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Supplement A | Weight calculation

The level of importance for matching RBC products compatibly was estimated by immunology experts for all com-
binations of patient groups and antigens. These estimates were shown in Table 1 of the paper. Some combinations
are considered ‘mandatory’, meaning that mismatching these patients on the given antigen comes with too much
risk, and only compatible matches should be allowed. For all other combinations of patients and antigens a weight
for mismatching was calculated as the product of relative immunogenicity weight, antigen weight, and patient group
weight. In the following sections each of these weights is described in more detail.

A.1 | Relative immunogenicity weights

Table S1 contains results presented in Evers et al. [1], showing the percentage of patients that formed antibodies for
the minor antigens noted. These values were scaled to add up to 100% as relative immunogenicity weights, which
represent the probability of the patient forming antibodies after being transfused with a mismatching RBC unit.

C c E e K Fya Fyb Jka Jkb S s

Size of antigen
negative cohort
(total = 21512)

6758 4247 15122 433 19274 7181 3583 4890 5482 9479 2317

Patients forming
antibodies (% of
negative cohort)

0.21% 0.43% 1.46% 0.51% 2.34% 0.27% 0.08% 0.51% 0.02% 0.08% 0%

Estimated relative
immunogenicity

3.45% 7.06% 23.97% 8.37% 38.42% 4.43% 1.31% 8.37% 0.33% 1.31% 0.00%

TABLE S1 Estimated relative immunogenicity per antigen.
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A.2 | Antigen weights

Table S2 shows the antigen weights agreed upon by our immunology experts, expressing the severeness of al-
loimmunization against a particular antigen. These values are included in the calculation of patient group specific
weights to correct for antigens that have low clinical relevance in an extended matching strategy.

C c E e K Fya Fyb Jka Jkb S s

Relative Antigen Weights 1.5 1.5 1.5 1.5 1.5 1 1 1 1 0.5 0.5

TABLE S2 Estimated antigen weights.

A.3 | Patient group weights

Table S3 shows the patient group weight agreed upon by our immunology experts, expressing how severe the effect
of mismatching is for a particular patient group (provided that the mismatched antigen is not in the ‘mandatory’
category for that group).

Group Allo SCD Thal MDS AIHA Wu45 Other

Weight 60 100 40 40 60 1 1

TABLE S3 Estimated patient group weights.

A.4 | Final patient group specific mismatch weights

The weights that were used by the model to value the severity of mismatches are presented in Table S4. These
numbers are used as penalties in the MINRAR model, for matches that are incompatible on minor antigens. Matches
that are considered ‘mandatory’ are denoted with an ‘×’. Note that patients who have previously formed antibodies
against a particular antigen will always be matched with a compatible product on this antigen.

C c E e K Fya Fyb Jka Jkb S s
Allo × × × × × 1.3635 0.404 2.5756 0.101 0.202 0.0769
SCD × × × × × × 0.6734 × × 0.3367 0.1282
Thal × × × × × 0.6818 0.202 1.2878 0.0505 0.101 0.0384
MDS × × × × × 0.6818 0.202 1.2878 0.0505 0.101 0.0384
AIHA × × × × × 1.3635 0.404 2.5756 0.101 0.202 0.0769
Wu45 0.0265 × × 0.0644 × 0.0227 0.0067 0.0429 0.0017 0.0034 0.0013
Other 0.0265 0.0543 0.1843 0.0644 0.2954 0.0227 0.0067 0.0429 0.0017 0.0034 0.0013

TABLE S4 Weights for all combinations of antigens and patient groups considered, being the product of
relative immunogenicity, antigen and patient group weights. The weight for antigen s was artificially
increased as its relative immunogenicity estimate is 0. When mismatching must never be allowed, this
combination is marked with an ‘×’.
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Supplement B | Simulating demand

We model two hospital types: university hospitals and regional hospitals. The average daily demand is assumed to
be 100 RBC units for university hospitals, and 50 RBC units for regional hospitals, which form a good approximation
of the true demand of Dutch hospitals. Patient requests are simulated based on the distribution of patient groups
in both hospital types, as is further discussed in Section B.1. All RBC products in inventory have a fixed volume
of 300mL. Patients requiring a transfusion however do not have a demand limited to 300mL, meaning that many
patients require multiple products. This is further elaborated on in Section B.2.

B.1 | Patient group distributions
Patient group distributions are considered when sampling requests, using data from two hospitals. The Amsterdam
UMC, location AMC was chosen to represent university hospitals, and the OLVG, location East to represent regional
hospitals. Table S5 displays the distribution of units requested by each patient group in these hospitals. Because
this data only contains a combined aggregate for the SCD and Thal patient groups, we have assumed that half of
these patients are SCD patients and the other half are Thal patients. Note that, although some patient groups often
receive repeated exchange transfusions, for this study we assume all patients only receive a single transfusion.

