Machine learning and
GPU-accelerated computing applied
to platelet inventory management in

a hospital blood bank

Joseph Marc Farrington

A dissertation submitted in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
of
University College London.

UKRI CDT in Al-enabled Healthcare Systems
& Institute of Health Informatics

University College London

December 22, 2024



2

I, Joseph Marc Farrington, confirm that the work presented in this thesis is my
own. Where information has been derived from other sources, I confirm that this

has been indicated in the work.



Abstract

Hospital blood banks must maintain an adequate stock of platelets and other blood
products to ensure that patients can receive transfusions when needed, while trying
to minimize wastage. Challenges include short product shelf lives, donor-recipient
compatibility, and the fact that some requested units may not be transfused.
I used machine learning (ML) and graphics processing unit (GPU)-accelerated
computing methods to find policies for two key decisions: how many platelet units
to order from a supplier (replenishment) and selecting platelet units to meet demand
(issuing).

My review of the literature identified opportunities to: use deep reinforcement
learning (DRL) to learn how to act in the large state spaces needed to represent
perishable stock; use GPU hardware to compute the optimal replenishment policy
for larger, more realistic problems; and improve issuing policies which have
received less attention than replenishment decisions.

I first developed a novel reinforcement learning environment to model a
simple platelet replenishment problem. DRL policies performed near-optimally on
simulated data and outperformed commonly used heuristic policies on real demand
trajectories from a UK hospital.

My GPU-accelerated implementation of value iteration enabled the optimal
policy to be computed for perishable inventory management problems where this
was recently deemed infeasible or impractical, with up to 16.8M states, using
consumer-grade hardware. These results can support benchmarking approximate
approaches including DRL.

I designed a novel ML-guided issuing policy to address the fact that not all
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requested platelet units are transfused. I explored how the utility of the policy
depended on the quality of patient-level ML predictions of transfusion and trained
an ML model, with AUROC 0.74, sufficiently good to support wastage reductions
under the new policy.

Finally, I extended the problem to jointly optimize replenishment and issuing
policies to manage multiple perishable products with substitution, including

platelets with all eight ABO/RhD blood types.



Impact statement

The findings of this thesis can help to improve the management of platelet inventory
and, by extension, other perishable products.

In the more realistic problem settings, policies learned using DRL and
neuroevolution often perform better than widely used heuristic rules, and could
be extended to incorporate additional real-time information from electronic health
records. Additionally, I have shown that using neuroevolution to fit policies enables
key performance indicators (KPIs) to be incorporated directly into the optimization
process. This avoids the need for invoking notional costs to balance competing
objectives and supports informative visualizations of feasible trade-offs.

The novel ML-guided issuing policy, Youngest Unit for Predicted Returns
(YUPR), could help to reduce platelet wastage, particularly in hospitals where
the remaining useful life on arrival at the hospital blood bank is short and it is
common for requested platelet units not to be transfused. Based on my findings, the
transfusion laboratory at our partner site is considering adopting a YUPR policy
using a rule-based system, combining insights from my ML model with expert
knowledge.

Three aspects of the research have broader applications: a simulation-first
approach to understanding the utility of a proposed ML model, the implementation
of two widely used methods for finding policies using a high-level Python
library developed for ML to take advantage of modern GPU hardware, and
GPU-accelerated reinforcement learning environments for problems with multiple
agents.

The simulation-first approach to predictive modelling, evaluating the utility
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of a proposed prediction model using a simulated workflow prior to model
development, may be useful in any setting where simulating the workflow is
tractable. It could help to focus future research efforts on prediction tasks that are
more likely to be deployed because the practical utility, in terms of KPIs of interest
to decision makers, is demonstrated at an early stage.

The GPU-accelerated implementations of dynamic programming and
simulation optimization provide a useful case study for operational research, where
adoption of GPUs appears to be very limited. Access to the optimal policy for
larger, more realistic problems can support better benchmarking of heuristic and
approximate approaches. GPU-accelerated simulation enables many simulated
episodes to be run in parallel, supporting a broader search for policy parameters
and reducing the error in the estimates of performance.

The GPU-accelerated reinforcement learning environments for multi-agent
problems can be used to jointly optimize the policies of multiple agents and the
adapted single-agent environment may be particularly useful for problems where
two agents share the same reward function and do not act in parallel or in a fixed
order.

I have made my code available to support other researchers interested in
solving related problems and to reduce duplicated effort. The reinforcement
learning environments representing blood product inventory management workflows
can be used to compare alternative optimization approaches and policies. The
GPU-accelerated implementation of value iteration can be customized for
alternative Markov decision processes and used to find optimal policies for a wide

range of problems.
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Chapter 1

Introduction

1.1 Problem statement

Hospital blood banks need to maintain an adequate stock of products, including
packed red blood cells (PRBCs) and platelets, to meet demand for transfusions
while avoiding waste. Shortages may put patients at risk, for example by delaying
a necessary procedure. In addition to the financial loss caused by waste, there
is also a moral component: there is a responsibility for the blood supply chain
to make the best use of products that have been altruistically donated and high
wastage may reduce donor confidence and affect future donation rates. Determining
adequate stock levels, and the orders required to maintain them, is complicated
by the perishable nature of blood products, the requirement for compatibility
between blood donors and recipients, and the fact that not all products requested
for patients are subsequently transfused. A hospital blood bank must therefore hold
an appropriate mix of products but cannot hold large quantities ‘just in case’ because
that would lead to high levels of waste.

In this thesis I concentrated on platelet inventory management due to their short
shelf life and high reported wastage rates. I investigated how machine learning (ML)
and graphics processing unit (GPU)-accelerated computing can be used to support
two key decisions: placing a replenishment order with the supplier and selecting

units from stock to issue to a patient.
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1.2 Motivation

A systematic review published in 2020 found that the common range for platelet
wastage rates in hospitals was 10-20% [1]. The United Kingdom (UK) Blood
Stocks Management Scheme reported that 4.5% of platelet units issued to hospitals
in England were wasted at a cost of £2M in 2017/2018 [2], with a higher wastage
rate of 4.8% (11,758 units reported as wasted, of 247,416 units issued) in 2022/2023
[3]. Additionally, in an effort to avoid wastage, it is common for patients to receive
platelets from a donor whose blood type is not an exact match [4, 5] which, in
some cases, can put them at risk of complications or make the transfusion less
effective. Finding improved policies (functions that map observations of the world
to the actions that should be taken) for platelet replenishment and issuing could help
to reduce wastage while ensuring that the right unit is available for the right patient
at the right time.

Blood product inventory management is an example of a perishable inventory
problem. Perishable inventory problems have large state spaces, the number
of possible states the system can occupy, due to the need to represent the age
profile of the stock. Dynamic programming methods, such as value iteration,
can be used to compute the optimal policy but do not scale well to large state
spaces and are therefore difficult to apply to perishable inventory problems [6].
Deep reinforcement learning (DRL) methods offer an approximate counterpart to
value iteration and have been specifically designed to learn how to act in large
state spaces using the function approximation capabilities of deep neural networks
[7]. A small number of studies have investigated the potential benefits of DRL
methods for managing perishable inventory, but none have specifically considered
inventory management in a hospital blood bank. Replenishment policies based on
neural networks can represent complicated functions and may be able to achieve
better performance than widely-used heuristic ordering rules by taking more of the
available information into account.

The understanding in the operational research literature about the size of

perishable inventory problems for which value iteration is feasible and practical
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does not appear to reflect recent advances in computer hardware, in particular
GPUs and the software libraries that make general purpose computing on GPUs
accessible to researchers without specialist knowledge. GPUs were developed for
rendering computer graphics, which requires the same operations to be efficiently
applied to many inputs in parallel. Compared to a central processing unit
(CPU), GPUs therefore have many more, albeit individually less powerful, cores.
GPU-acceleration refers to offloading computationally intensive tasks that benefit
from large-scale parallelization from the CPU to the GPU. Value iteration is well
suited to parallel processing using this model. The speed increases available
by running value iteration in parallel on GPUs may open up the possibility of
computing the optimal policies for larger, more realistic problems where it is
currently considered impractical or infeasible. Such policies could be useful
both for solving a problem directly and for benchmarking heuristic and other
approximate approaches.

My discussions with staff at our partner hospital revealed that not all platelets
requested by clinical teams are subsequently transfused and that, due to the short
useful life, this could lead to wastage when following a standard issuing policy that
issues the oldest unit in stock. It may be possible to use ML to predict, for a given
request, whether the patient will receive a transfusion. This prediction could in turn
be used to support an alternative issuing policy and potentially reduce wastage.

Finally, while it is common in research to only consider a single type of platelet
unit, UK and other hospital blood banks specify order quantities for different types
of platelet units, including by blood type. Incorporating this aspect of the real
problems brings the policy recommendations closer to real-life decisions. When
managing multiple products, with complex substitution relationships, it may be
beneficial to jointly optimize the replenishment and issuing policies. By modelling
the task as a multi-agent problem, the two policies can be jointly optimized and

extracted to be applied in practice.



1.2. Motivation 46

Chapter
Platelet replenishment

using reinforcement
learning

+ Lead time > 0 periods
CPU » GPU-accelerated

dynamic programming for!
optimal policy

+ Substitution between
two perishable products

CPU » GPU-accelerated
reinforcement learning
environments

+ Stock not all fresh on
arrival

+ Order quantity may
affect age on arrival

Fit heuristic policy

parameters with GPU-
accelerated simulation Chapter GPU-accelerated value

optimization iteration and simulation
for perishable inventory

management

GPU-accelerated
reinforcement learning
environments

Chapter peducing platelet + Not all issued
. . units transfused
wastage with a machine
learning-guided issuing
policy

+ Substitution between up to
eight perishable products

+ Jointly optimize
replenishment and issuing
policies

+ Issuing policy with

. .. . substitution doesn’t
Chapter Joint optimization of assume all demand arises

replenishment and issuing atonce

policies for multiple
Single > Multi-agent products with substitution
reinforcement learning
environments

Key
—> Add additional aspect to the problem —» Apply new method to scenario from
previous chapter
— U;e atpproach developed in previous — |Improve method from previous chapter
chapter

Figure 1.1: Overview of the connections between chapters of this thesis.



1.3. Research questions 47

The connections between the experimental chapters of my thesis are illustrated
in Figure 1.1. Each chapter addresses one of the supplemental research questions
set out in Section 1.3 below, and begins by setting out a more detailed motivation

for the work described within.

1.3 Research questions

The primary research question for this thesis is: can machine learning and
GPU-accelerated computing be used to find improved policies for platelet
replenishment and issuing in a hospital blood bank?

In support of this research question, 1 have investigated the following

supplementary research questions:
1. Can DRL methods be used to learn effective policies for platelet replenishment?

2. Do recent advancements in GPU hardware and software increase the size
of perishable inventory replenishment problems for which it is practical and

feasible to find the optimal policy?

3. How can hospital blood banks modify their platelet issuing policies to account

for discrepancies between clinician requests and subsequent transfusions?

4. Can the management of multiple products, with the potential for substitution
between them, be improved by modelling the task as a multi-agent problem

and jointly optimizing the replenishment and issuing policies?

1.4 Thesis outline

Chapter 2: Background and related work
In Chapter 2 I set out the background to this work including the blood supply
chain, blood product inventory management, and reinforcement learning
(RL). I also summarize the results of a scoping review on the applications
of ML in transfusion medicine, including the management of hospital blood

bank inventory, that I co-authored.
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Chapter 3: Platelet replenishment using reinforcement learning
In Chapter 3 I investigate whether DRL methods can be used to learn effective
policies for platelet replenishment. I implemented an RL environment based
on a platelet replenishment scenario from the operational research literature
and evaluated the performance of DRL methods using both simulated data
and real demand data from our partner hospital site University College

London Hospitals NHS Foundation Trust (UCLH).

Chapter 4: GPU-accelerated value iteration and simulation for perishable
inventory management
In Chapter 4 I explore whether recent advances in GPU hardware and
software increase the size of perishable inventory replenishment problems
for which it is practical and feasible to compute the optimal policy.
I developed a GPU-accelerated implementation of value iteration and
demonstrated that it could be used to find the optimal replenishment policy
for larger, more complex problem settings on three perishable inventory
replenishment scenarios from the recent literature. Additionally, I developed
GPU-accelerated RL environments of the perishable inventory scenarios, and
used them to efficiently fit the parameters of heuristic replenishment policies

using simulation optimization.

Chapter 5: Reducing platelet wastage with a machine learning-guided issuing
policy
In Chapter 5 I address how hospital blood banks can modify their platelet
issuing policies to reduce wastage when not all issued platelets are transfused.
I proposed and evaluated an ML-guided issuing policy based on an observed
challenge at our partner hospital. I used a simulated workflow to estimate the
potential benefits of the issuing policy using key performance indicator (KPIs)
and, based on these results, trained and evaluated a supervised machine
learning model to predict whether requests for platelet units would result in a

transfusion.
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Chapter 6: Joint optimization of replenishment and issuing policies for
multiple products with substitution
In Chapter 6 I investigate whether the management of multiple products, with
the potential for substitution between them, can be improved by modelling the
task as a multi-agent problem and jointly optimizing the replenishment and
issuing policies. I developed two types of GPU-accelerated RL environments
that supported distinct agents making replenishment and issuing decisions:
a full multi-agent environment and, for computational reasons, an adapted
single-agent environment. [ used these environments to model perishable
inventory management workflows, including managing platelet inventory
while considering blood type compatibility requirements. I compared the
performance of heuristic and neural network policies for both decisions,
including neural network policies that were jointly fit using multi-agent RL

and neuroevolutionary methods.

Chapter 7: Conclusion
In Chapter 7 I summarize the findings, strengths, and weaknesses of the thesis

and discuss possible avenues for further research.

Appendices
In the appendices I set out additional supporting material, including a
description of the inventory management processes at UCLH and supporting
descriptive analysis of data from the hospital transfusion laboratory in

Appendix B.

1.5 Ethical approval

This project, under the name “TransfuseAl’, was sponsored by the UCLH/University
College London (UCL) Joint Research Office and received ethical approval from
the National Health Service (NHS) Health Research Authority on 1 March 2021
(IRAS project ID 290615).

In line with the requirements of the application, all of the work with

pseudonymized patient-level data was conducted on the UCLH Data Science
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Desktop, a secure research computing environment hosted by the hospital.

1.6 Awards and honours

I was awarded the best poster prize at the UKRI AI CDTs in Healthcare Conference
in May 2022 and second place for the Gallivan Award at the 48th annual meeting
of the EURO Working Group on Operational Research Applied to Health Services
(ORAHS) in July 2022 for posters based on the work in Chapter 3.

In June 2024 I collected the award for “Healthcare partnership of the year”
at the London Higher Awards for work led by Dr Zella King at the UCL
Clinical Operational Research Unit. The award recognized the partnership between
UCL and UCLH, specifically the development and implementation of a machine
learning-based system to support hospital bed planners by predicting admissions
from the emergency department. I contributed to the development and evaluation of

the initial machine learning models as reported in King et al. [8].



Chapter 2

Background and related work

In this chapter I discuss the background to my work including the blood supply

chain, blood product inventory management, and RL.

2.1 The blood supply chain

The blood supply chain encompasses all of the processes required to go from
collecting a donation to transfusing a recipient. In a recent review of quantitative
modelling techniques applied to the blood supply chain, Osorio et al. [9] described

four main echelons:

* Collection: the process of collecting whole blood and blood components
from donors and transporting the collected products to a regional blood

centre.

* Production: the process of testing the collected blood and, where necessary,

fractionating whole blood into its component parts.

* Storage and inventory: the process of managing blood product inventory at
a hospital blood bank: placing replenishment orders with a regional blood
centre, transportation of blood products from the regional blood centre to the

hospital blood bank, and issuing units to meet patient demand.

* Distribution: the process of transporting blood units from a hospital blood

bank to a care unit, where they may be transfused to a patient.
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The blood supply chains of different countries and regions have different levels
of centralization. England has a highly centralized system in which all collected
blood is processed in one of three manufacturing centres, and the blood components
are then distributed to Stock Holding Units to fulfil orders from hospital blood banks
[10]. In this case, therefore, the regional blood centre in the echelons described
by Osorio et al. [9] is two different sites: the manufacturing centre and the Stock
Holding Unit. In contrast, the Stanford Blood Centre in California in the United
States of America (USA) performs the collection and production steps, and supplies
a single hospital blood bank serving two associated hospitals with almost all of its
required blood products [11].

This study concentrates on the third echelon described by Osorio et al. [9]: the
management of inventory in a hospital blood bank.

In this work, unless stated otherwise, I follow the naming conventions of
Prastacos [12], and consider a “regional blood centre” to receive products from
donation sites and fulfil orders from hospital blood banks, and consider “hospital
blood banks” to receive products from a “regional blood centre” and issue units for

specific patients at the request of their care teams.

2.2 Platelets

A wide range of components can be extracted from donated whole blood, but the
three major products in the blood supply chain are PRBCs, platelets and plasma.
Platelets can also be collected separately from donors by plateletpheresis [13,
p-19]. In this work I focus on platelets due to their relatively short useful lives
after donation. However, much of the relevant work on blood product inventory
management has focused on PRBCs and therefore I provide a description of PRBCs
in Appendix A.

Platelets are required for the formation of blood clots. Patients may receive
a platelet transfusion to either stop or prevent bleeding [14]. A common reason
for transfusing platelets is to prevent bleeding in patients with a low platelet

count (thrombocytopenia) who are receiving chemotherapy or undergoing a



2.2. Platelets 53

haematopoietic stem cell transplant [15]. There are multiple potential causes of
thrombocytopenia and both the underlying cause and the likelihood of bleeding
(e.g., in patients undergoing surgical procedures) are important considerations
when deciding whether to give patients a platelet transfusion [15].

The total demand for platelets from English hospitals in 2022/23 was 247k [3].
Reported wastage as a percentage of units issued to hospital blood banks was 4.8%
and the two leading causes of wastage were units that units that were medically
ordered but not used and time expiry [3]. As of June 2024, a single standard unit of
platelets in England cost £246 [16].

In UK, platelet units have a useful life of five days from donation, which
can be extended to seven days with automated bacterial screening, if kept under
temperature control in an agitator [13, p.21]. Until recently these screening
processes were not approved for use in the USA and the United States Food and
Drug Administration limited storage to five days after donation [17, 18]. Platelets
may be irradiated to inactivate lymphocytes, a type of white blood cell, in the
donated unit which might otherwise cause transfusion associated graft-versus-host
disease [13, p.156]. Unlike PRBCs, irradiation does not reduce the remaining useful
life of platelet units.

A key consideration when issuing a unit to be transfused is whether the
donor’s blood type is compatible with the recipient’s blood type. Blood groups
are determined by the presence or absence of molecules on the surface of red blood
cells: blood group antigens. While there are over 300 human blood groups, there are
two blood group systems that are particularly important in clinical practice: ABO
and Rh [13, p.7].

In the ABO system a patient’s red blood cells (and other tissue) may express
the A antigen (type A), the B antigen (type B), both (type AB) or neither (Type
O). Most people have antibodies for the ABO antigens not found on their own red
blood cells. I set out the compatible combinations of patient and donor ABO blood
groups in Table 2.1 [13, p. 8, 19, p. 64]. A “major” ABO incompatibility occurs

when the donor’s ABO antigens are incompatible with the recipient’s antibodies
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and is the main considerations for PRBC transfusions - the response of these
antibodies to incompatible transfused RBCs can be fatal. [13, p.8]. A “minor” ABO
incompatibility is the opposite: the recipient’s ABO antigens are incompatible with
the donors antibodies [20] and is the main concern for plasma-containing products.

There are multiple antigens in the Rh blood group system, but the presence
(RhD+) or absence (RhD-) of the D antigen is the most clinically significant. The
development of anti-D antibodies can lead to dangerous transfusion reactions, and
can also be dangerous to an RhD+ fetus carried by an RhD- mother.

A person’s ABO/RhD blood type is determined by their ABO and RhD blood
group antigens. When considering compatibility between a donor and recipient for
platelet transfusion, the main concern is donor antibodies in the plasma included in
the prepared unit of platelets - a “minor” ABO incompatibility. Anti-A and anti-B
antibodies may cause a dangerous reaction with the recipient’s own red blood cells
[13, p.8]. “Major” ABO incompatible platelet transfusions are relatively common
but may result in smaller improvements in platelet count and therefore a shorter
interval between transfusions [20].

Platelet units may also contain fragments of red blood cells, and therefore there
is a risk of the development of anti-D antibodies if RhD- patients receive a platelet

transfusion from an RhD+ donor [20].

Recipient ABO Antigens on “Major” compatible donor  Antibodies in “Minor” compatible
blood group RBCs blood groups recipient plasma donor blood groups
(0] - (0] anti-A, anti-B 0, A, B, AB

A A A, O anti-B A, AB

B B B,O anti-A B, AB

AB A,B AB, A,B,O - AB

Table 2.1: ABO antigens, antibodies and compatible donor blood groups

2.3 Machine learning applications in transfusion

medicine

There has been a growing interest in the application of ML across healthcare but,
at the start of my work on this thesis, there were no reviews of the literature that

provided an overview of ML research applied to challenges in transfusion medicine,
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including the inventory management of blood products. I conducted a scoping
review jointly with Dr Suzanne Maynard, a haematology registrar and DPhil student
at the University of Oxford, which was published in Transfusion [21]. I performed
the initial database search, based on discussions with the senior authors. Suzanne
and I reviewed the titles and abstracts for relevance in duplicate, read each of the
potentially relevant papers and extracted the data in duplicate, and jointly drafted
the manuscript.

We defined eligible studies as those where blood transfusion in humans (or
the support of transfusion) was the main outcome. We excluded research applying
linear or logistic regression primarily for statistical inference and/or to construct a
predictive risk score. A similar restriction was applied in a recent systematic review
on the impact of ML on patient care [22]. When considering inventory management
in a hospital blood bank, we concentrated on recent studies using patient-level or
aggregated features from electronic health records (EHRs) and, therefore, excluded
research predicting demand based on historical demand alone.

We searched the Clarivate Web of Science database on January 4, 2023 with

the query:

[TS = (machine learning OR artificial intelligence OR forecast®* OR
algorithm OR prediction model OR predictive model OR neural
network)] AND TS = {transfus* OR blood product OR blood bank
OR [reaction NEAR (blood OR transfus*)]}

Additional relevant studies were identified through a review of lists of
publications in the literature, consultation with the other authors, and a review
of the reference lists of the studies identified as relevant from the Web of Science
search.

The Web of Science search returned 4,504 publications. Initial title and
abstract screening identified 107 potentially relevant studies, and 91 of these papers
were selected for inclusion after full-text review. Two additional papers were
identified by citation review, for a total of 93 studies. Three of the 107 studies were

excluded because the same work had been published in different journals aimed
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at different audiences. The publication from a journal with a medical focus was
selected where possible in these cases.

We assigned each of the 93 studies to a clinical category, based on our
understanding of the literature and refined after the initial screening process. For
each paper, we extracted details of the clinical application area, sources of data, ML
methods, and a set of pre-defined factors agreed by all the authors as important to
understanding the methodology, strengths and limitations of studies applying ML
to healthcare problems.

More than half of the studies (52/93) were published between 2020 and
2022, supporting our understanding that there is a growing research interest in
this area. The most common application area was the prediction of transfusion
(58%), followed by transfusion safety (22%), inventory management in a hospital
blood bank (10%), and supporting transfusion decisions (10%). Surgery was the
most common setting for the studies predicting transfusion (33/54), with trauma
the second most common (13/54). The remaining eight studies applied ML
to predict transfusion in the settings of obstetrics, gastrointestinal bleeding, and
haemato/oncology and, in three studies, to a broader set of patients (all inpatients
and intensive care).

The main source of data used for the studies was EHR systems (70% of
studies), which we defined broadly as systems storing routinely collected data, as
opposed to data specifically collected for research or audit purposes. Alternative
sources of data included research databases and primary research data collected
from laboratory work. Supervised learning (learning a function that maps input
features to a target output based on labelled examples) was the most frequently
applied ML approach, used in 98% of the studies (91/93), while four (4%) used
unsupervised learning (identifying patterns in unlabelled data) and none used RL
(see Section 2.5). The majority of studies evaluated their models on historical
data, with only eight studies (9%) reporting deployment or prospective evaluation.
Four of these eight studies applied their models on prospectively collected data, one

reported a “shadow test” in which predictions were made in real time but were not
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made available decision makers, and three reported results for a live deployment
of their models. Most publications (65%) compared the results of the ML models
to some benchmark approach, such as logistic or linear regression, a previously
published method, or current practice.

We did not conduct a meta-analysis of the results due the wide range
of problems considered, the heterogeneity of the methods and the limited use
of recognized reporting frameworks. Of the studies making individual level
predictions, only 11/54 papers predicting transfusions, and none of the studies
predicting transfusion reactions or adverse events, reported their results in line
with a reporting framework. These factors made synthesizing the results of the
studies challenging and, alongside the limited number of studies that stated that
their research data (28%) and code (12%) was available, may limit the efforts of
future researchers to validate the models and build upon existing research. The
development of common task definitions, use of established frameworks to report
results and, when possible, making data and code available to other researchers
would make it more straightforward to compare the performance of different
methods and identify promising candidates for expensive prospective validation
studies.

While only 10% (9/93) of the studies related directly to the management of
blood product inventory in a hospital blood bank, the other application areas may
have indirect effects on the management of blood product inventory in the future.
For example, the ability to more accurately predict the need for transfusion for
individuals in advance, or predict the benefit of a transfusion for an individual
patient, may alter how often, and how far in advance, clinical teams request blood
products. Additionally, the ability to non-destructively determine the haemoglobin
content and iron content of PRBC units [23, 24] may change how stock is ordered,
labelled and managed to support more precise dosing.

Seven of the nine studies applying ML to hospital blood bank management
focused on supporting ordering decisions with demand forecasting. These studies

are discussed in detail below in Section 2.4.3. The two other studies directly applied
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ML methods in an effort to reduce wastage: directly predicting PRBC units likely
to be discarded [25] and using unsupervised learning to identify product movement
patterns identified with wastage [26].

Li et al. [27] concurrently reviewed the application of novel computational
techniques, including ML, to blood demand forecasting and supply management.
In addition to most of the studies we identified concerning hospital blood bank
inventory management, this review also covered work on other aspects of the blood
supply chain including blood donation centres and the distribution of a scarce blood

product for randomized controlled trials.

2.4 Blood product inventory management

Blood products are a classic example of perishable inventory: items which “undergo
change in storage so that in time they may become partially or entirely unfit for
consumption” [6]. Many of the early theoretical studies of perishable inventory
were based on blood product inventory management, which Nahmias [6] suggested
may have been due to public funds supporting the work, and easier access to data
from non-profit making bodies (compared to, for example, food retailers who face
related challenges). For readers who are unfamiliar with inventory management
problems and the associated terminology I recommend Chapters 3 and 4 of Snyder
and Shen [28] for a general introduction and Chaudhary et al. [29] and Nahmias
[30] for more focused coverage of perishable inventory management.

The earliest academic work on managing blood product inventory appears to
be Elston [31], but I have not been able to locate a copy. It is referenced in a
related piece of work by Elston and Pickrel [32]. A 2012 review covering the whole
blood supply chain [33] identified two major periods of research in this area: the
first between the mid-1970s and the mid-1980s, and subsequently from 2001 to
the time of the review. Prastacos [12] reviewed the work in blood product inventory
management in this first period, while more recent reviews covering the whole blood
supply chain also include sections on inventory management [9, 33, 34]. Flint et al.

[1] reviewed work specifically focused on reducing the wastage of platelets.
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One complication that has often been included in research is the assignment of
inventory to patients following cross-matching. As I describe in Appendix A, most
patients can now safely be allocated PRBCs based on an electronic cross-match
following a Group and Screen test. This means that, except for patients with special
transfusion requirements, it is no longer necessary to maintain sub-inventories
of units assigned to specific patients. While many older papers (e.g. Cohen
and Pierskalla [35]) emphasized the importance of the transfusion to cross-match
ratio (proportion of cross-matched units eventually transfused) and the cross-match
release period (the amount of time that cross-matched units would be assigned to
a patient for before being returned to the general stock) when managing PRBC
inventory, the change in procedure means that these factors are no longer as relevant
and may be ignored, as in Dillon et al. [36].

While my focus is on work related to hospital blood banks, the third echelon
described by Osorio et al. [9], I also discuss some studies at the regional blood
centre level (the second echelon described by Osorio et al. [9]), where similar
methods may be appropriate. In the context of platelet inventory management,
Blake et al. [37] described these respectively as the “consumer’s problem” and
the “supplier’s problem” and identified two key differences between them. The
first difference is that it is reasonable to assume that a consumer’s order arrives
instantaneously, but not the supplier’s where the order may be a collection target
from donors. The lead time is the number of periods between placing and receiving
an order, and therefore it is reasonable to assume a lead time of zero periods for the
consumer’s problem. The second difference is that it is reasonable to assume that
all newly arriving inventory is of the same age for the supplier, but not the consumer

where the products received may be a mix of ages.
2.4.1 Optimizing policies

2.4.1.1 Dynamic programming
Optimal policies for replenishing perishable products with a useful life greater than
the inventory review period (the period between which orders may be placed) can,

in theory, be found using dynamic programming [38, 39]. I provide some examples
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of dynamic programming methods in the discussion of RL approaches in Section
2.5.2.1 below. In practice, finding optimal solutions for realistic problems has been
considered infeasible due to the “curse of dimensionality”. The state space grows
exponentially with the useful life of the product because it must include the age
profile of the stock. Nahmias [6] observed that this makes dynamic programming,
which requires repeated operations over the whole state space, infeasible for
realistic size problems if the useful life of the product is greater than or equal to
three periods. Despite advances in computational power, this is still reported to be a
challenge. In a study by De Moor et al. [40] published in 2022 the authors were able
to use the optimal policy as a benchmark when the useful life of the product was
two periods, but finding the optimal policy was considered to be computationally
intractable for useful lifetimes of three, four and five periods and therefore heuristic
benchmark policies were used instead.

Given the practical difficulties in finding an optimal policy, much research on
both perishable inventory in general, and on blood inventory, has focused on finding
good heuristic solutions. In addition to being less computationally intensive, some
researchers [41, 42] suggest that the simpler rules derived from heuristic policies
may be preferred by stock managers because they are easier to understand and
implement. Research in this area has involved both identifying suitable structures
for heuristic policies (see Nahmias [43] for an early example, and Haijema and
Minner [42] for a recent example), and finding suitable parameters for those policies
that work in specific situations - for example at a particular hospital blood bank.

One simple way to make a dynamic programming approach more computationally
tractable is to reduce the size of the state space by aggregating stock items into
batches. The solution to the down-sized dynamic program can then by factored up
to give an approximate solution to the original problem. Blake et al. [44] used this
approach to solve the ordering problem for a regional blood centre (the “producer”),
based on the observation that one adult dose of platelets for transfusion is typically
derived from five donations. The approach was tested on a two month period of real

demand data, and orders generated using a time horizon of five steps and a batch
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size of 10 would have reduced the daily inventory cost by 18% compared the actual
system in place during that period and, just like the real system, would not have

encountered any shortages.

2.4.1.2 Simulation optimization

An alternative approach is to use simulation optimization: setting a particular
functional form for the desired policy, evaluating the results of the current
parameterized policy using a simulation, and using a search procedure to update
the policy parameters. 1 distinguish this from using a simulation to evaluate
the potential impact of human-proposed policy changes, which I discuss below
in Section 2.4.2. Unlike dynamic programming, simulation optimization may
get ‘stuck’ at a locally rather than globally optimal policy but can be much less
computationally demanding for large state spaces.

A widely used, simple heuristic replenishment policy is the base stock policy,
parameterized by the order-up-to level S. The order quantity is the difference
between the current stock on hand and in-transit and the order-up-to level. The
parameter S therefore corresponds to the largest order that would be placed when
following the heuristic policy. Additional parameters can be used to represent more
complicated rules. For example an (R, s, S) policy also includes parameters for the
review period, R, and the reorder point, s. The inventory position is reviewed every
R periods. When the total stock on hand and in-transit is less than or equal to the
reorder point s, the order quantity is the same as under the base stock policy. No
order is placed if the total stock on hand and in-transit is higher than the reorder
point s [28]. The additional parameters can be particularly beneficial if there is a
fixed order cost (e.g. a delivery charge) by preventing frequent small orders. In
this thesis, I have only considered periodic review problems with a review period of
one period and therefore, following the presentation of related work [45], omit the
review-period parameter R.

Early work by Elston and Pickrel [32] used this approach to find separate
order-up-to levels for PRBC for each of the eight ABO/RhD blood types, assuming

only exact matches were allowed, exhaustively considering different parameters and
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simulating the results. More recently, Duan and Liao [46] used a metaheuristic
optimizer to search for parameters for several heuristic policies, simultaneously
fitting policy parameters for a regional blood centre and three hospitals that it
supplied with platelets. A follow up paper [47] applied a similar approach to the
PRBC supply chain and investigated the effects of allowing substitution between
ABO/RhD blood types. Dalalah et al. [48] used simulation optimization, with
simulated annealing as the local search procedure, to find fixed order quantities for
platelets based on the day of the week with age-differentiated demand. Ejohwomu
et al. [10] used simulation optimization to find target inventory levels for platelets
held by a UK Stock Holding Unit supplying multiple hospitals, and included both
ABO/RhD blood types and separately considered pooled, apheresis and paediatric
platelets.

Haijema et al. [49] studied the platelet producer’s problem for a regional
blood centre in the Netherlands. They initially found the optimal policy on a
downsized version of the problem using dynamic programming. They demonstrated
that a simulation optimization approach using local search to fit weekday-specific
order-up-to parameters resulted in a near optimal policy on the downsized version
of the problem, and could be used to find a good ordering policy for the full-sized
problem, where dynamic programming was considered computationally intractable.
The simulation results, based on demand data from a real Dutch regional blood
centre, presented in Dijk et al. [50], suggest that this approach could cut wastage
due to expiry from 15-20% to less than 0.1% and Haijema et al. [51] extended
the approach to consider production breaks during public holidays. The techniques
were used to change the ordering procedures at a Dutch regional blood centre, and
were eventually incorporated into a software tool [52], leading to a reduction in

annual outdating from 5.2% to 1.3% during the five year study period.

2.4.1.3 Stochastic mixed integer linear programming
Several recent studies have applied stochastic mixed integer linear programming
to the blood inventory replenishment problem. Unlike dynamic programming,

which requires complete probability distributions to be known for any stochastic
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variables, stochastic mixed integer linear programming can be used with a number
of sampled trajectories of the stochastic variables, representing different possible
scenarios. Gunpinar and Centeno [53] found sequences of orders for PRBCs and
platelets that minimized the expected cost over the sampled demand trajectories, and
Rajendran and Ravindran [54] performed a similar analysis for platelets only and
compared the results to four heuristic replenishment policies including a base stock
policy. Dillon et al. [36] and Meneses et al. [55] both used stochastic mixed integer
linear programming to fit parameters to heuristic policies for ordering PRBCs,
to minimize the costs over the sampled demand trajectories while Rajendran and
Srinivas [45] performed similar analysis for platelets comparing the performance of
four different heuristic policies with parameters fit using stochastic mixed integer
linear programming. In a recent review of the whole blood supply chain, Meneses
et al. [56] proposed a framework describing how decisions at each level of the
blood supply chain, from collection to distribution, could be modelled using such

mathematical programming approaches.

2.4.1.4 Performance evaluation and limitations

In most of the work in this area, notional costs incurred over a period are used as
the optimization objective, and to compare the performance of different policies.
This is often a combination of several different costs including purchase costs,
holding costs, shortage costs and wastage costs. Determining some of these costs
can be difficult in any setting, but is particularly challenging in the context of the
blood supply chain because many of the costs are non-monetary [37]. For example,
the reason a shortage cost needs to be imposed in this context is not because of
lost income, but because it could lead to a delayed medical procedure, potentially
putting a patient’s life in danger. Similarly, while there may be a monetary cost
associated with disposing of an expired unit, other key considerations for avoiding
waste are the moral obligation to make best use of voluntarily donated blood [57,
58, 59] and the risk that donors may be less willing to donate if they believe
their donation is likely to be wasted [37]. A common approach for PRBCs and

platelets is to assume a ratio of 1:5 between wastage and shortage costs (e.g [45,
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49]). The relationship between the different costs will affect the policy that appears
to perform the best when evaluated using total (or mean) cost, and some studies
(e.g. Rajendran and Srinivas [45]) compare the performance of different heuristic
polices with different ratios between the costs. An alternative to using notional
costs is to use KPIs. Blake ef al. [37] suggested that it is more natural for hospital
blood bank managers to target levels for service level (percentage of orders that
are met from stock) and wastage and analytically found parameters for (R, s, S)
policies that met these targets. With this approach, feasible policies were generally
found for larger hospitals with relatively uniform demand distributions. Shih et al.
[60] used goal-programming and a weighted objective methods to optimize platelet
ordering decisions for a network of hospitals served by a regional blood centre using
three criteria: total cost, wastage and shortages. Additionally, while their objective
functions were based on costs, Dillon et al. [36] and Meneses et al. [55] both
included constraints to enforce a minimum service level and maximum wastage
limit in their studies fitting policy parameters using stochastic mixed integer linear
programming, with Meneses et al. [55] also enforcing a minimum proportion of
transfusions that were an exact blood type match.

One limitation of much of the work to date is the simplifying assumptions
made about the demand. Most recent studies consider stochastic demand, but often
using a single demand distribution (for example Dillon ef al. [36] and Meneses
et al. [55]). Others, including Rajendran and Srinivas [45], Haijema et al. [49],
and Gunpinar and Centeno [53] and Duan and Liao [47] adopt a more realistic
approach with day-of-the-week specific demand distributions. This dependence
on weekday is consistent with descriptive analysis presented in Guan et al. [11],
Motamedi et al. [61] and Li ef al. [62]. It is rare to see methods evaluated on real
demand trajectories: Blake et al. [44] reported the performance of their policy on
two months of real demand data and Kort et al. [52] incorporated their method into
a decision support tool and report on its performance prospectively.

Another key limitation, identified by Dumkreiger [63], is the limited coverage

of issuing policies and substitution between products. A subsequent review of
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the entire blood supply chain by Meneses et al. [56] also suggests that while the
inventory management of blood products in hospital blood banks is well-covered
by the literature relative to higher echelons, it is not common to include blood
type compatibility requirements. When substitution has been considered for
platelets, it is often in the context of age-differentiated demand where a subset
of patients require fresh products [48, 49]. Ensafian et al. [64] allowed platelet
substitution between ABO/RhD blood types following a fixed priority order and
Bakmohammadi et al. [65] considered blood type substitution for both PRBCs
and platelets with a penalty for non-exact matches based on a preference order
for each blood type. When considering ABO/RhD blood type substitution for
PRBCs alone, Najafi et al. [66], Dalalah and Alkhaledi [67], and Chithraponnu and
Umamaheswari [68] used a fixed priority order for substitution for each blood type,
Duan and Liao [47] allowed substitution as recourse action with more common
blood types more likely to be selected as a substitutes, and Dillon et al. [36],
Meneses et al. [55], and Hamdan and Diabat [69] used substitution penalties based
on a preference order similar to Bakmohammadi et al. [65]. Dumkreiger [63]
and Abdulwahab and Wahab [70] both used approximate dynamic programming
approaches, which can be classified as RL, to find issuing policies for PRBCs
and platelets, respectively, considering ABO/RhD compatibility and I discuss them
below in Section 2.6.2. A recent study by Hendrix et al. [71], focused on the
fresh food industry, illustrated the computational challenges of using a dynamic
programming approach to find optimal replenishment policies for perishable,
substitutable products because the state space grows exponentially with the number

of products.

2.4.2 Using simulation to evaluate policy changes

An alternative to finding policies using optimization methods is to simulate parts of
the blood supply chain to evaluate the potential impact of policy changes suggested
by human experts. Rytild and Spens [72] noted that without a simulation, many of
the decisions about practices that they modelled were made using the “gut feelings”

of experts and that simulation results provided a basis for informed decision making
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and helped to improve communication between different stakeholders. Studies that
can inform my work modelled different levels of the blood supply chain, from
collection to transfusion [73, 74, 75, 76, 77, 78] to regional blood centres supplying
hospitals [79, 80, 81] and a hospital blood bank [72]

These studies are of interest for two main reasons. The first is the way in
which performance is evaluated, which provides KPIs relevant to the problem.
These include expiries, shortages, the number of emergency and ad-hoc orders,
inventory days, and mismatches between patient and donor blood types. The
second is to understand the processes that are considered important to model when
the limitations imposed by optimization approaches are relaxed. The main factor
included in all of these papers (except Katz et al. [79]), but often neglected in
studies in which optimization methods are used, is blood types and the potential
for substituting between them. This requires maintaining a large state space
which may make some of the mathematical optimization approaches intractable,
but is obviously of interest when this is less of a concern and is very relevant to
real-world decisions made in the blood supply chain. Additionally, Kopach et al.
[82] considered different levels of severity for a shortage depending on the condition
of the patient for whom the blood product was requested.

Unfortunately, to the best of my knowledge, none of the simulators used in
these studies have been made publicly available. This could be of substantial benefit
to the research community because it would facilitate the comparison of different

methods on common problems.

2.4.3 Forecasting demand for blood products

Until recently, most of the studies forecasting blood demand used univariate
forecasting methods: forecasting future demand based on past demand. This work
was generally conducted at regional blood centres where the goal is to plan donor
collection programs rather than the short-term ordering decisions that must be made
by a hospital blood bank. The most common forecasting period is one month [83,
84, 85, 86, 87], but Wijayanayake and Dandunna [88] and Fanoodi et al. [89] both

forecast daily demand for platelets. In the studies that consider different blood
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types, the most common approach is to train separate models for each blood type
[84, 85, 87, 89]. In addition to training separate models for each blood type,
Fortsch and Khapalova [86] also used a Vector Auto-Regressive Moving-Average
model which outputs a vector forecast (one element for each blood type) based on
a multivariate input (the historical demand of each blood type) which outperformed
an Auto-Regressive Moving-Average model trained to predict aggregate demand.

In the last few years, as the implementation of EHRs has increased the range
and frequency of data available to researchers, several studies have been conducted
demonstrating how data from the current state of the hospital and its patients can
be used to forecast short-term demand (the following day, or the next few days)
and, in some cases, contribute to collection or ordering decisions for PRBCs [62,
90, 91] and platelets [11, 61, 92, 93, 94]. The most common features, in addition
to those derived from historical demand, are census information about the number
of patients in different hospital locations, demographic information and laboratory
test results, but Schilling ez al. [94] also included information about planned surgical
procedures. Khaldi et al. [95] used a wide range of features including procedures,
patient events, and outside events including road traffic accidents, to make monthly
forecasts for monthly demand.

Motamedi et al. [61] and Li et al. [62] compared the performance of univariate
and multivariate models for predicting platelet and PRBC demand, respectively.
In both cases, the multivariate methods outperformed the univariate methods.
Motamedi et al. [61] showed that the difference is most pronounced when the
amount of training data is small: the multivariate models achieved much lower
mean absolute percentage error (MAPE) than the univariate models when trained
using two years of data, but performed similarly when using eight years of data.
These studies demonstrate the potential benefit of incorporating information about
the state of the hospital and the patients into demand forecasting efforts.

Many of these studies evaluated the quality of the forecasts using KPIs
estimated by simulating order decisions on real historical demand trajectories. One

key difference in approach is whether there was a separate explicit forecasting step
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subsequently used to make a decision [62, 94], or whether the ordering decisions
were optimized directly [11, 92, 93]. A pipeline with a separate forecasting
component may be more transparent to a human and may make it easier to
identify the source of performance issues. However, by directly optimizing the
decisions based on the benchmarks that are of interest to hospital blood bank
managers such as wastage (instead optimizing a forecasting model to minimize
forecasting error) it might be possible to get better decisions, by avoiding human
judgements including the most appropriate forecasting horizon. Schilling et al.
[94] reported that while their Least Absolute Shrinkage and Selection Operator
(LASSO) forecasting model performed best on measures of prediction quality, best
performance when simulating decision making came from forecasts made by their
recurrent neural network - the most accurate forecast was not the best prediction for
supporting decision making.

In addition to creating a simulation that closely mirrors real practice to evaluate
the potential impact of their forecasting models, Li et al. [62] also considered
whether they could support changes in practice - specifically moving from deliveries
each day to every other day. They found that, based on the historical data, this
could further reduce costs compared to receiving daily deliveries without increasing
emergency orders or wastage.

I have identified a single study, Quinn et al. [90], that reported the outcome
of the real-world deployment of a system that uses real-time information from
EHRs to support blood ordering decisions. The full detail of the model was not
provided, so it is not clear the extent to which ML was used, but the algorithm
incorporated historical five-day rolling averages of demand with an estimate of
blood-group specific demand in the next 48 hours derived from the haemoglobin test
results of current patients and the historical probability that a patient would receive
a transfusion within 48 hours following a haemoglobin test result in bands of 10g/L.
The system generates a suggested order for PRBCs, based on the forecast demand
and current stocks. The authors compared inventory KPIs for the year before the

algorithm was implemented with the year after it was implemented and reported
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a reduction in both mean monthly PRBC wastage due to expiry (from 1.79% to
0.72%) and mean total daily PRBC inventory (from 401.7 units to 309.0 units),
and stated that there were no shortages and no delays to transfusions or surgical
procedures due to a lack of PRBC units. Additionally, no increase in urgent orders
to the supplier was observed for the year after the system was implemented. The
PRBC wastage due to expiry before implementation of the system (1.79%) was
similar to that reported for England in 2017/2018 [2] (1.68%). This suggests that
there is scope for similar techniques, making use of real-time information about the
state of the hospital, to be beneficial to UK hospital blood banks.

With the exception of Quinn et al. [90], these studies did not consider blood
types. For a hospital blood bank ordering from a regional blood centre this is an
important part of the ordering decision: how many units of each type should be
ordered. In making this decision it is also likely to be important to consider the

complex substitution relationships between different blood types.

2.4.4 Current practice

Despite significant research efforts going back to the 1960s, few if any of the
methods outlined above are being regularly used by hospital blood banks to
determine ordering schedules and quantities. A review of historical data and
interviews with transfusion laboratory managers in England [58, 96] found that
all seven of the transfusion laboratories in the study used order-up-to levels set
on the basis of experience, and two of the transfusion laboratories also received
standing orders of a fixed quantity. This work found that the main drivers to
achieving a good balance between service level and wastage were good training, the
use of target stock levels, collaboration with other departments, simple procedures,
transparency about current stock holding and a focus on freshness (including the
use of an Oldest Unit First-out (OUFO) policy for units suitable for a patient).
This finding is supported by a recent review of work to reduce platelet wastage
[1], in which the authors identified only one study in which a theoretical model
was deployed and evaluated in practice [52]. I describe the current practice at the

UCLH transfusion laboratory, our partner hospital, in detail in Appendix B, and
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during my shadowing visit in July 2021 the ordering decisions were based on a
mix of order-up-to levels (for PRBCs) and standing orders (for platelets), all of
which were determined through experience rather than based on analytical models,
consistent with the findings of Stanger et al. [96].

Despite this, there is clear evidence from Quinn et al. [90] that blood product
inventory management can be improved by incorporating near real-time data into
ordering decisions. Three of the seven hospital transfusion laboratory managers
interviewed by Stanger et al. [58] stated that they altered their daily order-up-to
levels based on information about scheduled surgeries and recurring transfusions.
The implementation of EHRs mean that this type of data, and other relevant
features, should now be more available in transfusion laboratories, but that does not
mean that the staff necessarily have the time or the analytical tools to incorporate the
information into their decision making. ML models can make use of the wide range
of features to produce forecasts or recommend order quantities. RL, which I discuss

in the next section, is particularly well suited to making order recommendations.

2.5 Reinforcement learning

In their classic introductory textbook to the field, Sutton and Barto [97] provide the

following definition of RL:

“Reinforcement learning is learning what to do - how to map situations
to actions - so as to maximize a numerical reward signal. The learner is
not told which actions to take, but must instead discover which actions

vield the most reward by trying them.”

RL differs from supervised learning in two major ways. The first is that, unlike
in supervised learning, we cannot make the assumption that inputs are identically
and independently distributed. The decision taken at one timestep may affect the
state of the world and therefore future observations. RL methods therefore need to
take into account both the immediate and future consequences of actions taken by
the learner. The second is that the feedback for RL comes from a reward signal,

some measure of the quality of the learner’s behaviour that may be delayed relative
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to an action or very sparse, as opposed to being provided with the correct answer.

Many of the most famous and influential works in RL have involved board
games or, more recently, video games. These offer an ideal research platform
because the rules are known and it is often possible to efficiently and safely collect
a vast amount of experience from which to learn (compared to, for example a robot
arm acting in the real world). One of the earliest examples was a program that
learned to play checkers in the 1950s [98]. Expert backgammon players learned
new strategies after watching how an RL agent, TD-Gammon, played the game in
the 1990s [99]. And, in the 2010s, agents trained using RL methods demonstrated
performance that matched or exceeded the best human players in the world at the
boardgame Go [100, 101], a subset of games published for the Atari 2600 home
video game console [7], and the online real time strategy video game StarCraft II
[102]. This has lead to a popular view that RL is only good for games and toy
problems, but there are recent reports of RL methods in use solving real practical
problems including chip design [103] and data centre cooling [104].

While I provide an overview of the core concepts in this section, I direct
the interested reader to Sutton and Barto [97] for a thorough introduction to RL,
including a detailed history of the field, and to Arulkumaran et al. [105] for a recent
review of DRL. Members of the operational research community less familiar with
ML and neural networks may find the introduction to the topic in Boute et al. [106]
a useful starting point.

Where not otherwise cited, the overview of RL in this section is based on the
treatment in Sutton and Barto [97], supplemented by Kochenderfer ez al. [107] and
Lapan [108].

2.5.1 Markov decision processes

Markov decision processes (MDPs) provide a framework for formally describing a
sequential decision making problem. MDPs were introduced in the field of optimal
control by Bellman [109] and popularized in RL research by Watkins [110].

An MDP describes a scenario in which an agent interacts with an

environment, which is everything in the problem that is external to the agent.
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Figure 2.1: Interaction between the agent and environment in an MDP.
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At discrete points in time, the agent observes the state of the environment (S;)
and selects an action (A;). The environment will be updated in response to the
action, and will also emit a reward, a numerical signal that relates to the quality
of the agent’s behaviour. At the next decision point, the agent will observe the
reward (R;, 1) and the new state of the environment (.S, ), and make its next action
based on the state of the environment. If the interactions between the agent and
the environment do not break down neatly into individual episodes (for example,
a single game of checkers), then we introduce a discount rate that can be used to
determine the present value of future rewards so that the sum of future discounted
rewards is finite. This discount rate is analogous to a discount rate used to determine
the net present value of an investment to account for the time value of money. The
goal of the agent is to learn a policy, a function mapping states to actions, that will
maximize the expected future discounted reward, or expected return, it achieves
when interacting with the environment. I illustrate this set-up in Figure 2.1.
Recording the sequence of states, actions and reward from the agent interacting

with the environment would lead to a trajectory, the opening items of which would
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be {So, Ao, R1,S1, A1, Ra, Sa, Aa, ...} [97, p. 48]. T follow the convention of Sutton
and Barto [97] in which the reward emitted after A, is taken is labelled as ;.

An MDP can be defined with a tuple of five items:

S: the state space, the set of possible states of the environment, s € S
* A: the set of possible actions that may be taken by the agent, a € A

* T'(s'|s,a): the state transition model which gives the probability of

transitioning to state s’ if starting in state s and taking action a.

* R(s,a,s’): the reward function which gives the expected immediate reward

when transitioning to state s if starting in state s and taking action a
* ~: the discount factor applied to future rewards, v € (0, 1]

The decision process is Markovian because the state transition model and
the reward function obey the Markov principle: future states and rewards are
conditionally independent of states Sy to S;_; given S;. In this work I specifically
consider stationary, finite MDPs in which the transition model and reward function
do not change with time and sets of states, actions and rewards (r € ) are all finite.

The agent learns a policy that returns a probability distribution over possible
actions given the current state. A policy can be written 7(a|s), representing the
probability of taking action a in state s. The policy may be deterministic, in which
case the probability of the selected action is 1 and the probability for every other
action is 0. A deterministic policy is often written as 7(s).

The value of a state given a particular policy m, V™ (s), is the expected return
of being in state s and following policy 7.

The state-action value of a state-action pair given a particular policy T,
Q™ (s, a), is the expected return of being in state s, taking action a, and following
policy 7 thereafter.

The advantage of an action in a particular state, given a particular policy, is
A™(s,a) = Q7(s,a) — V7 (s). This is a measure of the quality of an action relative

to other actions in the current state, because it is the difference in expected return
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of taking action a in state s and then following policy 7 thereafter, and following
policy 7 starting in state s.

*

For finite MDPs, an optimal policy, 7*, can be defined as a policy where
for every state s € S V™' (s) > V™ (s) for any policy 7’. This means that the
expected return from every state, following policy 7*, is at least as good as that
from following any other policy. There may be more than one optimal policy, but
they all share the same optimal value function, V™ (s). The optimal state-action
value function can be similarly defined: for every state s € S and every action

a €A Q% (s,a) > Q™ (s,a) for any policy 7. The optimal value function can be

written in terms of the optimal state-action value function as shown in Equation 2.1.

V™ (s) = max Q" (s, a) (2.1)

a€A

If the agent cannot observe the complete state then the problem can be
modelled as a partially observable Markov decision process (POMDP). Two
additional items must be defined in addition to the five elements described above:
the set of possible observations (O) and the observation model O(o|s), which gives
the conditional probability of observation o given that the environment is actually
in state s. In practice, it is often not necessary to use this formalism and useful
policies can be learned by augmenting the observation. One example is Mnih et
al. [7] in which an individual observation, a single frame from an Atari game, does
not include the complete state because the direction and speed of motion cannot
be determined from a single frame. This issue is overcome by stacking multiple,
sequential frames to form a single observation, without the need to represent the

problem as a POMDP.

2.5.2 Reinforcement learning approaches

In this section I provide a high level overview of RL approaches and key
terminology. An appropriate approach to a given problem will depend on a range
of factors including prior knowledge of the environment, the size of the state and

action spaces, and the safety and efficiency of collecting experience directly from
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the environment.

2.5.2.1 Dynamic programming approaches

One of the key strands of research that led to what is now described as RL is work
on optimal control and dynamic programming [97, pp.14-15], particularly the work
of Richard Bellman [109]. Many researchers in operational research and optimal
control use similar techniques without considering their work RL (e.g. the work
discussed in Section 2.4.1 above), but these methods do offer a way to solve RL
problems and are therefore can be considered to be RL methods [97, p. 15].

Value and state-action value functions for a given policy satisfy recursive
relationships, called Bellman equations, which define the function in terms of the
immediate reward and the value function at the next state. The Bellman optimality
equations, that is the Bellman equations for the value function and state-action value

function for an optimal policy 7*, are presented in Equations 2.2 and 2.3.

T _ ! T
VT =max 3 plrlsa) [T (s) (22)
Q)= X prlsa) [rrymaxQT ()| @3)
s'eS,re @

These equations can be used as the basis of iterative algorithms that are
guaranteed to converge to the optimal value or state-action value function, from
which the optimal policy can be extracted. Value iteration is an example of such a
method, which directly adapts the Bellman optimality equation into an update rule,
as shown in Equation 2.4 where j indicates the iteration number.

Vigi(s) =max Y p(s,rls,a)[r+~V;(s)] (2.4)

A
a€ s'eS,re

This update is performed for all states repeatedly in a loop until convergence
(in practice, until the largest difference between successive estimates is below a
tolerance). A deterministic policy, such that 7(s) gives the action to be taken in

state s, can then be constructed that approximates the optimal policy using Equation
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2.5.

m(s) =argmax > p(s,r[s,a)[r+~V(s)] (2.5)

a€A  geS e

Alternatively, a similar approach can be used for the state-action values,
(2-value iteration, which requires additional memory to store all of the state-action
values but does not require the one-step look ahead in Equation 2.5 to identify the
policy. I use ()-value iteration in Chapter 3 and value iteration in Chapter 4.

Value iteration, and related dynamic programming approaches, can be
considered ‘exact’ solutions: in the limit of infinite iterations they would converge
to the optimal policy. However, there are two key limitations that mean they often
cannot be used. The first is that they require full knowledge of the environment: the
update requires an expectation over transitions and rewards which is only possible
if the exact transition dynamics and reward function are known. The second is that,
as I explain in Section 2.4.1, dynamic programming approaches require repeated
operations over the whole state space, which grows exponentially with the number
of feature variables in the state and therefore quickly becomes computationally
intractable.

The first limitation can be addressed using methods that learn from samples
of experience obtained by interacting with the environment, while the second has
been addressed by approximating the value function or by directly approximating

the policy function.

2.5.2.2 Learning from experience in a small state space

In a scenario where the transition model and/or reward model are not available
for dynamic programming, value functions can be estimated based on experience
collected from interacting with the environment. If the state space is small, the
setting may be described as “tabular”, because a table of entries can be maintained
of the value function for each state (or, of the state-action value for each state-action
pair).

Experience is collected by an agent following a behaviour policy in the
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environment. One distinction is whether we are learning the value function for
this behaviour policy (on-policy learning), or whether we are trying to learn the
value function of the optimal policy based on experience collected by following the
behaviour policy (off-policy learning).

Another distinction is whether we update our estimates of the value function
using complete episodes of experience, Monte Carlo methods, or based on
individual transitions using bootstrapping to incorporate information about what
happened next: temporal difference (TD) learning.

A simple example of an on-policy Monte Carlo approach would be to collect a
large number of episodes of experience in the environment. For every state visited in
each episode, we would calculate the return (the sum of discounted future rewards)
from the first time the state was visited in that episode. The value function for each
state could then be estimated as the mean of the returns from that state over the
episodes. This approach is straightforward, but it relies on the task being episodic
and no learning can take place until an episode is completed.

TD learning, like dynamic programming, uses bootstrapping: estimates of the
value function are updated in part based on the estimate of the value function for a
future state. This means that, unlike Monte Carlo methods, they can learn online
as experience is obtained rather than needed to wait for an entire episode to be
completed. A popular method for temporal difference learning in a tabular setting
is (Q-learning [110], which is an off-policy method.

In Q-learning, the agent interacts with an environment following a behaviour
policy, collecting tuples of experience (s, a,r, s’). The estimates of the state-action
value function are then updated following Equation 2.6, where « is the learning rate

controlling the contribution of each update.

Q(s,a) < Q(s,a) + o |r + ymax Qs d) — Q(s,a) (2.6)

The term in the square brackets is the TD error. The discounted future reward
is estimated as the sampled immediate reward plus the discounted state-action value

of the next state. Once the state-action value function has converged, the expected
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value of this difference is zero.

State-action-reward-state-action (SARSA) is a method for on-policy TD
learning. The key difference is that instead of including the action with the highest
state-action value in the next state in the calculation of the TD error, it uses the
actual action that was taken in the next state, a’ and therefore requires experience
tuples of the form (s, a,r, s, a’) which give it its name.

SARSA and Q-learning are examples of TD(0) methods, because the TD error
is calculated based on a single sampled transition and a bootstrapped value function
from the next state. Monte Carlo and TD learning methods can be combined using
n-step returns or eligibility traces to balance the contribution from each individual

sampled episode and bootstrapping [97, p. 287].

2.5.2.3 Approximation and deep reinforcement learning

As the size of the state space grows there are two challenges to address. The first is
the memory requirements for holding a tabular representation of the value function.
The second is populating the entries of the table: in the methods above the entry
for a state or state-action pair is only updated when it is visited. As the state space
grows, we will often encounter states that we have never visited before. Therefore,
we need to a way to recognize the similarity between states so that our knowledge
about suitable behaviour can be updated based on experience of similar states that
we have visited in the past [97, p196].

One approach to this is learning an approximate value (or state-action value)
function. These approaches are often referred to as as approximate dynamic
programming (ADP) in the operational research literature [111]. This could be a
linear function with manual feature engineering but, as in many other fields of ML,
this approach has fallen out of favour in recent years and the most common approach
is to use deep neural networks. This is value-based DRL. A popular example of a
value-based DRL method, that I use in this thesis, is Deep Q-Network (DQN) [7].
In DQN, a neural network is used to approximate the state-value action function
and, for a given input state s, outputs an estimate of ()(s,a) for every action. I

present pesudocode for the specific DQN-based algorithm that I have used in this
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thesis in Algorithm 1 in Section 3.4.6.

An alternative approach is to directly approximate the policy. These methods
are commonly-referred to as policy gradient methods, because the policy parameters
are updated by gradient ascent to maximize the performance. The policy function
must therefore be differentiable with respect to its parameters. This requirement
means that deep neural networks are a popular choice for approximating the policy,
giving rise to policy-based DRL methods. The classic policy gradient algorithm,
REINFORCE, uses Monte Carlo sampling to calculate the return from a given
state-action pair and weights the updates by the return. This means that the
probability of taking action a in state s will be increased by a large amount if the
return was highly positive, and decreased by a large amount if the return was highly
negative.

Pure policy gradient methods can be slow to learn due to the high variance
of the Monte Carlo samples. Actor-critic methods combine value-based and
policy-based methods. A popular actor-critic approach is the Advantage
Actor-Critic (A2C) [112] which uses two neural networks: an actor network to
approximate the policy and a critic network to approximate the value function.
The value function is used to estimate the advantage of a state-action pair for each
training example, which is used to weight the policy gradient updates instead of the
Monte Carlo estimate of the return used in REINFORCE.

In a policy gradient methods, updates are being made to the parameters in
parameter space, but the effect of the update happens in policy space. There is not
necessarily a straightforward mapping between the two, and we should be cautious
about making large updates. Policy gradient methods are on-policy. This means
that after every update any previously collected experience must be discarded and
new experience must be collected by following the new policy. This can lead to
vicious circle when training policy gradient methods: a bad policy update can lead
to the collection of bad experience samples, which will then be used to update the
policy at the next step and lead to even poorer performance. Trust region methods,

including Trust Region Policy Optimization (TRPO) [113] and Proximal Policy
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Optimization (PPO) [114] have been developed which aim to limit the effect of any
single update on the policy function and therefore avoid this performance collapse. 1
use PPO in this thesis and present pseudocode for the specific PPO-based algorithm
in Algorithm 2 in Section 3.4.6.

2.5.2.4 Neuroevolutionary methods

The parameters of the neural networks used in the DRL methods including
DQN and PPO are optimized using the backpropagation algorithm to estimate
the gradient of the objective function with respect to each parameter. Neural
network parameters can also be fit using evolutionary algorithms: the application
of these optimization methods to the parameters of a neural network is called
neuroevolution. Neuroevolution is conceptually similar to simulation optimization,
described in Section 2.4, except that the parameters sought are the weights of an
artificial neural network instead of the parameters of a heuristic policy.
Evolutionary algorithms are black-box optimization methods inspired by the
process of evolution in nature. Black-box optimization methods are designed to
solve problems where the functional form of the objective function is not known
and so the derivative cannot be computed, but where is is possible to evaluate the
performance of a candidate solution. Evolutionary algorithms maintain a population
of candidate solutions, or a search distribution over candidate solutions, to an
optimization problem, and iteratively evaluate the current candidates and update the
population (or parameters of the search distribution) based on their performance
(“fitness”). The population update may include selection (choosing candidate
solutions to be retained or to reproduce based on their performance or a measure
of diversity), mutation (randomly altering the properties of a parent solution), and
crossover (combining the properties of more than one parent solution) [115].
Galvan and Mooney [116] recently reviewed the application of neuroevolution
to deep learning in general, while Bai er al. [115] reviewed applications of
evolutionary computing to RL, including policy search using evolutionary
strategies, genetic algorithms and genetic programming and highlighted the use

of evolutionary computing for determining the architecture of the neural network
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as well as optimizing the individual weights. These methods differ in how they
encode a candidate solution, how subsequent generations of candidate solutions are
generated, and how the strongest performers are identified. While the value and
policy based RL methods described in Sections 2.5.2.3 explore in state and action
space, evolutionary algorithms explore in the parameter space of the neural network
representing the policy.

A key driver of recent work in this area was Salimans et al. [117], who
demonstrated that an evolutionary strategy algorithm (now widely referred to
as OpenAl ES), was competitive to DRL algorithms (DQN and Asynchronous
Advantage Actor-Critic (A3C)) on a range of popular RL environments including
MuJoCo tasks and Atari games. They noted that the black-box optimization
approach has several advantages over widely used DRL approaches. By learning
from a fitness function calculated based on whole episodes instead of individual
steps, the approach does not need temporal discounting, does not require the
estimation of value functions, and there is no disadvantage to long temporal gaps
between actions and the corresponding rewards. Learning from the fitness of a
whole episode makes OpenAl ES less sample efficient than popular DRL methods,
but Salimans et al. [117] noted that this can be offset by lower computational
requirements (because there is no need to perform backpropagation, or estimate
value functions) and a parallel implementation can be used to reduce wall time to
less than DRL competitors because the algorithm is well-suited to being run on
a large number of parallel workers (minimal communication is required; just the
scalar return of the episode). I adopt an implementation of OpenAl ES in Chapter 6
and present pseudocode describing this implementation in Algorithm 6 in Appendix
J.

