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CH3

CONSIDERING PATIENT
ALLOIMMUNIZATION RISK FOR
EXTENSIVE MATCHING

Red blood cell (RBC) transfusions pose a risk of alloantibody development in patients. For
patients with increased alloimmunization risk, extended preventive matching is advised,
encompassing not only the ABO-RhD blood groups but also the most clinically relevant minor
antigens: C, c, E, e, K, Fy*, Fyb, FK, j’kb, S, and s. This study enhances the MINRAR model
by incorporating patient-specific data and the clinical consequences of mismatching into the
allocation process.

We have redefined the MINRAR model to include patient group preferences in selecting RBC
units from a finite supply. A linear optimization approach was employed, considering both
antigen immunogenicity and the clinical impact of mismatches for specific patient groups. We
also explore the advantages of informing the blood bank about scheduled transfusions, allowing
for a more strategic blood product distribution. The model is evaluated using historical data
from two Dutch hospitals, measuring shortages and minor antigen mismatches.

The updated model, emphasizing patient group-specific considerations, achieves a similar
number of mismatches as the original, yet shifts mismatches among patient groups and
antigens, reducing expected alloimmunization consequences. Simultaneous matching for
multiple hospitals at the distribution center level, considering scheduled demands, led to a 30%
decrease in mismatches and a 92% reduction in shortages.

The reduction of expected alloimmunization consequences by incorporating patient group
preferences demonstrates our strategy’s effectiveness for patient health. Substantial reductions
in mismatches and shortages with multi-hospital collaboration highlights the importance of
sharing information in the blood supply chain.

This chapter is based on Wemelsfelder et al. [204].
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3.1 INTRODUCTION

Red blood cell (RBC) units are the most commonly transfused blood products. In the
Netherlands, there is one organization responsible for the blood supply to 113 hospitals
serving a population of 17.6 million inhabitants. There are about 380,000 whole blood
donors and yearly about 400,000 RBC units are distributed [205]. The blood supply service
distributes RBC units to the hospitals daily. These orders are partially based on specific
scheduled transfusions, but mainly on order-up-to levels on the ‘major’ RBC antigens
(ABO and Rh(D)). At the hospitals, products from their inventory are assigned to patients
in need of a transfusion, which is generally done by issuing units compatible on these
major blood groups. However, more than 300 RBC antigens are known to exist [84].
RBC alloantibodies against eleven of these ‘minor’ RBC antigens are considered to be
of such clinical importance that, for a selection of patient groups, preventive matching
on specific subsets of these antigens is part of transfusion guidelines [18]. In general,
upon an ABO-Rh(D) matched transfusion about 1-5% of recipients become alloimmunized
[83, 206, 207], which may increase up to 8-15% after multiple transfusions [186, 208].
In subsequent transfusion episodes with products containing such antigens, the newly
formed antibodies might destroy the transfused RBCs [186—188]. Therefore, before a blood
transfusion is administered, the recipient is screened for the presence of alloantibodies to
select compatible blood. Because of the transient character of antibodies, over time 70% of
alloantibodies will not be detected anymore while still being capable of inducing delayed
transfusion reactions [209]. Therefore, in the Netherlands all identified alloantibodies are
registered in a database which is accessible by all hospitals [210].

Patients who developed RBC alloantibodies (Allo) will in subsequent transfusion
episodes receive units that are, next to D, also matched for C, ¢, E, e and K, and compatible
for the implicated antigen. For blood recipients for whom an increased risk of alloantibody
formation is expected, the Dutch Blood Transfusion Guideline summarizes advice for
preventive extended matching, and also for patients who do not have alloantibodies [18].
This concerns patients with autoimmune hemolytic anemia (AIHA), sickle cell disease (SCD)
or thalassemia (Thal) and patients with myelodysplastic syndrome (MDS). The latter
three patient categories are in need of repeated blood transfusions, which increases the
exposure to foreign blood group antigens and risk of developing alloantibodies [186]. In
the Netherlands extended matching for these patient groups includes matching on, in
addition to the 3 major antigens A, B and D, a selection of 11 clinically relevant minor
antigens: C, ¢, E, e, K, Fy?, Fyb, Jk?, ]kb, S and s. Furthermore, RBCs for women under
the age of 45 (Wu45) are matched for ¢, E and K to prevent alloimmunization that may
lead to hemolytic disease of the fetus and newborn (HDFN) in future pregnancies. Patients
that do not belong to any of these groups (Other) receive RBC units matched for the major
antigens only. This group mainly includes elective transfusions, for example for surgery.

Recently, high throughput genotyping technology has facilitated prediction of the
full RBC phenotype of both patients and donors. Using molecular techniques the
presence of hundreds of antigens can be determined in a single assay [189, 211-213].
Although the combinations of 14 antigens proposed theoretically constitute 6566 different
blood group combinations, van Sambeeck et al. [166] have shown that most (>95%) of
transfusion-induced alloimmunization events can be prevented when both donors and
recipients are comprehensively typed and matched [166]. Despite this impressive result, it
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is impossible to provide fully compatible products to all patients, meaning the challenge
will remain how to manage the risk of alloimmunization for individual patients. This is all
but a trivial task, not only because of the huge number of possible antigen combinations
considered in large-scale extensive matching, but also because the risks associated with
mismatching differ for each antigen and in particular for each patient group. We therefore
propose an issuing strategy that differentiates and prioritizes matching requirements in
alignment with the patient groups, as mentioned above.

