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Abstract

We are ever aware of the global impact of infectious disease transmission in
shaping the reality of the world around us. For much of human existence
transmitted infections have been the principle cause for loss of human life.
Through their very nature, the transient threats of pandemics or endemic
disease transmission remain a constant challenge to epidemiologists and

are also at the forefront of shaping public policy decisions.

In order to bring the benefits of Machine learning (ML) to tasks such as
optimal prediction, control and planning from epidemiological models of
disease transmission, we need to define how principles, advancements and

knowledge can be directed towards real-world progress.

This work outlines steps towards making better decisions based on learn-
ing from epidemiological models under uncertainty. It considers how we
can automate and scale epidemiological model value using Machine learn-
ing. The thesis investigates a range of methods from Multi-Armed Bandit
approaches to sequential decision making using Reinforcement learning
(RL) based on simulation. We use Gaussian Process Regression for sam-
ple efficiency in learning value-functions, improving model predictions via
Bayesian optimisation of epidemiological model parameters and develop
surrogate model descriptions for sharing, abstraction and combination of
models as learning environments. Finally, the necessary computational

infrastructure for sharing and running models at scale is considered.
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Glossary

action a single or combination of interventions performed at a particular time dur-
ing simulation, which may lead to a state transition in the sequential decision

making task.

agent observes and acts in an environment to achieve specific goals/targets.
Bandit a state-less one-step decision making agent.
control optimise the future by finding the best policy.

environment represented by simulations from model(s), may be either fully or par-

tially observable.

epidemiology is the study (scientific, systematic, and data-driven) of the distri-
bution (frequency, pattern) and determinants (causes, risk factors) of health-
related states and events (not just diseases) in specified populations (neighbour-

hood, school, city, state, country, global) [1].

episode consists of all the states observed by a learning agent from initial to terminal

state.

experiment a group of jobs with common properties for example with same geo-

graphic location or user.

Gaussian process a Gaussian process is a collection of random variables, any finite

number of which have a joint Gaussian distribution [156].

intervention a single actuation or change to impact the observed future of the prob-

lem domain.

intervention plan a sequence of interventions to be implemented.



job a single model simulation.

model a single or combination of mathematical abstractions to describe a complex

physical system.

planning policy improvement based on agent interaction with a model of the envi-

ronment.

policy this may be a fixed deterministic action based on a defined intervention plan,
or stochastic and learnt from observation. Ultimately the goal of Reinforcement

learning is to learn a reactive policy which is a function of a Markov observation.

prediction evaluating the future given a policy.

regret the difference between the maximum achievable reward and that actually

obtained during a learning episode.

reward a scalar signal used to reinforce particular decisions or behaviour. The mag-
nitude and sign of rewards influences an agent’s actions as it attempts to max-

imise cumulative reward.

simulation the result of a particular computational instantiation of a model run.
state an agent interpretable observation from an epidemiological model.

surrogate a data-driven model approximation, learnt from epidemiological model

samples.

uncertainty quantification determining unknown model output distributions, of-

ten characterised by the first and second central moments of the distribution.



Acronyms

ACL Access Control Logic.
ACM Association for Computing Machinery.
AT Artificial Intelligence.

API Application Programming Interface.

CDF cumulative density function.
CPDA Cost Per DALY Averted.

CSV Comma Separated Value.

DALY Disability Adjusted Life Year.

DLT Distributed Ledger Technology.

EI Expected Improvement.

EIR Entomological Inoculation Rate.

GMEP Global Malaria Eradication Program.
GP Gaussian Process.

GPR Gaussian Process Regression.

HLF Hyperledger Fabric.

HPC High Performance Compute.

IRS Indoor Residual Spraying.

ITN Insecticide Treated Net.



MAB Multi-Armed Bandit.

MC Monte Carlo.

MCMC Markov Chain Monte Carlo.
MCTS Monte Carlo Tree Search.
MDP Markov Decision Process.

ML Machine learning.

MLE Maximum Likelihood Estimation.
MMC Malaria Modelling Consortium.

MSP Member Service Providers.

NICE National Institute of Clinical Excellence.
NLP Natural Language Processing.

NPI Non-Pharmaceutical Intervention.

NRMSE Normalised Root Mean Square Error.

PDF probability density function.

POMDP Partially Observable Markov Decision Process.
RL Reinforcement learning.
SA Sensitivity Analysis.

TD Temporal Difference.

UCB Upper Confidence Bound.

UQ Uncertainty quantification.
WVE Workflow & Validation Engine.

YLD years of life with disability.

YLL years of life lost.



Chapter 1

Background

The effort invested in ‘getting it
right’ should be commensurate with
the importance of the decision

Daniel Kahneman, Nobel Laureate
2002

The success of computational machines for tasks without exhaustive programming,
through ‘learning’ from data, observations or examples, comprises the field of Machine
learning (ML).

Often a Machine learning task involves a prediction or decision, based on some
previous experience and/or new observations, and any particular computational ma-
chine or system may consist of many ML based elements.

For example to provide an over-simplification for the system of a self-driving car,
the autonomous vehicle and machine may perform object detection, recognition and
planning. Identifying obstacles, classifying them as a potentially vulnerable pedes-
trian, and then modifying its inferred position, velocity and acceleration to minimize
the risk the self-driving car poses to the pedestrian.

The ideas developed in this thesis were seeded from the Reinforcement learning
(RL) branch of ML approaches. From the inception of game playing algorithms by
Arthur Samuel in 1959 [173], the field of ML has continued to demonstrate perfor-
mance on game-like abstractions of problems, with less evidence of RL being utilised
in high impact real-world problem domains. The promise of learning optimal policies
based on delayed rewards via reinforcement poses potential in guiding high impact
decisions or strategy. For real world applications which may positively impact lives,

this is a possible solution commensurate with the time to extend and expand ML



techniques to such problems. Hence the material of this thesis focuses on the ap-
plication and extension of learning machines to the domain of epidemiology and the

control of infectious disease transmission.

1.1 Motivation

Broadly an epidemiologist is interested in the whole spectrum of improving public
health through quantitative understanding of health and disease conditions in human
populations. Our focus is on the ability of ML approaches to impact decision making,
which will be biased towards a narrower field of epidemiology, specifically communi-
cable or infectious disease transmission, where mathematical models are developed
and used to inform public health policy decision making. Temporal control of such
mathematical epidemiological models will be derived from our ability to leverage ML
approaches for decision making over time, in tandem with the mechanistic, physical
or mathematical models of epidemiology, which imbue our current understanding of
disease transmission. The promise of a ML-based approach is one of augmenting and
enhancing the expert ability of the epidemiologist to provide evidence which supports
a best-known or optimal decision for those ultimately responsible. This promise stems
from the fact that we may be able to solve decisions at a level of complexity infeasible
to individual, expert or even groups of humans. The space of possible interventions!
and intervention plans? to address these problems are often vast and complex, making
it daunting for decision makers to explore, process and reason. Through creating a
pipeline for directly putting data and multiple epidemiological models to work through
ML approaches, we can scale the process of the epidemiologist, generating increased
value from their understanding of the domain.

Often targets in the reduction of disease transmission are stated as goals or even a
trajectory, as seen in Figure 1.1, which includes possible future projections of yearly
cases in malaria endemic regions. The three scenario projections indicate possible
trajectories which would either meet or fall short of the 2030 target. Additionally
by looking at the control task with a finer temporal resolution, it may be necessary
not just to target an X% reduction in the number of disease cases, but in fact limit
the maximum number of cases or ‘flatten the curve’ as is demonstrated in Figure

1.2. This requires limiting daily cases below the healthcare system capacity through

lactuations that may be implemented to impact the observed future of the studied disease.
2sequences of interventions to be implemented.



protective measures, consequently reduction in the total number of new cases is not

the primary objective or target.

® Current projection @ If we progress e If we regress e 2030 Target

1990 2016 2030

Figure 1.1: Yearly new cases of malaria per 1,000 people [129] in malaria endemic
regions.

Delay outhreak
ek
Daily .
number of
Cases
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protective measures
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Cases with protective

measunes

Time since first cose

Figure 1.2: Flattening the Curve, health-system preparedness for viral pandemics [76].



Disease transmission may be controlled through a variety of public health in-
terventions, such interventions may be pharmaceutical or non-pharmaceutical based
on whether they derive from active chemical compounds (including vaccination) or
not. These two categories may also be described by corresponding pathways that
the interventions disrupt transmission. Pharmaceutical interventions aim to treat or
inoculate against the disease and so effectively reduce the reservoir of infected, infec-
tious and susceptible humans in the population. Non-pharmaceutical interventions
provide control by reducing the probability of disease transmission between humans
or the pathogen with vectors (such as the mosquito when considering malaria).

The coordination of interventions to limit transmission across geographies on a
continental or global scale will not be handled with the ML approaches discussed in
this work, though spatial interactions for disease transmission are implicit within some
of the epidemiological models used, methods for extensive coordinated geospatial con-
trol remain a challenging extension. We will ourselves focus on decision making for a
single location, whether this is an administrative level 0 (country), level 1 (province)
or level 2 (district) analysis. These country centric administrative levels often match
what is currently practical for national infectious disease programs, though cumula-
tive benefits may be afforded through coordination, cooperation and communication
between countries and continents, this remains a complex geopolitical problem.

Additionally the possibility for heterogeneity in the impact of interventions on
individuals as opposed to an entire population will not be considered in this work.
Specifically one may be interested in which sub-population or demographic may be
vulnerable, or could greatest benefit from targeted interventions down to an individual
level. Planning targeted interventions based on population demographics or cohorts is
an important additional dimension to the decision making process, and a worthwhile
analysis which may be extended with the epidemiological model based ML approaches
to be presented.

At the time of writing the importance of our ability to plan in a time-sensitive
manner has unfortunately been made drastically apparent. On 11th March 2020 the
WHO situation report announced the novel Covid-19 virus global pandemic. When
this was declared the number of confirmed cases surpassed 118,000 with over 4,000
deaths world-wide, and the pandemic continued to have orders of magnitude further
impacts on the global community. Individual, group and global experiences exposed
the result of (potentially) not taking immediate action to implement intervention
plans to limit transmission through containment and control. Figure 1.3c gives a

snapshot of the number of deaths from Covid-19 continuing to proliferate despite



global attempts at control. These numbers are stark, while the other examples of
Figure 1.3 serve to give some contrast and a contemporary perspective of global
deaths from infectious diseases. All these diseases have significant global epidemio-
logical modelling efforts behind them, supported through programs such as the Gates
Foundation® and Global Fund?, along with local country led efforts.

Of these diseases depicted in Figure 1.3, malaria (Figure 1.3a) is perhaps the old-
est disease, believed to have pre-dated human evolution [50]. In contrast to Covid-19
it has a disproportionate impact on the young (under five) population [131]. Recent
years have seen a decline in cases but not in line with targets, with the major re-
ported contribution to success in malaria control being the cost-effective intervention
of Insecticide Treated Net (ITN) distribution [151].

Successes in the treatment of HIV and keeping the virus suppressed have led to
reductions in disease deaths (Figure 1.3b) each year [175]. Notably these should be
compared to the level of geographic disease deaths that have been witnessed as a
result of the Covid-19 pandemic in 2020 as in sub-Saharan Africa there is evidence of
up to a doubling of mortality risk for HIV patients who contracted Covid-19 [59].

Finally the example of Polio (Figure 1.3d) serves to demonstrate where a vaccine
has locally eliminated the disease while global eradication remains very close, though
challenges due to asymptomatic cases ensure a non-zero prevalence in parts of the
globe [114]. Complex dynamics and uneven access to vaccination mean that the
disease has not been fully eradicated, which is a question we will continue to ponder

for other infectious diseases into the future.

1.2 Mathematical Modelling in Epidemiology

The first documented use of mathematical modelling in epidemiology was by Daniel
Bernouilli in 1760, which aimed to motivate smallpox inoculation to increase popula-
tion life expectancy [160]. Greater progress in quantitative approaches to understand-
ing infectious disease transmission has continued in the 20th century, initially through
the application of the laws of mass action to model malaria transmission by Ronald
Ross [167], onwards to the introduction of compartmental models for the study of epi-
demics by Kermack and McKendrick in 1927 [103]. The extended Ross-Macdonald
malaria model further developed by George Macdonald was used in the guidance of
the Global Malaria Eradication Program (GMEP) (1955-1969); the Ross-MacDonald

3https://www.gatesfoundation.org/
‘https://www.theglobalfund.org/
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malaria model making the conceptual leap to capture both mass action for trans-
mission and the mosquito (vector) dynamics. Understandably subsequent investment
and research effort in the domain of infectious disease modelling has led to increasing
numbers of epidemiologists developing models, collecting data and proposing poli-
cies through possible intervention plans based on new quantitative understanding of
epidemiological systems. Conversely if the partial success of the GMEP had been
complete and repeated, it would have possibly resulted in widespread malaria eradi-
cation [142]. Humanity would have less focus on our control of communicable disease
transmission, and as such modelling it. Unfortunately, the previous examples of Fig-
ure 1.3 remain persistent causes for great loss of human life.

The outputs of epidemiological models are important for providing evidence to
develop feasible intervention plans, and ultimately recommend policies to achieve a
target or set of targets. The model developer is often tasked with proposing im-
proved intervention plans in the face of competing priorities to match the real-world
problem. For example, trying to reduce programme costs while improving health out-
comes, where saving lives is necessarily a costly endeavour. This requires the ability
to efficiently sample model inputs to simulate the outcomes of different interventions
given a set of constraints. Running highly descriptive mathematical models is compu-
tationally expensive and the search for improved intervention plans will have further
complexity tied to the number of chosen interventions.

Recommended intervention plans generated by one or more modellers are shared
with the relevant decision makers for potential adoption and implementation. De-
cision makers are faced with the daunting challenge of making decisions based on
existing models, without being technical experts and without having access to all
evidence about all possible options. In many cases data and models are not shared
in a reusable, repeatable and reproducible manner, making it difficult for decision
makers to compare output from different models. While in cases where results are
presented from multiple transmission models the recommended intervention plans can
conflict [212], leaving no clear resolution for making a decisive action. Furthermore,
with multiple stakeholders, coordinating the development of effective intervention
plans becomes a significant operational challenge. Finally the task of decision making
under uncertainty, where outcomes are not completely specified (or known), further
complicates the intervention planning process.

To conclude we would like to point to the heterogeneity in epidemiological mod-
elling approaches which have been developed. Figure 1.4 provides model schematics

for four separate modelling efforts aiming to provide decision making tools for malaria
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control. Our perspective is that heterogeneity is beneficial; again there is no one con-
clusive model design and comparative, competitive and parallel research efforts help
to progress disease understanding along with optimal intervention plans for locations.
For example malaria modelling efforts are coordinated under the Malaria Modelling
Consortium (MMC) for the collaborative exchange and joint studies into the efficacy

of intervention plans [42].

1.3 Uncertainty Quantification

The major forms of mathematical models for dynamical systems may be classified
into three groups. These three groups are directly applicable to the domain of epi-

demiological mathematical modelling:

e Black-box models are entirely data-driven models and their structure is not
guided by any underlying physical mechanism. Such model types are common
in Machine learning or often considered as statistical models; in either case we’ll

take the perspective that model parameters are learnt from observation.

e White-box models are considered to be mechanistic and attempt to describe
the underlying physical mechanisms. As an example of white-box models,
agent-based models are constructed based on interactions between multiple
agents of the epidemiological system and aim to create a closer resemblance

to real-world dynamics.

e Grey-box models consist of mixtures of phenomenological (black-box) and

mechanistic (white-box) model components.

For the purposes of this work, all models will agnostically be considered as black-
boxes. The epidemiological models are therefore effectively a set of exposed param-
eters, which allows us to switch seamlessly between the use of different model types
and between diseases. This ground-up approach of extensibility and scale is perhaps
rooted in the premise that much of Machine learning considers models as black-boxes
across agnostic applications. In the case of epidemiology, challenges in reproducibil-
ity, and lack of sharing or a set of standard benchmarks, limit the amount of work
which effectively compares the results of different modelling approaches. We will
not therefore spend significant time focusing on the analysis of epidemiological model

structures, instead we will look at mappings between inputs and outputs from various
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models for forecasts or predictions under uncertainty, ultimately to be exploited for
the task of decision making.

While the internal mechanisms of the models used will remain as black-boxes,
different approaches will return deterministic or stochastic results. This is of note
with regards to how uncertainty may be handled from the model. A deterministic
epidemiological model will principally take the compartmental form of Kermack and
McKendrick [103]. Such models are deterministic in the sense that, once we know the
population numbers of each compartment (initial conditions) and the rate constants
between the compartments, the system is fully determined and has a single outcome
or prediction, while for any real world scenario, reducing the problem in such a way
is unlikely to be realistic, or have strong predictive performance. We may inject some
randomness into deterministic models through quantifying uncertainty in the model
parameters or initial conditions. Deterministic compartmental models tend to be
suited for large well mixed populations, with relatively small numbers of recovered
individuals. Typically a deterministic approach may be evaluated much faster, as
differential equations have efficient solvers with a single outcome being computed.
Stochastic simulations may need many more computational cycles in order to model
the atomic transitions of a stochastic agent-based model in comparison.

Taking a common footing for both modelling approaches through uncertainty
quantifications can lead us to the following classifications. Uncertainty in predictions
arising from the uncertainty in the model parameters is called epistemic uncertainty.
This could lead to a distribution of outputs from a deterministic model if param-
eter distributions were defined on the model parameters, or based on a stochastic
models own description of epistemic uncertainty. This kind of uncertainty may be
better quantified with more data or observations. Consequently, epistemic uncer-
tainty should be higher in regions of no or little training data and lower in regions of
more training data. Uncertainty arising from the inherent noise (or imprecision) in
the disease dynamics is an example of aleatoric uncertainty. It cannot be reduced if
we get more observations, in principal we have to accept that the future is uncertain.

The utility of uncertainty quantification becomes apparent when we wish to make
comparable decisions across various scenarios. Often in such risk adverse or high
impact scenarios we may want to minimise uncertain outcomes, taking ‘safe’ decisions

in preference to potential greater improvements with greater uncertainty or risk.
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1.4 Model-Based Decision Making

As a specific disease example, malaria presents one of the most complex domains for
intervention planning in global health. The disease modelling and simulation efforts
available for use in malaria control and eradication are among the most highly de-
veloped for any disease. Researchers developing recommendations for intervention
plans effective in the fight against malaria may have access to several domain models
developed by organisations across the globe [15,78,183]. They rely on the recommen-
dations provided by their own models, and do not access the insights or the potential
validations possible from comparisons with models developed by others.

There are legitimate concerns in the presentation of quantitative results based
on models, and doing so with the appropriate uncertainty bounds, limitations, and
caveats. It is of extremely high value for decision makers to have this type of in-
formation, systematically identifying where there are unknowns, and when there are
multiple available options, with the goal of confidently generating decisions backed
by multiple evidence producers. Finally, the generation of insights based on mod-
els, whether a single model or an ensemble analysis, is a continual research challenge.
The intellectual process alone may be daunting, before considering the computational
complexity in generating resource intensive results.

Modelling consortia have previously conducted comparison exercises of respected
models in their field when applied to the same questions in the same countries. The
Malaria Modelling Consortium (MMC) has conducted such model comparisons to
assess whether there was consensus in messaging on predictions of the impact and
cost-effectiveness of the RTS,S malaria vaccine [202] and the role of mass drug ad-
ministration on elimination [143]. In this case the different models predicted differing
magnitudes of the effects of mass drug administration, but consensus answers were
reached for several factors contributing to the effectiveness of mass drug administra-
tion. The models also reached consensus about RTS,S administration and priority
implementation areas. This is despite fundamental differences in the types of the
model developed, and differences in datasets used for model calibration to the stud-
ied location. More generally malaria intervention plans include a mix of intervention
types such as the distribution of the Insecticide Treated Net (ITN), process of Indoor
Residual Spraying (IRS), vector larviciding of bodies of water, and malaria vaccina-
tions. The space of possible interventions, combinations of interventions, and com-
binations of sequences of interventions is daunting and inefficient for human decision

makers to explore without adequate decision support tools and coordination.
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1.4.1 Malaria Elimination and Control Background

Firstly, malaria as a broad term describes the disease associated with infection from
the Plasmodium parasite. Five different Plasmodium species may infect humans with
complex lifecycles and vector dynamics. The evolution of these Plasmodium species is
believed to have preceeded our own evolution as man [150]. Malaria may therefore be
responsible for the greatest number of cumulative human deaths over our existence.
With several key milestones in human history, the serendipidous discovery of quinine
as a treatment in the 1600s was the first successful use of a chemical compound to
treat an infectious disease [3]. As knowledge grew into the causes of infection, initially
with research into bacteria, the Plasmodium parasite and its vector the mosquito were
uncovered in the late 1800s [57]. With this newly discovered knowledge about the
transmission cycle of malaria along with rapid advancements through industrialisation
and economic growth, the US was able to eliminate malaria in the US in the 1950s [9].