While the evolutionary strategy approach used by Salimans et al. [117] does
not rely on backpropagation, it is a gradient based optimization method. It maintains
a distribution over the neural network parameters, and these are updated at each
iteration based on an estimate of the fitness function with respect to the parameters.

Such et al. [118] showed that a simple genetic algorithm, which does not require
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estimating gradients, could also achieve competitive performance on popular RL
environments (compared to DQN, A3C and OpenAl ES), and could also be trained
quickly and in parallel. I adopt an implementation of SimpleGA in Chapter 6 and
present pseudocode describing this implementation in Algorithm 7 in Appendix J.

Both Salimans et al. [117] and Such et al. [118] adopted parallel CPU-based
implementations to reduce the wall time required to find good policies. Parallel
implementations can be used to both get more stable estimates of a stochastic
reward function for single candidate solution by performing multiple rollouts, and
to roll-out multiple candidate policies at the same time. The recent development of
GPU-based RL environments [119, 120], and GPU-accelerated implementations
of evolutionary algorithms [121, 122], enable these methods to be applied in
parallel on GPUs, which have many more (less powerful) cores than CPUs and
are specifically designed to apply to same operations to a large number of inputs
in parallel. These methods can therefore now be used on a single, consumer-grade
GPU instead of a large number of CPUs.

Beyond fitting parameters, evolutionary algorithms have been used in
conjunction with other RL approaches to support hyperparameter tuning,

exploration and reward shaping [115, 123, 124, 125].

2.5.2.5 Offline reinforcement learning

A common assumption when training an RL agent is that we will have access to
the environment. This is key to the concept of learning through trial-and-error. In
many areas where RL might be useful, however, it would not be practical or ethical
to allow an agent to learn in the real environment. Healthcare is one such area.

If lots of historical data is available, then it is possible to learn policies based
on the “behaviour policy” - the policy the person or other agent followed when
the data was being collected. A simple way to do this is behavioural cloning,
performing supervised learning on state-action pairs to learn a function that mirrors
the behaviour policy.

The behaviour policy may not be optimal. Trying to improve on it requires

considering counterfactual questions - what would the outcome have been if a
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different action had been selected? Levine et al. [126] described how distributional
shift (small errors compound, leading an agent into states that are not part of the
training set and therefore where its policy will be poor) makes these counterfactual
questions challenging and reviewed proposed methods for offline RL that address
that issue.

The task I consider in this thesis, managing platelet inventory, is one for
which it would not be ethical to allow an agent to learn in the real environment.
Fortunately, the ordering and issuing actions that I consider can be assumed to only
affect the stock holding of the hospital blood bank and not the wider hospital. It
is unlikely, for example, that in general ordering decisions made in the hospital
blood bank would affect whether a patient is admitted or whether their clinical team
requests blood products for them. Therefore it is possible to simulate how different
decisions would have affected stock levels, allowing an agent to safely explore the

consequences of taking different actions from the same state.

2.5.3 Multi-agent reinforcement learning

In single-agent RL we assume that while environmental transitions are stochastic,
there is no mechanism whereby the environment has agency to choose how it
responds to the policy adopted by the agent. In many problems it may be necessary
to consider other agents (which can be viewed as part of the environment from the
perspective of each individual agent), each of which may change its policy to act
competitively or co-operatively depending on their goals. Models of this process
are the subject of game theory and are traditionally referred to as games. The RL
methods described in the preceding sections can be applied naively, or used as the
basis for more advanced methods that account for additional complexities, to find
policies for one or more agents acting in an environment with one or more other
agents [127]. DRL has been demonstrated to be effective in complex multi agent
environments including those based on the computer game StarCraft II [102], city
traffic control [128], and for voltage control in simulated power networks [129].

A general model for multi-agent games is the partially observable stochastic

game (POSG). An MDP is a POSG with a single-agent and fully observable
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states [127]. 1 adopt the agent-environment cycle (AEC) game model for a
multi-agent environment introduced by Terry et al. [130], who showed that for
every AEC game model there is an equivalent POSG model, and vice versa. This
model was specifically designed to support a general programming interface for
multi-agent environments. The state-action transitions of the agents are modelled
deterministically, with the stochastic elements of the transitions handled using a
separate “environment” agent, with a stochastic transition function between states.
The environment agent does not take any actions. Individual agents may not have
full access to the environment state (for example, they may only have access to
local information), and therefore they must learn based on observations of the
state as in the case of the POMDP described above in Section 2.5.1. The Python
library PettingZoo was introduced by Terry et al. [130] for creating multi-agent
environments based on the AEC game model.

An AEC game model is defined by a tuple of 11 items [130]:

S: the set of possible states of the environment, s € S.
e Sp: the initial state of the environment.

e N: The number of agents in the environment (not including the environment

agent).
» A;: the set of possible actions for agent 7, a; € A;.

* T(s'|s,a;): the state transition model for agent i. These state transitions are

deterministic.
» P(s'|s): the transition function for the environment.
» ,: the set of rewards for agent ¢, which is assumed to be finite.

* R;i(s,i,a,s",r) is the stochastic reward function for agent j and represents
the probability of agent j receiving reward r when agent ¢ takes action a;

while in state s and the environment transitions to state s’.

* O;: the set of possible observations for agent 7, o; € O;



2.5. Reinforcement learning 85

* O;(o|s): The observation function for agent i, the probability that agent ¢ will

observe w while the environment is in state s.

* v(s,i,a4,7): the next agent function: the probability that agent j will be
the next agent to act given that agent 7 has just taken action a; when the

environment was in state s.

For each episode the AEC game, the initial state is Sy. The environment agent
is assumed to act first, and a stochastic step here may be used to determine which
of the (non-environment) agents acts first, and the state that will be used to generate
its observation. In each subsequent step, the next agent to act, agent 7, makes
observation o; € O;, and takes action a; € A; based on its policy. The observation
is generated based on the state, using observation function O;(o|s). If the current
agent is the environment agent then the next state is sampled using the stochastic
transition function P(s'|s), and otherwise it comes from the deterministic transition
function for agent ¢, T'(s'|s, a;). Each agent receives reward R;(s,,a;, s',r) from
the transition. The next agent to act, k, is determined by the next agent function
v(s,i,a;, k).

When learning policies using multi-agent RL, there are additional challenges
beyond those faced in a single-agent environment. Albrecht et al. [127] set out four
main additional challenges: non-stationarity, equilibrium selection, multi-agent
credit assignment and scaling to many agents. From the perspective of a single
agent, the actions of other agents can be viewed as part of the environment and this
will mean that the transition dynamics of the environment will appear to change
over time as the policies of the other agents change, making learning much more
challenging. There may exist multiple possible combinations of policies that form
a Nash equilibrium, for which no agent can improve its reward by changing its
own policy if other agents continue to follow the same policy, and additional
criteria or communication may be required to avoid convergence to sub-optimal
equilibria. Correctly assigning credit to actions is a challenge in single-agent RL
(temporal credit assignment: understanding which of the agent’s own actions led to

the reward), and this is compounded in the cases of multi-agent RL by the fact that
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it is not necessarily an agent’s own actions that led to the current reward: it may be
due to the actions of another agent or due to a specific combination of actions from
multiple agents. Scaling to a large number of agents can lead to an exponential
increase in the number of joint-actions and make some of the other problems
worse: more agents with changing policies may increase the non-stationarity of
the environment and make it more difficult to correctly assign credit to an agent’s
actions.

Two simple approaches to multi-agent RL are to reduce the problem to
single-agent RL. by central learning or independent learning [131] and apply
standard RL methods [127]. These approaches address different challenges: central
learning uses a single agent that selects an action at each step from the joint
action space, mitigating the challenges of non-stationarity and multi-agent credit
assignment but requires careful consideration of how to convert the joint reward into
a single reward, leads to exponential growth in the size of the action space as the
number of agents increases, and assumes full centralization rather than agents acting
locally based on their own observations without necessarily having knowledge of
what others agents can see of how they are acting. In independent learning, all of the
other agents are assumed to form part of the environment. Unlike central learning,
the action space is not affected by the number of agents and the agent acts locally
based on its own observations and learns from its own reward but non-stationarity
may lead to unstable learning and prevent the policy from converging.

More complex models often utilize the “centralized training with decentralized
execution” paradigm [132], which involves sharing data during training to create
policies that, once trained, can be run in a decentralized manner [127, 133]. Access
to data about other the observations and actions of other agents during training can
help to mitigate the challenges of non-stationarity and multi-agent credit assignment
(in a similar way to central learning). These techniques include using a critic
network that is conditioned on the joint trajectory of all the agents [134, 135],
decomposing the value function to attribute the reward to each agent based on

its contribution [136, 137], and learning how to communicate using the noisy
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communication channels that would be available during decentralized execution
[132].

See Albrecht et al. [127] for a modern introduction to multi-agent RL,
including DRL approaches, and Gronauer and Diepold [138] for a survey of
research on multi-agent DRL. Co-operative, rather than competitive, multi-agent
DRL may be particularly relevant to the blood supply chain and OroojlooyJadid

and Hajinezhad [133] recently reviewed work in this area.

2.5.4 Implementing reinforcement learning environments

In this thesis, I refer to software implementations of MDPs or, for multi-agent
problems, AEC games, as an “environment” because they encapsulate the logic
of the theoretical environment from Figure 2.1. The environments are implemented
as Python classes, a set of instructions for creating an object with both data and
methods, based on open-source implementations for generic environments and
customized with additional logic to represent the specific scenarios. Open source
Python libraries provide application programming interfaces (APIs) for working
with RL environments. In the context of a software library, an API is the interface
(e.g. classes, methods and functions) through which a developer interacts with the
library. It provides a structured way for a developer to use the functionality of the
library without needing to understand the details of the underlying implementation.

During the work on Chapter 3, the Python library OpenAl Gym [139] was
the standard way to implement RL environments in Python, providing the gym.Env
class to represent a generic MDP. During work on this thesis maintenance of the
project was taken over by the Farama Foundation, the interface was modified, and
the actively maintained version is now called Gymnasium [140].

Additionally, for the work in Chapters 4, 5 and 6 I developed GPU-accelerated
RL environments based on the Python library gymnax [119], which provides a class
representing a generic MDP implemented using the Python library JAX [141]. In
Chapter 6, I took inspiration from the standard implementation for an AEC game
provided by the Python library PettingZoo [130] to develop GPU-accelerated RL

environments that could be used to jointly learn two policies.
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I used these environments as a standard way to represent an MDP/AEC game
and not exclusively for learning policies with RL methods. The environments were

also used to evaluate policies computed, fit or developed using alternative methods.

2.5.5 Reinforcement learning in healthcare

Yu et al. [142] surveyed work using RL to address challenges in healthcare and
found that most of the work was focused on dynamic treatment regimes: learning
time-dependent treatment decisions for patients. The most well known of these
is probably Komorowski er al. [143]: using RL to learn treatment strategies for
intensive care patients with sepsis. Yu et al. [142] highlighted other applications
including automated medical diagnosis, resource scheduling and allocation, drug
discovery and health management. Due to the safety challenges involved, the
majority of this work has been carried out on historical data, in a simulation, or
(as in this thesis) some combination of the two.

Wang et al. [144] used RL to develop a decision support tool for recommending
whether a patient in the intensive care unit should be given a PRBC, platelet or
fresh frozen plasma transfusion using historic patient trajectories from critical care
datasets.

One study that I found particularly helpful as I considered how to start work
on this thesis and develop a custom RL environment was Allen and Monks [145],
an example of using DRL for operational decision making in healthcare where the
agent must decide how many staffed beds should be available in a simple simulated

hospital.

2.6 Reinforcement learning for perishable inventory

management

There has been increasing interest over the last few years in applying RL to
problems from operational research. Balaji et al. [146] implemented a set of
online stochastic optimization problems from the operational research literature,

including the multi-period newsvendor problem with lead times and lost sales,
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as a benchmark to evaluate the performance of RL on these problems. They
found that policies trained using DRL could compete with or exceed standard
baselines. OR-Gym [147], an open source library that provides RL environments
for a set of operational research problems using the OpenAl Gym interface, includes
these benchmark tasks and four additional operational research problems including
another inventory management problem: a multi-echelon inventory management
problem with stochastic consumer demand for a non-perishable product. Hubbs
et al. [147] applied PPO [114] with the same network architecture to all of their
new tasks and found that DRL can learn “competent” policies in all the tasks and
outperformed the benchmarks in the more complex environments. The availability
of these open source environments has the potential to facilitate progress in the field
by providing a standard set of problems to which new approaches can be applied.
OR-Gym does not contain an environment for perishable inventory with a
multiperiod lifetime (in the newsvendor model, the product is assumed to be a
newspaper which has no value at the end of the day on which it is delivered),
and there are relatively few papers looking at the application of RL to inventory
management in general. Rolf et al. [148] and Yan et al. [149] both reviewed the
application of RL to supply chain management generally in 2022. Yan et al. [149]
observed that the majority of studies consider non-perishable inventory, Rolf et al.
[148] noted that the majority of research to date had focused on modelling generic
supply chains, and both studies identified that a key limitation for deployment was
the fact that many organizations could not provide streaming data about their own
inventory position which would be required to support real-time decision making,
let alone that of suppliers or customers which could help improve co-ordination
between different levels of the supply chain. Neither of these reviews identified
examples of RL being used to find issuing policies for perishable products. While I
have not identified any studies looking at learning replenishment policies for blood
inventory in a hospital blood bank using DRL, there are a small number of recent
studies looking at replenishment policies for perishable inventory, which I discuss

below.
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2.6.1 Replenishment policies for perishable products

Kara and Dogan [150] used two tabular RL methods, -learning [110] and
SARSA [151], to find replenishment policies for a perishable product with a fixed
lead time and stochastic demand. These policies were compared to heuristic
replenishment policies with parameters fit using a genetic algorithm. They
demonstrated the benefit of including information about the age of the stock in the
state representation, and found that SARSA performed particularly strongly relative
to the other methods when the demand was highly variable and the useful life of the
product was short.

Sun et al. [152] used DQN to learn policies for a fresh-product retailer selling
a single perishable product with stochastic demand, and ordering from a single
wholesaler. This problem is analogous to a simplified hospital blood bank. The
authors compared ()-learning to DQN, using a discretized state and action space for
(2-learning because the full state and action spaces used in their DQN method would
otherwise be computationally intractable. The authors found that DQN achieved
consistently lower expiries than ()-learning (with the discretized state space) over a
range of three different demand distributions, but did not provide a comparison to
any standard replenishment heuristics. DQN was specifically designed to deal with
large state spaces, and this study is an example where the ability to represent the
large state and action spaces does have clear advantage over learning policies based
on a discretized version.

In series of connected papers Sultana et al. [153] and Meisheri et al. [154,
155] investigated the use of DRL methods for a grocery supply chain with a
large number (up to 1,000 [153]) of perishable products. Wastage was determined
as a proportion of stock, rather than tracking the age profile of each product.
The problem was framed as a multi-agent task, with separate agents placing
replenishment orders for each product. The orders were then modified to comply
with capacity constraints. This approach enabled the system to be used, without
retraining, when products were added or removed [154]. In all three papers, the

DRL methods gave better results than a heuristic policy with a target inventory
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level for each product. Meisheri ef al. [155] specifically considered the effect
of forecast quality of DRL performance and found that performance increased as
the correlation between a one-step ahead forecast and actual demand increased,
matching a linear programming approach with future knowledge of all demand
when the one-step ahead forecast was perfect.

Wang et al. [156] used two deep learning methods, DQN and A2C, to find
policies that set both an order quantity and price at each timestep for a perishable
product. Demand for the product was stochastic and depended on the current price.
When the useful life was two periods and tabular (-learning was tractable, both the
DQN and A2C methods achieved higher mean profits. DQN and A2C also produced
effective policies as the product lifetime increased to three and four, for which the
authors reported that tabular ()-learning was “inefficient and impractical” due to the
exponential increase in state space with useful life.

Abu Zwaida et al. [157] applied DQN to a simulation of a drug replenishment
problem in a hospital, considering a product mix of up to 70 different perishable
drugs subject to different levels of demand and with different storage requirements.
As in other studies, the authors motivated the use of DRL by reference to the large
state-action space. The DQN policy incurred lower ordering costs and suffered
fewer shortages than three benchmark policies.

De Moor et al. [40] demonstrated the benefits of using potential-based reward
shaping [158] when training a DQN model to make replenishment ordering
decisions for perishable goods. A heuristic ordering policy, such as base stock or
BSP-low-EW [42], was used as a ‘teacher’ to shape the reward used during the DQN
training process. This enabled knowledge to be transferred from a simple policy that
performed reasonably well to the DRL agent. Using a teacher stabilized the training
process, leading to better policies than the unshaped version of DQN on average
and making the training process less dependent on hyperparameter tuning. In one
set of experiments, in which the BSP-low-EW teacher was not an optimal policy
but outperformed DQN agents trained without reward shaping, the use of reward

shaping led to a DQN policy that outperformed the teacher. This demonstrates the
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potential for improved performance by using reward shaping with a strong heuristic.

Taken together, these studies suggest that DRL methods are a sensible
approach to take with perishable inventory problems and deal effectively with the
large state spaces needed to represent stock with different ages. However, they all
use relatively simple simulated datasets and do not include some of the specific
complexities that arise with the inventory management of blood products including
periodic demand and substitution between products.

In parallel with my work on this thesis, other researchers have investigated
managing multiple perishable products with no substitution [159, 160] and
consumer-driven substitution [161] in the grocery supply chain, single perishable
products in a pharmaceutical supply chain [162] and managing a single perishable
product when both which supplier to order from and order quantity must be

determined at each decision point [163].

2.6.2 Applications to blood product inventory

While I have not identified any studies that use DRL to find good policies for
replenishing blood product inventory in a hospital blood bank, there are a small
number of studies that formulate the management of blood product inventory as an
MDP and use ADP, which can be considered a RL method, to find replenishment
policies [164] or good issuing policies while keeping the replenishment policy fixed
[63, 70].

Abdulwahab and Wahab [70] investigated policies for allocating platelets in a
hospital blood bank following a similar setup to that proposed for PRBCs by Powell
[111]. They found that a policy that incorporated information about the future, in
the form of a piece-wise linear approximation of the value function, outperformed
a myopic policy that just considered the reward from the next transition step.
Dumkreiger [63] used several different methods to find policies for allocating
PRBCs to meet patient demand including estimating ()-values based on the rollout
of a base policy, approximate policy iteration using XGBoost [165] regression
models to estimate ()-values and approximate policy iteration using an XGBoost

classification model to model the policy directly. She found that direct policy



2.6. Reinforcement learning for perishable inventory management 93

approximation using an XGBoost classification model achieved lower wastage due
to expiration in both a high and low demand setting than the default policy based
on current operational practice at the Mayo Clinic, Minnesota, USA. Both of these
studies considered stochastic demand and the possibility of substitution between
the eight different ABO/RhD blood types. While the reward function used by
Dumkreiger [63] treats any acceptable blood type type between the unit and the
patient as the same, the reward function used by Abdulwahab and Wahab [70]
favours exact matches and penalizes the use of universal donor units' in patients
who do not require them. Dumkreiger [63] also incorporated the fact that incoming
inventory will not all be of the same age by sampling the age of incoming inventory
from mixture distributions based on observed deliveries.

In parallel to my work on this thesis Abouee-Mehrizi et al. [164] used ADP,
representing the value function as a linear combination basis functions, to find
replenishment policies for platelets in a hospital blood bank. They considered
two aspects of reality that make the problem more computational demanding: that
platelet units do not arrive fresh and that the age distribution at arrival may depend
on the order quantity. They were unable to compute the optimal policy using value
iteration for a realistic maximum useful life of 5 days when considering these two
challenges, due to the additional computational demands, and therefore investigated
the performance of the ADP approach. The replenishment policies fit using ADP
incurred lower levels of stock holding, expiries and shortages than were observed
in reality when tested on held-out, data from a hospital in Canada and performed
at least as well as policies computed using value iteration under the assumption
that all stock arrives fresh over a range of notional cost settings. I consider this
scenario, as originally presented in Mirjalili [166], in Chapter 4 as an example
where GPU-accelerated value iteration can be used to compute the exact policy
for large problems incorporating challenging aspects of reality that have recently
been described as infeasible or impractical.

Additionally, in 2024 Mohamadi et al. [167] used A2C to learn a policy for

1Incorrectly stated in Abdulwahab and Wahab [70] be O- instead of AB+ for because the
matching rules for PRBCs are used instead of those for plasma and platelets.
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allocating the stock of PRBCs held at a regional blood centre between two hospitals,
using a vendor-managed inventory approach where the supplier had access to the
stock holding information and demand levels at the hospitals. The policy learned
using A2C achieved higher service levels and lower wastage on simulated scenarios
than the current practice in Iran, where each hospital places its own replenishment
orders.

DRL has also been used to support decision making about other aspects of the
blood supply chain. Li ef al. [168] considered the problem of blood component
preparation and used approximate dynamic programming with piece-wise linear
function approximation to find policies for converting whole blood into different
components given stochastic donations and stochastic demand while Altaf et al.
[169] used DRL to optimize the placement of blood distribution centres and delivery

routes from the distribution centres to hospitals.

2.7 Research directions

Research in the last few years has demonstrated that RL. may be a good general
purpose approach for different inventory problems [147, 170, 171]. In a 2022
review considering RL for inventory control, Boute et al. [106] suggested two areas
for future research that are particularly applicable to blood inventory. The first
is “leveraging big data to enrich the state space”: EHRs provide a great deal of
information about the current state of a hospital that is available in near real-time,
and previous studies have already shown that this information can be used to
generate better forecasts [61, 62] and improve ordering decisions [11]. The second
is to address problems where “multiple actions need to be taken simultaneously”:
when hospital blood banks make orders they need to specify the number of units of
each product type, rather than just a total number, and so addressing this problem
would make the RL policy more suitable for real-world use.

The size of perishable inventory management problems for which value
iteration is considered to be feasible does not appear to have changed very much

over the last 40 years despite significant developments in computational power.
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The updates for each state in one iteration of the value iteration algorithm can be
computed in parallel, so taking advantage of parallel computation (either in CPUs
or GPUs) may provide a way to extend value iteration to larger problems to better
understand how both heuristic and approximate methods, including RL, perform as
the problem size increases.

Additionally, Dumkreiger [63] identified that relatively little attention has been
paid to issuing policies. It is common to use a First-in First-out (FIFO) or OUFO
issuing policy but there may be situations where those policies lead to suboptimal
results, particularly when managing multiple products with complex substitution
relationships. Therefore, it would be beneficial to be able to compare different
issuing policies, and to be able to jointly optimize replenishment and issuing

policies.

2.8 Familiarization with real-world practice and

data

As part of the on-boarding work for this thesis I shadowed biomedical scientists
at the transfusion laboratory of our partner site, UCLH, to understand their daily
workflow and inventory management practices. [ also conducted a descriptive
analysis of requests for blood products by clinicians and stock holding information
for PRBCs and platelets. This work is presented in Appendix B. The data for
platelets was subsequently used to calculate simulation inputs and to train and
evaluate replenishment policies in Chapters 3 and 5, and to train a supervised
learning model to predict whether requested platelet units would be transfused in

Chapter 5.



Chapter 3

Platelet replenishment using

reinforcement learning

3.1 Motivation

In this chapter I investigate whether DRL methods can be used to learn effective
policies for platelet replenishment. One of the key challenges with platelet inventory
management, in common with other perishable inventory problems, is the need
to consider the age profile of the stock and the resulting large state space. DRL
methods were specifically designed to learn policies for acting in large state spaces,
but there have been limited applications in perishable inventory management and, to
the best of my knowledge, none for the replenishment of blood products. Therefore,
a first step to answering my broader research question is to test these methods
on a simple platelet replenishment task and compare their performance to more
established approaches.

I selected the scenario from Rajendran and Srinivas [45] because it is a recent
study set in a hospital blood bank which evaluates multiple heuristic replenishment
policies and included sufficient information to reimplement the scenario and the
methods. A major advantage of starting with a problem that has been previously
studied in the literature is that it provides an existing approach (or set of approaches)
against which the performance of DRL methods can be compared. In the problem

they address, the demand for platelets is stochastic and the demand distributions
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incorporate the weekly periodicity in demand that is consistent with the UCLH data
(see Appendix B) and descriptive analysis presented in other studies including Guan
et al. [11] and Motamedi et al. [61].

Additionally, it is common to fit and evaluate platelet replenishment policies
using simulated data, often using observed data to set the parameters of the
demand probability distributions. Evaluating the policies on real, observed demand
trajectories may provide a more realistic estimate of performance, in particular
accounting for the fact that future demand patterns may differ from historical
demand patterns. I therefore extended the analysis by fitting policies using observed
demand data from our partner hospital, UCLH, and evaluating them on a subsequent
year of demand data.

By implementing the scenario as an RL environment it is possible to both
train RL agents and evaluate any policy that can be implemented with Python. I
used open-source Python libraries to implement the RL environment and therefore
other research groups will be able to build on this work and easily evaluate their
own policies on the same problem. This may form part of a future benchmark for
comparing different methods on the same problem, and avoid the repeated effort of

building similar simulations that is common in the field.

3.2 Contribution statement

The main contributions of this chapter are:

* implementing an RL environment to represent a platelet inventory

management problem in the literature, using a standard interface;

* applying standard DRL algorithms to learn platelet replenishment policies,
and comparing their performance to heuristic policies applied to the same

problem in the literature;

* developing a CPU-based parallel implementation of ()-value iteration to find
the optimal replenishment policy and benchmark the performance of the DRL

and heuristic policies on the simulated scenario;
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* using real demand data from a UK hospital to perform temporal validation
of the methods, estimating how they would have performed if trained on

historical data and applied prospectively.

An extended abstract based on this work, including a figure based on Figure
3.1, was published in a special issue of Blood for work presented at the 65th Annual

Meeting of the American Society of Hematology [172].

3.3 Background and related work

The key background and related work for this chapter is set out in Sections 2.4
to 2.6. As I describe in Section 2.4.4, current practice for platelet replenishment
is often based on simple heuristic replenishment policies with parameters set
based on expert knowledge and experience. In Section 2.4.1 I explain how
replenishment policies have been determined in the literature including using
dynamic programming approaches to compute the optimal policy for down-sized
problems (Section 2.4.1.1), and fitting heuristic policy parameters using simulation
optimization (2.4.1.2) or stochastic mixed integer linear programming (2.4.1.3).

I explain in Section 2.5.2 how DRL methods have been developed to deal
with large state spaces, and provide an overview of research applying DRL to
managing perishable inventory in Section 2.6. At the time this work was conducted,
a small number of studies had investigated the use of RL [150] and DRL [152,
153, 154, 155] for perishable inventory management, all focused on retail supply
chains. Sun et al. [152] did not include a comparison to any standard heuristic
replenishment policies, while Sultana et al. [153] and Meisheri et al. [154, 155]
considered a grocery supply chain with a large number of products and calculated
wastage as a fixed proportion of stock holding instead of tracking the age profile of
the stock. To the best of my knowledge, this chapter is the first attempt to model a
platelet inventory management problem as an RL environment and fit replenishment

policies using DRL methods.
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3.4 Experiments using simulated data

3.4.1 Problem description

I adopt the platelet replenishment problem described by Rajendran and Srinivas
[45], in which a hospital blood bank can place a daily replenishment order with
a regional blood centre. This is a single-product, single-echelon, periodic-review
perishable inventory problem. In this problem it is assumed that the single product
can meet demand for any patient and therefore substitution is not considered.

Total daily demand from patients is simulated by using day-of-the-week
specific Poisson distributions and filled using an OUFO issuing policy so that the
oldest unexpired units in stock are issued first. Orders to the regional blood centre
are placed at the end of a day, and received at the start of the next day. Normal
daily orders incur both a variable order cost per unit, and a fixed order cost if an
order is placed. An expensive rush order must be placed if there is a shortage of
units. A wastage cost is imposed for units that expire before use and a holding cost
is imposed for unexpired units held in stock at the end of each day. Any platelet unit
is assumed to be capable of satisfying any demand. The settings of the simulation
are set out in Table 3.1 - these are the settings of the baseline scenario used in
Rajendran and Srinivas [45]. The daily platelet demand figures are originally from
a study at Stanford Medical Centre, California, USA by Guan et al. [11] while the
costs were originally obtained from a regional medical centre in Pennsylvania, USA
by Rajendran and Ravindran [54].

The objective is to find an ordering policy that minimizes the expected ongoing

cost of operations.

3.4.2 Constructing the reinforcement learning environment

I converted the scenario described above into an MDP and then constructed an RL
environment to represent the problem using the OpenAl Gym [139] Python library.

To support comparison between different problems, I have adopted a single
notation for all of the scenarios considered in this thesis instead of using the notation

from the original research papers.
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Parameter Value

Mean of Poisson distribution for demand (units), "
Monday 37.5
Tuesday 37.3
Wednesday  39.2
Thursday 37.8

Friday 40.5
Saturday 27.2
Sunday 28.4
C'y Fixed order cost ($/shipment) 225
C,, Variable order cost ($/unit) 650
C', Holding cost ($/units/day) 130
(s Emergency procurement (shortage) cost ($/unit) 3,250
C',, Wastage cost ($/unit) 650
m Useful life on receipt (days) 3

Table 3.1: Key assumptions and inputs for the baseline platelet replenishment scenario,
from Rajendran and Srinivas [45]

The state, S; comprises two components: 7 € {0,1,...,6}, representing
the day of the week and the units in stock at the end of the day X; =
[(Xm—1, Xm—2t, ..., X1.] ordered by ascending age from left to right. In the baseline
case where the useful life on receipt, m, is three days, there will be two values in
the state vector relating to stock currently held: X5, for stock received at the start
of the current day and X ; for stock received at the start of the previous day. Any
stock that was received two days ago that has not been used before the end of day ¢
expires and will be wasted. I assume that orders placed on the evening of day ¢ are
received on the morning of day ¢ + 1 and therefore no orders in transit are included
in the state.

The action, A;, is the number of units ordered at the end of day ¢. These
units are received and ready to be issued at the start of day ¢ 4+ 1. The actions are
constrained to be positive integers, up to the maximum order value, A,..: A; €
A=1{0,1,2, ..., Apnax }-

In Equation 3.1 I set out how the elements of the state are updated for

successive days, and in Equations 3.2 to 3.4 I set out how the number of wasted
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units, the number of units held overnight, and the number of units that must be
ordered on an emergency basis due to a shortage are calculated based on the demand
that must be met during day ¢, D;, when all stock arrives fresh. Units with a
remaining useful life of 1 day at the start of a day will expire at the end of that

day if unused.

T4l = (Tt + 1) mod 7

. 949+
j
Xjtr1 = | Xjr1e — | Deg1 — ZXk,t ] vie{l,..,m—2} (3.1)
k=1

Xm—1141 = | At —

49+
m—1
Diy1— Y Xj,t]:|
Jj=1 ]

Wipr = [X14 — D]t (3.2)
Bii1=[Bi+ Ay — Dyyq — Wt+1]+ (3.3)
Eiy1 = [Diy1 — B — A" (3.4)

The reward, Ry, is the negative total cost for the day, including the fixed and
variable order cost incurred by the previous day’s action, holding costs and wastage
costs based on units still in stock at the end of the current day, and shortage costs
based on the number of emergency rush orders required during the current day. It is

set out in Equation 3.5.

Ry = —Cflgn0 — CoAy — Cp By — CuWip — CoE (3.5)

The only stochastic element contributing to the transition probabilities,
p(Sis1|St, Ay), is the demand Dy ;.
Note that in this scenario, where orders are placed at the end of the day, the

demand for day ¢, D, precedes the observation of S;, and the wastage 1V, holding
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B; and shortage F, for day t are calculated before the observation of S;. In later
chapters, when the replenishment order is placed in the morning, demand D, arises
after the observation of state S;.

In Figure 3.1 I illustrate two possible steps through the environment, showing
how the state is updated and the reward is calculated. In one example there is
sufficient inventory to meet demand and some units expire, in the other there is a
shortage.

Due to the order of events in an MDP, the reward function is subtly different
from the objective function in Rajendran and Srinivas [45]. In Equation 3.5 the
ordering costs included in the reward from day ¢ are those from day ¢t — 1, because
the order quantity A, is only known after the agent makes a decision having received
S; and R; at the end of day ¢. This limitation does not exist in the stochastic
mixed integer linear programming formulation in Rajendran and Srinivas [45], and
therefore the ordering costs included in the cost function from day ¢ are those
from day ¢. This is a timing difference and, since I compare the models based on
undiscounted reward, long term costs would be the same under both formulations.

I developed a custom Python class to represent the environment: a subclass
of the gym.Env class from OpenAl Gym, called PlateletBankGym. By creating
a subclass of gym.Env, an established standard format for representing a generic
MDP can be extended with additional information to capture the specific logic
of this scenario. Initialization arguments allow the environment to be customized
by setting the maximum order quantity, the maximum useful life on receipt, the
lead time, the distribution of remaining useful life on receipt, the value of the cost
function components and whether the state breaks down the stock by age. Seeds
can be provided to ensure that the random processes are reproducible, and there is
an option to include information about whether the end of an episode was caused
by truncation in the info dictionary returned after each step in the environment.

The PlateletBankGym must also be passed an instance of a custom
DemandProvider class. Ateach step through the environment, the DemandProvider

provides the demand for platelets and, optionally, additional information to



3.4. Experiments using simulated data 103

be included in S;. The DemandProvider written for the baseline scenario,
PoissonDemandProviderSR, generates demand by sampling from day-of-the-week
specific Poisson distributions parameterized using the values in Table 3.1 and keeps
track of the current weekday which is included in .S;. This modular approach makes
it easy to alter how the demand is generated, by creating a new DemandProvider
subclass, without needing to change any of the core logic of the rest of the
environment. In the experiments using data from UCLH, I used a subclass of
DemandProvider which sampled trajectories from a supplied comma separated

value (CSV) file containing historical demand figures.

3.4.3 Hardware

The stochastic mixed integer linear programming experiments were conducted on
CPU nodes of the UCL high performance computing cluster Myriad, using 8 CPU
cores and 32GB random-access memory (RAM). The DRL and ()-value iteration
experiments were conducted on a desktop computer running Ubuntu 20.04 LTS
via Windows Subsystem for Linux on Windows 11 with an AMD Ryzen 9 5900X
processor, 64GB RAM, and an Nvidia GeForce RTX 3060 GPU.

3.4.4 Code availability

The code supporting the work in this chapter (both the the experiments with
simulated demand described in Section 3.4 and the experiments with real demand
described in Section 3.5) is available at https://github.com/joefarrington/

bloodbank_rl.

3.4.5 Heuristic policies

Rajendran and Srinivas [45] report the performance of four heuristic policies:

(s,9)™, (s,Q), (s,8,a,Q) and (s,S,PB,Q). The ordering rules for the four policies

'In this chapter, I use the definition of the (s, S)" policy from Rajendran and Srinivas [45], in
which s < S and an order is only placed when the inventory position is less than s. This means
that an order quantity of 1 cannot be placed. In subsequent chapters where an (s, S) policy is used, I
follow the definition from Snyder and Shen [28] in which an order can be placed when the inventory
position is less than or equal to s. This allows an order quantity of 1 to be placed. I use a superscript
dagger to distinguish these policies.


https://github.com/joefarrington/bloodbank_rl
https://github.com/joefarrington/bloodbank_rl
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(a) An example step through the RL environment where expiry and holding costs are incurred.
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(b) An example step through the RL environment where shortage costs are incurred.

Figure 3.1: Example steps through the RL environment for platelet replenishment.
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are set out in Equations 3.6 to 3.9.

0 if B, > s

(s,9)! A= (3.6)
S—Bt lth<S
0 if B, > s

(s,Q) A, = (3.7)
Q if B, <s
0 if B, > s

(s,8,0,Q) Ar=130q ifa < B, <s (3.8)
S—Bt lth<0(
0 if B, >s

(s,5,B,Q) Ay={s—B, ifp<B/,<s (3.9)
Q if B, <p

All four of these heuristic replenishment policies are periodic review policies
where the review period is 1 day. The (s,S)" and (s, Q) policies are standard
heuristic policies from the operational research literature. In both cases an order
is made if the stock level is below the reorder point s when the ordering decision
is made. For the (s,S)" policy, the order quantity is the difference between the
order-up-to level S and the current inventory position. For the (s, Q) policy the order
quantity is a fixed value Q. The (s, S, o, Q) and (s, S, B, Q) policies were developed
by Rajendran and Srinivas [45]. In these policies a and  are additional thresholds,
less than the reorder point s, below which the method for determining the order
quantity changes.

Iintended to use the parameters reported in the original paper as the benchmark
against which to compare DRL policies. The performance of the heuristic policies
with these parameters as evaluated using my RL environment was not consistent
with the performance reported by Rajendran and Srinivas [45] and, from a review

of the costs, I determined that it may be possible to find better parameters for the
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heuristic policies. I therefore decided to optimize the heuristic policy parameters
myself, to ensure that I had a reliable benchmark against which to compare
the performance of alternative approaches. I describe my work evaluating the
parameters from the original paper using my RL environment, and discuss the

discrepancies between the cost components, in Appendix C.

3.4.5.1 Methods

I reimplemented the stochastic mixed integer linear programming approach to
fitting the parameters for the four heuristic policies described by Rajendran and
Srinivas [45] and set out in Equations 3.6 to 3.9 above.

A mixed integer linear program is an optimization problem in which the
objective function and the constraints are described by equations that are linear
in the decision variables and at least one of the decision variables is constrained to
be integer. If it is important account for stochasticity in some variables outside
our control, this can be addressed by constructing a stochastic mixed integer
linear programming model and simultaneously optimising over multiple possible
scenarios, each with a randomly sampled trajectory for these stochastic variables.
A subset of the decision variables, those that parameterize the policy of interest, are
constrained to be the same across all the scenarios. The objective function is the
expectation of the single-scenario objective function over the different scenarios:
we want to find the set of policy parameters that has the lowest expected cost given
the uncertainty.

In this task, it it important to consider stochasticity in the demand for platelet
units, and find parameters for each of the four policies that minimize the expected
cost given this uncertainty. As in Rajendran and Srinivas [45], I used 20 different
scenarios, each with a different trajectory of daily demands sampled from the
day-of-the-week specific Poisson distributions set out in Table 3.1. The same 20
scenarios are used to optimize each of the four different policies. Each scenario
begins on a Monday and is 30 days long.

The objective function and constraints are set out in Appendix D. Except where

noted below, these are reproduced from Rajendran and Srinivas [45] using their
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notation. The constraints enforce the rules of the problem as described in Section
3.4.1: the number of units received on day ¢ + 1 is the number ordered on day ¢,
demand is filled using the oldest units first, and an order is placed if the inventory
position is below the reorder threshold s,. Additionally, s; must be strictly less than
S; and, in the policies that use them, o; or f, must be strictly less than s,.

I modified the constraints on the policy parameter decision variables (s;, S;, Q;,
o; and B,) to make it explicit that I want to learn one parameter for each weekday
instead of each timestep. This is because, as set out in Table 3.1, demand is based
on day of the week.

Additionally, I introduced new binary decisions variables and corresponding
constraints, based on those from Pauls-Worm et al. [173], to ensure that the OUFO
issuing policy was correctly enforced. These modifications are described in detail
in Appendix D.4.

I constructed the basic mixed integer linear program for a single scenario in
Python using Pyomo [174, 175]. 1 used mpi-sppy [176] and the commercial solver
Gurobi [177] to convert this to a stochastic programming problem with 20 scenarios
and solve the extensive form. I allowed each optimization problem to run for a
maximum of 36 hours.

I ran a series of tests on the output of the optimization process to check that
for each policy and each scenario the output was consistent with my understanding
of the problem set-up. This allowed me to confirm that the constraints had been
correctly adapted from the mathematics of the paper to the Pyomo modelling syntax
and, in the situation described above for the OUFO policy, that the constraints fully
encapsulated the problem as described.

I simulated 1,000 trajectories, each 365 days long, of platelet demand using
the day-of-the-week specific Poisson distribution means in Table 3.1. Each year
starts on a Sunday evening with no inventory in stock. An agent for each of the
four policies was applied to these trajectories, and the daily rewards (and reward
components) were recorded. I used the same 1,000 demand trajectories, which

I refer to as the “evaluation episodes”, to evaluate the performance of alternative
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policies in Sections 3.4.6 and 3.4.7 and Appendix C.

3.4.5.2 Results

I present the parameters found for each policy using the stochastic programming
approach in Table 3.2, and the mean daily costs incurred by each policy
parameterized using those values over the 1,000 evaluation episodes in Table 3.3.
The daily cost (in total, and for each component) for an individual episode is the
mean cost per day: the cost incurred divided by the the length of the episode. In this
thesis, I refer to this metric as the “daily cost” for an individual episode, and use the

term “mean daily cost” to refer to the mean of the metric over multiple episodes.

Policy Parameter Weekday

Mon Tue Wed Thu Fri Sat Sun

(s,9)f s 27 27 19 49 23 21 24
S 49 45 47 50 37 37 49

(s,Q) s 45 27 30 34 38 27 28
69 32 4345 41 29 90

(s,8,0,Q) s 38 32 35 39 31 29 49
S 43 45 46 48 33 33 82

o 5 16 9 10 9 310

Q 48 34 41 33 26 26 31

(s,8,p,0Q) 53 43 22 28 33 18 24

54 44 45 50 34 37 49
: 12 10 11 5 7 6
44 41 45 45 35 31 46

DT nnn
—
W

Table 3.2: Heuristic replenishment policy parameters from my reimplementation of the
stochastic programming methods in Rajendran and Srinivas [45]

Policy Mean daily cost

Fixed Variable Holding Shortage  Wastage Total

(s,8)f 23 22,863 1,246 922 0 25254
(s,Q) 157 22,787 3,002 2,332 122 28,401
(s,8,0,Q) 203 22,850 1,825 1,144 0 26,023
(s,5,6,Q) 224 22,826 1,257 1,108 0 25414

The daily cost components and daily total cost were calculated for each episode. The mean of the daily cost components and
daily total cost over the 1,000 evaluation episodes is reported. The lowest mean daily total cost is indicated in bold. The
heuristic policy parameters are set out in Table 3.2.

Table 3.3: Mean daily costs incurred using heuristic replenishment policies with parameters
fit using stochastic programming.
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3.4.5.3 Discussion

There are large reductions in mean daily cost when comparing the policies using
the parameters I found, in Table 3.3, to the policies using the parameters reported
in Rajendran and Srinivas [45], in Table C.2. This is driven by lower shortage costs
for all of the policies.

In Table 3.3 it is clear by inspecting the values for the mean daily fixed cost that
the two best performing policies, (s,S)" and (s, S, B, Q), now place an order almost
every day, which is what I would expect from a good policy given the cost structure.
This is caused by an increase in the values of the reorder threshold parameter, s,
which can observed across all of the policies.

Counterintuitively, the order quantity parameter Q for the (s,Q) policy is
higher than the order-up-to level parameter S for the (s,S)" policy for three of the
seven weekdays and is particularly high on Sunday and Monday. This is likely to
contribute to the comparatively large holding, shortage and wastage costs incurred
by the (s, Q) policy.

Interestingly, while Rajendran and Srinivas [45] report that (s, S, o, Q) and
(s,8,PB,Q) consistently outperform the simpler policies across multiple settings, I
find here that (s, )" achieves the lowest mean daily cost. Both an (s, S, o, Q) and an
(s,S,B, Q) policy are capable, through specific parameter settings, of matching the
decisions of an (s, S)" or (s, Q) policy. Therefore, in principle, they should perform
no worse than the better of those two policies. However, (s, S, a,Q) and (s, S, B, Q)
policies both require additional constraints and integer decision variables, making
them more complex problems to solve. This can be observed in the original paper
where the authors report than it took almost six times longer to solve for (s, S, o, Q)
and (s, S, B, Q) than for (s,S)" and (s, Q). The additional constraints I introduced
to enforce the OUFO issuing policy increase the difficulty of all the optimization
problems.

Given sufficient additional time or computational resources I may have found
parameters such that (s, S, a, Q) and (s, S, B, Q) achieved equal or lower mean daily

total cost than (s,S)f. It is also possible that, given the relatively small number
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of scenarios considered, this could have led to ‘overfitting’ by the two policies
with additional parameters: achieving a lower expected cost in the optimization
problem by finding parameters that work well on the 20 scenarios used to fit the
parameters, but not generalizing well to new demand trajectories sampled from the
same distribution.

Overall, the policies with parameters I found by reimplementing the stochastic
programming methods achieve lower mean daily total costs and make ordering
decisions that more closely match my understanding of the problem based on the
cost function. They therefore appear to be a more appropriate benchmark against

which to compare the performance of my DRL models.

3.4.6 Deep reinforcement learning policies

DRL methods have been shown to perform well as a general approach for solving
inventory management problems, in addition to a wide range of other tasks. Like
the stochastic mixed integer linear programming approach, it is possible to learn a
policy based on samples from the demand distribution. Unlike the stochastic mixed
integer linear programming approaches, it is not necessary to specify a functional

form for the policy in advance.

3.4.6.1 Methods
I trained policies using two common DRL approaches: DQN [178] and PPO

[114] on my platelet replenishment RL environment using the implementations
from the Python library Tianshou [179]. During training, the DemandProvider
in the environment randomly generated demand values using the day-of-the-week
specific Poisson means presented in Table 3.1. Unlike when fitting the stochastic
programming models, I did not use a fixed number of demand trajectories sampled
in advance: different demand trajectories were generated for each episode during
training. The DRL approaches can efficiently learn from a larger number of example
trajectories compared to stochastic programming methods, and dynamically
sampling demand trajectories during training enabled me to fully leverage this

advantage. This sampling process was controlled by a random seed to ensure



3.4. Experiments using simulated data 111

reproducibility.

The observation provided to the DRL agents at each step was based on S; as set
out in Section 3.4.2, but the integer representation of the weekday was replaced by
a one-hot vector. A one-hot vector is used to represent categorical data using binary
values: it a vector with a length equal to the number categories where all the values
are set to zero except for the position corresponding to the category of interest,
which is set to one. Here, for example, Monday was represented as [1, 0,0, 0, 0, 0, 0]
and Wednesday was represented as [0, 0, 1,0, 0,0, 0].

I selected DQN as the most widely used example of a DRL method that uses a
neural network to estimate a value function, specifically the state-action values.
To promote exploration by the agent, which is required to estimate the quality
of different state-action pairs, I used e-greedy exploration. At each step in the
environment during training, the decision about whether to explore or not is taken
using a sample from a Bernoulli distribution with probability of success 1 —e. If the
sample is successful, the action with the highest estimated ()-value for the current
state is taken. If the sample fails the agent explores by selecting an action at random.
The value of € was reduced on a schedule throughout training. The training process
for DQN is set out in Algorithm 1.

I wanted to compare the performance of a DRL method that estimates a
value-function with a method that directly approximates a policy with a neural
network. In initial experiments, I applied A2C [112] to the problem, but the results
were relatively poor. I therefore used the PPO algorithm, which was recently found
to learn successful policies on a range of problems from operational research by
Hubbs et al. [147] using one common neural network architecture. PPO is similar
to A2C in that it uses two neural networks, one to estimate the policy and another
that is used to estimate the advantage of being in a state, but differs in that it uses
Generalized Advantage Estimation (GAE) [180] to calculate the advantage based
on the experience trajectories and uses an alternative objective function which is
designed to limit policy updates to a “trusted” region. The goal of the change in

objective function is to prevent performance collapse that can arise in on-policy
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methods: a bad update to the policy can lead to the collection of bad experiences
in the environment, which are then used to update the policy. During training,
actions are sampled from a probability distribution parameterized by the output of
the neural network. Exploration is encouraged by a term in the objective function
that rewards a high entropy in this distribution. The training process for PPO is set
out in Algorithm 2.

In order to initialize the output layers of the neural networks, I needed to
specify the maximum order quantity, A,,... This value was set to 60.

In Figure 3.2 1 present a diagram showing the inputs and outputs from the
neural networks used to determine the policy, either indirectly (in the case of DQN),
or directly (in the case of PPO).

The training episodes were 365 days long. This represents an artificial
truncation - there is actually nothing special about the terminal step and in reality
the task would continue indefinitely. Conventionally, no bootstrapping is used when
estimating the value of the terminal state because the are no future rewards. Pardo
et al. [181] demonstrated that when the final step of an episode is not a “true”
terminal state, but a truncation, the performance of policies can be improved by
using bootstrapping based on the estimate of the value function for the state at the
end of the episode. I incorporated code equivalent to TimeLimit wrapper from
OpenAl Gym into my environment to indicate that my episodes are truncated and
that rewards would be available after the final step. This enabled me to make use of
the implementation of the partial-episode bootstrapping from Pardo et al. [181] in
Tianshou. This is reflected in the pseudocode for Algorithm 1 and Algorithm 2.

For both methods, I periodically evaluated the performance of the current
policy during training on separately seeded copies of the environment: validation
environments. Model checkpoints were saved after each of these validation steps
if the policy incurred a lower mean cost than on the previous validation step. I
performed limited manual hyperparameter tuning based on the performance on the
validation environments. After training, the policy associated with the the final

model checkpoint saved from the training run was used to create an agent which
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(a) Inputs and outputs for the primary network used in DQN.

Categorical probability
distribution

PPO
Actor neural network

-

(b) Inputs and outputs for the actor network used in PPO.

Figure 3.2: Inputs and outputs for the neural networks that are used to determine the policy
in DQN and PPO.
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was applied to the 1,000 evaluation episodes described in Section 3.4.5.1. When
these policies took steps in the validation environments during training, and on the
1,000 evaluation episodes, I used deterministic versions of the DRL policies: always
selecting action with highest state-action value for DQN or highest probability for
PPO.

I used the same neural network architecture, a fully-connected network with
three hidden layers of 128 units each, for the primary and target networks in DQN
and for the actor and critic networks in PPO.

The hyperparameters and settings used to train the final DQN and PPO policies

are set out in configuration files in Appendix E.

Algorithm 1 DQN with e-greedy exploration and partial episode bootstrapping

Initialize replay buffer D
Initialize primary network @y and target network Qj,
Initialize discount rate ~y
Initialize learning rate 7
Initialize target network update frequency f
Initialize € decay schedule C
Observe starting state s
for each iteration do
for each collection step do

) argmax, Qo(s,a), with probability 1 — e
Sample action a = ; ] .
random action, with probability e
Observe next state s, reward r and binary terminal indicator d
Store experience tuple (s, a,r, s’,d) in D
if d is True then
Reset environment and observe new starting state s
else
Update the current state s < s’
end if
Update epsilon € <— C/(e)
end for
for each update step do
Sample a random mini-batch from D
Calculate the loss function:
J(0) = Ewrareoy [(r+ 1@ (', argmax,, Qi (s, a') — Qols,a))’]
Update the primary network 6 < 6 — nV,J(0)
end for
if iteration % f =0 then
Update the target network 6 < 6
end if
end for
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Algorithm 2 PPO with partial episode bootstrapping

Initialize actor network 7y and critic network Vi,
Initialize actor learning rate v
Initialize critic learning rate n
Initialize clipping threshold in actor loss function e
Initialize discount rate ~y
Initialize GAE decay factor A
Initialize entropy exploration scaling factor 3
Initialize trajectory size | 7|
for each iteration do
Initialize empty storage for trajectory 7
Initialize empty storage to identify the last step for each episode U
Initialize empty storage to identify steps that require bootstrapping M
Observe starting state sg
for ¢ in range(0, |7|) do
Sample action a; from 7y (at|st)
Observe next state s}, reward 741, terminal indicator d; & truncation indicator c;
Append experience tuple (s, a;, 7e41, St dt) to trajectory 7
U, t = dt V ¢t
Mt = ﬁdt V¢
if d; is True then
Reset environment and observe new starting state s
St+1 < S
else
Update the current state ;11 < s}
end if
end for
for ¢ in range(|7| - 1, 0, -1) do
Calculate single step advantage, 0; = r¢11 + M (VVa(s}) — Viu(8t))
Calculate advantage using GAE, AT = &, 4+ U; (YAAT,)
Calculate critic target, V" = Vi (s¢) + AT
Calculate likelihood of action under current policy, and detach gradients
79,14 (at|8t) = mo(ar|s:)
end for
for each update step do
Calculate the critic loss function:
J(w) = Ev | (Va(s1) = V)7
Update the critic network w <— w — nVy J(w)
Calculate the clipped actor loss function, including entropy bonus for exploration:

J(6) = —Ey [min (oLl 4 clip (meld) 1 — 14 ) A7) | +

old

BE¢ [=mo (at|s¢) log (g (ar|st))]
Update the actor network 6§ < 6 — aVyJ(6)
end for
end for
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3.4.6.2 Results

I present the mean daily costs incurred by the policies learned using DQN and PPO

over the 1,000 evaluation episodes, split by component, in Table 3.4.

Policy Mean daily cost

Fixed  Variable Holding Shortage  Wastage Total

DQN 225 22,986 1,618 317 0 25,146
PPO 225 22,979 1,480 340 0 25,024

The daily cost components and daily total cost were calculated for each episode. The mean of the daily cost components and
daily total cost over the 1,000 evaluation episodes is reported. The lowest mean daily total cost is indicated in bold.

Table 3.4: Mean daily costs incurred using replenishment policies learned using DQN and
PPO.

3.4.6.3 Discussion

Two different DRL methods learned policies that are competitive in terms of
mean daily cost with the best policy found through stochastic programming,
using minimal manual hyperparameter tuning. This is as expected, and other
researchers have recently demonstrated the effectiveness of similar approaches on
other replenishment problems for perishable inventory [40, 152, 156, 157].

To determine whether further work in the current simplified setting was likely
to result in performance improvements, I sought to find the optimal policy for
the MDP (Section 3.4.7) and then performed a more detailed comparison of the
performance of the different policies from this section and Section 3.4.5, the results

of which are presented in Section 3.4.8.

3.4.7 ()-value iteration policy

In Section 3.4.6 I demonstrated that DRL methods can find competitive policies
for a simple platelet replenishment problem. After running these experiments, I
decided to investigate whether I could find the optimal policy for the MDP in
order to determine whether it would be worthwhile to consider alternative DRL
approaches or additional hyperparameter tuning. In this section I find the optimal

policy for the MDP using a dynamic programming approach: ()-value iteration.
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3.4.7.1 Methods

I describe the different approaches to finding a policy using RL in Section 2.5.2.
Dynamic programming techniques can be used to find the optimal policy for an
MDP if the full specification of the MDP, including the state transition probabilities
and reward function, is known and if the combined state-action space is sufficiently
small for the algorithms to be computationally tractable [97, pp.74-90].

I used the ()-value iteration algorithm, adapted to take advantage of the
periodic nature of the MDP in my problem, to find the optimal policy. In each
iteration of the algorithm, I performed a sweep through every state and updated
my estimate of the ()-value for that state using an iterative equation based on the
Bellman optimality equation for state-action values, presented in Equation 3.10 [97,

p.74].

Qjt1(s,a) < D p(s']s,a [ s,a,s) —|—fyr£1€a/i(Qj(s’,a’) (3.10)

s'eS

In Equation 3.10 @, (s, a) is my estimate of the state-action value of state s and
action a after j sweeps through the state space. p(s’|s, a) is the probability of ending
up in state s’ when starting is state s and taking action a. The reward for making
that transition after taking action a is given by R(s, a, s’). This is the equivalent of
the value iteration update presented in Equation 2.4, but for the state-action value
function instead of the value function.

The MDP is periodic, following the days of the week in a cycle. This property
can be used when determining whether the policy has converged. (-value iteration
is guaranteed to converge to the optimal state-action values for a finite MDP (or an
infinite MDP with a discount factor) with an infinite number of iterations. With no
periodicity, it is necessary to either set a fixed time limit or introduce a discount
factor and test for convergence of the ()-value approximation on iteration j using
Equation 3.11, with some small threshold ¢ > 0. Introducing a discount factor

into problem changes the ratio between the costs, and therefore I consider the
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undiscounted case, with v = 1, and seek to maximize the expected reward per week
(which, in turn, minimizes the daily cost, which I report for easier with comparison
with Rajendran and Srinivas [45]). In this setting, a convergence test based on that
derived by Su and Deininger [182] for periodic MDPs can be used, which I set out
in Equation 3.12. K is the period of the MDP, in this case seven for the seven days

of the week.

séréi}é;\‘@j(s’a) — Qj-1(s,a)] <e (3.11)

max [Q;(s,a) — Q_k(s,a)| — min [Q,(s,a) — Q;—k(s,a)| <e (3.12)

SES,acA SES,acA

These two conditions test different properties. The condition in Equation 3.11
is testing for convergence of the state-action values for each state-action pair, and
when the condition is met the error in the estimate of the state-action value function

€y
i [107].

The condition in Equation 3.12 doesn’t provide any information about how close

(relative to the optimal state-action value function) is bounded by (

the current estimate state-action value function is to the optimal state-action value
function. Instead, when it is met, future iterations may change the estimated value
but won’t (within some tolerance) change the ranking of actions within a given state
and therefore the deterministic policy extracted based on the estimated state-action
value function will not change.

I calculated the transition probabilities p(s’|s, a) using the demand probability
distribution of the following weekday. For each state s, I calculated the probability
of observing each demand value, D’ between 0 and A,,.., on the next weekday. I
then looped through each valid combination of s, a and D’ to determine the next
state s’ and the reward R(s, a, §') if demand D’ was observed. For any state s that is
not found to be a potential next state in this loop, p(s’|s,a) = 0. It is only possible
to transition between state s and s’ if the weekday of state s’ follows the weekday

of s. It is not, for example, possible to transition directly from a state where the



3.4. Experiments using simulated data 119

weekday is Monday to a state where the weekday is Thursday. This means that
for a given state-action pair, I consider the transition to only A,,., + 1 states even
though there are a total of (7 X Ap.x X Amax) states in the MDP.

Consistent with the DRL approach in Section 3.4.6, I set the maximum order
quantity A,.. = 60. Additionally, because transition probabilities are only
calculated for demand values between 0 and A, the iteration procedure may not
converge to the optimal policy if there is a significant probability mass for demand
greater than A,,,, . The highest mean demand is on Fridays, when the mean demand
1s 40.5 units. The cumulative distribution function for a Poisson distribution with
pu = 40.5 evaluated at 60 is greater than 0.998 and therefore the setting of A,,.x
is not expected to have affected the optimal policy. To confirm this, I reperformed
the analysis with A, = 70 (the cumulative distribution function for a Poisson
distribution function with 1 = 40.5 evaluated at 70 is greater than 0.99999) and
obtained the same policy.

I present the training algorithm for ()-value iteration in Algorithm 3.

The iterative update equation in Equation 3.10 is an embarrassingly parallel
operation: it is easy to implement in parallel because each updated state-action value
can be computed independently of the others. I therefore used the Python library
joblib [183] to take advantage of parallel processing to compute the updates and
reduce the wall time needed to run the algorithm, using an embarrassingly parallel
for loop over the states. In Algorithm 3 I recompute the next states, probabilities
and rewards on each iteration. In a serial implementation, these could be calculated
once, at the start, and reused in each iteration. This was not possible in my simple
parallel implementation due to memory constraints. My goal was not to write the
most efficient parallel implementation of the algorithm, but to develop a version
that would run in a reasonable wall time to provide a bound on cost incurred for the
other methods.

To compare the performance of the policy identified using ()-value iteration
with other policies, I created an agent that could take the tabular output of ()-values

and, when state s is encountered in the environment, lookup the optimal action
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arg max,.a (s, a). I applied this agent to the same 1,000 evaluation episodes used

in the preceding sections and recorded the daily costs and cost components.

Algorithm 3 ()-value iteration for a periodic MDP

Initialize Q(s,a) = Qoia(s,a) =0 V a €A s€S
Initialize iteration counter j = 0
Initialize convergence threshold e
Initialize binary convergence indicator, converged = False
Let s’ = T(s,a, D), a deterministic transition function given demand D’
Let s* be the weekday component of state s
while not converged do
for sin S do
for a in Ado
Initialize Syq159 = 0
for D’ in range(0, Apx) do
Calculate and store s’ = T'(s,a, D')
Calculate and store p(D'|s'%)
Calculate and store R(s, a, s)
Svalid <~ Svalid Us’
end for
Q(s,0) « Yurs,.,, PD|8™) [R(5., ') + 7 max, Qoials', a')]
end for
end for
Save Q values from this iteration, Q); + Q
Qotd < Q
if j > 7 then
Load @-values from a period ago, @7
converged = max, o |Q;(s,a) — Q;_7(s,a)| —ming 4 |Q;(s,a) — Qj_7(s,a)| <€
end if
j—i+1
end while

3.4.7.2 Results

I present the mean daily costs incurred by the policy learning using ()-value iteration

over the 1,000 evaluation episodes, split by component, in Table 3.5.

Policy Mean daily cost

Fixed  Variable Holding Shortage  Wastage Total

@Q-value iteration 225 22,961 1,337 423 0 24,946

The daily cost components and daily total cost were calculated for each episode. The mean of the daily cost components and
daily total cost over the 1,000 evaluation episodes is reported.

Table 3.5: Mean daily costs incurred by the replenishment policy computed using (Q-value
iteration.

From inspection of the Q-values, the policy can be represented as an (s, S)T

policy with the parameters presented in Table 3.6.
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Policy Parameter Weekday

Mon Tue Wed Thu Fri Sat Sun

(s,9)F s 45 47 46 49 34 35 46
S 48 50 48 51 36 38 48

Table 3.6: Policy parameters for the (s,S)" policy equivalent to that computed using
(-value iteration

3.4.7.3 Discussion

The policy learned by ()-value iteration incurs the lowest mean daily cost on the
1,000 evaluation episodes of any of the policies tested in this section, which is
consistent with my expectation that this method should identify the optimal policy.
The mean daily cost incurred by the policy learned using PPO was only 0.3% higher
than that incurred by the policy learned by (-value iteration. Therefore my current
DRL approaches are able to learn policies that are close to optimal for this problem
and I would not expect to be able to achieve a meaningful reduction in cost by using
an alternative DRL approach or performing additional hyperparameter tuning.

The policy learned by Q-value iteration can be represented as an (s, )T policy,
which in part explains the strong performance of the (s, S)" reported in Section
3.4.7. This structure is consistent with the finding of Blake et al. [37] that the
age profile didn’t factor into the ordering decision for platelets if an order could
be placed every day. The results may differ if the simplifying assumption that all
of the units have the same remaining useful life on arrival is relaxed. Comparing
the (s, S)" parameters fit using stochastic programming in Table 3.2 with those that
represent the ()-value iteration policy in Table 3.6, the order-up-to level parameters
S are similar except for Tuesday. With the exception of Thursday, the reorder point
parameters s fit using stochastic programming are consistently lower than those
found using @-iteration. The stochastic programming parameters were fit using
only a small number of possible demand trajectories and therefore these values
likely represent the minimum values to ensure that order are made almost every day
in those sampled trajectories and may mean that, on future unseen data, orders are

not placed when it would be advantageous to do so.
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3.4.8 Policy comparison

Policy Mean daily cost Mean KPIs

Service Days with

Fixed  Variable Holding Shortage  Wastage Total level (%) shortage (%)

‘Wastage (%)

Perfect foresight 225 23,027 0 0 0 23,252 100.0 0.0 0.0
Q-value iteration 225 22,961 1,337 423 0 24946 99.6 4.1 0.0
(s,8)T 223 22,863 1,246 922 0 25254 99.1 6.5 0.0
(s,Q) 157 22,787 3,002 2,332 122 28,401 97.8 10.6 0.5
(s,8,a,Q) 203 22,850 1,825 1,144 0 26,023 99.0 8.5 0.0
(s,8,B,Q) 224 22,826 1,257 1,108 0 25414 99.0 8.0 0.0
DQN 225 22,986 1,618 317 0 25,146 99.6 2.8 0.0
PPO 225 22,979 1,480 340 0 25,024 99.7 32 0.0

The daily cost components, daily total cost and KPIs were calculated for each episode. The mean of the daily cost
components, daily total cost and KPIs over the 1,000 evaluation episodes is reported. The lowest mean daily total cost given
by an approximate method without perfect foresight is indicated in bold.

Table 3.7: Mean daily costs incurred and associated KPIs given by the ()-value iteration,
heuristic, and DRL policies.