Patient group University hospitals Regional hospitals

Allo 6.54% 3.16%
SCD / Thal 11.33% 1.72%
MDS 4.54% 0.00%
AIHA 5.67% 1.49%
Wu45 10.25% 4.94%
Other 64.61% 88.69%

TABLE S5 Distribution of patient categories in university and regional hospitals, used for sampling patient
requests.

B.2 | Number and phenotype of units requested
Figure S1 shows the distribution of the number of units requested per patient. We used this distribution to sample
the number of units required for the groups Wu45, Allo and Other. For the remaining patient groups we have
assumed a demand of two units per patient, as for those groups this is the most requested quantity. Nearly all
non-emergency demand is limited to at most four units; higher numbers do not concern planned transfusions but
rather extremely severe traumas. We therefore did not include requests of more than four units in our study. In our
simulations it is assumed that all units issued to a patient will in fact be transfused. In practice however, it is not
uncommon that a surplus of blood products is reserved for use only in cases of excessive blood loss, and unused
units are returned to inventory.
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FIGURE S1 Distribution of number of units transfused per transfusion episode.
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Supplement C | Simulating supply

As the MINRAR model can be used on any scale, the model is provided with a parameter stating the inventory
size. At the end of each day in the simulation, the inventory is replenished with random units up to its maximum
capacity. Although it is not realistic that the supply of each day will be exactly enough to replace the issued units
in a distribution center, it does make sure that the mismatches, outdates and shortages are a direct result of the
issuing strategy, and not caused by over- or undersupply.

The major antigen profile of the units supplied is sampled in accordance with its prevalence in the donor population,
as shown in Figure S2. As donors are only invited based on their major blood group, we assume that the prevalence
of minor antigens in the donor population is approximately equal to that of the general population. Minor antigens
are therefore sampled in accordance to the phenotype prevalence per blood group system among Caucasians
(Table S7).
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FIGURE S2 ABO-D blood type distribution of donated RBC units and of the Caucasian population.
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Supplement D | Simulation setup

To evaluate the performance of the proposed allocation strategy, we conducted one-year simulations, solving the
MINRAR model for each day individually. Each simulation is preceded by an initialization period of 70 days (two
product outdating cycles) to allow the inventory to reach a steady-state distribution. We model two types of hospitals:
‘university’ hospitals, which provide a more specialized level of care, and ‘regional’ hospitals. The average daily
demand is set at 100 RBC units for university hospitals and 50 RBC units for regional hospitals. All hospital inventory
sizes are, at the start of the day, three times the average daily demand. In the multi-hospital setup, the inventory size
of the distribution center is six times its demand, approximating the true ratio in the Netherlands. Patient requests
are simulated based on the distribution of patient groups in both hospital types (Supplement B). The major antigen
profiles of supplied RBC units are sampled in accordance with historical data on transfused RBC units, while the
minor antigen phenotypes were sampled based on the prevalence of these antigens in the Caucasian population
(Supplement C).

A simulated day in the single-hospital setup consists of the following steps:

1. Optimal matches are calculated for all known requests and inventory products, using the model described in
E.2.

2. Products assigned to today’s requests are issued and removed from the hospital’s inventory, and outdated
products are discarded.

3. The hospital’s inventory is replenished with fresh RBC units.

A simulated day in the multi-hospital setup consists of the following steps:

1. Optimal matches are calculated for requests in all simulated hospitals. Requests for the current day must
be satisfied with units already present in the hospital inventory, and all other requests may be satisfied using
products from either the hospital’s or distribution center’s inventory. The matching is performed by the model
described in E.3.1.

2. All products assigned to today’s requests are issued and removed from the hospital’s inventories, and outdated
products in all inventories are discarded.

3. Products assigned from the distribution center’s inventory to requests for the following day are shipped to the
corresponding hospital.

4. Remaining products are shipped to the hospitals in order to replenish each hospital’s inventory up to its
maximum capacity. The model described in E.3.2 determines which products will be shipped.

5. The distribution center’s inventory is replenished with fresh RBC units.
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Supplement E | Model formulation

This supplement contains the mathematical formulation of the MINRAR model. Section E.1 presents the sets and
parameters that are used as input for the model. Section E.2 contains the model for the single-hospital setup,
while Section E.3 contains the two models used in the multi-hospital setup. Finally Section E.4 displays some
computational statistics on both the single- and multi-hospital model.

After solving either one of the models described in Sections E.2 and E.3.1, one might end up with multiple solutions
that hold equal objective values. In the Python implementation of the model we check for each solution whether this
is the case, and whenever this occurs, look at the requests to be satisfied today. Then we will, in this order, select
the solution with (1) the lowest mismatch penalty, (2) the highest average age of issued products, (3) the lowest
usability of issued products, and (4) the lowest minor antigen substitution.