We have therefore made significant successes in accumulating knowledge towards
the isolated elimination of malaria, to the point that it would appear a solved prob-
lem to replicate. However a ‘broad-brush’ approach in applying this knowledge to
other nations was shown to be flawed in the Global Malaria Eradication Program
(GMEP) from 1955-1969. This effort made apparent that a single strategy can not
be applicable everywhere and that a long-term commitment with a flexible strategy
that includes community involvement, integration with health systems, and the de-
velopment of agile surveillance systems is needed [132]. Substantial gains were made
through the GMEP though these were lost in resurgences, sometimes of epidemic
proportions. Now after renewed investment in global malaria eradication, malaria
remains a significant global health problem, with over 500,000 deaths a year con-
centrated in sub-Saharan Africa [10,178]. It is estimated that 200,000 people are
suffering from malaria globally at any time. This is a major economic burden on the
countries where malaria is still endemic, the poorest countries as a result suffering a
1.3% reduction in their economic growth.

As the economics of the problem prohibit its elimination, analyses have highlighted
that the gap between the costs of elimination and of control [178] are hindering
global eradication, as we are making sub-optimal decisions limited by cost. Low-
cost interventions, in the form of bed nets and insecticide spraying, have become
viable mechanisms to try to overcome the infrastructural issues with solving malaria.
At present we have not achieved eradication through this ‘broad-brush’ approach of

distribution alone.
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Finally, those experiencing and living with malaria day-to-day may be disengaged
from the interventions they receive. For example, if someone is required to use an un-
comfortable bed net, when they are habituated to malaria symptoms. Or, if sleeping
under a bed net would not be required with adequate local investment in sanitation
and drainage, to reduce vector numbers. Furthermore, the distribution of bed nets
has empirically been shown to be effective only to a certain amount [119]. Malaria
is perhaps (socially) not the biggest problem faced by an individual in an endemic
country, but this makes it very difficult to prevent its transmission, so populations
must not be disengaged and interventions not disconnected from the goals of proposed
solutions.

In the 2014-2020 Malaria Reduction Strategic plan, the Ugandan Ministry of

Health’s National Malaria Control Programme set the following three goals:

1. by 2020, reduce annual malaria deaths from the 2013 levels to near zero.
2. by 2020, reduce malaria morbidity to 30 per 1000 cases.

3. by 2020, reduce the malaria parasite prevalence to less than 7%.

In 2014, the prevalence was estimated at 19%, and by all estimates progress was
made, yet the 2020 targets were not achieved. The current estimation is 9% prevalence
nationwide (with significant local variation). With the advent of Machine learning
based approaches, can recommendations for intervention plans which aim to reduce
the prevalence from 9% to 5% over the course of five years countrywide, be developed?
The primary components of the intervention programs are the Insecticide Treated Net
(ITN) and Indoor Residual Spraying (IRS), though there is significant consideration to
improvements in case management, malaria in pregnancy, and urban malaria control
[204].

1.4.2 Potential of Machine Learning

Machine learning methods are well-suited to efficiently exploring the space of all pos-
sible combinations of interventions. Epidemiological model simulations provide the
opportunity to play forward different interventions and/or plans to predict the future
state of the world. They do not require any physical investment or action, and obser-
vations of expected outcomes may be made repeatedly in-silico. This may be thought
of as analogous to experimentation, though here we consider it a form of online se-

quential learning, naively the ability to make observations from the simulation and
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update model knowledge. Any decision making agent may formalise this process of
online learning via reinforcement. A reinforcement, or reward signal may thus be used
to learn policies based on observations of the impact of actions on that environment.
This environment may consist of simulations or epidemiological models, or an agent
interacting directly with the ‘real-world’. Conventional benchmarks and examples
of Reinforcement learning (RL) approaches in research [67] have avoided complex
physical simulation models. The approach developed in this work given the emerging
availability of epidemiological models offers an opportunity to greatly enhance the

decision making process via model-based evidence.

1.5 Contributions of Thesis and Outline

Throughout this thesis the use, extension and deployment of Machine learning ap-
proaches to high impact decision making, with regards to disease control interven-
tions, will be outlined. From developing Bandit learning approaches as one-step
control methods (Chapter 2); supervised Machine learning techniques for epidemi-
ological model predictions and Uncertainty quantification (Chapter 3); introducing
an infrastructure to run epidemiological model simulations at scale (Chapter 4); a
competition based set-up for heterogeneous Reinforcement learning approaches to
solving the epidemiological control problem along with methods of combining infor-
mation from different Machine learning and epidemiological approaches (Chapter 5);
and a full development of the application of sequential decision making via Reinforce-
ment learning methods for the purposes of control and planning from epidemiological

models (Chapter 6).
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Chapter 2

Exploring One-Step Prediction and
Control with Online Learning

We have no idea about the ‘real’
nature of things The function of
modelling is to arrive at
descriptions which are useful.

Richard Bandler and John Grinder,
1979

Having already discussed the necessity, origin and use of epidemiological models for
decision making we’ll now use this chapter to lay the framework to extend the use of
such models towards learning from simulation. A model is a physical, mathematical,
or logical representation of a system entity, phenomenon, or process. A simulation is
the implementation of a model over time. A simulation brings a model to life and
shows how a particular object or phenomenon will behave. It is useful for testing,
analysis or training where real-world systems or concepts can be represented by a
model [149]. With such a description of the real-world we may now look to train

computational systems to learn from simulation.

2.1 Online Learning

Online controlled experiments may make use of simulation to set up experimentation
in silico. The theory of controlled experiments dates back to Sir Ronald A. Fishers’
experiments in the 1920s, and is formalised in his text the Design of Ezrperiments
[73]. Online controlled experiments started to be used in the late 1990s with the
adoption of our global system of connected computation, the Internet. Today no

longer just websites, but major technology companies including Amazon, Facebook
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and Google to name some of the most immediately prominent, run thousands to tens
if not hundreds of thousands of experiments daily, each testing user interface (UI)
changes, enhancements to algorithms (search, ads, personalisation, recommendation,
etc.), changes to apps, content management systems and other areas.

Extensive scientific research, effort and time may go into creating an exquisitely
complex and rich computational model of disease transmission. This will likely be
used in the paradigm of A/B testing by an epidemiologist (also likely the model cre-
ator). The term A /B testing hopes to capture the process by which experimentation
is performed through a direct comparison, or hypothesis test, between two outcomes
A or B.

In our case we will compare simulated evidence to inform a decision or policy, in
contrast to other applications which may look to guide design, healthcare or market-
ing decisions [172]. It may be sufficient in these applications to present that option
B outperforms option A and this can be argued to provide a comparative basis as
evidence for a decision. Although this may be reaching too hasty a conclusion, in
the sense that any such decision may only be considered optimal (iff one of the two
options being considered is the optimal decision), though we may demonstrate that
the A/B choice offers a simulated improvement. From this simple two case scenario
we are bound to making a decision under limited information, bias or even misinfor-
mation whether intended or not. Additionally, without formally stating uncertainty
bounds there may be scenarios were the chosen decision under-performs the expected
outcome. For the case of making a model-based decision in epidemiology, a sensible
proposition for an A policy would be the current disease control interventions in place
with a B proposition made relative to this current policy (A). Therefore an A/B test
would assess whether there is sufficient model-based evidence to motivate a change
in policy to the proposition B. If we understand sufficiently well the current state
and control interventions for the disease, a proposition of a policy for which there
is quantitative evidence to suggest improvement is a significant step. Especially, if
the monetary resource is available to promote such a decision, model support in an
A /B fashion represents the baseline of how most implemented intervention plans are
supported by quantitative evidence [79].

Although there is more that can be done, it is proposed that reaching specific
policy goals, such as elimination in defined contexts, requires increasingly non-generic
advice from modelling. For example research in epidemiological model development
looks to motivate the importance of measuring baseline epidemiology, intervention

coverage, vector ecology and program operational constraints in predicting expected
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outcomes for different combinations of interventions [41]. This does not deviate from
the baseline process, that all of these goals may be studied as a series of A/B tests
without accelerating towards critical solutions, which are needed to solve immediate
problems in a timely but principled manner. The rest of this Chapter will begin the
work of how we may improve our exploration of novel control policies from published

models.

2.2 Stochastic Multi-Armed Bandit

In formalising an extension to A/B testing we’ll move towards associative, or one-
step Reinforcement learning in the form of the Multi-Armed Bandit (MAB). For
direct applicability we’ll consider a form of the Multi-Armed Bandit under a limited
computational budget, specifically a discrete number of epidemiological model runs
(n), which may be known or unknown, though each model run is considered to be
computationally expensive.

To provide background to the approach of the Multi-Armed Bandit (it is named
after the canonical example of the problem), we could interpret this class of prob-
lems as analogous to making selections of one-armed bandits (slot-machines) given
a fixed budget of coins or tokens, either known or unknown and the objective being
to maximise winnings given unknown stochastic distributions of payouts. Optimal
approaches should thus balance exploration and exploitation. Where exploratory ac-
tions serve to improve estimates of stochastic rewards, exploitative actions should
maximise cumulative reward given the current information and ‘model’ of the world.

We will consider the MAB problem as a tuple of (A, R) consisting of K arms
or actions a labelled as integers {1,2,...K}. At each round ¢t = 1,2,...n an arm is

selected:

aeAe{l,2 . K}

The reward received by an action is a random sample drawn from the unknown reward
distributions of the arms R*(r) = P[r|a]. Having selected an action a; at round ¢ the
environment generates a reward r; ~ R* which is assumed to be independent of
previous actions or rewards. The goal of any player or algorithm in this setting
should be to maximise cumulative stationary rewards across the model runs, where

cumulative reward (R;) is simply the arithmetic sum of rewards across rounds:
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Ro=>r (2.1)
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Up until the computational budget of the episode whereby t = n. The action-value
is the mean reward from action a and taken from the reward distribution of the arm,
therefore if we drop the dependence on round (¢) due to stationarity of rewards, we

may state the following:

Q(a) = E[r|a] (2.2)

In addition the optimal value V*, for the optimal arm or action a* is:

V* = Q(a") = max Q(a) (2.3)

acA
If any player, algorithm or agent had access to these unknown distributions a priori

they would be able to achieve a maximised expected cumulative reward of:
nV* =nQ(a*) = Z]E [r-|a”] (2.4)
T=1

2.2.1 Regret

To reiterate that for our framing of the MAB problem we assume a fixed finite compu-
tational budget for a number of model runs (n), we will define regret as the difference
between the maximum achievable reward and that actually obtained during the learn-
ing episode consequently of length n. At any instant ¢ the opportunity loss [; for that

step is:

I =E[V* - Q(a)] (2.5)

and the total regret (L;) up until step ¢ may be defined as:

Lt:E

> (V- Q(af))] (2.6)

T=1
At this stage we should note that if we seek solutions to maximise expected cumulative
reward this is equivalent to minimising expected cumulative regret. While a gap of

A, exists for each action (a) between the optimal value V* and the action-value Q(a):
Ay =V"—Q(a) (2.7)
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Now we shall make use of the count N;(a) to track the number of selections of action
a by the MAB approach up until round ¢, such that we may extend total regret as

defined in Equation 2.6 using gaps and counts:

Ly =Y E[N(a)] (V" = Q(a))

acA

- ZE [Nt(a)] Aa

acA

(2.8)

Good solutions to the bandit problem will have a low cumulative regret, ensuring
small counts for large gaps, though this is tricky as with the problem of maximising
cumulative reward, reward distributions and hence gaps are unknown. The relative
performance of solutions to Bandit problems are often analysed through bounding of
cumulative regret. For example an algorithm which takes only exploratory actions
across an episode (n), will have linear regret, conversely if an algorithm never explores
it will also have linear total regret [48]. Achieving sub linear total regret is therefore
a key measure of useful performance for approaches. The concept is included here for

an understanding of the theoretical objectives.

2.2.2 Infinitely-Many Armed Bandits

In addition to the notions of exploration and exploitation in the Multi-Armed Bandit,
if we are to consider the problem where the number of possible actions (K') exceeds our
number of model runs, computational budget or episode length (n) and tends towards
infinity, we have to add the concept of discovery. As in such a problem type it will not
be possible for any solution to sample all possible actions, discovery infers the finite
set of actions which are sampled, allowing exploration/exploitation mechanisms to
proceed on this finite set. Berry [34] first addressed the bandit problem with infinitely
many arms (assuming Bernoulli or Discrete reward distributions of actions). There
may be instances, where there is no relationship between the distribution of rewards,
in which case a random search would be a suitable method for such subset discovery.

For the specific problems considered in this work it is reasonable to consider
that all cases represent infinitely many possible actions, where there is a structural
relationship between their reward distributions, due to the underlying epidemiological
models encoding some unknown causal relationship between actions and rewards. Any
reduction in the numbers of actions is likely to inflate the aleatoric uncertainty which
the epidemiological model simulates, though this is not guaranteed. However, it does

push forwards capturing as many actions as possible.
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furthering the decision of capturing infinitely many possible actions. Finally ex-
pressing that the process of discovery in simulating new actions further adds to the
infinite possible actions.

Therefore balancing, exploration, exploitation and discovery is a consideration
provided by the MAB framework. In addition to slot-machine selection we may
consider another example to further describe this balancing act. These mechanisms
have analogies to decisions in social activities; one may choose to spend time with
their closest connections (exploitation); someone with a degree of 2 separation in
their social network (exploration); or finally a group or person considered to have a

completely different social network to their own (discovery).

2.2.3 Optimism in the Face of Uncertainty

In order to achieve sub-linear regret, techniques to provide solutions to the Multi-
Armed Bandit problem tend to focus on the notion of optimism in the face of uncer-
tainty. This concept formalises the process for constructing sequences of decisions,
to minimise regret and in so doing approach a* given uncountably many, unknown
distributions, of continuous rewards. This notion is guided by the idea that the
higher the uncertainty in an action-value Q(a) the more important it is to explore,
and optimistically it could turn out to be the best action! Instantiations of algo-
rithms which encourage exploration use various heuristics: e-greedy [194], Leader [91]
or Upper-Confidence Bounds [18] based on empirical arm evaluations, all of which
achieve sub-linear, logarithmic regrets. While all are valid approaches, we note that
empirical evaluation of arms does not lead to the most sample efficient mechanism
for large problems. The problems tackled in this work will take the Infinitely-many

armed Bandit form, and as such it is necessary to leverage structure in the problem.

2.3 Running Epidemiological Simulations as Ban-
dits

Finding an optimal policy from running simulations can be posed as a stochastic
Multi-Armed Bandit problem. For example, this approach has been used to develop
algorithms aiding the design of clinical trials [209], where actions should be made
to balance exploitation (positive patient outcomes) and exploration (searching for
actions which may lead to a clinical ‘breakthrough’). In this chapter we ground this
approach in the determination of the execution of simulations to infer high-performing

actions as fixed or deterministic policies for simulated populations.
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Figure 2.1: Action a; selected by a Bandit algorithm receives feedback or reinforce-
ment via reward r; based on the epidemiological simulators outputs

2.3.1 Time

A clear distinction of simulation time (t5) and algorithmic time (¢) should be made.
In the MAB scenario the notion of time is purely algorithmic and representative of
the number of arm pulls or rounds that have been taken. This approach is suitable
for taking a one-step, or static decision, from simulated learning, requiring that any
change in simulation input is decided before the simulation is performed. For example,
a simulation could be run over a 5 year simulated intervention period on a daily
time-step resolution. A Bandit approach to the selection of an optimal intervention
plan would select from predefined intervention plans, posed as an action a; to be
simulated, receiving a scalar reward based on the epidemiological simulator output
ry, as described in Figure 2.1. The action selection task is not informed by any
observation of the simulation state and is reduced to simulating uncountably many
intervention plans, which provide stochastic rewards based on the simulators final
output. The MAB problem being a single state framing or single epidemiological
model online learning problem, with no observed state transitions in this case.

Some epidemiological simulators directly lend themselves to this approach, as they
have not been designed to provide observable intermediate simulation values, only a
final output result. Through our common generalisation of maintaining the simulator
as a black-box, this would follow as the most suitable approach, not requiring any
change to the model’s internal mechanisms. While simulation time (¢;) may often
be on the order of days, the time frame for decision-making could range from years
to weeks. Traditionally decisions are made over longer time frames but increasingly
there is pressure for this time horizon to be shortened, specifically in response to

global pandemic preparedness.
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2.3.2 State

In the MAB framing of the problem there is no state transition between simulations,
this could be reduced to the notion that each simulation upon completion returns to
its initial state. We are trying to solve the problem of making one-step control policy
recommendations for the simulation intervention period. To consider the single state
of the epidemiological model set-up, this may be defined by the model’s parametrisa-
tion 6,, (which may be uncertain), ultimately defining a model hyper-state, as this is
not an observation made directly from the black-box simulator. Each action provides
no observation of a physical state of the system, while it does provide information with
regards to high performing policies given the model’s hyper-state or parametrisation.
For example in Figure 2.2 successive actions (a;_s5), may lead to improved inference
of a continuous reward distribution, and the transition from S§; — S;;1 defines an

improved estimation given a stationary model hyper-state S(6,,).
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Figure 2.2: A batch of arm pulls for one-step decision making, the state transitions
S; — 8,11 improve estimates of the underlying continuous action value function Q(a),
the underlying techniques for inference are discussed further in Chapter 3.
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2.3.3 Action

For the purpose of decision making from epidemiological models we’ll define an action
(a) as an abstraction based on possible epidemiological model control inputs, the most
direct translation of this for the purpose of actionable decision making being a mod-
elled set of interventions. The action-space (\A) may be composed of many interven-
tions and therefore be high dimensional. for example efforts to categorise the number
of Non-Pharmaceutical Interventions deployed to control the transmission of Covid-
19, such as the WNTRAC database, currently contains 6000 non-pharmaceutical
interventions across 261 countries and territories [190]. While in this case multi-
dimensional inputs may be translated through a functional mapping into variations
of a single model parameter, such as the infection rate (5) of a compartmental model.
Hence often abstractions are required to map a translated intervention to a model
change. Here we will not consider specific functional mappings of interventions into
model changes, which will be taken as predefined by the epidemiological model devel-
oper. Action based inputs to the epidemiological model will therefore, for generality,
be considered as encoded in a purely black-box manner. A component of an action
will contain a proposed intervention, its relative strength, coverage or impact on the
simulated population ([0 — 1]) and timing in the simulation (¢;). Our action-value
function based search, achieved through the MAB approach will aim to return the

action (a*) which maximises simulated reward.

2.3.4 Reward

The calculated reward distribution across actions (R*) will necessarily have to make
use of available model outputs. It is assumed that in order to achieve optimal control
of a disease, we aim to reduce the negative outcomes from the disease, where numbers
of cases, deaths, complications etc. may have been modelled, depending on the specific
design and original intended use of the model. Any such reward observed from each
action r; ~ R will be considered as stochastic, based on stochastic epidemiological
model outputs, where mechanisms for stochasticity may come from mechanistic model
design, utilising probabilistic state transitions or systems of differential equations,
where model parameter uncertainty is propagated. We’ll continue to consider models
to have stochastic returns, as we aim to make decisions on uncertain futures and
necessitate, that the simulations used provide estimations of uncertainty.

A reward signal could take the simplistic view of these raw stochastic model out-

puts, for example deaths or infected cases, while to mirror the process of making
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public health decisions from models we’ll use a readily available quantitative frame-
work. Such a common metric across diseases and models was developed in the first
global burden of disease report (1990) [118], which introduced the term Disability
Adjusted Life Year (DALY). For the purposes of learning from simulated outcomes,
this provides a meaningful single scalar value for the decision making process. When
making a proposal for mixes of interventions over time, we may now look to maximise
the health outcomes with regards to DALY, while also regulate improved health out-

comes with regards to cost.