In this section I compare the performance of the policies from Sections 3.4.5,
3.4.6 and 3.4.7 on the same 1,000 evaluation episodes. I present the mean daily
costs for these policies, originally reported above in Tables 3.3, 3.4 and 3.5 in Table
3.7. I also include a benchmark policy with perfect foresight: it is assumed to order
exactly the quantity required to meet the demand on the following day and therefore
incurs no holding, shortage or wastage costs. I separate out both ()-value iteration
and the perfect foresight policy from the other policies in Table 3.7 because they
both have access to information that would not be available in reality: either the full
transition probability distribution (()-value iteration), or perfect knowledge of future
demand before an order is placed (perfect foresight). Both of these policies provide
useful context for the others that I present: ()-value iteration provides the optimal
policy given the uncertainty and so is a lower bound on the mean cost I would expect
the other models to incur. The policy with perfect foresight provides a lower bound
on the cost if perfect future knowledge were available and therefore difference in
performance between perfect foresight and ()-value iteration represents the possible
benefit of a short-term forecast in this scenario. The implementation of a perfect
foresight policy here is limited to the current cost structure, where the fixed order
cost is much lower than the holding cost that would be incurred by holding a number

of units to meet the mean daily demand overnight.
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(a) Heatmap showing the proportion of the 1,000 evaluation episodes in which the daily cost of the
policy on the vertical axis was lower than that of the policy on the horizontal axis.
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(b) Distribution of the difference in daily cost between (s,S)’ and PPO policies on the 1,000
evaluation episodes.

Figure 3.3: Relative performance of the heuristic and DRL replenishment policies.
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I also include the mean of three KPIs over the 1,000 evaluation episodes in
Table 3.7. The service level is the percentage of demand that was filled using platelet
units in stock; the days with shortage is the percentage of days in which demand
exceeded units in stock and an emergency order had to be placed; and the wastage
rate is the number of wasted units as a proportion of the total units received through
routine daily orders. All of the policies except (s, Q) achieve no waste and a service
level over 99%. The DQN model achieved the lowest proportion of days with a
shortage, followed by the PPO model.

In Figure 3.3a I present paired-sample comparisons between policies, showing
the proportion of the 1,000 evaluation episodes in which the policy on the row label
incurred a lower mean cost than the model on the column label. It is clear from
this figure that the two DRL approaches consistently outperformed the policies
fit using stochastic programming. Of the two DRL approaches, PPO achieved
a lower daily cost than DQN in 96% of the evaluation episodes. Figure 3.3b
shows the distribution of differences in daily cost on the evaluation episodes for
the best performing stochastic programming method, (s,S), and PPO. The mean
difference is approximately 1% of the mean daily cost. The mean daily cost for
PPO is 8% higher than the perfect foresight policy.

In Section 3.4.7, I observed that the optimal policy computed using ()-value
iteration can be represented by an (s,S)" policy, and therefore does not depend
on age information about the stock. This suggests that the advantage of the DRL
policies in this particular scenario is not in their ability to incorporate knowledge
about the age of the inventory into the ordering decision. Instead, it is likely to be
because the DRL methods are able to efficiently learn from a much larger number
of samples and therefore have a better implicit representation of the uncertainty in
the environment. An alternative method for fitting the heuristic policies parameters,
that can efficiently use a large number of sampled demand trajectories, may give
better performance and I consider this in Chapter 4.

One important consideration is how straightforward these methods are for

future researchers. There are an increasing number of open-source libraries making
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DRL methods relatively easily accessible. If this trend continues, it may well be
more straightforward for researchers to set up their problem as a simulation that can
be wrapped in an RL environment and use these RL libraries, as I have done, than
to describe the problem using linear constraints and use stochastic mixed integer
programming. This approach could also be applied to a much wider range of

problems that cannot be described using linear constraints.

3.5 Application to demand data from UCLH

In Section 3.4 I show that DRL methods can learn effective policies for ordering
platelets in a simplified setting where demand is generated using day-of-the-week
specific Poisson distributions. In this section, I investigated whether these
approaches can be straightforwardly applied to real demand trajectories from a

hospital blood bank and evaluate their performance.

3.5.1 Methods

I extracted daily demand figures for adult platelet units for the period 1 January
2015 to 31 December 2017, inclusive, from an extract of data from the transfusion
laboratory information system Bank Manager. Units were included in the demand
figures if the unit fate was “Transfused” or “Transfusion Assumed”, and were
assigned to calendar days based on the day on which the request was required to
be filled because this reflects the point at which they would need to be issued by the
hospital blood bank. For additional detail on the data extracted from Bank Manager,
including descriptive analysis, see Appendix B.

With the exception of the demand trajectories, I used the same scenario and
assumptions described in Section 3.4.1. The parameters for each policy were fit
using demand data from 2015 and 2016.

(Q-value iteration requires knowledge of the full transition probability
distribution for the MDP, which is not available for the real-life demand data.
Both stochastic programming and the DRL methods can be used to find policies
based on sampled trajectories, and the real-life observed data can be considered a

sample from the underlying distribution. Therefore in this section I only consider



3.5. Application to demand data from UCLH 126

the stochastic programming and DRL approaches from Section 3.4
The same hardware was used as for the corresponding methods with simulated

demand trajectories, as set out in Section 3.4.3.

3.5.1.1 Stochastic programming
I followed the approach described in Section 3.4.5 above, fitting parameters for the
four policies described by Rajendran and Srinivas [45], and set out in Equations 3.6
to 3.9 above, using stochastic programming implemented using the Python libraries
Pyomo [174, 175] and mpi-sppy [176], and the commercial solver Gurobi [177].
Instead of using 20 randomly sampled scenarios, the demand trajectories were
20 consecutive 30-day periods all starting on a Monday, beginning with the first
Monday in 2015. The starting inventory for each scenario was 25 units with a
remaining useful life of two days, based on the mean daily demand observed in
2015 and 2016. All other settings were the same as those used for the experiments

in Section 3.4.5.

3.5.1.2 Deep reinforcement learning
I followed the approach described in Section 3.4.6 above, training DQN and PPO
models using the Python library Tianshou [179].

Instead of using a DemandProvider that randomly generated 365-day long
trajectories for model fitting, I used a DemandProvider that sampled 90-day long
trajectories from the real demand data for 2015 and 2016. 90 days was selected
as middle ground between having long episodes to reduce the impact of initial
conditions and having enough variety in the number of different trajectories that
could be sampled from a two year period. All other settings were the same as those

used for the experiments in Section 3.4.6.

3.5.1.3 Evaluation

Once fit, an agent to represent each class was created and applied to an RL
environment as described in Section 3.4.2. For evaluation, the RL environment was
instantiated with a DemandProvider class that provided the real demand figures

from 2017 as the demand trajectory. The daily rewards (and reward components)
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from this single episode were recorded for each policy.

3.5.2 Results

I present the parameters found for each policy using the stochastic programming
approach in Table 3.8. I present the mean daily costs incurred and KPIs achieved
by each policy parameterized using those values, and two DRL policies, on real

UCLH demand data from 2017 in Table 3.9.

Policy Parameter Weekday

Mon Tue Wed Thu Fri Sat Sun

(s,8)f s 34 24 21 37 22 17 29
s 61 35 38 40 28 46 60
(s,Q) s 20 19 31 27 21 16 15
Q 533 27 32 24 14 27
(s,8,0,Q) s 3320 20 39 19 15 36
s 39 33 40 40 26 27 37
a 1113 2 18 7 11 12
Q 24 12 26 11 12 9 21
(s,5,B,Q) s 33029 23 39 19 17 21
s 39 36 33 40 25 26 36
B 1 8 1 11 2 7
Q 50 23 41 35 34 27 38

Table 3.8: Heuristic replenishment policy parameters from my reimplementation of the
stochastic programming methods from Rajendran and Srinivas [45] applied to
real UCLH demand data from 2015 and 2016

Policy Daily cost KPIs

Fixed  Variable Holdin Shortage =~ Wastage Total Service Days with Wastage (%)

& & & level (%) shortage (%) gelth

Perfect foresight 225 15,933 0 0 0 16,158 100.0 0.0 0.0
(s, S)Jr 182 15,985 2,171 151 32 18,522 99.8 2.5 0.2
(s,Q) 171 15,374 1,531 3,214 84 20,374 96.0 20.0 0.5
(s,8,,Q) 218 15,698 1,117 1,255 0 18,289 98.4 8.2 0.0
(s,8,B,Q) 219 15,840 1,200 543 2 17,804 99.3 6.0 0.0
DQN 225 15,942 1,685 98 0 17,950 99.9 1.1 0.0
PPO 225 15,940 1,429 116 0 17,710 99.9 2.7 0.0

The daily cost components, daily total cost and KPIs were calculated for a single episode using real observed daily demand
for one calendar year, 2017. The lowest daily total cost given by an approximate method without perfect foresight is
indicated in bold.

Table 3.9: Daily costs incurred and associated KPIs given by the heuristic and deep
reinforcement learning policies on real UCLH demand data from 2017
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3.5.3 Discussion

These results show that the DRL policies were also able to learn effective
replenishment policies on real demand trajectories, and that the policies generalized
well to a new period. PPO achieved the lowest mean daily cost, with the
joint-highest service level and joint-lowest wastage rate.

Unlike in the evaluation based on simulated data, in this experiment (s, S, o, Q)
and (s, S, B, Q) perform better than the (s, S)' policy in terms of daily cost, although
they both experience shortages on a higher number of days. (s,Q) remains the
worst-performing policy, incurring the highest daily cost, the lowest service level
and the highest wastage rate. The policy used by UCLH in current practice is a
standing order policy, similar to (s, Q) but with the reorder point s effectively set to
infinity.

It may be possible to improve the performance of the DRL models
by performing hyperparameter tuning for this task, rather than using the
hyperparameters that were found to work well in Section 3.4.6. However, the
purpose of these experiments was not to find the best possible performing policy
but to investigate whether the DRL methods were competitive on real demand data,
as they were on simulated data.

The main limitation of this work is that the results cannot be reasonably
compared with real performance over the period because, other than the demand
data, the other settings of the scenario have been taken from the work in Section 3.4
and therefore are based on simplifying assumptions, e.g. that all arriving inventory
is fresh and that demand for a unit can be met with any unit in stock, which make

the task considerably easier.

3.6 Conclusion

In this chapter I have established the effectiveness of DRL for learning platelet
replenishment policies. Using simulated demand data, the replenishment policy fit
by PPO achieved lower costs than the four heuristic policies with parameters fit

using stochastic mixed integer linear programming. PPO also achieved the lowest
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daily cost when trained and temporally validated on real demand data from a UK
hospital.

Using a CPU-based implementation of ()-value iteration, I was able to find the
optimal policy for the case with simulated demand data. This policy was used as an
additional benchmark, and PPO performed near-optimally. Additionally, I identified
that the optimal policy could be represented as an (s,S)' policy, but that the
stochastic mixed integer linear programming has identified sub-optimal parameters.
An alternative method to fitting such heuristic policy parameters, that can be fit
using a larger number of demand trajectories, may improve the performance of the
heuristic policies.

I implemented the scenario as an RL environment using a standard Python
library. This environment can be used by other researchers to test new methods
on the same problem, and expanded to incorporate additional aspects of the real

problem.



Chapter 4

GPU-accelerated value iteration and
simulation for perishable inventory

management

4.1 Motivation

In Chapter 3, I computed the optimal policy for a simple platelet replenishment
scenario introduced by Rajendran and Srinivas [45] using a dynamic programming
approach (specifically: ()-value iteration) and used this policy as a benchmark for
the performance of heuristic and DRL policies. In this chapter, I investigate whether
recent advances in GPU hardware and software increase the size of perishable
inventory replenishment problems for which it is practical and feasible to compute
the optimal policy.

As I explain in Section 2.4.1.1, the need to consider the age profile of stock
limits the size of perishable inventory problems for which dynamic programming
approaches are feasible, due to the “curse of dimensionality”. However, the
common understanding in the operational research literature about the size of
problems for which it can be used does not appear to have changed meaningfully
since the 1980s despite significant advances in computational power - particularly
GPUs. The parallel processing capabilities of GPUs are well-suited to dynamic

programming. In addition to situations where the optimal policy can be found
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and used in practice, extending the range of problems for which it is feasible and
practical to find the optimal policy could support research into new heuristics and
approximate approaches, including DRL, by providing performance benchmarks on
larger, more realistic, problems than has previously been possible.

Additionally, T consider in this chapter the application of GPU-accelerated
computing to simulation optimization to fit parameters for heuristic benchmark
policies. In Chapter 3, I found that while the optimal replenishment policy for
the case with simulated demand data could be represented as an (s,S)' policy,
stochastic mixed integer linear programming did not identify the corresponding
parameters within the permitted run time of 36 hours. The parallel processing
capabilities of GPUs support an extensive search of possible parameters for heuristic
policies, and a reduction in the sampling error for the estimate of the objective
function by running a large number of simulated rollouts for each combination of
parameters proposed by the search strategy.

One of the reasons for the limited adoption of GPU-accelerated computing
among operational researchers compared to machine learning researchers may be
the perceived barrier to entry, and therefore I focused on developing an accessible
approach using high-level software libraries, which require minimal GPU-specific

knowledge, and consumer-grade hardware.

4.2 Contribution statement

The main contributions of this chapter are:

* establishing that value iteration can be used to compute optimal perishable
inventory replenishment policies, for problems where value iteration was
recently described as computationally infeasible or impractical, using

consumer-grade GPU hardware;

 providing an open-source, general purpose implementation of value iteration
for MDPs using the Python library JAX, and four examples of how it can be
customized to solve specific perishable inventory problems without in-depth

knowledge of GPU-specific programming approaches and frameworks; and
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* demonstrating that simulation optimization for perishable inventory
management can also be effectively run in parallel using JAX, particularly
for larger problems where policies that perform well can be identified in a

fraction of the time required to run value iteration.

The extension of value iteration to larger problem instances is summarized in

Table 4.1.

Maximum useful life m

Problem features 2 3 4 5 8
A Leadtime > 1 ® % % % O
B  Substitution between products ® ¥ O O O
C Not all arrivals fresh, O @ O % %

freshness ~ order quantity, periodic demand

Key
@ Value iteration feasible for all experiments in the original study.
% My method extends value iteration to experiments that were considered
infeasible or impractical in the original study.
®  All experiments infeasible in the original study and with my method.
O  Setting not considered in the original study.

Table 4.1: Summary of my contribution extending value iteration to larger problems with a
longer maximum useful life.

At the time of writing, in June 2024, an article based on this chapter is under

review at Annals of Operations Research. A preprint is available on arXiv [184].

4.3 Background and related work

Early theoretical work demonstrated that optimal policies for perishable inventory
replenishment could be computed using dynamic programming [38, 39]. In
1982 Nahmias [6] observed that the need to consider the age profile of the
stock made dynamic programming approaches impractical for problems where
the maximum useful life of the product was more than two periods, due to the

“curse of dimensionality”. More recently, despite advances in computational power,
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researchers have stated that value iteration remains infeasible or impractical when
the maximum useful life of the product is longer than two or three periods or when
additional complexities (e.g. substitution between products or stochastic remaining
useful life on arrival) are introduced [40, 71, 166].

The prevalent view in the perishable inventory literature about the scale
of problems for which value iteration is feasible appears to neglect the recent
developments in GPU hardware, and in software libraries that make it possible for
researchers and practitioners to take advantage of GPU capabilities without detailed
knowledge of GPU hardware and GPU-specific programming approaches. The first
mainstream software framework to support general computing tasks on GPUs using
a common general purpose programming language was Nvidia’s Compute Unified
Device Architecture (CUDA) platform [185], which launched in 2007.

A wide range of sequential decision making problems can be modelled as
MDPs and solved using value iteration. Jéhannsson [186] demonstrated that value
iteration could be effectively run in parallel on a GPU soon after the introduction
of CUDA. Subsequent research has evaluated the performance of GPU-accelerated
value iteration on problems from economics and finance [187, 188, 189, 190, 191]
and route-finding and navigation [192, 193, 194, 195]. I have only identified
a single study that applied this approach to an inventory management problem:
Ortega et al. [196] implemented a custom value iteration algorithm in CUDA to
find replenishment policies for a subset of perishable inventory problems originally
described by Hendrix et al. [71].

Previous studies have reported impressive reductions in wall time achieved
by running value iteration on GPU. The GPU-accelerated method developed by
Ortega et al. [196] was up to 11.7x faster than a sequential CPU-based method
written in C. Despite this, the approach has not been widely adopted. The
majority of the aforementioned studies focus on implementing value iteration using
CUDA or OpenCL, a multi-platform alternative to CUDA, and comparing the
performance of a GPU-accelerated method with a CPU-based method, instead

seeking to use GPU-acceleration to solve problems for which value iteration is
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otherwise impractical or infeasible. A similar approach has been used to develop
GPU-accelerated methods for other operational research problems [197, 198, 199].
One of the main barriers to entry for other researchers may be the perceived
difficulty of GPU programming. Writing efficient code using CUDA or OpenCL
requires careful consideration of memory access, balancing resource usage when
mapping parallel processes to the hardware, and interaction between the CPU and
GPU [200]. There have been efforts to make GPU-accelerated value iteration
more accessible. Johannsson [186] created a solver framework using his CUDA
implementation of value iteration as a back-end, but this does not appear to be
publicly available. More recently, Kirkby [190] created a toolkit in MATLAB to
solve infinite horizon value iteration problems which automatically uses a GPU
when available and appropriate. This toolkit requires the state-transition matrix to
be provided as an input, which is not practical for some of the larger problems I
consider due to memory limitations.

One of the areas in which GPUs have since had a major impact is the field
of deep learning. This impact has led to, and in turn been supported by [201],
the development of higher-level software libraries including TensorFlow [202],
PyTorch [203] and JAX [141]. These libraries provide comparatively simple Python
APIs to support easy experimentation and developer productivity, while utilising
highly optimized CUDA code “under-the-hood” to exploit the parallel processing
capabilities of GPUs.

My approach is broadly similar to that of Duarte et al. [189] and Sargent
and Stachurski [204] who used machine learning frameworks to implement
GPU-accelerated value iteration for economics models. A key observation made
by Duarte er al. [189] is that their TensorFlow implementation is an order of
magnitude faster than their custom CUDA C++ implementation on a GPU. This
demonstrates that the comparative accessibility provided by a machine learning
framework need not come at the cost of poorer performance. TensorFlow, like
PyTorch and JAX, translates the high level API instructions into highly-optimized

CUDA code. Experts in GPU programming may be able achieve better performance
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than a machine learning framework by working at the level of CUDA or OpenCL.
Researchers without that expertise are likely to both save development time and
achieve performance benefits by working at a higher level of abstraction using a
machine learning framework and relying on it to make best use of the available
hardware.

Due to the computational challenges of using dynamic programming methods
to find policies for perishable inventory management, research has focused on
approximate solutions. One straightforward way to make a dynamic programming
approach more computationally tractable is to reduce the size of the state space
by aggregating stock items into batches. The solution to the down-sized dynamic
program can then be factored up to give an approximate solution to the original
problem [44, 49]. An alternative approach is to use a heuristic policy with a
small number of parameters, such as a base stock policy. Research in this area
has concentrated on both identifying suitable structures for heuristic policies (see
Nahmias [43] for an early example, and Haijema and Minner [42] for a recent
example), and finding suitable parameters for those policies in specific situations
- commonly using stochastic mixed integer linear programming [36, 53, 54] or
simulation optimization [46, 48]. Recently, RL methods have also been used to
find approximate polices for managing perishable inventory [40, 150, 152, 162].

Of these other approaches to the problem, I focus on simulation optimization
in addition to value iteration because GPU-accelerated simulation is feasible using
available software libraries but not yet widely adopted. Applied research on specific
mixed integer linear programs often relies on commercial solver software such
as IBM ILOG CPLEX Optimization Studio or Gurobi Optimizer which do not
currently support GPU-acceleration. Adapting mixed integer programming solution
strategies to suit the architecture of GPUs is the subject of active research [205].
The use of GPU-acceleration supported by machine learning frameworks is already
widespread in RL research - my RL experiments in Chapter 3 used PyTorch.

Simulation optimization can be used to solve optimization problems where

the objective function cannot be computed exactly, but can be estimated using
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simulation. Sampling error in the objective function can be reduced by running
simulations for a longer simulated period, or by running additional simulations.
The relevance of parallel computing to simulation optimization is well recognized
[206, 207], but I have identified few simulation optimization studies using GPUs
to run multiple simulations in parallel. In inventory management, Srimool et al.
[208] exhaustively evaluated the possible order quantities for a newsvendor problem
using parallel simulations on GPU. More recently, Lau and Srinivasan [209] used
simulation optimization to solve a chemical process monitoring problem using
GPU-acceleration for both the simulation and the metaheuristic search process that
proposed candidate solutions. Similar to the value iteration studies discussed above,
both of these projects used custom CUDA code which may explain the limited
subsequent adoption despite the established reductions in wall time relative to CPU
baselines. Following recent work in the RL community [120, 121] I implemented
my simulators using the Python library gymnax [119], which enabled me to write
my simulation operations using JAX and readily evaluate each of numerous policies

on thousands of simulated years in parallel on GPU.

4.4 Methods

4.4.1 Scenarios

I considered three perishable inventory management scenarios recently described
in the literature for which value iteration was reported as infeasible or impractical
for at least some experimental settings, and which include elements relevant to the
management of blood product inventory. I also revisited the platelet replenishment
scenario from Chapter 3 [45] to compare the heuristic policy parameters fit using
the GPU-accelerated simulation optimization approach I developed in this chapter
to those fit using stochastic mixed integer programming in Section 3.4.5.

The three new scenarios are all periodic review, single-echelon perishable
inventory problems with a fixed, known delivery lead time L. Scenario A, from
De Moor et al. [40], is a straightforward perishable inventory replenishment

problem but for some experimental settings the lead time, L, is greater than one
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period and therefore it is necessary to consider inventory in-transit when placing an
order. This may be relevant at higher echelons of the blood supply chain and UCLH
transfusion laboratory staff suggested a longer lead time may be necessary if there
was more variation in the order quantities placed by a hospital blood bank due to the
use of daily forecasts and more complicated replenishment policies. Scenario B is
the two product scenario described by Hendrix et al. [71] which adds the complexity
of substitution between perishable products. Substitution is an important aspect of
managing blood product inventory, where compatibility between the blood groups
of the donor and the recipient is critical (as set out in Section 2.2). Scenario C,
from Mirjalili [166], models the management of platelets in a hospital blood bank
and adds two complicating factors: periodic patterns of demand, and uncertainty
in the remaining useful life of products on arrival, which may depend on the order
quantity. In every scenario demand is stochastic, unmet demand is assumed to be
lost, and units in stock with a remaining useful life of one period are assumed to
expire at the end of the day. Except in Scenario C, the products have a fixed, known
useful life m and are all assumed to arrive fresh. I summarize the key differences

between the scenarios in Table 4.2.

Problem features Reward function components
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A De Moor et al. [40] 1 v v v v Y
B Hendrix et al. [71] 2 v v v
C  Mirjalili [166] 1 v v v v v v v

Table 4.2: Summary of the key differences between scenarios A, B and C.

De Moor et al. [40], Hendrix et al. [71] and Mirjalili [166] each used different
notation to describe their work. In an effort to aid the reader in understanding the
similarities and differences between the scenarios I have adopted a single notation
which I apply to all three scenarios. In Appendix F I present the key equations

describing each scenario in this notation.



4.4. Methods 138

All of the scenarios are defined as MDPs (see Section 2.5.1) and in this chapter

I only consider deterministic replenishment policies, a = 7(s).

44.2 JAX

For the experiments in this chapter, I used the open source Python library JAX
[141] to implement both value iteration and the simulators for both simulation
optimization and policy evaluation. JAX has a NumPy-style API that will be
familiar to many researchers, and performs just-in-time (JIT) compilation to run
workloads efficiently on hardware accelerators including GPUs. JAX provides
composable transformations of Python functions which make it straightforward
to apply functions in parallel over arrays of input data. This is ideal for
dynamic programming methods like value iteration: each iteration requires
many independent updates which can be performed in parallel, and the up-front
computational cost of JIT compilation can be amortized over many repeats of the

compiled operation for each iteration.

4.4.3 Value iteration

I describe value iteration, a dynamic programming approach for computing the
optimal policy of a finite MDP, in 2.5.2.1. The optimal value function is estimated

by using the Bellman optimality equation as an update operation:

Vigi(s = max > p(s,rls,a) [+ V()] 4.1)

s'eS,re
For a finite MDP this operation will, in the limit of infinite iterations, converge
to the optimal value function. The optimal policy can be extracted from the value

function using a one-step ahead search:

m(s) =argmax »_  p(s,rls,a)[r+ V()] 4.2)

achA s'eS,re

Similar to the approach of Hendrix et al. [71], I used a deterministic transition
function, (s',7) = T(s,a,w), where w €  is a possible realization of the

stochastic element(s) of the transition. For a specific state-action pair, (s, a), and
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a specific random outcome, w, the next state and the reward can be calculated
deterministically. In the most straightforward example I consider, Scenario A, the
only uncertainty is in the daily demand, and therefore is the set of possible values
that demand may take in any period. Under this formulation, the value iteration

update equation can be rewritten as:

Vigi(s) = max Z P(w|s,a) [ry, +V;i(sl,)], where (ry, s.,) = T(s,a,w) (4.3)
a we

and the optimal policy can be extracted using the equation:

m(s) = argmax Y _ P(wls,a)[r, + 7V (s},)] 4.4)

acA
where P(w|s,a) = Prob () = w|S; = s, A; = a) is the probability of random
outcome w having observed state S; = s and then taken action A, = a.
), represents the stochastic elements of the transition that occur between the
observation of state S; and the observation of state Sy .

Since it is not possible to run an infinite number of iterations, a convergence
test is needed to determine when to stop value iteration and extract the policy. The
main output of interest is the policy, and not the value function itself, and therefore
in certain cases the number of iterations required can be reduced by stopping when
further updates to the value function will not change the policy. I describe the
convergence test used for each scenario in the corresponding section below.

In Chapter 3, I used a CPU-based implementation of ()-value iteration to
compute the optimal policy for the platelet replenishment scenario described by
Rajendran and Srinivas [45]. ()-value iteration follows the same basic updating
process as value iteration, but the estimates of all the state-action values (rather
than just the value for best action) are retained at each step. This makes it easier to
extract the final policy, but has greater memory requirements. Memory is a limiting
factor in the GPU-accelerated approaches I consider in this chapter, and therefore I

used value iteration here.
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Iimplemented value iteration using a custom Python class, ValueIterationRunner,
which defines the common functionality required to run value iteration and extract
the optimal policy using the approach in Equations 4.3 and 4.4. The base
ValueIterationRunner class includes eight placeholders for methods which
must be defined for a specific scenario. For each scenario I defined a subclass
of ValueIterationRunner, replacing the placeholder methods with custom

functions that:
* return a list of all possible states as tuples;

* return an array that maps from a state to its index in the list of all possible

states;
* return an array of all possible actions;
e return an array of all possible random outcomes;

* return the immediate reward and next state following the deterministic

transition function given a state, action and random outcome;

e return an array with the probability of each random outcome given a

state-action pair;
* return an initial estimate of the value function; and
* test for convergence of the value iteration procedure.

The ValueIterationRunner class could be easily adapted to solve new
problems by creating a new subclass and replacing the placeholder entries for these
eight methods.

A naive implementation of value iteration following Equation 4.3 would
require a nested for-loop over every state, every action, and every random outcome.
Every iteration, j, requires an outer loop over every state but the updates for each
state can be computed independently using the estimates of the value function from
the previous iteration j — 1. This independence means that, during each iteration,

the value function updates for each state can be computed in parallel instead of in
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sequence. At the end of each iteration, the results of the parallel updates can be
combined into a complete updated estimate of the value function, which is then
distributed as an input for the next iteration.

The independence of the updates, each of which involves performing the same
operations on different inputs, is ideal for parallelization on GPUs. GPUs design
was historically driven by the needs of gaming, where rendering images at high
frames rates requires performing a large number of floating-point operations per
second with high levels of memory access. This led to a throughput-oriented
design, where GPUs excel at handling a large number of threads simultaneously,
each working on a different part of the input data. When a thread experiences
latency, such as waiting for memory access, the GPU can switch to another thread,
keeping the hardware fully utilized. GPUs are especially efficient when groups of
threads, called warps, execute the same instruction at the same time. This minimizes
control overhead, as the same instruction can be issued to all threads in a warp
simultaneously. It also speeds up memory access by allowing threads to share
their memory requests, efficiently fetching shared regions of an array that multiple
threads need, reducing the total number of times the input data in memory needs to
be queried [210].

JAX provides two main function transformations that facilitate running
functions in parallel: vectorizing map (vmap) and parallel map (pmap). Both
of these transformations create new functions that map the original function over
specified axes of the input, enabling the original function to be applied to a large
number of inputs in parallel. The key difference is that vmap provides vectorization,
so the operations happen on the same device (e.g. the same GPU), while pmap
supports single-program, multiple-data parallelism and runs the same operation for
different inputs on separate (but identical) devices at the same time.

An important feature of vmap and pmap is that they are composable and
therefore can be readily nested. For the basic value iteration update, set out in
Algorithm 4, nested vmap operations over states, actions, and random outcomes are

used instead of using nested loops. This is only feasible if there is sufficient GPU
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memory to update all of the states simultaneously. For larger instances I grouped
the states into batches for which the update can be performed simultaneously and
performed the update for one batch of states at a time. To enable multiple identical
devices to be used where available, my implementation automatically detected the
number of available of devices and used pmap to map the update function for
multiple batches of states over the available devices.

Functions transformed by vmap and pmap are automatically JIT-compiled with
XLA, a domain-specific compiler for linear algebra. JAX traces the function the
first time it is run, and the traced function is compiled using XLA into optimized
code for the available devices. This compilation requires fixed-sized arrays, as XLA
generates optimized machine code for specific array dimensions, to avoid incurring
the cost of recompilation for varying input shapes. In the case of pmap, this means
that all arrays distributed across devices must have the same shape [211].

To meet the requirement for fixed sized arrays I padded the array of states so
that it could be reshaped to an array with dimensions (number of devices, number of
batches, maximum batch size, number of elements in state). Each device received an
array with dimensions (number of batches, maximum batch size, number of elements
in state), performed a loop over the leading dimension, and calculated the update
one batch of states at a time. The same process was used to extract the policy in
parallel at the end of value iteration.

I used double-precision (64-bit) numbers when running value iteration, instead
of the single-precision (32-bit) numbers that JAX uses by default because, in
preliminary experiments with Scenario A which required a large number of
iterations for convergence, I found that convergence was not always stable.

I report the wall time required to run each value iteration experiment. The
reported times include JIT compilation time, writing checkpoints and writing final

outputs, including the policy, because I believe this represents a realistic use case.

4.4.4 Simulation of the Markov decision processes

I created a simulator to represent each scenario. The simulators have two purposes:

firstly, to fit parameters for heuristic replenishment policies using simulation
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Algorithm 4 Value iteration using vmap

Initialize array of all states s: S

Initialize array of all actions a: A

Initialize array of all random outcomes w:

Initialize initial estimate of value function: Vy(s) Vs € S

Initialize discount factor: ~y

Initialize iteration counter: 7 = 0

Define deterministic transition function which returns next state and reward:
T(s,a,w)

Perform value iteration
while not converged do
j—7+1
vmap over s € S
vmap over a € A
vmap over w €
(sl ry) < T(s,a,w)
Qj(s,a) + X, P(wls,a) [ro, +yVj-1(s),)]
Vi(s) + max, Q;(s,a)
Test for convergence
end while

Extract the policy, 7(s) ~ 7(s)
vmap over s € S
vmap over a € A
vmap over w €
(s,1y,) < T(s,a,w)
Qj11(5,0) X P(wls,a) [r + V5 (5]
7(s) <= argmax, Q41(s, a)

optimization and, secondly, to evaluate the performance of the policies produced
by value iteration and simulation optimization based on the return and three KPIs:
service level, wastage and holding. The service level is the percentage of demand
that was met over a simulated rollout, wastage is the proportion of units received
that expired over a simulated rollout and holding is the mean number of units in
stock at the end of each day during a simulated rollout.

Each simulator is an RL environment written using the Python library gymnax
[119], which is based on JAX. This provides a standard interface for working with

MDPs, while enabling many simulations to be run in parallel on a GPU using vmap.
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For a single policy, vmap can be used to run a simulated rollout over multiple
random seeds. Multiple sets of parameters can be simultaneously evaluated for
the same heuristic policy on a shared set of random seeds by nesting vmapped
functions. I note that it would be straightforward to use RL software libraries to
learn policies for these scenarios using these environments.

I selected different heuristic policies for the different scenarios from the
literature, considering which (if any) heuristic was used in the original study and
the structure of each problem. I describe the heuristic policy used for each scenario
in the corresponding section below. All of the heuristic policies use an order-up-to
level parameter S, and some have an additional reorder point parameter s.

I used the Python library Optuna [212] to suggest parameters for the heuristic
policies. For heuristic policies with a single parameter, I used Optuna’s grid sampler
to evaluate all feasible values simultaneously in parallel. For policies with multiple
parameters, I used a genetic algorithm, Optuna’s Non-dominated Sorting Genetic
Algorithm-IT (NSGA-II) [213] sampler, to search the parameter space.

For each suggested set of parameters, I ran 4,000 episodes, each 365 days
long after a warm-up period of 100 days. When using the grid sampler, I selected
the parameter value with the highest mean return from the single parallel run.
When using the NSGA-II sampler I evaluated 50 sets of parameters in parallel,
corresponding to a single generation of the genetic algorithm, and ranked them
by mean return. I terminated the NSGA-II search procedure when the best
combination of parameters had not changed for five generations, or when a total
of 100 generations had been completed.

The NSGA-II search algorithm is designed for multi-objective optimization
and therefore candidate solutions are selected to generate offspring and/or be carried
forward to the next generation based on whether they dominate other candidate
solutions and occupy less crowded areas of the solution space to maintain diversity.
Despite being designed for multi-objective problems, in preliminary experiments
I found NSGA-II to be effective compared to alternatives provided by Optuna

because it was able to quickly suggest the next batch of candidate solutions for
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parallel evaluation.

For each scenario I compared the performance of the value iteration policy and
best heuristic policy identified using simulation optimization on 10,000 simulated
episodes, each 365 days long following a warm-up period of 100 days. I report the
mean and standard deviation of the return and, in Appendix G, the service level,
wastage and stock holding over these episodes. For each rollout, the return is the
discounted sum of rewards from the end of the warm-up period until the end of the
simulation. The components of the reward function for Scenarios A, B and C are
summarized in Table 4.2 and the reward functions are set out in Appendix F.1, F.2
and F.3 respectively. The standard deviation of the return and the KPIs shows the
effect of the stochasticity (due to random demand, random willingness to accept

substitution and/or random useful life on arrival) in each scenario.

4.4.5 Reproducibility

There are two key reproducibility considerations for this chapter: firstly, accurately
implementing the scenarios described in previous studies and, secondly, ensuring
that others are able to reproduce my own experiments.

I compared outputs from my value iteration and simulation optimization
methods to outputs from the original studies, and these checks are included as
automated tests in my publicly available GitHub repository. De Moor et al. [40]
made their code available on GitHub and fully specified the optimal and heuristic
policies for two experiments in their paper which I used to test my implementation
of Scenario A. For Scenario B, I compared the best parameters for heuristic policies
and mean daily reward values to those reported in Hendrix ez al. [71], and performed
additional comparisons to the output of a MATLAB implementation of their value
iteration method that the authors kindly made available to me. Mirjalili [166] plotted
value iteration policies for a subset of his experiments, and he kindly provided me
with the underlying data for those plots so that I could confirm the policies from my
implementation of Scenario C matched those he had reported.

My code is available on GitHub, and is based on open-source software

libraries. My GitHub repository includes a Google Colab notebook that can be
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used to reproduce my experiments using a free, cloud-based GPU, avoiding local
hardware requirements or configuration challenges. Note that the type of GPU
allocated to a session in Colab is not guaranteed and there are service limits that
restrict the maximum continuous running time. Experiments may be restarted from

a checkpoint if a session terminates before the experiment is completed.

4.4.6 Hardware

All experiments were conducted on a desktop computer running Ubuntu 20.04
LTS via Windows Subsystem for Linux on Windows 11 with an AMD Ryzen 9
5900X processor, 64GB RAM, and an Nvidia GeForce RTX 3060 GPU. The Nvidia
GeForce RTX 3060 is a consumer-grade GPU that, at the time of writing in June
2024, can be purchased for less than £300 in the UK [214].

To demonstrate the potential benefits of more powerful data-centre grade GPU
devices, and how my approach can be easily scaled to utilize multiple GPUs, I
additionally ran value iteration for one large problem case of Scenario B using one,
two or four Nvidia A100 40GB GPUs on the UCL high-performance computing

cluster Myriad.

4.4.7 Code availability

The code supporting the work in this chapter is available at: https://github.com/

joefarrington/viso_jax

4.5 Scenario A: lead time may be greater than one

period

4.5.1 Problem description

De Moor et al. [40] described a single-product, single-echelon, periodic review
perishable inventory replenishment problem and investigated whether using
heuristic replenishment policies to shape the reward function can improve the
performance of DRL methods.

At the start of each day ¢ the agent observes the state .5;, the current inventory

in stock (split by remaining useful life) and in-transit (split by period ordered), and
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places a replenishment order A; € {0, 1, ..., Ajax }- Demand is filled from available
stock following either a FIFO or Last-in First-out (LIFO) issuing policy. At the
end of the day, the state is updated to reflect the ageing of stock and the reward,
Ryyq, 1s calculated. The reward function comprises four components: a holding
cost per unit in stock at the end of the period (C},), a variable ordering cost per unit
(C), a shortage cost per unit of unmet demand (C’;) and a wastage cost per unit
that perishes at the end of the period (C,,). The order placed on day t — (L — 1)
is received immediately prior to the start of day ¢ + 1, and is included in the stock
element of the state S; .

The stochastic element in the transition is the daily demand D, =
{0,1, ..., 00}, in the problem described by De Moor et al. [40]. The state transition
and the reward are deterministic given a state-action pair and the realization of the
daily demand. Daily demand is modelled by a gamma distribution with mean p and
coefficient of variation g, and rounded to the nearest integer. I truncated the demand
distribution at Dy, > p + 50, such that = {0, 1, ..., Dy« }, for the purposes of
implementation.

The initial value function V;(s) was initialized at zero for every state. De Moor
et al. [40] did not specify a particular convergence test for their value iteration
experiments. The problem is not periodic and includes a discount factor, and I
therefore used a standard convergence test for the value function [97] as set out in
Appendix F.1.

De Moor et al. [40] considered products with a maximum useful life m of two,
three, four or five periods, and evaluated eight different experimental settings for
each value of m. For a product with m = 2, they found the optimal policy using
value iteration, and used this as a benchmark for their DRL policies. For larger
values of m, they instead used a heuristic policy as the benchmark on grounds of
computational feasibility. The experiments for each value of m evaluate different
combinations of lead time L, wastage cost C,,, and issuing policy. I demonstrate
that, using JAX and a consumer-grade GPU, it is feasible to obtain the optimal

policy for all of the experimental settings, up to and including a maximum useful
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life m of five periods, and report the wall time required to run value iteration for
each experiment.

I compared the policy from value iteration with a standard base stock policy,
parameterized by order-up-to level S, such that the order quantity on day ¢, given

total current stock (on hand and in-transit) I, is:

A =[s—1L]" (4.5)

I evaluated the mean return for each value of S € {0,..., A} using the
Optuna grid sampler. I compared the base stock policy that achieves the highest
mean return, characterized by parameter Sy, to the value iteration policy.

See Appendix F.1 for additional information about Scenario A.

4.5.2 Results

In Table 4.3 I present the wall time in seconds required to run value iteration and
simulation optimization for each experimental setting. I also present the mean
and standard deviation of the return obtained when using value iteration and best
heuristic policies on 10,000 simulated episodes, each 365 days long following a
warm-up period of 100 days.

The wall times reported in Table 4.3 show that, using my approach, the largest
cases, with m = 5 and L = 2, can be solved using value iteration in under 20
minutes. The running time for simulation optimization is approximately constant
at two seconds over the different problem sizes. This is consistent with the fact
that the parameter space for the heuristic base stock policy is the same for each
experimental setting, because the maximum order quantity A,,., does not change.

As expected, higher mean returns were given by a FIFO issuing policy
compared to a LIFO issuing policy and as m increases due to lower wastage.
The optimality gap is consistently higher for experiments with a longer lead time,
suggesting that the age profile of the stock is more important when lead times are
longer.

See Appendix G.1 for the best parameters for the heuristic policy and KPIs for
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each experiment. In the cases with the largest optimality gaps, where m = L = 2,

the improvement is driven by an improved service level at similar levels of stock

holding.

Value iteration

Simulation optimization

Exp L Cy Issuing S| |Al | | WT() Return WT (s) Return Optimality
policy Mean  (s.d.) Mean  (s.d.) gap (%)

1 1 7 LIFO 121 11 101 5 -1,553 (61 2 -1,565 (62) 0.80
2 1 7 FIFO 121 11 101 4 -1457 (59) 2 -1474 (56) 1.20
3 1 10 LIFO 121 11 101 5 -1,571 (61) 2 -1,581 (62) 0.64
4 1 10 FIFO 121 11 101 5 -1463  (60) 2 -1485 (61) 1.46
5 2 7 LIFO 1,331 11 101 5 -1,551 (62) 2 -1,590 (64) 2.49
6 2 7 FIFO 1,331 11 101 5 -1461 (58) 2 -1,495 (60) 2.31
7 2 10 LIFO 1,331 11 101 6 -1,569 (61) 2 -1,606 (64) 2.35
8 2 10 FIFO 1,331 11 101 5 -1469 (59 2 -1,504  (60) 241
1 1 7 LIFO 1,331 11 101 5 -1,490 (58) 2 -1,500 (59) 0.71
2 1 7 FIFO 1,331 11 101 5 -1,424 (56) 2 -1,435 (52) 0.74
301 10 LIFO 1,331 11 101 5 -1,498  (61) 2 -1512 (58) 0.90
4 1 10 FIFO 1,331 11 101 5  -1,425 (55) 2 -1,436 (52) 0.82
5 2 7 LIFO 14641 11 101 13 -1,513  (61) 2 -1,533 (61) 1.32
6 2 7 FIFO 14,641 11 101 13 -1,435 (56) 2 -1,456 (58) 1.42
7 2 10 LIFO 14641 11 101 13 -1,526  (60) 2 -1,544 (6] 1.16
8 2 10 FIFO 14,641 11 101 13 -1,437 (56) 2 -1,457 (58) 1.42
1 1 7 LIFO 14,641 11 101 14 -1,459 (56) 2 -1,476 (54) 1.15
2 1 7 FIFO 14641 11 101 14 -1422  (56) 2 -1430  (52) 0.54
3 1 10 LIFO 14,641 11 101 14 -1,465 (56) 2 -1481 (60) 1.08
4 1 10 FIFO 14641 11 101 14 -1422  (56) 2 -1430  (52) 0.54
5 2 7 LIFO 161,051 11 101 111 -1,480 59) 2 -1,496 (59) 1.07
6 2 7 FIFO 161,051 11 101 110 -1,432  (55) 2 -1453 (58) 1.44
7 2 10 LIFO 161,051 11 101 110 -1,489 (59) 2 -1,505 (58) 1.07
8 2 10 FIFO 161,051 11 101 109 -1,432 (55) 2 -1,453 (58) 1.44
11 7 LIFO 161,051 11 101 114 -1,443  (55) 2 -1454  (55) 0.73
2 1 7 FIFO 161,051 11 101 113 -1,422 (56) 2 -1,430 (52) 0.54
301 10 LIFO 161,051 11 101 114 -1,446  (56) 2 -1,460  (55) 0.94
4 1 10 FIFO 161,051 11 101 114 -1,422 (56) 2 -1,430 (52) 0.54
5 2 7 LIFO 1,771,561 11 101 1,191 -1,463  (58) 2 -1480  (60) 1.22
6 2 7 FIFO 1,771,561 11 101 1,185 -1,432 (55) 2 -1,453 (58) 1.44
7 2 10 LIFO 1,771,561 11 101 1,188  -1,467 (58) 2 -1,484 (59) 1.15
8 2 10 FIFO 1,771,561 11 101 1,190  -1432 (55 2 -1,453 (58) 1.44

The return was calculated for each episode and the mean and standard deviation of the return over the 10,000 evaluation
episodes is reported. The optimality gap represents the percentage difference in mean return between the value iteration

policy and the heuristic policy with parameters fit using simulation optimization. The wall time (WT) is the time taken to fit

the policy. The longest wall times, for value iteration when m = 5 and L = 2, are approximately 20 minutes. Value
iteration was considered intractable for experiments where m > 2 in the original study.

Table 4.3: Results on Scenario A for all of the experimental settings from De Moor et al.

[40].
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4.6 Scenario B: substitution between two perishable

products

4.6.1 Problem description

Hendrix et al. [71] applied value iteration and simulation optimization to fit
replenishment policies for two perishable inventory problems: a single-product
scenario that is similar to Scenario A and a scenario with two products and the
potential for substitution which I consider here as Scenario B. In Scenario B there
are two perishable products, product A and product B, with the same fixed, known
useful life m. Some customers who want product B are willing to accept product A
instead if product B is out of stock. The lead time L = 1 and therefore there is no
in-transit component to the state.

At the start of each day ¢, the agent observes state .S;, the current inventory
of each product in stock split by remaining useful life, and places a replenishment
order. The action consists of two elements, one order for each product: A; =
[Ag2, A?] where A¢ € {0,1,..., A2, } and A? € {0,1,..., A% . }. Demand for day ¢
is sampled from independent Poisson distributions for each product, parameterized
respectively by mean demand p® and p°, and is initially filled for each product
independently using a FIFO issuing policy. Some customers with unmet demand
for product B may be willing to accept product A instead. The substitution demand
is sampled from a binomial distribution, with a probability of accepting substitution
p and a number of trials equal to the unmet demand for product B. After demand
for product A has been filled as far as possible, demand for product B willing to
accept product A is filled by any remaining units of product A using a FIFO issuing
policy. At the end of the day, the state is updated to reflect the ageing of stock, and
the reward, R, is calculated. The reward function comprises revenue per unit sold
(C?, C?) and variable order cost (C¢, C?) for each product. The order placed on day
t is received immediately prior to the start of day ¢ 4 1 and is included in the stock
element of state Sy .

The daily demand and willingness to accept substitution are both stochastic.
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I capture the effect of both by considering the stochastic element in the transition
to be the number of units issued for each product type: H® and H®. The state
transition and the reward are deterministic given a state-action pair and the number
of units issued of product A and of product B. The set of possible realizations of the

stochastic elements is:

={(h*,n")}  h*€{0,1,..,H:, =mA% } (4.6)

max

e {0,1,... . H:, =mA’ }

max

The initial value function, Vj(s), is set to the expected sales revenue for state
s with I* units of product A and I° units of product B in stock. This is an infinite
horizon problem with no discount factor, and therefore I used the convergence test
specified in Hendrix et al. [71], which stops value iteration when the value of each
state is changing by approximately the same amount on each iteration. If the value
of every state is changing by the same amount there will be no further changes to
the best action for each state, indicating a stable estimate of the optimal policy.

Hendrix et al. [71] considered products with a maximum useful life m of two
and three periods and evaluated two experimental settings for each value of m. For
experiments 1 and 2 with m = 3, where the maximum order quantities were set
based on the newsvendor model, they reported that it was not possible to complete
value iteration within one week. They therefore repeated the two experiments for

m = 3 with lower values of A% _and A®

max max*

With this adjustment, one of the cases
could be completed within 80 hours, while the other could still not be solved within
a week. I demonstrate that using JAX and a consumer-grade GPU it is feasible to
obtain the optimal policy for all of these settings and report the wall time required to
run value iteration for each experiment. Additionally, to investigate how my method
can benefit from more powerful GPUs, and how it scales to multiple GPUs, I report
the wall times for running the largest problem on one, two and four Nvidia A100
40GB GPUs.

Separately, I consider the experimental settings used by Ortega et al. [196] to
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evaluate their GPU-accelerated method, in which value iteration was always run for
100 iterations instead of to convergence. The different experiments evaluate mean
daily demands between five and seven with maximum order quantities based on the
newsvendor model.

In each case, I compared the performance of the policy computed using value
iteration with the performance of the modified base stock policy used by Hendrix et
al. [71], based on the work of Haijema and Minner [42], which has an order-up-to
level parameter for each product: S and S°. The order quantity for each product
is determined considering only the on hand inventory of that product and includes
an adjustment for expected waste. The order quantity on day ¢, given total stock on
hand I} and [} and stock that expires at the end of the current period X7, and X {’7,5,

is:

_l’_

A= (A3, 4 = Hs D T I R - L b By

+
] “4.7)

There are two parameters, and I used Optuna’s NSGA-II sampler to search
the parameter space S¢ € {0,1,...,8% = 24% } and S’ € {0,1,...,8% =
2A% }. T considered values of the order-up-to level up to twice the maximum
order quantity used for value iteration because Hendrix et al. [71] reported best
values of S that were higher than the values of A, specified for value iteration for
some of their experiments. I compared the modified base stock policy that achieved
the highest mean return, characterized by the pair of parameters (S“, Sb) beu” 1O the

value iteration policy.

See Appendix F.2 for additional information about Scenario B.

4.6.2 Results

I present results for the experimental settings for the two product scenario from
Hendrix et al. [71] in Table 4.4. The wall times in Table 4.4 show that, using my
method, value iteration can be used to find the optimal policy for all four settings of

the two product scenario with m = 3 in under 3.2 hours. Hendrix et al. [71] reported
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that, for m = 3, value iteration did not converge within a week for experiments 1, 2
and 3 using a MATLAB implementation and experiment 4 converged in 80 hours.
My implementation of experiment 4, running on a consumer-grade GPU, converges
in just over two minutes: more than 2000x faster.

I present results for the four experimental settings, P1 to P4, from Ortega et
al. [196] in Table 4.5. The wall times for my approach are at least six times faster
than those reported by Ortega et al. [196] for all four settings. It is not possible
to conclude on the relative performance of my method and the GPU-accelerated
method from Ortega et al. [196] without running both implementations on the same
hardware and accounting for the difference between up-front and JIT compilation.
However, the results suggest that my method is at least competitive with a custom
CUDA implementation of value iteration for the two product case while requiring
less specialist knowledge of GPU programming.

Simulation optimization scales well to larger problems, with wall times less
than one minute for all of the experimental settings. The optimality gap is never
greater than 1%, and reduces as both mean demand and the maximum useful
life increase. This suggests that there is a limited advantage to making ordering
decisions based on the stock of both products, compared to making independent
decisions for each product using a simple heuristic policy, under the reward function
and substitution process proposed by Hendrix et al. [71].

Figure 4.1 illustrates the clear benefits of both more powerful GPUs, and of
using multiple GPUs. Using a single Nvidia A100 40GB GPU, experiment 1 when
m = 3 can be run in 4,838s: 2.4x faster than the Nvidia RTX 3060 in my local
machine. The A100 40GB has more GPU RAM and more CUDA cores than the
RTX 3060 [215], 40GB vs 16GB and 6,912 vs 3,584 respectively, which means
that it can update the value function for a larger number of states simultaneously.
Using two A100 40GB GPUs is 1.8 faster than one, and using four A100 40GB
GPUs is 2.8 x faster than one, demonstrating how the wall time can further reduced
and how larger problems can be solved with additional computational resources

using exactly the same code. The wall time does not scale linearly with the number
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of GPUs because not all of the operations are conducted in parallel on GPU - for
example at the end of each iteration the updated values need to be aggregated and
transferred to each device, and the values are transferred back to CPU in order to
save a checkpoint.

See Appendix G.2 for the best parameters for the heuristic policy and KPIs for
each experiment. In the experiments with the largest optimality gaps, when m = 2,
fewer units of product B are ordered under the optimal policy resulting in a lower

service level but also less wastage and less holding for product B.

Value iteration Simulation optimization
m Exp u* pupb Ae,. oAb S| |A] | | WT(s) Return WT (s) Return Optimality
Mean  (s.d.) Mean  (s.d.) gap (%)
2 1 5 5 10 10 14,641 121 441 5 1,644 (33) 24 1,632 (34) 0.70
2 7 3 14 6 11,025 105 377 4 1,650 (33) 23 1,639 34) 0.67
3 1 5 5 15 15 16,777,216 256 2,116 11,496 1,761 (32) 33 1,758 (32) 0.16
2 7 3 21 9 10,648,000 220 1,792 4,013 1,762 (32) 44 1,759 (32) 0.18
3 5 5 13 13 7,529,536 196 1,600 3,058 1,761 32) 32 1,758 32) 0.16
4 7 3 20 4 1,157,625 105 793 134 1,762 (32) 43 1,759 (32) 0.17
The return was calculated for each episode and the mean and standard deviation of the return over the 10,000 evaluation
episodes is reported. The optimality gap represents the percentage difference in mean return between the value iteration
policy and the heuristic policy with parameters fit using simulation optimization. The wall time (WT) is the time taken to fit
the policy. The longest wall time, for value iteration on experiment 1 when m = 3, is approximately 3.2 hours. Value
iteration could not be completed within a week for experiments 1, 2 and 3, and required 80 hours for experiment 4, when
m = 3 in Hendrix et al. [71].
Table 4.4: Results on Scenario B for all of the experimental settings from Hendrix et al.
[71].
Value iteration Simulation optimization
m  Exp p® ub AL AL |S| Al || WT(s) Return WT (s) Return Optimality
Mean  (s.d.) Mean  (s.d.) gap (%)
2 P1 5 5 10 10 14,641 121 441 11 1,644 (33) 25 1,632 (34) 0.70
P2 5 6 10 12 20,449 143 525 18 1,826 35) 31 1,816 34) 0.58
P3 6 6 12 12 28,561 169 625 27 2,011 (36) 31 2,000 37 0.55
P4 7 7 13 13 38416 196 729 56 2,379 39) 29 2,368 (40) 0.46

Value iteration was run for 100 iterations for each experiment instead of to convergence. Aside from this, experiment P1 is
the same as experiment 1 with m = 2 in Table 4.4. The return was calculated for each episode and the mean and standard
deviation of the return over the 10,000 evaluation episodes is reported. The optimality gap represents the percentage
difference in mean return between the value iteration policy and the heuristic policy with parameters fit using simulation
optimization. The wall time (WT) is the time taken to fit the policy. The longest wall time, for value iteration on experiment
P4, is approximately one minute. Value iteration was tractable for all of these settings in the original study but wall times
using my method are at least six times faster than those reported by Ortega et al. [196]. This improvement may be at least
partially attributable to hardware differences.

Table 4.5: Results on Scenario B for all of the experimental settings used by Ortega ef al.
[196] to test their GPU-accelerated implementation of value iteration.
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The Nvidia GeForce RTX 3060 is a consumer-grade GPU. The Nvidia A100 40GB is a data-centre grade GPU. JAX enables
my implementation to be run on multiple identical GPUs without any code changes.

Figure 4.1: Comparison of the wall time required to run value iteration for experiment 1
with m = 3 for Scenario B using the same code and different GPUs.

4.7 Scenario C: periodic demand and uncertain

useful life on arrival

4.7.1 Problem description

Mirjalili [166] described a perishable inventory problem that models the
management of platelets in a hospital blood bank. There are two problem
features not included in Scenarios A or B. Firstly, the demand is periodic, with
an independent demand distribution for each day of the week. Secondly, the
remaining useful life of products on arrival is uncertain, and this uncertainty may
be exogenous or endogenous (depending on the order quantity). The lead time L is
assumed to be zero and therefore there is no in-transit component to the state.

At the start of each day ¢ the agent observes state S;, which specifies the
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day of the week and the current inventory in stock split by remaining useful life,
and places a replenishment order A; € {0, 1, ..., Apax}. This order is assumed to
arrive instantly. The remaining useful life of the units on arrival is sampled from a
multinomial distribution, the parameters of which may depend on the order quantity
A;. Demand for day ¢, D, is sampled from a truncated negative binomial distribution
and filled from available stock using an OUFO policy. At the end of the day, the
state is updated to reflect the ageing of stock and the reward, R, is calculated. The
reward function comprises four components: a holding cost per unit in stock at the
end of the period (C},), a shortage cost per unit of unmet demand (C}), a wastage
cost per unit that perishes at the end of the period (C,) and a fixed ordering cost
(Cf). Unlike Scenario A which also includes a holding cost, the holding cost is
charged on units that expire at the end of the period.

To reduce the number of possible states, I consider a limited case of this
problem in which there is a maximum capacity of A, for stock of each age. If,
when an order is received, the sum of units in stock and units received with k& days
of remaining useful life is greater than A,,,, then I assume the excess units are
not accepted at delivery. The stock level with k& days of remaining useful life is
therefore at most A,,,, when demand is sampled. This constraint is not explicitly
stated in the original work, but a capacity constraint is necessary for consistency
with the calculation of the total number of states in Mirjalili [166]. Note that there
are alternative ways to apply the constraint (e.g. by discarding excess units at the
end of each day along with wastage) and these may have different optimal policies.

The stochastic elements in the transition are the daily demand, D, and the age
profile of the units received to fill the order placed at the start of the day: Y =
[Yin, Y1, ..., Y1]. The state transition and the reward are deterministic given a
state-action pair, the daily demand, and the age profile of the units received. The set

of possible realizations of the stochastic elements is:



4.7. Scenario C: periodic demand and uncertain useful life on arrival 157

={(d,y)} de{0,1,..., Diax} (4.8)
yi € 40,1, ..., Apax}, Vi€ {1,2,...,m}

Z Yi < Amax

i=1

The initial value function Vj(s) was initialized at zero for every state.
Mirjalili [166] did not specify a particular convergence test for his value iteration
experiments. The problem is periodic, with a discount factor, and therefore I use a
convergence test based on those described in Su and Deininger [182] which stops
value iteration when the undiscounted change in the value function over a period (in
this case, seven days) is approximately the same for every state. As in Scenario B,
when the change in value is approximately the same for every state there will be no
further changes to the best action for every state, and hence, the estimated optimal
policy is stable.

Mirjalili [166] considered products with a maximum useful life of three, five
or eight periods and stated that, due to the large state space, value iteration was
intractable for this problem when m > 5. I was able to run value iteration when
m = 5, but not when m = 8. For each value of m, Mirjalili [166] investigated
five different settings for the distribution of useful life on arrival (one where the
uncertainty was exogenous, and four where the uncertainty was endogenous). For
each of these five settings, he evaluated six combinations of C'y and C,. My
objective was to demonstrate the feasibility of my approach and therefore, given
the large number of experiments and long wall times when m = 5, I ran two
experiments for each value of m: one where the uncertainty in useful life on arrival
was exogenous and one where it was endogenous. For m = 5, I selected the settings
from Mirjalili [166] that are based on real, observed data from a network of hospitals
in Ontario, Canada instead of the additional settings created for sensitivity analysis.
I report the wall time required to run value iteration for each experiment.

I compared the policy from value iteration with an (s, S) policy. Mirjalili
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[166] did not fit heuristic policies, but suggested (s, S) as an example of a suitable
heuristic policy for future work: the addition of a fixed ordering cost to the reward
function means that it may be beneficial to include the reorder point parameter s
to avoid uneconomically small orders. I fit one pair of s and S for each day of the
week, a total of 14 parameters. The order quantity on day ¢, given that the day of

the week is 7 and the total current stock on hand is /; is:

[S"—L]" ifI, <s”

0 if [, > s7
where (s7, S7) is the pair of parameters for day of the week 7.

I used Optuna’s NSGA-II sampler to search for combinations of s” &
{0,1, ..., Smax = Amax} and 8™ € {0,1,...,;Sax = Amax} V7 € {0,1,..,6}. This
heuristic policy has a hard constraint that s™ < S™ V7 € {0,1,..,6}. Optuna does
not support using hard constraints to restrict the search space, so I enforced the
constraint by only allowing a non-zero order to be placed if the constraint was met.
I compared the heuristic policy that achieved the highest mean return, characterized

by parameters ((s°,8%), ..., (s% 8%)), ... to the value iteration policy.

best?
See Appendix F.3 for additional information about Scenario C. This scenario
was taken from Chapter 6 of Mirjalili [166], but a preprint based on that chapter has

since been released [164].

4.7.2 Results

In Table 4.6 I present the results for the experimental settings from Mirjalili [166]
that I selected, two for each value of m. Using my method, it is possible to find
the optimal policy using value iteration for m = 3 and m = 5 while accounting
for uncertainty in useful life on arrival. The experiments where m = 5 represent
a real world problem: Mirjalili [166] fit the parameters for the demand distribution
and distribution of useful life on arrival to observed data from a network of
hospitals in Ontario, Canada. This is an important application of my value iteration

method, demonstrating that it can be used to find optimal policies for problems of
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a realistic size. The alternative experimental settings evaluated by Mirjalili [166]
but not repeated here have the same numbers of states, actions and possible random
outcomes and therefore I would expect the wall times to be of a similar order as
corresponding experiments reported in Table 4.6.

I was unable to complete value iteration when m = 8. This problem has over
12.6 billion possible states, even with the restriction that I placed on the maximum
stock holding of each age, and over 65 million possible random outcomes. It was
not feasible to store the state array in the memory of my local machine, let alone
run value iteration. However, I was able to fit a heuristic policy using simulation
optimization in less than 20 minutes.

The simulation optimization experiments for this scenario take longer than
those of the other scenarios, between five and 20 minutes. This is due to the
large number of possible combinations of parameters, because the heuristic policy
requires seven pairs of parameters (s, S), one for each weekday. Optuna does not
support restricting the search space based on the constraint that s™ < S™ V7 €
{0,1,..,6} and therefore the size of the search space for each experiment is
(Apax + 1) = 3.2 x 10'®, compared to only 11 possible parameters for the base
stock policy used for Scenario A and fewer than 1,000 possible combinations of
parameters for even the largest settings from Scenario B. The heuristic policies
perform well, with a maximum optimality gap of 1.22%. See Appendix G.3 for
the best parameters for the heuristic policy and KPIs for each experiment. For
the experiments with the highest optimality gaps, when m = 5, the optimal policy
achieves better performance when the distribution of remaining useful life on arrival
is exogenous due to a higher service level at the cost of more wastage and higher
stock holding. Conversely, when the distribution of remaining useful life on arrival
is endogenous, the optimal policy achieves a lower service level, but with lower
wastage and stock holding.

In Figure 4.2 I draw together the results from Scenario C with those from the
preceding scenarios, and plot the optimality gap between the heuristic policy that

achieved the highest mean return and the value iteration policy against the wall time
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Value iteration

Simulation optimization

Exp  Uncertainty S| A [ | WT(s) Return WT (s) Return Optimality
in useful life Mean  (s.d.) Mean  (s.d.) gap (%)

1 Exogenous 3,087 21 37,191 15 -410 (62) 507 -411 (63) 0.26

2 Endogenous 3,087 21 37,191 17 -349 (53) 305 -352 (55) 1.04

1 Exogenous 1,361,367 21 1,115,730 178,078 -312 (46) 514 -313 (50) 0.34

2 Endogenous 1,361,367 21 1,115,730 178,023 -312 47) 393 -315 (46) 1.22

1 Exogenous 12,607,619,787 21 65,270,205 — — — 618 -293 (42) —

2 Endogenous  12,607,619,787 21 65,270,205 — — — 972 -297 (43) —

The return was calculated for each episode and the mean and standard deviation of the return over the 10,000 evaluation
episodes is reported. The optimality gap represents the percentage difference in mean return between the value iteration

policy and the heuristic policy with parameters fit using simulation optimization. The wall time (WT) is the time taken to fit

the policy. The longest wall time, for value iteration on experiment 1 when m = 5, is approximately 49.5 hours. Value

iteration was considered intractable for the experiments where m > 5 in the original study. I was able to use value iteration
when m = 5, but not when m = 8.

Table 4.6: Results on Scenario C for a subset of the experimental settings from Mirjalili

required for value iteration.

[166]: two examples for each value of maximum useful life m.
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Figure 4.2: The optimality gap between the best heuristic policy and the value iteration
policy plotted against the wall time required to run value iteration for the

experiments from Scenarios A, B and C.

4.8 Scenario from Chapter 3: periodic demand

4.8.1 Problem description

In Chapter 3 I adapted the platelet replenishment scenario described by Rajendran

and Srinivas [45] into an RL environment, and compared the performance



4.8. Scenario from Chapter 3: periodic demand 161

of heuristic policies with parameters fit using stochastic mixed integer linear
programming, DRL policies, and the optimal policy computed using ()-value
iteration. Rajendran and Srinivas [45] made no comment about the feasibility
of computing the optimal policy using a dynamic programming approach and
therefore this scenario was not included in the initial analysis for this chapter.
However, I note in Section 3.4.7.3 that while the optimal policy takes the form
of an (s, 8)" policy (and could also be represented by either an (s,S,«,Q) or a
(s,S,B,Q) policy), the optimal parameters were not identified using stochastic
mixed integer linear programming. I therefore decided to investigate whether my
GPU-accelerated approach to simulation optimization would perform better, and
also repeated the value iteration using the new GPU-accelerated implementation
in order to compare the wall time and confirm that both implementations gave the
same policies.

The problem is described in Section 3.4.1. This scenario is single-product,
single-echelon, periodic review inventory replenishment problem with fixed useful
life m = 3 and fixed lead time L = 0.

