, new investments are not required and ca-
pacity remains constant, fulfilling all demand scenarios 
and converging to the same investment plan proposed by 
the deterministic model. In the SU case, a significantly in-
itial larger capacity is installed compared to the determin-
istic case (Figure 4e).  

The initial overdesign of a WO approach propagates 
mainly to expected costs of LV productions, which result 
significantly higher initial costs compared to the DET sto-
chastic solution (Figure 4c,h). Instead, AdV expected 
costs result similar in both the WO and DET approach 
(Figure 2b-g). In this case, risk-averse decision-making 
does not propagate to later stages of planning because 
of manufacturing of AdV starting only at 𝑡𝑡 > 𝑇𝑇1, whereby 
before 𝐷𝐷𝐴𝐴𝐴𝐴𝐴𝐴𝑇𝑇  =  0 for all scenarios. Hence, process uncer-
tainty impacts products manufactured within the time pe-
riod of interest and its integration leads to 4-fold in-
creases in cost for both MU and SU.  

Furthermore, an impact is seen in terms of opera-
tional decisions, specifically with respect to LV inventory 
planning. In Figure 4d, the WO approach leads to a sto-
chastic plan with smaller expected inventories in early 
stages, as these are expected to be more costly to man-
ufacture due to the worst-case performance assumed. 
To make up for lower initial inventories, LV inventories are 
accumulated in later time periods in both the MU case 
and SU case (Figure 4e,i). Specifically, in the SU case, 
given the expected lower costs, the optimization makes 
use of the assets available to accumulate inventories 
early on, allowing a shaper reduction in production levels 
at 𝑡𝑡 = 𝑇𝑇3 and 𝑡𝑡 = 𝑇𝑇4. 

Finally, when comparing the expected costs and 
performance of SU-based equipment and the MU-based 
counterpart, the short recourse actions and adaptability 
of SU-based networks allows for a reduction in expected 
costs, especially for AdV manufacturing (Figure 4b). This 
mainly relates to scenario-independent equipment instal-
lation decisions, forcing designs to cater for pandemic 
scenarios irrespective of their probability of occurrence. 
This assumption can be modified to manufacturer-spe-
cific set-up timelines; however, options with better flexi-
bility, allowing on-demand manufacturing, will be likely 
be tied with the most cost reductions during operation, 
which become more significant that those related solely 
to nominal techno-economic performance.    

CONCLUSIONS & OUTLOOK 
As the pharmaceutical industry requires the estab-

lishment of increasingly flexible and responsive manufac-
turing networks, the development of advanced planning 
tools that integrate various sources of quantifiable uncer-
tainties becomes critical. In this work, stochastic optimi-
zation-based tools are developed to assess the flexibility 
of fixed multi-use manufacturing equipment compared to 

single-use manufacturing and quantify expected cost 
benefits. The problem also considers the integration of 
early-stage process uncertainty through deterministic 
approaches and allows the assessment of the impact of 
risk-averse decision-making versus disregarding this un-
certainty. Overall, modular single-use equipment prom-
ises improvements in pandemic preparedness and re-
ductions in expected costs, including cases whereby 
process uncertainty is considered. Effectively, this paves 
the way to resilient networks which can better withstand 
unforeseen events. 

As further research, the integration of a product-de-
pendent trajectory of the worst-case approach would al-
low process uncertainty to be considered at the first-
stage with respect to the first realization of the corre-
sponding demand. Additionally, investigating the integra-
tion of a formal two-stage robust optimization approach 
could reduce the conservativeness of worst-case solu-
tions, as feasible solutions are sought and optimization is 
not performed considering the worst-case scenario ex-
clusively, but rather the entirety of the uncertainty set. 
Finally, scalability issues could be addressed through 
shorter planning horizons, clustering scenario-outcomes 
or using decomposition-based approaches. In the former 
case, a rolling horizon approach would be suitable, 
thereby solving at each time step a reduced stochastic 
problem considering demand uncertainty and integrating 
process uncertainty once a demand for a new product is 
realized.  
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