Aiming to make extensive matching possible in practice, the MINimize Relative
Alloimmunization Risks (MINRAR) model was proposed in Chapter 2 to quantify the
quality of a match and to determine optimal issuing strategies, such that the number
of clinically relevant mismatches is minimized. The study at hand shows that, with a
straightforward extension of the MINRAR model, offering extensively matched products
to all patients does not increase the alloimmunization rate in high-risk groups. In addition,
it will demonstrate to what extent the quality of in-hospital matching of RBC products
may be improved when hospitals inform the blood bank about future transfusions, which
allows for improving the distribution of blood products to the hospitals.

3.2 MATERIALS AND METHODS

3.2.1 CONSTRUCTION OF THE MATCHING MODEL

We propose a modified version of the MINRAR model, as presented in Chapter 2, to
match extensively typed RBC units to extensively typed patients, while minimizing
alloimmunization risk. In the MINRAR model, all products compatible on the major
blood group (ABO-Rh(D)) are considered a valid match for any patient, meaning a shortage
is incurred whenever there are insufficient ABO-Rh(D) compatible products available in
the hospital inventory for the patient. The MINRAR model uses antigen immunogenicity
(Appendix A, Table 5) to calculate the weight for mismatching on a particular antigen. We
extend this approach by also considering the perceived clinical consequences of certain
alloantibodies, as estimated by the immunohematology expert authors (JL, MDH, EvdS,
RN). The clinical consequences, as perceived by our experts, are a mixture of pathogenicity
and anticipated health implications, and are shown in Table 1. When we incorporate this
patient group differentiation into our model, we redefine a shortage as a lack of sufficient
inventory products available for a patient, all of which must be compatible on the antigens
denoted by an x in Table 1 for the corresponding patient group. For a detailed description
on how the other preferences are transformed to numerical mismatch weights to be used
by the MINRAR model, the reader is referred to Appendix A.

The model is designed to match RBC products to requests for a single day, prioritizing
the minimization of shortages. This means it focuses on providing all patients with their
requested number of products, all of these being compatible on the antigens marked with
an x in Table 1. Once the minimum number of shortages is established, four other objectives
are minimized simultaneously:

o Mismatches on the minor antigens for which mismatching is allowed, marked with
a number in Table 1;

o Antigen substitution: issuing an antigen negative product to a patient who is positive
for that antigen;
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C ¢ E e K Fy* Fy* JK* JK°
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Allo X X X %X X 1 1 1 1 2 3
SCD X X X X X x 1 x x 1 2
Thal x x x x X 2 2 2 2 3 3
MDS X X X X X 2 2 2 2 3 3
AIHA x x x x x 1 1 1 1 2 2
Wu45 2 x x 2 x 3 3 3 3 3 3
Other 2 2 2 2 2 3 3 3 3 3 3

Table 1: Classification of the perceived clinical consequences of incompatible matching
for all patient groups considered for different antigens.

Note: Four levels of compatibility are distinguished: x - Mismatching is not allowed; 1 - Compatible
matching is important; 2 - Compatible matching is preferred; 3 - Compatible matching has low
priority.

o Remaining shelf life of issued products: older products are preferred over fresh
products;

o Major antigen usability of issued products: low usability (e.g. AB+) is preferred over
high usability (e.g. O-).

A full description of the MINRAR model can be found in Appendix E and in Chapter 2.
The Mixed-Integer Linear Programming (MILP) model [199] is programmed in Python
(version 3.9) [214], and solved using Gurobi Optimization software (version 9.1) [200]. The
simulation code is available on Github'.

3.2.2 DATA ON PATIENTS AND SUPPLIED PRODUCTS

The model is designed to be able to match real patients to real products in inventory. For
the purpose of model testing however, data was generated both for demand and supply.
In this section we elaborate on the considerations for generating the data on patients and
supplied products.

When generating patient request data, the distribution of patient groups amongst all
patients needs to be taken into account. Data from two hospitals was available to represent
the two distinct hospital types. The Amsterdam UMC, location AMC is chosen to represent
university hospitals, and the OLVG, location East to represent regional hospitals. Table 9
in Appendix B shows the distribution of units requested by each patient group in these
hospitals.

Considering the antigen profile of simulated patients, phenotypes of all simulated
patients are based on antigen frequencies within the Caucasian population, with the
exception of the SCD patients. For simulating these patients we used antigen prevalences
for individuals of African ancestry, since SCD mainly occurs in that population. Antigen
prevalences for both populations are provided in Reid et al. [201].

!https://github.com/WemelsfelderML/blood_matching
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Transfusions are frequently scheduled in advance, allowing for product requests to be
anticipated. The immunohematology expert authors (JL, MdH, EvdS, RN) [204] estimated
lead times for all patient groups, i.e., the number of days between the request becoming
known and the transfusion. For MDS, SCD and Thal patients, simulated requests become
known one week prior to the transfusion. Lead times for the Allo and Other patient groups
are uniformly distributed between 0 and 6 days. For Wu45 patients, we assume requests
are known either on the day of transfusion or one day before, each with a 50% probability.
Requests for AIHA are not known in advance, and only become available on the day of
transfusion.

The number of units requested per patient is sampled from a historical in-hospital
distribution using Dutch Transfusion Datawarehouse data, comprising 438,260 transfusions
from January 2012 to December 2019 in six Dutch hospitals [215]. For patient groups Allo,
Wu45, and Other, the assumed unit requirement ranges from one to four, sampled based
on the distribution shown in Appendix B, Figure 3. The remaining groups are assumed
to always need two units per patient, the most common request. The phenotypes of the
patients are generated at random based on the prevalence of different blood groups among
Caucasians [201]. Furthermore, we did not model recurring requests for individual patients.