The stochastic element in the transition is the daily demand D, =
{0,1,...,00}. The state transition and the reward are deterministic given a
state-action pair and the realization of the daily demand. Daily demand is modelled
by a Poisson distribution, with a mean for each day of the week. As in the ()-value
iteration approach in Chapter 3, I truncated the demand distribution at D, = 60,
such that = {0,1,...,60}, for the purposes of implementation.

The initial value function Vj(s) was initialized at zero for every state. The
problem is periodic and does not include a discount factor, and I therefore used the
same convergence test as for Scenario C.

I compared the policy from value iteration with each of the four heuristic
policies from Rajendran and Srinivas [45]: (s, 8)', (s,Q), (s,S, «, Q) and (s, S, B, Q)
which are set out in Equations 3.6 to 3.9 respectively.

There are 14 parameters each to fit for the (s, S)" and (s, Q) policies, and

28 parameters each to fit for the (s,S,o,Q) and (s,S,B,Q) policies. Each



4.8. Scenario from Chapter 3: periodic demand 162

parameter could take a value between 0 and 60, consistent with the maximum
order quantity allowed in Chapter 3. I used Optuna’s NSGA-II sampler to search
the parameter space and compared the version of each policy that achieved the
highest return to the value iteration policy, on the 1,000 evaluation episodes used
in the corresponding experiments in Section 3.4, using the OpenAl gym-based RL
environment developed in Chapter 3. In this scenario, for consistency with the
experiments in Section 3.4, I did not use a warm-up period. Due to the larger
number of heuristic policy parameters for certain heuristic policies considered
for this scenario, I terminated the NSGA-II search procedure when the best
combination of parameters had not changed for 20 generations, or when 200
generations had been completed.

There are hard constraints on these heuristic policies:

s" <8 Vre{o1,..6} (4.10)
o <s” Vre{o1,..6} A.11)
BT <s” vre{o1,..6} (4.12)

I enforced the constraints on the heuristic policy for Scenario C by only
allowing an order of zero units to be placed if the constraint was violated. When
applying the same method with the same settings, I found that NSGA-II did not find
feasible values for the (s, S, a,Q) and (s, S,B, Q) policies, likely due to the much
larger number of parameters. Therefore, for this scenario, I enforced the constraints

by clipping the values of s, o and B:

s = min(s",S" — 1) (4.13)
o = min(a’,s” — 1) (4.14)

f=min(p",s” — 1) (4.15)
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4.8.2 Results

As expected, the policy obtained using GPU-accelerated value iteration was the
same as the obtained using ()-value iteration in Section 3.4.7. The GPU-accelerated
value iteration ran in 4s (including extracting and saving the optimal policy),
compared with over 6 hours for the CPU-based ()-value iteration approach. Both of
these experiments were performed on the same desktop workstation (see Section
4.4.6). 1 adopted a relatively naive parallelization strategy for the ()-valuation
iteration: as described in Section 3.4.7.1 the code was only optimized to the point
where it produced a result in less than a day. The difference in wall time between
the two approaches could almost certainly be reduced by additional optimization of
the CPU-based approach.

I set out the parameters for the heuristic policies fit using simulation
optimization in Table 4.7. In Table 4.8 I present the performance the four heuristic
policies with parameters fit using simulation optimization, in the same format
as Table 3.7. In Table 4.9 I compared the optimality gap between the optimal
policy (computed using ()-value iteration and value iteration) and the heuristic
policy parameters fit using stochastic mixed integer linear programming and
GPU-accelerated simulation optimization.

The heuristic policy parameters fit using GPU-accelerated simulation
optimization achieved lower mean daily cost on the evaluation episodes than the
corresponding parameters fit using stochastic mixed integer linear programming
for each of the four heuristic policies. For the three heuristic policies capable
of representing the optimal policy (so, not (s, Q)), the largest optimality gap was
0.04%. Under the parameters reported in Table 4.7, the (s, S, B, Q) policy effectively
reduces to an (s, S)" policy due to the low values of the parameter B for each
weekday.

The wall time for GPU-accelerated simulation optimization ranged between
103s for the (s,S) policy and 237s for the (s,S,B,Q) policy. GPU-accelerated
simulation optimization therefore gave better results for all four policies in under 4

minutes than allowing the CPU-based stochastic mixed integer linear programming
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solver to run for 36 hours. This is also substantially shorter than the wall
times reported by Rajendran and Srinivas [45] for stochastic mixed integer linear
programming, without the additional constraints I describe in Appendix D, of
between 10 minutes and 1 hour. This approach, using consumer-grade GPU

hardware, can therefore achieve better results in less time.

Policy Parameter Weekday

Mon Tue Wed Thu Fri Sat Sun

(s,8)7 41 41 41 38 35 31 39

2]

S 48 50 47 51 36 38 49
(s,Q) s 39 41 38 42 28 28 36
Q 41 40 39 44 27 30 40
(s,8,0,0) s 42 41 37 50 33 37 47
S 48 50 48 51 36 38 48
o 41 40 32 49 31 36 28
Q 25 6 17 6 5 43 20
(s,8,p,Q) 41 47 47 46 33 28 47

48 50 48 51 36 37 48
0 1 1 0 1 0
7 49 48 51 49 38 45

O non
(=)

Table 4.7: Heuristic replenishment policy parameters identified using GPU-accelerated
simulation optimization for the scenario from Chapter 3

Policy Mean daily cost Mean KPIs
. s . . . . Service Days with Wastage
Fixed  Variable Holding Shortage  Wastage Total level (%) shortage (%) rate (%)
Value iteration 225 22,961 1,337 423 0 24,946 99.6 4.1 0.0
(s,9)1 225 22,961 1,338 433 0 24,957 99.6 4.2 0.0
(s,Q) 210 22,861 2,121 976 2 26,171 99.2 7.1 0.0
(s,8,2,Q) 225 22,961 1,337 423 0 24,946 99.6 4.1 0.0
(s,8,B,Q) 225 22,957 1,320 445 0 24,947 99.6 4.3 0.0

The daily cost components, daily total cost and KPIs were calculated for each episode. The mean of the daily cost
components, daily total cost and KPIs over the 1,000 evaluation episodes is reported.

Table 4.8: Mean daily costs incurred and associated KPIs given by the four heuristic
replenishment policies with parameters fit using GPU-accelerated simulation
optimization.

4.9 Discussion

I have found JAX to provide an effective way to expand the scale of perishable
inventory problems for which value iteration is tractable, using only consumer-grade

hardware. By developing a faster, parallel implementation of value iteration I have
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Policy Fit using stochastic programming Fit using simulation optimization

Mean daily cost ~ Optimality gap (%) Mean daily cost ~ Optimality gap (%) A optimality gap

(s,8)f 25,254 1.23 24,957 0.04 1.19pp
(s,Q) 28,401 13.85 26,171 491 8.94pp
(s,S,a,Q) 26,023 432 24,946 0.00 4.32pp
(s,,,Q) 25414 1.88 24,947 0.00 1.87pp

The daily total cost was calculated for each episode, and the mean over the 1,000 evaluation episodes is reported. The
optimality gap represents the percentage difference in mean return between the value iteration policy and the heuristic
policy, with parameters fit using either stochastic programming or simulation optimization. The difference between the
optimality gaps is reported in percentage points. The policy parameters fit using stochastic programming are reported in
Table 3.2 in Chapter 3 and the policy parameters fit using simulation optimization are reported in Table 4.7.

Table 4.9: Comparison between the performance of each heuristic replenishment policy
using parameters fit using stochastic programming in Chapter 3 and parameters
fit using simulation optimization.

been able to see further: obtaining the optimal policies for large problems that
were previously considered infeasible or impractical. A key benefit of finding
these policies is being able to properly quantify the performance of heuristic and
approximate policies, in terms of the optimality gap and difference in KPIs, on
larger problem instances. Additionally, using these metrics, it is possible to
investigate how the relative performance of heuristic and approximate policies
scales with properties that influence the problem size. This may support the
development of new heuristics, and determining the utility of RL and other
approximate methods.

Expanding the range of problems to which value iteration can be applied is
not just a matter of considering settings with greater demand, more products, or
products with a longer useful life. It also enables the incorporation of complexity
that might otherwise be neglected due to its effect on the computational tractability
such as substitution and endogenous uncertainty in the useful life of products on
arrival. An “optimal” policy fit using value iteration is optimal for the situation as
modelled, but may not perform well in practice if the model neglects challenging
aspects of the real problem. For example, Mirjalili [166] reported large optimality
gaps, with an average of 51%, when policies computed using value iteration
under the assumption that all stock arrived fresh were applied to a scenario with
endogenous uncertainty in useful life.

The optimality gap in the experiments on Scenarios A, B and C was never
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larger than 2.5%, and in the experiments from Scenario A and Scenario B the
optimality gap decreased as the demand and/or maximum useful life of the product
increased. This is encouraging because it suggests that in some circumstances
where the problem size remains too large for value iteration there may actually
be little to gain by using the optimal policy over one of these heuristic policies. In
Scenario C, the optimality gaps increased as the maximum useful life increased,
suggesting that the heuristic policies may be less effective on larger problems when
the stock is not always fresh on arrival.

Additionally, I found that my GPU-accelerated approach to simulation
optimization identified better parameters for the four heuristic policies from
Rajendran and Srinivas [45] than the stochastic mixed integer linear programming
approach described in that paper and reimplemented in Chapter 3. By running
the simulations in parallel on GPU, the simulation optimization approach was
able to evaluate the performance of a set of candidate heuristic parameters on
4,000 demand trajectories (each 365 days long), instead of the 20, 30-day long
demand trajectories used for the stochastic programming, during the fitting process.
Increasing the number or length of scenarios for stochastic mixed integer linear
programming is challenging due to the need for additional decision variables, and
the computational time required to solve the equivalent deterministic problems
grows exponentially with the number of scenarios [216]. Another advantage of
simulation optimization is the flexibility: there is no need to frame the problem in
terms of linear constraints.

One limitation of this work is that I have not compared the performance of
the GPU-accelerated methods implemented in JAX against a CPU-based approach.
As I discuss in Section 4.3, previous studies have established the performance
advantages of a GPU-based approach to value iteration over a CPU-based approach
for problems on which both are feasible. My primary aim was therefore to develop
an accessible method for solving problems that had been described in recent studies
as impractical or infeasible using CPU-based approaches. Accepting the claims of

prior work, the expected outcome of CPU-benchmarking for the largest problems
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would be to expend a large amount of computational time just to establish some time
period within which these problems could not be solved on CPU. For the smaller
problem sizes, a remaining challenge would be selecting the most appropriate
benchmark: the studies from which the scenarios were drawn used a range of
different languages (MATLAB, Python, C) and I would expect the performance
under these different languages (and, particularly for Python, the choice of libraries)
to vary significantly. I therefore chose to focus on comparing the performance
metrics and wall time of value iteration and simulation optimization approaches,
and report wall times for realistic use cases (e.g. including JIT compilation and
recording checkpoints) on affordable hardware which I believe will be most relevant
to researchers considering applying this computational approach on their own
problems.

A second limitation is that in my simulation optimization experiments I only
used GPUs to run the simulated policy rollouts. The heuristic search methods for
proposing the next sets of candidate parameters are CPU-based. I did not find
Optuna’s NSGA-II sampler to be a bottleneck, but during preliminary experiments
I found that some alternative methods took longer to propose the next set of
candidate parameters than was required to evaluate them on simulated rollouts.
In future work, the optimization process suggesting parameters could also be run
on GPU similar to the work of Lau and Srinivasan [209] and recent work using
evolutionary strategies on GPUs to search for neural network parameters [121].
The gymnax-based simulators would also be well suited to ranking and selection
methods because it would be straightforward to run a small number of rollouts for
a large number of possible parameters in parallel and then, at a second stage, run
a large number of rollouts for the most competitive parameters in parallel to obtain
more accurate estimates of their performance.

One of the main contributions of this work is to demonstrate an accessible
way of using GPUs to accelerate value iteration and simulation optimization and
therefore solve larger problems that are closer to those faced in reality. On the

software side, I implemented my approach using the relatively high-level JAX
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API and relied on the XLA compiler to efficiently utilize GPU hardware. On
the hardware side, I primarily report results on a consumer-grade GPU, and make
available a Google Colab notebook so that my experiments can be reproduced at
no cost using cloud-based computational resources. However, a significant strength
of JAX is support for easily distributing a workload over multiple identical GPU
devices using the pmap function transformation and I discuss in Section 4.6 how
additional devices can be used to further reduce the wall time and potentially
make even larger problems tractable. Modern cloud computing platforms provide
on-demand access to data-centre grade GPUs, including the A100 40GB GPU I
used to run the scaling experiments in Section 4.6. At the time of writing in June
2024, a single A100 40GB GPU is available on-demand for $3.67 per hour and
four A100 40GB GPUs are available for $14.68 per hour through Google Cloud
Platform [217]. This may provide a cost-effective way for research teams without
access to local high-performance computing resources to investigate problems that
are too large for freely available or consumer-grade GPU hardware.

Future hardware development will make value iteration feasible for even
larger problems. In addition to future generations of GPUs, one promising
direction is Field Programmable Gate Arrays (FPGAs): integrated circuits that can
be reprogrammed to customize the hardware to implement a specific algorithm,
including value iteration [218]. Customising the hardware currently requires
specialist knowledge but, just as machine learning frameworks and higher-level
tools have made GPU programming more accessible, Peri [218] suggests that FPGA
compilers able to translate high level code into customized circuit designs may
facilitate wider adoption.

As is appropriate given the topic of this thesis, I have focused on perishable
inventory management with problem features that are relevant to managing blood
product inventory, but my computational approach has much wider applicability.
For each scenario I created a custom subclass of my base ValueIterationRunner
class and a custom subclass of the gymnax RL environment to simulate the MDP,

each with methods to implement the scenario-specific logic. This approach could
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be followed for other problems that can be modelled as an MDP and where finding
the optimal policy for larger settings of interest has recently been described as
infeasible or impractical [219, 220, 221]. For other problems, where realistic
settings are likely to remain infeasible for the foreseeable future, GPU-accelerated
value iteration may be useful for understanding the scaling properties of proposed
heuristic policies on a wider range of example problems [222, 223]. More broadly,
I believe that JAX (and other software libraries originally developed to support deep
learning including PyTorch and TensorFlow) offers an efficient way for researchers
to run large workloads in parallel on relatively affordable GPU hardware which may

support research on a range of operational research problems.

4.10 Conclusion

In this chapter I have shown how a JAX-based approach can expand the range of
perishable inventory management problems for which value iteration is practical
and feasible, using only consumer-grade GPU hardware. JAX and similar software
libraries provide a way for researchers without extensive experience of GPU
programming to take advantage of the parallel processing capabilities of modern
GPUs.

I also developed GPU-accelerated simulators for each scenario, in the form of
JAX-based RL environments, and demonstrated how these can be used to quickly
fit the parameters of heuristic policies by simultaneously evaluating many sets of
policy parameters on thousands of simulated rollouts in parallel. By reducing
the wall time required to run value iteration and simulation optimization, these
methods can support research into larger problems, both in terms of scale and
the incorporation of aspects of reality that increase the computational complexity.
The ability to find optimal policies using value iteration may provide a valuable
benchmark for the evaluation of new heuristic and approximate methods, helping
efforts to make the best use of scarce resources and reduce wastage.

This chapter is focused on perishable inventory problems with features

relevant to the management of blood products but I believe that the methods,
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and the underlying principle of using software developed by the machine learning
community to parallelize workloads on GPU, may be applicable to many other
problems in operational research and have made the code publicly available to

support future work.



Chapter 5

Reducing platelet wastage with a
machine learning-guided issuing

policy

5.1 Motivation

A widespread assumption in the literature is that all platelet units issued to patients
are transfused, but my discussions with the transfusion laboratory staff at UCLH,
and a review of the data from the laboratory information management system,
revealed that it is common for units to be returned to the transfusion laboratory
after being issued. This has the potential to lead to wastage when following an
OUFO issuing policy, because there may not be sufficient time to reissue returned
units before they expire. In this chapter I therefore investigated how hospital blood
banks can modify their platelet issuing policies to account for these discrepancies
between clinician requests and subsequent transfusions.

It may be possible to predict, based on data about the patient and the request,
whether a patient will receive a transfusion when platelets are requested for them.
If so, a predictive model could be used to guide a novel issuing policy: issuing the
youngest unit for predicted returns and the oldest unit otherwise. In turn, this policy
could help to ensure that more returned units are reissued, and ultimately transfused.

Given the challenges involved in accessing healthcare data to start model
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development, and the uncertain relationship between good predictive performance
and utility in practice, I adopted a simulation-first approach to understand the
potential impact of this ML-guided issuing policy on KPIs including wastage and
service level, at different levels of simulated predictive performance, before training

the predictive model.

5.2 Contribution statement

The main contributions of this chapter are:

* developing a platelet inventory management workflow that includes returns
(an important aspect of the real problem at UCLH previously neglected in the

literature);

 proposing a novel, ML-guided policy for issuing platelets when returns may

occur;

* describing an approach to determine the potential operational utility of

predictive ML models in healthcare prior to model development;

* investigating how the impact of the proposed policy on KPIs such as service
level and wastage varies with the predictive quality of the model and

properties of the workflow; and

e training and temporally validating the first, to the best of my knowledge,
supervised learning model to predict platelet returns using both classification

metrics and KPIs estimated with the simulated workflow.

5.3 Background and related work

Dumkreiger [63] highlighted the lack of research on issuing policies compared to
replenishment policies in the blood product inventory literature. Most studies use
an OUFO policy [9, 34, 224] which is intuitively optimal [225] and recommended
best practice for blood products [96, 226]. This observation is true for the wider

perishable inventory literature, in which most studies use a FIFO issuing policy if,
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as in a hospital blood bank, the products are selected by the supplier [6, 29, 227,
228, 229, 230]. More complex policies have been utilized in studies considering
a preference for fresher units for a subset of patients [48, 231, 232], the potential
for substitution between blood groups if a direct match is not available [36, 47,
55], uncontrolled replenishment [233] and reducing the mean age of transfused
blood [234]. Dumkreiger [63] and Abdulwahab and Wahab [70] used approximate
dynamic programming to learn custom issuing policies for PRBCs and platelets
respectively based on the patient’s blood type and current stock holding, but neither
considered returns or the likelihood of use. An OUFO policy may not be optimal
when some units are returned: an older unit issued to a patient less likely to be
transfused may, if returned, expire before it can be used. In preliminary work for
this chapter, I found that 8% of platelet units issued in 2015 and 2016 by the hospital
blood bank at our partner site, UCLH, were not transfused.

The challenge of platelet returns has not, as far as I am aware, been considered
in the blood product inventory management literature and was not discussed in
a recent systematic review of efforts to reduce platelet wastage [1]. Older work
on hospital blood bank PRBC inventory management included the related concept
of assigning units to a sub-inventory for a specific patient following a physical
cross-match, with units returned to the main inventory if not used within a specified
period [72, 74, 235, 236]. The development of electronic cross-matching and
remote issue for PRBCs [237] has reduced the need for assigned sub-inventories
(except for patients with special transfusion requirements) and they have not been
included in more recent modelling studies [36, 47, 63]. Previous studies have also
considered the return of units to a regional blood centre for reissue to a hospital
with higher demand [238, 239, 240, 241, 242], but this practice is not permitted
in many high-income countries [9] and is not considered here. Product returns
have been extensively studied in other contexts [243, 244], but forecasting efforts
have focused mainly on aggregate return volumes [245, 246, 247, 248] and recent
work predicting returns at the individual level for e-commerce clothing retailers

[249, 250, 251, 252] was not used to inform issuing decisions. For non-perishable
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products, the main concern would be the costs of processing returns rather than
wastage.

I propose a novel, ML-based issuing policy that incorporates the possibility of
returns: issue the youngest unit if a model predicts that the request will not result
in transfusion, and the oldest unit otherwise. With a sufficiently good predictive
model this policy should increase the likelihood that, if a unit is returned, it can be
reissued to another patient before it expires. The UK Blood Stocks Management
Scheme recommends issuing older stock for patients who are more likely to require
a transfusion, and using fresher blood products as stand-by stock for patients who
may receive a transfusion [226]. The closest related work I have identified is
a working paper by Brodheim and Prastacos [253], who proposed a method to
assign older PRBC units to sub-inventories for patients who were most likely to
receive a transfusion, based on the quantity requested, at a time when physical
cross-matching was required. I focus on platelets, and use an ML model trained
on a wide range of features to predict whether requested units will be transfused.

Shah et al. [254] observed that conventional model evaluation, using
performance metrics such as sensitivity, specificity and the area under the Receiver
Operating Characteristic curve (AUROC), measure the quality of an ML model’s
predictions but provide limited information about the impact of those predictions on
patient care and costs. ML models achieving high scores on performance metrics
have been found to achieve limited or no clinical benefit in randomized controlled
trials [255]. It is therefore critical to consider the clinical workflow in which the
ML model would be deployed, including changes to current practice which may
be enabled by the predictions [256]. Recent work has addressed this challenge by
incorporating trained models into a simulated workflow to estimate the potential
impact of the model in terms of KPIs of interest to decision makers [257, 258],
but significant work is often required to get access to the data required in order to
begin the ML model development process in healthcare [259]. I therefore adopted a
simulation-first approach: simulating the predictions of an hypothetical ML model

in a simulated workflow to understand the effect of different levels of predictive
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model performance on KPIs, and to determine if even a perfect predictive model
(PPM) would have a beneficial impact. This could be considered a method to
estimate the value of information provided by a prediction with a specified level of
quality, by comparing the KPIs of the system with the prediction to those without
the prediction [260]. In cases where the workflow is well understood, and where
it is possible to develop a simulator based on data that is more readily accessible
(for example, aggregated management information), this approach could provide
evidence at an early stage about the utility of a model in practice and help prioritize
data access requests and model development efforts.

Simulation has been widely used within the blood product inventory
management literature to evaluate benefits of changes in workflow or procedures
[72, 73, 74, 75, 79, 80, 81], different replenishment policies [44, 45, 46, 49] and,
recently, the potential benefits of demand forecasting models using real-time data
from EHRs [11, 61, 62, 92, 94] in terms of KPIs after models have been trained.
Within the broader supply chain literature, researchers have investigated the effect
of different levels of error in a demand forecast on KPIs [261, 262, 263] and
Meisheri et al. [155] investigated the impact of forecast quality on the performance
of replenishment policies trained with DRL in a grocery supply chain. Dumkreiger
[63] simulated PRBC demand forecasting models with different specified levels of
error to determine whether better forecasts could reduce wastage and shortages -
the only work I have identified investigating the potential benefits of a predictive

model to blood product management prior to model development.

5.4 Simulation-first experiments
5.4.1 Methods

5.4.1.1 Setting

The data used in this chapter comes from our partner hospital trust, UCLH, and its
associated transfusion laboratory. I describe the inventory management practices at
UCLH in Appendix B.

Data was extracted for the period 2015 to 2017 inclusive, from Bank Manager
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(the transfusion laboratory information system) and the UCLH Archive Data Store.
See Appendix B for descriptive analysis of the data from Bank Manager. During
this period, 1.6% of the platelet units received by UCLH were wasted. This figure is
much lower than both the 10-20% reported by Flint ez al. [1], and the 4.5% reported
by the UK Blood Stocks Management Scheme for 2017/2018 [2].

The problem I explore in this chapter, the return of issued platelet units, was
inspired by my conversations with staff at UCLH and the transfusion laboratory.
I used data from UCLH and the transfusion laboratory to estimate realistic values
of key input parameters. As a first effort to incorporate the concept of returns,
the simulated workflow for this chapter builds on previous platelet inventory

management simulations [45, 166].

5.4.1.2 Simulation

Routine order
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Recommended
order quantity

Replenishment
policy
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—)

Flow of information Flow of platelets

Emergency orders are only placed at stages 2 and 4 if there is insufficient stock to meet demand, and are made for one
request at a time.

Figure 5.1: The order of events in one step of the simulated workflow for platelet inventory
management including the possibility of returns, corresponding to one day.

I modelled the platelet inventory management task as a periodic review, single
echelon perishable inventory problem with a fixed, known delivery lead time L = 0

[28]. Demand is stochastic, unmet demand is filled by placing an emergency order
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which incurs a penalty, and units in stock with a remaining useful life of one period
are assumed to expire at the end of the day. Platelets have a fixed, known useful life
m but do not always arrive fresh. The problem includes a reverse flow of stock to
represent the return of units that were requested and issued, but not transfused, on
the previous day. I included slippage in the system to model potential problems with
handling or storage such that not all units returned before expiry can be reissued
[264].

The replenishment problem is framed as an MDP (see Section 2.5.1), and
implemented as a RL environment using the Python library gymnax [119]. The
simulation I developed of the workflow for managing platelets in a hospital blood
bank is illustrated at Figure 5.1, showing the six stages that occur each day. A
routine order is placed each morning based on the replenishment policy and is
assumed to arrive immediately from the regional blood centre. Requests for units
from hospital wards are filled from available stock following the issuing policy
during the morning and afternoon, and emergency orders are placed in the event of a
shortage. Units issued but not transfused on the previous day are returned at midday.
Returned units that have expired since issue and units subject to ‘slippage’ (those
not stored or handled appropriately while outside the blood bank) are discarded
while other returned units are available to fill afternoon demand. Stock is aged at
the end of day and expired units held in stock are discarded. Demand is split into
morning and afternoon components because, on a given day, morning demand must
be filled before unused units from the previous day are returned to the blood bank
and are available for reissue. See Appendix H.1 for the full details of the simulated
workflow.

Demand follows a Poisson distribution and I assumed that half of the demand
arises in the morning (at stage 2) and half the the demand arises in the afternoon
(at stage 4). The four key inputs to the simulation are the mean daily demand
wr, V7 € {0,1,...,6}; the return rate p; the slippage rate ¢; and the parameters
for the multinomial distribution used to model the remaining useful life on arrival

for each weekday A ,Vr € {0,1,...,6}. I estimated values for each of these
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inputs using data from the UCLH transfusion laboratory information system Bank
Manager for the years 2015 and 2016. The maximum useful life on arrival, m, is 5
days, in line with the majority of units received by the UCLH transfusion laboratory
during this period. See Appendix H.3 for a detailed description of how these
inputs were estimated from the underlying data. I also considered an alternative
distribution of remaining useful life on arrival, with m = 3, previously reported by
Rajendran and Ravindran [54].

The reward function comprises five components: a holding cost per unit in
stock at the end of the period (C), = 130), a shortage cost per unit of unmet demand
(Cs = 3,250), a wastage cost per unit that perishes or is lost to slippage (C', = 650),
a variable ordering cost per unit purchased (C, = 650) and a fixed ordering cost
which is incurred when A, > 0 (C; = 225). These elements of the reward function
are based on those used by Rajendran and Ravindran [54], gathered from a regional
medical centre in Pennsylvania, USA, and were also used in Chapter 3. I use a
discount factor v = 1 in all of the experiments and therefore report the daily cost
(the negative mean daily reward) instead of the return G for an episode. With y = 1
these measures of performance are directly proportional, and I consider the daily

cost easier to interpret.

5.4.1.3 Replenishment policy

The action taken in the MDP is the daily order quantity. In this chapter I do not focus
on replenishment policies and therefore consider two straightforward, heuristic
replenishment policies: a standing order policy and an (s, S) policy. The standing
order policy is similar to the existing replenishment policy at UCLH (excluding
additional orders later in the day): a fixed number of units are ordered each day. In
an (s, 8), an order is placed to bring stock up to the order-up-to level, S, if the current
stock level is less than or equal to the re-order point s. I found an (s, S) policy
with a pair of parameters for each day of the week to be near optimal in Chapter
4 when considering a platelet replenishment scenario described by Mirjalili [166],
in which demand also depended on the day of the week and not all units arrived

fresh, and therefore adopted the same policy here. These policies are unlikely to be
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optimal because they do not take into account the age profile of the stock [41], or
any information about the units issued on the previous day that will be returned, but
they are widely used and provide good baselines, for which parameters can be fit
in a reasonable amount of time, that enabled me to explore my main interest: the
potential of an ML-guided issuing policy.

Following the approach described in Section 4.7, 1 fit the parameters for the
replenishment policies using simulation optimization, using the Python library
Optuna to suggest candidate sets of parameters. See Appendix H.2 for additional

information about the replenishment policies and how I fit the parameters.

5.4.1.4 Issuing policy

The proposed issuing policy assumes an ML model exists that makes a binary
prediction for each request: will the requested platelets be returned to the hospital
blood bank, or will they be transfused? If the model predicts that at least one unit
in the request will be returned, the freshest unit(s) are issued. Otherwise, the oldest
unit(s) are issued. I call this policy Youngest Unit for Predicted Returns (YUPR). At
UCLH in 2015 and 2016 over 90% of requests were for a single unit and, therefore,
in the simulation-first experiments I make the assumption that the total demand
comprises only requests for a single unit. In this case the freshest units are issued if
the ML model predicts that the unit will be returned and the oldest units are issued
otherwise.

The effectiveness of this approach depends on the quality of the predictive
model. Two metrics for assessing the performance of a binary classification model
are the sensitivity (the proportion of requests where the platelets were returned
that the model predicted would be returned) and the specificity (the proportion
of requests where the platelets were transfused that the model predicted would be
transfused). If the model had a sensitivity = 0.0 and a specificity = 1.0, it would
predict that all requested units would be transfused and the YUPR policy would
be equivalent to an unmodified OUFO policy. Alternatively, if the model had a
sensitivity = 1.0 and a specificity = 0.0, it would predict that all requested units

would be returned and the YUPR policy would be equivalent to an unmodified
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Youngest Unit First-out (YUFO) policy.

In a conventional ML workflow, these metrics would be calculated on a
portion of the dataset held-out from training, with known outcomes, to estimate the
generalization performance of the model. Here, for the simulation-first approach, it
is necessary to simulate both the true labels (i.e. will the requested unit be returned
or transfused?) and the predicted label. The true label for each request is sampled
from a binomial distribution with a probability of success equal to the return rate p.
To generate the predicted label, I specified levels of sensitivity (o) and specificity
($) and simulated the predictions that would be made by a model with that level
of performance. If the sampled true label was 1 (and therefore the unit would not
be transfused), the predicted label was set to 1 if a sample drawn from a uniform
distribution between 0 and 1 was less than « and O otherwise. If the sampled true
label was 0, the predicted label was set to 1 if a sample from a uniform distribution
between 0 and 1 was greater than 3, and 0 otherwise. This process is described in
pseudocode in Algorithm 5 in Appendix H. There is a temporal order to requests
within a period, and the issuing policy was applied to one request at a time in this

order.

5.4.1.5 Simulation experiments
I summarize the input settings for simulation experiments 1-7 in Table 5.1.
Experiments 1 and 2 represent a setting with returns, using a standing order and
(s, 8) replenishment policy respectively. I used return rate p = 8% and slippage
rate ¢ = 7%, estimated based on data from UCLH as described in Appendix H.3
and the parameters for the distribution of remaining useful life on arrival estimated
from UCLH data set out in Table H.3 in Appendix H. The mean daily demand was
estimated from UCLH data including returns (UCLH Tx+r), as set out in Table H.1
in Appendix H.

I investigated the potential benefit of my proposed ML-guided issuing policy,
YUPR, to understand whether it could be beneficial and, if so, how good the model
would need to be to improve KPIs. In each experiment, I considered all pairs of

predictive model sensitivity and specificity between 0 and 1 in increments of 0.1.
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Exp Distribution p 10) Demand Replenishment Issuing
of remaining distribution policy policy
useful life
on arrival
1 UCLH 8%  T% UCLH Tx+r  Standing order YUPR
2 UCLH 8% 7%  UCLH Tx+r (s,9) YUPR
3 R&R [54] 8% T% UCLH Tx+r Standing order YUPR
4 R&R [54] 8% 7%  UCLH Tx+r (s,8) YUPR
5 UCLH ¢ 7% O (s,8) OUFO, YUPR-PPM
6 UCLH 8% ¢ UCLH Tx+r (s,9) OUFO, YUPR-PPM
7 ¢ 8% 7%  UCLH Tx+r (s,8) OUFO, YUPR-PPM

The UCLH Tx+r demand distribution is based on units requested at at UCLH including those ultimately returned (see Table
H.1 in Appendix H). The issuing policy YUPR denotes experiments that tested different combinations of predictive model
sensitivity and specificity, including a setting equivalent to a standard OUFO issuing policy and a setting with a PPM.
YUPR-PPM is a YUPR issuing policy with a PPM. A black lozenge 4 denotes an input that was varied during an
experiment, and a white lozenge ¢) indicates an input that was varied during an experiment as a consequence of changing
another input.

Table 5.1: Summary of the input settings for experiments 1-7 using the simulated platelet
inventory management workflow with returns.

This range includes a policy that is equivalent to an OUFO policy (when sensitivity
= 0.0 and specificity = 1.0) and a PPM (when sensitivity = 1.0 and specificity =
1.0). Comparing the results for a PPM to a baseline OUFO policy tells us whether
the proposed policy would outperform OUFO and the scale of the benefits on
offer, while comparing intermediate values to the OUFO policy identifies a region
of combinations of predictive model sensitivity and specificity where the YUPR
issuing policy could provide a benefit.

The benefit of the YUPR issuing policy may depend on inputs to the simulated
workflow. I have not identified any previously published estimates of the return
rate or slippage rate, but Rajendran and Ravindran [54] reported an alternative
distribution of remaining useful life on arrival from a regional medical centre in
Pennsylvania, USA (R&R). The maximum useful life is three days, 50% of the
stock arrives fresh, 20% with two days of useful life, and 30% on the day that it will
expire. The reason for this difference is that bacterial screening procedures adopted
in the UK and elsewhere in Europe enable a shelf life of up to 7 days after donation,
while until recently the US Food and Drug Administration limited storage to 5 days
after donation [17, 18]. I repeated experiments 1 and 2 , using the same settings

except for this alternative distribution of remaining useful life on arrival, and report
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the results as experiments 3 and 4.

To evaluate the impact of the return rate and the slippage rate, and a wider
range of distributions of remaining useful life on arrival, in each of experiments 5,
6 and 7 I varied one input parameter. The other settings remained the same as in
experiment 2. I recorded the mean daily cost, wastage and service level when using
an OUFO issuing policy and when using the YUPR issuing policy with a PPM.

In experiment 5, I changed the return rate p between 0.0 and 0.5 in increments
of 0.05. T adjusted the mean daily demand as I adjusted the return rate so that the
expected number of transfused units remained the same. The mean daily demand
for each experiment is therefore equal to the mean daily demand for transfused units
only reported in Table H.2 of Appendix H (UCLH Tx) divided by by (1 — p).

In experiment 6, I changed the slippage rate ¢ between 0.0 and 1.0 in
increments of 0.1.

In experiment 7, I changed the parameters of the multinomial distribution used
to model the remaining useful life on arrival. I used the same distribution for each
day of week, with the parameters set equal to the values of a binomial distribution
with 4 trials and a probability of success between 0.0 and 1.0 in increments of 0.1.
I added one to the value sampled from the binomial distribution, so that when the
probability of success is 1.0, all units arrive with five days of remaining useful life,
and when the probability of success is 0.0 all units arrive on the day that they expire.
The distributions for each value of the probability of success are set out in Table H.5
in Appendix H.

In each of experiments 1-7, and for each issuing policy in experiments where
the sensitivity and specificity of the predictive model were changed, I evaluated the
combination of issuing policy and replenishment policy with the best parameters
identified from simulation optimization on 10,000 evaluation episodes, each 365
days long with a warm-up period of 100 days. I report the mean daily cost, mean
wastage and mean service level over these 10,000 episodes. For each episode,
the wastage was calculated as proportion of units received (from both routine and

emergency orders) that were wasted (due to either expiry or slippage) over the
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365 days following the warm-up period. The service level was calculated as the
proportion of the total demand filled by units in stock (rather than requiring an
emergency order) over the 365 days following the warm-up period. I also calculated
the standard deviation of these metrics over the 10,000 evaluation episodes which
reflects the stochasticity in each scenario (due to random demand, remaining useful
life, slippage, and whether a requested unit is transfused or returned).

When the only difference between two experiments is the policies, it is possible
to directly compare their performance on each evaluation episode because I used
random seeds to generate the random elements of the simulation in a reproducible
manner. For pairs of replenishment and issuing policy combinations in experiments
1 and 2 (and, separately, experiments 3 and 4), I calculated the difference in daily
cost, service level and wastage achieved by the policies on each evaluation episode,
and then computed the mean of the differences and the standard error of the mean
of the differences. These measures provide as estimate of the possible improvement
in a metric by changing the replenishment policy alone, the issuing policy alone, or

both policies.

5.4.1.6 Hardware

The simulation experiments were conducted on a desktop computer running Ubuntu
20.04 LTS via Windows Subsystem for Linux on Windows 11 with an AMD Ryzen
9 5900X processor, 64GB RAM, and an Nvidia GeForce RTX 3060 GPU.

5.4.1.7 Code availability

The code supporting the work in this chapter, for both the simulation experiments
and model training described in Section 5.5, is available at: https://github.com/

joefarrington/plt_returns

5.4.2 Results

5.4.2.1 Main results
Table 5.2 summarizes the results of experiments 1-4, in terms of the mean
daily cost, service level and wastage over 10,000 simulated years: the evaluation

episodes. The costs reflect the balancing of different priorities of the problem and
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do not directly reflect monetary costs. I therefore focus the discussion of the results
on the KPIs. A lower bound on the costs for experiments 14 is the expected daily
cost for replenishment (16,066) based on the mean demand for units that will be
transfused and assuming an order is placed every day.

I estimated the KPIs for different levels of predictive model quality defined
by sensitivity and specificity. Tables 5.2 and 5.3 present the results at two key
settings: a standard OUFO issuing policy (equivalent to a YUPR policy with
sensitivity = 0.0 and specificity = 1.0) , and a YUPR policy with a perfect predictive
model (YUPR-PPM; sensitivity = specificity = 1.0). Table 5.3 sets out differences in
performance for combinations of replenishment and issuing policy over the 10,000
simulated years used for evaluation.

In the paired-sample comparisons between OUFO and YUPR-PPM issuing
policies, the mean reduction in cost, increase in service level, and reduction
in wastage were not less than three standard errors of the mean across both
replenishment policies and both distributions of remaining useful life on arrival.
In no fewer than 99.5% of episodes, the YUPR-PPM issuing policy resulted in less
wastage than the OUFO issuing policy under the same replenishment policy and
distribution of remaining useful life. There is therefore a clear, and significant,
advantage to using YUPR with a perfect predictive model over an OUFO issuing
policy when units may be returned.

There is also a clear benefit to improving jointly both the replenishment
policy and the issuing policy: the best results are achieved when using an (s,S)
replenishment policy and the YUPR issuing policy with a PPM. In experiments
2 and 4 wastage due to time expiry is significantly reduced, with the remaining
wastage due almost entirely to slippage. The KPIs for this pair of experiments
demonstrates the particular effectiveness of the proposed policy at mitigating the
negative effects of receiving stock with a shorter average remaining useful life on
arrival.

The full results from experiments 2 and 4, for different levels of predictive

model performance, are presented above as contour plots in Figure 5.2. While
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The daily cost (a), service level (b) and wastage (¢) assuming the distribution of remaining useful life on arrival observed at
UCLH, and the corresponding metrics (d,e,f) when assuming the distribution of remaining useful life on arrival reported by
Rajendran and Ravindran [54]. Subplots (a,b,c) are based on results from experiment 2 and subplots (d,e,f) are based on
results from experiment 4. These plots show that under both settings the proposed approach can reduce wastage and cost,
with no reduction in service level, relative to an OUFO issuing policy. Lighter colours indicate better performance. A
perfect predictive model, with sensitivity and specificity both equal to 1.0, would be in the top left corner of a subplot. The
region above and to the left of the contour for an OUFO issuing policy comprises combinations of sensitivity and specificity
required for the YUPR issuing policy to perform better than OUFO. Each plot contains a labelled contour showing the
performance for a baseline OUFO issuing policy and the colour map for each plot is centred on that contour.

Figure 5.2: Contour plots illustrating the performance of the proposed YUPR issuing
policy in terms of daily cost, service level and wastage assuming different levels
of predictive model quality.

the YUPR issuing policy could cut wastage, with no reduction in service level, a
predictive model with a high false positive rate would lead to higher wastage and
costs than the baseline OUFO policy.

In Appendix H.4, I present the results of using the simulated workflow and
scenario inputs under the assumption made in previous work: that all requested
units are transfused. Wastage was low even with a simple standing order policy and
was reduced to 0% for both distributions of remaining useful life on arrival under

an (s,S) replenishment policy.

5.4.2.2 Results for additional simulation sensitivity analyses

In Figures 5.3 and 5.4 I present the results from the sensitivity analyses: experiments

5, 6 and 7. Figure 5.3 illustrates the mean values of the daily cost, service level



5.4. Simulation-first experiments 186
Distribution  Exp Replenishment Issuing Daily cost Service level (%) Wastage (%)
of remaining policy policy
useful life
on arrival Mean (s.d.) Mean (s.d.) Mean (s.d.)
| Standing order OUFO 20,344  (500) 97.5 (0.8) 1.0 (0.2)
UCLH Standing order YUPR-PPM 20,337 (533) 97.8 0.9 0.7 (0.2)
) (s,8) OUFO 17,891 (199) 99.6 0.1 09 (0.1)
(s,8) YUPR-PPM 17,797 (197) 99.6 0.1) 0.6 (0.1)
3 Standing order OUFO 20,992 (425) 97.5 (0.6) 48 (0.5
R&R Standing order YUPR-PPM 20,145 (301) 98.8 0.4) 3.5 (0.7
4 (s,8) OUFO 18,719 (215) 994 0.2) 34  (0.2)
(s,89) YUPR-PPM 17,829 (200) 99.5 0.1) 0.7 (0.1)

The daily cost and KPIs were calculated for each episode and the mean and standard deviation over the 10,000 evaluation
episodes is reported.

Table 5.2: Simulation results for experiments 1-4 using the simulated platelet inventory
management workflow with returns.

and wastage over the evaluation episodes for an OUFO issuing policy and the
YUPR issuing policy with a PPM. Figure 5.4 illustrates the mean paired-sampled
differences in these metrics between the two issuing policies over the evaluation
episodes.

The YUPR issuing policy with a PPM had an increased beneficial impact as
the return rate increased, as the slippage rate decreased, and as the average age of
stock at arrival increased. As expected, the YUPR policy with PPM performed the
same as OUFO in cases when all requests result in transfusion (return rate p = 0%)
or when units that are not transfused cannot be reissued (due to a high slippage
rate, or because all of the stock expired on the day it arrived). The YUPR policy
with a PPM also performed similarly to OUFO when most of the stock arrived
fresh, because in this instance there is often sufficient time for a returned unit to be
reissued even under an OUFO policy. The results show the importance of achieving
a low slippage rate: at a slippage rate ¢ = 100% the wastage under both issuing
policies is 8% (equal to the return rate), but at a slippage rate of ¢ = 0% this is
reduced to 0.3% under an OUFO issuing policy and 0.0% under the YUPR issuing
policy with a PPM.
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Metric Replenishment
policy Standing order (s,8)
Issuing YUPR-
policy OUFO OUFO PPM
Experiments 1 & 2: UCLH distribution of remaining useful life on arrival
Standing order  OUFO — 245244 2547 +4
Daily cost anding oreer v UPR-PPM — D446 +5 2,540+ 5
y s ) OUFO — — 94+ 0
’ YUPR-PPM — — —
Standine order  OUFO — 21400 21400
Service level (%) & YUPR-PPM — 18400 1.8+0.0
ervice fevel 1 9 OUFO — —  0.0+00
’ YUPR-PPM — — —
Standing order  OUFO — 01400 -04+00
Wastage (%) ne YUPR-PPM _ 02400 -0.1=+0.0
ge i s 9 OUFO _ — 03400
S YUPR-PPM _ _ _
Experiments 3 & 4: R&R distribution of remaining useful life on arrival
Standine order  OUFO — 227443 3,164 +3
Dailv cost anding oreer yUPR-PPM — 142643 231643
Hy cos (s $) OUFO — — 890+1
S YUPR-PPM _ _ _
Standing order  OUFO — 19400 20+00
Service level (%) & YUPR-PPM — 06+00 07400
7 (.5 OUFO — — 0.1+£00
’ YUPR-PPM — — —
Standing order  OUFO — 14400 41400
Wastage (%) anding oreer v UPR-PPM — 02400 -28+00
astage (7o . OUFO — — 27400
’ YUPR-PPM — — —

The daily cost and KPIs were calculated for each episode. The mean and standard error of the mean paired-sample
differences between the policy combination on the column and the policy combination on the row for these metrics over the
10,000 evaluation episodes is reported. Negative values for daily cost and wastage, and positive values for service level,
indicate the the policy combination on the column performed better than the policy combination on the row.

Table 5.3: Paired-sample comparison of combinations of replenishment and issuing
policies from experiments 1 & 2 and experiments 3 & 4 using the simulated

platelet inventory management workflow with returns.
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The daily cost and KPIs were calculated for each episode. The mean and standard deviation (as error bars) of each metric
over the 10,000 evaluation episodes is plotted.

Figure 5.3: Impact of changing simulation input parameters on the the daily cost, service
level and wastage when using the benchmark OUFO issuing policy and the
proposed YUPR issuing policy with a PPM.

5.5 Building a predictive model
5.5.1 Methods

5.5.1.1 Data

I developed a binary classification model to predict, for each request, whether
at least one requested unit would be returned. Demographic features (sex, year
of birth) and platelet count test results were extracted from the UCLH Archive

Data Store. Data related to requests for platelets, and individual platelet units,



5.5. Building a predictive model 189

Changing the distribution of

Changing the return rate Changing the slippage rate remaining useful life on arrival
0_ - -
-500 A : .
k]
S -1,000 A 1 .
>
© -1,500 4 B B
hel
£
o -2,0004 1 1
[o)]
c
2 -2,500 4 J
[}
-3,000 1 1 1
-3,500 4 9 q
m
b= 1.0
5
o
(9]
o
2 05 | |
2 X
[
=
[
2 //
z 0.0 4 4 4
<2
[V
Q
2
g -0.51 . .
S
(9]
o
C
2 -1.0 L+ . : . : . . : . . . . . . . : . .
[}
m
€ 01 1 1
5
o
(9]
§ -2 1 1
[=4
[
=
kS e i |
[
o
el
%
£ -6y 1 1
£
(9]
2 -8 1 :
©
<
o T T T T T T T T T T T T T T T T T T
0 10 20 30 40 50 0 20 40 60 80 100 0.0 0.2 0.4 0.6 0.8 1.0
Return rate p (%) Slippage rate ¢ (%) Probability of success for binomial

distribution controlling freshness

The daily cost and KPIs were calculated for each episode. The mean and standard error of the mean (as the error bars)
paired-sample differences between the the benchmark OUFO issuing policy and the proposed YUPR issuing policy with a
PPM over the 10,000 evaluation episodes is plotted. Reductions in daily cost and wastage, and increases in service level,
indicate cases where the YUPR issuing policy with a PPM performs better than an OUFO issuing policy. The error bars are
not visible at the scale selected to show the change in cost, level and wastage respectively.

Figure 5.4: Paired-sample differences in daily cost, service level and wastage between the
benchmark OUFO issuing policy and the proposed YUPR issuing policy with
a PPM.

was extracted from the UCLH transfusion laboratory information system Bank
Manager. Missing values for numeric values were imputed using the median and
missing values for binary features were imputed using the mode. Binary missing
indicator features were added corresponding to each numeric or binary feature.
Categorical features were one-hot encoded, and the number of one-hot features for

high-cardinality features (defined as 16 or more categories) was determined as part
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of the hyperparameter tuning process.

The training set consisted of 17,297 requests with a required date between 1
February 2015 and 31 December 2016, while the test set consisted of 9,353 requests
with a required date between 1 January 2017 and 31 December 2017. I excluded
requests where no unit was assigned, where a neonatal unit was assigned, where
the patient identifier was that of a test patient used for internal system checks and
where the request was required more than 30 minutes before it was registered. Some
calculated features are based on a look-back period of 30 days and therefore I also
excluded the requests from January 2015 to ensure a full look-back period for all
requests in the training and test sets. The time point of the prediction, used to
determine the most recent platelet count and what other information was available
when the prediction was made, was set as the later of one hour before the request
was required, and the time when the request was registered in Bank Manager. See
Table 1.1 in Appendix I for a breakdown of exclusions, Table 1.2 in Appendix I
for a description of all of the input features and Tables 1.3 and 1.4 in Appendix I for
details of the numeric and categorical features respectively including the percentage
of missing entries, the mean and standard deviation of numeric features, and the

most common categories for categorical features.

5.5.1.2 Training and evaluation

I used XGBoost [165], a popular and fast implementation of gradient boosting
with decision trees which is known to perform well on a variety of prediction
tasks based on tabular data [265]. The hyperparameters were tuned using 10-fold
cross-validation over the training set using Optuna’s [212] Tree-structured Parzen
Estimator (TPE) sampler, with 200 trials. The folds were stratified so that each
fold received approximately the same ratio of positive to negative examples, and
each patient was assigned to only one fold. Based on the results of the simulation
experiments, it was clear that the false positive rate of the model needed to be less
than 0.6 for an issuing policy supported by the model to achieve lower daily cost
and wastage than an OUFO issuing policy. I therefore used the partial-AUROC

[266] to compare model performance during hyperparameter tuning, considering
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only the area under the curve where the false positive rate was less than 0.6. An
improvement in this metric should lead to an improvement in the KPIs whereas an
improvement in standard AUROC could be due to better predictive performance in
aregion of the of the curve that the simulation results suggest will not lead to better
inventory management performance. The hyperparameter search ranges, and final
selected hyperparameters are set out in Table 1.5 in Appendix .

The final model was trained on the entire training set using the combination
of hyperparameters that achieved the highest mean partial-AUROC over the 10
cross-validation folds, and applied to predict outcomes for the test set. Performance
on the test set was reported in terms of AUROC because I consider this metric both
more familiar and easier to interpret than partial-AUROC.

One approach to estimating the potential benefit of the trained model in
terms of KPIs is to determine the sensitivity and specificity and look up the KPIs
for simulated predictive models with those characteristics using the results of
experiments 2 and 4. The sensitivity and specificity depend on the threshold used to
determine a positive prediction, and the Receiver Operating Characteristic (ROC)
curve represents the different possible combinations of sensitivity and specificity as
the threshold is increased.

The KPIs observed at a certain level of sensitivity and specificity assumed in
experiments 2 and 4 may not correspond to those that would be achieved at the
same level of sensitivity and specificity for the trained model in reality because I
made the simplifying assumption that the total demand was generated by requests
for single units in the simulation experiments. In reality, during 2015 and 2016, 7%
of requests were for more than one unit, the majority of these were for two units
and the largest request was for four units. When I trained the MLL model on real
requests I assigned labels based on whether or not all of the requested units were
transfused. As a result, there is a discrepancy between sensitivity and specificity as
defined for the simulation and for the real predictive model: for example, a correct
positive prediction on a real request for two units could mean that one is transfused

and one is returned. I addressed this by performing an additional evaluation step:
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applying the predictive model to real demand data from 2017 within the simulated
workflow, making predictions at the request level (so, for example, a request for two
units with a positive prediction would be met by issuing the two freshest units), and
calculating the KPIs directly.

I created a subclass of the RL environment that used the real observed demand
and returns from 2017 (instead of sampling them), and the predictions from the
trained model to support the issuing decision. Morning demand consisted of
requests that were required after 00:00 and before 12:00, and afternoon demand
consisted of requests required after 12:00 and before 00:00. The slippage rate, ¢,
was set to 7%. The distribution of remaining useful life on arrival was calculated
based on units received by UCLH in 2017, as set out in Table H.4 in Appendix H.
The threshold for a positive prediction from the model used to implement the policy
was set to minimize the estimated wastage, based on the results of experiment 2. For
each potential model threshold in the training set, I estimated the expected wastage
by linearly interpolating between the values of wastage for fixed combinations of
sensitivity and specificity from experiment 2 and selected the threshold with the
minimum estimated wastage. I selected a threshold to minimize wastage directly
because the contour plots of service level produced for experiment 2 showed that the
sensitivity and specificity of the predictive model had little to no impact on service
level. Figure 1.1 in Appendix I shows the ROC curve for the training set plotted over
a contour plot of wastage from experiment 2, and estimated wastage plotted directly
against the model threshold. I repeated the experiment with an OUFO issuing policy
as a baseline and used (s, S) replenishment policies with parameters fit as part of
experiment 2.

I repeated this analysis using the distribution of remaining useful life on arrival
reported by Rajendran and Ravindran [54]. 1 used the same trained predictive
model, but selected the threshold using the values of wastage from experiment 4.
Figure 1.2 in Appendix I shows the ROC curve for the training set plotted over a
contour plot of wastage from experiment 4, and estimated wastage plotted directly

against the model threshold. I used (s, S) replenishment policies with parameters
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fit as part of experiment 4. All other settings remained the same.

5.5.1.3 Hardware

Training and evaluating the predictive model required patient level data and
therefore these experiments were conducted on a virtual machine using the UCLH

Data Science Desktop, a secure research environment.

5.5.2 Results

Simulation-first experiments demonstrated that the YUPR issuing policy could cut
wastage relative to an OUFO issuing policy with no detriment to service level,
given a sufficiently good ML model. Figure 5.5 shows that YUPR with the trained
predictive model is sufficiently good to reduce wastage relative to an OUFO policy
in both contexts.

In Figure 5.5 I present a contour plot of simulated wastage as a function
of model prediction performance (in terms of sensitivity and specificity) for two
scenarios, overlaid with the ROC curve calculated on the test set for the predictive
model I went on to develop. In Figure 5.5a, the remaining useful life of platelet
units on arrival at the hospital is assumed to be distributed according to observed
data from UCLH. In this context the YUPR policy with a PPM, with sensitivity
and specificity both equal to 1.0, would cut wastage from 0.9% to 0.6% (a 33%
reduction) compared to the standard OUFO policy. For the results shown in Figure
5.5b, the remaining useful life of platelets on arrival is based on figures reported by
Rajendran and Ravindran [54] from a hospital in the USA where the stock has a
shorter maximum useful life and arrives with fewer days of remaining useful life on
average. Here the YUPR policy with a perfect predictive model would cut wastage
from 3.4% to 0.7% (a reduction of 79%).

The ML model achieved an AUROC of 0.74 on the test set: platelet requests at
UCLH from 2017. At a threshold identified from the training set, a YUPR issuing
policy based on the model would reduce wastage by 14% at UCLH and 12% when
using the distribution of remaining useful life reported by Rajendran and Ravindran

[54]. Figure 5.2 illustrates that these reductions in wastage can be achieved while
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maintaining the service level, defined as the proportion of requests that can be met

using stock on hand.
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The ROC curve on the test set plotted over the contour plot for wastage generated assuming (a) the distribution of remaining
useful life on arrival observed at UCLH and (b) the distribution of remaining useful life on arrival reported by Rajendran and
Ravindran [54]. Subplot (a) is based on results from experiment 2 and subplot (b) is based on results from experiment 4.
Under both settings, the predictive model could achieve lower wastage than a baseline OUFO policy with no reduction in
service level. A larger absolute reduction in wastage is possible in (b), when platelets have a shorter average remaining
useful life on arrival. Lighter colours indicate better performance. The ROC curve represents possible combinations of
sensitivity and sensitivity that could be achieved by the selection of different thresholds for distinguishing positive and
negative predictions, and the white star indicates the predictive performance that would be achieved by selecting a threshold
to minimize wastage using the training set ROC curve.

Figure 5.5: Contour plots illustrating estimated wastage when issuing platelets using the
proposed YUPR issuing policy and the trained predictive model for platelet
returns.

An alternative method for evaluating the performance of the predictive model is
to incorporate the real demand and associated predictions into a simulated workflow.
Using real requests for 2017 and the predictions of the trained models on these to
inform YUPR issuing decisions, the simulated workflow gives estimated wastage of
1.1% and a service level of 99.4% (compared to 1.2% and 99.4% respectively using
an OUFO issuing policy). Under the distribution of remaining useful life on arrival
reported by Rajendran and Ravindran [54] our YUPR issuing policy with a trained
predictive model gave wastage of 4.3% and a service level of 99.1% (compared
to 5.0% and 99.1% respectively using an OUFO issuing policy). In both cases,
wastage was reduced compared to the OUFO baseline with no reduction in service
level. Although the wastage is higher than expected from the simulation results
plotted in Figure 5.5, this is consistent with the higher proportion of requests that did

not result in transfusion, and higher wastage, observed at UCLH in 2017 compared
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to the preceding years.

The performance of the trained ML model on the test set is illustrated by the
solid black line in Figure 5.5. Based on the results of the simulation experiments,
further improvements in the quality of the predictive model would be expected to
lead to further reductions in wastage. The results of the scenario analysis presented
in Section 5.4.2.2 show that the potential benefits will depend on properties of the
workflow in addition to model quality.

I computed feature importance values using Shapley Additive Explanations
(SHAP) [267] and present a summary plot, illustrating how the features contribute
to the predictions, in Figure 5.6. Unsurprisingly, the value of the most recent platelet
count was the most important feature, and a lower platelet count made the model
more likely to predict that requested units would be transfused. Seven of the top
10 features were hand-engineered features, including the second most important

feature: how long in advance (in hours) a request was made.
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The feature importance values were computed using the training set. Each point represents an example from the training set.
A large positive SHAP value means that the feature pushed the model output towards a positive prediction. See Table 1.2 in
Appendix I for a description of each feature.

Figure 5.6: Summary plot of SHAP values for the 10 most important features in the trained
predictive model for platelet returns.
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5.6 Discussion

To the best of my knowledge this work is the first to consider the fact of
post-issue returns when finding replenishment and issuing policies to manage
platelet inventory, to develop an ML-based prediction of platelet usage and to
develop an accompanying issuing policy for a perishable product. The results show
that an ML-based issuing policy could reduce wastage when it is possible to reissue
returned units. While the projected benefit of a 14% reduction in wastage for our
partner hospital might be considered modest in the context of the low wastage they
currently achieve, the sensitivity analyses highlight that when units have a shorter
remaining useful life on arrival or when the return rate is higher, this approach
can lead to large absolute reductions in wastage. The YUPR issuing policy with
a PPM gave a reduction in wastage of 2.7 percentage points (79%) compared to
the OUFO baseline (under an (s, S) replenishment policy) for the distribution of
remaining useful life on arrival observed in a US hospital [54]. The performance
with an (s,S) replenishment policy and YUPR issuing policy was similar under
both distributions of remaining useful life, despite the much shorter useful life on
arrival in the US case. The UCLH transfusion laboratory is considering moving to
a YUPR policy, although they are exploring a rule based prediction model based
on augmenting the insights from my ML model with expert knowledge rather than
investing at this point in integrating different software systems to support real-time
ML model predictions.

My results also demonstrate the importance of considering returns when
evaluating policies for managing platelet inventory. Developing policies based on
the number of transfused units could lead to shortages if not all requested units are
transfused, because in this case the number of transfused units underestimates the
demand that must be filled by the hospital blood bank. The order-up-to parameter
S was higher for four of seven weekdays when introducing returns (comparing
experiments 2 and 4). Consideration of returns, and my proposed issuing policy,
may be less impactful at sites where issued units that are not transfused spend a

shorter time away from the decision-making point. It may have a greater impact as
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improvements in technology or procedures reduce the level of slippage.

This study also provides a compelling example of using a simulation-first
approach to evaluate the extent to which an ML model can support a clinical or
operational workflow. The simulated workflow was used in three ways: firstly
to estimate the potential benefits of a proposed predictive model in the workflow,
secondly to inform model selection during hyperparameter search and thirdly to
estimate the performance of a trained model on a real time period using established
KPIs. The results from the simulation informed the subsequent steps of my research
by establishing both the potential gains on offer and the performance required
for the proof-of-concept ML model to be beneficial. The results highlight the
importance of investigating how a predictive model performs in a workflow in terms
of KPIs as well as performing evaluation using ML metrics. The same predictive
model, with the same AUROC, can have a bigger impact on the workflow under
some circumstances, such as under the distribution of remaining useful life on
arrival observed by Rajendran and Ravindran [54], than others. This chapter builds
on recent work using simulation to evaluate trained ML models in terms of KPIs
that have real-world impact rather than ML metrics [257, 258] but with the added
potential to understand whether the predictions could be useful before building the
predictive model and to estimate how well a predictive model needs to perform to
achieve a specified improvement in one or more KPIs. A simulation-first approach
therefore offers a route for early evaluation of predictive model utility which could
be used to prioritize efforts on developing models that are more likely to lead to
improvements in KPIs if integrated into a clinical or operational workflow. This is
analogous to using estimates of the value of information to target clinical research
in health economics [268], but additional work may be required to obtain empirical
costs instead of the relative costs used for optimization in this study if the analysis
forms part of a cost-benefit study. A further advantage of a simulation-first approach
is that the estimated KPIs can help to focus the hyperparameter search on models
that are likely to have a higher utility. While this workflow requires simulation, for

other workflows, such as those that can be modelled as a simple queue, the impact
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of a predictive model of a specified quality on KPIs can be investigated analytically
[269]. A focus on evaluating potential utility may help to bridge the gap between
the large number of ML models that are developed and the relatively small number
that have been successfully deployed in healthcare settings [270].

This work has a number of limitations. Firstly, I only considered a single type
of platelet and assumed that any unit could fill the demand from any patient. This
is a common assumption in the literature [11, 54, 92], but neglects compatibility
between the blood type of the donor and the patient and the fact that some patients
have special transfusion requirements. The YUPR issuing policy could be adapted
to incorporate blood types by, for example, issuing the youngest matching unit or
youngest compatible unit for predicted returns. The proposed issuing policy may
be less effective when including patients with special requirements because there is
less (or no) choice about which unit to issue. I assumed there is no medical reason
to allocate fresher platelets to specific patients. Previous studies have considered
age-differentiated demand [48, 232] with fresher units preferred for patients with
certain conditions, but a recent systematic review found no relationship between
platelet storage time and clinical outcomes in critically ill or haematology patients
[271] and this distinction is not made in UK guidance [272, 273]. The proposed
issuing policy relies on the fact that issued units are kept in conditions that generally
allow them to be reissued if they are not transfused and have not expired. This
assumption is valid for our partner hospital UCLH (evidenced by the low estimated
slippage rate), potentially due to the use of remote platelet agitators located around
the hospital, but this may not be applicable at all sites.

Many features in the model are operational and site-specific, such as the ward
name and the location where platelet units are to be delivered. As a result, the
trained predictive model could not be directly transferred to another site without
retraining or adaptation. Additionally, the model may be susceptible to concept
drift caused by reorganizations (e.g., changes in how wards are used) or changes
in clinical practices and guidelines (e.g., guidance on when a platelet transfusion

is appropriate). If the predictive model were deployed, it would be crucial to
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continuously monitor its performance and for the team maintaining the model to
establish clear lines of communication with clinical and operational staff. This
collaboration would help ensure awareness of significant changes that could affect
the learned relationships the relied on by the model, and model could be updated to
maintain accuracy and reliability.

I have assumed that the hospital blood bank staff would always follow the
replenishment and issuing policies, but Wornow et al. [258] noted that predictions
may not be acted upon in practice. Presenting the possible benefits in terms of
meaningful and familiar KPIs instead of ML performance metrics could help to
build trust in a policy based on predictive models and increase adherence to the
policy.

In evaluating different issuing policies, I used simple heuristic replenishment
policies that do not account for the age profile of the stock or any knowledge
about the number and age profile of units issued during the day that may be
returned. I note that it may be possible to achieve better performance with an
OUFO issuing policy using a more sophisticated replenishment policy that takes
these factors into account, or by using the return predictions to support both issuing
and replenishment decisions.

I focus the discussion of performance on KPIs of wastage and service level
because they are easily interpretable in a way that the notional costs assigned to
wastage, shortages and holding are not. As with other literature in this area, the
relative costs assigned to these different inventory events do not have an empirical
underpinning. The relative costs partly reflect the decision makers’ concern about
consequences with intangible costs that are difficult to determine, such as the impact
on a patient’s health caused by a delay in treatment due to a shortage or loss in donor
confidence due to high wastage [37].

While the YUPR policy gave lower wastage than the OUFO issuing policy
under both distributions of remaining useful life on arrival, as assessed using both
the estimated KPIs from the simulation experiments and the real demand data from

2017, it is not possible to make a conclusion about the statistical significance of
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this reduction. I trained a single model and evaluated it on a single year of data, I
therefore could not generate the performance metric distributions required to test the
statistical significance. In future work, I would consider training multiple predictive
models using bootstrapped samples from the training data and estimating the KPIs
for each. This would allow statistical testing to determine whether the reduction in
wastage with YUPR compared to OUFO is statistically significant.