2.3.4.1 DALYs

The Disability Adjusted Life Year (DALY) [130], is a measure defined by the total
years of life lost (YLL) due to fatality linked with contraction of a disease, and the
number of years of life with disability (YLD) as a result of the disease. Where possible
the magnitude of any reward is determined through an economic cost-effectiveness
analysis of stochastic epidemiological simulation output, which we’ll base on the con-
cept of DALYs. Upon completion simulators will return outputs either on an indi-
vidual or human population level. A full example of performing this calculation from

simulation outputs is covered in Section 2.4.1.

2.3.4.2 Costs

Simulated costs are included so that decisions may be made to prioritise the highest
impact. As such we should look to promote the most cost-effective solutions on a total
simulated population. Where DALY's provide a health outcome for a particular action,
different combinations of interventions and coverages may have greatly varying costs.
Again, for generality this will be considered monetary cost. For example administering
an Influenza vaccine in the UK may have a base cost of £5.96. In addition to the base
scenario there may be possible cost savings or further complications, e.g. avoiding
a visit to the GP (General Practitioner), costing £31, in the case that a vaccine
is administered and a symptomatic case experienced. Or perhaps a £31 cost for
treating a side effect of administering the vaccine. Finally, a severe case of hospitalised
influenza costs £1,029. All these values have been taken from [206], as an example
of enumerated costs to be considered when evaluating cost-effectiveness. If possible,
all such events should be priced comprehensively and estimated based on expected
outcomes.

Other non-monetary units may be used to place a cost on interventions, but the

concept remains the same. This could be taken from an optimal control perspective
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of a linearised system with quadratic cost, being a function of state and control
variables [100]. For example, an optimal and minimum cost solution to the Linear-
Quadratic Regulator problem [27] looks to minimise the energy of Equation 2.9 based

on control inputs (u(t)) and outputs as state observations (z(t)) over simulated time

(ts).

1 [t
3 / (2" ()Qx(t) + u" (t)Ru(t)] dt (2.9)
0
Where we will take ) and R as stationary matrices, Equation 2.9 may be tuned
for the task of decision making from epidemiological models, placing costs on model
control inputs or actions (u(t)) and model outputs or states (z(t)), entries in R act as
a direct penalty on inputs (u(t)), and entries in () place costs on negative modelled

outcomes such as infections or deaths.

2.3.4.3 Cost-Effectiveness

Finally, to complete a general reward calculation, any Bandit algorithm may receive
rewards based on the cost effectiveness of an action, balancing both positive and
negative outcomes. For this purpose we define cost effectiveness as the ratio of the
relative cost to perform a combination of interventions to the health impact realised
from that combination of interventions. The health impact is defined as the DALYs
averted (DA), the difference between the DALY's simulated under the action (a;) and
the DALYs simulated under a null action, zero input or intervention. Therefore a
calculation of DA requires a minimum of two simulations from a model, in which the
action is simulated and compared to the simulated outcomes from no action under
the same model parametrisation (6).

Different decision makers may have different upper limits on considering cost-
effectiveness of decisions. For example the National Institute of Clinical Excellence
(NICE) in the United Kingdom will consider interventions to be cost-effective if they
cost less than £20,000 per DALY averted. This would add a constraint on which
solutions may be feasible for the geography being modelled. Generally, for the ap-
plication of these techniques we’ll make the assumption that the most cost-effective
solutions (V*) are optimal, for decision-makers, as they are the most cost efficient

(for resource constrained environments) [88].
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2.3.5 Bandit Approaches for Simulated Learning

Each Bandit algorithm outlined in this section performs sequential batch exploration
of actions, towards optimisation of an unknown stochastic reward function R*(r). At
each batch for the round (¢) we will choose j = 1,2, .., B up until the batch size (B)
actions a € A. Due to the computational expense of calculating 7, ~ R% and the
size of the entire action space A, we wish to find solutions of maximal reward in as
few batches (n) as possible. The goal being to approximate a* = argmax,c 4 Q(a)
without prohibitively expensive computation for all possible actions, therefore using
a subset A. € A of the action space. Note: we have used n to define both the
number of batches and previously the number of rounds for the bandit problem, this
is based on the assumption that evaluation of a batch or a single run requires the same
computational time under the ability to perform parallel computations, depending on
the availability of the infrastructure, which would necessarily inform the batch size
(B), normally of the order number of computational cores. Therefore the descriptions
are equivalent while we’ll use the extension of the bandit to a batch of actions for

these computationally expensive, large action-space problems.

2.3.5.1 Upper/Lower Confidence Bound (GP-ULCB)

Based on previous discussion on sub-linear total regret we’ve extended a Gaussian
Process Upper/Lower Confidence Bound (GP-ULCB) algorithm, inspired by Gaus-
sian Process Regression (GPR) and work on Upper Confidence Bound (UCB) so-
lutions to the Multi-Armed Bandit problem [17,18]. This is a formulation which
combines the natural confidence bounds of Gaussian processes with stochastic MAB
problems; and the variants have already been proposed in the form of GP-UCB [186]
and GP-UCB-PE [54]. The use of Gaussian Process Regression is detailed in Chapter
3.1.1, but it is here used to perform inference on a continuous action-value function
Q(a), based on successive batches of simulated rewards.

The algorithm is initialised with a random sample of a discrete action space (A.).
Subsequent actions are chosen to further explore the action-value function regressed
by GPR on all preceding simulation runs. The choice of using both upper and lower
confidence bounds (UCB and LCB respectively) was made due to the large variance
often observed in rewards. Specifically, multiple minima and maxima may occur in the
action-value function, motivating a search for both optimal and poor actions. In this
case increasing information about poor performing actions may help to avoid taking

poor decisions, especially as we have a limited computational budget, increasing the
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value assigned to exploring poor decisions may be considered necessary for high impact
decision making. Should the mixing factor f,, be increased to unity, this approach
would be reduced to an Upper Confidence Bound (UCB) only search. Repetition of
simulated actions is avoided in a batch via the masking factor f., which defines the

minimum distance between selected actions within a batch.

Result: Q(a)

Input: random discretised actions ag € A.;

GP priors mg = 0, [, 0%, o7 [Section 3.1.1];

B = batch size, f,, = mixing factor, f. = masking factor [Section 2.3.5.1];

for t =1,2,...n do

reset: aycs, arcs, Ac;

for j = 1,2,..,B. do

if 7 < B x f,, then

al = argmax [mt_l(a) + B/ ki-1(a, a’)];
aE.Ac

mask: aycp where |a —al| <1 X f;

update: aycp ¢ A.;

else

a; = argmin mii(@) — By/E (@ d)|;
acAc

mask: apcp where |a — aj| <1 X fe;

update: apcg ¢ Ag;

end

end

Return: r; ~ R* [Section 2.2];

Update GP posterior for Q(a): mean m¢(a), covariance k;(a, a’) including
[ [Section 3.1.2] ;

end
Algorithm 1: GP-ULCB

In Figure 2.3 we demonstrate the accumulation of batch samples in Algorithm
1, with a batch size of 64 applied to the specific problem to be outlined in Section
2.4. Qualitatively samples can be seen to shape the expectation (m;(a)) in the value
function Q(a), with a 0.5 mixing factor (f,,), clusters of similar high and low per-
forming solutions emerge. In this case a fixed masking factor (f.) of 0.1 has been
used. On inspection an adaptive schedule for the masking factor could help to spread
out clusters of samples during earlier batches to encourage exploration, with subse-
quent annealing of this factor placing a focus on exploitation within batches for later

rounds.
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Figure 2.3: Comparison of GP-ULCB Samples over subsequent batches from Open-
Malaria Simulations for the problem outlined in Section 2.4.
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2.3.5.2 Genetic Algorithms

A genetic algorithm (GA) is a biologically inspired, population-based search technique
93], specifically a meta-heuristic inspired by the process of natural selection. Here it
is outlined as a method for exploration of the action-value function, where the genetic
algorithm population size is equivalent to the batch size, a proposed batch of actions
being run in parallel equivalent to a single bandit run, of our total budget (n). We
use the reward generated for an action r ~ R® as the measure of its fitness, and as
our epidemiological environments return uncertain stochastic rewards for each action,
there is noise in the fitness measure.

Given an evaluated population, in this case a set of actions and their stochastic
rewards, the GA will then derive the next generation of the population. In this work
we begin this process with roulette wheel selection [84] to select candidate actions.
This biases selection of good actions to pass their ‘genetic material’ to the subsequent
generation. The probability of selection p’ of the j* action in a generation (i.e. Tun
t), is defined in (2.10), where f7 is the fitness (Q(a) normalised between [0,1]) and P

is the population size or total number of actions simulated.

fI
S I

Each action in the subsequent generation is derived from two actions selected

P = (2.10)

via this approach. Mimicking biological crossover of chromosomes, the two selected
actions are mixed based on the comprising interventions, and the resulting action
selected at random. Finally, a random subset of the interventions of each derived
action is perturbed by adding noise. This sequence of processes defines how actions

from the current generation are used to derive the next generation.

2.3.5.3 Batch Policy Gradient

A final proprosed approach for online bandit learning from epidemiological simulations
is a modified policy gradient [195] algorithm. This is a policy learning method, which
for our single state problem reduces to learning an action. Policy gradient solutions
tend to be preferred for problems with continuous or very large action spaces, while
being robust to stochasticity. In this implementation P[r|a] is approximated by a
neural network, with new policies sampled through e-greedy exploration. The rewards
r were normalised [0, 1] from the batch results and the network (f) trained to update
its weights (w) associated with each policy a € A, using gradient descent on the

negative log-loss of the batch normalised rewards.
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During training the actions a’ of Equation 2.11 will be chosen with probability
1l—e

a’ = argmax(f(w)) (2.11)
a~A.

and a random policy will be sampled from A. with probability e. Similar to the
GP-ULCB algorithm, each a’ of batch ¢ is sampled sequentially such that a’~! ¢ A..
Note: for the specific instantiation of this approach presented in Section 2.4 a three

layer fully connected network architecture has been used.

2.4 Example: Bandit Experiments on OpenMalaria
Simulations

The following work demonstrates the results of the approach on simulations using an
OpenMalaria epidemiological model calibrated to perform predictions for Rachonyo
South in Kenya [189].

2.4.1 Simulated Interventions and Outputs

For this example we’ll consider defining actions in terms of the main control interven-
tions used in malaria intervention planning, such as mass-distribution of long-lasting
insecticide-treated nets (ITNs); Indoor Residual Spraying (IRS) with pyrethroids;
and the prompt and effective treatment of malaria. There are many others imple-
mented across malaria models but for this example case study we’ll restrict to two
major components, ['TNs and IRS, which are direct intervention strategies, targeting
vector (mosquito) numbers. We’ll define our actions a such that the first component
is the deployment of nets, specifying the population coverage (arrn € (0,1]). The
second component of the action is the application of seasonal spraying, specifying
the proportion of population covered by this intervention (ars € (0,1]). As ob-
served, spraying regimens of IRS are conducted through alternating the intervention
between April/June each simulated year [188]. Since the intervention planning task
is framed as how much of the simulated population should be covered by a partic-
ular intervention, the action space A is constructed through a, € A = {arrN, ars}-
Upon termination, the OpenMalaria model provides outcomes for each individual in
the population for the executed simulation. If an individual experienced a malaria
episode (MEy), the simulation results allow years of life with disability (YLD) to be
quantified (See (2.12)). Additionally, if an individual contracted malaria and subse-

quently died (D,), either directly or indirectly from malaria, the simulation output
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Figure 2.4: Boxplots indicating reward distributions (P[r|a]) of a fixed number of
actions run through OpenMalaria simulation rounds as Bandit arms. Rewards are
relative, based on the percentage improvement over the currently implemented deter-
ministic policy.
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allows years of life lost (YLL) to be calculated (See (2.13)). We also use a discount
factor v = 0.97 to discount the value of future years of life lost, and a life expectancy
of 46.6 years [134]. The work of [45] may be referred to for an explicit mapping of
OpenMalaria simulation outputs to the calculation of DALYs. This is where values
for the functions Duration (duration in years of malaria episode) and Weight (Age
dependant weight of disability experienced by malaria episode € [0,1]) have been

collected.

YLD = i Duration(MEy) * Weight(Age(MEy)) (2.12)
YLL, = fn:;)X(O, LifeExpectancy — Age(D,))) (2.13)
YLL = XZ:YLLZ x oy Yk (2.14)
DALY = Y:LOL +YLD (2.15)

In this work we simulate two types of costs, the cost to treat and manage malaria
episodes, and the cost to implement interventions which minimise malaria prevalence.
We call these healthcare system costs (HSC), and intervention costs (IC) respectively.
For each malaria episode that a patient seeks treatment, hospitals incur costs to treat
the disease, to manage the patient’s recovery process, and to deal with the patient’s
death, if that were to occur. As such, the HSC can be broken down in terms of total
in-hospital treatment costs (TTC), the total in-hospital recovery cost (TRC), and the
cost for in-hospital mortality (See (2.16-2.18)). We use values from the literature [198]

to define the costs implemented in this work.

K

TTC = ) _ Cost(Treatment(InHospital(MEy))) (2.16)
k=0
K

TRC = Z Cost(Recovery(InHospital(MEy))) (2.17)
k=0

z
HSC =TTC + TRC + Z Cost(InHospital(D,)) (2.18)

z=0

The cost of the intervention (Ciy) is the sum of the numbers of individuals covered by
each intervention by the average cost of deploying the intervention to an individual.
For the region in Kenya under consideration it costs $8.52 per net and $0.73 per

person covered by spraying intervention. The average cost to seek hospital treatment
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per person is $0.60, and this value is associated with transportation and consumables.

[188]. So the cost effectiveness will be quantified as the cost per DALY averted (Cpa):

HSCint — HSChoint + Cing
DA

In summary, actions consist of proportions of the interventions of IRS and I'TN which

Cpa =

(2.19)

may be distributed to the simulated humans, and rewards indicate the cost effective-
ness of the deployment over 5 simulated years in terms of cost per DALY averted

(which should be minimised).

2.4.2 System Implementation and Deployment

For this work we used OpenMalaria commit a50730b. The simulation environment
was run on a 4 node cluster of machines, each with 64 hyper-threaded cores (2.20GHz
Intel Xeon® CPU E5-2660). On these processors, running one instance of an Open-
Malaria simulation, for a representative human population size (100,000), returns
results in the time-frame of days. Running experiments in batches can thus take
advantage of the natural parallelism of the deployment environment. Parallelism
was implemented using Python’s multiprocessing package. This package supports
spawning processes using an API, and was used to execute OpenMalaria simulations,
passing the parametrised model as an argument. As previously mentioned (Section
2.3.5) this results in a natural expression of the batch size B for each bandit model

equal to the number of available processor cores.

2.4.3 Comparison with Results from Expert Humans

Published studies [188] give a direct reference to human expert decisions made us-
ing OpenMalaria as a research tool, specifically to compare the cost-effectiveness of
different interventions in Rachuonyo South District. Their findings stated that the
current intervention plan, expressed as an action of 56% arrn, 70% ars was the most
cost-effective with regards to Cpa, while they also recommended that increasing this
to 80% arry and 90% arrs (including a school-based screen and treat program) would
have the greatest health impact for DALYs averted. In this work we use the same pa-
rameterisation 6,, of OpenMalaria, but instead explore an automated answer to a less
constrained problem for the decision maker: Given the current intervention strategy,
what policy decisions can be made for the next 5 years to improve cost-effectiveness?

Our results indicate that all three bandit models extract the same top three per-

forming emergent control interventions, with respect to our primary evaluation metric,

Cpa (Table 2.1):
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e Maintain a;ry and stop argrs,
e Maintain a;ry and reduce args,
e Increase a;ry and stop agrs.

These findings are extracted from the action-value function (Q(a)) surface maxima
of the posterior mean m(a) based on Gaussian Progress regression of rewards r; col-
lected by each respective bandit. Figure 2.5 demonstrates visualisations of log(Q(a))
action-value surfaces, generated from each Bandit, after 8 iterations of a 64 batch size
and running a total 512 simulations. The surfaces describe each Bandit’s exploration

of the available actions a;pny and ajrs for a human decision maker in Rachuonyo South.

38



1.0
ert Human: {0.80, 0.90} —
(] 05 -1.00
0.8 -1.25
-1.0
-1.50
) & 0.6
o] -15 § -1.75
3 >
S )
o e -2.00
2 04 204 '
-2.0 2
-2.25
02 -2.50
-2.5
1: -2.75
0.0 0.0
0.55 0.60 0.65 0.70 075 0.80 0.85 0.90 0.95 1.00 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
ITN Coverage ITN Coverage
(a) Current and Expert Human recommended (b) GP-ULCB
policies
1.0 -3.2
-0.5
08 -3.3
-1.0
-3.4
g S 0.6
g 06 g -15
[ [
é -3.5 §
%] 9]
o x 04 2.0
3.6  2:{0.5
2: {0.5
) 0.2 -255
1: {0.5

0.0
0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00

ITN Coverage

.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
ITN Coverage

(c¢) Genetic Algorithm (d) Batch Policy Gradient

10

IRS Coverage

0.75 0.80 0.85 0.90 0.95 1.00

ITN Coverage

(e) UCB

Figure 2.5: Comparison of Bandit Approaches on OpenMalaria Simulations and their
Top 3 Policies. Q(a) mean action-value surfaces (m(a))

39



Tod 3500 VA {9 S¥lp ‘o /NLIp} wo1)0y

‘SN $10) wonULAILIU] M) ‘PortoAy SATVA VA ‘SN POMOAY ATVA

‘epowt ypueq Yoeo Aq pojenyesd VA, o3 poodsor yim suorjor ooa) doJ, :T°Z O[qRL

000S0%7 00€gT €ee {17°co} 00068S 008¢T €08 {L‘89} 0002€9 00L1T €8z {0‘9L} 0006L¢ 000eT 608 {0°69}
000sve 0299 1'ee {0‘cg} 00068F 00011 ¢0¢ {8g‘cs} 000LLF 00911 89z {1%°CS} 00061 00€eT T10¢ {ge‘sc}
000607 00%¢T 0¢e {T1‘89} 000L.F 00911 9.z {8‘cs} 000857 0698 ¢6z {o0‘gg} 000¥TC 00811 692 {¥‘09}
') va V9 wuonpy MY va V9 ouonpy M) va Y9 opuonpy MY va V9 o uonpy

001

juatpeIy) Adrod yoreq

WILI0S[Y d1euen

7'¢’9 dOIN-dO

40



2.4.4 Evaluation

The methods shown give a comprehensive evaluation, exploring the cost-effectiveness
for an action consisting of the two main malaria interventions for a single location.
Such fundamental insight is often missing from empirical studies, which are grounded
in determining how much of a single intervention may be implemented to maximise a
particular performance metric. Interestingly, at the surface the results could challenge
the current sentiment in the community - that policy makers in Sub-Saharan Africa
should maximise I'TN coverage before looking into other intervention strategies.
One 2017 study even states that:

‘Coverage of I'TNs was consistently the most cost-effective intervention
across a range of transmission settings and was found to occur early in
the cost-effectiveness scale-up pathway. RS, RTS,S and SMC vaccinations
entered the cost-effective pathway once ITN coverage had been maximised.
[220)’

Instead, our results suggest that when the cost-effectiveness of strategies is consid-
ered, after achieving a threshold of nets deployed for the environment, it may be more
cost-effective to start spraying a small proportion of households (approx. 20-30%),
instead of continuing to scale up the deployment of insecticide treated nets.

If additional investment is available, then these resources should be allocated to
scale up the coverage of bed nets and further maximise health outcomes. With un-
limited resources there are health benefits in the maximization of nets first, however
if policy makers face tougher budget constraints, there are other factors that should
influence their decisions and any smaller investment can more effectively be used to
spray households. We have not explored if interventions could be deployed at differ-
ent times of year, or even if multiple actions could have been concurrently deployed
in a population. Further, the current simulation did not permit interventions to be
targeted to specific subsets of the population (e.g. households with young children).
Finally, this work is specific to one studied location in Western Kenya, and the gener-
alisation of the insights from multiple simulated learning strategies gathering insights
across expansive environments e.g. Sub-Saharan Africa has not been explored, while
providing a case study of application of online learning to the task of one-step decision
making for intervention planning.