E.1 | Sets and parameters

R = set of requests;
I = set of products in inventory;

A = set of all antigens considered, where Aminor indicates the set of all minor antigens,

and Amajor the set of all major antigens;

= {A, B, D, C, c, E, e, K, Fya, Fyb, Jka, Jkb, S, s};
P = set of patient groups receiving extensively matched RBC products;

= {Allo, SCD, Thal, MDS, AIHA, Wu45, Other};

bi = usability of inventory product i ∈ I on Amajor, this being the proportion of patients that can receive product i
without mismatching on any of the major antigens;

br = usability of request r ∈ R on Amajor, this being the proportion of patients that can receive products with the
same blood group as r without mismatching on any of the major antigens;

Cir = 1 if request r ∈ R is compatible with product i ∈ I on the major or ‘mandatory’ antigens, 0 otherwise;
Tir = 1 if the issuing date of request r ∈ R is after product i ∈ I is supplied, but before it expires, 0 otherwise;
tr = 1 if the issuing day of request r ∈ R is today, 0 otherwise;
pr = patient group of request r ∈ R;

nr = number of units requested in r ∈ R;

vik = 1 if inventory product i ∈ I is positive for antigen k ∈ A, 0 otherwise;
vrk = 1 if request r ∈ R is positive for antigen k ∈ A, 0 otherwise;
gi = age of RBC product i ∈ I in inventory;
wk = weight for mismatching on antigen k ∈ A, possibly dependent on patient type.

E.2 | MILP formulation single-hospital setup

Below the MINRAR model is presented for determining which inventory products to assign to which requests on a
single day. The variables in the model are:

xir = 1 if request r ∈ R is satisfied by product i ∈ I, 0 otherwise;
yr = 1 if request r ∈ R is not fully satisfied (shortage), 0 otherwise;
zrk = 1 if request r ∈ R is mismatched on antigen k ∈ A at least once, 0 otherwise.

SUPPLEMENTARY MATERIALS
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The model contains two objective functions. First the primary objective (1) is solved, which minimizes the number
of shortages, prioritizing requests that should be satisfied on the current day. When the smallest possible number
of shortages is found, the second objective (2) is solved, while adding a constraint to not exceed the discovered
minimal number of shortages. This objective minimizes the sum of mismatches, minor antigen substitutions, FIFO-
penalties and usability penalties. Both the mismatches and usability penalties are multiplied by the (patient group
specific) antigen weights.

The variables have to satisfy a number of constraints. Constraint (3) forces yr to 1 if not all units that were requested
by r ∈ R are satisfied. Constraint (4) ensures, for each inventory product i ∈ I, that i can be issued no more than
once. Constraint (5) forces xir to 0 if a match between product i ∈ I and request r ∈ R is either incompatible
on the major or ‘must’ antigens, or product i expires before the issuing date of request r. Constraints (6) and (7)
force zrk to 1 if at least one of the inventory products that are allocated to request r ∈ R mismatches on antigen
k ∈ A. Penalties for mismatches on antigen Fyb are only counted whenever the patient is positive for antigen Fya

(i.e. vrFya = 1 for patient request r ∈ R), since patients negative for Fya are not able to develop alloantibodies
against Fyb. Finally, constraint (8) ensures that all variables are binary.

minimize
∑
r∈R

yr · ((|R| · tr) + 1) (1)

minimize

5 ·
∑

k∈A,r∈R
zrk · wk

+
∑

i∈I,r∈R
−0.5(35−gi−1)/5 · xir

+
∑

i∈I,r∈R
(bi − br) · xir

+
∑

k∈Aminor,i∈I,r∈{r|r∈R,pr∈{Wu45,Other}}
xir · wk · (1− vik) · vrk

(2)

such that nr −
∑
i∈I

xir ≤ nr · yr ∀r ∈ R (3)∑
r∈R

xir ≤ 1 ∀i ∈ I (4)

xir ≤ Cir · Tir ∀i ∈ I, r ∈ R (5)∑
i∈I

xir · vik · (1− vrk) ≤ zrk · nr ∀r ∈ R, k ∈ A\{Fyb} (6)∑
i∈I

xir · viFyb · (1− vrFyb) · vrFya ≤ zrFyb · nr ∀r ∈ R (7)

xir, yr, zrk ∈ {0, 1} ∀i ∈ I, r ∈ R, k ∈ A (8)

SUPPLEMENTARY MATERIALS
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E.3 | MILP formulation multi-hospital setup

Supplement D describes the steps executed in each simulation. In this section, the two models used in the multi-
hospital setup are displayed. Section E.3.1 contains the model for matching all requests to inventory products
(either from the hospital’s or distribution center’s inventory), and Section E.3.2 describes the model for allocating
the remaining supply, to make sure each hospital’s stock reaches the capacity of their inventory.