The absolute levels of wastage in the simulated system are low relative to
previously reported figures but, when using the OUFO issuing policy, are similar to
those observed at UCLH during the time period under consideration. Additionally,
I optimized the replenishment policies and over-ordering is a commonly cited
reason for wastage [274, 275]. Given the potential for the proposed YUPR policy
to mitigate the wastage associated with receiving older stock, future work could
investigate whether it is possible to achieve system-wide improvements by directing

older units to sites able to implement such a policy.

5.7 Conclusion

In this chapter, I proposed a way for hospital blood banks to alter their issuing
policies, from a standard OUFO policy, to account for the fact that not all
issued platelet units are transfused. I developed a model of the platelet inventory
management workflow in a hospital incorporating the observed flow of some issued
units being returned unused, and used this simulation to explore the potential
utility of the proposed, ML-guided, issuing policy for different levels of predictive
model quality and different workflow properties. This analysis showed that, with
a sufficiently good predictive model, this new policy can reduce wastage while
maintaining service level and I went on to train a sufficiently good supervised
learning model.

A policy of issuing the youngest units for predicted returns could support
efforts to reduce platelet wastage, and the transfusion laboratory at UCLH is
considering how best to implement these ideas. The broader concept of a

simulation-first approach may help to target future development of predictive
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models to applications most likely to be beneficial in practice.



Chapter 6

Joint optimization of replenishment
and issuing policies for multiple

products with substitution

6.1 Motivation

A key gap between the scenarios considered in previous chapters and the
replenishment decisions made in a hospital blood bank is the importance of
ABO/RhD blood types. To provide actionable recommendations for real life
management, a replenishment policy should output an order quantity for platelet
units of each of these eight blood types. Managing multiple products with complex
substitution relationships also requires an issuing policy that recommends which
unit to issue in response to demand. Previous work that has included ABO/RhD
compatibility in the management of blood product inventory has utilized heuristic
issuing policies, optimized an issuing policy with a fixed replenishment policy, or
let issuing decisions be made as part of a mathematical optimization process from
which there is no way to extract a policy that can be applied in real time. There
may be a benefit to jointly optimizing the replenishment and issuing policies, and
there is also an advantage to being able to evaluate the performance of different
combinations of replenishment and issuing policies in a modular fashion. In this

chapter, I therefore modelled perishable inventory management using a multi-agent



6.2. Contribution statement 203

approach and implemented three scenarios, with different numbers of perishable
products, as multi-agent RL environments in which independent replenishment and
issuing policies co-operate to meet demand.

In this problem, the agents act at different frequencies with multiple issuing
actions (depending on the demand) between each replenishment action. I used
neuroevolutionary methods to fit the policies in this chapter because they learn from
performance at the level of an episode (e.g. a simulated year), instead of a step,
and so are well suited to the long time horizons and complex, irregular pattern of
rewards that will result. Neuroevolutionary methods have several other advantages.
Firstly, they can be readily parallelized and combine well with GPU-accelerated
RL environments. Secondly, it is conceptually straightforward to incorporate
KPIs calculated over a whole episode into the optimization process and to explore
alternative methods for balancing different objectives instead of relying on notional
costs. Thirdly, because exploration is performed in policy parameter space, it is
also straightforward to ‘warm-start’ the optimization process using a policy network

pre-trained to clone the behaviour of a heuristic policy.

6.2 Contribution statement

The main contributions of this chapter are:

* developing GPU-accelerated multi-agent RL environments suitable for
learning and evaluating policies when the agents do not act in parallel or

in turn;

* exploring whether there is a benefit to jointly fitting replenishment and issuing

policies for perishable products when substitution is possible;

* investigating the suitability of neuroevolutionary methods to fit replenishment
and issuing policies for multiple perishable products, up to and including the

eight different ABO/RhD blood types; and

« fitting replenishment and issuing policies with neuroevolution using KPIs

to avoid the need for notional costs, and visualizing the range of feasible
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trade-offs between service level and wastage.

6.3 Background and related work

6.3.1 Blood product inventory management considering multiple

blood types

In the UK, hospital blood banks specify a number of units of each type
(including ABO, RhD, and potentially other features) of platelets when placing
a replenishment order with the central provider, NHS Blood and Transplant
(NHSBT). However, much of the work on platelet inventory management, including
my work in the preceding chapters, has adopted the simplifying assumption that
there is only a single type of platelet unit that can meet demand for any patient.
While an exact ABO match (and only issuing units from RhD- donors to RhD-
patients) is desirable, the short useful life of platelets and the potential mismatch
between the distribution of donor and recipient blood types means that, in practice,
substitution is used to avoid high wastage levels [20]. As described in Section
2.2, the two main considerations are the potential for haemolysis of the recipient’s
PRBC:s if there is a minor ABO incompatibility between the donor and the recipient
and alloimmunization if units from an RhD+ donor are transfused to an RhD-
patient [20]. UK guidance from the Blood Stocks Management Scheme states that
hospitals should issue an exact ABO match when possible, but that it is acceptable
to issue a platelet unit that is not ABO-identical to avoid wastage or placing a
replenishment order [226]. A recent US study covering the period 2013-2016 found
that only 39% of platelet transfusions to RhD- patients were from RhD- donors,
and that 19% of platelet transfusions were minor ABO incompatible [4]. The same
study reported that 31% of platelet transfusions were major ABO incompatible,
which has been associated with a smaller increase in platelet count after transfusion
and a correspondingly shorter time between transfusions [276]. A national survey
conducted in Greece in 2015 reported that 88-94% of platelets transfused to RhD-
negative patients were from an RhD- donor, 20-23% of platelet transfusions were

ABO minor incompatible and 16-24% were ABO major incompatible. These
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ranges reflect the differences between platelet units derived from whole blood
and those collected via apheresis [5]. Replenishment and issuing policies that
incorporate blood types, and the compatibility relationships between them, better
reflect the actual decisions made in the hospital blood bank. It may be possible to
reduce the number of less preferred matches and, thereby reduce the risk to patients
and improve the efficacy of the transfusions, by finding better replenishment and
issuing policies. Additionally, it may be possible to reduce the number of platelet
transfusions required by minimizing the number of patients given ABO major
incompatible transfusions.

In a 2023 review of the application of optimization methods in the blood supply
chain, Meneses et al. [56] observed that it is not common to consider multiple blood
types and the compatibility relationships between them when modelling a hospital
blood bank. As I note in Section 2.4.2 researchers using simulation to investigate the
impact of changes suggested by human experts have generally incorporated blood
type substitution into their work. This aspect of reality has been considered more
in the context of managing PRBCs [36, 47, 55, 63, 66, 67, 68, 69] in hospital blood
banks using optimization methods, than for platelets [64, 65, 70].

In these studies, when replenishment decisions have been optimized the
authors have sought independent heuristic replenishment policy parameters (e.g.
order-up-to levels S) for each product [36, 47, 55, 67], or a sequence of
replenishment orders for each product over a planning horizon [64, 65, 66, 68,
69].

A straightforward approach to selecting the blood type of the unit that should
be issued to a patient is to follow a heuristic policy that selects an unit based on a
preference order, with an exact match to the patient’s blood type given if possible.
This method has been used in research considering the inventory management of
platelets [64], and PRBCs [47, 66, 67, 68] in hospital blood banks. Heuristic issuing
policies may also include additional considerations such as freshness requirements
based on the reason for transfusion [64] and whether the transfusion is required for

an emergency case [67], or sample the blood type of the unit to use as a substitute
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from a probability distribution [47]. These studies assumed that all demand for
a period arises simultaneously, and therefore issuing decisions are made with full
knowledge about the demand for a given day. In practice a hospital blood bank must
issue units one (or several, as part of one request) at a time without knowing exactly
what demand (both in total, and the mix of recipient blood types) will occur over
the rest of the day. Heuristic policies that follow the same logic (e.g. issuing based
on a substitution preference order) can be developed that serve one unit at a time
but the best heuristic rule may be different.

An alternative approach is to make issuing decisions as part of a stochastic
mixed integer linear programming process based on permitted substitutions, with
or without penalty costs for substitution. This method enables issuing and
replenishment decisions to be jointly optimized, and has been used for issuing both
platelets [65] and PRBCs [36, 55, 65, 69] in studies set in hospital blood banks.
However, the assumption is again made that all demand for a period is known
before any issuing decisions are taken and the output of the optimization process is
a sequence of decisions taken, so there is no policy that can be extracted and applied
in reality. Studies concerned with the decisions of regional blood centres managing
multiple blood types have also used either heuristic rules or linear programming
decision variables for issuing units to hospitals [10, 80, 277, 278, 279, 280].

Abdulwahab and Wahab [70] and Dumkreiger [63] both used approximate
dynamic programming to find issuing policies for platelets and PRBCs, respectively,
in hospital blood banks, assuming fixed replenishment policies. Dumkreiger [63]
assumed that meeting demand with any compatible unit was the same, while
Abdulwahab and Wahab [70] imposed a penalty for substitution with a compatible
unit, and a larger penalty for the use of universal donor units unless they were
an exact match. The issuing policy fit by Dumkreiger [63] achieved better
performance, under a fixed replenishment policy, than the benchmark issuing policy
of selecting units in order of priority and she specifically noted that the analysis

would be strengthened by jointly optimizing the replenishment policy.
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6.3.2 Modelling the problem with multiple agents

Modelling the hospital blood bank as a multi-agent problem would support the
evaluation of different combinations of replenishment and issuing policies and
enable these two policies to be optimized individually or jointly. These policies
could both be represented using neural networks. A neural network issuing policy
could be more flexible than heuristic issuing policies for multiple products and take
into account additional features including the age profile of each type of product in
stock. Unlike the recent work using stochastic mixed integer linear programming
to allocate units in a more flexible manner to minimize the objective function [36,
55, 65, 69], it would be possible to use such an issuing policy to support issuing
decisions in real time as demand arises. Due to the co-operative nature of the
problem, jointly optimizing both policies may help to find better combinations of
policies than fixing one and optimizing the other alone: in the context of perishable
goods with age-differentiated demand and possible substitution Deniz et al. [281]
found that it was important to “‘coordinate issuing decisions with replenishment”.

Recent studies have investigated the application of multi-agent RL to supply
chain problems including the use of separate agents to set the price of perishable
products [282], separate agents to set the replenishment quantity for each of
multiple products [155, 283, 284], and agents determining replenishment quantities
at different echelons of the supply chain [285, 286]. The most similar example
to separate replenishment and issuing agents for managing platelet inventory is
Khirwar et al. [287], which includes multiple store agents making replenishment
orders for multiple products, and a warehouse agent with two policies: placing
replenishment orders from a supplier and an allocation policy for filling the orders
placed by the stores. However, the warehouse allocation policy acts at the same
frequency as the store agents and makes one allocation action once all the store
agents have placed their orders for the day. In the scenarios in this chapter, the
issuing agent acts between replenishment steps and selects a unit to meet demand
as it arises.

The software libraries for multi-agent RL are (as at the time of writing in June
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2024) much less well established, and more fragmented, than those for single-agent
RL. There is no standard environment API that has reached the same level of
acceptance that OpenAl Gym [139] attained for single-agent environments and, as a
result, there is a lack of easy-to-use implementations of multi-agent RL algorithms.
This is particularly the case when a problem is non-standard - such as the different
frequencies of the replenishment and issuing agents in the scenarios considered in
this chapter. At the time this work was completed, PettingZoo [130] provided a
Python class for multi-agent RL environments for CPU. The Python library PGX
[288] offered a class for GPU-accelerated multi-agent environments, but with the
requirement that the same agent must act across all parallel environments at each
step. This is not suitable for the scenarios considered here, and therefore I developed

custom GPU-accelerated environments based on gymnax [289] and PettingZoo.

6.3.3 Main challenges

The size of the action space is a challenge when managing multiple perishable
products. In Chapter 3, when placing replenishment orders for a single perishable
product, the PPO policy networks output a categorical distribution from which the
order quantity was sampled during training. This approach does not scale well to
multiple products: the categorical joint-action space for ordering multiple products
grows exponentially in the number of products. Additionally, using a categorical
distribution does not make use of the fact that replenishment orders for each product
are on an interval scale. This prevents generalization of experience to similar order
quantities when using DRL methods and therefore more training data is required
to explore the action space. One approach to managing multiple products is to
have one agent per product, each with its own replenishment policy [155, 283,
284]. An alternative approach, which I adopted in this chapter, is to use a policy
neural network with a single continuous output for each product that is mapped to
an integer order quantity. This mapping can be achieved by rounding the continuous
output [290], by using a similarity measure between the continuous output and the
discrete actions [291, 292] or by using a mapping function to convert the continuous

output to a feasible discrete action [293]. I adopted the latter approach, which
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Vanvuchelen and Boute [293] recently used to obtain replenishment order quantities
for up to 40 products using PPO.

A second challenge, specifically related to jointly optimizing the replenishment
and issuing policies, is the different frequencies at which the agents act. A common
assumption in multi-agent RL problems, including the recent work in the context
of supply chains, is that the agents act simultaneously or in turn. However,
in the scenarios considered in this chapter there will be multiple issuing steps,
with the number varying per day depending on the random demand, between
each replenishment action. This leads to relatively long time horizons for the
issuing agent, and also to delayed, irregular rewards because certain components
of the reward (for example relating to holding costs and wastage) will be received
only on issuing steps immediately following a replenishment step. Salimans
et al. [117] demonstrated the effectiveness of evolutionary strategies for fitting
neural network policies on a variety of RL control problems, and suggested that
because performance is determined at the episode level (instead of rewards being
attributed to individual steps), this and other black-box optimization methods may
be particularly appropriate when the reward structure is complicated or sparse, and
when time horizons are long. Alongside PPO, I also consider OpenAl ES [117] as
an evolutionary strategy and SimpleGA [118] as a genetic algorithm, representing
the two main types of evolutionary algorithms used for fitting neural network policy
parameters (neuroevolution). These methods are well suited to parallelization,
and implementations have been developed in the Python library evosax [121] that
are compatible with the GPU-accelerated RL environments I adopted in previous

chapters.

6.3.4 Additional benefits of neuroevolution

Two further advantages of neuroevolution for the problem under consideration are
the potential to incorporate existing knowledge into the policy parameter search
process and the potential to incorporate KPIs calculated over each episode into the
optimization process.

For both replenishment and issuing decisions, it is straightforward to obtain
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heuristic policies that perform reasonably well: for example, a replenishment policy
with parameters fit using simulation optimization and a heuristic issuing policy that
selects a unit based on an order of preferences. Using supervised learning, a neural
network can be trained to follow these heuristic policies, subject to some error:
this process is behavioural cloning. Silver et al. [100] used behavioural cloning on
expert moves from the board game Go as part of the initial stage of AlphaGo, which
beat a leading human player in 2016. The policy neural network for AlphaGo was
subsequently trained using policy gradient RL using self-play against a previous
version of the policy network. It is not generally straightforward to use a pretrained
neural network as the starting point for training a policy with DRL methods. When
using PPO, for example, both an effective value network and an approach for
exploring when starting with a network representing a deterministic policy would
be required because, unlike the human Go experts, the same observed state will
always lead to the same output from a heuristic inventory replenishment policy.
However, neuroevolutionary methods explore in policy parameter space instead of
the state-action space and start with an initial population of possible neural network
parameterizations (or a distribution over the neural network parameters). The
parameters of the neural network trained using behavioural cloning can therefore be
used as a starting point for further optimization using neuroevolution. To the best
of my knowledge, this approach has not been used with heuristic inventory policies,
but De Moor ef al. [40] used an alternative approach to incorporate knowledge from
heuristic policies into the training process for replenishment policies for perishable
inventory using DQN with reward shaping: adding a penalty to the reward that was
proportional to the absolute difference between the action taken and the action the
heuristic policy would have taken.

A second advantage is that it is conceptually straightforward to optimize
policies using KPIs (for example, the service level and the wastage) directly. The
fitness score used to update the parameters of the neural network is calculated at
the level of an episode (for example, one simulated year). In common with much

of the blood product inventory management literature, I have used notional costs



6.3. Background and related work 211

to balance competing priorities in this and preceding chapters. This is particularly
helpful for RL methods like PPO where a reward is received at each step, but it
can be difficult to determine the appropriate notional costs. Blake et al. [37] argued
that KPIs are easier for decision makers to reason about, and therefore described an
analytical method for identifying policies that comply with restrictions on KPIs (for
example, a minimum service level or maximum wastage) under certain simplifying
assumptions (e.g. all stock arriving on the same weekday is of the same age, and
ABO/RhD blood types can be ignored) and produced exchange curves showing the
best performance available on one objective for a fixed target value of the other.
Other studies have investigated alternative methods such as goal programming for
optimizing multiple objectives in the platelet supply chain [60, 294], optimizing a
single objective while applying constraints on others [47, 69] or restricted feasible
policies to those meeting maximum or minimum levels of performance in terms of
KPIs when managing PRBCs [36, 55]. When comparing potential solutions using
multiple objectives an important concept is Pareto efficiency. A solution is Pareto
efficient when it is not possible to achieve a better score on one of the objectives
without achieving a worse result for at least one other objective [295]. A solution
Pareto-dominates another solution if it gives a better result for one objective and
the results on the other objectives are no worse. The Pareto frontier is the set
of all Pareto efficient solutions. Approximating, and plotting, the Pareto frontier
enables a decision maker to understand the possible trade-offs that are available.
A single-objective evolutionary algorithm could be used to estimate the Pareto
frontier by optimizing one objective at a time subject to constraints placed on the
others. Alternatively, some evolutionary algorithms, such as NSGA-II [213], have
been specifically designed for multi-objective optimization and directly output a set
of solutions approximating the Pareto frontier. Chotodowicz and Ortowski [296]
recently used NSGA-II to fit small neural networks representing replenishment
policies for a perishable inventory problem with a single product and uncertain

deterioration and plotted the Pareto frontier between lost sales and surplus stock.
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6.3.5 Relevant work from the wider inventory management

literature

In the context of the broader operational research literature, platelet inventory
management considering blood types is an example of a joint replenishment
problem, and includes substitution between products. A joint replenishment
problem is concerned with determining the optimal order quantities for multiple
products ordered from the same supplier, subject to a “major” ordering cost that
is independent of the number of different products ordered and a “minor” ordering
cost that depends on the number of different types of product in the order [297]. In
joint replenishment problems the inventory levels of every product may be relevant
when determining the optimal order quantity for one product, to help minimize
the ordering costs (as in a joint replenishment problem without substitution) and
because it may be necessary to consider the total number of units in stock able to
serve demand (when substitution is possible). Some of the scenarios considered in
this chapter include a “major” (fixed) ordering cost but I implicitly set the “minor”
ordering cost to zero. Peng et al. [298] gave an overview of research on the joint
replenishment problem from 2006 to 2022, following a previous review of work
up to 2005 by Khouja and Goyal [297], while Nagpal et al. [299] reviewed studies
that consider substitution between products. These reviews focused on the joint
replenishment problem and substitution in general, and not on perishable inventory
in particular. Using the framework described by Shin ez al. [300] to classify work
on substitutable products, the platelet replenishment problem with multiple blood
types would be classified as having supplier-driven substitution (because issuing
decisions are made by the hospital blood bank instead of being chosen by patients),
and a mixture of directions of substitution (because some pairs of patient blood type
and donor blood type have bidirectional substitution and others have unidirectional
substitution). None of these reviews identified RL or neural network policies as
major categories of solution approaches, or examples of jointly optimizing neural
network policies for replenishment and issuing policies, but Peng et al. [298]

identified work by Vanvuchelen et al. [301] using PPO for the joint replenishment
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problem for products which were not perishable and where substitution was not
possible.

Aside from the recent work by Chotodowicz and Ortowski [296] noted above,
the use of neuroevolution appears to be limited in the inventory management
literature: Prestwich et al. [302] used neuroevolution to fit the parameters of a small
neural network to represent an inventory control policy in a multi-echelon system,
while Jackson [303] used neuroevolutionary methods to develop a meta-model to

use in place of an inventory simulation.

6.4 Methods

6.4.1 Overview

In this chapter I consider three scenarios of increasing complexity: managing one,
two and eight perishable products. In Table 6.1 I provide a summary of the methods
and approaches employed in this chapter.

This section (6.4) sets out the core methods that were applied to more than
of these scenarios. I introduce the scenarios in Section 6.4.2 and then describe
the GPU-accelerated reinforcement learning environments used to model them,
including the multi-agent and adapted single-agent environments which support
jointly optimizing replenishment and issuing policies (Section 6.4.3.)

I subsequently describe the replenishment (Section 6.4.4) and issuing policies
(Section 6.4.5), followed by the approaches to optimize their performance on
a single objective (6.4.6). These approaches include both algorithms used
to fit policies in previous chapters (simulation optimization and PPO), and
neuroevolutionary methods for fitting neural network policies.

Finally, I explain how I used two advantages of neurevolutionary methods:
“warm-starting” the policy search process using supervised pretraining on the
actions of a heuristic policy (Section 6.4.7), and directly optimizing multiple KPIs to
visualize and understand the trade-offs between them (Section 6.4.9). The relevant
KPIs for the scenarios are set out in Section 6.4.8.

Sections 6.5.1, 6.6.1 and 6.7.1 provide additional scenario-specific details of
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the methods for the single, two and eight product scenarios respectively.

6.4.2 Scenarios

6.4.2.1 Single product scenario
As an initial proof-of-concept, I selected the single product, single-echelon, periodic
review perishable inventory problem described by De Moor et al. [40], which was
adopted as Scenario A in Chapter 4. I selected this scenario because I had previously
computed the optimal replenishment policies as part of the work described in
Chapter 4 and the optimal issuing policy is known. Therefore, it was straightforward
to determine the relative performance of the replenishment and issuing policies
fit using alternative methods. If the alternative methods do not perform well on
this simple scenario, they are unlikely to achieve good results on more complex,
multi-product scenarios. Re-implementing a scenario from a previous chapter also
provides a useful test case for the general multi-agent RL environment Python class
I developed as part of the work for this chapter: the return and KPIs for the optimal
and heuristic replenishment policies fit in Chapter 4 should be the same in the
multi-agent environment as they were in the single-agent environment, subject to
random variation due to sampling the demand

My work on the single product scenario is set out in Section 6.5, with a

description of the scenario in Section 6.5.1.1.

6.4.2.2 Two product scenario
The two product scenario is an extension of the single product scenario: it is also a
single-echelon, periodic review perishable inventory problem but with two products,
product A and product B, and unidirectional substitution between them.

My work on the two product scenario is set out in Section 6.6, with a

description of the scenario in Section 6.6.1.1.

6.4.2.3 Eight product scenario
The eight product scenario extends the two product scenario to the management of
platelets of all eight ABO/RhD blood types and uses previously reported data from

the literature for the mean daily platelet demand, demand per blood type, remaining
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useful life on arrival, and priority order for substitutions.
My work on the eight product scenario is set out in Section 6.7, with a

description of the scenario in Section 6.7.1.1.

Single product Two product  Eight product
Policy type §6.5 §6.6 §6.7

Fitting policies to optimize §6.4.6
a single objective Replenishment policy only

Value iteration Exact §6.5.1.2

Simulation optimization Heuristic §6.5.1.2 §6.6.1.4 §6.7.1.4

Replenishment and/or issuing policies

SimpleGA Neural network §6.5.1.4 §6.6.1.4 §6.7.1.4

OpenAl ES Neural network §6.5.1.4

PPO Neural network §6.5.1.4
Supervised pretraining of policies  §6.4.7

Pretrain replenishment policy Neural network §6.5.1.5 §6.7.1.4

Pretrain issuing policy Neural network §6.7.1.4
Multi-objective optimization §6.4.9

Replenishment policy only

Value iteration Exact §6.5.1.6

Simulation optimization Heuristic §6.5.1.6 §6.6.1.6

Replenishment and issuing policies

Outer-loop method Neural network §6.5.1.6 §6.6.1.6

NSGA-II Neural network §6.5.1.6 §6.6.1.6

Value iteration was only used for the single product scenario for computational reasons (see Section 6.6.1.1). Based on the
results of experiments for the single product scenario, SimpleGA was selected as the preferred method for fitting neural
network policies on the subsequent scenarios (see Section 6.5.2.1). Supervised pretraining was not considered necessary for
the two product scenario (see Section 6.6.2.1). Extending the multi-objective optimization to the eight product scenario is
considered beyond the scope of this chapter as explained in Section 6.8.

Table 6.1: Overview of how the methods used in in this chapter were applied to each of the
three scenarios.

6.4.3 GPU-accelerated reinforcement learning environments

In Chapters 4 and 5, the simulations of the platelet inventory management
workflows were implemented as GPU-accelerated RL environments using the
Python library gymnax [119]. These environments were single-agent environments
in which the agent made a replenishment decision. In this chapter, building on
the foundation provided by gymnax, I developed a Python class to represent a
generic multi-agent RL environment that could be run in parallel on GPU. For
computational reasons, I also a developed an adapted version of the single-agent
environment that could be used to jointly fit policies for both replenishment
and issuing agents using methods that only require information about policy

performance at the level of an entire episode. These environments each provide
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a straightforward, modular way to evaluate different combinations of replenishment
and issuing policies because, unlike in the single-agent environment where
the issuing logic was specified inside the environment definition, both policies
can be provided as functions. The key differences between a single-agent
gymnax environment, my multi-agent environment, and my adapted single-agent

environment are illustrated in Figure 6.1.



6.4. Methods

/ State

Observation

Order quantity

217

AN

Single-agent environment

Observation

Issuing
agent

Order qua

State + issuing policy parametﬁ

Replenishment
agent

ntity

/

Adapted single-agent

environment

State

Observation

PolicyManager

Issuing agent

Multi-agent environment

Figure 6.1: Comparison between a single-agent RL environment, adapted single-agent RL
environment and multi-agent RL environment.
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6.4.3.1 Multi-agent environment

I developed a custom Python class to represent a generic multi-agent environment
in which the agents do not have to act simultaneously or in turn. It was based
on the GPU-accelerated environment class from gymnax, and the multi-agent RL
environment class from the Python library PettingZoo [130].

Similar to to a single-agent gymnax environment, a step in the environment
(corresponding to a call to the step method of the environment) returns the state, an
observation, a reward, Boolean values representing whether the episode is complete,
and a data structure containing additional information (info). The observation
includes an agent_id field, an integer which specifies which agent is the next to act.
The reward and the info are the reward and additional information accumulated for
that agent since it last acted.

In addition to the agent_id and any environment-specific observation
elements for the environment, the data structure for the observation includes an
action mask. An action mask is a binary vector where each entry is 1 if the
corresponding action is valid in a given state and O if it is not permitted. Action
masks restrict the action space, ensuring the agent cannot select invalid actions. In
the policy-based methods used in this chapter, this is done by setting the probability
of selecting any forbidden action to zero before sampling an action.

Following the approach of PettingZoo [130], the Boolean values for episode
completion are split into termination and truncation, depending on whether the
episode ends because of conditions within the environment or because of an
artificial time limit. An episode is considered to be complete when all of the
agents have terminated or the episode has been truncated. The environment is
automatically reset when this occurs, following the logic for a single-agent gymnax
environment.

In order to take advantage of the benefits of JAX by vectorizing and JIT
compiling rollouts in the environment, the observation and action spaces must
be the same for all agents. This was achieved using padding. I developed a

PolicyManager Python class to apply the policies and obtain the next action based
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on an observation and any policy parameters. It applies the function corresponding
to the acting agent’s policy based on the agent_id in the observation.

This environment supports the training of both replenishment and issuing
policies using methods that learn from performance at both an episode (e.g.
simulation optimization and neuroevolution) and an individual step (e.g. PPO) level.
A subclass of this environment was used for my experiments on the single product

scenario, described in Section 6.5.

6.4.3.2 Adapted single-agent environment

Tracking the accumulated reward and additional information for multiple agents
requires increasing amounts of memory as the number of products increases,
and there is computational overhead associated with each step in the multi-agent
environment due to, for example, the need to automatically reset an environment
when the episode is complete. In preliminary experiments, I found that this led
to much slower episodes when using the multi-agent environment compared to
a single-agent environment as the number of products increased. When using a
method that learns from performance at the level of an episode (e.g. simulation
optimization and neuroevolution), it is possible to avoid these computational
penalties by adapting a single-agent environment while still representing the same
scenario and evaluating the performance of policies in the same way. I developed
the Python class for the adapted single-agent environment to efficiently investigate
the problems of interest. However, it is much less general: for example, the current
implementation only supports two agents instead of any number of agents.

In the adapted single-agent environment, each step in the environment
represents a replenishment step as in the standard single-agent environment: the
issuing policy is applied to one unit of demand at a time until the end of the time
period represented by the single step. The distinction is that, to support optimizing
the issuing policy, the adapted single-agent environment requires a function to
be provided for the issuing policy, and issuing policy parameters (for example, a
preference order for substitution or the parameters of a neural network) are included

in the data structure representing the state. This data structure maintains a separate
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state for each parallel rollout and therefore this inclusion supports evaluating
multiple different issuing policies in parallel.

The key difference between the adapted single-agent environment and the
multi-agent environment is that intermediate observations for issuing are handled
inside the environment class and separate information is not captured about
the performance of the issuing agent. The performance of the environment is
determined using the reward for the replenishment agent, but in all of the scenarios
considered in this chapter (whichever environment class is used to implement them)
the task is co-operative and the same reward is provided to each agent so this does
not impose any additional limitations. As for the multi-agent environment, the
observations include an action mask that can be used to restrict available actions.

The adapted single-agent environment is more computationally efficient than
the multi-agent environment because there are fewer calls to the environment’s step
function than in the multi-agent environment (one per day instead of one per day and
one per unit of demand), and less memory is required (and fewer associated write
operations) because the information about the performance of the issuing agent is
not stored when rolling out the policy.

A subclass of the adapted single-agent environment was used for my
experiments using both the two and eight product scenarios, described in Sections

6.6 and 6.7 respectively.

6.4.4 Replenishment policies

6.4.4.1 Heuristic replenishment policies

I adopted a base stock policy, with a separate order-up-to level S for each product,
as the baseline replenishment policy. The replenishment order quantities for each

product p € P, A™P are determined independently:

A = [A]” WpeP)= Hsp -

4
Vp € P] 6.1

where SP is the order-up-to-level parameter for product p, and I} is the total

stock on hand and in-transit for product p at the start of day ¢.
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While more complex heuristic policies exist for ordering multiple products,
such as a can-order policy [297, 304], this heuristic policy is simple and widely
used, including as a benchmark in a recent study using the DRL algorithm
Soft Actor-Critic for managing two perishable products with consumer-driven

substitution [161].

6.4.4.2 Neural network replenishment policies

All neural network replenishment policies had a single hidden layer with 64
neurons, and a rectified linear unit (ReLLU) activation function between the hidden
and output layers.

For the single product scenario, the output layer has A} .+ 1 units: one for
each possible order quantity, including ordering no units.

For the two and eight product scenarios, I adopted the approach described by
Vanvuchelen and Boute [293] for multi-product replenishment policies: the neural
network produces a real number output a2 for each product p which is then mapped
to an integer A7”. The mapping process is set out in Equation J.1 in Appendix J.

The integer output from the neural network (obtained directly in the case of the
single product scenario, and mapped from a continuous output using Equation J.1
for the scenarios with multiple products) was used in one of two ways. Vanvuchelen
and Boute [293] used the integer output as an order-up-to level S for the product so
that, analogously to Equation 6.1, A;” = [fl:’p - I7 r. I refer to this approach as
an “order-up-to” neural network replenishment policy. Alternatively, it can be taken
directly as the replenishment order quantity, so A7? = A7P. I refer to this approach
as a “direct action” neural network replenishment policy.

Vanvuchelen and Boute [293] reported an order-up-to neural network
replenishment policy improved both performance and the stability of training
compared to a direct action neural network replenishment policy. An order-up-to
neural network replenishment policy allows for more complex replenishment
policies than the heuristic base stock policy, because each state may have a different
value of S, but it constrains the range of actions available from a given state

compared to a direct action neural network. When the continuous neural network
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output is mapped to an integer, the the highest possible value of S is capped by

a user-defined value A" Therefore, for example, in a state with [, = 5, if

max"*

A;ax = 10 the maximum order with an order-up-to neural network would be
five units (corresponding to a neural network output of fl: = 10), compared to
a maximum possible order of 10 in any state when using a direct action neural

network replenishment policy.
6.4.5 Issuing policies

6.4.5.1 Heuristic issuing policies

A FIFO issuing policy was used as the heuristic benchmark policy for the single
product scenario. It is equivalent to an OUFO issuing policy for this scenario
because all the stock has the same remaining useful life on arrival.

For the two and eight product scenarios, I considered three different benchmark
heuristic issuing policies: an exact match policy, a priority match policy, and a
policy that issues the oldest compatible unit. The priority match policy and the
oldest compatible unit policy require a matrix of preferences which sets out, for each
requested type of product, the order of preference for any possible substitutions.

Under the exact match policy, the oldest unit of the requested type is issued
if any units of that type are in stock. If not, no units are issued and a shortage is
recorded.

Under the priority match policy, the highest preference match for which there
are units in stock is selected, and the oldest unit of that type is issued. If there are
no compatible units is stock, no units are issued and a shortage is recorded.

Under the oldest compatible match policy, the oldest compatible unit is issued.
If there are multiple compatible product types with units of the same age, the
product type with the highest priority is issued. If there are no compatible units
in stock, no units are issued and a shortage is recorded.

The priority match policy prioritizes compatibility while the oldest compatible
match policy prioritizes the age of the stock and may be suitable in cases where the
decision maker is less concerned about the consequences of substitution than with

wastage.
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6.4.5.2 Neural network issuing policies

All neural network issuing policies had a single hidden layer with 64 neurons, and
a ReLLU activation function between the hidden and output layers. Action masking
was used to prevent the policy selecting a type of unit that was incompatible with
the request or out of stock, or an age of unit that was out of stock. In these cases the
policy would default to not issuing a unit.

For the single product scenario, a unit was selected to be issued based on its
age. The output layer of the policy neural network was therefore equal to m + 1:
one action for products of each possible age, plus an action for not issuing a unit.

For the two and eight product scenarios, a unit was selected based on its type.
The output later of the policy neural network was therefore equal to |P| + 1: one
action for each type of product plus an action for not issuing a unit. The oldest
unit of the selected type was issued. For implementation purposes, so that the same
policy class could be used with both an adapted single-agent environment and a
multi-agent environment (for which the actions for both agents must be represented
by arrays of the same shape to support JIT compilation), the output was converted
into a one-hot vector with |P| elements and the action of not issuing a unit was

represented by setting all values in the one-hot vector to zero.

6.4.6 Fitting policies to optimize a single objective

As in previous chapters, in the main experiments for each scenario I optimized a
single objective, using notional costs to balance different priorities. The reward

functions for each scenario are set out in the description of each scenario below.

6.4.6.1 Simulation optimization

Simulation optimization was used to fit the parameters of heuristic replenishment
policies. When practical, as for the single and two product scenarios, all possible
combinations of policy parameters were applied to a fixed set of training episodes
and the policy parameters giving the highest mean return were selected for
subsequent evaluation following the approach used for Scenarios A and B in

Sections 4.5 and 4.6. When this was not practical, for the eight product scenario,
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the NSGA-II algorithm was used to search the policy parameter space, following
the process used for Scenario C in Section 4.7, and the policy parameters giving the

highest mean return were selected for subsequent evaluation

6.4.6.2 Neuroevolution

Two evolutionary algorithms, OpenAl ES [117] and SimpleGA [118], were used
to fit the parameters of neural networks representing both replenishment and
issuing policies. The neural networks were implemented in Flax [305]. I used
the implementations of the algorithms from the Python library evosax [121].
Pseudocode representing these algorithms is set out in Algorithm 6 and Algorithm
7 in Appendix J

The main difference between the two approaches is that OpenAl ES maintains
the parameters of a normal distribution over the policy parameters and samples each
generation of candidates from that distribution. SimpleGA maintains a population
of elite solutions, those that have achieved the best fitness so far, and each generation
of candidate policy parameters is created by applying a mutation operation to
randomly selected candidates from the current set of elite solutions.

For both methods, I took the candidate neural network parameters that achieved
the lowest fitness (equivalent to the highest mean return, because the software
implementation expects minimization problems by default) on the training episodes
for subsequent evaluation.

The original implementation of SimpleGA [118] includes the best parameters
identified to date as a candidate solution in each generation and evaluates the 10 best
individuals per generation on additional episodes. This was deemed unnecessary
here due to the comparatively large number of training episodes used to evaluate
each candidate solution.

When jointly optimizing both issuing and replenishment policies, the
parameters from both policies were expressed as a single vector for the purposes of
running OpenAl ES or SimpleGA.

For both replenishment and issuing policies for the single product scenario,

and the issuing policies for the two and eight product scenarios, the action was
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determined by taking the argmax over the output layer. For the replenishment
policies in the two and eight product scenarios, the continuous output for each
product was converted to an integer action following the approach described above

in Section 6.4.4.2.

6.4.6.3 PPO

The DRL algorithm PPO [114] was used to fit both replenishment and issuing
policies for the single product scenario. 1 adapted a JAX-based implementation
of single-agent PPO, PureJAXRL [306], to support training one or jointly training
both of these policies. The neural networks were implemented in Flax [305].
When jointly training the two policies 1 adopted the Independent PPO (IPPO)
[135] approach: each policy was trained individually based on its own observations,
actions and rewards without sharing a value-function or any other information. For
each agent, the algorithm was the same as previous presented in Algorithm 2 in
Chapter 3. The policy and value neural networks for each agent shared the same
network structure but did not share parameters. There was no parameter sharing
between different agents.

The main challenge with implementing IPPO for the scenarios in this chapter
was collecting experience tuples from vectorized, GPU-accelerated environments
when the agents acted at different frequencies. This meant that episodes lasted for a
different number of steps, and that a fixed number of steps could include a different
proportion of replenishment and issuing steps. When using JIT compilation, arrays
must be a consistent size. Therefore for each training iteration, fixed-sized arrays
were instantiated to hold a specified number of steps from each agent. The policies
were rolled-out using a while loop, and terminated when sufficient steps had been
collected for each agent in each parallel environment. In some parallel rollouts
excess steps were taken and the experience discarded if the fixed-size array for
that environment and that agent was already full, but this allowed experience to be
collected quickly from a large number of environments in parallel.

PPO was only used for the single product scenario, for which the output

of the PPO actor networks was a categorical distribution. During training the
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replenishment and issuing actions were sampled from the categorical distribution,
while the mode of the output distribution was used to select the action during

evaluation.

6.4.6.4 Hyperparameter tuning

The hyperparameters for OpenAl ES, SimpleGA and PPO were tuned using the
Bayesian optimization method in “sweeps” functionality provided by the Python
library wandb [307]. I refer to a hyperparameter search conducted with this
functionality as a “sweep”.

Sweeps were conducted on the UCL high performance computing cluster
Myriad. For each run in a sweep, the final policy parameters were applied to 1,000
validation episodes generated using a consistent random seed across runs and the
sweeps for a given experiment. The policy with the highest mean return for each
experiment was selected for subsequent evaluation.

The search ranges for the hyperparameters were based on the default values for
OpenAl ES and SimpleGA in the Python library evosax v0.1.5 [121], and for PPO
in the GitHub repository PureJAXRL [306], and are set out in Appendix K.

6.4.6.5 Performance evaluation

The best policy parameters identified for each experiment were evaluated on 10,000
evaluation episodes generated using a consistent random seed. KPIs were calculated
over these episodes as described in Section 6.4.8 below.

For the single product scenario I report the mean and standard deviation of the
return over 10,000 evaluation episodes, as in Section 4.5. Additionally, I report the
mean and standard error of the mean of the paired-sample percentage difference
between the return of the policy given by each approach and the replenishment
policy computed using value iteration.

For the two and eight product scenarios, I report the mean daily cost over
10,000 evaluation episodes, and the mean and standard error of the mean of the

paired-sampled percentage difference in daily cost between alternative approaches.
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6.4.7 Supervised pretraining of policies

When fitting policies using neuroevolution, the initial neural network parameters
were randomly initialized. I have not quantified the impact of this random
initialization, or of other stochastic elements, on the quality of the policies produced
by the optimization methods for computational reasons. Instead, I prioritized
investigating the effects of simulation input parameters that represent features of the
inventory management workflow. However, there may be a benefit to initializing the
search process at a point in the policy parameter space that performs well based on
existing knowledge, so that the subsequent policy search process is focused on an
area of policy parameter space known to include reasonable solutions, both in terms
of the computational time required and/or the final performance of the identified
neural network policies.

The heuristic policies adopted as benchmarks, including the parameters for the
base stock replenishment policy fit using simulation optimization, provide a policy
that performs well for each problem. I used supervised learning to fit a neural
network to match the decisions of a heuristic replenishment or issuing policy. I
modified versions of the evosax implementations of OpenAl ES and SimpleGA so
that the parameters of the resulting neural network(s) could be used as a starting
point for the policy search process.

See Appendix J.3 for additional detail on the supervised pretraining process,
including how the observations were collected, and the loss functions and

hyperparameters used for training.

6.4.8 Key performance indicators

As in previous chapters, policies were evaluated using KPIs in addition to the return
or the mean daily cost. For the single product scenario, the KPIs were calculated in
line with the previous work on the same scenario in Chapter 4 (see Section 4.4.4).
For the scenarios with two and eight products an additional KPI, the exact
match percentage, was evaluated and the KPIs were calculated in line with the
multi-product work on PRBC inventory management by Meneses et al. [S5]. The

overall service level, Ay, is the percentage of demand filled with a compatible unit
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(Equation 6.2). Overall wastage, Wy, is the percentage of units received through
routine orders that expired (Equation 6.3). Mean holding, B, is the mean number
of units in stock at the end of each day (Equation 6.4). The exact match percentage,
My, is the percentage of demand filled from stock that was met with a product that
was an exact match (i.e. first preference) (Equation 6.5). These equations show how
the metrics were calculated over K episodes each 1’ days long.

For the eight product scenario, modelling platelet inventory management,
demand that could not be met from stock would have been met by placing an
emergency order. These orders were excluded from both the numerator and the
denominator when calculating the exact match percentage. The calculation of
percentage wastage using on the number of units received from routine orders as the
denominator is consistent with prior work [55], and previous chapters of this thesis,
but strictly overestimates wastage compared to the standard “wastage as percentage
issued” metric reported by NHSBT, which includes all units received by a hospital

blood bank in the denominator.
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In Equations 6.2 to 6.5, D, , is the total demand on day ¢ in episode k, F j, is

100 (6.5)

the number of units of demand that could not be met from stock due to a shortage
on day ¢ in episode k, W, i, is number of units that expire at end of day ¢ in episode
k, Ay} is the replenishment action taken for product p on day # in episode k, B; is

the number of units in stock at the end of day ¢ in episode k after disposing of units
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that have expired and Mf,g is the number of units of product j issued to fill demand

for product ¢ during day ¢ in episode k.

6.4.9 Multi-objective optimization

In addition to using notional costs to balance different objectives in a single cost or
reward function, I also considered multi-objective optimization methods in order to
visualize the range of possible trade-offs between service level, wastage and, in the
case of multiple products, the exact match percentage.

I compared different approaches by plotting the estimate of the Pareto frontier
generated by each method, and by calculating the hypervolume indicator. The
hypervolume indicator [308] quantifies the quality of an approximation of the Pareto
frontier. For a given set of points (in this case, the performance of policies in terms
of service level and wastage), the hypervolume represents the size of the space
dominated by these points, bounded by a reference point that is dominated by all
points in the set.

I jointly optimized neural network replenishment and issuing policies using
two approaches: an outer-loop method with e-constraints using SimpleGA, and
NSGA-II. In both cases, the replenishment policies were direct action neural

networks to avoid restrictions on the policy space.

6.4.9.1 Outer-loop method with e-constraints

A multi-objective optimization problem can be converted into a single-objective
problem using the e-constraint method: selecting one primary objective to optimize
directly, setting upper or lower bounds on the other objectives, and then optimizing
the primary objective subject to the constraints. Different trade-offs between the
objectives can be explored by varying the levels of the constraints.

To achieve good coverage over both objectives, I adopted a simple outer-loop
approach [309] selecting service level and wastage as the primary objective in
turn (the outer loop), and jointly fitting replenishment and issuing policies using
SimpleGA for different levels of constraint on the other objective (the inner loop). |

used SimpleGA in the outer-loop approach because I found it to be effective, and to
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be relatively robust to the choice of hyperparameters, in the main experiments for
the single product scenario.

The sets of solutions obtained when optimizing each objective were
concatenated and filtered to exclude any Pareto-dominated solutions. 1 refer to
this approach as the “outer-loop method”.

Due to the large number of optimization runs required by the outer-loop
method, [ used a single set of hyperparameters for each experiment, set out in Table

K.5 of Appendix K.

6.4.9.2 NSGA-II

NSGA-II [213] is a population-based genetic algorithm for multi-objective
optimization, designed to maintain a diverse population that approximates the
Pareto frontier directly. I set out pseudocode for NSGA-II in Algorithm 8 in
Appendix J.

Similar to SimpleGA, NSGA-II generates each new generation through a
crossover step (exchanging elements between two parent candidate solutions) and a
mutation step. After each generation, candidate solutions to be carried forward are
selected based on Pareto fronts. Non-dominated sorting identifies multiple fronts:
for instance, F; is the Pareto front of the entire set, and F5 is the Pareto front of
the remaining candidates after F; is removed. These fronts are sequentially added
to the population from which the next generation will be created. When there is
insufficient space to accommodate the entire next front, solutions in less densely
populated areas of the objective space are prioritized for retention. Parent solutions
are selected for reproduction based on the rank of the front to which they have
been assigned and the crowding distance around their objective values to maintain
population diversity.

Unlike the outer-loop method, NSGA-II can be used to optimize multiple
objectives at the same time. For the single product solution, the objectives were
service level and wastage while for the two product scenario the objectives were
service level, wastage, and exact match percentage.

I used the implementation of NSGA-II from the Python library Optuna [212]
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for simulation optimization of heuristic replenishment policies using a single
objective. I used the implementation in the Python library pymoo [310] for the
multi-objective optimization of neural network policies because I found it more
straightforward when optimizing the large number of parameters required for the
neural network policies.

Due to the shorter time required to run NSGA-II compared to the outer loop
method, it was practical to tune the hyperparameters. For each experiment, I ran
a sweep for eight hours on the UCL high performance computing cluster Myriad.
For each run in a sweep, the hypervolume indicator was calculated based on the
mean performance over 1,000 validation episodes and the set of policies from
the run that achieved the highest hypervolume indicator on each experiment was
selected for subsequent evaluation. The hyperparameter search ranges are set out
in Tables K.6 and K.10 in Appendix K. Unless otherwise stated, I used the default

hyperparameters from pymoo v0.6.1.1.

6.4.9.3 Performance evaluation

I compared the different approaches for fitting policies over various combinations
of service level and wastage by plotting the non-dominated points to approximate
the Pareto frontier and calculating the hypervolume indicator. For simplicity, I did
not consider stock holding levels when conducting multi-objective optimization.
To normalize the hypervolume indicator to a range between O and 1, I defined the
ideal point (0% wastage and 100% service level). The normalized hypervolume
measures the proportion of the volume between the ideal point and the reference
point that is dominated by the points in the set. I set a reference point for each
problem, rather than a common worst-case scenario (100% wastage and 0% service
level), to better distinguish between different solutions during hyperparameter
tuning and evaluation. The hypervolume indicator values should therefore only be
used to compare different methods on the experimental settings, and not between
experiments.

For each approach to each problem setting, I ran the associated policies on

10,000 evaluation rollouts, calculated the mean service level and wastage over these
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episodes as described in Equations 6.2 and 6.3, and used these KPIs to plot the
approximate Pareto frontier and compute the normalized hypervolume using the

Python library pymoo [310].

6.4.10 Hardware

Hyperparameter tuning was conducted on nodes of the UCL high-performance
computing cluster Myriad with 8 CPU cores, 64GB RAM and an Nvidia V100
GPU. Evaluation experiments for multi-objective optimization were conducted
using the same nodes.

All other evaluation experiments for results reported in the tables and figures
below were conducted on a desktop computer running Ubuntu 20.04 LTS via
Windows Subsystem for Linux on Windows 11 with an AMD Ryzen 9 5900X
processor, 64GB RAM, and an Nvidia GeForce RTX 3060 GPU.

6.4.11 Code availability

The code supporting the work in this chapter is available at: https://github.com/

joefarrington/bloodbank_marl

6.5 Single product scenario
6.5.1 Scenario-specific methods

6.5.1.1 Scenario description
I describe this scenario, introduced by De Moor et al. [40] and adopted as Scenario
A in Chapter 4, in detail in Section 4.5 and Appendix F.1. In this section I therefore
focus on how the scenario can be modelled as an AEC game [130], with separate
agents making replenishment and issuing decisions. The AEC game formalism for
a multi-agent problem is set out in Section 2.5.3.

I selected a subset of experiments instead of repeating the whole suite of
30 different combinations of maximum useful life, lead time and wastage costs
from the original paper and Chapter 4. Specifically, I selected four experiments to
consider examples where the maximum useful life m was 2 days or 5 days, and

the lead time L was 1 day or 2 days. I selected the experiments with the FIFO
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issuing policy and where the wastage cost per unit, C',, = 7. This range of problems
includes one where, due to the two-dimensional state space, it is possible to plot the
policies on a grid (m = 2, L = 1), an example with one of the highest optimality
gaps between the heuristic and optimal replenishment policies (m = 2, L = 2), and
an example with the largest state space (m = 5, L = 2 with 1.8M states).

The state comprises three components: the orders in-transit, the units in stock,
and the remaining demand for the current day (which is never observed by an agent).
The orders in-transit and units in stock are the same as for the single-agent case in
Appendix F.1, but the vector for the orders in-transit also includes the order placed
on the current day.

In the initial state, sg, there are no units in stock or in-transit, and no remaining
demand but, as in Chapter 4, [ used a warm-up period of 100 days to minimize the
influence of the initial conditions because I am interested in the performance of the
policies on an ongoing basis rather than from a particular starting point.

There are two agents (excluding the environment agent): one for replenishment
and one for issuing. The action space of the replenishment agent is A" €
{0,1, ..., A7 .. = 10}. The action space of the issuing agent is A* € {0, 1,...,m},
where 0 corresponds to not issuing a unit, m corresponds to issuing a unit on its last
day of remaining useful life, and 1 corresponds to issuing units that were received
at the start of the current day.

The transition functions for the replenishment, issuing and environment agents
are defined by the simulation. At the start of each day the replenishment agent
observes the current inventory in stock (split by remaining useful life) and in-transit
(split by period ordered), and places a replenishment order. The ordered quantity
is added to the to the left-most position of the vector for stock in-transit. The
environment agent acts immediately after the replenishment agent, and demand for
the new day is sampled from a truncated gamma distribution and rounded to the
nearest integer. While there is remaining demand, the issuing agent observes the
current inventory in stock (split by remaining useful life) and in-transit (split by

period ordered, but excluding the order placed on the current day) and selects a unit
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to issue to meet the demand. As a result of this action, remaining demand is reduced
by one and the stock of units corresponding to the issuing action is reduced by one,
down to a minimum of zero. If the remaining demand is zero after an issuing step
then the end of the current day has been reached. The stock is aged one day, expired
stock is disposed of, the order placed L — 1 days ago is received, and the next day
will begin will another replenishment order.

The observation space for the two agents is the same and, for the sake
of simplicity, is the same as described in Appendix F.1 for the single-agent
environment: stock in-transit and on hand ordered by ascending age. The
observation function for each agent is exact and deterministic. By using the same
observation as for the single-agent environment, in which only replenishment orders
were considered, the observation of the issuing agent is missing one piece of
information: the element of the stock in-transit vector corresponding to the order
placed at the start of the current day. However, this does not pose a problem because
the optimal issuing policy for this scenario is FIFO which does not depend on orders
n-transit.

For the multi-agent environment, rewards are assigned to each agent. The
reward function includes four components: a holding cost per unit in stock at the
end of each day (C}, = 1.0), a variable ordering cost per unit (C, = 3.0), a shortage
cost per unit of unmet demand (Cs = 5.0) and a wastage cost per unit that perishes
at the end of each day (C',, = 7.0). When an agent takes a step, it receives the total
reward accumulated since it last acted.

The single-step reward for the replenishment agent after taking replenishment

action A} based on observation O; is the same as in the single-agent version:

i1 = —CA] — OBy — CEy — C, W, (6.6)

where A is the replenishment order placed at the start of day ¢, B, is the number
of units in stock at the end of day ¢ after disposing of expired units, F; is the unmet
demand due to a shortage of stock during day ¢, and IV, is the number of units that

expired at the end of day ¢.
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The single-step reward for the issuing agent after taking action A} based on

observation Oy} is:

i1 = —CsEi — Laay(iyday(i+1) |CoAday(it1) + CnBaay() + CoWaayry|  (6.7)

Unless successive steps ¢ and ¢ + 1 are on different days, only the cost
component corresponding to a shortage may be non-zero. E; is the number of units
of unmet demand due to a shortage of stock between steps ¢ and ¢ + 1. The function
day(i) gives the day ¢ on which step 7 occurred. At the point where reward R},
is received, Ag, ;1) is a replenishment order placed at the start of the current day,
Way (i) 1s the number of units that expired at the end of the previous day and Bay (s
is the number of units in stock at the end of the previous day after disposing of

expired units.

The total reward received by each agent over a whole episode will be the same:

> R => R! (6.8)
t i

The next agent function depends on remaining demand. While there is
remaining demand at the end of a step, the next agent is the issuing agent. Once
remaining demand is equal to zero, the day is assumed to have ended and the next
agent is the replenishment agent.

As in Chapter 4, each episode is 365 days long, and preceded by a 100 day
warm-up period. All other settings including the demand distribution parameters,
cost component values and discount factor are consistent with those used in Chapter

4 and set out in Section 4.5 and Appendix F.1.

6.5.1.2 Replenishment policies

The optimal policies computed using value iteration and the base stock policies
fit using simulation optimization in Section 4.5 were used as benchmark policies.
These benchmark policies were evaluated on the same set of evaluation episodes

as those fit in this chapter. This acted as a test of the multi-agent environment I
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developed and to ensure that comparisons made in the results table for this section
are all based on the same set of evaluation episodes.
The neural network replenishment policies were order-up-to neural networks

as described above in Section 6.4.4.2.

6.5.1.3 Issuing policies
The benchmark issuing policy is a FIFO issuing policy, which is optimal for this
scenario.

Neural network issuing policies output the unit to be issued based on age, or

opt not to issue a unit, as described above in Section 6.4.5.2

6.5.1.4 Fitting policies to optimize a single objective

I evaluated three different options:
* fitting a neural network replenishment policy, with a FIFO issuing policy;

e fitting a neural network issuing policy, using the optimal replenishment

policies established for this scenario using value iteration in Section 4.5; and
* jointly fitting neural networks policies for replenishment and issuing.

For each of these three options, I fit the policy or policies using OpenAl
ES, SimpleGA and PPO. To support comparison with the results in Chapter 4,
the rewards for the replenishment agent were used to calculate the return when
evaluating policies. When fitting policies using the two evolutionary methods the
fitness score for each episode was the negative return, the discounted sum of rewards
received by the replenishment agent. The per-step rewards for each agent were used
when training the policies using PPO.

For PPO, a total of 1M replenishment steps and 4M issuing steps were used for
training. This ratio was set to minimize the excess number of steps required when
the policies were being jointly trained because the mean daily demand, o = 4.

For each of the 36 experiments (four scenario settings, three optimization

methods, and three options for which policies were fit), I ran a hyperparameter
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tuning sweep for 5 hours. The hyperparameter search ranges are set out in Tables

K.1, K.2 and K.3 in Appendix K.

6.5.1.5 Supervised pretraining of policies

The main results (see Table 6.2) suggest that the settings where the lead time L = 2
were more challenging. It may be possible to achieve better results by initializing
the policy search in an area of policy parameter space known to give reasonable
performance on the task. I therefore conducted an supplementary set of experiments
using supervised pretraining, concentrating on the settings where L = 2.

Neural networks were trained using supervised learning to match the outputs
of a heuristic base stock policy, with target stock level S set based on the simulation
optimization experiments from Section 4.5, as listed in Table G.1 in Appendix G.
See Appendix J.3 for a detailed description of the supervised pretraining procedure.

For these experiments I considered both order-up-to and direct action policy
neural networks. The latter approach was considered because when pretraining
the order-up-to policy network, the network would only have to learn to output a
single number (the value of S for the heuristic policy), and this may be too simple
a task to provide good initial parameters for further optimization. In contrast, the
direct-action neural network must learn to represent the complete base stock policy
to output the correct order quantity for each state.

After the supervised pretraining was complete, the hyperparameter tuning and
evaluation process used for the main experiment was repeated for both OpenAl
ES and SimpleGA, using the parameters learned using supervised pretraining
to initialize these methods for each run in each sweep as described in Section
6.4.7. Additionally, to confirm whether differences resulted from pretraining or the
different neural network output, I performed the same steps for direct-action policy

networks without initializing the policy search process using pretrained parameters.

6.5.1.6 Multi-objective optimization

I used four approaches to estimate the Pareto frontier of possible trade-offs between
service level and wastage for the single product scenario: the outer-loop method

(Section 6.4.9.1), NSGA-II (Section 6.4.9.2), and two benchmarks: a base stock
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replenishment policy and replenishment policies computed using value iteration
with a range of different values for the cost components.

When using the outer-loop method, I fit neural network policies for
replenishment and issuing using SimpleGA and a single set of hyperparameters
as described Section 6.4.9.1. The hyperparameters are set out in Table K.5 in
Appendix K.

When using the outer loop method I minimized the wastage subject to 25
linearly spaced target minimum service levels, using the fitness function:

min F(07,0) = W, + Mg, (6.9)

HT,QU min
and maximized the service level (expressed here in line with convention as
minimizing the negative service level) for 25 linearly spaced target maximum

wastage levels using the fitness function:

min F(0",0%) = —Ag + A5y

min (6.10)

% > Wmax

where 0" and 0" are the parameters of the replenishment and issuing policies
respectively, Ay, is the target minimum service level, W .« is the target maximum
wastage and ) is a Lagrange multiplier.

For the two scenario settings with m = 2, the target minimum service
levels were between 50% and 99% inclusive, and the target maximum wastage
percentages were between 0.1% and 20% inclusive. For the two scenario settings
with m = 5, the target minimum service levels were between 75% and 99.5%
inclusive, and the target maximum wastage percentages were between 0.0001%
and 2% respectively.

NSGA-II was used to fit neural networks for both the replenishment and
issuing policies by minimizing wastage and maximizing service level as described
in Section 6.4.9.2.

For the base stock policy, each value of S € {0,1,..., A" = 10} was

max
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considered. Value iteration was used to compute the optimal policy for a range of
combinations of wastage cost C,,, and shortage cost C using the approach described
in Section 4.5. The wastage cost ', was fixed at 40 and 100 logarithmically spaced
points between 3.1 (slightly higher than the variable order cost, C, = 3.0) and 400
inclusive were used for the shortage cost, C;. A FIFO issuing policy was used for
both of these benchmarks.

When calculating the hypervolume indicator for both tuning the hyperparameters
for NSGA-II and final evaluation of all approaches I used a reference value of
service level = 50% and wastage = 30% for the two scenario settings with m = 2,
and service level = 75% and wastage = 2% for the two scenario settings with m = 5

based on preliminary experiments.
6.5.2 Results

6.5.2.1 Main results

The results for the single product scenario are presented in Table 6.2. The results
for replenishment policies using value iteration and simulation optimization concur
with those in Table 4.3 in Chapter 4, providing good evidence that the multi-agent
RL environment operated as intended. All three methods for fitting neural network
issuing policies were able to learn a FIFO issuing policy in each experimental
setting. SimpleGA consistently gave the lowest optimality gaps (with a maximum
of 0.79%), and the performance was similar when fitting a replenishment policy
alone and jointly fitting both the replenishment and issuing policies. These results
show that effective policies for replenishment and issuing can be learned when
jointly optimized using neuroevolutionary methods. The optimality gaps for PPO
and OpenAl ES are higher when jointly fitting the replenishment and issuing
policies than when fitting the replenishment policy alone. Jointly fitting the
policies with SimpleGA and OpenAl ES acheives better returns than simulation
optimization, even though simulation optimization has been given the optimal
issuing policy.

In Figure 6.2, I present the optimal policy computed using value iteration, the

heuristic replenishment policy fit using simulation optimization (both alongside a
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FIFO issuing policy), and the replenishment and issuing policies fit jointly using
OpenAl ES, SimpleGA and PPO for the experiment with m = 2 and L = 1.

I observed from the hyperparameter tuning process that SimpleGA gave more
consistent results over a range of hyperparameters than the other approaches. I
therefore decided to use SimpleGA for the two and eight product scenarios because
it gave performance closest to the optimal policies and appears to be less sensitive

to the choice of hyperparameters.
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Value Simulation
iteration optimization PPO OpenAI ES SimpleGA

m L Return Return Opt Return Opt Return Opt Return Opt
(s.d.) Mean  (s.d.) gap (%) Mean  (s.d.) gap (%) Mean  (s.d.) gap (%) Mean  (s.d.) gap (%)

Fit replenishment policy, issuing policy FIFO
2 1 (61) -1,474 (57) 1.194+0.01 -1,458 (60) 0.034+0.00 -1,458 (61) 0.054+0.00 -1,457 (61)  0.00 £ 0.00
2 (60) -1,495 (62) 232+£001 -1,507 (65) 3.12+£0.01 -1,468 (60) 042+0.01 -1,466 (60) 0.35+£0.01
5 1 (57) -1,430 54 054+£001 -1,426 (54 028+£0.01 -1422 (54) 0.01+£0.00 -1,422 (54)  0.01 £0.01
2 (57) -1,453 (60) 14540.01 -1,495 (66) 4.38+0.01 -1,445 (60) 0.88+£0.01 -1,443 (60)  0.76 £0.01

Fit issuing policy, replenishment policy as per value iteration

2 1 -1,457 (61) 0.00+0.00 -1,457 (61) 0.00+0.00 -1,457 (61)  0.00 £ 0.00
2 -1,461 (60) 0.00£0.00 -1,461 (60) 0.00£0.00 -1,461 (60)  0.00 £ 0.00
5 1 -1,422 (57) 0.00+0.00 -1,422 (57) 0.00£0.00 -1,422 (57)  0.00 & 0.00
2 -1,432 (57) 0.00+0.00 -1,432 (57) 0.00£0.00 -1,432 (57)  0.00 £ 0.00

Jointly fit replenishment and issuing policies
2 1 -1,458 (61) 0.05+0.00 -1,471 (63) 092+0.01 -1,457 (61)  0.00 £ 0.00
2 -1,518 (66) 390+£0.01 -1478 (61) 1.14+£0.01 -1,466 (60) 0.35+£0.01
5 1 -1,430 (54) 0.554+0.01 -1,424 (56) 0.124+0.00 -1,422 (54) 0.02 4 0.00
2 -1,497 (66) 448 +£0.01 -1,449 (60) 1.18£0.01 -1,444 (60) 0.79 £0.01

The return was calculated for each episode and the mean and standard deviation of the return over the 10,000 evaluation
episodes is reported. The percentage difference in return was calculated between the value iteration policy and each other
approach per episode, and the reported optimality gap is the mean (£ the standard error of the mean) percentage difference
over the 10,000 evaluation episodes. Value iteration and simulation optimization replenishment policies were fit in Section
4.5 The best mean return achieved by a non-exact method is indicated in bold (multiple entries may be bold in the case of a
tie).

Table 6.2: Results for fitting the replenishment policy alone, the issuing policy alone, and
jointly fitting both the replenishment and issuing policies for the single product
scenario

6.5.2.2 Supervised pretraining of policies

The results for the supervised pretraining experiments are set out in Table 6.3. The
benefits of supervised pretraining are limited to direct action replenishment neural
network policies. For two of the four cases with an order-up-to neural network
policy for replenishment the return was lower when using supervised pretraining
than when starting from a random initialization. The direct action neural network
achieves higher return in all cases, both with and without pretrainining, and gives
an optimality gap of 0.00% for the two cases where m = 2. This suggests that
pretraining can be beneficial when the neural network learns a complex function
but not, as was the case for pretraining the order-up-to network, when the network

is pretrained just to output a single number.
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Value iteration ~ Order-up-to neural network  Direct action neural network

No pretraining Pretrained No pretraining Pretrained

m L Mean return Opt gap (%)  Opt gap (%) Opt gap (%)  Opt gap (%)
Jointly fit replenishment and issuing policies with SimpleGA
2 2 -1,461 035£0.01 0.31+0.01 0.09£0.00  0.00 + 0.01
5 2 -1,432 0.79 £0.01  0.81 £0.01 0.20+£0.00  0.09 £ 0.00
Jointly fit replenishment and issuing policies with OpenAI ES
2 2 -1,461 1.14 £0.01 0.98 +0.01 0.04 £0.00  0.00 + 0.00
5 2 -1,432 1.18 + 0.01 1.45 +0.01 0.57+£0.01  0.20 £ 0.00

The percentage difference in return was calculated between the value iteration policy and each other approach per episode,
and the reported optimality gap is the mean (£ the standard error of the mean) percentage difference over the 10,000
evaluation episodes. The value iteration replenishment policies were computed in Section 4.5. Results for order-up-to neural
network replenishment policies with no pretraining are from Table 6.2. The lowest optimality gap for each row is indicated
in bold.