The major antigen profile of the supplied units is sampled in accordance with its
prevalence in the donor population, as depicted in Appendix C, Figure 4. As donors
are only invited based on their major blood groups, we assume that the minor antigen
prevalence in donors mirrors the general population. Minor antigens are therefore sampled
based on Caucasian phenotype prevalence for each blood group system [201].

3.2.3 SIMULATION SETUP
The performance of the proposed model was assessed through multiple one-year
simulations, where the model was solved for each day separately, incorporated a 70-day
initialization phase to stabilize inventory levels. Figure 1 illustrates two experimental
configurations for the simulations, with numbers 1-5 representing the steps to be executed
on each day of the simulation. In the single-hospital setup, matching is performed by the
proposed model, and products allocated to today’s requests are removed from inventory. At
the end of each day any expired products are removed as well, and the hospital’s inventory
is replenished with fresh RBC units, as detailed in Section 3.2.2.

The multi-hospital setup involves three hospitals (two regional, one university) and
a distribution center (DC) providing RBC units. The first two steps each day resemble
those of the single-hospital setup, however, requests may be matched to products from
either the hospital’s or the DC’s inventory. However, we do assume that requests for
today’s transfusions can only be satisfied from the hospital’s own inventory, as emergency
deliveries from the DC are expensive and should be avoided. Next, expired products are
removed from all inventories, and products matched from the DC to requests to be satisfied
the next day are shipped to the hospitals, along with supplementary products to ensure each
hospital’s inventory is replenished up to its normal capacity. The selection of products for
replenishment is done by preferring older products over younger products, and preferring
products with low usability on the minor antigens over products with high usability. Finally,
the DC’s inventory is resupplied with fresh RBC units as discussed in Section 3.2.2.
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Single-hospital setup Multi-hospital setup (5 supply
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Figure 1: Daily tasks performed in both the single- and multi-hospital simulations.

Note: 1 - Requests are matched from hospital inventory. 2 - All products assigned to today’s requests
are issued and removed from the hospital’s inventory. 3 - Products assigned to hospital requests to
be satisfied tomorrow are shipped to the designated hospital. 4 - Supply hospitals to restore target
inventory levels. 5 - Replenish inventory with random RBC units from the donor population.

3.3 REsuULTS

In this section we assess the performance of the modified MINRAR model (as described in
Section 3.2.1) in matching extensively typed RBC units to extensively typed patients while
minimizing alloimmunization risk. First, we will investigate the impact of using patient
group specific weights on the minor antigen mismatches for each group, and then examine
the benefits of integrating a distribution center (DC) in the multi-hospital simulation setup.

3.3.1 THE SINGLE-HOSPITAL SETUP
Figure 2 shows the proportion of patients per patient group that is mismatched on each of
the minor antigens considered, displayed in sets of three data points. The first data point
is the original MINRAR model in a single-hospital setup, and the other two data points
represent the new model with patient group specific mismatch weights, in a single-hospital
(second point) or multiple-hospital (third point) setup. Firstly, the effects of employing
patient group specific mismatch weights are compared in the single-hospital setup.
Figure 2 reveals a substantial number of mismatches for antigens Fy?®, Fy?, Jk?, Jk’,
S and s when only applying relative immunogenicity weights. Upon implementing
patient group specific weights, mismatches for patient groups Allo, SCD, Thal, MDS and
ATHA are reduced by 65% and 62% for the regional and university hospital respectively,
reducing the number of expected alloimmunizations in these groups by 75% in both
hospitals. However, an inverse effect is noted for the larger patient groups Wu45 and
Other, which together constitute 94% and 75% of the regional and university hospital
patient population respectively. Application of patient group specific weights led to a 4%
and 17% increase in mismatches and consequently 14% and 35% increase in the number
of expected alloimmunizations, in the regional and university hospitals respectively. This
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Figure 2: Proportion of patients, per patient group, who received a mismatched RBC
product.

Note: Matching is performed using relative immunogenicity weights (Appendix A, Table 5) or patient
group specific weights (Appendix A, Table 8), either in a single- or multi-hospital setup. In all three
scenarios depicted, mismatching was not permitted for matches marked with an x in Table 1.

increase is a direct result of the lower patient group specific weights assigned to these two
groups, reflecting their lower risk of mismatching in terms of both antibody formation
and consequences of alloimmunization. Changes in both the number of mismatches and
expected alloimmunizations as an effect of patient group directed matching, relative to
matching based on only relative immunogenicity, are displayed in Figure 2. For both
Tables 2 and 3, the number of expected alloimmunizations was estimated by multiplying
the number of mismatches by the probability of alloimmunization after receiving two
mismatching units [186].

3.3.2 THE MULTI-HOSPITAL SETUP

In Figure 2, the third data point within each set represents the relative number of
mismatches in the multi-hospital setup, still using patient group specific weights for
mismatching. Comparing these values to the second data point, representing patient group
directed matching in the single-hospital setup, highlights the benefits of informing a DC
about blood to be reserved for elective transfusions.
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Regional University

Mismatches Alloimm. Mismatches Alloimm.

Allo -67.69 -76.51 -70.15 -78.34
SCD -52.83 -56.67 -50.23 -54.94
Thal -64.56 -74.60 -59.97 -76.98
MDS - - -60.16 -74.18
AIHA -66.34 -78.04 -67.00 -81.16
Wu45 +4.59 +17.06 +18.80 +34.58
Other +4.00 +14.26 +16.32 +35.17
Total -0.13 +11.22 -1.35 +18.77

Table 2: Changes (%) in the total number of mismatches and expected alloimmunizations
per patient group and hospital type when comparing outcomes from patient group specific
weights to outcomes from relative immunogenicity weights.