Applying simulated learning strategies to the problem of epidemiological interven-

tion planning and using relevant real data for studied regions is a challenge. In the
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sense that new models are difficult to configure, if one does not already exist, while
the acquisition of the requisite data for calibrating the models may be prohibitively
expensive, if it does not already exist. Therefore, before even running epidemiologi-
cal models which infrastructure can support at scale, significant investment has been
made to make the available models and associated data available for research. The
current expense of both real and simulated data should be appreciated when un-
derstanding the problem and so we look to techniques which can be ‘data-efficient’
in learning effective plans as recommendations. We will aim to continue to present
progress to a scalable distributed infrastructure, that supports evaluation of interven-
tion plans and the resources which makes this possible. In [32] this work has been
presented by framing the process of finding an optimal malaria intervention plan as
a stochastic multi-armed bandit problem, and implementation of three bandit-based

strategies to find optimal actions for a single environment.

2.5 Extensions to Online Learning

The techniques presented have been selected and designed with the view to deploy-
ment on larger action spaces as detailed in the Section 2.4.4. More compute time,
expansive environments and plans are a requirement for the real-world human de-
cision maker, while other data sources exist outside of the OpenMalaria simulation
environment, for example malaria mapping projects, which could serve as input to
new models, perhaps requiring function approximation to be discussed in Chapter
3. There is also the opportunity to embed online learning approaches deeper into
the simulation environment, passing control of simulation parameters in order to al-
low balancing of computational expense with efficient policy space exploration. This
work is viewed as an emerging application for deploying further novel exploration
techniques.

Figure 2.6 for example explores the changes in the action-value function generated
simply from a perturbation in the timing of the intervention combinations. We’ll look

to expand on this concept of dynamic policy learning in Chapter 6.
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IRS coverage (0-1)

Figure 2.6: Slices of action-value function Q(a) for actions (a) as a combination of
Insecticide Treated Net and Indoor Residual Spraying coverage changing through
time (days), for OpenMalaria Simulations
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Chapter 3

Learning Models for Prediction
from Epidemiological Simulation

The sciences do not try to explain,
they hardly even try to interpret,
they mainly make models. By a
model is meant a mathematical
construct which, with the addition
of certain verbal interpretations,
describes observed phenomena. The
justification of such a mathematical
construct is solely and precisely
that it is expected to work - that is,
correctly to describe phenomena
from a reasonably wide area.

John von Neumann, 1995

This chapter will cover a more ‘traditional” approach to Machine learning (ML)
and is based on function approximation [77], statistical learning theory [208] or super-
vised learning [110] applied to epidemiological modelling. While such approaches are
already used for epidemiological modelling to develop phenomenological ‘black-box’
models which describe disease transmission [115], this will not be the focus. Instead,
with access to training data and examples or experience from epidemiological models,
we concentrate on how the machinery of data-driven inference may operate in tandem
with mechanistic model based insight. We’ll demonstrate a set of data-efficient ML
techniques using training examples from epidemiological model runs to learn func-
tional approximations of computationally expensive epidemiological models. Such ML
models learnt from an underlying epidemiological model will be given the term sur-
rogate model in this work. The surrogate model is a black-box approximation which

will afford us benefits in our handling of tasks of prediction, control and planning.
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The chapter is separated into three parts, each dealing with one of the following

aspects:

1. Surrogate model descriptions for speed, sharing and analysis of computationally

expensive models.

2. Function approximation for uncertainty quantification and model calibration

for improved predictions.

3. Combination of epidemiological models through committees based on learnt

function approximations.

For existing phenomenological prediction approaches, models will aim to generate
projections of the future state of the system, based on the available data (or training
examples). It may be reasonable for several prediction tasks that we assume no sig-
nificant change to the underlying epidemiological process, for example due to already
imposed intervention plans, evolution of the disease or climate variations. While a
challenge remains that if such changes have not already been observed, it is a fruitless
task to aim to predict outcomes in the presence of these changes.

The current practice to generate new predictions under significant changes is to
rely on the centuries of research, evolving the ‘gold-standard’ of mechanistic epi-
demiological models for disease progression. We will therefore place our focus on
how Machine learning (ML) may be used to infer predictions across multiple poli-
cies, where model simulations act as observations under changing intervention plans.
Later such ML models learnt from simulations will be used directly in the control and
planning process.

As discussed, ML techniques may be used for predictions based on real-world
observations alone. Significantly repeated and relevant examples of this have been
demonstrated in the context of the COVID-19 Pandemic, due to the unprecedented
amount of data [166], examples of shared research efforts [157] and global impact [136].
However, all of the observed and collected data allows us only to learn an approximate
model based on a single experience or set of observations. Through the addition of
model-based observations, these may provide additional training examples or sets of
experience to guide planning and control. Such an approach to simulating predictions
under varying intervention plans is novel for epidemiological applications but is at the
heart of Reinforcement learning (RL) for multi-step decision making. Another point
which should be made is that if desired to replicate the prediction task for other

diseases; the number of real-world observations may be further limited; of far lower
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quality; and not openly shared, making a repeatable approach to modelling predic-
tions impossible without guidance from mechanistic models. An approach is needed
to make such models repeatedly usable, along with the appropriate characterisation

of model uncertainty.
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Figure 3.1: Multiple model ensemble predictions generated for Covid-19 model sub-
missions in the United States of America, by the Centres for Disease Control and
Prevention (CDC) !

Figure 3.1 demonstrates that while prediction models for diseases, such as Covid-
19, may be developed in great number, their predictions don’t directly agree. This
heterogeneity is encouraged with different mechanisms, modelling assumptions and
approaches underlying the various models. An ensemble prediction may be chosen
to meaningfully combine estimates for an uncertain future, in the case of Figure
3.1 this is the median prediction, along with 95% confidence interval. While each
prediction is based on the same observational data, some models include additional
data with regards to interventions such that a prediction may be made under the
current policy. Though these predictions are not exposed as a function of varying
policies or intervention plans, should they not be fixed or deterministic, as is the
assumption for all presented predictions.

To look further into Figure 3.1, uncertainty is based on each model’s prediction
as a median and quantile range. The model ensemble is based on the aggregation of
these uncertainty measures, with equal contribution from each submitted approach.
We’ll discuss methods to achieve this without making the assumption that all models
are created equal in Section 5.3.1. The often quoted adage of statistician George Box

is directly applicable to this scenario [40]

‘All models are wrong but some are useful’

'https://www.cdc.gov/coronavirus/2019-ncov/cases-updates/forecasts-cases.html
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This may be accompanied with the addition that in the case of ensemble forecasts or
committee predictions some models may also be more useful than others.

Through the steps outlined we can decompose forecasts as functions of interven-
tion plans, performing ensemble combinations across possible predictions conditioned
on intervention, along with providing an unbiased multi-model based estimator for
combined predictions under uncertainty. Through this chapter we hope to motivate
that such model structures may undergo semi-automated calibration for predictions,
given a base model structure, easing the burden of computation and use of shared
models, along with providing insights into the sensitivity of models to changes in
input parameters in a manner which is efficient and utilises computations already
performed during the calibration process. Mechanistic models may be thought to
impose interventions as additional parameterisations to the baseline model parame-
ters and so through a baseline calibration, we may extend calibrated models for the

purposes of control and planning in Chapters 5 and 6.

3.1 Machine Learning Surrogates of Epidemiolog-
ical Models

Due to heterogeneity, computational cost and lack of a common description of uncer-
tainty for any given epidemiological model, surrogate model approximations provide
advantages, which may outweigh the fact that we are introducing errors due to ap-
proximation. Though it should be noted these errors are based on our approximation
of a model which itself has it’s own approximation error. Hence it may be argued
that a surrogate ML model may accelerate our ability to explore epidemiological con-
trol and planning strategies, which nevertheless will always be lower bounded by the
epidemiological model’s unknown approximation error. ML function approximations

provide the following benefits:

e Approximate simulation results may be queried to provide instant feedback for

decision-maker or user.

e Any algorithm may query a surrogate model to perform it’s own simulated

planning steps.

e As introduced in Chapter 2 functional approximation may be used to guide

‘true’ simulated action selection.
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For this work we’ll focus on the most data-efficient strategy which naturally in-

corporates uncertainty quantification in its definition, Gaussian Process Regression
(GPR).

3.1.1 Gaussian Process Regression

The Gaussian Process (GP) [218] is a well-known statistical learning model, used
extensively for probabilistic non-linear regression. The task of regression aligns with
parametric, phenomenological, or black-box epidemiological model design for predic-
tion, specifically how predictions as forecasts may be learnt of future epidemiological
state. Although Gaussian Process Regression is not a standard modelling approach in
epidemiology, there are examples of its use in geospatial modelling [207]. This work
will focus on motivating its use in a pipeline for temporal decision-making. Gaus-
sian Process Regression (GPR) targets a functional approximation for an underlying
stochastic process, a natural fit for capturing uncertainty from epidemiological model
training examples.

The outputs used from epidemiological simulations will be considered as stochas-
tic, either through mechanisms of stochasticity within the model or based on stochas-
tic distributions of model input parameters, samples of which generate a stochastic
output. Firstly a general overview of Gaussian Process Regression (GPR) is necessary
before generating the appropriate mapping for prediction tasks.

A Gaussian process is fully specified by its mean function m(x) and covariance
function k(a, ’). This is a natural generalisation of the Gaussian distribution, whose
mean and covariance is a vector and matrix, respectively. The Gaussian Process
entertains a probability distribution over some (real) underlying stochastic process
f(x). Defining:

m(z) = E[f(z)] (3.1)
k(z, z') = E[(f(x) — m(z))(f(=") — m(z))] (3:2)

the Gaussian process is specified as

f(@) ~ GP(m(z), k(z. z'))
These random variables represent the value of the stochastic process f(x) at a location
x € X. The location variable in our application will be over states and actions. We
discuss this further in Chapter 6. Judicious choices of kernel function and parameter

values need to be made for the successful application of GPR.
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3.1.1.1 Choice of Covariance Kernel Function

At the heart of GPR we expect a level of smoothness in our inference, that is to say
neighbouring observations have a reasonable correlation, this correlation weakening
from unity with distance between observations. Specifically the value of f(x) is
strongly correlated to values close to @ eg. f(x + dx) where &’ = x + dx. Intuitively
this captures a wide range of well behaved dynamic systems where we expect similar
input conditions to lead to similar outcomes. We consider such responses to be
captured by stationary functions such that the expected response of our system is
not changing over time, while the remaining choices of the form of the kernel remain
somewhat an ’art form’, as in the designing of many Machine learning models (eg.
neural network architectures). A common form exists which we’ll use as a running
example in this work.

This is the Matérn covariance function, specifically the v = 5/2 covariance func-
tion, which is a popular choice in modelling physical systems [55], and included here
for the purposes of demonstration of results. Alternative kernel methods and selec-
tions or combinations may always be used, but this is not the contribution of the work
and so we will stick to describing a single kernel use for the purpose of demonstration.
Enumerating all of our hyper-parameters UJ%, signal variance is the maximum allow-
able variance and [ the length-scale of the covariance kernel, over which we condition
correlations between observations. Finally we specify the value of the kernel function

in terms of the input distance r = | — '|.

5 5r2 r
ky—=s)2(r) = afc (1 + Q + L) e

o (3.3)

k(x,x') is a covariance function, used to create the square matrix K, indicating the

values of the covariance function at pairs of evaluations.

3.1.1.2 Prediction with Stochastic Epidemiological Observations

The specification of the covariance function implies a distribution over functions. To
see this, we can draw samples from the distribution of functions evaluated at any

number of points; in detail, we choose a number of input points denoted X,.

fi ~ N(0, K(X,, X,))
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In which X, is a vector of our test inputs (or locations) of the regression, f..
Therefore, without observations or training inputs, this fully specifies our Gaussian
process prior.

We consider an underlying stochastic or noisy epidemiological function y = f(x)+
¢, € being additive independently identically distributed (i.i.d) Gaussian noise with
variance o2. Here we've assumed apriori that the underlying stochastic process is
unbiased and m(x) is 0. Without other reasonable prior knowledge, e.g. periodicity,
this is a reasonable assumption, along with our beliefs of the underlying process that
we have specified through the GP covariance function. Our stochastic epidemiological

function (y) is therefore distributed such that:

y ~N(0,K(X,X) +0,1)

This now allows us to specify the joint distribution of the observed training values

X and the function values at the test locations f, under the Gaussian process prior.

Y] (o [FE0 L o) .

If there are n training points and n, test points then K (X, X,) denotes the matrix
of the covariance function evaluations at all pairs of training and test points and X
the vector of our training inputs or results from epidemiological runs. The covariance
pairings of K(X,X), K(X,, X,) and K(X,, X) follow respectively from test points
(X.) and training points (X).

Through constructing the conditional distribution based on the assumption of

Gaussian prior observations this gives us the following:

f*‘X, Y, Xy ~ QP(m(a:*), /{(:IJ*, w;))

In the case of a zero mean function prior this reduces the prediction functions to:

m(x,) = K(X,, X)[K(X,X)+ oI 'y (3.5)
klx,, x)) = K(X,,X,) - K(X,,X)[K(X,X)+ I ' K(X, X.) (3.6)

The above results have direct solutions conditioned on our GP hyper-parameters
I, 07 and o7, which we shall term Ogp.

While judicious approximations can be made for these values we’ll rely on an
optimisation scheme to fit them based on observation across tasks. This may be done

through maximisation of the log marginal likelihood:
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log Pyl X, bap) = — 5" (K(X, X) + 02) 'y — S log | K (X, X) + 031)| ~ 5 log(2r)
(3.7)

Performing Maximum Likelihood Estimation (MLE) based on maximisation through
gradient based optimisation, recovers an empirical Bayes estimate to 6gp. While full
Bayesian inference may be performed to generate the posterior parameter distribution,
the computations are analytically intractable, approximate methods are therefore de-
ployed, for example Markov Chain Monte Carlo (MCMC) algorithms for sampling
the GP prior [203].

We may see in Figure 3.2 the difference in GP inference based on judicious or
expert guided choices (Figure 3.2a) of fgp and those learnt through the maximised
log likelihood optimisation (Figure 3.2b). Our learnt optimal parameter values inflate
the epistemic uncertainty of our GPR based on a higher signal variance (0%). We'll

further discuss the topic of Uncertainty quantification (UQ) in Section 3.3.
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(a) Posterior GP inference based on underlying epidemiological function and judicious choice of GP param-
eters Ogp: | = 0.25, 0)% = 100, 02 = 0.1. Including 5 draws from the posterior distribution of functions
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(b) Based on maximised log likelihood optimisation of GP parameters: GP parameters 0gp: | = 0.38,
O'J% = 1320, 02 = 0.02. Including 5 draws from the posterior distribution

Figure 3.2: Comparison of posterior with selected (a) and learnt (b) MLE parameters
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3.1.2 Action-Value Function Example

This section serves as an extension to the application of Gaussian processes introduced
in Chapter 2 for learning the action-value function Q)(a) for the Multi-Armed Bandit
(MAB) problem. Despite stochastic simulation results, the value function of similar
actions should be highly correlated and fit the purposes for the use of the method for

our application.

Q(a) = E[r|a] = m(a) (3.8)

If we consider that any simulated action (a) and set of actions (a) return a stochas-
tic scalar reward with mean function m(a) and covariance k(a,a’) = E[(R(a) —
m(a))(R(a') —m(a'))], a Gaussian Process can be specified by these mean and co-

variance functions, where we now consider actions as inputs to the GP.

Q(a) ~ GP(m(a), k(a,a’))

Gaussian Process Regression is a supervised learning technique, in which the
stochastic scalar rewards r, ~ R* are used to train a Gaussian process to infer
with confidence bounds the action-value function Q(a) [218].

The learnt parameters describe the posterior distribution over Q(a): Or over run

t of batch k.

mii1(a) = ki(a)" (K; +0*I) 'R, (3.9)
kivi(a) = k(a,a’) — ki(a)" (K; + 0*I) 'k;(a) (3.10)

At each location a € A, ki(a) = [k(aF, a)lgrea, and K; = [k(a,a’)]qaca., here
o? is the likelihood variance of the GP posterior, where covariance function or kernel
k(a,a’) may be of Matérn form from Section 3.1.1.1.

As can be demonstrated by a two dimensional response surface for the action-value
function Q(a) in Figure 3.3a this is the mean function and the expected performance
of a set of two interventions with regards to a performance criterion, in this case the
Cost Per DALY Averted (CPDA) as outlined in Section 2.3.4.3, along with the upper
confidence interval of @(a) shown in Figure 3.3b, where regions of lower inferred
uncertainty in the response surface move down the colour scale to dark blue. This
notion of learning a surrogate model or response surface will be extended to sequential

decision making in Chapter 6.
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Figure 3.3: Learnt GP parameters Ogp: | = 0.64, 07 = 3380, o, = 15.6
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3.2 Epidemiological Model Calibration

Up to this point we have assumed a calibrated epidemiological model for the purposes
of model-based prediction. In essence a calibrated model implies that the model pa-
rameters (6,,) have been selected, either as single values or distributions. This cali-
bration will likely have been performed by the model developer for the specific disease
and location, for which the model has been specified. The process of calibration takes
the designed model structure and exposes meaningful parameters (6,,) to a tuning
such that a model achieves higher predictive performance. A model developer may
have designed a model with physical parameters in mind and reference the literature
for these parameter values, and simply look for the model structure to represent ob-
servations. Alternatively a grid-search of parameter values may be performed, which
exhaustively evaluates model runs and fixed interval perturbations of the parameter
values, specifying a hyper-dimensional grid in the number of parameters. The vertex
associated with the parameter set which provides a best-fit (or minimum loss 3.2.2)
then being chosen. In this work we’ll advocate for an algorithmic approach to achieve
best-fit, which may both improve the efficiency of our search for a parameter set,
under computational constraints, while also providing additional information with
regards to parameter sensitivity and allows us to incorporate additional information
around parameter distributions.

For the purposes of this section we’ll assume a predefined model structure with
exposed model parameters (6,,), while we may consider the mechanisms of the model
as hidden under the black-box abstraction. Simply being given access to a disease
model structure will almost always necessitate tuning or calibration in order to provide
meaningful predictions. Therefore we’ll look to develop mechanisms which can achieve
this in an efficient manner, enabling large scale use and comparison of epidemiological
models.

Any parameter set being calibrated for a mechanistic epidemiological model is of-
ten in the order of 10 [123]. Where these parameters will normally have a consistent
epidemiological meaning and directly govern the model dynamics, the following list
of parameter names consists of examples with more or less obvious physical interpre-
tations; death rate [102], transmission rate [124], incubation period [12], vaccination
rate [7], vector mortality rate [128], biting rate [52], Entomological Inoculation Rate
(EIR) [227], etc. When performing calibrations for models of the same disease and
same location, a mapping of any common parameter sets and to get similar model

performance is noted to be a complex task [71]. So we will consider the task of
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separately calibrating single models for a new geography. To perform such calibra-
tions reference observational data is required (cases, deaths, vector numbers etc.).
We may then interrogate further the impact of parameter values with regards to this

observational data and model outputs.

3.2.1 Bayesian Optimisation

Bayesian optimisation is a principal global optimisation method driven by the exploration-
exploitation paradigm, used in black-box optimisation of computationally expensive
functions. Priors on our parameters may build in human expert knowledge from epi-
demiologists; and an acquistion function [214] which guides the exploration process,
reducing unneccesary evaluations of expensive objective functions while maximising
information [141]. Importantly Bayesian optimisation leverages approximations in the
form of a surrogate model or response surface to remove the computational expense
of direct evaluations of the objective function. This surrogate model is almost always
a Gaussian process as we developed in Section 3.1.1. While other surrogate modelling
methods exist for sequential model-based optimisation, we’ve developed a consistent
set of approaches based on the GP posterior and will not divert, though methods
such as Parzen Estimator approaches exist [33]. As epidemiological models tend not
to be written with closed form solutions, we are led to approaches which treat the
environment against which a candidate solution is being evaluated as a ‘black-box’.

Specifically we seek to approximate an optimal solution given that the:

e Objective function (f(z)) is unknown, non-linear, non-convez, non-derivative

and stochastic.

e Candidate solutions (z) are a high dimensional vector from the set of possible
actions. (A C RY), typically with d <= 20 [75].

e Evaluation of f(x) is computationally very expensive.