Table 6.3: Optimality gaps when jointly fitting replenishment and issuing policies using
SimpleGA and OpenAl ES for the single product scenario, with and without
supervised pretraining based on a heuristic replenishment policy.

6.5.2.3 Estimating the Pareto frontier for service level and wastage
The estimated Pareto frontiers are plotted in Figures 6.3 to 6.6 for each of the four
experimental settings respectively. The points representing solutions from a given
approach are connected by a stepped line. Any points located below this line are
Pareto-dominated by a solution from that approach. The hypervolume indicators
for the Pareto frontiers estimated using value iteration, the outer-loop approach,
and NSGA-II are presented in Table 6.4. Note that the Pareto frontiers estimated
using the heuristic base stock replenishment policy do not span the whole range
of the KPIs due to the structure of the policy. I therefore did not calculate the
hypervolume for the base stock policy for this scenario.

When m = 2, the Pareto frontiers estimated using NSGA-II and the outer
loop method closely match those estimated by value iteration, and generally offer
improved performance compared to the base stock policy over the range for which
there are comparable solutions. For the problems with a larger state space, when
m = b, the performance of both approaches is worse compared to value iteration,
but the outer-loop approach gives the better performance of the two over the range
of KPIs and could still provide a useful basis for discussions with decision makers
about possible trade-offs.

These results demonstrate that jointly fitting replenishment policies using
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SimpleGA is effective across a range of possible trade-offs between KPIs and
that the outer-loop method can be used to obtain a good estimate of the Pareto
frontier under different scenario settings. For the simpler problems, NSGA-II is
a compelling alternative because it requires only a single optimization run and
took approximately five minutes to run, compared to two hours for the outer-loop
approach,

Due to the computational time required for multiple runs of SimpleGA
with different constraints in the outer-loop method, I only used a single set of
hyperparameters across all four experiments. It may therefore be possible to bring
the Pareto frontier estimated using the outer-loop method closer to that produced
using value iteration by tuning the hyperparameters.

The estimated Pareto frontiers could be used as the basis for discussions with
decision makers, to help explain feasible trade-offs and select a combination of
policies that matches their preferences. For example, for the scenario where m = 2
and L = 1 in Figure 6.3, it is possible to achieve a service level of 95% if the
decision maker is willing to accept wastage of 10%, but if wastage cannot exceed

5% then the best possible service level is less than 90%.
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Figure 6.3: Estimated Pareto frontiers for the single product scenario withm =2, L =1
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m L  Valueiteration Outer-loop NSGA-II
2 1 0.884 0.879 0.881
2 2 0.874 0.869 0.869
5 1 0.981 0.957 0.898
5 2 0.955 0.917 0.862

The service level and wastage were calculated per episode. The hypervolume indicator for each method was calculated using
the mean service level and wastage over 10,000 evaluation episodes for each solution.

Table 6.4: Hypervolume indicator for the estimated Pareto frontiers for the single product
scenario.

6.6 Two product scenario
6.6.1 Scenario-specific methods

6.6.1.1 Scenario description
I next consider a scenario with two products, product A and product B, with
unidirectional substitution: product A can be used to fill demand for product B,
with some substitution penalty, but the reverse is not true.

The key differences between the single product scenario and the two product

scenario are:

* for each unit of demand the product type requested, product A or product B,

is sampled from a categorical distribution;

* daily demand is assumed to be Poisson distributed instead of being sampled

from a gamma distribution and rounded to an integer;

* the state and observation include vectors for stock on hand and in-transit for

each product type;

* the state includes an integer representing the type of the next required product,

product A or product B, and the time of day (as a decimal);

* the observation for the issuing agent is different to that for the replenishment

agent and includes the type of the next requested product and the time of day;

* the order placed at the start of the current day is included in the vectors of

stock in-transit;
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* the reward function includes a term for a substitution penalty when demand

for product B is met with a unit of product A;

* the discount factor y is set to unity and the mean daily cost is used to report

performance instead of the return.

This scenario was implemented using an adapted single-agent environment,
described above in Section 6.4.3.2, instead of the full multi-agent environment used
for the single product scenario. In preliminary experiments I found that running
episodes for this scenario in the full multi-agent environment took between four
and five times longer than in a single-agent, or adapted single-agent, environment.
The multi-agent environment is essential for using PPO and other DRL methods
than learn from the reward received at individual steps, but SimpleGA was the
best performing method on the single product scenario and does not require the
step-level information. Reducing the time required for each experiment enabled me
to consider a wider range of input settings.

The daily demand is modelled as a Poisson arrival process with 1+ = 4 up to the
maximum demand D,,,, = 100. An issuing step is made for each interval while the
cumulative sum of the intervals was less than one day. At the end of the day units
are aged one day, expired stock is disposed of, the holding position is calculated,
and the order placed L — 1 periods ago is received. This approach means that a
representation of the time of day (the cumulative sum of intervals) can be included
in the observation for the issuing agent which may be useful when deciding which
of multiple products to issue.

In the base setting it is equally likely that a given unit of demand will be for
product A or product B: the parameters of the categorical distribution are [0.5, 0.5].

The reward function is the same as for the replenishment agent in the single
product case, but with an additional term for the substitution cost. Cf,;f is the cost for
issuing a unit of type ;7 to meet demand for product type ¢. Impermissible matches
are given an arbitrarily large value set in practice to 1e10. M;” is the number
of units of product j issued to fill demand for product type ¢ during day ¢. No

substitution cost is incurred in the case of a shortage. For the base setting of this
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scenario C%% =1, C%" = 1e10 and C%* = C%® = 0.

Ry = —C, A, — C,B, — C,E, — C, W, = Y CLiM,Y (6.11)

]

For this scenario, there is no separate reward function for the issuing policy
because the issuing steps are handled within the step method of the adapted
single-agent environment. It is not necessary because, for this co-operative task, the
total reward for both policies will be the same and the methods used to fit policies
for this scenario learn from performance at the level of whole episodes rather than
individual steps.

The replenishment action consists of two elements, one order for each product:
A7 = [Ap®, AY"] where A™ € {0,1,...,A7¢ =10} and A" € {0,1,..., A0 =
10}. The issuing action space is A* € {0, 1,2}: 0 corresponds to not issuing a unit,
1 corresponds to issuing a unit of product A and 2 corresponds to issuing a unit of
product B. The oldest available unit of the selected type is issued.

As for the single product case, each episode is 365 days long and preceded by
a 100 day warm-up period. All other settings including the mean daily demand and
cost component values are the same as in the single product case and for the base
setting the lead time L = 1 and maximum useful life m = 2.

In Chapter 4 I considered a different scenario with partial, unidirectional
substitution between two perishable products. A major difference here, which
makes the scenario both more realistic and more challenging, is that in this case I did
not assume that demand for both products is known before any issuing decisions are
made. The issuing decisions must be made for one unit of demand at a time. This
better reflects reality and provides a policy that could be applied in practice in cases
where demand arises throughout the day (as in a hospital blood bank). However,
using value iteration to compute the optimal policy (which I was able to do for the
two product scenario in Chapter 4) would require considering all of the different
possible temporal orderings of demand (e.g. sequences of demand for product A
and product B) in addition to demand quantity and therefore, for computational

reasons, I did not attempt to compute the optimal policy for this scenario.
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6.6.1.2 Replenishment policies
The heuristic benchmark replenishment policy was a multi-product base stock
policy, which has two parameters: an order-up-to level S for each of the two
products as described above in 6.4.4.1.

The neural network replenishment policies were order-up-to neural networks

as described above in Section 6.4.4.2.

6.6.1.3 Issuing policies
The benchmark issuing policies were the three multi-product heuristic issuing
policies set out in Section 6.4.5.1. In this case, demand for product A can only
be filled with units of product A, while product A is the second preference (after
product B itself) for filling demand for product B.

Neural network issuing policies output the type of unit to be issued (product A

or B), or opt not to issue a unit, as described above in Section 6.4.5.2

6.6.1.4 Fitting policies to optimize a single objective

The parameters of the multi-product base stock policy were fit using simulation
optimization for each of the three heuristic issuing policies in turn, following the
approach adopted in Section 4.5. The parameter space is small, so all combinations
of 8¢ € {0,1,..., A2 = 10} and 8* € {0,1,...,A%% = 10} were run using
the Optuna grid sampler. Each combination was evaluated on 4,000 training
episodes and the combination that achieved the highest mean return was selected
for subsequent evaluation.

Neural network replenishment policies were fit using SimpleGA with each
of the three heuristic issuing policies in turn. Additionally, the neural network
replenishment and issuing policies were jointly fit using SimpleGA. I ran a
hyperparameter tuning sweep for 5 hours for each of the four experiments with
SimpleGA. The hyperparameter search ranges are set out in Table K.7 in Appendix
K.
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6.6.1.5 Sensitivity analyses

I conducted sensitivity analyses to investigate the effectiveness of different
replenishment and issuing policies on cases with different input assumptions,
comparing a range of values for the lead time L, the maximum useful life m, the
parameters of the categorical distribution over product types, the ratio of shortage
and wastage costs, the mean daily demand and the substitution cost for filling
demand for product B with product A, C%,

When the mean daily demand was increased, the maximum order quantity

A7 . was also increased: A} = 17 when pn = 8, A} .. = 28 when y = 16
and A} = 49 when ;1 = 32. These were set so that the cumulative distribution of

the Poisson distribution with mean f evaluated at A} . was the same in each case.
For each level of the sensitivity analysis I repeated the main analysis, but using

a fixed set of hyperparameters for SimpleGA across all the experiments instead of

performing hyperparameter tuning. The 10,000 evaluation episodes were generated

using a consistent random seed that was different from those used for the base case

and estimating the Pareto frontier.

6.6.1.6 Multi-objective optimization
When estimating the Pareto frontiers for the two product scenario I considered the
exact match percentage as an objective in addition to service level and wastage. To
use the outer-loop approach, which only supports the optimization of one objective
at a time, I considered three target levels of exact match percentage: 50%, 75% and
95%.

Replenishment and issuing policies were jointly fit using the outer loop
approach for each of these three levels of exact match percentage. I minimized
the wastage subject to 25 linearly spaced minimum service level targets between

10% and 99.5%, using the fitness function:

min F(0",0") = Wy, + A1 3

min (6.12)

% <Amin)v(ﬁ% <Mmin)

and maximized the service level (expressed here in line with convention as
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minimizing the negative service level) for 25 linearly spaced target maximum

wastage levels using the fitness function:

gﬂr’ler”} F(er’ 9“) = —A% + Al(W%>VVmﬂx)\/(M%<Mm'm) (6.13)

where 0" and 0" are the parameters of the replenishment and issuing policies
respectively, A, is the target minimum service level, W,y is the target maximum
wastage, M, is the target minimum exact match percentage and A is a Lagrange
multiplier to enforce the constraints.

The target minimum service levels were between 10% and 99.5% inclusive,
the target maximum wastage percentages were 1% and 40% inclusive. In an effort
to avoid cases where the constraints were met on the training episodes but not on
the evaluation episodes, the target exact match percentages were increased by 0.5
percentage points when implementing the constraints.

In addition to the outer-loop method, NSGA-II was run to simultaneously
optimize all three objectives: minimize the wastage and maximize both the service
level and exact match percentage as described in Section 6.4.9.2.

The performance of each policy was compared to three benchmarks: the base
stock replenishment policy with each of the three heuristic ordering policies. Each
combination of S* € {0,1,...,A%¢ = 10} and S* € {0,1,...,A%% = 10} was
evaluated using each of the three heuristic issuing policies.

When tuning the hyperparameters for NSGA-II, I calculated the hypervolume
indicator using a reference point of service level = 0%, wastage = 100%, exact
match = 0%. This reference point was chosen as it represents the worst-case
scenario, covering the entire objective space, ensuring that the hypervolume
calculation could reflect the performance of any possible set of policies. For the
results table I used a reference point of service level = 0% and wastage = 45%,
to make the numeric metric consistent with the area of interest depicted in the
plots. Although the reference point affects the absolute value of the hypervolume,
a better solution (which dominates more of the objective space) will have a higher

hypervolume under both sets of reference points.
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For each plot, the set of policies produced using each method was filtered to
remove solutions with an exact match percentage on the evaluation episodes less
than or equal to the target, M,;,, and any solutions that were Pareto dominated by

another solution produced using the same method.
6.6.2 Results

6.6.2.1 Base case

The results for the two product scenario are presented in Table 6.5. The expected
daily cost for a policy with perfect foresight, which ordered quantities of products A
and B each morning exactly equal to the demand for the following day and therefore
incurred no holding, shortage or wastage costs, is 12.00.

Fitting the replenishment policy alone using SimpleGA resulted in a lower
mean daily cost than using a base stock policy with parameters fit using simulation
optimization for each of the three heuristic issuing policies. The possible
combinations of order-up-to parameters for the base stock policy were evaluated
exhaustively, and therefore the performance improvement given by the neural
network replenishment policies must be due to an alternative functional form for
the learned policy.

Jointly fitting replenishment and issuing policies with SimpleGA gave the
lowest mean daily cost. The mean paired-sample percentage difference in daily cost
between jointly fitting both policies using SimpleGA and the next best alternative
(fitting the replenishment policy using SimpleGA and using the oldest compatible
match heuristic issuing policy) was 0.58 £+ 0.00 %. The mean paired-sample
percentage difference between jointly fitting both policies using SimpleGA and the
best approach with heuristic replenishment and issuing policies (using the priority
match heuristic issuing policy) was 3.28 4= 0.01 %. The results from this scenario
therefore show that, at least in some cases, jointly optimizing the replenishment
and issuing policies can give better performance than optimizing the replenishment
policy alone.

I performed supplementary analysis to investigate the reasons for the observed

improvement. First I evaluated the performance of the replenishment policy given
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by joint optimization when paired with each of the three heuristic issuing policies.
These results were compared to the performance given by replenishment policies fit
with the corresponding issuing policy using SimpleGA, as reported in Table 6.5.
Second, I evaluated the performance of the issuing policy given by joint
optimization when paired each with the three replenishment policies obtained when
fitting the replenishment policy using SimpleGA and a heuristic issuing policy.
These results were compared to the performance given by the issuing policies with
which each replenishment policy was fit, as reported in Table 6.5.
The performance of each combination of policies was evaluated on the 10,000
evaluation episodes and the results of these comparisons are set out in Table 6.6.
There was no benefit to substituting the jointly fit replenishment policy for any
of the replenishment policies fit with a heuristic issuing policy. This is consistent
with my expectations and suggests that SimpleGA is fitting good replenishment
policies for each heuristic issuing policy. However, the issuing policy obtained
when jointly fitting both policies gives a better performance than the priority or
oldest compatible match policies when used with a replenishment policy fit under
those issuing policies. The improvement from jointly fitting policies can therefore
be attributed to a better issuing policy. For this problem a neural network issuing
policy could achieve lower costs than a heuristic issuing policy, and it was identified
by jointly fitting the replenishment and issuing policies using SimpleGA.
Supervised pretraining was not conducted for the two product scenario
because policies fit using SimpleGA performed well when trained from a random
initialization and, unlike for the single product scenario, the optimal policy was
not available to quantity the remaining level of improvement available. It may be

possible to achieve further reductions in daily cost using supervised pretraining.

6.6.2.2 Sensitivity analyses

The results for the sensitivity analyses are set out in Table 6.7. There is a clear
benefit to using SimpleGA to fit the replenishment policy over a wide range of
settings: in every case the lowest mean daily cost given by a replenishment policy

fit using SimpleGA is less than the lowest mean daily cost given by a replenishment
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Replenishment policy
Issuing policy Simulation optimization =~ SimpleGA  Paired-sample difference (%)
Exact 17.41 16.97 -2.51£0.01
Priority 17.07 16.63 -2.58 £0.01
Oldest compatible 17.09 16.61 -2.81 £ 0.01
SimpleGA — 16.51 —

The daily cost was calculated for each episode and the mean over the 10,000 evaluation episodes is reported. The percentage
difference in daily cost when using a specific issuing policy was calculated between the heuristic replenishment policy and
replenishment policy fit using SimpleGA for each episode, and the reported paired-sample difference is the mean (% the
standard error of the mean) percentage difference over the 10,000 evaluation episodes. The lowest mean daily cost is
indicated in bold.

Table 6.5: Mean daily cost and paired-sample percentage difference in mean daily cost
when fitting replenishment policies with three heuristic issuing policies, and

jointly fitting the replenishment and issuing policies using SimpleGA, for the
two product scenario.

Substitute in jointly Susbtitute in jointly
Performance baseline fit replenishment policy fit issuing policy
Mean Mean  Paired-sample Mean  Paired-sample

daily cost  daily cost  difference (%)  daily cost  difference (%)

SimpleGA replenishment policy fit with exact match 16.97 17.72 4.47 +£0.02 17.06 0.53 £0.01
SimpleGA replenishment policy fit with priority match 16.63 16.64 0.05 £ 0.00 16.51 -0.74 £+ 0.00
SimpleGA replenishment policy fit with oldest compatible match 16.61 16.61 0.02 = 0.00 16.51 -0.60 £ 0.00

The daily cost was calculated for each episode and the mean over the 10,000 evaluation episodes is reported. The percentage
difference in daily cost was calculated between the combination of policies indicated by the row label and that indicated by
the column label, and the reported paired sample difference is the mean (£ the standard error of the mean) percentage
difference over the 10,000 evaluation episodes. The lowest mean daily cost per row is indicated in bold.

Table 6.6: Mean daily cost and paired-sample percentage difference in mean daily cost
when substituting the jointly fit replenishment or issuing policy into base case
experiments from Table 6.5

policy fit using simulation optimization. The size of the benefit can depend on the
value of input parameters, for example the cost savings from the neural network
increase with higher lead time L, but are reduce as mean daily demand increases.
In seven of the thirty experiments jointly optimizing the replenishment and
issuing policies using SimpleGA gave the lowest (or joint-lowest) mean daily cost.
In the case where 75% of the demand is for product A and 25% of the demand is for
product B, jointly fitting the issuing and replenishment policies using SimpleGA
gave a mean paired-sample cost reduction of 1.64 £+ 0.00 % compared to the
best result fitting the replenishment policy alone using SimpleGA. However, in
three of the experiments, jointly optimizing the replenishment and issuing policies
using SimpleGA gave a higher mean daily cost than the best result achieved using

heuristic replenishment and issuing policies. Additional results for the sensitivity
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analysis, including the mean daily cost for each heuristic issuing policy when fitting
the replenishment policy using simulation optimization and SimpleGA, are set out
in Table L.1 in Appendix L.

This analysis shows that SimpleGA, with a small neural network and single set
of hyperparameters, can be used to jointly fit effective replenishment and issuing
policies over a wide range of different inputs and, in some cases, give better results
than fitting the replenishment policy alone. These results represent a floor on the
performance of the policies fit using SimpleGA and it may be possible to achieve

better results for a given setting by tuning the hyperparameters.

6.6.2.3 Estimating the Pareto frontier for service level and wastage
The estimated Pareto frontiers are plotted in Figures 6.7, 6.8 and 6.9 for the three
different levels of minimum exact match percentage respectively. As in the single
product case, the points below the dotted line connecting the solutions for a given
approach are Pareto-dominated by a solution from that approach. The hypervolume
indicators for the Pareto frontiers estimated using each approach are presented in
Table 6.8.

As in single product scenario, jointly fitting policies with the outer-loop
approach was an effective way to estimate Pareto frontier, and gave the largest
hypervolume indicator over all three settings of minimum exact match percentage.
In line with my expectations, the hypervolume indicator for each approach (except
for a heuristic replenishment policy with an exact match issuing policy) was lower
as the minimum exact match percentage increased, because satisfying the constraint
required sacrificing some performance in terms of service level and/or wastage.

NSGA-II performed well when the exact match percentage was 50%, giving a
similar hypervolume to the outer-loop approach and better than any of the three
approaches with heuristic policies. However, it was outperformed by at least
one heuristic approach for both of the other settings. As the minimum exact
match percentage increases, it appears to be more difficult for NSGA-II to find
solutions with low wastage. An advantage of NSGA-II was that all of the solutions

were generated in a single optimization run, which took approximately 5 minutes,
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Simulation optimization SimpleGA SimpleGA Paired-sample difference (%)
and heuristic issuing and heuristic issuing  jointly fit policies
Mean Mean Mean  Best SimpleGA - SimpleGA jointly fit -
daily cost daily cost daily cost SimOpt and SimpleGA and
heuristic issuing heuristic issuing
Base setting
17.07 16.72 16.72 -2.05 £ 0.01 0.02 £+ 0.00
Lead time L
0 16.44 16.39 16.35 -0.54 £ 0.01 -0.29 + 0.00
1 17.07 16.72 16.72 -2.05 £ 0.01 0.02 £ 0.00
2 17.34 16.69 16.72 -3.71 £0.01 0.17 £ 0.00
Maximum useful life m
2 17.07 16.72 16.72 -2.05 £ 0.01 0.02 £ 0.00
3 16.17 16.12 16.16 -0.27 £ 0.01 0.22 +0.01
4 15.88 15.82 15.98 -0.37 £ 0.01 0.97 + 0.01
5 15.79 15.76 15.83 -0.21 + 0.00 0.45 +0.01
Product probabilities [A:B]
[0.10, 0.90] 16.08 15.84 15.84 -1.50 £ 0.01 0.00 £ 0.00
[0.25,0.75] 16.80 16.45 16.47 -2.06 +0.01 0.13 £0.01
[0.50, 0.50] 17.07 16.72 16.72 -2.05 £ 0.01 0.02 £ 0.00
[0.75, 0.25] 16.81 16.60 16.33 -2.87 £0.01 -1.64 £ 0.00
[0.90, 0.10] 16.00 15.75 15.76 -1.57 £ 0.01 0.08 £ 0.00
Shortage cost C's : wastage cost Cly,
5:7 17.07 16.72 16.72 -2.05 £ 0.01 0.02 £ 0.00
7:7 19.24 18.73 18.88 -2.65 £ 0.01 0.83 +0.01
14:7 23.16 22.37 22.81 -3.40 £ 0.01 2.00 + 0.01
21:7 25.30 24.50 24.51 -3.16 £ 0.02 0.04 +0.01
28:7 26.79 25.81 26.08 -3.62 +0.02 1.07 + 0.01
35:7 2791 26.89 27.23 -3.64 +£0.02 1.28 +0.02
5:5 16.92 16.51 16.58 -2.38 £0.01 0.44 £+ 0.00
5:10 17.28 16.84 17.00 -2.57 £ 0.01 0.98 + 0.01
5:15 17.54 17.15 17.12 -2.42 £0.01 -0.21 £ 0.01
5:20 17.77 17.27 17.39 -2.77 £ 0.01 0.66 £ 0.01
5:25 17.95 17.62 17.61 -1.92 £ 0.01 -0.06 £ 0.01
Substitution cost C%
0.50 16.08 15.89 15.89 -1.15 £ 0.01 0.00 £ 0.00
1.0 16.51 16.16 16.17 -2.13 £0.01 0.11 £ 0.01
2.0 17.07 16.72 16.72 -2.05 £ 0.01 0.02 £ 0.00
4.0 17.41 16.97 17.04 -2.51 £0.01 0.44 £+ 0.00
Mean daily demand p
4 17.07 16.72 16.72 -2.05 £ 0.01 0.02 £ 0.00
8 30.60 30.28 30.18 -1.39 + 0.00 -0.36 £+ 0.00
16 56.41 56.14 56.31 -0.47 £ 0.00 0.30 £ 0.00
32 107.10 107.08 107.90 -0.01 + 0.00 0.77 £ 0.00

The daily cost was calculated for each episode and the mean over the 10,000 evaluation episodes is reported. When using a
heuristic issuing policy, only the best (with the lowest mean daily cost over the evaluation episodes) is reported - See Table
K.8 for results foe each heuristic issuing policy. “Best SimpleGA” for each row is the combination of policies that gave the
lowest mean daily cost given when fitting the replenishment policy using SimpleGA (with either a heuristic issuing policy or
jointly fitting a neural network issuing policy), and is indicated in bold. Paired-sample differences were calculated between
two pairs of policies. In each case, the percentage difference in daily cost was calculated between the combinations of
policies and the reported paired-sample difference is the mean (£ the standard error of the mean) percentage difference over
the 10,000 evaluation episodes. In the base setting L = 1, m = 2, product probabilities=[0.50, 0.50], Cs = 7, C, = 5,
C:’,;a = 2, u = 4. The base setting row is repeated for each input so that it can be considered in the context of the other
levels of the input. The mean daily cost for the base setting is higher here than reported in Table 6.5 because a single set of
hyperparameters was used for all SimpleGA experiments in this table, instead of being tuned for each experiment. In cases
where the mean daily cost given by jointly optimizing both policies with SimpleGA is greater than the lowest cost given by
fitting a replenishment policy with simulation optimization, the result is written in red.

Table 6.7: Mean daily cost and paired-sample percentage difference in mean daily costs for
the sensitivity analyses on the two product scenario.
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compared to the outer-loop approach which required separate runs for each level of
the exact match percentage, each of which took approximately 2.5 hours. It may be
possible to achieve better results from NSGA-II for a given minimum exact match
percentage by imposing that target as a constraint and optimizing only for service
level and wastage, instead of optimizing for all three objectives at the same time.

A single set of hyperparameters was used to run the outer-loop approach for
each of the three settings and it may be possible to further improve the performance

by tuning the hyperparameters for specific settings.
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Figure 6.7: Estimated Pareto frontiers for the two product scenario with a minimum exact
match percentage of 50%
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Figure 6.9: Estimated Pareto frontiers for the two product scenario with a minimum exact
match percentage of 95%

Simulation optimization Outer-loop  NSGA-II

Minimum exact match (%)  Exact  Priority  Oldest compatible

50 0.819 0.929 0.931 0.955 0.947
75 0819 0.902 0.908 0.930 0.886
95 0.819 0.814 0.679 0.861 0.697

The service level, wastage and exact match percentage were calculated per episode. The hypervolume indicator for each
method was calculated using the mean service level and wastage over 10,000 evaluation episodes for each solution, after

filtering the solutions to include only those where the mean exact match percentage exceeded the target minimum exact
match percentage.

Table 6.8: Hypervolume indicator for the estimated Pareto frontiers for the two product
scenario.

6.7 Eight product scenario
6.7.1 Scenario-specific methods

6.7.1.1 Scenario description

I consider now an eight product, single-echelon, periodic review perishable

inventory problem. It is a direct extension of the two product case, specifically
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Day of the week
Mon Tue Wed Thu Fri Sat Sun

Low demand 47 477 49 47 5.1 34 3.6
High demand 37.5 37.3 392 378 405 272 284

The high demand case was reported by Rajendran and Srinivas [45] and was used in Chapter 3.

Table 6.9: Mean of the day-of-the week specific Poisson distributions for daily demand in
the eight product scenario.

representing platelet units with the eight different ABO/RhD blood types. Like
the two product scenario, the eight product scenario was also implemented using
an adapted single-agent RL environment. Aside from the increased number of
products, the key differences compared to the two product scenario are to bring
it into line with the platelet replenishment scenario from Rajendran and Srinivas
[45] adopted in Chapter 3. The maximum useful life m = 3, the lead time L = 0,
the state and observation include the day of the week, the demand is generated
by day-of-the-week specific Poisson arrival processes and the parameters for the
demand distributions and the cost components (except for the substitution costs)
are taken from Rajendran and Srinivas [45]. Unlike the single and two product
scenarios, the stock does not all arrive fresh. This scenario extends the problem
described by Rajendran and Srinivas [45] by accounting for recipient and donor
ABO/RhD blood types. As in the other scenarios in this chapter, but unlike the
scenario from Rajendran and Srinivas [45], the replenishment order is assumed to
be placed at the start, instead of the end, of the day.

The cost components, except for the substitution costs, are set out in Table
3.1. I considered two cases for daily demand: the values from Rajendran and
Srinivas [45], which I used in Chapter 3 and set out in Table 3.1, are the “high
demand” case, and those values divided by eight (to maintain the weekly pattern,
while giving demand similar to the single and two product scenarios in which the
mean daily demand was four units) is the “low demand case”. The parameters of
the day-of-the-week specific demand distributions for the two cases are set out in
Table 6.9.

The maximum order quantity for each product was set to 60 in the high demand
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Recipient ABO/RhD blood type
O- O+ A- A+ B- B+ AB- AB+
0.07 038 0.06 034 0.02 0.09 001 0.03

Table 6.10: Parameters of the categorical distribution for the blood type of the recipient
reported by Ensafian ef al. [64] and used in the eight product scenario.

case, as in Chapter 3. The maximum order quantity for the low demand case was
set to 15, which has the same cumulative probability under a Poisson distribution
with the mean daily demand for the low demand case as a quantity of 60 has for the
high demand case.

The parameters of the categorical distribution from which the recipient’s blood
type is sampled for each unit of demand are set out in Table 6.10 [64]. These figures
were collected in Iran, but are similar to those observed at UCLH (see Table B.7 in
Appendix B).

The substitution preferences for each recipient blood type are set out in Table
6.11. These preferences were recently used by Yu Suen et al. [294] and are based on
the guidance of the Irish Health Service Executive [311]. An impermissible choice
is represented in the table using the symbol ‘X’ (set to 1e10 for implementation
purposes). The substitution cost C'7 for issuing a unit of type j to meet demand for
type ¢ is obtained by multiplying the values of Table 6.11 by %, where C'** is
the maximum substitution cost. Following the approach of Meneses et al. [55] and
Dillon et al. [36] C}"** was set equal to the shortage cost, C7"** = (s = 3, 250.
Under this structure, there is no penalty for an exact match, the first preference

2(Cmax

max . .
2 the second preference a substitution cost of =2—

8

substitution incurs a cost of
and so on, such that the immediate cost of a substitution is always lower than a
shortage. I also considered an alternative, where the maximum substitution cost
was set equal to the wastage cost, C)"** = (', = 650.

The remaining useful life of platelet units on arrival was sampled from a
multinomial distribution, as in Chapter 5: 50% of the stock arrives fresh, 20% with
two days of useful life, and 30% on the day that it will expire. These parameters,

along with a maximum useful life m = 3 days, were observed by Rajendran and
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Donor ABO/RhD blood type
Recipient ABO/RhD blood type O- O+ A- A+ B- B+ AB- AB+

O- 0 X 2 X 1 X X X
O+ 1 0 5 4 3 2 X X
A- 3 x 0 4 2 X 1 5
A+ X X 1 0 5 4 3 2
B- 3 X 2 x 0 4 1 5
B+ X X 5 4 1 0 3 2
AB- 3 X 1 5 2 X 0 4
AB+ X X 3 2 5 4 1 0

Priority order reported by Yu Suen et al. [294]. Smaller numbers represent a higher priority, with 0 for an exact match and x
indicating a match that is not permitted.

Table 6.11: Order of substitution preferences for platelets in the eight product scenario.

Ravindran [54] at a regional medical centre in Pennsylvania, USA and considered
as an alternative scenario by Rajendran and Srinivas [45]. In Chapter 5, when I
used this distribution of remaining useful life on arrival in the context of returns, the
setting led to high wastage. I adopted it here because the comparatively short useful
life and high proportion of older stock make it a challenging scenario where taking
account of the age profile of the stock and the stock-levels of compatible units may
be important, giving scope for better performance by neural network policies.

The reward function for the replenishment agent is similar to the two product

case (Equation 6.11), but includes a term for a fixed ordering cost:

Riy1 = =Cyly grosg — CA] = CuBy — CoE; — Cu, Wy — 3 CRi M} (6.14)
p l,]
The initial day of the week at the start of the warm-up period is sampled from
a uniform distribution. In the observation input to the neural network policies the
day of the week (for both policies) and the type of the requested product (for the

issuing policy only) were represented as one-hot vectors.

6.7.1.2 Replenishment policies
The heuristic replenishment policy is a multi-product base stock policy, with an
order-up-to level S for each of the eight products as described above in Section

6.4.4.1 The same parameter is used for each product on each weekday, unlike in
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Chapter 3 in which there were parameters for each weekday, because it would
require 56 parameters to have a separate parameter for each weekday and each
product and optimizing such policies was challenging in preliminary experiments.
The mapped output of the neural network policy was used directly as the order
quantity, as described in Section 6.4.4.2. For this scenario I only considered direct
action replenishment policy neural networks. During preliminary experiments,
it was challenging to fit neural network replenishment policies from scratch that
matched the performance of the heuristic policies and therefore I focused on
investigating the potential benefits of supervised pretraining. During work on
the single product scenario I found that supervised pretraining only had a clear
benefit when using direct action replenishment policy neural networks (see Section

6.5.2.2).

6.7.1.3 Issuing policies
The issuing policies are the same as those used for the two product case, described
above in Section 6.4.5.1. The substitution preferences required for the priority
match and oldest compatible match policies are set out in Table 6.11.

Neural network issuing policies output the blood type of the unit to be issued,

or opt not to issue a unit, as described above in Section 6.4.5.2.

6.7.1.4 Fitting policies to optimize a single objective

The parameters of the multi-product base stock policies were fit using simulation
optimization for each of the three heuristic policies in turn, following the approach
adopted in Chapter 4. The parameter space is large because there are eight
different products and therefore, as in Chapters 4 and 5, the order-up-to parameter
space was searched using Optuna’s NSGA-II sampler. Each proposed parameter
combination was evaluated on 400 episodes and the combination that gave the
highest return was selected for subsequent evaluation. For the high demand case,
the parameter search space was SP € {0, 1, ..., A = 60} and for the low demand
case the parameter space was S¥ € {0,1,..., A? = 15}, in both cases for all
p € {O-, O+, A-, A+, B-, B+, AB-, AB+}.

For each of the four scenario settings (high or low demand and maximum
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substitution cost equal to the wastage or shortage cost), I ran the three combinations
of base stock policy and heuristic issuing policy, with order-up-to parameters
identified using the simulation optimization procedure, on 1,000 validation episodes
and selected the combination that gave the highest mean return. This pair of
heuristic policies was used for supervised pretraining. See Appendix J.3.2 for a
full description of the supervised pretraining procedure for both replenishment and
issuing policies.

For each of the four scenario settings, I conducted eight experiments fitting
neural network policies using SimpleGA: fitting only replenishment (with or
without supervised pretraining), fitting only issuing (with or without pretraining),
and jointly fitting both policies under four conditions (no pretraining, pretraining
only replenishment, pretraining only issuing, and pretraining both policies). When
fitting only one policy, the other policy was set as the best-performing heuristic
policy selected as the target for supervised pretraining.

I ran a hyperparameter tuning sweep for 8 hours for each of the experiments in
which policies were fit with SimpleGA. The hyperparameter search ranges are set
out in Table K.13 in Appendix K.

For computational reasons, training episodes for the experiments with full
demand were reduced to 90 days long, following a shorter warm-up period of 25
days. The validation and evaluation episodes remained 365 days long following a

100 day warm-up period.

6.7.2 Results

The results for the eight product scenario are set out in Tables 6.12 to 6.15: one
for each scenario setting with different levels of demand and a different maximum
substitution costs. The best results for each scenario are summarized in Table 6.16.
The expected daily cost for a policy with perfect foresight, which always ordered
exactly enough stock to meet the demand each day with an exact match, is 23,252
for the high demand case and 3,113 for the low demand case. Both would have a
service level of 100%, 0% wastage, 100% exact match and no holding.

This scenario appears to be more challenging than the single and two product
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scenarios: there are no cases for the eight product scenario where fitting neural
network policies without supervised pretraining gave a lower mean daily cost than
the best combination of heuristic policies. However, the results clearly demonstrate
a benefit to supervised pretraining: for each scenario setting, the lowest mean daily
cost was given by the experiment fitting a neural network replenishment policy
using SimpleGA, initialized using supervised pretraining, and a heuristic issuing
policy. Additionally, in all four scenario settings the second lowest mean daily
cost was given by the experiment jointly fitting neural network replenishment and
issuing policies, with both initialized using supervised pretraining. There are only
two cases where supervised pretraining leads to a higher mean daily cost than in
a comparable experiment without supervised pretraining: in both the low and high
demand case when the maximum substitution cost is equal to the wastage cost,
jointly fitting both policies with no supervised pretraining gives a lower mean daily
cost than jointly fitting both policies with supervised pretraining for the issuing
policy alone.

Unlike in the two product scenario, there does not appear to be a benefit
to jointly optimizing the replenishment and issuing policies. However, the
computational resources used for hyperparameter tuning were determined by
number of hours (instead of number of runs). Experiments where the issuing policy
is a neural network took longer to run and therefore fewer runs were completed
in the sweeps for experiments where the issuing policy was found using a neural
network (approximately 60 runs compared to 150 runs when only the replenishment
policy was a neural network). If sweep duration had been set based on the same
number of runs, instead of the same number of hours, it is possible that better
hyperparameters may have been identified for the experiments where the issuing
policy is a neural network.

In the one and two product scenarios, I was able to exhaustively evaluate
each possible parameterization for the base stock heuristic replenishment policy and
therefore it was clear that, when a neural network policy gave better performance,

it was due to learning some more complicated function rather than representing
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the same policy with better parameters. In this scenario, as in Chapters 4 and 5
when the heuristic policy parameter space was large, the parameters were fit using
NSGA-II. In Figures L.1 to L.4 in Appendix L, I plot the order quantity for each
blood type against the total stock holding for that blood type over 5,000 steps in
the adapted single-agent environment for the best-performing replenishment policy
fit using SimpleGA. It is clear from these figures that the best-performing neural
network policies are not following the same base stock policy structure with a
different set of parameters because different order quantities are observed for the
same total stock-holding. The neural network policies therefore appear to be taking
account of additional information: one or more of the weekday, the age profile of
the stock, and the age profile and stock levels of other products.

The benefits on offer from neural network replenishment policies, summarized
in Table 6.16, appear to be relatively limited for the eight product scenario,
particularly compared to the two product scenario where the mean cost saving was
over 3% for multiple experimental settings. Therefore, for a platelet replenishment
problem with realistic inputs, including all eight ABO/RhD blood types and
their compatibility relationships, fitting the parameters of a simple, interpretable,
heuristic replenishment policy using simulation optimization gives competitive
performance with neural network policies fit with SimpleGA.

The KPIs for the best policies in each setting do not reach the ideal
values of 0% wastage, 100% service level, or 100% exact match percentage.
Without knowing the optimal policy for the eight-product scenario, the room for
improvement is unclear. It may therefore be possible to improve the performance of
neural network policies through more extensive hyperparameter tuning, additional
feature engineering, by using alternative algorithms to fit the parameters. It may
also be possible to improve the results for the heuristic replenishment policy by
including additional parameters (e.g. day of the week specific values of S for each

blood type), or adopting more complicated heuristics.
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Daily Service ~ Wastage (%) Exact Holding
Replenishment policy Issuing policy cost level (%) match (%)

Type Pretrained  Type Pretrained  Mean Mean Mean Mean Mean
Simulation optimization Exact 7,314 85.4 29.2 100.0 3.6
Simulation optimization Priority 5,116 95.6 14.3 49.0 2.0
Simulation optimization* Oldest compatible* 4,903 95.5 6.6 29.8 2.5
SimpleGA Oldest compatible 4,993 96.1 74 23.3 2.6
SimpleGA v Oldest compatible 4,827 96.8 7.0 29.9 2.7
Base stock SimpleGA 4,949 95.9 8.7 332 2.3
Base stock SimpleGA v 4,882 95.8 6.5 31.0 2.5
SimpleGA SimpleGA 5,034 95.9 8.9 31.7 2.4
SimpleGA v SimpleGA 4,955 96.5 7.3 11.3 2.5
SimpleGA SimpleGA v 5,271 95.4 6.3 6.1 2.4
SimpleGA v SimpleGA v 4,859 96.8 7.2 29.8 2.8

The daily cost and KPIs were calculated for each episode and the mean over the 10,000 evaluation episodes is reported. The

rows with the lowest mean daily cost when the replenishment policy was fit using simulation optimization, and when at least

one policy was fit using SimpleGA, are each indicated in bold. The lowest overall mean daily cost is underlined. The pair

of heuristic policies giving the lowest mean daily cost on the validation episodes and therefore used for pretraining
SimpleGA policies, and as the other policy when only one policy was fit, are indicated by *. A v'indicates that the neural
network parameters were initialized based on supervised pretraining using the corresponding policy marked with a *.

Table 6.12: Mean daily cost and KPIs for the eight product scenario with low demand and

the maximum substitution cost equal to the wastage cost.

Daily Service =~ Wastage (%) Exact  Holding
Replenishment policy Issuing policy cost level (%) match (%)

Type Pretrained  Type Pretrained ~ Mean Mean Mean Mean Mean
Simulation optimization Exact 7,314 85.4 29.2 100.0 3.6
Simulation optimization* Priority* 5,974 97.5 19.3 74.2 2.6
Simulation optimization Oldest compatible 6,768 96.9 10.9 50.8 32
SimpleGA Priority 6,113 96.2 17.2 69.8 2.8
SimpleGA v Priority 5,925 97.0 18.2 73.4 2.4
Base stock SimpleGA 6,028 97.4 18.1 72.5 2.7
Base stock SimpleGA v 5,974 97.5 19.3 74.2 2.6
SimpleGA SimpleGA 6,565 95.1 14.6 64.8 2.8
SimpleGA v SimpleGA 6,229 94.5 14.5 68.9 22
SimpleGA SimpleGA v 6,207 95.9 16.6 68.2 2.7
SimpleGA v SimpleGA v 5,925 96.7 17.4 72.7 2.4

The daily cost and KPIs were calculated for each episode and the mean over the 10,000 evaluation episodes is reported. The

rows with the lowest mean daily cost when the replenishment policy was fit using simulation optimization, and when at least

one policy was fit using SimpleGA, are each indicated in bold. The lowest overall mean daily cost is underlined. The pair

of heuristic policies giving the lowest mean daily cost on the validation episodes and therefore used for pretraining
SimpleGA policies, and as the other policy when only one policy was fit, are indicated by *. A v'indicates that the neural
network parameters were initialized based on supervised pretraining using the corresponding policy marked with a *.

Table 6.13: Mean daily cost and KPIs for the eight product scenario with low demand and

the maximum substitution cost equal to the shortage cost.
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Daily Service ~ Wastage (%) Exact  Holding
Replenishment policy Issuing policy cost level (%) match (%)
Type Pretrained  Type Pretrained Mean Mean Mean Mean Mean
Simulation optimization Exact 31,025 96.9 52 100.0 18.8
Simulation optimization* Priority* 26,966 99.3 1.9 85.8 12.1
Simulation optimization Oldest compatible 28,606 99.1 1.3 64.2 12.4
SimpleGA Priority 28,387 99.7 2.9 72.3 16.7
SimpleGA v Priority 26,839 99.3 1.4 82.6 11.3
Base stock SimpleGA 27,485 99.3 0.8 73.5 12.5
Base stock SimpleGA v 26,947 99.4 1.9 85.6 12.1
SimpleGA SimpleGA 29,327 99.1 1.4 60.7 16.1
SimpleGA v SimpleGA 28,544 99.4 0.6 67.6 132
SimpleGA SimpleGA v 31,090 99.5 0.2 29.0 13.2
SimpleGA v SimpleGA v 26,848 99.4 1.5 82.0 11.6
The daily cost and KPIs were calculated for each episode and the mean over the 10,000 evaluation episodes is reported. The
rows with the lowest mean daily cost when the replenishment policy was fit using simulation optimization, and when at least
one policy was fit using SimpleGA, are each indicated in bold. The lowest overall mean daily cost is underlined. The pair
of heuristic policies giving the lowest mean daily cost on the validation episodes and therefore used for pretraining
SimpleGA policies, and as the other policy when only one policy was fit, are indicated by *. A v'indicates that the neural
network parameters were initialized based on supervised pretraining using the corresponding policy marked with a *.
Table 6.14: Mean daily cost and KPIs for the eight product scenario with high demand and
the maximum substitution cost equal to the wastage cost.
Daily Service =~ Wastage (%) Exact  Holding
Replenishment policy Issuing policy cost level (%) match (%)
Type Pretrained  Type Pretrained Mean Mean Mean Mean Mean
Simulation optimization Exact 31,025 96.9 5.2 100.0 18.8
Simulation optimization* Priority* 28,555 99.6 3.2 93.1 14.6
Simulation optimization Oldest compatible 36,637 98.6 1.6 71.7 145
SimpleGA Priority 30,970 99.7 5.0 91.5 19.7
SimpleGA v Priority 28,524 99.6 3.1 93.0 14.3
Base stock SimpleGA 32,307 99.5 3.1 83.9 14.6
Base stock SimpleGA v 28,560 99.6 3.2 93.1 14.6
SimpleGA SimpleGA 40,145 99.2 5.0 76.8 24.6
SimpleGA v SimpleGA 36,704 99.0 0.8 78.2 15.9
SimpleGA SimpleGA v 35,412 99.1 5.1 75.9 23.7
SimpleGA v SimpleGA v 28,544 99.6 3.0 93.0 14.3

The daily cost and KPIs were calculated for each episode and the mean over the 10,000 evaluation episodes is reported. The
rows with the lowest mean daily cost when the replenishment policy was fit using simulation optimization, and when at least
one policy was fit using SimpleGA, are each indicated in bold. The lowest overall mean daily cost is underlined. The pair
of heuristic policies giving the lowest mean daily cost on the validation episodes and therefore used for pretraining
SimpleGA policies, and as the other policy when only one policy was fit, are indicated by *. A v'indicates that the neural
network parameters were initialized based on supervised pretraining using the corresponding policy marked with a *.

Table 6.15: Mean daily cost and KPIs for the eight product scenario with high demand and
the maximum substitution cost equal to the shortage cost.
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Paired-sample differences (%)

Demand Cj#*  Best SimOpt  Best SimpleGA Jointly fit from  Best SimpleGA - Jointly fit from
pretrained SimpleGA best SimOpt  pretrained SimpleGA

- best SimpleGA

Low 650 4,903 4,827 4,859 -1.53 £ 0.01 0.67 £ 0.01
Low 3,250 5,974 5,925 5,925 -0.81 + 0.00 0.00 £ 0.01
High 650 26,966 26,839 26,848 -0.47 + 0.00 0.04 + 0.00
High 3,250 28,555 28,524 28,544 -0.11 + 0.00 0.07 &+ 0.00

Mean daily cost values from Tables 6.12 to 6.15. Paired-sample differences were calculated between two pairs of policies.
In each case, the percentage difference in daily cost was calculated between the combination of policies and the reported
paired-sample difference is the mean (£ the standard error of the mean) percentage difference over the 10,000 evaluation
episodes. For each experiment, “Best SimOpt” was the solution with the lowest mean daily cost when fitting the
replenishment policy using simulation optimization, “Best SimpleGA” was the solution with the lowest mean daily cost
when fitting at least one policy with SimpleGA, and “Jointly fit from pretrained SimpleGA” was the method where both
policies were fit using SimpleGA and were initialized using supervised pretraining

Table 6.16: Summary of mean daily costs and paired-sample percentage difference in mean
daily costs for the eight product scenario

6.8 Discussion

This chapter is, to the best of my knowledge, the first to frame the problem
of platelet inventory management in a hospital blood bank as a multi-agent
RL problem, jointly optimizing the replenishment and issuing policies. Using
custom RL environments, I developed and evaluated both heuristic and neural
network-based replenishment and issuing policies for managing platelet inventory,
including all eight ABO/RhD blood types and their substitution relationships. The
models were tested with realistic inputs for daily demand, demand per blood type,
and the remaining useful life of platelet units upon arrival at the hospital blood bank.

To support this research, I developed Python classes for GPU-accelerated
multi-agent RL environments capable of handling multiple agents. This included
a fully-fledged multi-agent environment for the single product scenario and an
adapted single-agent environment for the two and eight product scenarios. Both
of these environments were specifically developed to handle an important, and
unusual, feature of the problem: the fact that the replenishment and issuing
agents act at different frequencies with a random number of steps between the
successive steps by the replenishment agent depending on the daily demand.
The adapted single-agent environment offers an efficient interface for applying
neuroevolutionary methods to other problems with similar characteristics: where

multiple agents share the same reward, and do not take their actions in parallel or
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alternately.

Neuroevolutionary methods proved highly effective, with SimpleGA yielding
lower costs compared to both heuristic methods and PPO for single product
scenarios and lower costs than heuristic policies in the two and eight product
scenarios.  Incorporating existing knowledge from a heuristic policy was
straightforward with SimpleGA. This approach led to improved results for the
harder problems, with a longer lead time, in the single product case and was
essential to achieving lower costs than the heuristic policies in the eight product
case.

There was no disadvantage to jointly fitting the policies with SimpleGA
compared to fitting the replenishment policy with the optimal issuing policy in the
single product case. There are experimental settings for the two product scenario
where jointly optimizing the policies gave lower costs than optimizing only the
replenishment policy with the best heuristic issuing policy, and, for the base case
of the scenario, the benefit from joint optimization was attributed to an improved
issuing policy.

For the eight product case, with realistic inputs for platelet inventory
management in a hospital blood bank, there was no benefit to jointly optimizing
the replenishment and issuing policies and less benefit from using neural network
replenishment policies. However, the multi-agent RL environments provided an
efficient way to fit the parameters of the heuristic policies, by supporting the
evaluation of multiple candidate policy parameters in parallel on a large number of
episodes, and a modular interface that enabled different combinations of policies to
be straightforwardly compared.

The results for the eight-product scenario are not sufficient to conclude that
heuristic policies will generally be competitive with neural network policies for
more realistic and complex problems. Sensitivity analyses for the two-product
scenario indicate that the relative performance of the two approaches can vary
significantly depending on the problem settings: the benefits of neural network

policies become more pronounced as demand decreased and the lead times
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increased. This suggests that the effectiveness of each approach may depend on the
specific operational context, and further investigation is needed to fully understand
their comparative advantages across a broader range of scenarios.

For the single and two product cases, I found that neuroevolutionary methods
offered an effective way to estimate the Pareto frontier between wastage and service
level. In both cases, an outer-loop approach using SimpleGA to jointly fit the
replenishment and issuing policy offered better performance across the range of
possible combinations of service level and wastage than heuristic policies.

The main limitation of this chapter is that, except for the simplest case when
m = 2 and L = 2 for the single product scenario, the multi-dimensional observation
space and black-box nature of neural networks mean that I have not been able
to describe in detail how and when the neural network policies differ from the
heuristic policies. Understanding these differences could support the development
of new heuristic policies that incorporate the key differences in a transparent way
and provide greater confidence to decision makers. I was able to establish, either by
exhaustively evaluating the order-up-to parameters or plotting the order quantities
against total stock for each product, that the neural network replenishment policies
are not alternative parameterizations of the base stock policy and so are taking
additional information into account.

Additionally, I did not consider multi-objective optimization for the eight
product case. Multi-objective optimization was a relatively straightforward
extension of the existing work for the single and two product scenarios, but
there are additional challenges to the eight product case. Firstly, due to the larger
number of products (and demand, for the high demand case), it was not feasible
to exhaustively evaluate the parameters for the base stock policy and an alternative
method would be needed for searching the heuristic policy space. Additionally, the
results using a cost function to balance priorities showed that it was challenging
to fit neural network policies that achieved better performance than the heuristic
policies without supervised pretraining. Therefore, in order for it to be worthwhile

running the multi-objective optimization for the neural network policies, I would
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need to investigate how to perform supervised pretraining from a range of heuristic
policies covering trade-offs between the objectives. This additional work is beyond
the scope of the chapter.

Another limitation is that 1 have only considered one, basic, multi-agent
RL method (IPPO). The tooling and software libraries in Python for multi-agent
RL are much less mature than those for single-agent RL and therefore it is
not straightforward to apply standard algorithms to new custom environments,
even for CPU-based environments. Additionally these methods require step-level
information, and I found that my fully-fledged GPU-accelerated multi-agent RL
environments were slow for the problems with more than one product. I therefore
chose to focus on the neuroevolutionary methods, specifically SimpleGA, because
it had the strongest performance on the single product scenario and, because it
learns from performance at the level of episode, could be used with my adapted
single-agent environment.

Since the start of the work on this chapter, other researchers have developed
JAX-based multi-agent RL environments. A team including the author of
gymnax [119], which I used as the basis for environments in this chapter,
introduced JaxMARL in November 2023 which includes GPU-accelerated
multi-agent environments and compatible implementations of popular multi-agent
RL algorithms. Unlike the environments I developed, the environments assume
that the agents act in parallel, so each agent is assumed to act at each timestep.
Dummy actions can be used if the agents act in turn or at different intervals (as with
the scenarios considered in this chapter). This was followed in December 2023
by Mava [312], which provides multi-agent RL algorithms written in JAX that are
compatible with JAX-based environments implemented using the Python library
Jumanji [313]. A library for creating a more specialized set of environments,
modelling games inspired by Multiplayer Online Battle Arena games, has also
been released [314]. The availability of more standardized environment classes
and compatible implementations of multi-agent RL algorithms will make it more

straightforward to compare a variety of methods on new environments, and to
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compare new methods on a variety of environments.

6.9 Conclusion

In this chapter, I explored the joint optimization of replenishment and issuing
policies for managing perishable inventory, up to and including platelet inventory
control across all eight ABO/RhD blood types and their substitution relationships.
I developed custom GPU-accelerated RL environments to reflect the decisions of
multiple agents, including a fully-fledged multi-agent environment and an adapted
single-agent environment, which was more computationally efficient for larger
problems. Neural network replenishment policies, optimized using a simple genetic
algorithm, consistently incurred lower costs than heuristic benchmark policies. In
some cases, jointly optimizing both replenishment and issuing policies resulted in
the lowest costs. As interest in DRL algorithms grows in operational research,
this chapter demonstrates that neuroevolution offers a compelling alternative.
It achieved strong performance, benefited from large-scale parallelization using
GPUs, easily incorporated existing knowledge through supervised pretraining to
initialize parameters, and was used to estimate the Pareto frontier of solutions under

different priorities by directly optimizing KPIs over whole simulated episodes.



Chapter 7

Conclusion

In this chapter I summarize the findings of the thesis, set out the strengths and

weaknesses of the work as a whole, and suggest directions for future research.

7.1 Summary of findings

In Chapter 3, I found that DRL methods can be used to learn effective policies for
platelet replenishment. The DRL algorithm PPO gave the lowest mean daily costs of
two DRL and four heuristic policies, with the parameters for the heuristics fit using
stochastic mixed integer linear programming, when using both simulated demand
and observed demand trajectories from our partner hospital. For the simulated
demand case, on which the optimal policy was computed using ()-value iteration,
PPO performed near optimally.

Subsequently, in Chapter 4, I established that advances in GPU hardware and
software have increased the size of perishable inventory problems for which it is
practical and feasible to find the optimal policy. Using the Python library JAX and
consumer-grade GPU hardware, I computed the optimal policy with value iteration
for large cases of three scenarios which were recently described as infeasible or
impractical in the literature. Additionally, I developed GPU-accelerated simulators
which I used to fit well-performing heuristic replenishment policy parameters for
each of the scenarios, and for the scenario considered in Chapter 3.

In Chapter 5, I developed an updated model of the platelet inventory

management workflow to incorporate returns, platelet units issued to patients but not
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transfused, to investigate how hospital blood banks can modify their issuing policies
to mitigate wastage caused by this discrepancy between requests and transfusions.
Using a simulation-first approach, enabled by the GPU-accelerated simulators
developed in Chapter 4, I estimated the potential utility of a novel, ML-guided
issuing policy, for different levels of predictive model quality. This analysis showed
that the proposed policy, supported by a sufficiently good predictive model, could
reduce wastage relative to a standard OUFO policy and I subsequently trained and
evaluated a sufficiently good supervised learning model.

Finally, in Chapter 6 I investigated jointly optimizing replenishment and
issuing policies for managing multiple perishable products with substitution. I
built custom, GPU-accelerated environments to model the task as a multi-agent
problem which provide a modular platform for comparing the performance of
different replenishment and issuing policies. In some scenarios jointly optimizing
the policies gave the lowest costs. There was no clear benefit to neural network
policies or jointly optimizing the policies when managing platelets of eight different
blood types, but there is not enough evidence to suggest that this holds in general
for larger, more realistic problems: sensitivity analyses on a smaller scenario
showed the benefits of neural networks policies depend on multiple problem settings
including lead time and demand. I explored the advantages of fitting neural network
policies using evolutionary algorithms, including the ability to optimize the policies
using KPIs directly, and to incorporate knowledge from heuristic policies into the
policy search process.

Overall, the results show that ML and GPU-accelerated computing can be used
to find improved policies for both platelet replenishment and issuing in a hospital
blood bank, supporting decision-making for larger problems that incorporate

challenging, previously neglected, aspects of reality.

7.2 Strengths and limitations

I explain the strengths and limitations of individual components of the work in the

corresponding chapters. In this section I focus, in turn, on strengths and limitations
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of the thesis as a whole.

7.2.1 Strengths

One strength of the work is the engagement with subject matter experts and
practitioners - the people whose day-to-day work this research is ultimately intended
to support. I spent a day shadowing a Senior Biomedical Scientist in the UCLH
transfusion laboratory, have presented and discussed the findings of the work
internally at multiple UCLH Hospital Transfusion Team meetings and externally
at conferences for blood transfusion and haematology. I also collaborated with
the National Institute for Health and Care Research (NIHR) Blood Transfusion
Research Unit in Data Driven Transfusion Practice to review current applications
of ML applied to transfusion medicine. Chapters 5 and 6 address aspects of
the real-world problem identified through discussions with staff at the UCLH
transfusion laboratory and they are considering how best to implement an issuing
policy based on my proposed ML-guided policy. I have reported the results in
terms of KPIs relevant to the practitioners and in Chapter 6 used multi-objective
optimization methods to present a range of feasible options in terms of these KPI
for perishable inventory management problems.

I have sought to tackle realistic sized problems, using data for daily demand,
remaining useful life on arrival, and the distribution of blood types from previously
reported work and from UCLH. I invested effort into improving benchmark
methods so that they can be applied to larger problems with additional aspects
of reality, rather than focusing solely on ML methods. This included developing
a GPU-accelerated implementation of value iteration that was able to compute the
optimal policy for the realistic setting of the platelet inventory management problem
described by Mirjalili [166]. I also developed GPU-accelerated RL environments,
simulators for MDPs, and used them to fit heuristic policy parameters efficiently
using simulation optimization, achieving better results than fitting parameters for
the same policies using stochastic mixed integer linear programming.

Making use of the GPU-accelerated RL environments to simulate a workflow,

I adopted a simulation-first approach in Chapter 5. This approach enabled me to
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investigate the potential benefits of an ML model despite challenges with access to
data and computational resources, and could be widely applicable to gain an initial
understanding of the potential real-world benefits on an ML model.

Finally, I have released my experimental code open source on GitHub. Many
previous studies in this area model very similar scenarios from scratch, duplicating
effort and increasing the likelihood of errors. By sharing the code I hope that other
researchers will be able to build on it and that, in the future, it will form part of a
reference set of problems enabling different methods to be readily compared, such

as OR-Gym [147].

7.2.2 Limitations

A major limitation, compared to the original vision for the project, is the limited
use of patient-level data to inform blood product inventory management decisions.
This resulted from two related difficulties: access to patient-level data, and the
availability of computational resources in a secure research environment. The
ethical approval and data access requests were delayed by the COVID-19 pandemic,
but I eventually obtained access to data from our partner hospital through a virtual
desktop with limited computational resource, and no GPU access. I was granted
approval to transfer the data to the UCL Data Safe Haven (DSH), but the GPUs
available on the DSH were subsequently taken out of service. As a result, it has only
been possible to perform limited ML modelling work on the patient-level data (for
example, the XGBoost model to predict returned platelet units in Chapter 5) but not,
as was originally planned, to incorporate them into the observations of an RL model.
The thesis therefore focuses more heavily on simulated data, with inputs drawn from
the literature and UCLH, and I developed the simulation-first approach in Chapter
5 as an alternative to a more common ML model development-first approach which
may be a useful alternative for other researchers facing similar challenges.

In Chapters 3, 4 and 5 I balanced competing inventory management objectives,
such as service level and wastage, using notional costs. I initially adopted this
approach because it was frequently used in the related literature and provides a

single scalar cost that could be used as a reward signal for RL. While the same
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notional costs have been used in previous work, they do not have an empirical basis
and therefore may not reflect the true preferences of practitioners. As noted above,
in Chapter 6 I considered how to understand and illustrate the trade-offs between
different objectives while retaining the flexibility of a neural network policy,

I used NSGA-II to search the heuristic policy parameter spaces when
evaluating every combination of parameters was not possible in Chapters 4, 5
and 6. I selected this method based on preliminary experiments during the work
for Chapter 4, in which I found that it was more efficiently able to deal with batch
updates (i.e. for multiple combinations of policy parameters tested in parallel) than
the competing methods available in the Python library Optuna. However, I did
not perform an exhaustive evaluation of alternative search strategies and it may be
possible to obtain better performance, both in terms of the policy parameters and
the efficiency of searching the space, using an alternative method.

The scenarios considered in this thesis build on recently published scenarios
and include elements of the real problem that have previously received relatively
little attention, including the fact of returns and placing replenishment orders for
platelets taking into account ABO/RhD blood groups. However, I did not consider a
scenario that includes both of these elements, and there are other elements of the real
problem, such as orders for patients with special transfusion requirements and the
possibility of multiple routine replenishment orders per day, that may be important
to include to provide useful decision support in real life. My RL environments
could be straightforwardly modified to account for multiple routine orders per day,
but incorporating patients with special transfusion requirements would be more

challenging.

7.3 Future research directions

In light of the research set out in this thesis, I propose future directions for research
on using ML methods to support the management of blood product inventory and

how the software and approaches I have developed may be applied more broadly.
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7.3.1 Blood product inventory management

7.3.1.1 Explaining policies

In Chapters 3, 4 and 6 I have found cases where the optimal replenishment policy
computed using value iteration or a policy fit using a neural network gives better
performance than a heuristic replenishment policy. The downside of these policies
is that they are more complex and, when the observation space is large, difficult
to visualize and interpret. The example provided by Quinn et al. [90] shows that
hospital blood banks may be willing to adopt a system that recommends order
quantities, instead of using simple heuristic rules. However, it would be helpful
for both researchers and practitioners to have a better understanding of the complex
policies. It may help researchers to develop new methods, including new heuristics.
For decision makers, it could help to build confidence in the system and awareness
about when the recommendations may not be suitable. One method for improving
understanding would be to develop new visualizations, which may benefit from
interactivity due to the large number of dimensions, that can help users to explore
the complex policies, including the impact of different inputs on the recommended
order quantities and when and how they differ from well-understood heuristic

policies.

7.3.1.2 Multi-objective optimization

In Chapter 6 I used two multi-objective optimization approaches (an outer-loop
approach and NSGA-II) to investigate the possible trade-offs between different
objectives, instead of balancing the objectives using notional costs. Given the
difficulty of estimating the notional costs for wastage and shortage, where the costs
are not primarily financial, framing the platelet inventory management problem as
a multi-objective approach may help to develop policies that are better suited to the
preferences of decision makers. While Blake ef al. [37] emphasized the potential
benefits of this approach over 10 years ago, the majority of work in this area still
uses notional costs to balance different priorities. Future work could explore the

many alternative evolutionary algorithms for multi-objective optimization, or the
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problem could be modelled as a multi-objective MDP [295], with a vector valued
reward function. A Python library with a new API for modelling multi-objective
MDPs, and a collection of compatible algorithms, was released in 2023 [315],
which may help to facilitate work in this direction. These methods may be more
effective and efficient at estimating the Pareto frontier between KPIs of interest to
decision makers, and support the extension of the multi-objective optimization work

to the inventory management of all eight ABO/RhD blood types.

7.3.1.3 Improved prediction of transfusion based on a request for

platelets

In Chapter 5 I developed the first, to the best of my knowledge, supervised learning
model to predict whether platelet units requested by clinicians and issued by
the hospital blood bank would be transfused to patients. The performance was
sufficiently good to reduce wastage due to returns using my ML-guided YUPR
issuing policy but, with an AUROC of 0.74, there is room for improvement. It may
be possible to improve the predictive performance by including additional features
representing diagnoses, procedures, and the indication for the planned transfusion
if they are available at the time the issuing decision is made. A similar predictive
model could also be used to support the decision about whether to issue a platelet
unit in response to a request, not just which unit to issue, supporting the work of a
platelet coordinator [274] to ensure that blood products are used appropriately and
to reduce wastage. This could reduce wastage even in settings where units are not
generally able to be reissued or are outside the hospital blood bank for a shorter
period of time but would bring the use of predictive models closer to decisions
on the clinical management of individual patients. Such use would, appropriately,

come with additional ethical, professional and regulatory considerations.