As shown in Table 3 the decrease in the number of mismatches is 61-87% in the patient
groups with highest risk (Allo, SCD, Thal, MDS), leading to an expected decrease of
alloimmunizations by 70-95%. The only increase in mismatches occurs for AIHA patients,
being a direct result of all requests for this group becoming known on the day of transfusion.
Nevertheless, the overall number of mismatches decreases by 29-31% and the subsequent
number of expected alloimmunizations by 39-41%. In Appendix G, the change in mismatches
between the three scenarios is visualized. Changes in the absolute number of mismatches
per year are shown in Appendix F, Figure 5.

Regional University

Mismatches Alloimm. Mismatches Alloimm.

Allo -63.32 -62.91 -61.09 -69.31
SCD -87.50 -95.51 -84.39 -94.60
Thal -72.46 -79.69 -71.90 -83.94
MDS - - -69.63 -78.50
AIHA +46.14 +94.72 +13.32 +54.11
Wu45 -14.34 -16.74 -13.12 -20.51
Other -31.50 -42.39 -27.69 -40.52
Total -30.76 -41.29 -29.01 -39.48

Table 3: Changes (%) in the total number of mismatches and expected alloimmunizations
per patient group and hospital type when comparing outcomes from where the distribution
centers are informed about elective transfusions in each of the connected hospitals
included in the multi-hospital setup to outcomes from the single-hospital setup.



DISCUSSION 37

Table 4 shows a few simulation characteristics for all patient groups considered in
single- and multi-hospital scenarios. It demonstrates that shortages for nearly all patient
groups decline significantly when the individual hospitals propagate patient requests to
the distribution center (DC), underlining the benefit of informing DCs about the blood
required for elective transfusions.

For SCD patients, the proportion of shortages in single-hospital simulations is relatively
high compared to other patient groups for both university and regional hospitals. Given
that for SCD patients mismatching is not allowed for most minor antigens (Table 1), finding
compatible products in a single hospital’s inventory proves to be challenging. Consequently,
forwarding these requests to the DC is a successful strategy for preventing shortages.

The ATHA patient group suffers a slight increase in the number of shortages for both
hospital types. This is likely due to the assumption that these patients’ requests cannot
be planned in advance, and a compatible product can only be found if already in stock.
As the DC aims to reserve products with high usability for allocation to hospitals in need,
fewer antigen-negative units are stored in hospital inventories, increasing the number
of shortages for requests that become known on the day of use. A similar effect can be
observed for the Wu45 patient group, as a result of our assumption that 50% of these
transfusions are non-elective.

3.4 DISCUSSION

In this study we investigated how the MINimize Relative Alloimmunization Risks
(MINRAR) model, as proposed in Chapter 2, can be extended by applying patient group
specific mismatch weights to minimize the risk of alloimmunization for groups requiring
extensively matched red blood cell (RBC) products. We used empirical data on the relative
immunogenicity, combined with a classification of antigen and patient group importance,
to establish patient group specific mismatch weights. To assess the effectiveness of the
proposed weights in reducing mismatches for the selected patient groups, multiple one-year
simulations were conducted. The outcomes of these simulations should not be considered
practical advice or a prediction of future RBC matching in the blood supply chain. Instead,
our objective is to gain insights and illustrate opportunities for RBC matching in a scenario
where both donors and patients are extensively typed for clinically relevant minor antigens.

For the single-hospital simulation setup, our method demonstrated an effective
reduction in the number of mismatches for all high-risk patient groups considered, mainly
on the antigens that either come with a high probability of alloimmunization, or where
alloimmunization has the most severe consequences. As a result of implementing a patient
group directed approach, expected alloimmunization can be reduced by 75% for these
groups. However, this benefit leads to an increase of alloimmunization incidence by 14-35%
for patients for whom the effects of mismatching are assumed to be less impactful, being
the patient groups Wu45 and Other.

We investigated to what extent the matching quality improves for various patient
groups when information on requested products is propagated to the distribution center
and incorporated into supply decisions for specific hospitals. For the majority of patient
groups, this results in an increased number of antigens that could be matched compatibly.
Additionally, the number of shortages can be significantly reduced, in particular for the
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Shortages Units reserved at
Single-hospital Multi-hospital the DC

Allo 1.17 (0.85-1.49) 052 (0.16-0.89) 85.72 (84.17-87.27)
SCD 1434 (10.62-18.05) 0.12 (0.00-0.38) 99.19  (98.48-99.91)
Thal 178 (0.00-3.87)  0.00 (0.00-0.00) 99.07 (98.45-99.69)
MDS - - - - - -
ATHA 216 (0.17-415) 251 (1.74-327)  0.00 (0.00-0.00)
Wud5 0.1 (0.00-0.32)  0.46 (0.21-0.70) 47.15 (45.15-49.16)
Other  0.14 (0.00-0.29)  0.00 (0.00-0.00) 81.41 (81.03-81.79)

Total 033 (0.19-0.48)  0.08 (0.06-0.10) 78.79 (78.3-79.27)

(a) Regional hospital.
Shortages Units reserved at
Single-hospital Multi-hospital the DC

Allo 0.25 (0.00-0.54)  0.06 (0.00-0.13) 84.52 (83.66-85.39)
SCD  13.19 (12.02-14.35) 0.15 (0.02-0.28) 99.05 (98.63-99.46)
Thal 042 (0.13-0.71)  0.00 (0.00-0.00) 99.05 (98.8-99.30)
MDS 036 (0.06-0.67)  0.02 (0.00-0.08) 98.75 (98.64-98.86)
AIHA 043 (0.02-0.84)  0.75 (0.44-1.07)  0.00 (0.00-0.00)
Wud5 000 (0.00-0.00)  0.07 (0.04-0.11) 46.31 (45.38-47.24)
Other  0.00 (0.00-0.00)  0.00 (0.00-0.00) 79.71 (79.15-80.27)
Total  0.83 (0.78-0.89)  0.04 (0.03-0.05) 77.73 (77.39-78.08)

(b) University hospital.