Therefore framing the process of exploring solutions as an optimisation problem:

_Inax f(z) (3.11)

For the purposes of calibration, candidate solutions (z or 6,,) exist across dimen-
sions (d) (often a rectangular hyperspace with uniform ranges z € R : a; < x; < by),

which are evaluated towards the maximisation of some objective function f(x). The
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objective function will return a scalar reward which quantifies the performance of the
solution.

In outline as in Algorithm 2 we’ll use Bayesian optimisation as a sequential opti-
misation schedule. Through each subsequent model run ¢, a new set of inputs to the
model simulation are chosen x;,; as the result of combining our GP surrogate model

with the acquisition function which will be detailed in the following section.

for t = 1,2,...,n do
select new @;,1 under acquisition function « [Section 3.2.1.1];

;1 = argmax «o(x; Dy);
zed : :
run model simulation to provide scalar output ;. 1;

new observations Dy = {Dy, (X411, Yis1) };
Update GP Posterior: mean and covariance
end

Algorithm 2: Bayesian optimisation Steps

Subsequent evaluations serve to reduce the epistemic uncertainty in the GP sur-
rogate model of the loss function (Section 3.2.2) and improve our understanding of

the captured aleatoric uncertainty.

3.2.1.1 Acquisition Function

Bayesian optimisation is guided by an acquisition function («), this may have several
functional forms. Popular acquisition functions are Upper Confidence Bound (UCB),
Expected Improvement (EI) and Thompson Sampling - they may be grouped in the
optimistic, improvement-based and information-based search methods respectively
[177]. We've dealt with optimistic search in Chapter 2 and specifically the action-
selection method of UCB for the Multi-Armed Bandit (MAB) which is analogous to
our acquisition function for Bayesian optimisation.

The EI acquisition function is defined by the following equation:
apr = E [max(f(z.) — f(x"),0)] (3.12)

f(x™) is the best observed loss and & the parameters associated with this loss.

Based on our GP model:

s {<m<w*> — f(@*) = P(Z) +o(@)p(2) if o) >0 (313)

0 if o(x,) =0
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flx)/EI

m(x*) is the prediction mean and o(x*) the prediction standard deviation at the
test location «* of the Gaussian process. P is the cumulative density function (CDF)

and p the probability density function (PDF) of the Gaussian distribution and

o(xx)

m(e)—f@he -
Z = ifo(a.) (3.14)
0 if o(z,) =0

Exploration and exploitation may be balanced via the P and p terms in the sum-
mation of agr with € weighting this balance, a greater € leading to greater exploration.
Figure 3.4 plots our EI acquisition function trace as an orange line calculated from
our learnt GP introduced previously in Figure 3.2b, in this case ¢ = 0.01 and the

function is maximised at x = 1 which would be selected as the next sample.

100 4

80+

60+

40 -

204

T T T T
0.0 0.2 0.4 0.6 0.8 10

Figure 3.4: Calculation of Expected Improvement for Learnt GP parameters Ogp:
[ =0.38, 0]2( = 1320, 02 = 0.02, EI is maximised at x = 1

3.2.2 Loss Function

A loss function (£) maps our parameter estimates to a scalar value (£ : R — R)
from function outputs against which Bayesian optimisation may be performed. In
this framing of a loss function for calibration, the optimisation will look to minimise
the loss. The search for a minimum Normalised Root Mean Square Error (NRMSE)

provides a point estimate or single estimate of the calibration parameters.
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P VES e — ) -
a ~ max(y,) — ming (1) '

Such a loss function is standard with epidemiological model calibration [185] and
is not an innovation but included for completeness as to which we’ll demonstrate

results of a Bayesian optimisation process applied to such a generic function.

3.3 Uncertainty quantification (UQ)

An accurate description of model output uncertainty, uncertainty quantification is key
to ensuring that a model is useable [171], firstly for prediction and subsequently for
the purposes of planning and control. We’ve previously introduced that epistemic un-
certainty should be based on how uncertain the model is in its own predictions, while
aleotoric uncertainty captures natural variations or noise in the stochastic process be-
ing modelled. Hopefully any epidemiological model based uncertainty quantification
may accurately capture both types of uncertainty. Through the Bayesian optimisation
steps (2) of calibrating a model, with the Gaussian process surrogate model fitting,
we have gained a quantification of uncertainty based on the error function measure for
input parameters, while using an NRMSE error returns a point estimate for the best-
fit calibration result, equivalent to Maximum Likelihood Estimation (MLE). Such a
point estimate may be sampled to quantify our appropriate measures of uncertainty

in the outputs of consideration, namely the first and second central moments:

Ely] = /_ ) yp(y)dy (3.16)
Vil = [ " (g — Ely)p(y)dy (3.17)

As we extensively work with Gaussian distributions in this work, it shoud be noted
that a symmetric 20 bound corresponds to our ~ 95% confidence interval for any
arbitrary model output distribution p(y) and the respective 95% bounds correspond
to the integral:

upper

0.975 :/ p(y) dy (3.18)
lower

0.025 — / o(y) dy (3.19)

95% ci = [lower, upper] (3.20)
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Having used this process we may now take the surrogate model to efficiently

perform a Sensitivity Analysis (SA) on the chosen calibration parameters.

3.3.1 Sensitivity Analysis

Sensitivity Analysis (SA) describes how we may portion uncertainty in the output
of a model to uncertainty in model inputs. We may leverage the surrogate model
learnt through calibration for these purposes, especially as significant computations
may have already been run to generate the training examples for the surrogate model.
Polynomial chaos is another technique widely used in the field of Uncertainty quan-
tification (UQ) [58], here due to its wide applicability we will continue to describe
the use of a Gaussian process model surrogate, while the SA discussed is extensible
to other surrogate modelling methods of choice.

The computation of Sobol indices may be performed directly from the Gaussian
process surrogate. While analytic solutions exist [121] both using the predictor (Gaus-
sian process mean) locally [125], and the global model covariance structure [137],
these analytical solutions make modelling assumptions around the kernel composi-
tion, specifically to be of squared exponential form. While analytical results provide
evidence for the tractability of solutions and the natural expression of uncertainty
through the Gaussian process, for purposes of flexible extensions we’ll rely on nu-
merical methods. Numerical solutions may be agnostically applied to the surrogate
model of an underlying computationally expensive epidemiological model, practically
serving the purpose of this analysis pipeline while adding negligible additional com-
putational cost.

The Sobol index is a variance-based measure of sensitivity. Sobol sensitivity in-
dices quantify how much of the total variance of the model output (V[y]) each uncer-
tain parameter or input (67 ) is responsible for [184]. Such that the first order Sobol

index is calculated as:

V [E[y]6;,]]
Vly]

7
m

S; = (3.21)

and measures the effect of each parameter 0 & where E[y|6! ] is the expected value

of the output (y) when parameter §? is fixed and therefore an expected reduction in

variance in the model output when we fix the model parameter.

d osi<1 (3.22)
=0
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As above the sum of the first order Sobol indices is only equal to one when no
interactions are present between parameters [83], meaning that the summation of
higher order indices is zero. Higher order Sobol indices exist as the partial variances
of sets of model parameters and may be interrogated further but for the purposes
of ordering parameter importance, to reduce the dimensionality of our problem, first
order indices provide all the information required. In neglecting the calculation of
higher order indices we conveniently side-step a downstream problem in calculating
higher order interactions which suffer from the curse of dimensionality as the number
of model parameters increases [94].

A Quasi-Monte Carlo method is proposed for evaluating sensitivity, based on a
sampled parameter set and offering an improvement upon standard Monte Carlo
with increased coverage over the sampled parameter space, when compared with a
true random sample [112]. In this instance Saltelli sampling from the parameter
distributions generates model parameters using the Saltelli extension of the Sobol

sequence [14].

_ U; — EQ[?J]

%= T

(3.23)

UF/‘Wwﬁzﬁm%w; (3.24)

In Equation 3.24, by fixing the parameter to a generic value (éfn), its dependence may
be eliminated by integrating over its PDF (p(6: )). Furthermore, estimates of E[y]

may be generated from the samples eg.:

Ely] ~ NLS > (3.25)

and a numerical estimate for U; through Saltelli’s numerical scheme [170], meaning
that we complete our calculation for S; via established numerical methods linked to
the authors whose methods carry their names.

The first-order Sobol index is a variance based method of sensitivity analysis and
looks at the contribution of each model parameter to the total model output un-
certainty. As such an ordering of each parameter by Sobol index and subsequent
rejection of parameters with low contribution may increase the efficiency of the cali-

bration process through reducing down the size of the calibration parameter set.

Algorithm 3 may be iterated in a loop with the Bayesian optimisation process to

improve optimisation results, such iteration will be termed a calibration schedule. A
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Result: S;, 0,,(reduced)

Input: GP surrogate of £ function after n steps;
Generate: Saltelli samples equivalent to Ng samples [170];
Sample: GP at locations Ng;

Compute: S; [Equation 3.23 and Equation 3.24];

Return: S; and 0,,(ranked) — 0,,(reduced);

Algorithm 3: Sensitivity Analysis Steps

threshold value of first-order Sobol index value is chosen such that a ranked list of

modelled parameters may be reduced.

3.3.2 Calibration Schedule

It should be noted that the steps outlined for calibration, uncertainty quantification
and sensitivity analysis in this Chapter may be consumed as an iterative process.
For example an initial calibration with a wide set of parameters may be practically
narrowed by interrogating the parameter values which are most significant through
a ranking of their first-order Sobol indices. Additionally any learnt parameter fit
may be used to initialise further optimisation runs in calibration, for example to
generate a parameter posterior distribution via Markov Chain Monte Carlo (MCMC)
methods. Along with parameter distributions, sensitivity analysis and uncertainty
quantification, all of the steps practically have an epidemiologists insights in the
loop, while we can offer benefits in speed up for each of the steps. The validation
and checking performed by a human in the loop is not replaceable - especially when
the generated insights may be used to update the model structure. Though the
automation proposed here is a greedy approach, sequentially reducing the parameter
numbers and ranges, this in-sequence reduction could discard parameters which would
have greater importance over narrower ranges. Therefore, the proposed methods are
pragmatic and may return sub-optimal solutions, though nevertheless allow for the

use of models without complete expert guidance.

3.4 Example: Calibration and Uncertainty Quan-
tification of EMOD Malaria models

This section aims to give a complete illustration of the techniques employed for pur-

poses of generating predictions given limited observations for a location. The dataset
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used are Entomological Inoculation Rate (EIR) observations taken for Namawala dis-
trict Tanzania [227] for a single year and are indicative of the most comprehensive
sources of data for calibrating malaria disease transmission models. For this study
we’ll use two different model structures provided as examples for vector based disease
transmission, both are mechanistic in design, one intended to model generic vector
based disease transmission and the other developed specifically for the malaria in-
fectious cycle. Importantly, both models have a one-to-one parameter mapping and
while the structures vary, a reduced set has been chosen which is consistent for both

models.

3.4.1 Calibration

The following parameters were selected for the calibration runs, both models taking
the same demographic and climate base information for the location. The chosen

model parameters (6,,) and ranges consist of the following:
e Transmission Rate probability(3), prior uniform distribution, range: [0.5,0.99]
e Rain Scale Factor (¢,sf), prior uniform distribution, range: [0.5,1]
e Initial Prevalence (P(0)), prior uniform distribution, range: [0.1,0.2]
e Larval Habitat Multiplier (¢jq), prior uniform distribution, range: [0.5,1]

The calibration process may be visualised in Figures 3.5a and 3.5b, where se-
quences of parameter set evaluations generate a reduced loss (NRMSE) and are also
projected into common areas of low loss in the surrogate model, using principal com-
ponent analysis [222].

The learnt parameter sets on termination of the calibration run are summarised
in table 3.1, the more complex malaria specific model achieving a marginally better
fit to the observations EIR data.

Vector Model Malaria Model
ﬁ Crsf P<O) Clarv E ﬁ Crsf P(0> Clarv E
0.88 0.50 0.10 0.50 0.197 0.87 0.56 0.18 0.75 0.152

Table 3.1: Best Parameter Sets for Respective Models: Namawala Tanzania.
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The models which have been used are widely available malaria model descriptions
based on the EMOD stochastic agent-based disease transmission kernel 2, while the
results associated with these parameter values may be shown against the observations
in Figures 3.6b and 3.6a.

3.4.2 Uncertainty Quantification and Prediction

In Figure 3.7 we have generated samples for a 5 year prediction based on the calibrated
models for the number of daily infections in the simulated population, for which a
one dimensional GP has been learnt for the forecast under the current policy.

These GPs may now be combined through a covariance weighted prediction to
generate the combined prediction of Figure 5.4, using techniques discussed later in
Section 5.3.1.

3.4.3 Sensitivity Analysis

Performing a global sensitivity analysis of the models used would allow for the number
of parameters involved in calibration to be reduced. In this example it was achieved
with a sensitivity analysis based on first-order Sobol index calculations on the cal-
ibration surrogate model (eg. a dimension d = 4 Gaussian Process learnt from the
error function for calibration). A reduced parameter set will lead to improved perfor-
mance of the calibration approach, in terms of both computational speed and final
error (NRMSE). For the four parameter set example given in the table 3.2, it can
be seen that model sensitivity is far greater for the ¢,sf and o, parameters with
regards to a best-fit of model uncertainty to observed uncertainty, placing a greater
importance on climate-based factors for this particular model with little contribution
to overall model uncertainty based on the parameters of § and P(0). We observe
high sensitivity to parameters which perturb climate-based inputs to this particular

model family as to those more directly linked with disease transmission dynamics.

Vector Model Malaria Model
B Crsf P(O) Clarv 5 Crsf P<O) Clarv
0.012 0.456 -0.001 0.445 0.020 0.380 -0.001 0.399

Table 3.2: First order Sobol indices for respective model parameters: Namawala
Tanzania.

’https://github.com/InstituteforDiseaseModeling/EMOD
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(b) Namawala Modelled Entomological Inoculation Rate (EIR) Malaria Model

Figure 3.6: Comparison of full and vector EMOD models, based on their generated
monthly Entomological Inoculation Rate (EIR) distributions, against the provided
observed points of monthly Entomological Inoculation Rate (EIR) in Namawala, Tan-
zania.
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(b) 5 Year Predictions for Daily Infections for Location from Calibrated Malaria Model, Learnt GP param-
eters Ogp: 1 = 0.06, UJ% = 1820, 02 = 69.1

Figure 3.7: Comparison of full and vector models with learnt parameters
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Figure 3.8: Histograms of parameter 6,, samples during calibration

Finally, the histogram of parameter samples during calibration shown in Figure
3.8 is included in the extension whereby the user wishes to infer parameter posterior
distributions to the model. These histograms may be helpful in the formation of
prior distributions and the variational inference [37] approach may then be initialised
around the MLE parameter estimates provided by the Bayesian optimisation framing
used here. Given the presentation of methods which limit the number of expensive
epidemiological model evaluations required, we now move on in the next chapter to
discuss a flexible infrastructure to support the required number of epidemiological

model runs for developing useful predictions.
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Chapter 4

Infrastructure and Computation
for Prediction, Control and

Planning from Epidemiological
Models

If we suppose that many natural
phenomena are in effect
computations, the study of
computer science can tell us about
the kinds of natural phenomena
that can occur.

Rudy Rucker, 2005

Computational epidemiology [85] brings the possibilities afforded by computa-
tional methods in simulating challenging physical systems [72] specifically to those
which dictate disease spread, intervention strategies and epidemic preparedness. At
the core of this work we have assumed a pre-developed epidemiological model, the
practice of computational epidemiology may marry together the processes of both
developing an epidemiological model and designing a computational infrastructure to
support the computational requirements of running model simulations. A canonical
example of this for the reader is the work of the Insitute of Disease Modelling (IDM),
who have their own computational infrastructure (COMPS)! to support their own epi-
demiological model (EMOD) [35]. Instead we will focus on an infrastructure which
may agnostically achieve the proposed tasks given any abstract epidemiological model

format and the minimum required information for executing a model simulation.

'https://comps.idmod.org/
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To motivate the significance of the discussion of computation in congress with
combating disease transmission, this year (2020) the Covid-19 pandemic received the
singular support of the largest volunteer supercomputer on earth [111] as part of
the Folding@home project [23], a close relative of the Search for Extra Terrestrial
Intelligence (SETI) @home project [11], which itself stopped distributing tasks after
close to 20 years of using distributed computing for this further sighted research
effort?.

More generically High Performance Compute (HPC) clusters, which aggregate
their compute nodes using high bandwidth networking and support a high-degree of
inter-process communication, are ubiquitous across scientific research [8]. This work
presents results from single instances to multiple nodes but there is no reason that
this could not be permanently housed in a HPC setting, simply by the application
justifying the compute being continuously available if necessary. Therefore these
methods may be developed and used on individual laptops, shared servers and all the
way up the scale to shared HPC systems.

In Chapters 2 and 3 we have extensively discussed the design of algorithms to
perform inference to limit the impacts of computational expense. We’ll proceed to
outline a design for a system to combine the insights provided by computational sim-
ulation with Machine learning approaches to move towards programmatic relevance
of the work.

4.1 An Initial Computational Approach to Epi-
demiological Simulation

With regards to introducing online learning from simulation we have given the ex-
ample of using an epidemiological model for decision making, which happened to be
rather computationally expensive with regards to necessitating specific infrastructure
for it to be run. This will serve as the motivation in assessing shortfalls and a gen-
eral set of specifications to be met with a generic infrastructure. For this purpose
we will quickly refresh the details from Section 2.4.2. In the original deployment
of this infrastructure [32], the work packaged commit a50730b of the OpenMalaria
repository® with a suite of Python scripts. These Python scripts served both as the
low-level wrappers of the OpenMalaria executable, and the implementation of Ban-

dit based decision making algorithms. To run the necessary experiments an XML

’https://setiathome.berkeley.edu/
Shttps://github.com/SwissTPH/openmalaria/
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formatted scenario file was acquired for the target region. This scenario file was dy-
namically modified by these Python scripts to enable Bandit based control of the
evaluated experiments. Through the use of the multiprocessing package which sup-
ports the spawning of processes, the OpenMalaria executable could be run in parallel
as batches on the available cores. The output generated by these executables was
parsed by the same script housing the Bandit algorithm, and consequently used to
derive the evaluation of the simulated malaria intervention plan. This model sim-
ulation environment was run on a 4 node cluster of machines, each with 64 hyper
threaded cores (2.20GHz Intel Xeon® CPU E5-2660). On these processors, running
one instance of an OpenMalaria simulation, for a representative human population
size e.g., 100,000 people, returns results in a time-frame upwards to 24 hours. The
final results of the experiments were stored as numpy arrays and saved to disk on

each of the machines where experiments were performed.

4.1.1 Engineering and Deployment Challenges

Having successfully implemented and used such an approach to demonstrate the work,

we were able to identify key issues with the existing approach, as outlined below.

o Limitations in Scalability. Scalability via Python’s multiprocessing means that
experiments are limited in the pool of computers which could be used. Further,
the number of computers available, the number of cores, and the amount of
RAM were all fixed, so the computation environment did not support flexibly
scaling up (or down) as demand would require. For each computer in the cluster,
the entire codebase is independently maintained through a manual process to
ensure that the appropriate versions of the requisite applications and code are

present.

e Separation Between Epidemiological Models and Algorithms (or Agents). In the
original deployment there is very little separation between the agent algorithm

and the underlying epidemiological model used to run simulations.

o Limited Simulation Flexibility. There is very limited flexibility in the types of
models which may be simulated, and the results of simulations are not stored in
a form which permits them to be readily accessible to a broad audience (which
could include decision-makers or model developers). Since in this case data
and compute were partitioned on four machines in the cluster, synthesising the

results generated for a single location (defining a set of model simulations in
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this work) requires an extra, time-intensive step to synchronize data across all

machines.

o Duplication of Simulations. 1t is likely that simulations are duplicated during
learning, as there is no coordination between independent simulation environ-

ments prior to running an experiment through a model.

We’'ll now continue to detail a platform for disease prediction, control and plan-
ning, design and implementation that address the issues above and extend the original
experiments to work with new capabilities that have supported the presented exten-

sions in the following Chapters 5 and 6.

4.2 A Revised Infrastructure

This section provides an overview on the updated system architecture and deploy-

ment, as displayed in full in Figure 4.1.

