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Abstract

Chimeric Antigen Receptor (CAR) T cell therapies are a type of patient-
specific cell immunotherapy demonstrating promising results in the treat-
ment of aggressive blood cancer types. CAR T cells follow a 1:1 business
model, translating into manufacturing lines and distribution nodes being ex-
clusive to the production of a single therapy, hindering volumetric scale up.
In this work, we address manufacturing capacity bottlenecks via a Mixed
Integer Linear Programming (MILP) model. The proposed formulation fo-
cuses on the design of candidate supply chain network configurations under
different demand scenarios. We investigate the effect of an intermediate stor-
age upstream of the network to: (a) debottleneck manufacturing lines and
(b) increase facility utilisation. In this setting, we assess cost-effectiveness
and flexibility of the supply chain and we evaluate network performance with
respect to: (a) average production cost and (b) average response treatment
time. The trade-off between cost-efficiency and responsiveness is examined
and discussed.

Keywords: Personalised medicine, supply chain, optimisation

1. Introduction

Chimeric antigen receptor (CAR) T cells therapy is a type of adaptive cell
immunotherapy [15, 5]. T cells are a sub-type of white blood cells that assist
cell-mediated immunity, which in case of CAR T cells are genetically modified
and enabled to recognise and kill cancer cells. Their manufacturing process
starts with the extraction of T cells from the donor’s (allogeneic) or patient’s
(autologous) blood stream through a specialised procedure (leukapheresis).

Prépmmt spbpatieditsidolb@impenial .ac. uk September 21, 2021
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The leukapheresis sample is then transferred to the manufacturing facility
for further processing that involves cell expansion, genetic modification and
Quality Control (QC). The approved therapy is then sent to the hospital
and administered to the patient [8]. Autologous CAR T cell therapies have
received landmark approvals by the U.S. Food and Drug Administration
(FDA) (2017) and the European Medicines Agency (EMA) (2018) and are
currently offered for the treatment of recurring, aggressive B-cell lymphoma,
under a controlled scheme[3, 11}, [4]. At present, one-time infusion regimes for
marketed therapies have proved their efficacy; however, autologous CAR T
cell therapies are still offered at a relatively high list price, exceeding $300, 000
per therapy per patient [9]. Whilst autologous CAR T cell therapies seem to
be leading the race in personalised cell therapies, their allogeneic counterpart
is also gaining attention [II [7, [2].

A unique feature of autologous CAR T therapies is that the patient’s cells
are used as raw material; therefore, the therapy manufacturing and distribu-
tion that follow are exclusively dedicated to the production and delivery of a
single patient-specific therapy. In such cases, volumetric scale-up is not ap-
plicable and is replaced by scale-out solutions, where parallel manufacturing
lines are available. In addition, CAR T cell life cycle involves the distribution
and handling of sensitive materials with short shelf lives. This translates into
tight time constraints which further challenge supply chain network opera-
tions. Given the autologous and sensitive nature of CAR T therapies, novel
decentralized manufacturing models are considered promising alternatives
to a traditional centralized approach, since small scale local manufacturing
facilities offer greater flexibility and can significantly reduce transportation
costs [6]. On the other hand, intermediate storage of the therapies might be
necessary to serve as buffer when the demand temporarily exceeds the manu-
facturing facilities’ capacity or to optimise the facility utilisation; it becomes
increasingly crucial to optimally coordinate manufacturing and distribution
tasks.

In this work, we present a Mixed Integer Linear Programming (MILP)
formulation that provides candidate solutions with respect to the location,
number and capacity of manufacturing sites, storage duration, and the most
suitable mode of transport. In particular, the MILP model is used to assess
the supply chain network performance under different time constraint sce-
narios on the total return time of each therapy. The latter refers to the total
duration of the therapy life cycle, starting from the leukapheresis procedure
and ending with the delivery of the therapy at the hospital. The scenarios
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include two demand levels (200 and 500 patients per year) and two different
patients distributions for each demand level (i.e. different arrival times of
the patients to the leukapheresis centre).