Table 4: Number of shortages and units reserved at the distribution center (DC) for
various patient groups, as a percentage of the total number of requests for patients of that
group (95% CI).

Note: A shortage occurs whenever there is no product available that is compatible on the major
antigens A, B and D, or on any of the antigens marked with an x in Table 1, for at least one of a
patient’s requested units. Units that were reserved at DC indicate that for some patient, a better match
was available at the DC than in the hospital’s inventory, and the product was therefore reserved to
be transported to that hospital.

SCD patient group, as most minor antigens considered are not allowed to be mismatched
for these patients. Note that in reality, a shortage does not imply that a patient will receive
either an incompatible product or no product at all; hospital staff will make sure to obtain
a compatible product, by requesting an emergency delivery of a compatible product from
the distribution center. Nonetheless, it is highly desirable to avoid such measures in order
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to provide patients with appropriate blood products. The observed effects of information
sharing on the reduction of both mismatches and shortages can be used by blood supply
services to drive changes in information sharing within the supply chain design.

It is crucial to emphasize that the results and improvements as demonstrated by our
simulations are confined within the specific parameters and assumptions decided for
this study. As each of these decisions stems from simulations being an approximate
representation of reality, both necessary and unavoidable simplifications were incorporated
in the simulations. These assumptions impact the way model outputs should be interpreted
with respect to the real world, rather than their potential for practical applicability. First,
the model optimizes matching over a day, as if all requests for a given day were known
and could be optimized together. In reality, orders may come in one after the other, and
units already given are not available anymore. Second, the data used to represent patients
and supplied RBC products is limited. Data on patient group distributions was based
only on two hospitals, and actual lead times for requests likely exhibit greater variation
than included in our simulations. In addition, for patient groups SCD, Thal, AIHA, MDS,
we assumed a demand of two units for each request whereas in reality there is more
variation in the number of units requested. Finally, we did not account for units that
are requested for transfusion but are returned to hospital stock, which is quite common
in practice. Particularly for patients undergoing surgery, a surplus of blood products is
typically reserved for use only in cases of excessive blood loss. Unused units will return to
inventory and a foreseen mismatching unit will in fact not result in a mismatch, indicating
that the estimated number of mismatches is an overestimation. However, the risk of
outdating will increase when issued units are (repeatedly) not transfused. Neither of these
effects is accounted for in our model and will be a topic for future research.

In this study we considered patient group specific mismatch weights, which are
calculated as the product of three elements: relative immunogenicity, antigen weight,
and patient group weight (as discussed in Appendix A). It is important to acknowledge that
only one of these elements (immunogenicity) is obtained from empirical experiments, and
that the other two rely on expert opinion. Future research might aim to investigate and
improve these estimates (and weights). Moreover, the model’s second objective function
balances the number of mismatches, minor antigen substitution, the age of the issued
products, and their usability. The overall matching quality is likely to benefit from more
research on how to best balance these objectives.

More research is necessary to support steps towards potential implementation of
(automated) extended matching in hospital practice. In an ideal world, information
regarding RBCs is included in the planning for the distribution of all RBCs throughout the
supply chain, as soon as it becomes available. In a future where all donors have been typed
on all clinically relevant antigens and information on RBC requests is shared immediately
with the blood bank, it may even become possible to guide donor invitations to provide
the best quality blood products to all patients.
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APPENDIX

A WEIGHT CALCULATION

The level of importance for matching RBC products compatibly was estimated by
immunology experts for all combinations of patient groups and antigens. These estimates
were shown in Table 1 of the main text. 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 5 contains results presented in Evers et al. [186], 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

Cohort size 6758 4247 15122 433 19274
Alloimmunization 0.21% 0.43% 1.46% 0.51% 2.34%

Estimated relative
. . . 3.45% 7.06% 23.97% 8.37% 38.42%
immunogenicity

Fy* Fy? Jk*  JK° S s

Cohort size 7181 3583 4890 5482 9479 2317
Alloimmunization 0.27% 0.08% 0.51% 0.02% 0.08% 0.00%

Estimated relative
. . . 443% 131%  8.37% 0.33% 1.31% 0.00%
immunogenicity

Table 5: Estimated relative immunogenicity per antigen.

Note: Cohort size = size of the antigen negative cohort (total of 21512 patients), Alloimmunization =
number of patients forming alloantibodies as a percentage of the antigen-negative cohort.
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A.2 ANTIGEN WEIGHTS

Table 6 shows the antigen weights agreed upon by our immunology experts, expressing
the severeness of alloimmunization 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 ¢ E e K Fy* F’ JK* JK° s s

Weight 15 15 15 15 15 1.0 1.0 1.0 10 05 05

Table 6: Estimated antigen weights.

A.3 PATIENT GROUP WEIGHTS

Table 7 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).