4.2.1 Terms

To be precise in the language used we’ve laid out common system terms to be used

in the proceeding sections:
e Job: A single model simulation.

o FExperiment: A group of jobs with common properties, for example with same

geographic location or user.

e Intervention plan: A list of intervention actions with their percentage coverages

and deployment time.

e Decision variables: Disease control outcomes which we often related to rewards
(Section 6.1.3) e.g. prevalence, Cost Per DALY Averted (CPDA), number of

deaths averted etc.

Along with the current implementation supporting five different types of user, includ-

ing:

e Policy maker: A person who is required to make decisions based on epidemio-

logical model based evidence.
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e Fxpert modeller: A user who makes and maintains the epidemiological models

utilised for decision making.

e Novice modeller: A person who is not familiar with epidemiological model de-

velopment, and is able to learn from interacting with deployed models.

e Machine learning practitioner: A person who creates agent based learning al-
gorithms, for example as a competitor in Chapter 5 or the most likely group

reading this work.

e Admin: A person who manages the whole technology stack presented.

4.2.2 Design Principles

To design what we will term the platform for disease prediction, control and planning,

and address the challenges outlined, the following seven paradigms were leveraged.

4.2.2.1 Microservices

Microservices is an architectural style inspired by service-oriented computing that has
recently started gaining popularity [65]. For our specification this provides a general
design principle to breakdown the system into its component parts, then deployed
as microservices, enabling flexible deployment and improved support for testing of
interdependent components. The use of microservices also has the added benefit of
permitting teams of developers to work more collaboratively, as they promote distinct
segments of the codebase, exposing possibilites for readily sharing components of the

work.

4.2.2.2 Frameworks

This involved the transfer of the original (Python) codebase to Java to take advantage
of the Spring Boot framework*. The Spring Boot framework enables the reuse of

existing, well-vetted design patterns for microservice deployment [213].

4.2.2.3 Containers

Containers are a lightweight virtualisation method for running multiple isolated Linux
systems under a common host operating system and a new ecosystem has emerged

around the Docker® platform to enable container based computing [98]. Docker is not

4https://spring.io/projects/spring-boot
Shttps://docker.io
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extensively used in the HPC community and we’ll harness containers to deploy the
developed microservices. Using tools like Docker makes it easy to deploy microservices
at scale in heterogenous compute environments, achieving an approach which may be

accessible, at whatever scale, for others to also replicate the work.

4.2.2.4 Cloud Computing

Due to its wide accessibility as a commodity we can harness cloud computing as
Infrastructure as a Service (IaaS) or Software as a Service (SaaS) to deploy system
components at scale, in the location or specific data center best suited for the target

users.

4.2.2.5 Application Programming Interface (API)

An Application Programming Interface provides users with a library/module which
exposes the microservices for their agent algorithms to interact directly with. At
present, we have implemented a Python API which is deployed via github, and in-
tended to be installed via the pip utility. This is extensively demonstrated with
regards to the competition setting in Chapter 5.

4.2.2.6 Distributed Ledger Technology (DLT)

DLT deployed as a blockchain provides a decentralized and distributed platform that
is useful in storing transactions aimed at improving trust, transparency and integrity
among the participants in a fragmented ecosystem (e.g. disease modelling commu-
nity). We can demonstrate the ability to store, share and maintain auditable logs
and records of each step in the simulation process, showing how to validate results
generated by computational workers [39]. This provides modellers with the ability to
track who and how their models are accessed and used. If the compute is distributed,
trust issues could arise on the results of a given job. The Hyperledger Fabric [13]

allows for a platform to perform validation of these results.

4.2.2.7 User Interface

Consideration has been given for a front-end platform that allows sharing, calibration
and running of models at scale, providing an access point for users who may not
consider all of the lower level technical details of the microservices which make up

this platform for disease prediction, control and planning.
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4.2.3 Platform Components

Using the introduced design approaches, the platform was framed into the following
ten component classes contained within Figure 4.1. Each of these platform compo-

nents could be deployed onto distributed computers running on a network.

External User Engagement Interfaces D
Interactive Dashboard
A l
ML Optimization and Planning Engine
A 4 :
Policy Engine o I\
Mo
Task Clerk —’< I ‘ ‘Task queues }‘—.
\. |Model A
Workers
» Reward service |«

Base
parameters

Data store

Data service

Workflow & Validation Engine

Hyperledger Fabric

Figure 4.1: Conceptual architecture of a platform for Machine learning based predic-
tion, control and planning from epidemiological models [210].

4.2.3.1 Workers

Using containers, we have packaged epidemiological models in a manner that is easy
to deploy at scale and in multiple types of computing environments. In this container
we also couple the model with software to communicate the desired input file, and
to process the output files as needed. Together, these tools are referred to as a
worker, and multiple workers can be deployed on a single machine or even distributed
across the Internet. The output files resulting from the model execution are further
processed by the reward service (Section 4.2.3.5). We have deployed multiple formats
of disease models as workers at scale, a few of which constitute the examples in this

work.
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4.2.3.2 Task clerk

We permit users to define a specific instantiation of a model that they would like to
evaluate. These parameters are used to “germinate” a seed input file for the model.
The resulting file is then sent as a job to the worker so that it can be processed.
Parameters define properties of an intervention plan, for example in our widely used
base malaria example: the portion of the households where Insecticide Treated Net
(ITN) and Indoor Residual Spraying (IRS) interventions are deployed, and the cor-

responding simulation time at which each of these interventions is applied.

4.2.3.3 Data Store

The seed input file, as well as the results for all evaluated intervention plans are stored
in a central repository. Other data stored include the geographical information for a
location based model, definitions of decision variables and log data. This data is also
stored for subsequent reporting in the case that simulation of the same intervention

plan is requested in the future.

4.2.3.4 Data Service

The task clerk and all the distributed workers access the data store via a common
data service. The data service is currently implemented as a Java web-service with
API endpoints that the clients use to access the data store. A database agnostic

data-service is desirable and needs further development.

4.2.3.5 Reward Service

The output files resulting from model execution in the workers are sent to the reward
service which computes relevant output predictions of the decision variables over a
number of years. These variables include prevalence, the Cost Per DALY Averted
(CPDA), deaths, deaths averted and the total cost of interventions.

4.2.3.6 ML Optimization and Planning Engine

This engine is currently implemented as a Python web-service that is exposed to
agent based learning algorithms. The engine receives ranges of intervention coverages
and deployment times from users and sends sampled intervention plans to the task
clerk for processing. The engine receives worker output (predicted decision variables)
through the data service and this informs the next intervention plans sample to be

simulated.
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4.2.3.7 Task Queue

To tie together the task clerk and the workers, we use a messaging fabric. The
current implementation harnesses Advanced Message Queuing Protocol (AMQPY) as
implemented in RabbitMQ" to provide a task queue. The task clerk posts jobs to
the queue which are subsequently picked up by idle workers of the appropriate type.
When the work is complete, the results are saved in the data store via the data service.
This instantiation permits workers to be deployed in a wide range of environments,
with little requirements on coordination. Additional work would explore the use of
workload manager frameworks like SLURM?® to more effectively schedule where and
when the work would be done. In the rapidly expanding field of parallel processing,
these job schedulers are the ‘operating systems’ of modern HPC systems, specifically
they allocate computing resources and control the execution of processes on those

resources [159].

4.2.3.8 Hyperledger Fabric (HLF)

The Hyperledger Fabric [13] blockchain component in Figure 4.1 is used due to the
sensitivity of data and need of trust among participants (e.g. modellers, decision
makers, users, etc) in the ecosystem. To realise this a permissioned blockchain HLF
has been used, which supports private data collections for sensitive data with execu-
tion of business logic in the form of generic chaincodes (or so called smart contracts).
In addition, HLF algorithms and protocols provide mechanisms to allow only iden-
tified participants in a business network to have consensus in all transactions while

achieving data provenance, finality and immutability [13].

4.2.3.9 Workflow & Validation Engine (WVE)

The Workflow & Validation Engine component in Figure 4.1 is used to interact with
workflows that track and monitor all user activities and their interactions with ML
algorithms while using the infrastructure. This is realised by the use of workflows
that are defined as generic chaincodes built on top of HLF [13], the chaincodes are
further used to enforce interactions among modellers, workers and policy makers by
specifying Access Control Logic (ACL). In addition, the chaincodes logic includes
specific participants in the network encoded as actors for each job with defined set

of actions and permissions, more description on workflow orchestration in [38]. The

Shttps://www.amqp.org/
"https://www.rabbitmq.com/
8https://slurm.schedmd.com/
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actors are managed by HLF Member Service Providers (MSP) [13] which provides
access to jobs metadata by using HLF secure authentication.

Leveraging on the chaincodes to control the design and execution of jobs pro-
vides a reliable mechanism to collect metadata from jobs and to generate content for
transactions logs. The metadata is further used to validate job results and provide
a means to trust computational results, more description on the trust and validation
mechanisms in [39, 154]. To enforce data privacy for sensitive jobs between two or
more participants in the network we leverage HLF channels [13] which provide secure

private means of interactions among participants in the network.

4.2.3.10 Interactive Dashboard

To allow for easier interaction between the systems and the end users, an Angular 7°
based dashboard is presented to the users. The dashboard supports each of the user

types as follows:

(a) The expert modeller is able to upload models and decision variable definition
repositories and associated input files for different locations. They are also able
to view results of their models and comparisons with other models. Lastly they
are able to define an action space (see Section 6.1.2) where interventions will be

sampled by the ML optimization and planning engine.

(b) The admin receives on-boarding requests of models and decision variables from
the expert modeller and manually packages the resources required by the model
in to a docker image for deployment in docker containers and exposes the decision
variables as a web-service. The URL for the created services are updated using

the dashboard.

(¢) The Machine learning practitioner uploads agent algorithms that sample the

action space.

(d) The novice modeller studies how the model output changes with varying inter-

vention plans.

(e) The policy maker views intervention plan simulations generated prior by the
expert modeller, with the ability to vary different decision variable ranges so as
to filter through these intervention plans to find one or more that meets their

goals as shown in Figure 4.2. They can also define a set of intervention plans and

9https://angular.io/
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investigate the results by running a single job and finally they are able to view

historical interventions and outcomes data.

Figure 4.2 gives a view of the Interactive Dashboard which captures and presents
model based results from the experiments. This dashboard, developed with some
target users making national level malaria policy decisions, was intended to help a
policy maker to gain intuition on model performance for proposed intervention plans.

It also presents agent derived recommendations for relevant intervention plans for

those locations.
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Figure 4.2: Dashboard view showing generated intervention plans from two different
epidemiological models for the same location, with the ability to filter out intervention

plans using prevalence, budget, and the number of deaths averted, in order to meet
the strategic plan.

4.3 Performance Results

This platform permits workers to be added (or subtracted) on demand, thereby scaling
the compute available to evaluate intervention plans. In the original work, scaling was
supported by running additional experiments independently on additional computers.
In this case, all resources are partitioned across the machines which precluded past
results from being shared across experiments at run time, and introduced duplicity
in experiments which were run. Finally idle compute resources on one machine were
not available for use on another.

In our approach, the same compute could be pooled to support multiple exper-

iments. Further, computational resources running on different networks could also
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be pooled together. This was demonstrated with workers deployed in a Kubernetes
cluster in the United Kingdom, HPC Virtual Machines in a data centre in Canada,
and on a bare metal machine in the United States of America. A total of 200 workers
spread across these networks were used to re-run the experiments developed in [32]
as shown in Figure 4.3. This result of using Bandit approaches for one-step control,
later deemed agents in Chapter 6, questions what is the most cost-efficient combina-
tion of two interventions (ITN and IRS). The presentation is of a response surface
where better policies based on simulation results are dark red. The principle take-
away being that as shown in [32], there are distinct recommendations provided by
the independently implemented ML approaches in comparison with both the current
and recommended policies.
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Figure 4.3: Combined results from [32] showing AI (optimal), Current, and Human
Expert recommended solutions.

In Figure 4.4 we show results of running the workers on a single 40-core machine,
configured to flexibly run an increasing number of workers based on the number of

jobs submitted. We observe that the average job processing time gradually increases,
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Figure 4.4: Performance of a single cluster, with increasing numbers of jobs and work-
ers. Three different resolutions correspond to three levels of computational expense
in the simulation.

with increasing job number while scaling the number of workers proportionately.
The measured increase in average processing time for the infrastructure does not
currently prohibit its utility for scaling to run greater numbers of experiments within
the platform.

In addition to cluster performance, we also collected Throughput and Latency
performance characteristics of the blockchain Workflow & Validation Engine (WVE)
component. Throughput is the total number of transactions per second that are suc-
cessfully processed by the blockchain network. Latency is the total time taken when
a request is sent and confirmed in the network to the time when blockchain clients
(e.g. task clerk or clients) receive a response. Figure 4.5 shows results collected
using the Hyperledger Caliper benchmarking tool supported by the Linux founda-
tion [95]. The blockchain network setup included four organizations, each with two
peers and one communication channel with workflow and validation chaincodes in-
stalled. Figure 4.5 shows throughput increasing linearly to a saturation point of 100
transactions(tx)/second(sec) with a constant send rate increment of 15 tx/sec and

varying block size. It is also observed that average latency increased steadily as the
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Figure 4.5: Blockchain throughput and average latency performance

send rate increased to approximately 4.0 seconds towards saturation point. Altering
HLF block size from default 10 transactions to 70 transactions did not have signif-
icant impact on the throughput but increased latency as shown in Figure 4.5. The
system’s average throughput value of 100 tx/sec is lower than other HLF throughput
and latency performance statistics, with results ranging from 1000 tx/sec to 3500
tx/sec [96,199,200]. This striking performance difference is due to the complex work-
flow use to track, monitor and validate experiments executions with fine grained access
control implemented by multiple chaincodes. The work of [21,199] proposes differ-
ent performance improvement metrics which include introduction of a membership
service provider cache and bulk read/write during multi-version concurrency control
validation, which were not implemented in the current version of the platform, and
may be considered in future work.

Insights from experiments in both Figures 4.4 and 4.5 may be contrasted in the
following manner; while simulation times are orders of magnitude greater than val-

idation latencies via the HLF, the scaling of the infrastructure is more immediately

82



sensitive to the number of validations performed than the number of jobs run. There
is a significant increase in latency after a validation transaction rate of greater than
60, with only marginal penalty for requesting a greater number of those jobs. There-
fore, the current platform should perform validation requests in a manner that avoids
this, limiting for what may be a negligible change in performance around the thresh-
old. Conversely, increasing the total number of jobs on a single cluster does not incur
significant penalty, with no obvious threshold to avoid. In scaling the current plat-
form to greater numbers of jobs and strategies which minimize the number of jobs
on each cluster may provide marginal benefits in total compute time, and should be

considered further.

4.4 Example: Technical Approach for Competi-
tions

This section will now outline the use of the design approach of the Application Pro-
gramming Interface (API) to harness the results of epidemiological simulations at
scale for the competitive outline of Chapter 5. Through pioneering projects like the
OpenAl Gym [46], there is an established paradigm of how the Reinforcement learning
community expects to interface their agent algorithms with simulation environments.
In this work we implement the gym paradigm to provide a common interface for
development and testing of agent algorithms to be submitted as solutions to the
competition simulation environments.

Our formulation for these environments is novel in that it features a client-server
architecture which supports sharing of resource intensive elements, as well as provid-
ing a mechanism to support transparency and trust [158], the elements of which have

been discussed in Section 4.2.

4.4.1 Environment Web Service

To provide access to the environment in a scalable manner, a new client-server archi-
tecture was developed which hosts the environments as another model type which is
exposed as a web service. The web service is written as a modular codebase, devel-
oped with the Python based microservice flask [87], and leverages the blueprint [145]
module’s functionality to provide an extensive platform to concurrently host multiple
environments. Each subdirectory contains the code and/or data required to imple-
ment the environment, with only a one-line stub in the base web service code to

import that environment object into the common namespace. The surrogate model
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is used as the description of the epidemiological model for the purposes of planning
and easily shared with multiple participants, providing a single competitive reference
environment, which is archived and may be returned to, while not overly abstracting

the problem.

4.4.2 Competition API

The inferace for competitor interaction with the competition environments took in-
spiration from OpenAl Gym, launched in 2016 [140], a tool-kit designed to create a
unified API in which many Reinforcement learning benchmark problems could be im-
plemented, so allowing for direct comparisons between different RL approaches. Ope-
nAl Gym has itself drawn inspiration from earlier competitions and benchmarks, for
example the Arcade Learning Environment [24]. Additionally, OpenAI Gym currently
provides extensions to gym environments in areas such as control theory [127] [22] and
simulated robotics [69]. Users may also implement their own gym environments for
any arbitrary task via the unified Python-based gym API [163]. Although this service
from OpenAl Gym was not used directly, the competition API mirrored its form to
allow cross compatibility with existing Reinforcement learning code implementations
that participants may have had access to. This version of the environments used
are not fully ‘gym-compliant’ as they do not currently import the gym object, and
accordingly do not harness gym-defined spaces [158].

The API assumes that an agent class has been implemented by the end-user to
allow their chosen RL algorithm to interface with the competition environments. The
primary tasks of the environment are to produce observations given the current state
and to ingest actions from the agents to produce reward signals, mapping the required
functions for a environment class to our underlying surrogate models in the following

manner:

Listing 4.1: OpenAl gym-like environment

nextstate, reward, done, _ = env.evaluateAction(env_action)

e env - Instantiates an environment object with a limited number of evaluations

(runs)

e env.reset() - Starts a new sequence or policy evaluation of the environment

object

84



e observation (nextstate) - This returns the users next state based on the evalu-

ated action

e reward - The reward given by the environment associated with the performed

action
e done - A Boolean value denoting if the end of the episode has been reached

e info (_) - This remains unassigned in the API implementation

With the existence of significant work to create open RL benchmarks, this enabled
competitors to leverage much published code in exploring solutions to the Malaria
environments. The novel environment for epidemiological models was intended to
allow data scientists and RL practitioners to expand the type of Machine learning
approaches for policy learning and bring Reinforcement learning to other real-world
applications, outside of games and simulated dynamics. The environment is coupled
with a language specific API which implements a client library for participants to
access methods which evaluate an intervention or a sequence of interventions (which
we have referred to as a deterministic policy). These methods are analogous to the
step method common in gym environments. A reward (a scalar value) is provided as a
result for either the intervention or the policy. This reward value contains the signal,
which enables a participant’s algorithm to learn the utility in performing certain
interventions as they engage in the challenge activity.

The API is designed to integrate with an agent class implemented by the end-user
allowing their chosen RL algorithm to interface with the competition environments.
The principle functionality of an environment is to produce observations and rep-
resentative transitions based on actions as input from external agents, along with
providing a scalar reward signal to these agents and mapping the required functions
for an environment class to our underlying surrogate models in the following manner:

The first API was implemented in Python, however leveraging the reticulate pack-
age, it has been used to support R language competition activities as well. In the
future it’s envisioned to have implementations in multiple languages natively [158].
The web service architecture will make such libraries easy to implement and to sup-

port as HTTP functionality is pervasive in modern programming languages.
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4.4.3 Example Code

Code for random policy generation and submission using the Competition API was
shared for competitors to accelerate their developments and test submission of a
solution. This gives an example of using the API to evaluate an entire policy in
Listing 4.2.

Following the code example, a submission file may be generated using the com-
petition library, by passing the CustomAgent class implemented by the competitor
(eg. Listing 4.2) and generating a CSV file (example.csv) which is uploaded onto the
site to generate a public leaderboard score, through the EvaluateChallengeSubmission
class of Listing 4.3.

These examples therefore serve to demonstrate that along with other examples on
the competition website [30] and documentation, a few lines of code written by the

competitor within a generate method were sufficient to participate.

Listing 4.2: Example Random Agent Submission

from sys import exit, exc_info, argv
import numpy as np
import pandas as pd

from netsapi.challenge import *

class CustomAgent:
def __init__(self, environment):
self.environment = environment

def generate(self):
best_policy = None
best_reward = -float(’Inf’)
candidates = []
try:
# Agents should make use of 20 episodes in each training run,
if making sequential decisions
for i in range(20):
self.environment.reset ()
policy = {}
for j in range(5): #episode length
policy[str(j+1)]=[random.random() ,random.random()]
candidates.append(policy)

rewards = self.environment.evaluatePolicy(candidates)
best_policy = candidates[np.argmax(rewards)]
best_reward = rewards[np.argmax(rewards)]
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except (KeyboardInterrupt, SystemExit):
print(exc_info())

return best_policy, best_reward

Listing 4.3: Submission file generation using the competition library

EvaluateChallengeSubmission(ChallengeSeqDecEnvironment, CustomAgent,
"example.csv") #How scoring files generated by participants

4.5 Related Work

There are a variety of methods and platforms that provide scalable compute resources
and infrastructures which can be applied to support decision making from epidemio-
logical models.