2. Materials and methods

2.1. Data collection and assumptions

Information on costing, product demand scales, current and planned man-
ufacturing facilities sizes was obtained through expert discussions with Trak-
Cel Ltdwhich enabled the development of industrially relevant case stud-
ies. In this space, the proposed modelling framework considers six candidate
manufacturing locations of different capacities. Overall, three available man-
ufacturing capacities (4, 10 and 31 parallel production lines) are considered
as detailed in Table 2 Manufacturing costs are based on the information
available from [I3], while QC costs were provided by TrakCel Ltd. Unit
transport costs across the various locations are estimated based on a white
glove courier with cell therapy processes. Storage costs consider preservation
of samples at -150 °C. Based on the work of Spink et al. [13], the variable
manufacturing cost per therapy is assumed to be a decreasing function of the
percentage at which the respective facility is utilised. This primarily because
operating costs, such as personnel, become fixed costs after the facility is
built. Constraints representing the minimum flow of samples are adapted
from [14].

Table [1| summarises the scenarios considered in this paper. Each scenario
considers different values of: (a) total annual number of patients, NP, (b)
time of manufacturing, T'M, (c) storage options and (d) time constraint
for the vein-to-vein process, U'. All the scenarios are simulated for two
different demand profiles (A and B), which correspond to different patient
scheduling throughout the supply chain for the same annual demand. In
addition, each scenario is constrained to consider up to two manufacturing
facilities (MFG). The manufacturing times of 7 and 13 days are representing
a forward-looking scenario assuming future technological developments, and
the current manufacturing time average, respectively. The time for the QC

ITrakCel Ltd is a market-leading software developer for advanced therapy supply
chains. TrakCel software’s core function is to ensure traceability throughout the supply
cycle and to simplify compliant management of complex supply chains.
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to be completed, T'QC, is assumed to be 7 days in alignment with a current
average duration as provided by expert feedback.

Table 1: Summary of the scenarios considered in this paper.

Scenario NP TM Demand Profile Storage # of MFG Ut

1 200 7 AB X 2 19 days
2 200 7 AB v (up to 2 days) 2 19 days
3 200 7 AB v (up to 5 days) 2 22 days
4 200 7 AB v (up to 8 days) 2 25 days
5 200 7 AB v (up to 8 days) 2 -

6 200 13 AB X 2 95 days
7 200 13 AB v (up to 2 days) 2 25 days
8 200 13 AB v (up to 5 days) 2 28 days
9 200 13 AB v (up to 8 days) 2 31 days
10 200 13 AB v (up to 8 days) 2 -

11 500 7 AB X 2 19 days
12 500 7 AB v (up to 2 days) 2 19 days
13 500 7 AB v (up to 5 days) 2 22 days
14 500 7 AB v (up to 8 days) 2 25 days
15 500 7 AB v (up to 8 days) 2 -

16 500 13 AB X 2 95 days
17 500 13 AB v (up to 2 days) 2 25 days
18 500 13 AB v (up to 5 days) 2 28 days
19 500 13 AB v (up to 8 days) 2 31 days
20 500 13 AB v (up to 8 days) 2 -

Table [2] illustrates the facilities considered in this work along with their
capacities. Following standard European and UK practices of public and
semi-public healthcare systems, we assume that the choice of collaborat-
ing hospitals and specialist centres is not under the manufacturer’s control.
Therefore, these two nodes are considered as model inputs and not as de-
cision variables. Candidate manufacturing locations have been selected in
alignment with the existing cell and gene therapy facilities in FEurope, UK
and US and close to transport hubs, such as airports, ports and train sta-
tions. We assume that QC is co-located with the manufacturing facility and
the therapies undergo QC in parallel at facilities of approximately 20-fold
higher capacity than the manufacturing facility. Therefore, QC capacities
are not considered a limiting factor and are not reported here. For the leuka-
pheresis sites we consider a capacity of 8 patients per day, while we assume
that capacity is not a bottleneck for the administration of the therapy at the

4
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hospital site and thus no upper limit is provided. Following the Advanced
Therapy Treatment Centre (ATTC) model as discussed in [12] we assume
that leukapheresis sites and hospitals are different facilities, located in the
same region.