Allo SCD Thal MDS AIHA Wu45 Other

Weight 60 100 40 40 60 1 1

Table 7: 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 8. 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.
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C c E e K Fy F* Jk JK S s
Allo X X X X X 1.364 0.404 2576 0.101 0.202 0.077
SCD x X X X X X 0.673 X X 0.337 0.128
Thal X X X X X 0.682 0.202 1.288 0.051 0.101 0.038
MDS X X X X X 0.682 0.202 1.288 0.051 0.101 0.038
AIHA X X X X X 1.364 0.404 2576 0.101 0.202 0.077
Wu45 0.027 X X 0.064 X 0.023 0.007 0.043 0.002 0.003 0.001

Other 0.027 0.054 0.184 0.064 0.295 0.023 0.007 0.043 0.002 0.003 0.001

Table 8: 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 ‘x’.

B GENERATION OF DEMAND DATA

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 9 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.

B.2 NUMBER AND PHENOTYPE OF UNITS REQUESTED

Figure 3 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
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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 9: Distribution of patient categories in university and regional hospitals, used for
sampling patient requests.

products is reserved for use only in cases of excessive blood loss, and unused units are
returned to inventory.
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Figure 3: Distribution of number of units transfused per transfusion episode.

C GENERATION OF SUPPLY DATA

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 4. 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 [201].
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Figure 4: ABO-Rh(D) blood type distribution of donated RBC units and of the Caucasian
population.
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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
(Section 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 (Section 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 Section E.4.

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 Section E.5.

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.
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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 Section E.5 determines
which products will be shipped.

5. The distribution center’s inventory is replenished with fresh RBC units.

E MODEL FORMULATION

This supplement contains the mathematical formulation of the MINRAR model. Sections E.1
to E.3 present the sets, parameters and variables that are used as input for the model.
Section E.4 contains the model for the single-hospital setup, while Section E.5 contains
the two models used in the multi-hospital setup. Finally Section E.6 displays some
computational statistics on both the single- and multi-hospital model.

After solving either one of the models described in Sections E.4 and Section E.5, 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.1SETS

T = set of products present in the inventory;
R = set of requests known;

AMAOT — get of all major antigens = {A, B, D};

A™IOT — et of all minor antigens considered = {C, c, E, e, K, Fy?, Fyb, JK?, JKP, S, sh
A = set of all antigens considered = A™3°T y 4™inor;

P = set of patient groups receiving extensively matched RBC products
={Allo, SCD, Thal, MDS, ATHA, Wu45, Other};

E.2 PARAMETERS

b; = usability of inventory product i € T on A™¥", this being the proportion of patients
that can receive product i without mismatching on any of the major antigens;
b, = usability of request r € R on A™", being the proportion of patients that can receive
products with the same blood group as r without mismatching on A™4°T;
Cir = 1 if request r € R is compatible with product i € 7, 0 otherwise;
T;r = 1 if request r € R is scheduled before expiration of product i € 7, 0 otherwise;

t, = 1 if the issuing day of request r € R is today, 0 otherwise;
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pr = patient group of request r € R;

n, = number of units requested inr € R;

v = 1 if inventory product i € T is positive for antigen k € A, 0 otherwise;

Uik = 1 if request r € R is positive for antigen k € A, 0 otherwise;

g = age of RBC product i € 7 in inventory;

wg = weight for mismatching on antigen k € A, possibly dependent on patient type.

E.3 VARIABLES

Xy = 1 if request r € R is satisfied by product i € I, 0 otherwise;

¥ = 1if request r € R is not fully satisfied (shortage), 0 otherwise;

zy; = 1 if request r € R is mismatched on antigen k € A at least once, 0 otherwise.

E.4 THE SINGLE-HOSPITAL SETUP

The MINRAR model for determining which inventory products to assign to which requests

on a single day is defined as follows:

minimize Z yr([Rlt-+1)
reR

5. Y zawe+ Y, 05058 V5 4+ Y (b —by)x;,

i€el,reR

K Wi (1 = v )opk

L. reR ke A iel,reR
minimize
+
keAmnor je T refrlreR,p,e{Wu45,0ther}}
s.t. n— 2 xr < myr
i€l
Z Xir <1
reR
X < Gyl
Y xpvi(1—vpg) < zgeny
i€l
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iel
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viel
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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
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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 y, to 1 if
not all units that were requested by r € R are satisfied. Constraint (4) ensures, for each
inventory product i € 7, that i can be issued no more than once. Constraint (5) forces x;, to
0 if a match between product i € T 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 z, 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 Fy® are only
counted whenever the patient is positive for antigen Fy* (i.e. v,py» = 1 for patient request
r € R), since patients negative for Fy® are not able to develop alloantibodies against Fy".
Finally, constraint (8) ensures that all variables are binary.

E.5 THE MULTI-HOSPITAL SETUP

Section D describes the steps executed in each simulation. In this section, the two models
used in the multi-hospital setup are displayed. Section E.5 contains the model for matching
all requests to inventory products (either from the hospital’s or distribution center’s
inventory), and Section E.5 describes the model for allocating the remaining supply, to
make sure each hospital’s stock reaches the capacity of their inventory.