E.3.1 | Allocating products from hospital and distribution center inventories
Below the MINRAR model is presented for determining which inventory products to assign to which requests on a
single day. With respect to the sets and parameters presented in Section E.1, the following changes and additions
are made:

H = set of all hospitals;

Ih = set of products in inventory of hospital h ∈ H;

Idc = set of products in inventory of the distribution center;

Rh = set of requests in hospital h ∈ H;

tr = 2 if the issuing day of request r ∈ R is today, 1 if it is tomorrow, 0 otherwise.

The variables in the model are:

xh
ir = 1 if request r ∈ R of hospital h ∈ H is satisfied by product i ∈ Ih, 0 otherwise;

xdc
ir = 1 if request r ∈

⋃
h∈H

Rh is satisfied by product i ∈ Idc, 0 otherwise;

yhr = 1 if request r ∈ Rh is not fully satisfied (shortage), 0 otherwise;

zhrk = 1 if request r ∈ Rh is mismatched on antigen k ∈ A at least once, 0 otherwise.

The model contains two objective functions. First the primary objective (9) is solved, which minimizes the number of
shortages, prioritizing requests that should be satisfied on the current or the next day. When the smallest possible
number of shortages is found, the second objective (10) is solved. This objective balances the minimization of
mismatches, minor antigen substitution, FIFO-penalties and usability penalties.

The variables have to satisfy a number of constraints. Constraint (11) forces yr to 1 if not all units that were
requested by r ∈ R are satisfied, either from the hospital’s or distribution center’s inventory, while constraint (12)
makes sure that request r can not receive more products than the number of units requested. Constraints (13)
and (14) ensure, for each inventory products i ∈ Ih and i ∈ Idc respectively, that product i can be issued no more
than once. Constraint (15) and (16) respectively force xh

ir and xdc
ir to 0 if a match between product i ∈ Ih or i ∈ Idc

and request r ∈ Rh is either incompatible on the major or ‘must’ antigens, or timewise impossible. Constraints (17),
(18), (19), and (20) force zhrk to 1 if at least one of the inventory products that are allocated to request r ∈ Rh

mismatches on antigen k ∈ A. Penalties for mismatches on antigen Fyb are only counted whenever the patient is
positive for antigen Fya (i.e. vrFya = 1 for patient request r ∈ R), since patients negative for Fya are not able to
develop alloantibodies against Fyb. Constraint (21) states that requests that need to be issued today can not be
satisfied using products from the distribution center. Finally, constraints (22) and (23) ensure that all variables are
binary.

SUPPLEMENTARY MATERIALS
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minimize
∑

h∈H,r∈Rh

(yhr + yhr · thr · (|Rh| − 1)) (9)

minimize

5 ·
∑

k∈A,h∈H,r∈Rh

zhrk · wk

+
∑

h∈H,i∈Ih,r∈Rh

−0.5(35−gi−1)/5 · xh
ir

+
∑

h∈H,i∈Ih,r∈Rh

(bi − br) · xh
ir

+
∑

k∈Aminor,h∈H,r∈Ih,r∈{r|r∈Rh,pr∈{Wu45,Other}}
xh
ir · wk · (1− vik) · vrk

+
∑

k∈Aminor,h∈H,r∈Idc,r∈{r|r∈Rh,pr∈{Wu45,Other}}
xdc
ir · wk · (1− vik) · vrk

(10)

such that nr · yhr +
∑

i∈Ih

xh
ir +

∑
i∈Idc

xdc
ir ≥ nr ∀r ∈ Rh, h ∈ H (11)∑

i∈Ih

xh
ir +

∑
i∈Idc

xdc
ir ≤ nr ∀r ∈ Rh, h ∈ H (12)∑

r∈Rh

xh
ir ≤ 1 ∀i ∈ Ih, h ∈ H (13)∑

r∈Rh,h∈H
xdc
ir ≤ 1 ∀i ∈ Idc (14)

xh
ir ≤ Cir · Tir ∀i ∈ Ih, r ∈ Rh, h ∈ H (15)

xdc
ir ≤ Cir · Tir ∀i ∈ Idc, r ∈ Rh, h ∈ H (16)∑

i∈Ih

(xh
ir · vik · (1− vrk)) ≤ zhrk · nr ∀r ∈ Rh, k ∈ A\{Fyb}, h ∈ H (17)