Table 2: Leukapheresis sites, candidate manufacturing facilities and hospitals considered
in this paper.

Facility Location Capacity
c1 London
Leukapheresis Co Glasgow .
site c3 Manchester 8 patients/day
Cy Birmingham
my UK /Stevenage 4 parallel lines
Candidate mo EU/ Berh'n 31 parallel 1¥nes
mantfacturin ms EU/Belgium 10 parallel lines
sitos & my USA /Pennsylvania 4 parallel lines
ms USA /Virginia 31 parallel lines
me UK/Glasgow 10 parallel lines
hy London
Hospitals ha Glasgow no upper limit

hs Manchester
hy Birmingham

2.2. Mathematical formulation

In this work we develop and present a Mixed Integer Linear Programming
(MILP) formulation for the optimisation of the CAR T cell therapy supply
chain. The model describes the current supply chain structure (clinical site-
manufacturing-quality control-hospital) and compares its performance to a
forward-looking scenario, where storage is introduced as an option upstream
of the network (clinical site-storage-manufacturing-quality control-hospital).
The network superstructure is represented in Figure [I} It consists of five
nodes in total, namely: leukapheresis site, storage site, manufacturing site,
Quality Control, and hospital. It should be noted storage is an optional
step, thus the sample is allowed to by-pass it and proceed directly into the
manufacturing, by selecting zero days of storage. The location of both stor-
age and QC facilities is assumed to be co-located with the manufacturing
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Figure 1: Supply chain network considering 5 nodes: (a) leukapheresis site, (b) storage
site, (¢) manufacturing site, (d) Quality Control and (e) hospital. Storage of leukaphere-
sis samples is optional allowing the model to by-pass this node and move directly into
manufacturing.

facilities. Nevertheless, the model formulation has the capability of evaluat-
ing outsourced storage and QC, whereby their location becomes a decision
variable of the MILP formulation.

Objective function. The objective of the MILP problem is to minimise
the total cost, while satisfying a series of constraints.

min TOTCOST =Y CTM,+>» TTC,+Y CQC,+Y CSTOR, (1)
p p p p

Manufacturing cost. The first term of the objective function (Eq.
(Zp CT M, )represents the manufacturing cost of all therapies p. Eq. [2] cal-
culates the manufacturing cost per therapy p.

S El, - CMI,
NP

The first term (3, El,, - CM1I,,/NP) corresponds to the capital invest-
ment occurring when a facility m is built, while the second term (UT'CV M,))
reflects the variable manufacturing cost attributed to therapy p. Here, we

CTM, = +UTCVM,, Vp (2)

6
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consider economies of scale according to which the operating cost decreases
as a function of the utilisation of the manufacturing facility. For this, we
calculate the variable manufacturing cost (UT'CV M,) as a function of the
utilisation percentage of each facility (RAT10O,,;). This is described by a
non-linear mathematical relationship given by Eq. [3

S, —CONST1 - RATIO,,, - DURM,,,,
UTCV M, = =™ n
| X DURMy ;- CONST2
M ; VP

where, CONST1 = 94000, CONST2 = 125000, and DURM,, ,,+ is a vari-
able equal to 1 when the therapy p is in the manufacturing facility m and
zero for every other ¢. The variable RATIO,,, is defined as:

>, DURMp,m,t

RATIO,, = =" ,

Vm,t (4)
()

In order to simplify the problem formulation, we linearise Eq. [3| using a

McCormick envelope [10]. This formulation introduces the supplementary
variables i, +, TERMA, ,, ., and TERM B, ; and yields a set of linear equa-
tions and linear constraints for the calculation of the variable cost.