ALLOCATION OF PRODUCTS

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
Sections E.1 and E.2, the following changes and additions are made:

H = set of all hospitals;
1" = set of products in inventory of hospital h € H;
19¢ = set of products in inventory of the distribution center;

R" = set of requests in hospital h € H;

t, = 2 if the issuing day of request r € R is today, 1 if it is tomorrow, 0 otherwise.
The variables in the model are:

xl-’} = 1 if request r € R of hospital h € H is satisfied by product i € I", 0 otherwise;

x% =1 if request r € U R is satisfied by product i € 79, 0 otherwise;
heH

yﬁ‘ =1ifrequestre R is not fully satisfied (shortage), 0 otherwise;

2! =1if request r € R" 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.
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The variables have to satisfy a number of constraints. Constraint (11) forces y;, 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 € I" and i € I9 respectively, that product i can be issued no
more than once. Constraint (15) forces x/ and x{¢ to 0 if a match between product i € 7"
or i € 19 and request r € R" is either incompatible on the major or ‘must’ antigens, or
timewise impossible. Constraints (16) and (17) force sz 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 Fy® are only counted whenever the patient is positive for antigen
Fy? (i.e. vpy» = 1 for patient request r € R), since patients negative for Fy* are not able
to develop alloantibodies against Fy”. Constraint (18) states that requests that need to
be issued today can not be satisfied using products from the distribution center. Finally,
constraint (19) ensures that all variables are binary.

h hih h
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5- 3 szwk + 3 _0.5(35*gx*1)/5xl_f; + Y (bi— br)xihr
keAheH reRM heM ieTh reRh heH,icTh reRh
h —_1):
minimize X Wi (1 — ik ok (10)

keAminor hedf reTh refrlreRM, p,e{Wu45,0ther}}

d
+ )y x5 Wi (1 = Vit )0k
keAminor peH reTde refrlreRM ,pr€{Wud5,0ther}}

s.t. nyt+ Y A+ Y x> on, vreRLheH (11)

ieZh ie7de
Y+ Yk < on vreRLheH (12)

iezh jezde
Y X o< o1 vieI"heH (13)

rerh
Y oxk <o vie1d (14)

reR" heH
xl-lfc < GCyTy vie I re R" loc e {h,dc},he H (15)
Y (1 -v4)) < szn, vr € Rk € A\{Fy"},loc € {h,dcL,he H (16)

jegloc
1 h h

ie%:m(xif CUil?y"(1 - U,.Fyb)l)ipya) < Z bt vr € R"loc €{h,dc},he H (17)
et < 2 vieI®reR"heH (18)

x}fc,yf,sz e {0,1} vieI"reR" ke AlocefhdctheH (19)

ALLOCATION OF REMAINING SUPPLY

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
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presented to determine which products from the distribution center’s inventory will be
transported to which hospital. The model contains the following variables:

x;p = 1 if inventory product i € 7 is allocated to hospital h € H, 0 otherwise.

With respect to the sets and parameters presented in Sections E.1 and E.2, the following
changes are made:

H = set of hospitals to be supplied;
Djn = 1if product i € T was allocated to hospital & € H in the previous step, 0 otherwise;
s, = number of products to be supplied to hospital h € H;

b; = usability of blood product i € T on the antigen set .A™"°", 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 (20), 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 (21) forces x;;, to 1
if product i € T was already allocated to hospital & € H in the previous step. Constraint
(22) makes sure that for each hospital h € H, the number of products transported sums up
to the requested supply. Constraint (23) ensures that each inventory product i € T can be
transported no more than once. Finally, constraint (24) ensures that all variables are binary.

minimize IZh H(—0~5(357g"71)/ >xin) + (bixin) (20)
ie1 he
s.t. X 2 Dy viel,heH (21)
Yxin = s vhe H (22)
i€l
Yoxn <1 viel (23)
heH

xn € {0,1} VvieIL,heH (24)

E.6 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)
[214]. The commercial solver Gurobi (version 9.1) was used to execute the model and
generate results [200]. The code is available on Github?.

2https://github.com/WemelsfelderML/blood_matching
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Weights Hospital Property Variables Constraints Time (sec)

Resional Mean 12 108 2182 86

Relative immuno- & St. dev. 3556 565 227

genicity weights .. Mean 42 604 4670 283
University

St. dev. 9 282 848 370

Resional Mean 12 164 2182 81

Patient group & St. dev. 3603 565 227

weights .. Mean 42 359 4670 317
University

St. dev. 9 088 848 399

(a) Single-hospital setup.

Property Variables Constraints Time (sec)

Mean 377 529 18 419 580
St. dev. 74 008 2 835 247

(b) Multi-hospital setup.

Table 10: A few computational statistics on the optimization models for the single-hospital
setup (Section E.4) and the multi-hospital setup (Section E.5).

F 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 5 shows the
total number of mismatches in regular and 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.
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(b) University hospitals.

Figure 5: Absolute number of patients of each patient group, at the simulated hospitals,
who received a mismatched RBC product.

Note: Matching is performed using relative immunogenicity weights (Table 5) or patient group
specific weights (Table 8), and is performed in a single- or multi-hospital setup.

G 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. Figures 6a and 6b show 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 8). Figures 6¢ and 6d shows the number of mismatches when including
a distribution center in the simulated scenario, compared to applying the matching within
one hospital.



RELATIVE CHANGE IN NUMBER OF MISMATCHES 53

100

50

=50

Relative change (%)
=
—

—-100

[ ¢ E ¢ K Fy* Fyb Tke g S
Antigen

/3 Allo I SCD 3 Thal I MDS [ AIHA I Wud5 [ Other

(a) Change for regional hospitals when using patient group weights compared to relative immunogenicity weights.
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(b) Change for university hospitals when using patient group weights compared to immunogenicity weights.
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(c) Change for regional hospitals when using the multi-hospital setup compared to the single-hospital setup.
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(d) Change for university hospitals when using the multi-hospital setup compared to the single-hospital setup.