7.3.1.4 Using implicit or explicit demand forecasting to support

replenishment decisions

Part of the original motivation for this project was that real-time data from EHRs

could be used to forecast demand, and these forecasts could be used to support
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replenishment decisions. While it was not ultimately possible to follow that line
of research due to challenges with access to data and computational resources,
other research groups have recently used ML methods and EHR data to forecast
demand for PRBCs [62, 91, 316] and platelets [61, 93, 94, 317] concurrently with
my work and Quinn et al. [90] reported on the successful implementation of a
system to recommend PRBC order quantities based on haemoglobin test results.
The integration of a forecast, or features relevant to forecasting the demand, into the
observation space of a policy trained using DRL has not yet been investigated. The
eight product scenario considered in Chapter 6 shows a steep trade-off between low
wastage and a high exact match percentage - a forecast of the demand for each blood
group could help to improve both of these metrics. Dumkreiger [63] investigated
the potential benefit of demand forecasts for PRBC inventory management using
a simulation-first approach to support a heuristic replenishment policy. A similar
simulation-first study may be a useful first step for investigating the benefits of
demand forecasts for platelets: incorporating simulated forecasts with different
levels of predictive accuracy and time horizons into the observation space for neural

network replenishment policies.

7.3.1.5 Benefits of sharing data through the supply chain

An extension of using real-time data to predict demand at the hospital level would
be to share information (both stock levels and aggregated data from EHRs that
could support demand forecasting) through the supply chain, to support forecasting
demand at higher levels. I understand from discussions held with member of the
NIHR Blood Transfusion Research Unit in Data Driven Transfusion that NHSBT,
who supply blood products to hospital blood banks in the UK, have very limited
transparency of stock holding and activity within hospitals. Sharing information
could help to create aggregate demand forecasts, which in turn could support
collection and distribution efforts. However, developing and implementing the
connections required for data sharing may be expensive and require agreement
between multiple parties with different interests. Therefore this idea may also be

well suited to a simulation-first approach, and modelled using a multi-agent RL
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environment with agents representing decision makers at different echelons of the
supply chain. Bhandawat er al. [318] simulated the use of a distributed ledger to
share limited information between different participants in a regional blood supply
chain but a more straightforward, centralized system may be feasible in the UK
where the participants are part of single healthcare system. In the context of a
retail supply chain, Meisheri et al. [155] investigated how the quality of forecasts
affected the performance of replenishment policies fit using DRL. In addition to
considering the benefits of information sharing, simulating multiple echelons of
the blood chain could also help to understand the potential challenges if some
participants start to use data-driven methods to support decision making - Meneses
et al. [55] highlighted the importance of considering multiple echelons of the blood
supply chain to avoid excessive sub-optimization which may lead to negative effects

for other participants or at other levels.

7.3.1.6 Implementation studies

From my scoping review [21] and wider reading it is clear that the implementation
of ML models, and other optimization methods [1], to support the management
of blood product inventory is very limited. During the work on this thesis
I have experienced many of the challenges associated with developing models
based on patient-level data (e.g. approvals processes and the availability of
appropriate computational resources on secure research computing environments).
Implementation studies bring a range of additional challenges beyond those faced
when making batch predictions on historical data including the need for a platform
that can provide access to features in near-real time from multiple EHR systems,
developing a suitable user interface for the outputs and system maintenance. The
simulation-first approach can help to identify candidate decisions and models likely
to lead to real-world benefits, but ultimately realizing those benefits for healthcare
systems and patients will require additional work to shadow-test models and then

evaluate their performance when used to inform real decisions.
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7.3.1.7 Packed red blood cells

All of the above future research could also be applied to the inventory management
of PRBCs. The differences between platelets and PRBCs, particularly the longer
shelf life and increased importance of compatibility of PRBCs, will require different
approaches to implementation but the core ideas are applicable to both products.
In hospitals that do not have routine daily deliveries, but where both PRBCs and
platelets are provided by the same supplier, there may also be benefits to considering
a joint replenishment task for both products to minimize the number of deliveries

and staff time spent processing orders.

7.3.2 Wider applications

Three elements of this work may help to support research into a range of problems
beyond blood product inventory management: adopting a simulation-first approach
to ML modelling in healthcare, using GPU-accelerated dynamic programming and

simulation optimization, and GPU-accelerated multi-agent RL environments.

7.3.2.1 Simulation-first approaches to developing machine learning

models in healthcare
In Chapter 5, I adopted a simulation-first approach to investigate a novel use case
for ML: predicting whether requests for platelets would result in transfusion. This
approach enabled me to understand how good a predictive model for this task would
need to be in order to achieve improvements in KPIs of interest to decision makers
when utilized in a workflow, and required only high-level summary data.

The path to realizing value from ML applications in healthcare requires
the deployment of models inside existing clinical or operational workflows, or
the development of new workflows based on their predictions. In cases where
the clinical workflow can be readily modelled this approach can provide early
information about whether model development is likely to be beneficial. This
could be particularly beneficial when access to patient-level or other sensitive
data is a challenge: if even a perfect predictive model cannot support meaningful

improvements in KPIs then the often time-consuming process of obtaining
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approvals and access to data will not be worthwhile. It would also, by necessity,
encourage engagement at an early stage with staff who understand current practice
and whose work would be supported by model predictions.

In addition, results from early workflow simulations can be used to inform
model selection. In Chapter 5 I used the partial-AUROC, calculated for a range
of false-positive rate values determined by the simulation results, when tuning the
hyperparameters of the predictive model in an effort to ensure that improvements in

model performance would correspond to improvements in KPIs.

7.3.2.2 GPU-accelerated dynamic programming and simulation
optimization

In Chapter 4, I developed a versatile Python class for running value iteration on one

or more GPUs, supporting by the Python library JAX, to estimate the optimal policy

for an MDP. The general Python class was adapted for four scenarios and, using this

approach, I was able to extend the size of problems for which value iteration was

feasible and practical compared to recent studies.

As I set out in Chapter 4, the ability to determine the optimal policy for
larger, more realistic problems has two major benefits. The first is that, where
real problems of interest are now feasible, the optimal policy can be estimated and
used in practice. The second is that the optimal policies can be used to benchmark
heuristic and approximate approaches on a larger range problems.

My Python implementation for value iteration could be extended from its
current state, as research code with some automated tests and an interactive
demonstration notebook, into a fully-fledged software library with additional tests,
a wider range of examples for different problems, and full documentation to support
future research efforts.

In the same chapter, I used GPU-accelerated RL environments implemented
using the Python library gymnax [119] to simulate MDPs and fit the policies
of heuristic policy parameters using simulation optimization. This has wide
applicability and could support work on open problems within perishable inventory

management, including replenishment in small, rural blood banks with low demand,
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and on a range of problems in other research areas that can be solved using
dynamic programming. Implementing meta-heuristic methods for searching integer
parameter spaces in the API of the the Python library evosax [121], which was built
to be compatible with gymnax RL environments, could facilitate the benchmarking
and comparison of different methods for fitting heuristic policy parameters when
the performance of a large number of candidate solutions can be evaluated on a
large number of episodes in parallel.

More broadly, these serve as examples of how software libraries from the
ML community can provide an accessible way for researchers in other disciplines,
without extensive experience in GPU programming, to take advantage of modern

GPU hardware.

7.3.2.3 Further development of GPU-accelerated multi-agent

environments

In Chapter 6 I developed a GPU-accelerated multi-agent RL environment based
on the single agent environments from the Python library gymnax [119]. The
environment handles a crucial feature of our problem of interest (heterogeneous
agents acting at different frequencies) but does not currently scale well to larger
problems due to the memory required to track information for multiple agents.

Concurrent to my work, a group including the author of the gymnax
library released a Python library including a general GPU-accelerated multi-agent
environment and compatible implementations of popular multi-agent RL algorithms
[319]. The agents are assumed to act in parallel and therefore for our problem, a
dummy action would need to be included at each step depending on whether the step
was a replenishment step or an issuing step. Building on both of these to develop a
general JAX-based multi-agent RL environment that scales to larger problem sizes
and does not assume that all agents act in parallel, would enable the benefits of
GPU-accelerated environments to be extended to a wider range of problems that
can be modelled using multiple agents.

The adapted single-agent environment I developed as part of the work in

Chapter 6 may be more immediately useful for work on multi-agent problems where
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the agents share the same reward function, but act at a different frequencies.

7.4 Concluding remarks

This thesis highlights how advanced computational techniques and ML can support
decision-making in blood product inventory management, contributing to more
efficient and effective healthcare logistics: reducing wastage and helping to ensure

the right unit is available for the right patient at the right time.



Appendix A

Background information on packed

red blood cells

This appendix is a counterpart to the description of platelets in Section 2.2. While I
have not considered the inventory management of packed red blood cells (PRBCs)
directly in this thesis, much of the relevant work on blood product inventory
management is concerned with PRBCs.

Red blood cells deliver oxygen to cells throughout the body, where it is
required to generate energy via aerobic respiration. This process is facilitated
by haemoglobin, a protein contained in red blood cells to which oxygen binds
for transportation. PRBC units are red blood cells that have been processed for
transfusion by separating them from other blood components including platelets
and plasma.

A PRBC transfusion is one of the most common medical procedures
administered to hospital inpatients [320]. Patients may receive a transfusion if
they are actively bleeding or if they they are otherwise suffering from anaemia,
where there are not enough healthy red blood cells to deliver sufficient oxygen to
their cells. The goal of a transfusion to is prevent hypoxia: tissue damage caused
by a lack of oxygen [321].

In the most recent annual report available on their website the Blood Stocks
Management Scheme, run by NHSBT, reported that total demand for RBCs from
English hospitals in 2022/2023 was 1.4M units. Wastage as a percentage of units
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issued was 2.2% during this period, and the main cause of this wastage was time
expiry [3]. As of June 2024, a standard unit of adult PRBCs in England cost £158
[16].

In the UK, PRBC units have a useful life of 35 days from donation if kept
refrigerated. PRBC units may be irradiated within 14 days of donation and then
have a remaining useful life of 14 days from irradiation [13, p.20]. PRBC units may
also be washed to remove most of the the plasma - if this is done in an automated,
closed system them they have a remaining useful life of 14 days from washing, if it
is done manually then they have a remaining useful life of 24 hours from washing
[13, p.20].

In the past, if a patient was likely to require an PRBC transfusion then a
serological crossmatch test would be performed to test for potential incompatibility,
physically mixing a sample of the patient’s plasma with a sample of red blood
cells from the units intended to be used for transfusion. This process was
time-consuming, and therefore when compatible units were identified they were
assigned to patients for a fixed period (the cross-match release period). Now a
group and screen test is used to determine the patient’s ABO and RhD blood type,
and screen for blood group antibodies. In most cases, based on the results from this
test, compatible units can be identified by remote issue (computer cross-matching)
systems without any further tests and there is no need to hold inventory for specific
patients unless they have special transfusion requirements that make remote issue
unsuitable [13, p.10-11].

A “major” ABO incompatibility occurs when the donor’s ABO antigens are
incompatible with the recipient’s antibodies and is the main considerations for
PRBC transfusions. An exact match is preferred for PRBC transfusions, but is
not essential. Transfusions of RhD+ blood to RhD- girls or women of childbearing
age is avoided unless there is no alternative due to the potential risk to a RhD+ fetus
carried by an RhD- mother who has developed anti-D antibodies [13, p.9]

Some patients require regular transfusions throughout their lives, due to

conditions such as sickle cell anaemia and thalassemia. These frequent transfusions
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increase the risk of the patients developing antibodies, and therefore of an adverse
transfusion reaction. Special care is taken to match the blood types of these patients
with the blood type of the donors as closely as possible, and they are normally

transfused with units that have been specially collected and/or ordered for them.



Appendix B

Blood product inventory

management at UCLH

B.1 Introduction

This appendix describes the operations relevant to my work at our partner site,
the transfusion laboratory serving UCLH. I explain the role of the transfusion
laboratory and their current practices, based on a site visit and discussions with staff.
I also present descriptive analysis covering key aspects of blood product use for the
period 1 January 2015 to 31 December 2017, and comment on the importance of
these findings for my subsequent research.

Unless otherwise cited, the information in this chapter about the role and
operations of the transfusion laboratory was obtained during a site visit on 30 July
2021, during which I discussed the topics with Ian Longair and Philip Russell, both

Senior Biomedical Scientists at the laboratory.

B.2 The role of the transfusion laboratory

The transfusion laboratory is run by Health Services Laboratories and serves the
six UCLH hospitals in central London. The transfusion laboratory is a hospital
blood bank responsible for ordering, storing, processing, managing and issuing
fresh blood products. It also performs blood group, antibody and antigen testing.
The UCLH transfusion laboratory faces some of the highest demand in the

country, and is also in a location that allows multiple routine deliveries per day.
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Findings from UCLH may therefore not be generalizable to lower-demand sites, or

to sites in remote locations.

B.3 Inventory management practice

I focus on PRBCs and platelets, but the laboratory also manages other blood
products including fresh frozen plasma.

PRBCs that have not yet been allocated to a specific patient are stored in fridges
in the transfusion laboratory, and in 10 electronic remote issue fridges located across
the UCLH estate. Unallocated platelets are stored in a platelet agitator located in the
transfusion laboratory. PRBC and platelet units ordered from NHSBT for patients
with special requirements are also stored in the fridges or agitator in the transfusion
laboratory until they are required.

All stock is ordered from NHSBT using the NHS Online Blood Ordering
System (OBOS). In the transfusion laboratory, inventory is tracked using two main
systems: Bank Manager and BloodTrack Manager. Bank Manager is a laboratory
information management system that stores information about the blood products
in stock, patients, test results and requests for blood products. BloodTrack Manager

is used to track activity and monitor stock levels in the remote issue fridges.

B.3.1 Orders and deliveries

The transfusion laboratory receives three routine deliveries each weekday, and one
routine delivery each day at weekends. The approximate delivery and order cut-off
times for these deliveries are set out in Table B.1. There is no additional fixed order

cost for these deliveries because they are covered by an annual service charge.

Order cut-off time Delivery time

Weekday 0500 0830
1130 1430
1630 2100
Weekend 0930 1330

Table B.1: Approximate order cut-off and delivery times for routine daily deliveries to the
UCLH transfusion laboratory.
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For platelets, the transfusion laboratory has a standing order of units to be
delivered in the 0830 slot on weekdays and the 1330 slot on weekends. In July
2021, when I visited the transfusion laboratory, this order was for 19 units.

For PRBCs, the number of units ordered in the routine deliveries is determined
using ‘order-up-to’ target stock levels. The laboratory staff use pro-forma that
specifies the target stock of different blood types in each location. On weekdays,
the unallocated stock in the transfusion laboratory fridges is reviewed twice daily, at
approximately 0400 and 1600, and orders are placed for the 0830 and 2100 delivery
slots to bring the stock up to the target stock level. A similar process is performed
once per day using BloodTrack Manager to determine the current stock in the 10
remote issue fridges - an order that will bring the stock levels up to the target stock
(taking into account any excess stock held in the laboratory fridges that could be
transferred to them) will then be made for either the 1430 or 2100 delivery slot. The
same processes are followed at the weekend, but with the reviews performed so that
an order can be made for the single 1330 routine delivery slot.

If patients have special requirements, and the transfusion laboratory is given
advance notice of a planned transfusion, the required units will normally be added
to a routine order so that they arrive on the morning they are expected to be needed.

In addition to routine orders, ad hoc and emergency orders can also be made
to NHSBT. Placing an ad hoc order costs £10, plus approximately £50 for delivery,
and are received within 1-2 hours depending on traffic. Emergency orders incur
similar costs but arrive more quickly because they are delivered by paramedics using
blue lights and sirens. Ad hoc orders are generally made for patients with special
requirements, or when there has been unusually high usage and additional units are
expected to be required before the next routine delivery slot. Emergency orders are
very rarely made because UCLH is not a trauma centre.

When an order is received, the stocks manager in the transfusion laboratory
ticks off each unit against the delivery note and scans it into Bank Manager using

the product barcode.
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B.3.2 Issuing units

The majority of PRBC units are taken directly from remote issue fridges by nurses.
The fridges automatically select the units to be issued based on the patient’s blood
type and other requirements. In general, the oldest unit that is ABO and RhD
compatible with the patient will be issued. When the unit is issued by a remote
fridge, the event is recorded in BloodTrack Manager, and subsequently in Bank
Manager via the interface between those two systems. A minority of patients
cannot safely receive blood by remote issue, this includes patients where there is a
discrepancy in their blood group tests, where they have current or historic antibodies
to blood group antigens, and those who have other special requirements. In these
cases, clinical staff will make a request for units to the transfusion laboratory via
telephone or email. Staff in the transfusion laboratory register the request in Bank
Manager, and search the stock list in Bank Manager for a compatible unit. If a
potentially compatible unit is identified, a physical cross-match will be performed.
If the physical cross-match confirms that the unit can be safely transfused to the
recipient then a courier will deliver the unit(s) to a fridge near the patient, or to the
patient’s bedside, ready for transfusion. If a suitable unit is not available in stock,
then an ad hoc or emergency order will be placed through OBOS.

Platelet units are all kept in an agitator in the transfusion laboratory until issued
to meet a request. Similar to the process for PRBCs that are not remote issued,
clinical staff place a request with the transfusion laboratory via phone or email,
and the transfusion laboratory staff register the request in Bank Manager. The
transfusion laboratory staff will identify a compatible unit using Bank Manager,
or place an ad hoc order if required. The unit(s) are then delivered by courier to a
local platelet agitator or to the patient’s bedside for the requested time. In general,
the transfusion laboratory staff try to ensure that the allocated units are the same
ABO blood group as the patient, and then select the oldest unit. If there are units in
stock that expire at the end of the current day, they will be issued to meet the next
request for which they are an acceptable match.

Products ordered for specific patients are held in the transfusion laboratory for
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their use. However, if they are expected to expire before being transfused to the
patient for whom they were requested (due to a no show or cancellation), then they
will enter the pool of units that may be allocated to other patients.

UCLH’s electronic health record system Epic, which came into use in 2019,
interfaces with Bank Manager to record the administration of transfusions. In
the past, the fate of transfused units was recorded manually on Bank Manager
by transfusion laboratory staff based on paper forms completed in the wards and

clinics.

B.3.3 Stock movement

Couriers move units from the transfusion laboratory to a) top up the PRBC stock of
the remote issue fridges and b) move issued units of PRBC and platelets to fridges
and agitators near a patient, or directly to a patient’s bedside.

Individual remote issue fridges have ‘alarm levels’ for low stock. When
these alarms trigger on BloodTrack Manager, the stocks manager in the transfusion
laboratory will dispatch PRBC units via courier to at least bring the stock level in
the fridge to above the alarm level. This process helps to reduce the number of local
shortages.

Couriers and transfusion laboratory staff visit fridges and agitators outside the
laboratory between 1000 and 1300 each day. They return all platelets back to
the laboratory, and any PRBCs issued by the laboratory more than 24 hours ago.
Additionally, PRBCs in low volume remote issue fridges with less than 7 days of
useful life are moved to high volume fridges to maximize the chance of them being

transfused before expiry.

B.3.4 Performance monitoring

Weekly numbers on wastage, extracted from Bank Manager, are reported to
consultant responsible for the transfusion laboratory. The Hospital Transfusion
Team hold a monthly meeting which includes a detailed review of usage and
wastage statistics from the previous month in the context of prior periods. There

is no fixed review period for considering ordering policies (e.g. the size and
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composition of the standing order for platelets and the order-up-to levels for
PRBCs). Instead, these policies are considered as and when an issue is identified in
the monthly management information prepared for the Hospital Transfusion Team
meeting.

NHSBT will contact the transfusion laboratory if they have concerns about
recent orders and usage, for example using products that meet special requirements
where not strictly necessary, and this may trigger a targeted audit, conducted by
transfusion laboratory staff, into the issue to identify the source of the problem and

potential solutions.

B.4 Descriptive analysis

B.4.1 Data source

I received pseudonymized records of requests, products and tests extracted from
an archive copy of the laboratory information system, Bank Manager, covering the
period 1 January 2015 to 31 December 2017. Requests were included if the request
was required during the period. Products were included in the original extract if
they were received after 1 November 2014 to ensure products received before the
start of the period, but with a missing fate date, were captured. Tests were included
if the result was available on or after 1 November 2014, to account for the fact that
some requests and transfusions early in the period would have been based on group

and screen results from prior to the start of the period.

B.4.2 Red blood cells

I identified a total of 92,887 PRBC units received between 1 January 2015 and 31
December 2017. 2,566 (2.8%) of these units were neonatal units. In the rest of this
analysis I consider only adult units.

In Table B.2 T present a breakdown of the fate of adult units received in
the period by year. I include 132 units with no fate recorded as miscellaneous
wastage. The categories for wastage are defined in Joint UK Blood Transfusion
and Tissue Transplantation Services Professional Advisory Committee (JPAC)

guidelines [322]. The wastage levels, and time expiry as the main source of
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waste, are generally consistent with the rate of 2.4% reported by the Blood
Stocks Management Scheme annual report for hospitals in England in the period
2017/2018 [2], although there is an increase in time expired units of approximately
30% between 2016 and 2017.

In Figure B.1 I present a plot of the daily units of adult PRBC units transfused
during the period, and boxplots showing the distribution of daily PRBC units
received and transfused by year, month and weekday. Figures B.1a and B.1d show
that there is a clear weekly seasonality to demand, with far fewer transfusions at the
weekend than during weekdays. This is due to scheduled procedures taking place
during the week. Demand appears relatively stable over the three years from Figure
B.1b, and there is no clear annual seasonality pattern in Figure B.1c. During this
period, there was no routine delivery on Sundays, which is part of the reason why
the number of units received on a Sunday is so low in Figure B.1d - all the units
received would have been from ad hoc or emergency orders. This weekly pattern is

consistent with previous work [62].

Fate 2015 2016 2017
Transfused 28,850 97.7% 30,252 97.5% 28,682  96.5%
Time expiry 369 1.2% 475 1.5% 626 2.1%
Out of temperature control outside laboratory 161 0.5% 170 0.5% 157 0.5%
Fridge failure 9 0.0% 0 0.0% 79 0.3%
Miscellaneous 128 0.4% 142 0.5% 178 0.6%
Wasted 667 2.3% 787 2.5% 1,040 3.5%
Transferred or returned to NHSBT 18 0.0% 11 0.0% 14 0.0%
Total 29,535 31,050 29,736

Table B.2: Fate of adult PRBC units by year received at the UCLH transfusion laboratory.

In Figure B.2a I present the number of days in advance that a request for PRBC
units was made. In this plot, an order is considered to have been made one day in
advance if registered any time before midnight on the day before it was required.
Approximately 74% of requests are made on the same day. This suggests that daily
forecasting could be beneficial - if most demand was registered before the end of
the preceding day then the requests could be used to plan orders instead of using

forecasts. The units that are requested and required on the same day include those
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Figure B.1: Adult PRBC units received and transfused at UCLH between 2015 and 2017.
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Figure B.2: Timing of requests for adult PRBCs at UCLH between 2015 and 2017.
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requested from remote fridges, rather than through the transfusion laboratory, in
which case the time that the request is registered and required are the same.

In Figure B.2b I present the hour at which requests for adult PRBCs are
required. The peak between 0800 and 0900 is due to orders placed at least day
in advance. In the system these are most often recorded as being required at exactly
0800, indicating that they will be needed at some point during that day during
normal operating hours.

96% of the adult PRBC units received during the period were standard
units of PRBCs in additive solution, which have a useful life of 35 days from
donation. Approximately 19% of these units are irradiated after being received
in the transfusion laboratory, from which point their remaining useful life is 14
days. The majority of the remainder are adult PRBC units that have been washed
using an automated process before arrival at the transfusion laboratory, which have
a remaining useful life of 14 days from the point of washing. In Figure B.3a I
present the useful life at arrival for adult PRBC units in additive solution received
during the period. In Figures B.3b and B.3c I present the remaining useful life
on transfusion for adult PRBC units in additive solution that were not and were
irradiated, respectively, after arrival in the transfusion lab. Figure B.3c shows that
irradiated units are most commonly used the day after irradiation.

In Table B.3 I present the proportion of adult PRBC units received by
ABO/RhD blood type and, for each blood type, the proportion of units received
that were transfused. In general a lower percentage of units that are compatible
with a small percentage of patients were transfused - for example AB- units can
only be safely transfused to patients who have blood types AB+ and AB-, and B+
units can only be safely transfused to patient who have blood types B+ and AB+.

In Table B.4 I present compatibility between the blood type of the patient
receiving the blood and the donor’s blood type for requests where the units were
required during the period. Transfusions are only included in this table where I
was able to identify a group and screen result for the patient where the results were

available before the time that the request was required, but this represents over 99%
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of adult PRBC units transfused in the period. RhD- patients almost always receive

PRBCs from RhD- donors, and substitution is often used where safe (for example,

patients with ABO group AB patients can be safely transfused with any ABO group,

and have the lowest ABO match percentages).

Blood type  Percentage of total units received ~ Percentage transfused
A+ 23.3% 98.6%
A- 7.7% 95.2%
B+ 8.0% 90.0%
B- 5.5% 94.5%
AB+ 1.7% 93.7%
AB- 0.4% 62.2%
O+ 33.0% 98.5%
O- 20.4% 95.7%
100.0%

Table B.3: Proportion of PRBC units received at the UCLH transfusion laboratory by
blood type and, for each blood type, the proportion of units received that were

transfused.

Percentage of all transfused units

Recipient blood type transfused to patients with this Percentage of units transfused to this type
blood type
Exact ABO and
RhD match ABO match RhD match
A+ 28.6% 80.5% 91.0% 85.2%
A- 4.5% 85.9% 85.9% 99.9%
B+ 15.6% 50.3% 72.1% 65.1%
B- 2.4% 70.2% 70.2% 100.0%
AB+ 4.0% 41.9% 46.9% 75.5%
AB- 0.2% 26.4% 26.4% 100.0%
O+ 39.0% 76.2% 100.0% 76.2%
O- 5.6% 100.0% 100.0% 100.0%
100.0%

Table B.4: Proportion of PRBC units transfused at the UCLH transfusion laboratory by
recipient blood type and, for each blood type, the proportion of units transfused
that were an exact ABO/RhD match, an ABO group match, and an RhD group

B.4.3 Platelets

match.

I identified a total of 27,473 platelet units received between 1 January 2015 and 31

December 2017. 409 (1.5%) of the units were neonatal units which are not kept in

stock and are ordered on an ad hoc or emergency basis when required. In the rest of

this analysis I consider only adult units.

In Table B.5 I present a breakdown of the fate of adult units received in the
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period by year. I include 14 units with no fate recorded as miscellaneous wastage.
The categories for wastage are defined in the JPAC guidelines [322]. The wastage
levels, and time expiry as the main source of waste, are consistently lower than the
rate of 4.3% reported by the Blood Stocks Management Scheme annual report for
hospitals in England in the period 2017/2018 [2] although, as with PRBCs, wastage
is higher in 2017 compared to the earlier years.

In Figure B.4 I present a plot of the daily units of adult platelets transfused
during the period, and boxplots showing the distribution of daily platelet units
received and transfused by year, month and weekday. Figures B.4a and B.4d
show a similar weekly demand pattern to that observed for PRBCs, with far fewer
transfusions at the weekend. The weekly seasonality is consistent with prior
research including Guan et al. [11] and Motamedi et al. [61]. As with PRBCs,
annual demand appears relatively stable over the three years from Figure B.1b.
There appear to be periods of higher and lower demand in Figure B.4, but demand

does not exhibit a clear seasonal pattern.

Fate 2015 2016 2017
Transfused 8,796 98.7% 9,057 98.5% 8,776  97.9%
Stock time expired 26 0.3% 47 0.5% 58 0.6%
Medically ordered, not used 55 0.6% 55 0.6% 77 0.9%
Surgically ordered, not used 1 0.0% 4 0.0% 5 0.1%
Wasted outside laboratory 4 0.0% 6 0.1% 5 0.1%
Miscellaneous 25 0.3% 19 0.3% 31 0.3%
Wasted 111 1.2% 131 1.5% 176 2.0%
Transferred or returned to NHSBT 7 0.1% 2 0.0% 8 0.1%
Total 8,914 9,190 8,960

Table B.5: Fate of adult platelet units by year received at the UCLH transfusion laboratory.

In Figure B.5a I present the number of days in advance that a request for adult
platelet units was made. Approximately 90% of requests are made on the same day.
As above, this suggests a role for forecasting because relatively little of the demand
is known before routine order must be placed. In Figure B.5b I present the hour at
which requests for adult platelet are required, showing that the majority of demand

occurs during normal working hours.
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Figure B.4: Adult platelet units received and transfused at UCLH between 2015 and 2017.
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Figure B.5: Timing of requests for adult platelet units at UCLH between 2015 and 2017.
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99% of the adult platelet units received during the period were extended-life
platelets which have a useful life of 7 days from donation. In Figure B.6a I present
the useful life at arrival for extended-life platelet units received during the period.
In Figures B.6b I present the remaining useful life on transfusion for extended-life
platelet units. Of the units that were transfused, 8% were transfused on the last day
of their useful life.

If a platelet unit is issued and then not transfused to a patient and returned to
the transfusion laboratory, this back-and-forth can consume a significant period of
the unit’s useful life. In Figure B.7 I present a flow chart showing the the outcome
of issuing adult platelet units. Only a very small minority, 0.6%, of platelet units
received by the transfusion laboratory are never issued. The majority of units that
are not transfused are issued only once. This raises two potential issues for my
work: the first is that it may be important to include the concept of returns in my
simulations because the hospital blood bank must have sufficient stock to meet all
of the requests even if approximately 10% of the time those units are returned.
The second is that it may be possible to reduce waste by creating a model that
predicts which requests are unlikely to result in transfusion and prompts transfusion
laboratory staff to discuss with the clinical team making the request whether it is
actually necessary.

In Table B.6 I present the proportion of adult platelets received by ABO/RhD
blood type and, for each blood type, the proportion of units received that were
transfused.

In Table B.7 I set out the compatibility between the blood type of the patient
receiving the blood and the donor’s blood type for requests where the platelet units
were required during the period. Transfusions are only included in this table where
I was able to identify a group and screen result for the patient where the results were
available before the time that the request was required, but this represents over 99%

of adult platelet units transfused in the period.
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Figure B.7: Flow chart of how many times platelet units were issued and their subsequent
fate at UCLH between 2015 and 2017.

Blood type  Percentage of total units received ~ Percentage transfused

A+ 45.7% 98.7%
A- 24.2% 98.4%
B+ 6.6% 98.4%
B- 1.6% 96.3%
AB+ 4.3% 98.1%
AB- 1.0% 96.4%
O+ 6.5% 96.6%
O- 10.0% 98.7%
100.0%

Table B.6: Proportion of adult platelet units received at the UCLH transfusion laboratory
by blood type and, for each blood type, the proportion of units received that
were transfused.

B.5 Conclusion
UCLH is not typical of transfusion laboratories in the United Kingdom due to
its relatively high demand. The overall patterns of demand, with clear weekly
seasonality but no obvious monthly seasonality, are consistent with previous
reported results from other countries.

The UCLH transfusion laboratory performs well in terms of wastage, with
similar wastage of PRBCs and lower wastage of platelets than reported for hospitals
in England during the same period. This is perhaps to be expected given the

relatively high demand. The relatively high wastage of platelet units that are issued
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Percentage of all transfused units

Recipient blood type transfused to patients with this Percentage of units transfused to this type
blood type
Exact ABO and
RhD match ABO match RhD match
A+ 30.8% 71.1% 90.7% 78.7%
A- 5.0% 88.5% 92.1% 94.9%
B+ 13.1% 33.6% 38.7% 80.2%
B- 2.2% 12.7% 12.7% 100.0%
AB+ 3.6% 37.0% 42.1% 83.3%
AB- 0.4% 8.7% 8.7% 100.0%
O+ 37.2% 12.6% 29.3% 66.7%
O- 7.8% 41.1% 42.7% 94.9%
100.0%

Table B.7: Proportion of adult platelet units transfused at the UCLH transfusion laboratory
by recipient blood type and, for each blood type, the proportion of units
transfused that were an exact ABO/RhD match, an ABO group match, and an
RhD group match.

by the laboratory but not transfused suggests that this is a process that should
be incorporated into my work, both to cover the complete demand seen by the
transfusion laboratory and to investigate whether changes in issuing policy could
reduce this wastage. This is not something that has been considered in prior work
in the area.

The timing of requests for both PRBCs and platelets suggested that there
could be a benefit to short-term forecasting: the vast majority of demand for
both blood products is same-day. If much of the demand was known further in
advance then that could be incorporated into orders with less need for forecasting.
Additionally, there is room for improvement in the percentage of transfusions where
there is an exact match between the patient and donor ABO/RhD blood types. This
could be supported by type-specific forecasts and order recommendations like those
produced by Quinn ef al. [90] so that the units in stock more closely match the needs

of the current inpatients.



Appendix C

Chapter 3 supplement: Evaluating
previously reported heuristic policy
parameters on the reinforcement

learning environment

In order to properly evaluate the performance of DRL methods on the simplified
platelet replenishment scenario described by Rajendran and Srinivas [45], it is
necessary to establish relevant benchmark policies. I initially intended to use the
policies described in Rajendran and Srinivas [45], using the parameters reported in
the study, as a benchmark solution and therefore implemented these policies and
applied them to my RL environment. In this Appendix I describe my approach to
estimating the performance of the four policies with the reported parameters, and
why I ultimately reimplemented the stochastic mixed integer linear programming

approach to re-fit the parameters for these policies.

C.1 Methods

I created custom Python Agent classes compatible with my OpenAl Gym
environment for each of the four heuristic ordering policies described in Rajendran
and Srinivas [45]. The ordering rules for the four policies are set out in Equations

3.6 to 3.9 and the parameters reported for those policies in Rajendran and Srinivas
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[45] are presented in Table C.1.
I applied these policies to the 1,000 evaluation rollouts (described in Section

3.4.5) and recorded the daily rewards (and reward components).

Policy Parameter Weekday

Mon Tue Wed Thu Fri Sat Sun

s,s)t s 10 8 17 9 15 13 5
(s,8)

S 51 58 60 39 43 32 30
(s,Q) s 7 9 20 10 21 18 7

50 34 45 33 30 48 34

(s,8,0,Q) s 19 18 13 10 10 11 19
s 50 48 40 54 31 30 45
o 18 13 10 8 7 10 13
Q 32 14 27 35 22 16 34
(s,8,8,Q) s 18 15 2 12 2 9 5
S 51 48 40 59 43 29 45
B 1 1 0 3 14 0 1
Q 33 31 0 46 21 0 35

Table C.1: Heuristic policy parameters for the baseline platelet replenishment scenario
from Table 2 of Rajendran and Srinivas [45]

C.2 Results

I present the mean daily costs incurred by each policy over the 1,000 evaluation
episodes, split by component, in Table C.2. The results are presented alongside
those reported in Rajendran and Srinivas [45] as costs output by their stochastic

programming optimization process for comparison.

C.3 Discussion

I did not expect the two sets of costs presented in Table C.2 to be exactly the
same: the shorter trajectories (of 30 days) in the original paper mean that initial
and terminal conditions will make a larger relative contribution to the mean values.
I am interested in evaluating the long-term performance of the policies.

The two largest elements of the total cost (variable purchasing cost and
shortage cost) are similar between both sets of results and the same relative
performance can be observed for these measures: for example in both cases the

(s,8,a, Q) policy has the lowest total cost, the lowest shortage cost and the second
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Policy Source Mean daily cost

Fixed  Variable Holding Shortage  Wastage Total

(s,9)f Ours 138 17,778 1,006 26,223 0 45145
[45] 146 17,565 4524 27,101 2,106 51,442
(s,Q) Ours 156 18,619 947 22,019 0 41,742
[45] 173 18819 4651 22342 905 46,890
(s,8,0,Q) Ours 188 20,754 819 11,342 0 33,104
[45] 200 20482 4,148 12,455 1,011 38,296
(s,5,8,Q) Ours 195 20,060 601 14811 0 35668
[45] 151 20,217 4,664 13,507 1,202 39,740

The daily cost components and total costs on the RL environment were calculated for each episode. The mean of the daily
cost components and daily total cost over the 1,000 evaluation episodes is reported in the rows labelled “Ours”.

Table C.2: Mean daily costs incurred on my RL environment using the heuristic
replenishment policy parameters reported in Table 3 of Rajendran and Srinivas
[45], presented alongside the reported performance from Table 2 of Rajendran
and Srinivas [45] for the same parameters.

lowest variable purchasing cost while the (s, S)" policy has the highest total cost
and the highest shortage cost.

There are differences between the two sets of results in the wastage and holding
costs: both are much lower across all of the agents in my implementation.

It is surprising, given the relative value of the costs, that none of the policies
make an order almost every day. If the policies were making an order every day,
the mean daily fixed cost would be $225. The fixed order cost is less than twice
the holding cost per unit, and therefore I would not expect it to be cost effective
to make larger orders (e.g. for two days’ demand) at a lower frequency. This is
particularly relevant given the high shortage costs observed in both sets of results -
even the policy with the lowest shortage cost in my implementation, (s, S, o, Q), has
an average daily shortfall of 3 units.

I want to use these heuristic policies as a benchmark to compare with the
performance of DRL methods. If that comparison is to be valid, I need to be
confident that the parameters I am using for those policies are good (if not optimal).
Based on the results above, I considered that it may be possible to find parameters
for these heuristic policies that perform better than the results reported by Rajendran
and Srinivas [45] and my application of the parameterized policies to my RL

environment. | therefore re-implemented the stochastic mixed integer programming
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approach described in Rajendran and Srinivas [45] to investigate this, and to ensure
that the performance of the DRL policies is not flattered by under-performing
benchmark policies. The results of this subsequent work are reported in Section

3.4.5



Appendix D

Chapter 3 supplement: Stochastic

programming formulation

In this appendix I reproduce the stochastic programming objective and constraints
used to fit the policies described in Section 3.4.5. As I explain in that section, this
is a reimplementation of the methods from Rajendran and Srinivas [45] but with

amendments to

* explicitly constrain the policy parameter decision variables so that there is

one per day of the week (instead of per timestep);
* add additional constraints to enforce the OUFO issuing policy; and

e correct a typographical error in their equation 9.

These modifications are described in Section D.4 below. The indices,
sets, parameters, decision variables, objective function and other constraints are
reproduced from Rajendran and Srinivas [45] using the original notation instead of
the alternative notation used elsewhere in this thesis.

I did not include the review period in this reproduction of the constraints,
because in both my analysis and in the original paper it is not changed and the
stock is reviewed each day.

The formulation below assumes that the weekdays are numbered at O to 6, with
Sunday as 0. In practice, when implementing these models, I used the common

Python convention that Monday is the weekday with index O and therefore replaced
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t%7 with (t—1)%7 to maintain the fact that the weekday of the first timestep should
be Monday. I use %y to represent x mod y, because the latter is difficult to format
in subscripts. The % symbol is used to represent the modulo operation in Python.

I represent the set of scenarios as €2 and a specific scenario as w. Most variables
(excluding the policy parameters) can have a different value in each scenario, for
example D;(w) represents the demand on day ¢ in scenario w. Each of the 20
scenarios is equally likely, and therefore p(w) for each scenario is 2%.

The starting inventory is always the same: 36 units with a remaining useful
life of two days (as if they had been delivered on the preceding Sunday), with no
order arriving on the Monday morning. This value was calculated following private
correspondence with the authors of the original paper [45], in which they explained
that they had used a starting inventory equal to the mean daily demand over the

seven weekdays.

D.1 Indices and Sets

In Table D.1 I present the indices and sets common to all of the stochastic

programming approaches.

Notation Description

a€ A Set of platelet age (shelf life in days)
teT Set of time periods (in days)

ke Set of days of the week

w e Set of scenarios

Table D.1: Indices and sets for stochastic programming.

D.2 Parameters

In Table D.2 I present the parameters common to all of the stochastic programming

approaches.

D.3 Common decision variables

In Table D.3 I present the decision variables common to all of the stochastic

programming approaches. The binary decision variables ¢, ,(w) were added to
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Notation Description

Dy(w) Platelet demand for day ¢ and scenario w
I%(w) Initial inventory with a shelf life of a days
p(w) Probability of occurrence of scenario w
LT Constant lead time (in days)

or Fixed transportation costs of procuring platelets ($/shipment)
cr Platelet purchasing cost ($/unit)

ct Inventory holding cost ($/unit/day)

cw Wastage cost ($/unit)

ck Emergency procurement cost ($/unit)

M A large positive number

Table D.2: Parameters for stochastic programming.

enforce the OUFO issuing policy, as described below in Section D .4.

D.4 Modifications

As noted in Section 3.4.5 I modified the constraints on the policy parameter decision
variables to make it explicit that one of each parameter should be learned for each
weekday. The terms for these decision variables in the constraints were amended to
replace index ¢ with t%7.

In my initial experiments, I found that the constraints as set out in Rajendran
and Srinivas [45] were insufficient to enforce the OUFO rule for issuing units. The
problematic constraints presented here as Equations D.5 and D.6 are their Equations
7 and 8 respectively.

These constraints only enforce an OUFO policy if only one term on the right
hand side of each equation is allowed to be non-zero. If there is remaining demand
after using all stock of a certain age, there cannot be any stock of that age remaining.
If there is stock of a certain age remaining then there cannot be unfulfilled demand
after using the stock of that age. I therefore introduced additional binary decision
variables and constraints, based on those from Pauls-Worm et al. [173], to ensure
that the intended OUFO issuing policy was followed. In these additional constraints
¢rq(w) is a binary decision variable that is 1 if there is remaining demand on day

t after using product with shelf life of a days for scenario w, and M is a large
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Notation Description
OQ¢(w) Units ordered at the end of day ¢ for scenario w
Total units received by the hospital at the beginning of day ¢ with shelf
Xt,a (Cd) . .
life of a days for scenario w
DR (w) Remaining demand on day ¢ after using product with shelf life of a
ta days for scenario w
17 (w) On-hand inventory at the beginning of day ¢ with shelf life of a days
ta for scenario w
Ifa(w) Inventory at the end of day ¢ with shelf life of a days for scenario w
I P (w) Inventory position at the end of day ¢ for scenario w
Ey(w) Number of units obtained through emergency procurement on day ¢ for
! scenario w
Wi(w) Number of units wasted (expired) at the end of day ¢ for scenario w
A¢(w) 1if IP;(w) < si%7 and O otherwise
Fi(w) 1 if a platelet or is placed on day ¢ for scenario w
Pr.a(w) 1if Df, > 0 and 0 otherwise
Sk Re-order point for weekday k, k = t%7

Table D.3: Common decision variables for stochastic programming.

positive number. The additional constraints are presented below as Equations D.17

and D.18.

The addition of these decision variables and corresponding constraints enlarges

problem and makes it more difficult to solve: each of these constraints has to be

enforced for each day of remaining useful life, for each day, for each scenario

and includes an additional integer decision variable. However, if an OUFO issuing

policy is not enforced in optimization, but is used when the replenishment policy

deployed, the fitted parameters found by the stochastic programming method will

have been optimized to solve a different problem to that intended and may not
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perform well.

I also used a corrected version of Equation 9 from Rajendran and Srinivas
[45] so that the summation over the X;,(w) terms is not over all ¢ € 7.
This was confirmed to be a typographical error in the published paper in private
correspondence with the authors. The corrected version is presented here as
Equation D.7. There is no lead time in the baseline scenario: orders placed in the
evening of day ¢t — 1 are received on the morning of day ¢ and therefore the second
two terms will always cancel out to the simplified version equivalent to Equation

3.3.

D.5 Objective function and common constraints

D.5.1 Objective function
cost= > Y pw) (CFFt(w) +CPOQw)+C" > IE(w) + CVWi(w) + CEEt(w)>

we teT ac€A3a>1

(D.1)
D.5.2 Common constraints
0Q,(w) < M x Fy(w) (D.2)
teT, wen
Z Xia(w) = 0Qs-r(w) (D.3)
acA

teTs>t>LT, we

> Xt q(w) = 0 or known constants (D.4)

acA

teT>t<LT, we
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Dy(w) = Ija(w) = Xea(w) = D (w) — [, (w)

teT, acA>a=1 weN

Dy 1(w) = I (w) = Xpa(w) = DYy (w) — Iy (w)

teT, aecA>a>1, we)

IR = 3 @+ Y 0Qw - ¥ Y Xafw

a€A>a>1 t'eTot'<t—1 t'eTot'<tacA

teT, weN

IP,(w) < (sior — 1) + M x (1 — Ay(w))
teT, wel

IP,(w) > si7 — M x Ay(w)

teT, weN

IE&-LCL(W) = ]5a+1 (w)

teT, acA3a<|Al, we

Ey(w) = D/ (w)

teT, acAsa=]A], we

Wt (W) - ]511 (w)

teT, acA3a=1, we)

319

(D.5)

(D.6)

(D.7)

(D.8)

D.9)

(D.10)

(D.11)

(D.12)
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B
It,a

(w)=0 (D.13)
teT, acA3a=|Al, we

17 (w) = I (w) (D.14)

t=1, acAsa<|A|, we

At(w), Ft(w),qﬁt,a(w) € {07 1} (D15)
teT, ac A we

Sk; OQt(w)a Xtﬂ(“)? Dﬁa(w)a It?a(“*))v [ga(w)’ IPt(w)’ Wt(w)> Et(w) >0
(D.16)

teT, kek, acA we

In addition to the common constraints above from [45], I introduce two new

constraints to enforce the OUFO issuing policy as explained in Section D.4:

M X ¢y q(w) > Df%(w) (D.17)
teT, ac A we

M x (1 — ¢pq(w)) > [5a(w) (D.18)

teT, ace A we
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D.6 Additional decision variables and constraints for
the (s, S)' policy

I present the additional decision variables for the (s, S)' replenishment policy in

Table D.4 and the additional constraints in Equations D.19 to D.23.

Notation Description

S Order-up-to-level for weekday k, k = t%7

Table D.4: Additional decision variables for the (s, S)' policy.

Sk > s+ 1 (D.19)
kek

0Q:(w) < (S — [ F(w)) + M x (1 — Ay(w)) (D.20)
teT, wel

O0Qi(w) = (Siwr — [Py (w)) — M x (1 — Ay(w)) (D.21)
teT, wen

0Q¢(w) < M x Ay(w) (D.22)
teT, wel

SL>0 (D.23)

ke
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D.7 Additional decision variables and constraints for
the (s, Q) policy

I present the additional decision variables for the (s, Q) replenishment policy in

Table D.5 and the additional constraints in Equations D.24 to D.27.

Notation Description

Qr Fixed order quantity for weekday k, k = t%7

Table D.5: Additional decision variables for the (s, Q) policy.

0Q(w) < Quzr + M x (1 — Ay(w)) (D.24)
teT, weN
O0Q¢(w) > Quyr — M x (1 — Ay(w)) (D.25)
teT, wel
teT, weN
Qr=>0 (D.27)
kel

D.8 Additional decision variables and constraints for

(s, S, o, Q) policy
I present the additional decision variables for the (s, S, o, Q) replenishment policy

in Table D.6 and the additional constraints in Equations D.28 to D.35.
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Notation Description

Ot 1if IP;(w) < ay7 and 0 otherwise

oy Ordering quantity threshold parameter for weekday &, k = t%7
Sk Order-up-to-level for weekday k, & = t%7

Qr Fixed order quantity for weekday k, k = t%7

Table D.6: Additional decision variables for (s, S, a, Q) policy.

IP(w) < (yr — 1) + M x (1 — 0y(w)) (D.28)
teT, wen

IP(w) > ayyr — M X §(w) (D.29)
teT, wel

0Q(w) = max ([Quyr X (1 — 0(w)) X Ay(w)], [(Ster — TP (w)) X d(w) X Ay(w)])
(D.30)

teT, wel

The constraint on the order quantity in Equation D.30 is non-linear. It is

therefore replaced with the linear constraints in Equations D.31a to D.31e.

OQt(U)) S Qt%7 + M x 5t(w) + M x (1 — At(UJ)) (D3la)
teT, wel
0Qu(w) > Qur — M x 6,(w) — M x (1 — Ay(w)) (D.31b)

teT, we
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0Qu(w) < (Swr — IPy(w)) + M x (1 — §,(w)) + M x (1 — A(w)) (D3lc)

teT, we

0Qu(w) > (Swur — IP(w)) — M x (1 —6,(w)) — M x (1 — Ayw)) (D.31d)

teT, wel
teT, we
S > ap+1 (D.32)
kel
Sk > sp+1 (D.33)
ke
d(w) € {0,1} (D.34)
teT, weN
Sk, ag, Qr >0 (D.35)

ke
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D.9 Additional decision variables and constraints for
the (s, S, B, Q) policy

I present the additional decision variables for the (s, S, B, Q) replenishment policy

in Table D.7 and the additional constraints in Equations D.36 to D.43.

Notation Description

v, 1if I P (w) < By%7 and 0 otherwise

Ok Ordering quantity threshold parameter for weekday k, k = t%7
Sk Order-up-to-level for weekday &, k = t%7

Qx Fixed order quantity for weekday k, k = t%7

Table D.7: Additional decision variables for the (s, S, {3, Q) policy.

IP(w) < Bz — 1) + M x (1 = v(w)) (D.36)
teT, wel

IPt((A)> > 5,5%7 — M x Vt(w> (D37)
teT, wen

O0Qi(w) = max ([Qur X vi(w) X Ay(w)], [(Siwr — T (w)) X (1 = vi(w)) X Ay(w)])
(D.38)

teT, weN

The constraint on the order quantity in Equation D.38 is non-linear. It is

therefore replaced with the linear constraints in Equations D.39a to D.39e.

O0Qi(w) < Quur + M x (1 —(w)) + M x (1 — A(w)) (D.39a)

teT, we
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0Q(w) > Quzr — M x (1 —(w)) = M x (1 — Ay(w)) (D.39Db)

teT, we

0Qi(w) < (Siwr — IP(w)) + M X (w) + M x (1 — Ay(w)) (D.39¢)

teT, wel

0Qi(w) > (Sir — TP (w)) — M X vy(w) — M x (1 — Ay(w)) (D.39d)

teT, we
0Qi(w) < M x Ay(w) (D.3%¢)
teT, wel
S > B+ 1 (D.40)
kel
kek
v (w) € {0,1} (D.42)
teT, wel

ke K



Appendix E

Chapter 3 supplement:
Configuration files for deep

reinforcement learning training

E.1 DOQN

This yaml hydra configuration file was used with the training script available at
https://github.com/joefarrington/bloodbank_rl/blob/main/bloodbank_rl/

rl_training/dqn/train_dqn.py to train the DQN policy

hydra_logdir: ${hydra:output_subdir}
device: cuda
env:
_target_: bloodbank_rl.environments.platelet_bankSR.PlateletBankGym
demand_provider:
_target_: bloodbank_rl.environments.platelet_bankSR.PoissonDemandProviderSR
sim_duration: 365
one_hot_encode_weekday: true
max_order: 60
max_shelf_life: 3
lead_time: O
shelf_life_at_arrival_dist:
-0
-0
-1
fixed_order_cost: 225
variable_order_cost: 650

holding_cost: 130

emergency_procurement_cost: 3250


https://github.com/joefarrington/bloodbank_rl/blob/main/bloodbank_rl/rl_training/dqn/train_dqn.py
https://github.com/joefarrington/bloodbank_rl/blob/main/bloodbank_rl/rl_training/dqn/train_dqn.py
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wastage_cost: 650
vec_env:
n_train_envs: 1
train_env_seed: 11
n_test_envs: 1
test_env_seed: 12
model:
_target_: bloodbank_rl.tianshou_utils.models.FCDQN
n_hidden:
- 128
- 128
- 128
optimiser:
_target_: torch.optim.Adam
1r: 1.0e-05
policy:
_target_: tianshou.policy.DQNPolicy
discount_factor: 0.75
estimation_step: 1
target_update_freq: 1000
is_double: false
train_collector:
_target_: tianshou.data.Collector
buffer:
_target_: tianshou.data.VectorReplayBuffer
total_size: 1000000
buffer_num: ${vec_env.n_train_envs}
exploration_noise: true
test_collector:
_target_: tianshou.data.Collector
exploration_noise: true
logger:
_target_: bloodbank_rl.tianshou_utils.logging.TianshouMLFlowLogger
filename: train_dqn.py
experiment_name: dgn_tianshou
info_logger:
_target_: bloodbank_rl.tianshou_utils.logging.InfolLogger
model_checkpoints: true
cp_path: ${hydra:output_subdir}/model_checkpoints
n_steps_before_learning: 10000
trainer:
_target_: tianshou.trainer.offpolicy_trainer
max_epoch: 200
step_per_epoch: 5000
step_per_collect: 1

update_per_step: 1
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episode_per_test: 100
batch_size: 64
verbose: false
exploration:
_target_: bloodbank_rl.tianshou_utils.exploration.EpsilonScheduler
max_epoch: ${trainer.max_epoch}
step_per_epoch: ${trainer.step_per_epoch}
eps_max: 1
eps_min: 0.1
exploration_fraction: 0.5

seed: 57

E.2 PPO

This yaml hydra configuration file was used with the training script available at
https://github.com/joefarrington/bloodbank_rl/blob/main/bloodbank_rl/

rl_training/ppo/train_ppo.py to train the PPO policy.

hydra_logdir: ${hydra:output_subdir}
device: cuda
env:
_target_: bloodbank_rl.environments.platelet_bankSR.PlateletBankGym
demand_provider:
_target_: bloodbank_rl.environments.platelet_bankSR.PoissonDemandProviderSR
sim_duration: 365
one_hot_encode_weekday: true
max_order: 60
max_shelf_life: 3
lead_time: O
shelf_life_at_arrival_dist:
-0
-0
-1
fixed_order_cost: 225
variable_order_cost: 650
holding_cost: 130
emergency_procurement_cost: 3250
wastage_cost: 650
vec_env:
n_train_envs: 5
train_env_seed:
- 15
- 16

- 17


https://github.com/joefarrington/bloodbank_rl/blob/main/bloodbank_rl/rl_training/ppo/train_ppo.py
https://github.com/joefarrington/bloodbank_rl/blob/main/bloodbank_rl/rl_training/ppo/train_ppo.py

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

E.2. PPO

- 18
- 19
n_test_envs: 1
test_env_seed: 12
actor_network:
_target_: tianshou.utils.net.common.Net
hidden_sizes:
- 128
- 128
- 128
device: ${device}
critic_network:
_target_: tianshou.utils.net.common.Net
hidden_sizes:
- 128
- 128
- 128
device: ${device}
optimiser:

_target_: torch.optim.RMSprop

1r: 0.0001

eps: 1.0e-05

alpha: 0.99
policy:

_target_: bloodbank_rl.tianshou_utils.policies.PPOPolicyforMLFlow

discount_factor: 0.95

eps_clip: 0.2

dual_clip: &

value_clip: true

advantage_normalization: true

recompute_advantage: false

vf_coef: 0.75

ent_coef: 0.01

max_grad_norm: 0.5

gae_lambda: 0.95

reward_normalization: true

max_batchsize: 256

action_scaling: true

action_bound_method: clip

deterministic_eval: true
train_collector:

_target_: tianshou.data.Collector

buffer:

_target_: tianshou.data.VectorReplayBuffer
total_size: 20000

buffer_num: ${vec_env.n_train_envs}
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exploration_noise: true
test_collector:
_target_: tianshou.data.Collector
exploration_noise: true
logger:
_target_: bloodbank_rl.tianshou_utils.logging.TianshouMLFlowLogger
filename: train_ppo.py
experiment_name: ppo_tianshou
update_interval: 1
info_logger:
_target_: bloodbank_rl.tianshou_utils.logging.InfolLogger
checkpoints:
save_checkpoints: true
path: ./tmp_logs/model_checkpoints/${now:%Y-%m-%d}/${now: 4H-%M-7%S}
training_checkpoint_interval: 1
trainer:
_target_: tianshou.trainer.onpolicy_trainer
max_epoch: 100
step_per_epoch: 10000
repeat_per_collect: 10
episode_per_test: 100
batch_size: 9999
step_per_collect: 2000
test_in_train: false

seed: 57
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Appendix F

Chapter 4 supplement: Scenario

descriptions in common notation

F.1 Scenario A

In this section I recast the problem formulated by De Moor et al. [40] into a
consistent notation used for scenarios A, B and C.
The state of the system, .S;, comprises two components: the orders in-transit

X{ and the units in stock X;:

XF=|XJ oy, = Ay, X o, X (E.1)
Xy = [Xos = XV, 1 X X1 (F2)

for a total of (m + L — 1) elements, with lead time L > 1. The total number of
possible states is therefore (A, + 1)™ 7L, In the state S; = [Xiir , &} , the entries
are ordered by ascending age: the first element is the order placed on day ¢ — 1 and
the last element is the stock that will expire at the end of the current day. The total
number of units in stock at the start of day ¢ is X; = >\ | X, ;, the total number of
units in-transit at the start of day ¢ is X' = S0 X i+~ The total number of units
in stock or in-transit at the start of day ¢ is [; = X; + X*. If L < 1 there is no
in-transit component to the state, and the first element of X; is A;,_;. In Table F.1 1
present the input parameter values that are the same for all of the experiments for

Scenario A.
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D max Amax Cv Cs Ch H & Y €

a

Value 100 10 3 5 1 4 0.5 0.99 1x10™*

Table F.1: Input parameter values that are consistent for all of the experiments for Scenario
A.

Daily demand, the stochastic element in the transition, is modelled using a
truncated gamma distribution. It does not depend on the state or the action. The
demand for the product is discrete and the gamma distribution is continuous, so the

probability that the daily demand is equal to d € {0, 1, ..., Dpax } is:

Prob(Q =w|S =s,A=a) = P(Q =d) (F.3)

={ -F (d—%; ,g), ifd € {0,1, ..., Dopax — 1}

1~ F (Dinax — 351, ), if d = Dpuas

where F(z; i, %) is the cumulative distribution function of the gamma distribution
parameterized by mean y and coefficient of variation £, and F'(z; i1, 2) = 0 when
r <0.

The reward function comprises four components: a holding cost per unit in
stock at the end of the period (C},), a variable ordering cost per unit (C,), a shortage
cost per unit of unmet demand (C;) and a wastage cost per unit that perishes at the
end of the period (C,). The single-step reward after taking action A; in state S,
with Q; = (Dy) is:

Riy1 = —CyA, — Cy[Xy — D, — Wy" = C [D, — X" — C, W, (F4)

where IV, is the number of units that expire at the end of period ¢.

Equations F.5 and F.6 set out how the number of expired units, 117, is calculated
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and how the elements of X; are updated when following a FIFO issuing policy and

a LIFO issuing policy, respectively.

W, =X, — Dt]+ (E.5)

. 4+ +
J
Xj,t—‘rl = [Xj—‘rl,t — [Dt — ZXk,t] ] VJ S {1, 2, e, — 1}
k=1

tr
Xm,t+1 = Xl,t = At—LH

m +1F
Wy= | X1, — [Dt = Xk,t‘| ] (F.6)
k=2

- + —+
KXjpr1 = [ Xjyre — [Dt_ Z Xk:,t:| ] Vie{l,2,..,m—1}

k=j+2

tr
Xm,t+1 = Xl,t = A1+

The scenario is an infinite horizon MDP with a discount factor and no
periodicity in the state space. I therefore used a standard convergence test for the

value function [97], evaluating:
max |Vi(s) = Vi a(s)] < e (E7)

after each iteration. The inequality tests for the convergence of the values
themselves, and requires more iterations than the convergence tests used for the
other scenarios which are testing for convergence of the change in value for each
state. The test compares the current estimate of the value function with the estimate
from the immediately preceding iteration and does not require previous checkpoints
for evaluation. Therefore, to save storage space and writing time, I saved a

checkpoint every 100 iterations.
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F.2 Scenario B

In this section I recast the problem formulated by Hendrix et al. [71] into a
consistent notation used for scenarios A, B and C.

The state of the environment, .S; comprises two components, one for each
product type. In the combined state S; = [Xig , g] , the elements in each component

are ordered by ascending age:

Xi‘f = [Xgm = A}, X%_l,t> e Xf,t] (F.8)
X =[X), =A XD o XY (F9)

for a total number of 2m elements. The total number of possible states is therefore
(A2 4+ 1"+ (Af;lax + 1>m. The total number of units in stock at the start of
period ¢ is I} = X = 37", X', for product A and ID =Xt =3ymr, Xﬁt for
product B. In Table F.2 I present the parameter values that are the same for all of

the experiments for Scenario B.

i c ot O p o ‘
Value 0.5 0.5 1.0 1.0 0.5 1.0 1x10™*

Table F.2: Input parameter values that are consistent for all of the experiments for Scenario
B.

The stochastic element of the transition is the number of products of each type
issued, (H?, H®). The number of units of product B issued only depends on the
demand for product B and the total stock of product B, but the number of units of
product A that are issued depends on the demand for product A, the total stock of
product A, and any excess demand for product B for which the customer is willing
to accept product A.

Let the demand for product A be D¢, the demand for product B be D?, the
excess demand for product B where the customer is willing to accept product A be
D" and the total demand for product A including any substitution be D* = D4 D*".
To calculate the probability of a combination w = (h®, h®) given a particular state

s, it 1s necessary to consider five possible cases:
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Prob(Q:w|S:s,A:a):P(Q: (h“,hb) \S:s)

= P (H" = h",H" = h*|$ = 5)

P(h®; p*)P(h®; u*),
= [1— F (= 1;u%)] P(h% ),
P(D* = he|S = s) [1 = (F(I* = 1;2%)]

(1=t (D= =d|Ss = )| [1 = (PP = 1;%)]

336

(F.10)

if h* > I%or h® > I®

if h® < I%and h® < I?
if h® = 1% and h® < I?
if h* < I% and h® = I?
if h* = I and h® = I°
if h* > I%or h® > I®

if h* < I*and h® < I®
if h = I% and h® < I®
if h® < I%and h® = I?

if h® = I*and h® = I

For the fourth and fifth cases there may be substitution, and therefore it is

necessary to consider the distribution of the total demand for product A and the

distribution of the demand for substitution:

P(D* = d*|S = 5) = P(D* = d*|I" = y)

dz
=Y P(D*=k)PD"=d*—k|I'=y,D">y) (Fll)
k=0

dZ
= > P(k;pu")P(D* = d* — k|I' =y, D" > y)
k=0
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©,P(D’ =c+y)(1—p), if d* =0
P(D* = d"|[I' =y, Dt > y) = { 7"

® w P(D?=c+y)P(d%c,p), ifd*>0
(F.12)

2o Ple+y; 1) (1 = p)e, if d* =0

S g Ple+y; p’)P(d*; e, p),  ifd* >0

where P(z; ¢, p) is a binomial probability mass function representing the probability
that there are = units of excess demand for product B willing to accept product A
out of a total of c units of excess demand for product B and the probability of being
willing to accept the substitution is p. P(z;u®) and P(x;u®) are the probability
mass functions of independent Poisson distributions for the daily demand of product
A and B parameterized by mean daily demands . and 1. respectively, and F'(x; u®)
and F'(x; ub) are the corresponding cumulative distribution functions.

I calculated the values of P(D* = d*|I* = y,D® > y) and P(D* =
d*|S = s), for d* € {0,1,..., Dyax} and d* € {0,1, ..., Dyax }, Where Dyax =
((m max (A% A’;nax)) + 2) , at the start of value iteration following the MATLAB
implementation of Hendrix et al. [71].

The reward function comprises two components which can be different for
each product: a variable ordering cost per unit (C¢, C?) and revenue per unit
sold (C¢, C?. The single step reward after taking action A; in state S; with
Q, = (Hg, HY) is:

R = — (COAY + CoAY) + (CoHp + CEHY) (F.13)

Equation F.14 shows how the elements of X} and )ﬁ are updated following a

FIFO issuing policy.
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. +9 +
J
X = | Xfe — |:H1? - ZXg,t] ] Vie{l,2,...,m—1} (F.14)
k=1
Xgl,t—l—l = A?
i i
le?,t-i-l - Xgl‘)+1,t - {Hf - ZX};t] Vie{l,2,...,m—1}
k=1
ng,t-i-l = A?

a and Ab  are

max max

The maximum order quantities for value iteration, A

calculated independently for each product following the newsvendor model [28]:

k
j4max'_

+
k vk
P (CTO,CG”;mu’“ﬂ , Vk € {a,b} (F.15)

where F'(x;muF) is the cumulative distribution function of a Poisson distribution
parameterized by my* and p* is the mean daily demand for product k.

The maximum order quantities reported for experiments P1 to P4 in Table 3
of Ortega et al. [196] are not consistent with the number of states reported in that
table. I have assumed that they instead represent the number of actions (one higher
than the maximum order quantity, due to the possibility of ordering zero units) as
this is consistent with the number of states reported, with Table 1 of Ortega et al.
[196] and, for experiment P1, with the corresponding experiment in Hendrix et al.
[71].