Y omy —TERMA, ¢

UTCV M, = TV +TERMB,,, Vp (6)
TERME,, — o DURM;,X; : C’ONSTQj Wp.t (7)
fmis = CONSTL1 - RATIO,,,, Vm,t (8)
TERMA, .+ >0, Vp,m,t (9)
TERM Ay > pims + CONST1- DURM, o, — CONST1, Vp,m,t (10)
TERMAp mt < fimt, Vp,m,t (11)
TERMA, s < CONST1- DURM, 4, Vp, m,t (12)

In particular, we can observe that for DURM,, ,, equal zero TERMA,
and TERMB,,; are zero; while for DURM,,,; equal 1 TERMA, ,; =
CONST1-RATIO,; , and TERMB,,; = CONST2/TM, and the variable
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manufacturing cost assumes the same value as in the non-linear formulation
in Eq. 3

Transport cost. The second term in the objective function (Eq.
represents the total transport cost (3, TTCy). In general, this cost can be
divided in four terms, transport for: (1) clinical site to storage, (2) stor-
age site to manufacturing facility, (3) manufacturing facility to QC and (4)
manufacturing facility to hospital. However, here we assume that both the
storage and QC sites are co-located with the manufacturing facility, resulting
therefore to zero transport duration and cost for these terms. The resulting
formulation for the transport cost is:

TTCp = Z Ylp,c,m,j,t . Ulc,m,j + Z Y2p,m,h,j,t . U2m,h,j7 Vp (13>

C,m,j,t m7h7j7t

Quality control cost. Eq. considers costs attributed to QC
CQC)), which is assumed to be the same for every therapy:
P p

ZCQCP = NP CostQq, Vp (14)
p
Storage cost. The last term in Eq[]] reflects costs incurring from the
storage of the therapies (3 CSTOR,), given as:

CSTOR, = > Slymas TSTORy - CostSuy, Vp (15)

m,d,t

where CostSgqi, and T'STOR,; are parameters representing respectively
the daily cost and the number of days a therapy is stored. S1,,,4: is a
decision variable determining how long each therapy is stored.

Material balances. To ensure that the journey is closely monitored, the
model comprises a series of material balances that describe inlet and outlet
facility flows.

Patient samples p collected at the leukapheresis site ¢ at time ¢ (INC), ;)
will be ready to be shipped to the next facility (OUTC, ;) after the duration
of the leukapheresis procedure (T'LS):

INCp,c,t - OUTOp,C,t+TLS7 vp> ¢, i (16>

Patient samples p collected at the leukapheresis site ¢ being shipped to
manufacturing facility m via transport mode j at time ¢t (LSRR, cm ;) Will

8



170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

188

arrive at the manufacturing facility (LSA, . ;) after the duration of the
transport (771;):

LSRp,c,m,j,t - LSAp,c,m,j,t+TT1j7 Vp; ¢, m, j7 13 (17>

A sample p leaving a leukapheresis site ¢ at time ¢t (OUTC, ;) is equal
to the sample being shipped to the manufacturing facility m under transport
mode j at time ¢. Here, (LSR,m ) can only go to one manufacturing
facility, using only one mode of transport j:

OUTCpep =  LSRyem s, Vp,c,t (18)

m?j

Upon arrival to the manufacturing facility there is the option to store
leukapheresis samples (LSA, .. ;) as appropriate based on the available
capacity of each facility m at the given time ¢:

Z LSApemji = Z INS, mas, Vp,m,t (19)
c,J d

where d is the storage delay. In this work storage is always co-located
with the manufacturing facility.

Eq. and [20| represent the mass balances of the storage facilities. Each
sample which has been stored at time ¢ (INS),,, 4+) leaves the storage after
a time delay, TSTOR,. A maximum of 8 days of storage is assumed in this
work.

INSymat = OUTSy m dit+TSTOR,, Vp,m,d,t (20)

After leaving the storage (OUT'S,,.4¢) the sample goes into one of the
available manufacturing lines (INM, ), and it is processed in a time 7'M,
defined in Table[1l

INMymy =Y OUTSymas Vp,m,t (21)
d

INMy iy = OUT My isrm Vp,m,t (22)

Following the manufacturing, the therapy is prepared for the QC and sent
to the QC site with a transportation time delay T7T'QC;, which is zero for

9
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the in-house QC considered in this work.