Figure 6: Relative change in the number of mismatches when using a different type of
mismatching weights or hospital setup.
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H MODEL VERIFICATION BY COMPARISON

As mentioned in the introduction of the main text, the model we proposed is an extension to
the MINRAR model proposed in Chapter 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,
England, 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 define the version of the patient-group specific MINRAR model as proposed (V).
and the version of the patient-group specific model as implemented in Cambridge (Vgn). To
verify both of these models, we copied the simulation setup of Vgy, and ran simulations for
the same sets of patient requests and supplied RBC products on both models. The aim was
to determine if the outputs and system states during simulation were consistent between
the two model implementations. Vgy is implemented in Python (version 3.8) and the solver
used was the POT toolbox [216]. Vgn was executed 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.

H.1 SIMULATION SETUP

Verification of each model implementation was carried out by executing multiple six-week
(42 days) simulations, solving the model in Section H.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, ¢, 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 11. 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 Reid
et al. [201].
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SCD X X X X X 0.191
Other 0.000 0.000 0.000 0.000 0.000 0.000

Fy* Fy* Jk* Jk° N S

SCD 0.144 0.102 0461 0.047 0.016 0.039
Other 0.000 0.000 0.000 0.000 0.000 0.000

Table 11: 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

(L)

X,

H.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 Sections E.1 and E.2. The variables in the model are:

xir = 1 if request r € R is satisfied by product i € 7, 0 otherwise.

The model contains two objective functions. First the primary objective (25) 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 (26) is solved. This
objective minimizes a sum of three component penalties: ¢;, c; and cs. The coefficients
of these penalties are obtained by tuning Vgn, using Bayesian Optimisation to minimize
total expected alloimmunization. Penalty ¢, is the sum of weighted mismatches for SCD
patients and is expressed by:

e (x) = >, > wiexir Vi (1= vy)-

i€l re{rlreR,p,=SCD} ke A

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

-1 _
c(x) = Z (@gi +87981)1 198x;,.
i€l re{rlreR,p,=SCD} "~

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, cs, is the FIFO-penalty for Other patients which is expressed by:

c3(x) = Z 0,508 D/5,
ieZ refrireR,p,=0Other}

The FIFO-penalty awards a bonus (negative penalty) for issuing older products in order to

prevent outdating. Figure 7 shows how penalties ¢, and ¢; vary with the age of the product.
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minimize r§a(nr - iezl Xir) (25)
minimize 0.578¢1(x) +0.361cy(x) +0.061c3(x) (26)
s.t. xy <1 viel (27)
reR
Yxr < nm vreR (28)
il
X < Gy viel,reR (29)

xirg < 14 vieLre{rlre R,p,=SCD} (30)

K]
<
m

{0,1} vieILreR (31)

Constraint (27) ensures, for each inventory product i € Z, that i can be issued no more
than once. Constraint (28) ensures for each request r € R, that r can not receive more
inventory products i € T than the number that was requested. Constraint (29) forces x;,
to 0 if a match between product i € T and request r € R is incompatible on the major or
‘mandatory’ antigens. Constraint (30) does not allow inventory products i € T that are
older than 14 days to be issued to SCD patients. Finally, constraint (31) ensures that all
variables are binary.
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Figure 7: 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.

H.3 COMPARISON OF RESULTS

The results reported in this section to verify Vni and Vgn, 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 Vi, and Vgy to just the software implementation, solver and hardware
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they were executed on. The results are reported only for the SCD patients, unless stated
otherwise.

Table 13 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 Vi, and Vgy 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 12 is the expected alloimmunizations and this is shown in Table 14. From this we
can calculate the total expected alloimmunizations of Vi, is 0.359 and for Vgy it is 0.362,
which we judge to be reasonably close.

k Fy? FyP JKk? Jkb M N S s

0.0 0.00046 0.000327 0.00147 0.00015 0.00061 0.00005 0.000125 0.0

Table 12: The expected alloimmunization rate for each mismatched unit of blood on each
antigen [186].

k Fy* F* Jk* Jk* M N S s

VN 00 991 7800 00 173.2 14 1452 191.7 90.8
Ven 0.0 1043 7767 02 181.0 1.2 1504 1974 90.0

Table 13: Mean number of mismatching units given to SCD patients per antigen over ten
simulations.

k Fy* Fy* Jk* K M N S s

VN 0.0 0.0456 0.2548 0.0000 0.0260 0.0009 0.0073 0.0240 0.0
VEN 0.0 0.0480 0.2537 0.0003 0.0271 0.0007 0.0075 0.0247 0.0

Table 14: 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-Rh(D) blood groups, Ry (D+ C— c+ E- e+) and Duffy (Fy*, Fy®"). The stock levels
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of major blood groups are constantly monitored in reality by blood services. The Ry and
Dufty 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, Ry requests by SCD patients must not be mismatched. A final reason to
monitor the Duffy blood groups is that we can see from Table 13 that mismatches on the
Fy® and Fy” antigens are the main driver of expected alloimmunizations in our simulations.

It was found that, apart from the early stages of the warm-up period, both models have
similar levels of stock for all major blood groups. 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 Vgy 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 random donations and patient requests. The
initial choice to use POT with Vgy 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 15. 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.

VEN POT VEN Gurobi VNL Gurobi

Mean 9.72 200.7 1560.49
St. dev. 0.07 5.07 135.76

Table 15: 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 reasonably 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.