∑
i∈Idc

(xdc
ir · vik · (1− vrk)) ≤ zhrk · nr ∀r ∈ Rh, k ∈ A\{Fyb}, h ∈ H (18)∑

i∈Ih

(xh
ir · viFyb · (1− vrFyb) · viFya) ≤ zh

rFyb · nr ∀r ∈ Rh, h ∈ H (19)∑
i∈Idc

(xdc
ir · viFyb · (1− vrFyb) · viFya) ≤ zh

rFyb · nr ∀r ∈ Rh, h ∈ H (20)

xdc
ir + tr ≤ 2 ∀i ∈ Idcr ∈ Rh, h ∈ H (21)

xh
ir, y

h
r , z

h
rk ∈ {0, 1} ∀i ∈ Ih, r ∈ Rh, k ∈ A, h ∈ H (22)

xdc
ir ∈ {0, 1} ∀i ∈ Idc, r ∈ Rh, h ∈ H (23)

E.3.2 | Allocate remaining supply from distribution center
For each hospital in the simulation, it is now known which products from their inventory will be issued today, which
products will expire, and which products will arrive the next day from the distribution center. Using this information
we compute the number of products that is required to restock the hospital’s inventory up to its capacity. Below the
model is presented to determine which products from the distribution center’s inventory will be transported to which
hospital. The model contains the following variables:

xih = 1 if inventory product i ∈ I is allocated to hospital h ∈ H, 0 otherwise.

SUPPLEMENTARY MATERIALS



EXTENSIVE RED BLOOD CELL MATCHING CONSIDERING PATIENT ALLOIMMUNIZATION RISK 10

With respect to the sets and parameters presented in Section E.1, the following changes are made:

H = set of hospitals to be supplied;
Dih = 1 if product i ∈ I was allocated to hospital h ∈ H in the previous step, 0 otherwise;
sh = number of products to be supplied to hospital h ∈ H;

bi = usability of blood product i ∈ I on the antigen set {C, c, E, e, K, k, Fya, Fyb, Jka, Jkb, S, s}, being the
proportion of patients that can receive product i without mismatching on any of these antigens;

These values are optimized by minimizing the objective function (24), which is the sum of the FIFO penalty and
product usability of the selected products. In terms of selecting which products to be shipped to the hospitals, this
objective function represents a preference for old products over young products, and a preference of products with
low usability over products with high usability.

The variables have to satisfy a number of constraints. Constraint (25) forces xih to 1 if product i ∈ I was already
allocated to hospital h ∈ H in the previous step. Constraint (26) makes sure that for each hospital h ∈ H, the number
of products transported sums up to the requested supply. Constraint (27) ensures that each inventory product i ∈ I
can be transported no more than once. Finally, constraint (28) ensures that all variables are binary.

minimize
∑

i∈I,h∈H
(−0.5(35−gi−1)/5 · xih) + (bi · xih) (24)

such that xih ≥ Dih ∀i ∈ I, h ∈ H (25)∑
i∈I

xih ≥ sh ∀h ∈ H (26)∑
h∈H

xih ≤ 1 ∀i ∈ I (27)

xih ∈ {0, 1} ∀i ∈ I, h ∈ H (28)

E.4 | Computational statistics

All tests were executed using a Lenovo Legion 7-16ACHg6 Laptop (type 82N6), containing an AMD Ryzen 7 5800H
Processor with 8 Cores and 16 Logical Processors, and 32GB RAM. Note that this is a regular modern PC, and
that having access to unreasonably high computing power is not required. The model was programmed in Python
(version 3.9) [3]. The commercial solver Gurobi (version 9.1) was used to execute the model and generate results
[4]. The code is available from https://github.com/Sanquin/blood_matching.

Single-hospital setup Multi-hospital
setupRelative immunogenicity weights Patient group weights

Regional
hospital

University
hospital

Regional
hospital

University
hospital

mean st.dev. mean st.dev. mean st.dev. mean st.dev. mean st.dev.
Number of variables 12108 3556 42604 9282 12164 3603 42359 9088 377529 74008
Number of constraints 2182 565 4670 848 2182 565 4670 848 18419 2835
Calculation time (sec) 86 227 283 370 81 227 317 399 580 247

TABLE S6 A few computational statistics on the optimization models for the single-hospital setup (E.2) and
the multi-hospital setup (E.3).
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Supplement F | Frequency of antigen combinations

Blood group
system

Phenotype
Relative frequency
among Caucasians

Relative frequency
among people of
African descent

ABO

{} 0.43 0.27
{A} 0.44 0.2
{B} 0.09 0.49

{A,B} 0.04 0.04

Rh

{c,e} 0.151 0.068
{C,e} Rare Rare
{c,E} Rare Rare

{C,c,e} 0.008 Rare
{c,E,e} 0.009 Rare
{D,c,e} 0.021 0.458
{D,C,e} 0.185 0.2
{D,c,E} 0.023 0.02