OUTMp s =Y  MSOp g Vp,m, t (23)
q.J
MSOpzmzq)j)t = PQC ,m,Q7j7t+TTQCj7 vp7 m? q? j? t (24>
INQpqi =Y _ PQChmgju: Vp, q,t (25)
m’j
[NQp,q,t = OUTQp,q,tJrTQC; Vp, q, t (26)

After QC the samples, OUTQ, 4, are shipped to the hospital. The trans-
portation delay is defined by T72; and the variable /N H, ,; is equal to one
when the therapy arrives at the hospital and it is administered to the patient.

OUTQpgi =Y  RRymgju Vp, q,t (27)
m,j
Z RR »m»qvjat = Z FTR ’m’h»jvt7 v297 m7 t (28>
a,J h.j
FTRp,m,h,j,t = FTDp,m,h,j,tJrTTQj; vpa m, h‘a j? t (29>
INH,}, = Z FT Dyt Vp, h, t (30)
m,j

Capacity constraints. Eq. calculates the capacity of each of the
manufacturing facilities m at every time ¢, while Eq. ensures that the
therapies in manufacturing do not exceed the available capacity.

CAP,,=FCAP, - Y  INM,,; Vp,m,t  (31)
p, t—TM<t<t
CAPpy =Y INMpp = > OUT My s, Vp,m,t  (32)
p p

Network structure constraints. Eq. and [34] ensure that matches
are established only between existing facilities.

X1em < El,, Ve, m (33)
X2 < Elp, Vm, h (34)

Eq. |35 and [36| ensure that only one transport mode j from every therapy
p at every journey can be selected.

10
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> Ylpemjs <1, Vp (35)

c7m7j7t

Z Y2p,m,h,j,t < 1a vp (36>

m7q7j7t

(37)

Eq. [38 ensure that only one storage delay d from every therapy p can be
selected.

Z S]-p,m,d,t = 17 \le (38>

m,d,t

(39)

Demand satisfaction. The total number of therapies p arriving in all
the hospitals & must be equal to the corresponding demand (NP), as in this
model we assume that all the therapies have to be delivered:

> INH,,=NP (40)

psh,t

Logical constraints for transportation flows. Therapies p can be
transported from clinical site ¢ to manufacturing site m (Eq. , and from
manufacturing site m to hospital h (Eq. . Links are established only
between existing matches amongst facilities.

Ylp,c,m,j,t S ch,ma Vpa ¢, m, j7 13 (41>
Y2p,m,h,j,t S X2m,h7 vpu m, h’7 jvt (42>

Constraint [43| ensures that each therapy p is entering in only one storage
facility.

[NSp,m,d,t S Slp,m,d,t VP, ¢,m, j? i (43>
Constraints [44145] ensure that a minimum flow of material exists for a

transportation link to be established. The values for FMIN can be estab-
lished by the method presented by [14]. Nonetheless, in this case where every

11
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therapy p corresponds to a single patient (material), FMIN is assumed to be
equal to 1.

LSRycmjt > Y1pemje - FMIN, Vp,c,m, j,t (44)
FTvamvhvjvt 2 Y2p7m7h7j7t : FMIN’ vp? m7 h7 j? t (45)

Time constraints. Eq. 46| calculates the total time (vein-to-vein) for a
therapy p from the time point that a patient checks in a leukapheresis centre
(STT,) until the time point that the therapy for this patient is delivered to
the hospital location (CTT),).

TRT, = CTT, — STT,, Vp (46)

Computational statistics. The number of continuous and discrete vari-
ables in the model increases with the increased number of patients, reflecting
the patient-specific nature of the therapy p. This is tracked throughout the
model formulation, thereby resulting in additional constraints. Indicatively,
in the case studies considered in this paper the number of continuous vari-
ables ranges from 4.1 to 10.3 million, whilst the number of discrete variables
ranges from 1 to 2.5 million.