Deep Learning as a Service (DLaaS) [36] is a unified platform that provides de-
velopers, data scientists/engineers, with a mechanism to use popular deep learning
libraries (e.g., Caffe, Torch and TensorFlow) in one-go, with minimal effort, help-
ing to minimise unnecessary effort to configure the infrastructures needed for deep
learning based computations. To do so, DLaaS leverages the benefits of cloud service
and API economies, enabling the training of deep learning models using one or more
deep learning libraries with user specified amounts of resources or budget, as well as
proving additional utilities for the user like control of the training progress.

Like DLaaS, MLaaS is another architecture for a machine learning as a service
type of model. It provides compute infrastructure and Machine learning libraries to
create flexible and scalable models [161]. MLaaS can support multiple data sources
and create a variety of models using various algorithms, parameters and training sets
via web-based APIs. However, MLaaS’s architecture is currently designed for specific
analytical libraries (limited to predictive modelling), making it difficult to extend it
for our use in our infrastructure.

A similar concept has been discussed in other numerous and varied approaches in
the expanded literature e.g. [20,51,139]. PredictionlO [51], for example, is the first
open standard architecture that combines multiple Machine learning processes into a
distributed and scalable system where each Machine learning process can be accessed
via APIs and a dedicated GUI as well, including integration with a variety of big
data platforms (e.g. in Hadoop and Spark). PredictionIO also provides a template

gallery, allowing users to reuse templates for various Machine learning applications.
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Another open-source platform that compiles popular statistical analysis libraries of
R is OpenCPU [139]. However, OpenCPU lacks key features such as flexibility, ease-
of-use, and economy of scale, etc. and hence it is difficult (or requires expertise) to
configure (including acquisition of the requisite data), execute, and interpret data,
models and results.

Following this detailed overview of an infrastructure and systems approach for
prediction and control from epidemiological models, the next chapter will consider the
results of exposing the development of ML approaches in optimisation and planning

to open competition.
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Chapter 5

Machine Learning for
Epidemiological Planning via
Competition

Only dead mathematics can be
taught where the attitude of
competition prevails: living
mathematics must always be a
communal possession.

Mary Everest Boole, 1931

Competition is a theme tightly woven into the advancement and demonstration of
Artificial Intelligence. Significant efforts have been taken by organisations to demon-
strate publicly above-human performance machine intelligence in games. Notable ex-
amples include Deep Blue (Chess) [49], Alpha GO (Go) [179] and Alpha Zero (Chess,
Shogi, Go) [180]. In addition grand challenges have been posed as open competitions
(often with significant funding or investment) such as the Neflix prize ($1M) [28] and
the DARPA Grand Challenges ($Multi M) [201]. These efforts all raise awareness
and stimulate immediate and further research about their respective topics.

There is also an emerging class of problems promoted through dedicated Machine
Learning Platforms such as Kaggle ! and CodalLab ?, inviting engagement from a
global community of Data Scientists to engage in problems that matter [211]. Ma-
chine learning challenges are not always focussed on algorithmic advancements or
theoretical contributions. They tend to generate solutions of a more practical nature,
specific to a proposed problem, rather than a generalisable result, with the aim of the

challenge to insight the imagination of others to pose novel solutions to the problem.

'https://wuw.kaggle.com/
’https://competitions.codalab.org/
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Of greatest relevance to our objectives in epidemiological control, we look to the
subset of competitions which are based on Reinforcement learning (RL). The first RL
challenges were launched in 2006 [217] out of a necessity to create benchmarks and
common environments to support results, sharing and publication. This use of the
competitive framework has harboured a competitive spirit in demonstration and pub-
lication of research in RL, especially in dominant topics such as Deep Reinforcement
learning, where the Arcade Environment [24] for Atari 2600 games is a commonbench
mark in Deep RL, in much the same way that the benchmark data set Imagenet [62]
shaped Deep learning research in Computer vision.

A set of problems may have arisen in the RL domain, from a focus on reporting
benchmark performance, but no standardised evaluation or reporting framework [105]
has accompanied such benchmarks and this is potentially damaging for research,
leading to concerns regarding the reproducibility, reusablility, and robustness of Re-
inforcement learning algorithms or approaches [92].

Direct comparisons between different RL algorithms are inherently difficult as the
authors of algorithms may spend a lot of time tuning them to work well in specific
domains and overfit to environments [216], even when they are (by design) supposed
to learn in an active manner from zero experience. What is required is a way to
perform unbiased comparisons across various learning tasks, as was proposed early
on in Reinforcement learning competitions. Unbiased comparisons for static data
sets are a well-established practice in other areas of data science but the interactive
nature of RL means that no fixed data sets or experience are possible. However,
more standard notions of Machine learning evaluation (for static data sets), based on
a train-test split [90], may still be applied to entire learning environments, whereby
a competitor develops an algorithm or learning agent on a limited set of representa-
tive training environments, and then reports learning performance on another set of
similar, but non identical testing environments. This principle is adopted for many
RL competitions, often over multiple generalised domains. Each domain corresponds
to a different type of problem. Considering, for example the well-used example of
helicopter control [2], training and testing are performed on specific domain instances
of the problem, such as helicopters with different physical characteristics. The com-
petition format can then provide an unbiased comparison between algorithms, that
truly tests their ability to learn [64].

Our motivation is hence not just to tackle a new class of problem through RL, but

to frame the entire problem in a competition. This provides the benefit of unbiased
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evaluation of new approaches to the epidemiological domain, which may provide novel
answers.

The rest of this chapter will report on the mechanics of executing a global se-
ries of Reinforcement learning competitions, motivated by the sequential decision-
making task for optimal malaria control, abstracted into a set of reusable environ-
ments through the techniques for learning a model developed in Chapter 6. The
competition environment code-base presented here is open source, along with ac-
companying educational material [158] and the infrastructure required to run the

competitions at scale is discussed in Chapter 4.

5.1 Planning from Learnt Models

Planning is defined formally as policy improvement based on agent interaction with
a model of the environment [192]. This is especially important as we may not be
learning by interacting in real-time with the ‘real’ environment for challenges in epi-
demiological decision making. The process of planning necessitating that plans should
be developed in-silico, based on model evidence, before implementation. We propose
that a competitive framework may be used to perform the task of planning in a dis-
tributed manner, each competitor developing an agent to interact with a model of the
‘real’ environment for the epidemiological decision making task. A learnt surrogate
model of underlying epidemiological models is what is shared with competitors. The

reasons that a learnt surrogate model is developed for sharing are due to the following:

e Lowering the computational cost associated with directly running epidemiolog-
ical models (Chapter 6)

e Abstraction allows for ease of sharing without requiring expert knowledge to

run a model (Chapter 4)
e Quantification of uncertainty may be consistently applied (Chapter 3)

e Combination of insights from multiple epidemiological models may be generated

(Chapter 5)

There are several examples of competitions and leading Al research achievements
where it is thought access to the latest computational hardware [4], along with highly
motivated specialised teams [174], led to the most successful contributions to challeng-

ing problems [5]. Although all global challenges will necessarily not have a substantial
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monetary budget or team of experienced researchers tackling the problem. Through
sharing an abstracted model with limited numbers of evaluations and requiring lit-
tle computational resource may lower the barriers to contribution and increase the
numbers of researchers able to work on challenging problems [135] [6]. Our goal is to
generate examples of distributed policy learning from epidemiological environments,
not generating one single strong learner or team, but achieving strength through
heterogeneity and lowering the barriers to access or contribution.

As in Figure 5.1 an integration of planning into the life-cycle of learning allows us
to generate a union with the objective of control, in addition to the control policies
learned through direct RL methods. This life-cycle of learning was intially posed
in the Dyna architecture [193], an integrated approach to learning, planning and
reacting. High performing algorithms or agents to the planning task may also learn
from further experience or direct interaction with epidemiological models, substituting
planning based learning to performing direct RL and consequently generate further
experience. In this way it can be seen that the process of learning may be entirely
deployed in an iterative manner for further improvements, based on the principle
of sharing epidemiological models as environments, along with the straightforward
deployment of learning agents which algorithmically look to solve these environments,
either directly or via model-based approximations. We’ll now proceed to further detail
the instantiations of model-based planning based on the set-up of a global series of

Machine learning competitions.

92



Prediction

Figure 5.1: Inspired by the work Planning, Learning and Acting [194]. Blue: Chapters
2 and 6 refer to learning a value function and policy based on simulated experience
from an epidemiological model. Yellow: Chapters 3 and 6 refer to the task of prediction
and necessarily learning a model based on epidemiological simulations and experience.
Red: this Chapter (5) discusses the task of planning from a model to learn a policy
which in turn may be used for further simulations to generate more experience.
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5.2 KDD Cup 2019 and Other Competitions

The KDD Cup is a renowned Machine learning competition which began in 1997 [168]
and has produced several notable examples of benchmark data sets and Machine
learning challenges [197] [28] [66] [109]. This work presented here was accepted as the
KDD Cup—Humanity RL track competition 2019 [30]. Over a four month period the
competition attracted 248 teams, 296 competitors and a total 735 submissions, along
with sponsorship from the Association for Computing Machinery (ACM) for prize
money totalling $25k. The competition was advertised to competitors as follows:

“ We are looking for participants to apply machine learning tools to determine
novel solutions which could impact malaria policy in Sub Saharan Africa. Specifically,
how should combinations of interventions which control the transmission, prevalence
and health outcomes of malaria infection, be distributed in a simulated human popu-
lation....”

This competition was uniquely framed as a Reinforcement learning problem, the
first in the history of the KDD Cup since its inception in 1997 [101]. Participants were
expected to submit high performing solutions to the sequential decision making task
shown in Figure 5.2. For this competition, actions (defined as coverages of Insecticide
Treated Net (ITN) and Indoor Residual Spraying (IRS) interventions as in Section
2.4.1) receive stochastic and delayed rewards, which are resource constrained by both
the monetary and computational costs associated with implementing and observing
the impact of an action. The environments used by the competitors were developed
as sequential surrogate models as outlined in Chapter 6. Due to the open nature of
the competition, submissions were encouraged from participants who may not have
had previous experience in RL problems, with supplementary material, tutorials and
Q&A sessions provided and administered through the competition platform 3.

This activity was executed as a three-phase, four-month long activity, featuring
multiple distinct environments as well as a single-blind submission. During the first
two phases, the environments were used for both training and evaluation on a shared
leaderboard, while in the final proving phase, submissions were evaluated on an en-
vironment unseen by the participants. The reward utilised for the activity was the

measure of cost effectiveness of the considered intervention policies in terms of Cost
Per DALY Averted (CPDA).

Shttps://compete.hexagon-ml.com/practice/rl_competition/37/
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Figure 5.2: Sequential Decision Making Task - Competition Framing

We now proceed to provide further detail into the competitive process and its
evaluation with regards to submission of algorithmic approaches or agents towards our

proposition of distributed planning for the task of epidemiological decision making.

5.2.1 Evaluation Framework

In distinction to previous Reinforcement learning (RL) competitions [64] and [217]
which served as guidance for the work, a new evaluation framework was proposed for
the KDD Cup competition [230], which required that final evaluation was performed
on a ‘held-out’ environment to which competitors did not have access. For this
purpose it was necessary to engineer the infrastructure and framework to accept code

submissions on unseen environments requiring;:
1. That competitors adhere to specific code submission requirements and,

2. There was an automated and secure infrastructure to execute these submissions

and report on results.

The evaluation framework was applied to three phases of competition which will

be detailed before discussing further submission and scoring.

5.2.1.1 Feedback Phase - Test Environment

The feedback phase was used to provide the chance for competitors to learn, read the

‘Getting started code’ examples, follow tutorials, blogs and engage in the discussion
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forum, principally consisting of running the example code given previously in Chapter
4 specifically Listing 4.4.3 and generating a submission file to post a public leader-
board score. After a period of a month over which approaches were iterated, improved
and refined, a selection was then made such that the top scoring 100 submissions on
the public leader-board were able to proceed to the next phase (for details on scoring
see Section 5.2.2). Those competitors with a top 100 score, were required to make
a valid code submission to proceed to the following check phase. The upper bound
of 100 submissions also provided a reasonable limit to the instantiations of code
which would have to be run, along with providing a check that the formatting of the
submissions was clear to competitors before their final evaluation submission. The test
environment used was in fact an analytic function, based on the Bird function [126],
taken from the optimisation literature. This multi-modal function can mimic some of
the dynamics observed in epidemiological simulation models but be run efficiently at
scale on a new web-service for all of the competitors. The additional practical reason
for this was that further testing and validations were being run on the sequential
surrogate models used in latter stages. In order to generate a sequence from the Bird
function and conserve a notion of resource efficiency in the reward signal, this took

the functional form of Listing 5.1 (where x — a;ry, y — arps and ff(z,y) = R).

Listing 5.1: Sequential Bird Function for Test Environment

def ff(x,y):
x = np.clip(x,0,1)

y = np.clip(y,0,1)
x *x= -10
y *= -10

return - random.uniform(.9,1.1)*(sin(y)*exp((1-cos(x))**2) +
cos(x)*exp((1-sin(y) ) **2) + (x-y)**2)

def ffprime(x,y,oldx,oldy):
return ff(x*(1-oldx), y*(1-oldy))

5.2.1.2 Check Phase - Prove Environment

The top 100 participants ranking on the public leader-board from the feedback phase
were taken forward to have access to the proving environment. With no public leader-
board in the check phase, a private dashboard logs a competitor’s progress, so that
approaches may be iterated upon, while the results of this are not shared with other
competitors. Unlike the feedback phase, competitors lose all visibility of what other

competitors are doing. To progress to the final verification phase competitors had

96



to submit their final code and dependencies to be run in the verification phase. The
prove environment was generated based on samples from a low-resolution mechanistic
malaria model. This produced the appropriate sequential simulation surrogate model
structure from thousands of simulations selected, based on Monte Carlo Tree Search
runs from the epidemiological model, specifically using the method of GP-UCB-MCTS
(outlined in Section 6.2.4). To achieve generality in their approach each competitor
was expected to develop approaches with good performance in both the test and prove
environments, before having their submissions ranked on the final unseen evaluation

environment.

5.2.1.3 Verification Phase - Evaluation Environment

Final submissions for the verification phase were run, validated and verified by the
organisers on an evaluation environment. The evaluation environment was modelled
based on high-resolution observations from the same mechanistic malaria model sce-
nario as used for the check phase, additionally a hidden environment was used for
further blind validation of the submissions. The hidden environment was a combina-
tion based on combining all samples from both the prove and evaluation environments
and relearning a new sequential surrogate model. The top ten participants of the com-
petition were honoured with prizes, and emphasis was placed by the organisers on
fair evaluation, including provision for detection of any anomalous behaviour in sub-
missions, which would fall outside the rules of the competition. A final ranking and
leader-board of all the submitted solutions was openly posted on the competition plat-
form. Figure 5.3b gives the cumulative normalised scores of the top ten submissions

over all the three stated environments (including the fourth hidden environment).

5.2.2 Submission and Scoring

We now proceed to provide more details on the submission and scoring of each phase.
Each submission was evaluated based on ten runs, with each run consisting of ten
episodes, and the learnt greedy policy over a run was submitted along with its episodic
reward. This is indicative of the limited experience for any algorithm to learn a high
performing policy from direct query of the underlying simulation models, although
participants had access to a computationally less expensive surrogate model descrip-
tion of the underlying epidemiological models. This framing of the problem is novel
compared to existing RL benchmarks, which do not typically penalise the number

of evaluations in reporting the performance of an approach. There is no sharing of
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information allowed between runs, so every submission learns from zero initial ex-
perience during each run. In the live challenge format (Section 5.2.3) only a single
environment was used, and participants’ scores were determined from Comma Sep-
arated Value (CSV) files generated by their algorithms. In the multi-phase format,
participants submitted the same formatted CSV file except for in the last phase.

In the last phase of the multi-phase format, participants submitted a compressed
file containing their algorithm code for an independent assessment on remote ma-
chines. Code submissions were limited to a list of standard Python libraries which
could be pre-installed on the infrastructure, limiting not only the requirement of the
machines to be connected to the internet for package installs but also any malicious
behaviour which may be hidden in the submissions. If submitted code could not be
run, the team was contacted. If minor remediation or sufficient information was not
provided in order to run the code, the submission was ultimately removed, though in
the 2019 KDD Cup competition this was only the case for a single submission. The
reported score was taken as the median of the episodic rewards from the ten greedy
policies learnt over the ten runs.

Figure 5.3a shows the distribution of CSV file submissions over the competition
duration, while Figure 5.3b gives insights into the relative performance of the top
ten teams over the three stages, ultimately it is not clear that single solutions were
the best performing for all environments, though in Section 5.2.3 we interrogate this

further with regards the effects of tuning an agent submission to a single environment.
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Figure 5.3: KDD Cup analysis
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5.2.3 Other Competitions

In 2019, culminating with the NeurIPS conference [31], a series of similarly themed
events were performed at conferences with different audiences. In all cases competi-
tions have been framed in the same manner, where the participants have been asked
to write an agent algorithm which interacts with the challenge environment in fixed
number of samples, learns and recommends a policy (the sequence of interventions)
identified by their solution as best. Each intervention has its own behaviour and
parametrisation in the model as they act on individual simulated humans in the
environment.

In the framing, interventions are defined as the coverage of Insecticide Treated Net
(ITN) and distribution of Indoor Residual Spraying (IRS) at given times in a five year
period. The state of the environment changes as a result of the interventions which
have been performed, as well as the dynamics which have been implemented. A state
signal from the underlying environment is presented as a variable from which the al-
gorithm may learn a policy. Accordingly, the rewards derived from interventions were
learned as a function of the interventions selected, and the time in which they were
selected (See Figure 5.2). The participant’s code was given a fixed compute budget
of 2000 samples from the environment which could be used for learning. The problem
was framed at a level we assert is accessible to the community. With several possi-
ble approaches to the problem, its framing will remain deliberately non-prescriptive.
Also, due to our API abstraction for tackling the problem in a machine learning
guise, little domain knowledge is required of malaria transmission and control, or its
simulation (which was left to the competitor’s interests).

Because of the selection of the client-server approach to access the environment
and subsequently accessing the remotely hosted environments, it is not considered a
distinct advantage to have considerable local compute to run the models in a competi-
tor’s considered algorithm. Such model complexity would be discouraged by design
as it is unlikely a competitor can generate enough data in the competition time frame
to train such a model, with each submission taking hours to run. As all models are
learning from surrogates of physics-based simulators developed by epidemiological
modellers, the results found should be interpretable by the malaria modelling com-
munity. The complexity of a particular strategy should also be confined to real-world
feasibility, which is ensured through constraints on timing, cost and number of actions
which may be performed. All of which for simplicity were contained in the evaluation

metrics, to generate a reward signal.
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To date, the malaria scientific community has no clear answer for an optimal
strategy in a particular location, which we believe may efficiently be found through
computationally intelligent solutions, and challenges like ours. As such, submitted
algorithms may act as a black-box in terms of application to epidemiological decision-
making problems, with regards to this framing, algorithmic results which outperform
other strategies in simulation may be ranked and presented. In continuation from
the challenge, these results may be subsequently validated by epidemiologists, with a
long term focus on implementation of the results.

The data used for these competitions is stationary based on the state observation
with stochastic returns. Also, due to the high dimensionality of combinations of ac-
tions consisting of an intervention strategy, the possible set of solutions can not be
exhaustively searched through the platform, so there is little concern for over-fitting
the possible data in the environment. Specifically, competitors will have to grapple
with the paradigm of exploration and exploitation of high performing strategies un-
der limited resources in terms of both compute and time. We hope that given the
stochastic multi-dimensional nature of the problem, this will discourage over-tuning

of any particular model for a simulator due to the noisy results returned.