The initial estimate for the value function is the expected one-step ahead sales

revenue:
oo
Vo(s)= > > P(H*=h* H"=h"|S = s)(h*CS + h'CY) (F.16)
h*=0 pb=0

I used the same convergence test as Hendrix et al. [71], evaluating:

max [V;(s) — Vij_1(s)] —min [V;(s) — Vj_1(s)] < € (F.17)

sES SES
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after each iteration. The inequality tests for the convergence of the change in value
for each state. When the value of each state is changing by the same amount, the
best action for each state will not change and therefore the estimate of the optimal

policy is stable. I saved a checkpoint after every iteration.
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F.3 Scenario C

In this section I recast the problem formulated by Mirjalili [166] into a consistent
notation used for scenarios A, B and C.

The state of the environment, S;, comprises two components: 7 € {0, 1, ...,6},
representing the day of the week, and the units in stock at the start of the day X; =
(X1t Xm—2t, ..., X14). The lead time, L, is always zero which means that the
units ordered on day ¢ are received before any demand arises on day ¢. There are
therefore only m — 1 elements in X; and a total of m elements, including 7, in S;.

In the previous problems, the maximum value of each element of X; was Ap.x,
because all units arrived with the same remaining useful life. All units received in
the same period would be in the same element of X;. In this scenario, the remaining
useful life on arrival is stochastic and therefore, depending on the policy, a series of
orders could be received such that an element of X; would exceed A,.x. I assume
there is a maximum capacity of A, for stock of each possible value of remaining
useful life. Units received in excess of this limit are not accepted at the point of
delivery. The total number of possible states is therefore 7 X (Amax + 1)™ . The
entries in X, are ordered by ascending age: the first element represents stock with
m — 1 days before expiry, and the last element is the stock that will expire at the
end of day ¢. In Table F.3 I present the input parameter values that are the same for

all of the experiments for Scenario C.

Dmax Amax C1f Ch Cs Cw Y €
Value 20 20 10 1 20 5 095 1x1074

Table F.3: Input parameter values that are consistent for all of the experiments for Scenario
C.

The stochastic elements in the transition are the daily demand D, and the age
profile of the units received: Y = [Y,,, Y1, ..., Y1].

The probability of a given random outcome w is the product of the probability
of the demand given the state, and the probability of receiving units with a specific

age profile given the action:



E3. Scenario C 341

Prob (2 =w|S =s,A =a) :P(Q: (d,g ]st,Aza) (F.18)
:P(D:d,X:X|S:s,A:a)
=P

(D=d|S=s)P(Y=y|A=a)

Demand is modelled by truncated negative binomial distributions, one for each
day of the week. The demand distribution therefore only depends on the weekday
element of the state. The negative binomial distribution models the number of
failures, x, in a series of repeated Bernoulli trials before achieving a specified
number of successes. The probability that daily demand is equal to d on weekday 7

1s:

P(d;nTaéT)7 lfde {0717'“’Dmax_1}
P(D=d|S=s)=

1 — F(Dpax — 1;n7,07), ifd = Dpax
(F.19)

where P(x;n”,07) is the probability mass function of a negative binomial
distribution parameterized by a target number of successes n” and a mean 0" for

weekday 7 and F'(z;n7,07) is the corresponding cumulative distribution function.

The probability of success in an individual Bernoulli trial is p” = nfj:(v. The

parameters for each day of the week are set out in Table F.4.

T 0 1 2 3 4 5 6

n” 35 110 72 11.1 59 55 22
or 57 69 65 62 58 33 34

Table F.4: Parameters of the demand distribution for each weekday from Monday (7 = 0)
to Sunday (7 = 6) for Scenario C.

The remaining useful life of units on arrival is modelled by a multinomial

distribution with a number of trials equal to the order quantity a and a number of
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events equal to the maximum useful life m. The probability mass function for the

distribution is:

v tPm (@) ppa (@)t pi (@), ifa =Sy

0, ifa# 3%y

The parameters of the multinomial distribution are modelled by an affine

function of the order quantity a:

Pk(“)) ko k
lo =cy+cia, Vke{2,3,..m (F.21)
g <p1(a) 0 1 { }

If the distribution of remaining useful life on arrival does not depend on order
quantity, and therefore the uncertainty is exogenous, ¢f = 0 Vk € {2,3,..,m}.
The values of cf and c} for our experiments are set out in Table F5. These
represent a subset of the experiments run by Mirjalili [166]. The parameters for
the two experiments where m = 5 were determined by Mirjalili [166] by fitting
multinomial logistic regression models to observed data from a hospital system in

Ontario, Canada.

2 3 8 2 3 4 5

m  Exp ¢ c cﬁ < (ot o < c] cy cy <y cy cy g
3 1 1.0 05
2 10 05 040  0.80
5 1 16 26 28 1.6
2 19 31 31 25 -0.03  -0.06 -0.03 -0.09
8 1 08 14 19 23 17 12 08

2 08 14 19 23 17 12 08 -003 -004 -005 -006 -007 -0.08 -0.09

Table F.5: Parameters for the affine function used to model the parameters of the
multinomial distribution of remaining useful life on arrival for each experiment
for Scenario C. These are a subset of the experiments described by Mirjalili
[166]

The reward function comprises four components: a holding cost per unit in

stock at the end of the period (C},), a shortage cost per unit of unmet demand (CY), a
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wastage cost per unit that perishes at the end of the period (C',,) and a fixed ordering
cost which is incurred when A; > 0 (Cy). The single-step reward function after

taking action A; in state S; = (Tt, &), and observing ), = (D, Y,) is

m—1 +
Ry =—Crlys0 — O [Ym,t + > min (Xis + Yig, Amax) — Dt‘|
=1

m—1 +
- Cs [Dt - Ym,t - Z min (Xi,t + Yi,ty Amax)‘| (F22)
i=1

- Cw [mm (Xl,t + }/i,ta Amax) - Dt]+

Equation F.23 shows how the elements of the state are updated, following a

OUFO policy:

Tt+1 = (Tt + 1) mod 7

Xjt+1 = [miﬂ (Xj+1,t + Yit1,t, Amax)

J
D, — Z min (Xk:,t + Yk,t> Amax)

+9 +
] Vie{l,..,m—2} (F23)
k=1

m—1 s
mel,t+1 = Ym,t - [Dt - Z min (Xk:,t + Yk,t7 Amax)] ]

k=1

The scenario is an infinite horizon MDP with a discount factor and periodicity
because the demand depends on the day of the week. It is therefore possible to take
advantage of the periodicity and use a convergence test based on those described
by Su and Deininger [182], as in Section 3.4.7.1. Performing this convergence test
requires retaining at least the last seven (as this is the periodicity) estimates of the
value function, and it is only possible to test for convergence after performing at
least seven iterations. I tested the following inequality at the end of each iteration

once j > 7:
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Anars = max li 1 (v;i(s)—vjil(s))] (F.24)

Gj—i—1
seS =0 7y

Apin,j = min [Z L (Vii(s) — V;ll(s))] (F.25)

j—i—1
sES =0 7y

Amax,j - Amin,j S 2e min HAmax,j‘a |Amin,j

] (F.26)

When the inequality is met, the additional undiscounted reward being added
to each state in one whole cycle (one week) is approximately the same, subject to
our confidence level. In turn this means that for each weekday, every state is being
increased by the same amount and therefore the best action for each state will not
change. I therefore terminated value iteration when the inequality was met. If there
were no discounting, and so v = 1, the term in the square brackets would be equal
to V;(s)—Vj_7(s): the total change in value from one cycle (in this case, one week).
This convergence test relies on checkpoints from previous iterations, and I therefore

saved a checkpoint every iteration.



Appendix G

Chapter 4 supplement: Additional

results

G.1 Scenario A

I present additional results for Scenario A in Table G.1: the order-up-to level
parameter Sy fit using simulation optimization and the mean and standard

deviation of three KPIs calculated over 10,000 evaluation episodes for each policy.
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Service level (%) Wastage (%) Holding (units)

m  EXp  Spest VI SO VI SO VI SO
Mean  (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.)
2 1 5 61.0 (1.4) 58.6  (1.3) 24 (0.6) 22 (0.6) 02 (0.0 0.2 (0.0
2 7 727 (1.6) 76.6  (1.5) 0.7 (0.4) 1.5 (0.5) 0.5 (0.1) 0.8 (0.1
3 5 61.0 (1.4) 58.6  (1.3) 24 (0.6) 22  (0.6) 0.2  (0.0) 0.2  (0.0)
4 6 71.7  (1.6) 68.6 (1.5 0.7  (0.3) 0.7  (0.3) 0.5 (0.1) 0.5 (0.0
5 7 61.0 (1.4) 554 (1.3) 24 (0.6) 24 (0.7) 0.2  (0.0) 0.2  (0.0)
6 9 735 (1.7) 694  (1.5) 09 (0.4) 1.1 (04) 0.6 (0.1) 0.6 (0.1)
7 7 61.0 (1.4) 554  (1.3) 24 (0.6) 24 (0.7) 0.2  (0.0) 0.2 (0.0)
8 9 723 (1.6) 694  (1.5) 0.8 (0.4) 1.1 (04) 0.6 (0.1) 0.6 (0.1)
1 6 69.5 (1.5) 68.3 (1.4) 1.3 (04) 1.4  (04) 0.5 (0.1) 0.5 (0.0
2 8 793 (1.5 833 (1.4) 0.1 0.1) 0.2  (0.2) 09 (0.1) 1.3 (0.1)
3 6 652 (14) 68.3 (1.4) 0.7  (0.3) 1.4 (04) 04 (0.0 0.5 (0.0
4 8 793 (1.5 833 (1.4) 0.1 (0.1) 0.2  (0.2) 09 (0.1) 1.3 (0.1)
5 8 65.6 (1.6) 626 (1.4) 1.7 (0.5) 1.4 (0.5) 03 (0.0 04 (0.0
6 10 78.1 (1.6) 75.5 (1.5 0.1  (0.1) 0.1  (0.1) 09 (0.1) 0.9 (0.1)
7 8 65.6 (1.6) 626 (1.4) 1.7 (0.5) 1.4 (0.5) 03 (0.0 04 (0.0
8 10 719  (1.6) 755  (1.5) 0.1 (0.1) 0.1  (0.1) 09 (0.1) 09 (0.1
4 1 7 744 (14 764 (1.5 0.7  (0.3) 1.5 (0.4) 0.7  (0.1) 0.8 (0.1)
2 8 79.3 (1.5 833 (1.4 0.0 (0.0 0.0 (0.0) 09 (0.1) 1.3 (0.1)
3 6 737 (14 68.5 (1.4) 0.6 (0.3) 0.5 (0.3 0.7  (0.1) 0.5 (0.1)
4 8 79.3 (1.5 833 (14 0.0 (0.0 0.0 (0.0) 09 (0.1) 1.3 (0.1)
5 9 69.5 (1.5 69.3 (1.5 1.0 (0.4) 1.0 (04 0.5 (0.1) 0.6 (0.1)
6 10 789  (1.7) 755  (1.5) 0.0 (0.0 0.0 (0.0) 1.0 (0.1) 09 (0.1
7 9 68.7  (L.5) 69.3 (1.5 09 (0.4 1.0 (04) 0.5 (0.1) 0.6 (0.1
8 10 789  (1.7) 75.5 (1.5 0.0 (0.0) 0.0 (0.0 1.0 (0.1) 0.9 (0.1)
1 7 76.3 (1.5 76.6  (1.5) 04  (0.2) 0.7  (0.3) 08 (0.1) 0.8 (0.1
2 8 793 (1.5 833 (1.4) 0.0 (0.0) 0.0 (0.0) 09 (0.1) 1.3 (0.1)
3 7 756  (14) 76.6  (1.5) 03 (0.2) 0.7  (0.3) 0.8 (0.1) 0.8 (0.1)
4 8 793 (1.5 833 (1.4) 0.0 (0.0) 0.0 (0.0) 09 (0.1) 1.3 (0.1)
5 9 719  (1.6) 69.5 (1.5) 0.6 (0.3) 04  (0.3) 0.6 (0.1) 0.6 (0.1)
6 10 789  (1.7) 75.5 (L5 0.0  (0.0) 0.0 (0.0 1.0 (0.1) 0.9 (0.1)
7 9 71.5  (1.6) 69.5 (1.5 0.5 (0.3) 04 (0.3 0.6 (0.1) 0.6  (0.1)
8 10 789  (1.7) 755  (1.5) 0.0 (0.0 0.0 (0.0) 1.0 (0.1) 09 (0.1

The KPIs were calculated for each episode and the mean and standard deviation of each KPI over the 10,000 evaluation
episodes using policies fit with value iteration (VI) and simulation optimization (SO) is reported.

Table G.1: The best order-up-to level Spg, fit using simulation optimization, and KPIs for
policies fit using value iteration and simulation optimization for each of the
experimental settings for Scenario A from De Moor ef al. [40].
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G.2 Scenario B

I present additional results for the experimental settings from Hendrix ef al. [71] in
Table G.2 and for the experimental settings from Ortega et al. [196] in Table G.3. In
each table I present the best combination of order-up-to level parameters (Sa, Sb) et
fit using simulation optimization and the mean and standard deviation of three KPIs
calculated over 10,000 evaluation episodes for each policy. Demand for product B
was considered to be satisfied for the purposes of calculating the service level if
filled by product A when substitution was acceptable.

The only difference between experiment 1 from Hendrix et al. [71] and
experiment P1 from Ortega et al. [196] is that value iteration was run for 100
iterations for experiment P1: more than were required for convergence. The best

parameters for the modified base stock policy and the KPIs from evaluating the

policies are the same for these experiments, as expected.

Service level (%) Wastage (%) Holding (units)
Exp Product  Speg VI SO VI SO VI SO

Mean  (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.)

1 A 13 95.5 (0.8) 95.2  (0.8) 6.0 (1.0) 6.3 (1.0) 2.7  (0.1) 2.7 (0.1)
B 12 949  (0.8) 95.5 (0.7 42 (0.8) 53 (0.9 2.1 0.1) 2.3 (0.1)

2 A 18 96.9  (0.6) 96.6  (0.6) 42 (0.8) 44 (0.7 37  (0.2) 36 (0.2)
B 7 91.5 (1.) 92,5  (1.0) 6.5 (1.2) 83 (1.3) 1.2 (0.1) 1.3 (0.1)

1 A 15 98.3 (0.5 98.3 (0.5 22 (0.6) 24 (0.6) 49  (0.2) 4.8  (0.2)
B 14 984 (04) 984 (04 1.5 (0.5 1.7 (0.5 4.1 0.2) 4.1 0.2)

2 A 21 99.1 (0.3) 99.2  (0.3) 1.2 (0.4) 1.3 (04) 6.7 (0.3) 6.7 (0.2)
B 96.6  (0.7) 96.1 0.7) 33 (0.9 32  (0.8) 24 (0.1) 23 (0.1)

3 A 15 98.3 (0.5 98.3 (0.5 22  (0.6) 24 (0.6) 49  (0.2) 48 (0.2)
B 14 984 (04 98.4  (0.4) 1.5 (0.5 1.7 (0.5) 4.1 0.2) 4.1 0.2)

4 A 21 99.1 (0.3) 99.2  (0.3) 1.2 (0.4) 1.3 (0.4) 6.6 (0.3) 6.7 (0.2)
B 8 96.6  (0.7) 96.1 0.7) 33 (0.9 32 (0.8) 24 (0.1) 2.3 (0.1)

The KPIs were calculated for each episode and the mean and standard deviation of each KPI over the 10,000 evaluation
episodes using policies fit with value iteration and simulation optimization is reported.

Table G.2: The best combination of order-up-to levels (Sa, Sb) , fit using simulation

best
optimization, and KPIs for policies fit using value iteration and simulation

optimization for each of the experimental settings for Scenario B from Hendrix
etal. [71].
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Service level (%) Wastage (%) Holding (units)
Exp Product  Speg VI SO VI SO VI SO

Mean  (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.)

P1 A 13 95.5 (0.8) 95.2  (0.8) 6.0 (1.0) 6.3 (1.0) 2.7  (0.1) 2.7 (0.1)
B 12 949  (0.8) 95.5  (0.7) 42 (0.8) 53 (0.9 2.1 0.1) 2.3 (0.1)

P2 A 13 95.5 (0.8) 95.1 (0.8) 6.0 (1.0) 6.2  (0.9) 2.7  (0.1) 2.6 (0.1
B 14 95.9  (0.6) 95.5 (0.7 35  (0.7) 37  (0.7) 2.5  (0.1) 2.5  (0.1)

P3 A 16 96.2  (0.7) 96.8  (0.6) 49 (0.9 6.0 (0.9 32 (0.2) 34 (0.1)
B 14 95.9  (0.6) 95.8  (0.6) 35  (0.7) 37  (0.7) 2.5  (0.1) 2.5  (0.1)

P4 A 18 96.8  (0.6) 96.7  (0.6) 42  (0.8) 45  (0.8) 37  (0.2) 37  (0.2)
B 17 96.5 (0.6) 97.1 0.5) 29  (0.6) 3.8  (0.7) 29 (0.2) 32  (0.1)

The KPIs were calculated for each episode and the mean and standard deviation of each KPI over the 10,000 evaluation

episodes using policies fit with value iteration (VI) and simulation optimization (SO) is reported.

Table G.3: The best combination of order-up-to levels (S“, Sb>

best’ fit using simulation
est

optimization, and KPIs for policies fit using value iteration and simulation
optimization for each of the experimental settings for Scenario B from Ortega
et al. [196].
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G.3 Scenario C

In Table G.4 I present the best combination of parameters for the heuristic policy
fit using simulation optimization. In Table G.5 I present the mean and standard
deviation of three KPIs calculated over 10,000 evaluation episodes for each policy.
For consistency with the calculation of the reward function in Mirjalili [166] the
holding KPI includes the units that will expire at the end of the current day. These
units are excluded from the calculation of the stock holding at the end of the day in

the other scenarios.

Weekday

m  Exp  Parameter 0 1 2 3 4 5 6

3 1 Spest 13 12 14 11 11 8 7
Shest 6 7 7 6 6 3 3

2 Spex 14 14 15 13 12 9 9
St 7 7 7 7T 6 3 4

5 1 Shest 16 17 16 13 13 10 14
Shest 7 8 8 7 7 3 3

2 Skex 17 16 16 13 13 11 14
St 7 7 9 8 8 3 4

8 1 Spese 19 15 18 18 14 13 16
Shes 8 8 8 7 8 3 4

2 Spest 18 18 16 15 14 11 15
Sbest 9 8 9 7 7 3 4

Table G.4: The best combination of parameters for the heuristic policy
((s°,8%),...,(s%8%)),. fit using simulation optimization for each of
our experiments for Scenario C, a subset of the experiments run by Mirjalili
[166].
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Service level (%) Wastage (%) Holding (units)

m  Exp VI SO VI SO VI SO
Mean  (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.) Mean (s.d.)
3 1 953 (0.9 953 (0.9 126  (1.3) 126 (14 49 (0.1 49 (0.1
2 96.6  (0.8) 96.2  (0.8) 7.0 (L.1) 72 (1.1) 5.8  (0.1) 57 (0.1
5 1 974  (0.7) 97.0  (0.7) 32 (0.8) 3.0 (0.7) 6.8  (0.1) 6.7  (0.1)
2 974  (0.7) 97.5  (0.7) 31 (0.7 34  (0.8) 6.8  (0.1) 7.0 (0.2)
8 1 — — 979  (0.6) — — 0.7 (0.3) — — 8.0 (0.2
2 — — 97.7  (0.6) — — 1.0  (0.4) — — 75  (0.2)

The KPIs were calculated for each episode and the mean and standard deviation of each KPI over the 10,000 evaluation
episodes using policies fit with value iteration (VI) and simulation optimization (SO) is reported. Value iteration was not
feasible when m = 8.

Table G.5: KPIs for policies fit using value iteration and simulation optimization for each
of our experiments for Scenario C, a subset of the experiments run by Mirjalili

[166].



Appendix H

Chapter 5 supplement: Additional
information on the simulated

workflow and simulation experiments

H.1 Simulated workflow

H.1.1 Workflow as a Markov decision process
The state of the environment .S; comprises three components: the day of the week
7, € {0,1,...6}, the stock on hand X, ordered by ascending age and the units that

were issued on day ¢ — 1 but not transfused, Z, again ordered by ascending age.

X, = [Xm,ta Xon—1,ty oo Xl,t] (H.1)

Z, = [Zm-1ts Zm—24, > Zo4] (H.2)

I assume that Z, is not observable at the point the agent takes its decision,
and therefore the agent observes O, = [r;, X,]. This is therefore a POMDP [97,
Chapter 17], in which the observation accurately captures part of the underlying
state, and part of the underlying state is always unobservable.

The action in the MDP, A, is the number of platelet units ordered at the

start of day ¢t. While the focus of this work is on issuing policies, this required
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finding plausible replenishment policies, and I used the MDP to fit the parameters
of heuristic replenishment policies as described in Sections 5.4.1.3 and H.2. The
heuristic replenishment policies use, at most, the day of the week and the total
stock on hand at the start of the day as input.

When order A; is placed, the units are assumed to be delivered immediately,
a lead time L of zero periods. The age profile of the units received is Y, =
[Ynt, Y14, ..., Y1]. The remaining useful life of the units on arrival is modelled
by a multinomial distribution with a number of trials equal to the order quantity A,
and a number of events equal to the maximum useful life m. The parameters of the
multinomial distribution may depend on the day of the week, 7;, and the parameters
corresponding to weekday 7 are represented as A_. The transition dynamics of the

system are defined implicitly by the simulation.

H.1.2 Order of events

There are six stages in the simulated workflow, as illustrated in Figure 5.1. Some
variables are updated at multiple stages, and I indicate the value of a variable at the
end of stage k using a superscript on the left hand side of the variable, e.g. *X, is
the vector of units in stock at the end of stage k£ on day ¢. Stage O is start of the
day, before an order is placed and °X, = X,. The number of units for which an
emergency order was placed due to a shortage is F; (°E; = 0) and the vector of
units issued on day ¢ but not transfused is U, (°U, = 0).

Demand is sampled independently for the morning and afternoon using
parameters ui" = pPm = £& for day of the week 7. I use the function
MEET_DEMAND in the equations below to represent the process of issuing units
and simulating the true and predicted labels required for the YUPR issuing policy.
To simulate predicted labels, I specified the sensitivity « and specificity S of the
predictive model assumed to be available. I describe this approach in Section 5.4.1.4
and provide pseudocode for MEET_DEMAND in Algorithm 5.

Stage 1: At the start of each day ¢, the agent makes an observation Oy
comprising the current inventory in stock (split by remaining useful life) and the day

of the week. The agent places a replenishment order, A;, following a replenishment
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policy and the order, with age profile Y,, is assumed to arrive immediately.

Y, ~ Multinomial(A;, A,) (H.3)
"Xt = Yonu (H.4)
'X;0 =X, +Y;; Vji,1<j<m-1 (H.5)

Stage 2: Total demand for the morning, D{™, is sampled from a Poisson
distribution, and filled following the issuing policy. If there is a shortage, an
emergency order is placed to fill the demand. For each request, a sample from a
Bernoulli distribution with probability of success termed the return rate, p, is taken

to determine whether the unit will be returned or transfused to a patient.

D™ ~ Poisson(p™) (H.6)

*X;,?U,,E;, = MEET_DEMAND('X,,°U,,°E;, Di™, o, 8, p, A,) (H.7)

Stage 3: At midday, the units that were issued on day ¢ — 1 but not transfused
are returned to the blood bank. Returned units that were issued on their last day
of remaining useful life will have expired. The number of returned units with
remaining useful life 4 that are not in a fit state to be reissued, 1V; ;, is sampled from
a Binomial distribution with a number of trials equal to the number of returned units
with remaining useful life ¢ and a probability of success termed the slippage rate, ¢.
Units that have not expired or been wasted due to slippage are now available to fill

demand that arises during the rest of the day.

S Xt =Xy (H.8)
Nt ~ Binomial(Z;;,¢) Vi,1<i<m—1 (H.9)

Xir =Xt + Ziy— Niy Vi, 1<i<m-—1 (H.10)
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Stage 4: As at stage 2, total demand for the afternoon, D™ is sampled from a
Poisson distribution, and filled following the issuing policy. If there is a shortage,
an emergency order is placed to fill the demand. For each request, a sample from a
Bernoulli distribution with probability of success termed the return rate, p, is taken

to determine whether the unit will be returned or transfused to a patient.

DP™ ~ Poisson(pP™) (H.11)

4Xt7 4Qt7 4Et = MEET*DEMAND@XM 2ut7 2Et7 nga a, 67 p7 AT) (le)

Stage 5: The stock is aged one day, and any units that had a remaining useful

life of one day at the start of day ¢ are assumed to expire.

"Xir =Xy Vi, 1<i<m (H.13)

"Xt =0 (H.14)
m—1

Wy ="X1,+ > N (H.15)

=1

Stage 6: The state is updated for the start of the next day and the reward is

calculated.

=741 mod7 (H.16)
X1 ="X;p Vi,1<i<m (H.17)
Ziipr ="Uiy Vi,1<i<m (H.18)

m—1 7
Rt+1 = _Cf]lAt>0 - CvAt - Oh Z 5X7l,t - 084Et - Cw [Wt + P(;ﬂt‘| (ng)

=1

The reward function component related to units that were issued on their last
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day of life but were not transfused and therefore expired, Zy, is divided by the
discount factor y because it is registered one timestep later than it would have been
if it had expired in stock. This ensures that, if considering the discounted return
G, there is no difference between a unit expiring in stock or in a remote agitator
waiting to be returned.

In Algorithm 5 I set out how the YUPR issuing policy operates at stages 2 and

4 of the simulated workflow.

Algorithm 5 Meet demand for simulation stages 2 and 4

1: function ISSUE_YUFO(X)

2:  fori < 0tolength(X) — 1 do
3: if X[7] > 0 then

4: return ¢

5: end if

6: end for

7: end function

8: function ISSUE_OUFO(X)

9: for i < length(X) — 1 downto O do
10: if X[i] > 0 then

11: return i

12: end if

13: end for

14: end function
15: function MEET_DEMAND(X, U, E, D, a, 3, p, A)
16: for d < 1to D do

17: label < Sample from Bernoulli(p)

18: if sum(X) > O then

19: if label = 1 then

20: sample < Sample from Uniform(0, 1)
21: if sample < o then

22: prediction < 1

23: index < Call ISSUE_YUFO(X)
24: else

25: prediction < 0

26: index < Call ISSUE_.OUFO(X)
27: end if

28: Ulindez] < Ulindex] + 1

29: else

30: sample < Sample from Uniform(0, 1)
31: if sample > (3 then

32: prediction < 1

33: index < Call ISSUE_-YUFO(X)
34: else

35: prediction < 0

36: index < Call ISSUE_OUFO(X)
37: end if

38: end if

39: X[index] < X[index] — 1

40: else

41: E+ E+1

42: index + Sample from Multinomial(1, A)
43: if label = 1 then

44: Ulindez] <+ Ulindex] + 1

45: end if

46: end if

47:  end for

48: return X, U, E
49: end function
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H.2 Replenishment policies

I considered two replenishment policies: a standing order policy and an (s, S)
policy. The parameters for these heuristic policies were fit using simulation
optimization. I evaluated each proposed set of parameters on 1,000 rollouts (the
validation rollouts), each 365 days long following a warm-up period of 100 days.
For each replenishment policy, the parameters(s) that achieved the highest mean
return G over the 1,000 rollouts for a given scenario were used for subsequent
evaluation.

The standing order policy (Equation H.20) has a single parameter, Q, the
number of units ordered each day. Under this policy, the same number of units are
ordered on every day of the week, irrespective of the current stock. I used Optuna’s
grid sampler to evaluate all values of Q between 0 and the maximum order quantity,
Apmax = 100. The standing order policy that achieved the highest mean return GG
over the 1,000 rollouts for a given scenario is characterized by the parameter Qp.q,

and was used for subsequent evaluation.

A =Q (H.20)

The (s, S) is formally an (R, s, S) policy with a fixed review period R equal to
one day. The (s, S) policy has 14 parameters: an order-up-to level parameter S and
a reorder point parameter s for each day of the week [323]. The order quantity on
day t, given that the day of the week is 7 and the total current stock on hand is X}

1s:

[s"— X7 if X, <s7
A = (H.21)

0 if X; > s7
where (s7,87) is the pair of parameters for day of the week 7.
I used Optuna’s NSGA-II sampler, a genetic algorithm, to suggest parameter
combinations of s” € {0, 1, ..., Sjmax = Amax} = 100 and 8™ € {0,1,...,Spax =

Apax} = 100 V7 € {0,1,..,6}. There is a hard constraint on the relative values of
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s and S for each weekday: s™ < 8™ V7 € {0,1,..,6}. It is not possible to restrict
the search space in Optuna based on relative values of parameters, and therefore
I enforced this constraint by forcing the policy to order zero units on each day of
the simulation if it was violated. For each generation of the genetic algorithm, I
ran 50 proposed combinations of parameters in parallel and ranked them based on
the mean return (G. The search procedure terminated when the best combination
of parameters had not changed for a specified number generations, or after 200
generations had been completed. The (s, S) policy that achieved the highest mean
return GG over the 1,000 rollouts for a given scenario when the search procedure was

terminated is characterized by parameters ((s”,8°), ..., (s 8%)), .., and was used

best
for subsequent evaluation.

For experiments 14, I refit the parameters of the replenishment policy for each
pair of values of sensitivity and specificity, using the best parameters identified for
a policy that is equivalent to an OUFO policy as the first proposed combination
for each subsequent simulation optimization run. I terminated the parameter search
when the best policy parameters had not changed for 10 generations, or after a
maximum of 200 generations.

For experiments 5-7, for each different level of an input setting in each
experiment I fit the parameters for the replenishment policy under an OUFO issuing
policy first and used these as the starting point when fitting the parameters for both
the next input setting under an OUFO issuing policy, and for the corresponding
input setting under a YUPR-PPM issuing policy. I terminated the parameter search
when the best policy parameters had not changed for 50 generations, or after a

maximum of 200 generations. Note that this early-stopping limit is more relaxed

than in experiments 1-4 for computational reasons.
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H.3 Simulation inputs

Four key simulation inputs were calculated based on information from Bank
Manager, the laboratory information management system used by the UCLH
transfusion laboratory. The mean daily demand, return rate, and slippage rate were
calculated based on a common set of platelet requests: I queried all the requests for
platelets where the units were required between 1 January 2015 and 31 December
2016 inclusive and to which a unit was allocated, and excluded any requests where
the allocated unit was a neonatal unit or where the patient was a test patient used

for system diagnostics.
H.3.1 Mean daily demand

H.3.1.1 Total demand for units (UCLH Tx+r)

The mean daily demand for each day of the week was calculated as the sum of units
in the common set of platelet requests that were required on that day of the week
divided by the total number of occurrences of that day of the week in the period.

These values are set out in Table H.1.

Mon Tue Wed Thu Fri Sat Sun

hr 28.8 334 26.2 28.4 30.8 18.6 19.6
pam 14.4 16.7 13.1 14.2 154 9.3 9.8
pm 14.4 16.7 13.1 14.2 15.4 9.3 9.8

Table H.1: Mean daily demand per weekday including returns (UCLH Tx+r)

H.3.1.2 Demand for transfused units (UCLH Tx)

To estimate the demand for units that were transfused, I multiplied the values
obtained for the total demand (UCLH Tx+r) by (1 — p). These values are set out in
Table H.2.

H.3.2 Return rate (p)
The return rate, p, was calculated as the proportion of requested units in the common
set of requests where the final allocation status was not either “Transfusion” or

“Transfusion Assumed”.
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Mon Tue Wed Thu Fri Sat Sun
[y 26.4 30.6 24.2 26.0 28.4 17.0 18.0
i 13.2 15.3 12.1 13.0 14.2 8.5 9.0
e 13.2 15.3 12.1 13.0 14.2 8.5 9.0

Table H.2: Mean daily demand per weekday adjusted by the return rate to include only
units that will be transfused (UCLH Tx)

H.3.3 Slippage rate (¢)

I took the total number of units where reissue was possible as requested units in
the common set of requests where the final allocation status was not “Transfusion”
or “Transfusion Assumed” and where the allocated unit was not due to expire on
the day the units were required. I estimated the slippage rate as the proportion of
these units that were not subsequently reissued to another request. The estimate is
an upper limit because there may be some units included in the numerator that were
in a sufficiently good state to be reissued but were not due to a lack of demand. This
is a conservative approach to estimating the benefits of the YUPR issuing policy
because I expect it will have a greater advantage over an OUFO policy when the

slippage rate is low.

H.3.4 Distribution of remaining useful life on arrival (UCLH)

I queried all platelet units received between 1 January 2015 and 31 December
2016 inclusive, and excluded units that were either neonatal or not extended-life
(extended life units, with a maximum shelf life of seven days from donation
comprised approximately 99% of the units received). The maximum useful life
of extended-life units on arrival at the hospital blood bank is five days due to
processing and testing required before distribution. To ensure the distributions
represented the age of units available for routine morning deliveries I also excluded
units not received within 90 minutes after the first routine delivery slot of the day.
There were no routine deliveries on Sundays during the period of study, so I used
the routine delivery time of Saturday as a proxy. The remaining useful life of a
unit was calculated as the number of days between receipt of the unit and its expiry

date (with 1 day corresponding to receipt on the day of expiry). For each day of
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the week, I calculated the units received on that day of the week with a remaining
useful life of one to five days as a percentage of the total number of units received on
that day of the week meeting the criteria. The same process was repeated for units
received between 1 January 2017 and 31 December 2017 inclusive to calculate the
distribution for 2017 used as part of the evaluation of the trained predictive model
within the simulated workflow. The parameters for the multinomial distribution
of remaining useful life on arrival for 2015-2016 are set out in Table H.3 and the
corresponding figures for 2017 in Table H.4. For simplicity, the same distributions
were used for both the routine morning deliveries and any emergency orders placed
in the event of a shortage. The distribution of remaining useful life on arrival may
differ later in the day, but very few emergency orders were placed due to the high
service levels achieved by the policies.

In Table H.5 I present the parameters for the multinomial distribution of
remaining useful life on arrival used for experiment 9, which were generated from a
binomial distribution with a changing probability of success as described in Section

54.1.5.

Weekday Remaining useful life on arrival (days)

5 4 3 2 1
Mon 0.25 0.33 0.28 0.11 0.03
Tue 0.20 0.35 0.27 0.13 0.05
Wed 0.26 0.18 0.38 0.14 0.04
Thu 0.76 0.07 0.05 0.09 0.03
Fri 0.62 0.29 0.02 0.03 0.04
Sat 0.61 0.28 0.11 0.00 0.00
Sun 0.48 0.27 0.19 0.05 0.01

Table H.3: Parameters for the multinomial distribution of remaining useful life on arrival
from UCLH in 2015-2016

H.4 Simulation experiments with no returns

Previous work has made the assumption that all requested platelet units are
transfused, and focused on optimizing replenishment policies. I conducted

experiments I-IV to determine how my simulated workflow performed under that
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Weekday Remaining useful life on arrival (days)

5 4 3 2 1
Mon 0.31 0.32 0.23 0.12 0.02
Tue 0.18 0.48 0.21 0.10 0.03
Wed 0.25 0.19 0.38 0.15 0.03
Thu 0.87 0.02 0.03 0.07 0.01
Fri 0.71 0.24 0.02 0.01 0.01
Sat 0.62 0.28 0.10 0.00 0.00
Sun 0.48 0.28 0.18 0.06 0.00
Table H.4: Parameters for the multinomial distribution of remaining useful life on arrival

from UCLH in 2017
Probability Remaining useful life on arrival (days)
of success
5 4 3 2 1

0.0 0.00 0.00 0.00 0.00 1.00
0.1 0.00 0.00 0.05 0.29 0.66
0.2 0.00 0.03 0.15 0.41 0.41
0.3 0.01 0.08 0.26 0.41 0.24
0.4 0.02 0.15 0.35 0.35 0.13
0.5 0.06 0.25 0.38 0.25 0.06
0.6 0.13 0.35 0.35 0.15 0.02
0.7 0.24 0.41 0.26 0.08 0.01
0.8 0.41 0.41 0.15 0.03 0.00
0.9 0.66 0.29 0.05 0.00 0.00
1.0 1.00 0.00 0.00 0.00 0.00

Table H.5: Parameters for the multinomial distribution of remaining useful life on arrival
for sensitivity analysis in experiment 9

assumption. Experiments [-IV are similar to experiments 1—4 respectively, but with
no returns. I therefore set p = 0 and ¢ = 0 and only used an OUFO issuing policy
because I anticipated no benefit to using a predictive model or the YUPR policy
when there are no returns. I estimated the demand for units that would be transfused
(UCLH Tx) by multiplying the total demand (UCLH Tx+r) by a factor of (1 — p) =
0.92, using the estimated return rate from UCLH during 2015-2016. The expected
number of transfused units is therefore the same in experiments 1-4 and -1V, and

18 set out in Table H.2.
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In Table H.6 I summarize the key settings of experiments I-IV and in Table

H.7 I report the results of experiments I-IV in terms of the mean daily cost, service

level and wastage over 10,000 simulated years.

Exp Distribution p 10) Demand Replenishment Issuing
of remaining distribution policy policy
useful life
on arrival

I UCLH 0% 0% UCLH Tx Standing order OUFO

II UCLH 0% 0% UCLH Tx (s,S) OUFO

I R&R [54] 0% 0% UCLH Tx Standing order OUFO

v R&R [54] 0% 0% UCLH Tx (s,9) OUFO

Table H.6: Summary of input settings for experiments I-IV using the simulated platelet
inventory management workflow with returns.

Distribution ~ Exp Replenishment Issuing Daily cost Service level (%)  Wastage (%)

of remaining policy policy

useful life

on arrival Mean (s.d.) Mean (s.d.) Mean (s.d.)

UCLH I Standing order OUFO 20,202 (601)  98.0 (0.9) 0.1 (0.2)
II (s,8) OUFO 17,541 (194)  99.6 0.1) 0.0 (0.0

R&R III  Standing order OUFO 19,831 (466) 97.1 0.7) 1.0 (04)
v  (s,8) OUFO 17,556 (200)  99.5 0.2) 0.0 (0.0)

The daily cost and KPIs were calculated for each episode and the mean and standard deviation over the 10,000 evaluation

episodes is reported.

Table H.7: Simulation results for experiments I-IV using the simulated platelet inventory
management workflow with returns.

The results of experiments I-IV show that, if all requested units are transfused,

then a simple (s,S) replenishment policy is sufficient to achieve no wastage and a

very high (>99.5%) service level.
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Chapter 5 supplement: Additional
information on training the machine

learning model

I.1 Training and test set request exclusion

In Table 1.1 I set out the how the training and test sets were extracted from the
requests recorded in Bank Manager, the laboratory information management system

used in the UCLH transfusion laboratory.

2015 - 2016 2017

Total requests 18,917 9,793
Less: no units assigned (656)  (282)
Less: neonatal unit assigned (236)  (152)
Less: request for test patient - -
Less: request required more than 30 minutes before registered 5) 6)
Less: requests removed so that all requests have 30 day look-back window (723) -

17,297 9,353

Table 1.1: Requests for platelet units used to train and evaluate the predictive model for
platelet returns.
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I.2 Input features for the machine learning model

In Table 1.2 T summarize the input features for the predictive model. In Table 1.3
I provide the proportion of missing values and the mean and standard deviation
for the numeric and binary input features. In Table 1.4 I provide the proportion of

missing values and the three most frequent categories for the categorical features.
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I.3 Hyperparameter tuning and threshold selection

for the machine learning model

In Table 1.5 I set out the search ranges for the hyperparameters of the ML pipeline
I constructed using the Python library scikit-learn [324]. The search ranges are
expressed using the syntax of the Python library hydra [325], which was used for
configuration . I used the default parameter values for the XGBClassifier class
from the Python library xgboost v1.7.5 for the hyperparameters not specified in the
table

The categorical features discipline, ward_name and plt_count_request_location
were all encoded using the OneHotEncoder class from the Python library
scikit-learn. The parameter min_frequency is the minimum frequency required for a
category to be encoded separately (categories below this threshold are collectively

assigned to a separate ‘infrequent’ class).

Parameter Search range Final
value
Preprocessing  discipline - min_frequency interval(0.01, 0.5) 0.15
ward_name - min_frequency interval(0.01, 0.5) 0.22
plt_count_request_location - min_frequency = interval(0.01, 0.5) 0.02
XGBoost gamma tag(log, interval(0.1, 100)) 38.11
learning_rate tag(log, interval(0.01, 0.3)) 0.11

max_depth int (interval(2,20)) 6
min_child_weight tag(log, interval(0.1, 100)) 0.16

n_estimators choice(50, 100, 200, 400, 800) 100
reg_alpha tag(log, interval(0.01, 100)) 0.01
reg_lambda tag(log, interval(0.01, 100)) 0.80
scale_pos_weight tag(log, interval(0.01, 100)) 3.15
subsample interval(0.1, 1.0) 0.83

Table 1.5: Hyperparameter search ranges and final values for training the predictive model
for platelet returns.

In order to apply the trained model within the simulated workflow, I needed to
determine a threshold for distinguishing between positive and negative predictions.
In Figure I.1a I plot the ROC curve for the training set over a contour plot of the
wastage from experiment 4 and in Figure 1.1b I plot the estimated wastage against
the threshold used to determine a positive prediction. Figure 1.2 presents the same
information using the wastage results from experiment 8, in which the distribution

of remaining useful life on arrival was taken from previous work by Rajendran and
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Ravindran [54].
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Figure I.1: Determining the threshold for the predictive model using the simulation results

from experiment 4.
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Figure 1.2: Determining the threshold for the predictive model using the simulation results

from experiment 8.



Appendix J

Chapter 6 supplement: Additional

information on methods

J.1 Replenishment policies

J.1.1 Neural network replenishment policies

As set out in Section 6.4.4.2, I used the approach proposed by Vanvuchelen and
Boute [293] to obtain order quantities for each product in the two and eight product
scenarios. The process for mapping the continuous neural network output a2 for
each product p into an integer value, A;’p , that can be used as an order-up-to level S

or directly as the order quantity is set out in Equation J.1.

. /\p A A A
A clip(a@y, Gmin, Gmax) — Gmin , 4 N N
rp ty Yminy Ymax min r r r
At - ~ ~ (Amax - Amin) + Amin (Jl)
Amax — Amin
where
A . Ap A
Amin if ay < Qmin
SON JIN A _ )4 cp oA A o
clip(af, min, Gmax) = a if Qg < A7 < Gmax (J.2)
A . /\p A
Amax lf at > Amax
I'set Gmin = —2, Gmax = 2 and A} .. = 0 for each experiment. The value for

AT was set depending on the properties of a problem.

max

For the single and two product scenarios, with A" = 10 for each product. In

max
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the sensitivity analyses for the two product scenario A" was increased to match

max

the higher maximum order quantity A’ when the mean demand was increased.

max

For the eight product scenario, Ar = 25 for each product in the high demand

max

case and fl;lax = 5 for each product in the low demand case. These are less than the
maximum order quantities, 60 and 15 respectively. The values were set to include
the order-up-to parameters identified when fitting the heuristic base stock policies
because, during preliminary experiments, I found that allowing a wide range of

order values led to poorer policy performance.

J.2 Fitting policies to optimize a single objective

J.2.1 Neuroevolution

In Algorithm 6 I present pseudocode for OpenAl ES and in Algorithm 7 I present
pseudocode for SimpleGA, both as implemented in the Python library evosax [121].

The pseudocode for OpenAl ES uses a simple gradient update for clarity but in
practice I used the default gradient-based optimizer in the evosax implementation

of the algorithm: Adam [326].

J.3 Supervised pretraining of policies

I used supervised learning to train neural networks that matched the outputs
of heuristic replenishment policies for the single product scenario, and heuristic
replenishment and issuing policies for the eight product scenario. The parameters
for the neural networks were used to initialize policy search using OpenAl ES and
SimpleGA.

For OpenAl ES, the initial mean parameters were set equal to the pre-trained
parameters. For SimpleGA, half of the initial set of elite solutions was populated
with the pretrained parameters. In cases where the replenishment and issuing
policies were jointly optimized, but only one policy was being initialized using
parameters from supervised pretraining, a single set of parameters for the other
policy was randomly sampled following the standard initialization procedure.

The initial value of the best set of parameters, 6.y, Was set equal to the set of
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Algorithm 6 OpenAl ES in evosax

Initialize neural network parameters 6
Initialize learning rate «
Initialize learning rate decay factor d,,
Initialize minimum learning rate oy,
Initialize mutation noise standard deviation o
Initialize mutation noise standard deviation decay factor d,,
Initialize minimum mutation noise standard deviation oy,
Initialize fpesy = 00
fork=1— Kdo
Initialize new generation: P < ()
fori=1— Ndo

Sample noise: ¢; ~ N(0, )

Add noise to parameters: ¢; = 0 + oe;

Evaluate fitness: f; = F(6;)

if fz < fbest then

f best < f 7
ebest — ez

end if
20: end for
21: Update parameters: ¢ <— 6 — aﬁ N fie
22: Apply learning rate decay: a <— max(d,, Qupin)
23: Apply mutation noise decay: o «— max(d,o, Opmin)
24: end for
25: return G

RN AR

e e T e
R S AN U e s 4

parameters used for the initialization, and the initial value of the best fitness, fyes
was set equal to the fitness given by this set of parameters on a set of training
episodes prior to starting the policy search process. When all of the policies
being optimized have been pretrained, fi.s; should be approximately equal to the
performance given by the heuristic policies used for the pretraining, however when
the policies are jointly optimized and only one policy has been pretrained the initial

performance is likely to be worse.

J.3.1 Single product scenario

J.3.1.1 Replenishment policy
The inputs to the neural network were observations for the replenishment agent.

For each setting, 1 generated all of the possible observations. When m = 5,
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Algorithm 7 SimpleGA in evosax

1: Initialize neural network parameters for a population of E elite individuals,
E={0.Vee{l,.. E}}

2: Initialize mutation noise standard deviation o

3: Initialize mutation noise standard deviation decay factor d,,
4: Initialize minimum mutation noise standard deviation o,
5. Initialize fuest = 00

6: fork=1— K do

7: Initialize new generation: P < ()

8: fori=1— Ndo

9: Select elite individual as parent: e ~ Uniform(1, E)
10: Sample noise: € ~ N (0, 1)

11: Add noise to parent parameters: #; = 0, + oe

12: Evaluate fitness: f; = F'(0;)

13: P« PU{(QZ,fZ)}

14 if f; < foest then

15: Joest < fi

16: Ovest < 0;

17: end if

18: end for

19: P+~ PUE

20: Sort P in ascending order by fitness

21: Update elite population: E + P[1 : F]

22: Apply mutation noise decay: o + max(d,o, Omin)

23: end for

24: return Gpeq

observations where the total inventory on hand or in-transit was greater than 15
units were excluded. This limit was set to ensure there was some coverage of states
where no stock should be ordered, but to prevent them from making up the majority
of states which, in preliminary experiments, I found made it difficult to learn the
heuristic policy.

Labels for the training set were created using the heuristic base stock policy,
with order-up-to level S set based on the simulation optimization experiments from
Section 4.5, as listed in Table G.1 in Appendix G. For the order-up-to neural
networks, the label for each observation in the training set was the order-up-to
parameter S. For the direct-action neural networks, the label for the observation
was [S — I]", where I was the total number of units in stock and in-transit for the

observation.
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The loss function was the ordinal categorical cross entropy loss [327]:

. arg max; y — arg max 3; .
E(y,y>=—(1+| . ”)Zyklogyk (43)
k

where k is the number of output categories (in this scenario, Ay + 1), ¥
is a one-hot vector representing the true label, ¥ is a vector of output values of
un-normalized outputs from the neural network, v, is the kth element of y and gy, is
the kth element of y. This loss function was selected because the output is discrete
but there is an ordinal relationship between the order quantities. The cross-entropy
loss for each sample is weighted by the absolute difference between predicted and
actual class labels, so a larger penalty was imposed for order quantities further from
the target.

During training, performance was assessed every 10 epochs using two metrics:
accuracy on the training set of observations, and the performance gap between the
mean return given by the heuristic policy and the learned policy on 10,000 validation
episodes. Hyperparameters for the supervised pretraining were manually tuned for
each experiment to achieve a 0% performance gap. In every, the network also
achieved 100% accuracy on the training set, demonstrating that the heuristic policy
had effectively memorized the heuristic policy. The hyperparameters are presented

in Table K 4.

J.3.2 Eight product scenario

J.3.2.1 Replenishment policy

The inputs to the neural network were observations for the replenishment agent.
For each setting, I collected observations from 14,000 replenishment steps in the
adapted single-agent environment, using the target heuristic replenishment policy
and corresponding heuristic issuing policy that was selected for further evaluation
and pretraining after conducting the simulation optimization experiments for the
experimental setting. To encourage diversity in the observations, for each step
the order quantity for each product had a 5% chance of being replaced by a

random order quantity sampled from a Poisson distribution with a mean equal to the
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order-up-to level for that product, SP. Duplicates observations were not removed.
Labels for the training set were created using the heuristic base stock policy,
with order-up-to parameter S” for each product previously fit using simulation
optimization. The task was treated as a regression problem, using the mean squared
error as the loss function, with the network trained to predict a continuous target
for each of the eight products prior to the mapping process described in Equation
J.1. Only direct-action neural network policies were used, and the continuous target
for each product was calculated from the order-up-to level SP and the total stock on
hand and in-transit for product p, I” using Equation J.4 which reverses the mapping
process described in Equation J.1 so that the continuous target is in the middle of

the range that corresponds to the target order quantity.

[Sp - ]p]+ - Amin A~ A A~ é\Lmax - é\Lmin
P = = ~ Amax — Amin + Qmin — ~ = J4
y ( Amax - Amin ( ) 2(AAmax - Amin) ( )

During training, performance was assessed every 10 epochs using the
performance gap between the mean return given by the heuristic policy and the
learned policy on 10,000 validation episodes. Hyperparameters for the supervised
pretraining were manually tuned for each experiment to achieve a performance gap

of less than 0.2%. The hyperparameters are presented in Table K.11.

J.3.2.2  Issuing policy

The inputs to the neural network were observations for the issuing agent. For each
setting, I collected observations from 20,000 steps in the multi-agent environment,
using the target heuristic issuing policy and corresponding heuristic replenishment
policy that was selected for further evaluation and pretraining after conducting the
simulation optimization experiments. To encourage diversity in the observations,
for each replenishment step the order quantity for each product had a 5% chance
of being replaced by a random order quantity sampled from a uniform distribution
over the integers between 0 and A,,,x. Replenishment steps were removed from the

20,000 total steps but duplicate issuing observations were not removed.
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Labels for the training set were created using the heuristic issuing policy. The
task was treated as a classification problem, using the cross-entropy loss.

During training, performance was assessed every 10 epochs using two metrics:
accuracy on the training set of observations, the performance gap between the mean
return given by the heuristic policy and the learned policy on 10,000 validation
episodes. Hyperparameters for the supervised pretraining were manually tuned for
each experiment to achieve a performance gap of less than 0.2% performance gap
and at least 99.1% accuracy on the training set. The hyperparameters are presented

in Table K.12.

J.4 Multi-objective optimization

J.4.1 NSGA-II

In Algorithm 8 I present pseudocode for NSGA-II as implemented using the Python
library pymoo [310].
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Algorithm 8 NSGA-II in pymoo

1:

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24
25:
26:
27:
28:

Initialize neural network parameters and evaluate fitness for a population of P
individuals: P = {(0;, F'(6;)) Vi € {1, ..., P}}
Initialize mutation noise standard deviation o
Initialize crossover probability p,
Initialize crossover spread 7
Perform non-dominated sorting on P to form fronts Fy, Fo, . ..
Assign crowding distance to individuals in each front
fork=1— Kdo
H < N parents from P using binary tournament selection based on front
rank and crowding distance
fori=1— Ndo
Generate a new individual using crossover: 6; = Crossover(H, n, p.)
Sample noise: € ~ N(0, 1)
Add noise to parameters: 6; < 0; + oe
Evaluate fitness: f; = F'(0;)
P—PU{(0: fi)}
end for
Perform non-dominated sorting on P to form new fronts F, Fo, . ..
P« 0
Jj<1
while |P’| + |F;| < P do
Assign crowding distance to individuals in F;
P+ P'UF;
Jg+1
end while
Sort F; by crowding distance in descending order
Fill remaining slots in P": P’ <~ P"UF,;[1: (N — |P|)]
P+ P
end for
return F;




Appendix K

Chapter 6 supplement:

Hyperparameters

Hyperparameters were tuned using the Python library wandb [307], and search
distributions are reported using the names from that library, along with any

additional parameters required for a given distribution.

K.1 Single product scenario

K.1.1 Main results
The hyperparameter settings and search ranges for PPO are set out in Table K.1.
When the policies were jointly fit, separate values for each of the hyperparameters

were included in the sweep for the replenishment and issuing policies.
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Parameter Fixed value  Search distribution =~ Min value  Max value  Choices
num-envs 200

replenishment.num_steps 20

replenishment.total _timesteps le6

replenishment.num_minibatches 10

issuing.num_steps 80

issuing.total_timesteps 4e6

issuing.num_minibatches 40

anneal_Ir True

dual_clip False

norm-_adv True

value_clip True

partial_episode_bootstrapping True

update_epochs categorical [2,4,8,16]
Ir log_uniform_values Se-6 le-2
gamma uniform 0.7 0.99
gae_lambda uniform 0.7 0.99
clip_eps uniform 0.05 0.5
ent_coef log_uniform_values 0.0001 0.05
vf_coef uniform 0.1 1.0
max-grad_norm uniform 0.05 1.0

Table K.1: Hyperparameter search ranges for PPO on the single product scenario

The hyperparameter settings and search ranges for OpenAl ES are set out in

Table K.2.
Parameter Fixed value  Search distribution =~ Min value = Max value = Choices
nume-generations 100
popsize 150
num_train_rollouts 100
init_params_abs_max 0
Irate_init log_uniform_values 0.001 0.5
sigma_init log_uniform_values 0.001 0.5
sigma_decay categorical [1.0, 0.999, 0.995, 0.99, 0.95]
Irate_decay categorical [1.0, 0.999, 0.995, 0.99, 0.95]

Table K.2: Hyperparameter search ranges for OpenAl ES on the single product scenario

The hyperparameter settings and search ranges for SimpleGA are set out in

Table K.3.

Parameter Fixed value  Search distribution =~ Min value ~ Max value  Choices
num_generations 100

popsize 150

num_train_rollouts 100

init_params_abs_max 0

elite_ratio q-uniform (q=0.05) 0.05 0.6

sigma_init log_uniform_values 0.001 0.5

sigma_decay

categorical

[1.0,0.999, 0.995, 0.99, 0.95]

Table K.3: Hyperparameter search ranges for SimpleGA on the single product scenario
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K.1.2 Supervised pretraining of policies

The hyperparameter settings for supervised pretraining of the replenishment policy

are set out in Table K 4.

Parameter m=2,L=2 m=5L=2
learning_rate ~ 0.001 0.01
num_epochs 250 20

batch_size 16 64

Table K.4: Hyperparameter settings for supervised pretraining of the replenishment policy
for the single product scenario

K.1.3 Estimating the Pareto frontier for service level and

wastage

The hyperparameter settings for the outer-loop approach using SimpleGA are set

out in Table K.5.

Parameter Fixed value
num-generations 100
popsize 150
num_train_rollouts 100
init_params_abs_max 0
elite_ratio 0.50
sigma_init 0.07
sigma_decay 1.00

Table K.5: Hyperparameter settings for SimpleGA for estimating the Pareto frontier with
the outer-loop method on the single product scenario

The hyperparameter settings and search ranges for NSGA-II are set out in

Table K.6.

Parameter Fixed value  Search distribution =~ Min value  Max value  Choices
nume-_generations 100

pop-size 2,000

n_offsprings 150

num_train_rollouts 100

mutation.sigma log_uniform_values 0.01 2.0
Crossover.prob uniform 0.1 1.0
crossover.eta log_uniform_values 0.5 50

Xu uniform 0.0 10.0

Table K.6: Hyperparameter search ranges for NSGA-II for estimating the Pareto frontier

on the single product scenario
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K.2 Two product scenario

K.2.1 Main results

The hyperparameter settings and search ranges for SimpleGA are set out in Table

K.7.

Parameter Fixed value  Search distribution Min value  Max value  Choices

num_generations 100

popsize 150

num_train_rollouts 100

init_params_abs_max 0

elite_ratio q-uniform (q=0.05) 0.05 0.6

sigma_init log_uniform_values 0.001 0.5

sigma_decay categorical [1.0, 0.999, 0.995, 0.99, 0.95]

Table K.7: Hyperparameter search ranges for SimpleGA on the two product scenario

K.2.2 Sensitivity analyses

The hyperparameter settings for SimpleGA are set out in Table K.8.

Parameter Fixed value
num_generations 100
popsize 150
num_train_rollouts 100
init_params_abs_max 0
elite_ratio 0.50
sigma_init 0.07
sigma_decay 1.00

Table K.8: Hyperparameter settings for SimpleGA for sensitivity analyses on the two
product scenario

K.2.3 Estimating the Pareto frontier for service level and

wastage

The hyperparameter settings for the outer-loop approach using SimpleGA are set

out in Table K.9.
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Parameter Fixed value
num_generations 100
popsize 150
num_train_rollouts 100
init_params_abs_max 0
elite_ratio 0.50
sigma_init 0.07
sigma_decay 1.00
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Table K.9: Hyperparameter settings for SimpleGA for estimating the Pareto frontier with
the outer-loop method on the two product scenario

The hyperparameter settings and search ranges for NSGA-II are set out in

Table K.10.

Parameter Fixed value  Search distribution =~ Min value  Max value  Choices
num_generations 100

pop-size 2,000

n_offsprings 150

num_train_rollouts 100

mutation.sigma log_uniform_values 0.01 2.0
Crossover.prob uniform 0.1 1.0
crossover.eta log_uniform_values 0.5 50

Xu uniform 0.0 10.0

Table K.10: Hyperparameter search ranges for NSGA-II for estimating the Pareto frontier
on the two product scenario

K.3 Eight product scenario

The hyperparameters used for supervised pretraining of the replenishment and

issuing policies are set out in Table K.11 and Table K.12 respectively.

Parameter Low demand High demand

Max sub wastage ~ Max sub shortage =~ Max sub wastage ~ Max sub shortage
learning_rate 0.005 0.005 0.005 0.005
num_epochs 20 20 50 50
batch_size 64 64 64 64

Table K.11: Hyperparameter settings for supervised pretraining of the replenishment
policy for the eight product scenario

Parameter Low demand High demand

Max sub wastage ~ Max sub shortage =~ Max sub wastage ~ Max sub shortage
learning _rate 0.005 0.005 0.005 0.005
num-_epochs 50 30 30 30
batch_size 64 64 64 64

Table K.12: Hyperparameter settings for supervised pretraining of the issuing policy for
the eight product scenario
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The hyperparameter settings and search ranges for fitting policies with
SimpleGA are set out in Table K.13. The parameter init_params_abs_max was

only used for parameter initialization when a neural network policy had not be

pretrained.
Parameter Fixed value  Search distribution =~ Min value ~ Max value ~ Choices
num_generations 100
popsize 150
num_train_rollouts 100
init_params_abs_max uniform 0 5
elite_ratio q-uniform (q=0.05) 0.05 0.6
sigma_init log_uniform_values 0.001 0.5
sigma_decay categorical [1.0, 0.999, 0.995, 0.99, 0.95]

Table K.13: Hyperparameter search ranges for SimpleGA on the eight product scenario



Appendix L

Chapter 6 supplement: Additional

results

L.1 Two product scenario

L.1.1 Sensitivity analyses

In Table L.1 I present the full results for the sensitivity analyses when fitting

replenishment policies with each of the three heuristic issuing policies.

L.2 Eight product scenario

L.2.1 Parameters for the heuristic base stock policies

In Table L.2 I present the order-up-to parameters, S for the base stock policies fit
for the eight product scenario using simulation optimization. The performance of
these policies is reported in Tables 6.12, 6.13, 6.14 and 6.15 with one table for each

combination of demand and maximum substitution cost.

L.2.2 Policy plots for the neural network replenishment policies

In Figures L.1, L.2, L.3 and L.4 I present plots showing the orders made by
the best-performing neural network replenishment policies for each of the four
experimental settings. For each experimental setting, this was the replenishment
policy fit using SimpleGA, with supervised pretraining, and a heuristic issuing

policy. For each blood type, the plots visualize the number of units of that product
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Simulation optimization SimpleGA
and heuristic issuing and heuristic issuing
Exact  Priority Oldest Exact  Priority Oldest
compatible compatible

Base setting

17.41 17.07 17.09 16.97 16.72 16.72
Lead time L
0 16.77 16.44 16.53 16.77 16.39 16.41
1 17.41 17.07 17.09 16.97 16.72 16.72
2 17.66 17.34 17.36 16.97 16.72 16.69
Maximum useful life m
2 17.41 17.07 17.09 16.97 16.72 16.72
3 16.33 16.17 16.33 16.24 16.16 16.12
4 15.95 15.88 16.15 15.92 15.82 15.93
5 15.82 15.79 16.09 15.86 15.76 15.86
Product probabilities [A:B]
[0.10, 0.90] 16.08 16.08 16.08 15.84 15.84 15.84
[0.25,0.75] 17.11 16.80 16.81 16.87 16.45 16.47
[0.50, 0.50] 17.41 17.07 17.09 16.97 16.72 16.72
[0.75, 0.25] 17.11 16.81 16.81 16.87 16.60 16.60
[0.90, 0.10] 16.08 16.00 16.00 15.84 15.75 15.75
Shortage cost Cs : wastage cost C'y
5:7 17.41 17.07 17.09 16.97 16.72 16.72
7:7 20.48 19.24 19.30 19.89 18.73 18.85
14:7 26.21 23.26 23.16 25.31 22.61 22.37
21:7 29.77 25.54 25.30 28.69 24.66 24.50
28:7 32.09 27.11 26.79 30.72 26.26 25.81
35:7 34.29 28.32 2791 32.57 27.16 26.89
5:5 17.10 16.92 16.96 16.87 16.51 16.54
5:10 17.65 17.29 17.28 17.12 16.84 16.88
5:15 17.96 17.54 17.54 17.37 17.15 17.17
5:20 18.26 17.79 17.77 17.62 17.39 17.27
5:25 18.57 18.02 17.95 17.95 17.68 17.62
Substitution cost C%;®
0.50 17.41 16.12 16.08 16.97 15.89 15.89
1.0 17.41 16.53 16.51 16.97 16.17 16.16
2.0 17.41 17.07 17.09 16.97 16.72 16.72
4.0 17.41 17.68 17.84 16.97 17.42 17.52
Mean daily demand
4 17.41 17.07 17.09 16.97 16.72 16.72
8 30.83 30.60 30.70 30.57 30.30 30.28
16 56.54 56.41 56.54 56.50 56.18 56.14
32 107.18 107.10 107.17  107.48 107.49 107.08

The daily cost was calculated for each episode and the mean over the 10,000 evaluation episodes is reported. The lowest
cost, indicating the best performance, is highlight in bold for each method of fitting the replenishment policy in each row.
The bold values are those reported in Table 6.7.

Table L.1: Mean daily cost for the sensitivity analyses on the two product scenario.
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S for ABO/RhD blood type
Demand  Maximum substitution cost  Issuing policy O- O+ A- A+ B- B+ AB- AB+
Low 650  Exact 1 3 1 3 0 1 0 0
Low 650  Priority 2 0 1 3 0 1 0 0
Low 650  Oldest compatible 2 0 2 2 0 1 0 0
Low 3,250  Exact 3 1 3 0 1 0 0
Low 3,250  Priority 2 1 3 1 0 0 0
Low 3,250  Oldest compatible 1 2 2 2 0 1 0 0
High 650  Exact 4 20 4 18 1 5 1 2
High 650  Priority 0 16 4 18 6 3 0 1
High 650  Oldest compatible 5 13 5 16 8 0 0 1
High 3,250  Exact 4 20 4 18 1 5 1 2
High 3,250  Priority 3 18 4 17 5 2 0
High 3,250  Oldest compatible 6 18 5 14 1 3 0 3

Table L.2: The best combinations of parameters for the base stock replenishment policies
fit using simulation optimization for each of the experimental settings for the
eight product scenario

ordered against the total number of units of that product in stock when the order
was placed, recorded over 5,000 steps in the adapted single-agent reinforcement

learning environment.
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Figure L.1: Order quantity versus stock holding for each ABO/RhD blood type for the best
replenishment policy fit using SimpleGA for the experiment setting with low

demand and maximum substitution cost equal to the wastage cost
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Figure L.2: Order quantity versus stock holding for each ABO/RhD blood type for the best
replenishment policy fit using SimpleGA for the experiment setting with low

demand and maximum substitution cost equal to the shortage cost
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Figure L.3
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Figure L.4: Order quantity versus stock holding for each ABO/RhD blood type for the best
replenishment policy fit using SimpleGA for the experiment setting with high

demand and maximum substitution cost equal to the shortage cost
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