All computational runs were implemented in GAMS 32.2 on a 24-Core
Xeon E5-2697 machine with 96GB RAM, using CPLEX 12.10 optimiser; the
CPU time ranged between 3,600 s and 14,400 s. The maximum accept-
able optimality gap was considered as 15%, corresponding to the expected
uncertainty in the cost inputs used. Further details can be found in Table S1

3. Results and discussion

The model described above is used to identify candidate supply chain net-
work structures across 20 different scenarios. The model responds to variable
demand, considering different manufacturing times across the scenarios and
selects suitable storage options, while respecting time constraints (Table .
The demand distribution profile is assumed to be the same for each quar-
ter of the year. Each scenario has been simulated for two different demand
distribution profiles in order to evaluate the sensitivity of the results with
respect patient scheduling. In all scenarios the model is allowed to invest
in maximum two manufacturing facilities to be built. This reflects current
standard practice as gathered from private conversations with experts in the

field.
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Figures [2| and 3| illustrate the results of all 40 scenarios in terms of ther-
apy cost, normalised by the therapy cost of scenario 11-A, and of average
return time of a therapy. In Figure [2| the scenarios are divided in four sub-
figures depending on the number of patients per year and the duration of the
manufacturing process. In all the scenarios the option to store some of the
leukapheresis samples leads to a significant decrease of the overall cost and
an increase in the average return time. In scenarios 1-5 the cost reduction
is equal to 15% for demand profile A and 22% for demand profile B. In the
case of profile A, this difference can be attributed to better scheduling of
the same facilities (m1 and m4). In the case of scenario 5B all the thera-
pies can be produced in a single facility (ml) as its capacity suffices for the
given demand. In all the other scenarios using the storage leads to a more
pronounced cost reduction, ranging from 23 to 38 % which can be attributed
to both better scheduling of the facilities and a less parallel lines required .
It is interesting to observe that in scenario 18 (500 patients, TM = 13 days,
maximum T RT,, = 28 days) changes in the patients scheduling may lead to
differences in the therapy cost that can come up to 34%. The reason is that
without the storage and enough flexibility on the total return time, a facility
with 31 parallel lines must be built to meet the demand, while when there
is enough flexibility the same demand can be satisfied using the facilities m3
and m6 (a total of 20 parallel lines). In scenario 18 for demand profile A the
28 days constraint gives enough flexibility to meet the demand using m3 and
m6 while for profile B a higher time constraint is needed.

Figure |3| summarises the results reported in Figure [2| in a single plot,
using a different symbol for each of the four combinations of total number
of patients and manufacturing time. The two demand levels are also color-
coded with red representing 500 patients demand and blue representing 200
patients demand. The plot displays an evident negative correlation between
the normalised therapy cost and the average return time; furthermore, a
higher manufacturing time leads to a higher therapy cost. This is because
more parallel lines are required to satisfy the same demand. Two interesting
features can be observed:

e No clear benefits are demonstrated when the total demand is in-
creased. This reflects the autologous nature of the product and demon-
strates that the 1:1 business model does not benefit significantly from
economies of scale [13];

e A shorter manufacturing time may lead to a significant reduction of the

13
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Figure 2: Average therapy cost (scatter plots) and average return time (bar plots) for
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Figure 3: Normalized therapy cost against the average return time for all the investigated
scenarios. Blue triangles and red squares represent scenarios with 200 and 500 patients
per year respectively, empty symbols represent scenarios with an assumed TM = 7 days,
filled symbols represent scenarios with TM = 13 days.

average therapy cost when there is no intermediate storage and/or the
time is tightly constrained (16-20% reduction for 200 patients, and 32-
38% for 500 patients). In cases where the return time is not constrained
the cost reduction is less pronounced and ranges between 1 and 10 %.

In all the 40 scenarios the main cost driver remains to be the operating
cost of manufacturing, followed by the capital investment and the quality
control cost (the order of these two often depends upon the scenario). The
cost of transport lies between 2 and 4% of the total cost, while the storage cost
accounts for less than 1% of the total cost. The cost breakdown is represented
for the least and most expensive supply chain configuration (scenario 15B and
16A respectively) (Figure . It is important to note that the quality control
cost per therapy is assumed to be constant (the exact value is proprietary
information of TrakCel Ltd. and cannot be disclosed). For this reason the
relative contribution is higher when the total cost is lower. The capital cost
is higher in scenario 16A as a larger facility with 31 parallel lines has to be
built in order to satisfy the demand.
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Figure 4: Breakdown of the costs for (a) the least expensive supply chain configuration
(Scenario 15B), and (b) the most expensive supply chain configuration (Scenario 16A).