{D,C,c,e} 0.349 0.21
{D,C,c,E} 0.001 Rare
{D,c,E,e} 0.118 0.186
{D,C,E,e} 0.002 Rare

{D,C,c,E,e} 0.133 0.056

Kell

{} Rare Rare
{k} 0.91 0.98
{K} 0.002 Rare

{K,k} 0.088 0.02

Duffy

{} Rare 0.68

{Fya} 0.17 0.09

{Fyb} 0.34 0.22

{Fya,Fyb} 0.49 0.01

Kidd

{} Rare Rare

{Jka} 0.263 0.511

{Jkb} 0.234 0.081

{Jka,Jkb} 0.503 0.488

MNS

{M,S} 0.06 0.02
{M,S,s} 0.14 0.07
{M,s} 0.08 0.16

{M,N,S} 0.04 0.02
{M,N,S,s} 0.24 0.13
{M,N,s} 0.22 0.325
{N,S} 0.01 0.02

{N,S,s} 0.06 0.05
{N,s} 0.15 0.19
{M} Rare 0.004

{M,N} Rare 0.004
{N} Rare 0.007

TABLE S7 Relative frequency of antigen combinations for the ABO, Rhesus, Kell, Duffy, Kidd and MNS
blood group systems among Caucasians and individuals of African descent, as derived from Reid,
Lomas-Francis, and Olsson [5]. Some combinations do not exist and are therefore not included.
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Supplement G | Absolute number of mismatches

This section contains visualizations of the absolute number of mismatches for various simulated scenarios per
patient group and minor antigen considered. Figure S3 shows the total number of mismatches in regular hospitals,
while Figure S4 shows the total number of mismatches in university hospitals. Note that the numbers on the y-axis
of both figures are presented on a log scale.

The patient group Other has the largest number of mismatches, since this group consists of approximately 64%
(university hospitals) to 89% (regional hospitals) of the simulated patient population. Note that MDS patients are
only simulated for university hospitals, and thus do not have any mismatches in regional hospitals.

rela�ve immuno-

genicity weights
pa�ent group

weights

single-hospital mul�-hospital

FIGURE S3 Absolute number of patients of each patient group, at the simulated regional hospitals, who
received a mismatched RBC product. Matching is performed using relative immunogenicity weights (Table
S1) or patient group specific weights (Table S4), and is performed in a single- or multi-hospital setup.

rela�ve immuno-

genicity weights
pa�ent group

weights

single-hospital mul�-hospital

FIGURE S4 Absolute number of patients of each patient group, at the simulated university hospitals, who
received a mismatched RBC product. Matching is performed using relative immunogenicity weights (Table
S1) or patient group specific weights (Table S4), and is performed in a single- or multi-hospital setup.
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Supplement H | Relative change in number of mismatches

This section contains visualizations of the relative change in the number of mismatches per patient group and minor
antigen considered. Figure S5 shows the change of mismatches when using patient group specific weights, as
a percentage of the number of mismatches when using the same relative immunogenicity weights for all patient
groups. As should be expected, larger reductions in mismatches were achieved for those assigned a higher weight
(Table S4). Figure S6 shows the number of mismatches when including a distribution center in the simulated
scenario, compared to applying the matching within one hospital.
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FIGURE S5 Change in the number of mismatches when using patient group specific weights (Table S4)
compared to relative immunogenicity weights (Table S1) for all patient groups and antigens, as a percentage
of the mismatches when using relative immunogenicity weights.
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FIGURE S6 Change in the number of mismatches when using the multi-hospital setup compared to the
single-hospital setup for all patient groups and antigens, as a percentage of the mismatches for the
single-hospital setup.
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Supplement I | Model verification by comparison

As mentioned in the introduction of our paper, the model we proposed is an extension to the ‘MINRAR’ model as
created by Weem et al. [2]. Although the original model was implemented in C#, both our replica of the model and
its extension are implemented in Python. This transition could easily introduce errors and so testing and verifying
the new implementation is ideally needed to mitigate this.

In addition to thoroughly verifying and testing the outputs of the C# and Python implementations, another opportunity
arose for verification: at the University of Cambridge, one of our co-authors independently implemented a model for
extensively matching Sickle Cell Disease (SCD) patients. This model uses a matching strategy similar to that of the
MINRAR model.

Let us denote the model presented in this paper as Model-NL, and the model developed and implemented at
Cambridge as Model-EN. To verify both of these models, we copied the simulation setup of Model-EN, and ran
simulations for the same sets of patient requests and supplied RBC products on both models. The aim was to de-
termine if the outputs and system states during simulation were consistent between the two model implementations.
Model-EN is implemented in Python (version 3.8) and the solver used was the POT toolbox [6]. Model-EN was ex-
ecuted on one node of a high performance cluster with 32 Intel(R) Xeon(R) CPU E7-8867 v3 2.50GHz processing
cores and up to 1TB of RAM.