When a storage facility is available the operating cost of the manufac-
turing is reduced either because (i) it allows a better scheduling within the
same facilities (e.g. scenario 1A-5A), or (ii) it provides enough flexibility to
satisfy a certain demand with less parallel lines (e.g. scenario 6B-10B).

In Figure 5[ the percentage of utilisation of the manufacturing facilities is
reported for scenarios 1A, 5A, 6B, and 10B. The number and size of man-
ufacturing facilities in scenarios 1A and 5A remain the same. In scenario
1A storage constraints result in an average utilisation below 80% for both
manufacturing facilities (m1 and m4), while in scenario 5A most of the ther-
apies are produced in one main facility (m1), utilising the second one (m4)
as a backup when the demand temporarily exceeds the capacity. As a result,
the main facility has an average utilisation higher than 90% and the backup
facility is operated only at 100% capacity over a few days. Overall, the av-
erage therapy cost is reduced by 15% in scenario 5A compared to scenario
1A. In scenarios 6B and 10B the storage has an effect both on the scheduling
and on the number of facilities required: in scenario 6B a small facility is
built first (average utilization ~ 70%) and a medium-sized facility is built
after few days (average utilization ~ 60%). In scenario 10B two small-sized
facilities can satisfy the demand: similar to the case study with a time of
manufacturing of 7 days the main facility has an average utilisation higher
than 90% and the backup facility is operated only at 100% capacity over
few days. The cost reduction is determined by smaller capital and operating
costs that translates in a 31% decrease in the average therapy cost.
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Figure 6: Number of therapies in manufacturing for: (a) 500 patients per year, demand

profile B and TM = 7 days, and (b) 500 patients per year demand profile B and TM =
13 days.

Figure [6] illustrates two cases where the number of parallel lines required
to meet a certain demand decreases when a storage facility is used. In Fig-
ure [6a] scenarios 11B, 13B and 15B are compared in terms of number of
therapies in manufacturing over time. We can observe that if there is no
storage (scenario 11B) the required capacity exceeds 14 parallel lines for few
days, and therefore two medium-sized facilities with 10 parallel lines are es-
tablished. In scenario 13B the storage makes possible to accommodate the
same demand using 14 parallel lines and consequently a small- and a medium-
sized facility is built. In scenario 15B the additional flexibility given by the
lack of a time constraint for the therapies return time makes possible to de-
crease the parallel lines required even further and meet the demand with only
one medium-sized facility. Similarly, a reduction of total number of parallel
lines is observed between scenarios 16 and 18 (Figure [6b): in scenario 16
one facility with 31 parallel lines has to be built to satisfy the demand, but
when the samples can be stored and the maximum allowed T'RT), is 28 days
(scenario 18), or higher, the same demand is satisfied by two medium-sized
facilities.

4. Conclusions

In this work we demonstrate a Mixed-Integer Linear Programming
(MILP) formulation for the assessment of candidate supply chain network
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structures in autologous cell therapies. The main objectives of the model
are to design networks that can be agile and responsive to varying demand
and tight time constraints, while minimising distribution and storage costs.
We proceed to compare the current supply chain (hospital-manufacturing-
hospital) to a forward-looking scenario, where storage is introduced as an
option upstream. This network yields interesting findings, as it shows that
storage, where applicable, allows for improved scheduling and coordination
of the manufacturing facilities. This leads to higher utilisation of the facil-
ities and decreased operating costs, based on economies of scale. Storage
is of course a feasible option in cases that leukapheresis samples/therapies
are cryopreserved and therefore can be stored for longer times. The change
in the business model towards the use of fresh leukapheresis material can
therefore significantly change the speed at which the supply chain network
will be required to respond. Distributed, granular manufacturing may be
an alternative to that, offering grater flexibility in step coordination and re-
sponse to demand. On-going research is focusing on the latter as well as the
comparison of autologous and allogeneic business models.

List of Symbols

Sets

c leukapheresis sites

d storage days

h hospitals

j transport modes

m manufacturing facilities
D therapies

q QC facilities

t time periods

Binary variables
DURMp ¢ 1 if therapy p undergoes manufacturing in facility m in ¢; 0 otherwise
E,, 1 if facility m is installed; 0 otherwise

FTDymnje 1if therapy p arrives at h from m via j at time ¢; 0 otherwise
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384

385

386
387

388

389
390

391

392

393

394

395

396

397

398

399

400

401

402

FTRpmn,je 1if therapy p is shipped from m to h via j at time ¢; 0 otherwise
INC) . 1if therapy p is collected at ¢ at time ¢; 0 otherwise

INHp ;e 1if therapy p in m arrives at h via j at time ¢; 0 otherwise
INM, + 1 if therapy p goes in manufacturing line at time ¢; 0 otherwise
INQyp 4+ 1if therapy p enters ¢ at time ¢; 0 otherwise

INS, 1.4+ 1if therapy p is stored in m for d days at time ¢; 0 otherwise
LSA, ¢ m. je 1if therapy p arrives at m from c at time ¢; 0 otherwise
LSR, ¢ m. ¢ 1if therapy p is shipped from c to m at time ¢; 0 otherwise
MSOp m.q5¢ 1if therapy p is shipped from facility m to g via j at time ¢; 0 otherwise
OUTC, ;1 if therapy p is ready for shipping from c at time ¢; 0 otherwise
OUTMp ¢ 1 if therapy p leaves manufacturing line at at time ¢; 0 otherwise
OUTQp,q, 1 if therapy p leaves ¢ at time t; 0 otherwise

OUTSy m,a 1 if therapy p is ready for manufacturing after being stored in m for d days
at time ¢; 0 otherwise

PQCy g5 1 if therapy p undergoes QC in facility m in ¢; 0 otherwise

RRy m.q,5,¢ 1 if therapy p is ready for shipping via j from m after QC in ¢ at time ¢; 0
otherwise

S1y m.a+ 1 if therapy p enters m after being stored for d days at time ¢; 0 otherwise
X1.,, 1if a match between site ¢ and facility m is established; 0 otherwise

X2, 1if a match between facility m and hospital & is established; 0 otherwise
Y1, cm, ¢ 1if therapy p is shipped from c to m via j at time ¢; 0 otherwise

Y2, m,nj¢ 1if therapy p is shipped from m to h via j at time t ¢; 0 otherwise
Continuous/Integer Variables

Hm,  auxiliary variable for McCormick linearisation, -

CAP,,; capacity of facility m at time ¢, therapies

CM]I,, capital cost to install facility m, $

CQC, QC cost of therapy p, $ therapy !

CSTOR,, storage cost of therapy p, $ therapy !

CT M, manufacturing cost of therapy p, $ therapy !
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412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

CTT, completion time of treatment for patient p, days
RATIO,,; percentage utilisation of facility m in ¢, -

STT, time of collection of therapy p from the patient, days
TERMA, .+ auxiliary variable for McCormick linearisation,-
TERM B, ; auxiliary variable for McCormick linearisation, -
TOTCOST total supply chain cost, $

TRT, total return time of therapy p, days

TTC, transport cost of therapy p, $ therapy !

UTCV M, variable operating cost to produce therapy p, $ therapy —!
Parameters

CONST1 constant for McCormick linearisation, -

CONST?2 constant for McCormick linearisation, -

CostQ, QC cost per therapy p, $ therapy !

CostS,; daily storage cost per therapy p, $ therapy ! day—!
FCAP,, maximum capacity of facility m, lines

FMIN minimum transport flow, therapies

NP total therapy demand, therapies

TLS time for leukapheresis procedure, days

TM  manufacturing time, days

TQC time for the QC to be completed, days

TSTOR, storage time, days

TT1; transport time via j from c to m, days

TT2; transport time via j from m to h, days

TTQC; transportation delay to QC site via j, days

Ulc,m,; transport cost of patient sample p from c to m via j, $ therapy ~

U2y m,j transport cost of therapy p from m to h via j, $ therapy !
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