I.1 | Simulation setup

Verification of each model implementation was carried out by executing multiple six-week (42 days) simulations,
solving the model in Section I.2 for each day separately. This is preceded by an initialization period of 24 weeks
(168 days) to allow the inventory to reach steady-state, during which results are not recorded. Every request in the
simulation becomes known on the day of transfusion, meaning that no product reservations can be made for future
requests.

Each day in the simulation, 11 SCD patients are sampled, each requesting three units. Also, 317 Other patients
are sampled, each requesting one unit. Only inventory products with a maximum age of 14 days are allowed to be
issued to SCD patients. The SCD patients must be compatibly matched on antigens A, B, D, C, c, E, e, and K,
while the Other patients only need to be compatibly matched on the major antigens A, B and D. The SCD patients
are additionally penalized for mismatches on the remaining minor antigens, using the weights shown in Table S8.
Contrary to the MINRAR model, if a patient is mismatched for the same antigen on multiple products received, this
will lead to a mismatch penalty for each of these mismatching products, instead of being counted as one mismatch.

The initial inventory contains 3000 RBC products, all with age 0. Each day in the simulation, 350 new products
are added to the inventory. In addition, any products that are older than the maximum shelf life of 35 days are
discarded and removed from the inventory. The donor population is comprised of 99% European individuals and
1% African individuals, as is the Other patient population. The SCD patient population is comprised of 100% African
individuals. Antigen prevalences of both populations can be found in Table S7.

C c E e K k Fya Fyb Jka Jkb M N S s

SCD × × × × × 0.000 0.144 0.102 0.461 0.047 0.191 0.016 0.039 0.000
Other 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

TABLE S8 Mismatching weights for all antigens, for both the SCD and Other patient groups. When
mismatching must never be allowed, this combination is marked with an ‘×’.
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I.2 | Model formulation

Below the mathematical model is presented for determining which inventory products to assign to which requests
on a single day. The same definitions for sets and parameters are used as displayed in E.1. The variables in the
model are:

xir = 1 if request r ∈ R is satisfied by product i ∈ I, 0 otherwise.

The model contains two objective functions. First the primary objective (29) is solved, which minimizes the number
of requested units that are not satisfied, i.e., shortages. When the smallest possible number of shortages is found,
the second objective (30) is solved. This objective minimizes a sum of three component penalties: c1, c2 and c3.
The coefficients of these penalties are obtained by tuning Model-EN, using Bayesian Optimisation to minimize total
expected alloimmunization. Penalty c1, is the sum of weighted mismatches for SCD patients and is expressed by:

c1(x) =
∑

i∈I,r∈{r|r∈R,pr=SCD}

∑
k∈A

wk · xir · vik · (1− vrk).

The second penalty is the ‘young blood penalty’, c2, which is also applied to only SCD patients and is given by:

c2(x) =
∑

i∈I,r∈{r|r∈R,pr=SCD}

(
−1

7.686
· gi + egi−9.581) · 1.198 · xir.

The ‘young blood penalty’ was designed to try and meet the guideline that SCD patients should only be given 7 days
old blood up to 10 or 14 in extenuating circumstances. The final penalty, c3, is the FIFO-penalty for Other patients
which is expressed by:

c3(x) =
∑

i∈I,r∈{r|r∈R,pr=Other}

−0.5(35−gi−1)/5 · xir.

The FIFO-penalty awards a bonus (negative penalty) for issuing older products in order to prevent outdating. Figure
S7 shows how penalties c2 and c3 vary with the age of the product.

minimize
∑
r∈R

(nr −
∑
i∈I

xir) (29)

minimize 0.578 · c1(x) + 0.361 · c2(x) + 0.061 · c3(x) (30)

such that
∑
r∈R

xir ≤ 1 ∀i ∈ I (31)∑
i∈I

xir ≤ nr ∀r ∈ R (32)

xir ≤ Cir ∀i ∈ I, r ∈ R (33)

xir · gi ≤ 14 ∀i ∈ I, r ∈ {r|r ∈ R, pr = SCD} (34)

xir ∈ {0, 1} ∀i ∈ I, r ∈ R (35)

Constraint (31) ensures, for each inventory product i ∈ I, that i can be issued no more than once. Constraint (32)
ensures for each request r ∈ R, that r can not receive more inventory products i ∈ I than the number that was
requested. Constraint (33) forces xir to 0 if a match between product i ∈ I and request r ∈ R is incompatible on
the major or ‘mandatory’ antigens. Constraint (34) does not allow inventory products i ∈ I that are older than 14
days to be issued to SCD patients. Finally, constraint (35) ensures that all variables are binary.
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FIGURE S7 Young blood penalty and FIFO-penalty for each product age. The young blood penalty is only
counted for SCD patients, who are not allowed to receive products of an age higher than 14 days. The
FIFO-penalty is only counted for Other patients.

I.3 | Comparison of results

The results reported in this section to verify Model-NL and Model-EN, are from ten independent runs of each
model. These runs were fixed so that for each simulation run, both models encountered exactly the same set
of donations and patient requests. This restricted the differences between Model-NL and Model-EN to just the
software implementation, solver and hardware they were executed on. The results are reported only for the SCD
patients, unless stated otherwise.

Table S10 shows the mean number of mismatches observed for SCD patients, for each antigen that did not require
mandatory compatible matching. The table shows that the mismatches resulting from blood allocation decisions are
similar in both models. Apart from the previously mentioned differences (in software versions, implementation, and
hardware), the mean number of mismatches are not identical between both models because each simulated day
often does not have a unique optimal allocation. Coupled with the fact that Model-NL and Model-EN use different
solvers, this means that each model will make different decisions that will ultimately lead to slightly different states
during a simulation run.

The product between the mismatches and corresponding alloimmunisation rate in Table S9 is the expected alloim-
munizations and this is shown in Table S11. From this we can calculate the total expected alloimmunizations of
Model-NL is 0.359 and for Model-EN it is 0.362, which we judge to be reasonably close.

k Fya Fyb Jka Jkb M N S s

0.00 0.00046 0.000327 0.00147 0.00015 0.00061 0.00005 0.000125 0.00

TABLE S9 The expected alloimmunization rate for each mismatched unit of blood on each antigen [1].

k Fya Fyb Jka Jkb M N S s

Model-NL 0.0 99.1 780.0 0.0 173.2 1.4 145.2 191.7 90.8
Model-EN 0.0 104.3 776.7 0.2 181.0 1.2 150.4 197.4 90.0

TABLE S10 Mean number of mismatching units given to SCD patients per antigen over ten simulations.
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k Fya Fyb Jka Jkb M N S s

Model-NL 0.0000 0.0456 0.2548 0.0000 0.0260 0.0009 0.0073 0.0240 0.0000
Model-EN 0.0000 0.0480 0.2537 0.0003 0.0271 0.0007 0.0075 0.0247 0.0000

TABLE S11 Mean number of expected alloimmunizations for SCD patients per mismatch for each antigen
over ten simulations.

To investigate how much the states of both models varied during the simulation, we measured the stock levels of
specific blood groups over the course of the simulations. This would show if one model was consistently utilising
one blood group relatively more or less than the other model, for example. The stock levels measured were for the
major ABO-D blood groups, R0 (D+ C– c+ E– e+) and Duffy (Fya-, Fyb-). The stock levels of major blood groups are
constantly monitored in reality by blood services. The R0 and Duffy blood groups are important to monitor because
a largely Caucasian donor population will have much lower frequencies of these phenotypes than the SCD patients
that require them. In addition, R0 requests by SCD patients must not be mismatched. A final reason to monitor the
Duffy blood groups is that we can see from Table S10 that mismatches on the Fya and Fyb antigens are the main
driver of expected alloimmunizations in our simulations.

In Figure S8, we see that apart from the early stages of the warm-up period, both models have similar levels of
stock for the blood types measured. This reassures us that the allocation decisions made by both models are
from inventory states that are consistent with each other, especially on the antigens that are significant to meeting
demand for SCD patients.

Finally, we tested Model-EN paired with Gurobi solver instead of POT and found that with Gurobi, the mismatches
and expected alloimmunizations did not change compared to POT over ten simulations with the same set of ran-
dom donations and patient requests. The initial choice to use POT with Model-EN was for simplicity and ease of
implementation. In comparing both solvers, we notice orders of magnitude of difference in the run times of the
experiments, as shown in Table S12. This insight is useful to bear in mind if larger problem instances — either from
larger inventory sizes, longer simulation time horizons, or both — are to be tackled.

Model-EN POT Model-EN Gurobi Model-NL Gurobi

average 9.72 200.7 1560.49
st.dev. 0.07 5.07 135.76

TABLE S12 Mean computation times over ten simulations and standard deviation for full simulation run of
210 days.

In conclusion, we judge this verification exercise to be successful as we were able to obtain results that are reason-
ably similar regardless of the model implementation used, whilst eliminating minor software bugs. This also provides
us with a useful reference point for any regression testing when either model implementation is extended with more
and complex features.
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FIGURE S8 Mean inventory levels of all major blood groups, R0, and Duffy over ten simulations.
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