5.2.3.1 Indaba Hackathon

The Deep Learning Indaba Conference [29] was used as a chance to engage directly
with 40 teams over the course of a conference in Nairobi, Kenya. Competitors used
solely the evaluation environment (Section 5.2.1.3) to post submissions to a public
leaderboard published around the conference venue. This live competition setting had
different incentives as the reward for participation was principally knowledge based,
the problem framing being used as an instructional environment for Reinforcement
learning. The top three submissions at the end of the conference were honoured in
the closing ceremony receiving certificates and small prizes. It is clear from Table
5.1 that submissions obtained a far higher performance through direct tuning on
the previously hidden evaluation environment. Daily lab sessions in excess of two
hours interacting with the teams suggested that techniques tended to focus on tuned
improvements on Q-learning and Policy Gradient based approaches as an Introduction

to Reinforcement learning [29].

5.2.3.2 NeurIPS

This particular competition did not gain the same number of submissions, organised

as a live competition it used the same concept and is included for completeness. The
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event differed from the other two competitions in a lack of funding and incentives for
competitors such as prizes and it serves as an example that for substantial competitive
submissions, additional considerations should be made to ensure attention in a busy
conference schedule over a one week period. Essentially this was not an event which
could compete for attendees time at the venue and it was reportedly difficult to attract
attention over the course of the event. The organiser was unable to travel to the
venue, running operations remotely and this did not eleviate some of the challenges in
gaining submissions. The work could still be presented at the conference competitions
workshop but with four RL competitions competing for participants’ time, all had
a lack of engagement compared to what was expected (typically each attracting less
than 10 submissions), this work for comparison registering 8 teams, 6 competitors and
2 submissions [31]. Framed as a live, multi-day activity, this challenge format was
executed as a single phase event with data from a mechanistic malaria model used to
provide the input loaded by the web service. Synthetic data was used to bootstrap
the malaria model for this activity and the model output was an approximation of
the problem domain based on epidemiological model simulations. The reward signals
in this activity were the parasite prevalence, and a measure of cost effectiveness of

the considered intervention policies (CPDA).

Top 10 Scores 2019 Competitions

Position KDD Cup  Indaba Hackathon  NeurIPS
1 27.513 44.997 23.754
2 26.572 43.575 -

3 25.581 42.436 -

4 24.791 38.344 -

5 24.552 36.564 -

6 21.686 33.579 -

7 18.369 33.232 -

8 9.756 31.760 -

9 8.987 30.411 -

10 8.808 30.223 -
last (position) -2.548(30) 10.486(17) 23.754(1)

Table 5.1: Relative scores of top ten submissions for the same environment when agent
code is submitted for evaluation on an unseen environment (KDD Cup) and generated
CSV files are uploaded by competitors for a live environment (Indaba Hackathon and
NeurIPS)
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5.3 Collaboration from Competition

At the start of this chapter we acknowledged that competition inherently serves to
increase the pace of research and innovation, given the ground work we’ve laid in
a demonstration of how competition may be harnessed towards achieving this for
planning from epidemiological models. We’ll now include an extension to the family
of approaches within ML, which maximise algorithmic performance via collaboration,
sharing or more commonly the ensemble. Ensemble methods improve the predictive
performance of a single model by training multiple models and combining their pre-
dictions [169], this combination will be considered as a weighted vote learnt by the
ensemble method [63]. Through a principled combination of competitive submissions,
we now also classify shared epidemiological models as a competitive submission, in
the spirit of the received competitive agent algorithms which we’ve so far focussed on

in this chapter.

5.3.1 Learning Surrogates from Multiple Epidemiological Mod-
els

A benefit of learning surrogate model descriptions of heterogeneous, complex and
computationally expensive epidemiological models is that we may generate principled
combinations of multiple models for each disease and location. Such an ensemble
model should combine all information from the respective sub-models so as to improve
our uncertainty quantification estimates from the combined model predictions. The
combined prediction is learnt based on modelling a combined value-function from
the separate value-functions learnt across models. The reason to generate this value-
function across models is not just to provide a description of a single future, forecast
or prediction, but to bring the benefits of epidemiological based modelling to the tasks
of control and planning, where the predictions are conditioned on the action taken.
There are several methods in Machine learning which consider boosting or com-
bining ML models. Adaptive mixtures of local experts [97] is a popular example
and one of the first, though we will not draw any further attention to it here as we
select to train models on the same data sets, instead of switching between surro-
gate predictions we focus on combining them. This has been achieved in gating of
networks [155] by assigning probabilities to different experts (epidemiological models)
based on the inputs (which we consider as actions). We consider combining models us-
ing non-constant weighting functions [205], and look at linearly weighted combination

of models in which the weighting functions are dependent on the actions (and states
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for the sequential surrogates to be developed in Chapter 6). Weighting functions can
be derived either by evaluating the action dependent variance of each model or by
estimating how likely it is that a given model has seen data in the region of the input
space close to the input pattern. The latter solution is closely related to the mixture
of experts approach and we will not utilise this method due to our own framing of
the learning tasks we describe, whereby all models have access to the same training
data or environments, which is supported by our common infrastructural approach
to support sharing models, data and compute. In the case that additional epidemi-
ological models are added, weighting functions can easily be modified without any
change to the existing models, which have been pre-trained/calibrated on the same
data. Furthermore, it is possible to incorporate algorithms or agents (derived from
environments) using ensemble methods if we have access to estimates of the compe-
tence of each agent with regards to the learnt policies. We now focus on a single
method to perform the model ensemble, which uniquely, does not rely on a model’s
own measure of uncertainty but compares the level of congruence or agreement with

another models; a covariance-based weighted committee [144].

5.3.2 Covariance-based Weighted Committee

We consider the committee vote of multiple learnt surrogate models. These models
may be Gaussian processes or any other surrogate Machine learning model whereby
the analysis to inform the surrogate model committee is performed in a black-box
manner based on actions and predictions. We calculate the covariance from sam-
ples, as we have no prior information about the joint distributions of the surrogates.
Sampling the surrogate model is far more efficient than directly sampling the epidemi-
ological model as discussed in Chapter 3. We also assume that our surrogates are
unbiased models, the linear weighting of each model is denoted 9; > 0, such that the
committee estimate €, is a linear combination of the vector of input (x) dependant

weights d(x) and the corresponding surrogate model outputs f(x):

~

C(x) = 6" (z)f () (5.1)

Simplifying notation, removing explicit input dependence (i.e. d(x) — &), the com-

mittee variance (V) is approximated through:

Vo =06"%6 (5.2)
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Daily Infections

Where ¥ is our covariance matrix over the surrogate model errors at each input (x),

assuming zero bias in the predictions the § weighting is learnt through:

Y lu
ulTY 1y

Here u is a vector of ones. In order to impose the constraint that all §; > 0 and ensure

5 (5.3)

the ensemble weights sum to unity, d; are transformed via the softmax function:

)= s (5.4

This provides a weighting set which sum to one and reside in the interval [0,1]. An
example of the weighting of two surrogate predictions for malaria infections (from

Figure 3.7) is given below in Figure 5.4.

=== upper confidence interval
150 ——— |ower confidence interval
= = wejghted mean function
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Figure 5.4: Two model covariance weighted prediction of daily malaria infections in
Namawala, Tanzania.

The separate predictions which generate the two model covariance weighted pre-
diction were presented in Section 3.4.2, which had presented the individual calibrated

predictions of EMOD # Vector and Malaria models for Namawala Tanzania.

‘https://github.com/InstituteforDiseaseModeling/EMOD
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5.3.3 Consideration of Other Ensemble Methods

A variance based weighting would reduce our covariance matrix ¥ to a diagonal
variance matrix and our combined estimate to the Maximum Likelihood Estimation
(MLE) or an information weighted mean. This may capture some of the concepts
introduced above, though we necessarily assume model independence. If models are
trained/calibrated on the same data, this may not be a reasonable assumption. It
does however provide a ready mechanism for ensemble estimates especially given
direct computations on the covariance functions of our Gaussian process surrogate
models, although naturally weighting to models which predict lower uncertainties (or
with lower learnt covariance functions). Different models may provide information in
different regions, for example a gating across interventions could be used, whereby

epidemiological models may not generate outputs across all interventions or actions.

5.4 Example: Analysis of Successful Competition
Approaches

In this section we provide an overview of the top approaches taken by competitors,
these were influenced by material shared to competitors, which focussed on the tech-
niques of Q-learning (Section 6.3.1.1), and Policy gradients (Section 6.3.1.2) which
we are yet to discuss and also a Genetic algorithm (Section 2.3.5.2) method which we
have already covered, all as examples using the competition environments to generate
submissions for the stages described in Section 5.2.1.

Algorithmic innovations looked to increase the sample efficiency of the approaches
and improve performance within the limited number of episodes for the competitions.
The main way this was achieved was by mirroring the work used to generate the
environments (unknown to the competitors) through using model estimations cen-
tred on Gaussian process surrogates and Bayesian optimisation to maximise episode
reward based on policies learnt during the training runs from the provided environ-
ment. While such approaches would introduce additional approximation error, based
on approximating an approximation, under the problem framing these approaches

proved to be the most successful model-based learning approximations.
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Figure 5.5: Sample of successful approaches for the malaria competition sequential
decision making task

The repositories are included for Figures 5.5a° 5.5b% 5.5¢” and 5.5d®, each contains
the agent code from which their approaches were evaluated and a workshop poster
for the KDD cup 2019 workshop [230].

Shttps://github.com/bach1292/KDD_Cup_2019_LOLS_Team
Shttps://github.com/quanjunc/KDD-CUP-RL-8th-solution
"https://github.com/federerjiang/KDD2019-Humanity-RL-Track-
8https://github.com/luosuiqian/submission
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Figure 5.6: Two dimensional histograms for the yearly actions generated by competi-
tor agent submissions during the verification phase (Section 5.2.1.3)

We now consider the results of submitted approaches for the verification phase.
In Figure 5.6 we see consensus in actions chosen for each year based on the agent
samples. High frequency actions tended to balance the components of I'TN and IRS
interventions with reasonable frequencies of selections of ‘bang-bang’ policies based
on one of the components of the actions being either on-or-off e.g. [0, 1], [1,0] or
[0,0] in [ITN, IRS], curiously this is an optimal control strategy for infectious disease
transmission with Non-Pharmaceutical Intervention (NPI) under linear costs (Sec-
tion 2.3.4.2) [116]. This visual description combines information to generate a unique
set of insights, that policies for malaria control based on the used epidemiological
models have a clear pattern in algorithmically searched solutions, qualitatively sug-
gesting that cost-efficient strategies should inversely weight I'TN deployments to IRS

coverages, with greater initial IRS coverages in this particular model environment.
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5.5 Conclusions on Competitions

In the health domain, competitions such as Learning to Run [106] and AT for Prosthet-
ics [107] competitions created by the Stanford Neuromuscular Biomechanics Lab pro-
mote the creation of a controller, that enables a physiologically-based human model
to navigate complex obstacles within a short duration of time and simulate changes
in gait that occur after receiving a prosthesis in order to develop approaches that
may be generalized to health conditions impacting movement. Additionally, the Per-
sonalized Medicine: Redefining Cancer Treatment competition [113] set the task of
classifying clinically actionable genetic mutations. More specifically this task may
be stated as; given the genetic mutations of a cancer tumour, classify the mutations
which accelerate tumour growth as separate from the neutral mutations.

In contrast, we developed a novel competition applying Machine learning to the
global challenge of malaria elimination, using agent-based models to learn from sim-
ulation and demonstrate novel strategies for the elimination of malaria in an endemic
location. We believe this challenge builds upon interest across the Machine learning
community for interpretable, scalable, and repeatable models which solve real world
challenges, with higher level motivation provided by the promise of Machine learning
assisting in the elimination of a disease, which for centuries has been missing the med-
ical breakthrough to achieve this goal. Such a challenge applying Machine learning
to epidemiological models, specifically malaria, has never been run to the knowledge
of the organisers. This applied form of Machine learning treating such models as a

simulator, is also novel.

5.5.1 Human-in-the-loop

The environment abstractions of learnt model approximations presented have been
adequate for promoting engagement, evaluation and demonstrating potential for new
benchmarks and approaches and there is a critical need to support human-in-the-loop
evaluation for any final application or decision, which could be made from such a pro-
cess. To this end, the evaluation of a domain specialist or policy maker is required,
effectively pairing an intelligent software agent not only with the environment and
compute to explore new policies, but also with direct feedback from a domain spe-
cialist. By providing a scalable platform, that supports such evaluations, this could
encourage the community to benchmark performance on tasks outside of the tradi-
tional Reinforcement learning playground and lead to a better understanding of Al

guided decision making processes [226].
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Chapter 6

Multi-Step Prediction and Control
with Reinforcement Learning

I simply wish that in a matter
which so closely concerns the
wellbeing of the human race, no
decision shall be made without all
the knowledge which a little
analysis and calculation can
provide.

Daniel Bernoulli, 1760

In Chapter 2 the Multi-Armed Bandit (MAB) framing was presented as a tool in
the search for an optimal action-value function )(a). This use of online learning for
prediction and control will now be further developed for the purposes of sequential
or multi-step decision making. Performing predictions and learning control policies
for epidemiological models is a decision making task, which may be constructed as
a sequence of actions, generating possible future outcomes and for which there may
be delayed rewards. Through the sequential decision making approach we’ll use for-
malisms to perform predictions across possible futures (from the current observation)
and learn a behaviour function based on observations to guide control (via a pol-
icy). This development of temporally situated decision making from epidemiological
models will be driven through the paradigm of Reinforcement learning (RL).

Ever important in our description of making decisions across time is that this
decision-making is problem dependant. To further detail the problem framing, deci-
sions for epidemiology control and planning may be made on varying discrete time
intervals. While based on empirical observation and through discussions with domain
experts and policy makers, a one year decision cadence is often used for endemic dis-

eases (HIV, Tuberculosis, Malaria) supported by organisations such as the Global
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fund !. This may be guided by monetary constraints, implementation challenges, or
simply by the fact that yearly plans, with perhaps a longer horizon overview, are
the digested format for the users, although evidently for emerging disease outbreaks
the challenge is more immediate and the cadence of decision making reflects this.
Ultimately the task is to drive the epidemiological system to asymptotic stability, or
eventual eradication, with any delays potentially compounding the number of nega-
tive outcomes.

Typically an epidemiological disease model used for decision making will proceed
on a simulated time frame of days. As changes in epidemiological state are not
required at any finer resolution for the purposes of population level decision making
or assessing health impacts, any particular task will aggregate the data such that it

is relevant for the decision making task.

6.1 Reinforcement Learning

By positioning epidemiological models as an abstraction of the real world, they may
be posed as a simulation environment for an Reinforcement learning (RL) agent to
interact with. The following sections will attempt to handle this framing of the
sequential decision making task, broken down into the elements of state in Section
6.1.1, action in Section 6.1.2 and reward in Section 6.1.3, whereby a Reinforcement
learning agent is the algorithmic instantiation of our approach to ‘search’ for optimal
control policies.

As in Figure 6.1, we acknowledge the abstraction that a mechanistic model is
driven by disease specific data. The presence of this data may also act as real-world
experience, but is necessary should the model not be calibrated as in Chapter 3.
The presence of real world experience may also guide an agent’s learning in combi-
nation with simulated experience, while we acknowledge that real world experience
is significantly more expensive than that which may be generated from a useful epi-
demiological model. Here we use the term ‘expensive’ in the direct sense of loss of
life and of physical resource. For effective application of RL we’ll often be required
to simulate much more experience than may be feasible to observe in the real-world.

We'll now define the observations required by an agent in the RL framing.

'https://www.theglobalfund.org/
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6.1.1 State

A state signal is one which provides useful observations to our learning agent. For
the purposes of sequential decision making we require that the state S; is Markov or

has the Markov property [120], which may be summarised in the following quote:

‘The future is independent of the past given the present’

Which may also be written as:

P[Sp1]S] = P[S141[51, 52, ..., S

The current state (S;) hence provides all information based on the history (S, Sa, ..., S¢)
and is sufficient to perform a prediction of the next state (S;;1). The analogy to
epidemiological models would be that this state observation would be sufficient in-
formation to restart the model from the point it was stopped, generating the same
model prediction as a complete model run for the same time period under the same
simulated policy.

The state domain of an epidemiological model may be vast for such purposes,
where typically inputs to models may consist of structured files containing, population
demographics, epidemiological parameters, climate predictions, etc. This is a problem
for our framing, which suffers Bellman’s curse of dimensionality [25], meaning that the
number of possible states ng = |S| grows exponentially with number of state variables.
Therefore, useful encodings of state will be required, which don’t necessarily retrieve
a one to one mapping to the original model but allow us to proceed through the
planning process.

A probability of transition PZ, from state s to s’ under action a defines our Markov
Decision Process (MDP).

7);15/ = P[StJrl = S/‘St = S,At = a]

We revisit this in more detail in Section 6.1.4.

6.1.2 Action

Actions are the mechanisms by which agents may perturb the environment. Given our
framing that this environment will be a dynamical system, defined by an epidemiolog-
ical model, such actions will consist of possible inputs to the model. Specifically for

the task of control we aim to perturb the environment based on discrete interventions
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which may be performed in the epidemiological system. Previously, the definition of
an action in Section 2.3.3, of a modelled set of interventions, will be relaxed such
that the timing of interventions is not defined a priori before being simulated. Now
the agent, as opposed to the Bandit framing of Chapter 2 has the chance to perform
action selection through interaction with the environment, e.g. during learning. An
action may receive delayed rewards in any sequential decision making task, and we
do not expect to reap the benefits of our actions immediately. Instead, any learning
method should be able to identify the sequences of actions which lead to positive
outcomes. For the purposes of describing a value function (in Section 6.1.7) we’ll

consider actions as a finite set A.

6.1.3 Reward

Much the same as in Chapter 2, reward for sequential decision making is as per that
for a Multi-Armed Bandit. However, intermediate rewards may be received during
interaction, whether delayed or not. The guiding principal in the use of a reward

signal for agent learning is captured in Sutton’s reward hypothesis [194]:

“All of what we mean by goals and purposes can be well thought of as
maximization of the expected value of the cumulative sum of a received

scalar signal (reward)’

We assume a reward transition function exists, mapping state and action pairs to
received stochastic rewards, such that the reward upon taking action a in state s is:
RZ = E[Rt+1|5t = S,At = CL] (61)
This reward transition function is necessarily unknown by the agent and must be
learnt via interaction, typically via an unknown Markov Decision Process (MDP).
6.1.4 Markov Decision Processes

Here we combine the concepts of the preceding Sections 6.1.1, 6.1.2 and 6.1.3, ex-
tending the Markov property to the complete Markov Decision Process definition,
containing States (5), Actions (A) and Rewards (R). For all Sy, Ay, Syy1, Rip1 we

then have:

P<St+17 Rt+1’St7 At) = P(St+17 RtJrl‘St? Atv Rt: Stfla Atfla ) R1> SO7 AO) (62)
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The result of this summary is that we may restrict our attempts at optimal control
to the search for reactive policies (Section 6.1.6). A reactive policy being one that
depends only on the current state observation (S; = s) and defines the behaviour
function of which action (A; = a) is selected given the observation.

A Markov Decision Process (MDP) is a tuple (S, A, R,P,~), where S is our
state space, A is a finite set of actions, R a Markov reward process, P defines state
transition probabilities and ~ the discount factor € [0,1]. Therefore, in solving the
sequential decision making task from epidemiological model based experience, we’ll
require that all environments conserve the Markov property, or may be reduced to a
form which is tractable as a MDP.

6.1.5 Cumulated Return

The cumulated return G, is defined as the summed reward after time ¢ is discounted

via the factor (7).
Gi=Rip1 +7Rigo + ... = Z’VthJrkH (6.3)
k=0

In a finite horizon task, by which we mean that the number of steps k in the learn-
ing episode is finite, this becomes a finite summation and it may be argued that all
multi-step decision making tasks in the context of epidemiological prediction, control
and planning, are finite horizon tasks. We do not consider systems ad infinitum -
perhaps as part of the human condition, we are most interested in the task of deci-
sion making over a single human lifetime, though often far shorter horizons, where
upon achieving disease elimination, eradication may return our systems to asymptoti-
cally stable solutions or no further cases. If we are required to control endemics over a
longer horizon this is possibly a far more expensive task, although inexpensive control
measures may exist, the length of the planning horizon should influence the decision
making process. For an infinite horizon task that is episodic, instead of continuing,
we represent termination to an absorbing state. Such an absorbing state may be
mapped to eradication of the disease for the analysis that we perform. The discount
factor () may therefore be thought of as placing more weight on rewards which are
achieved sooner, while often conditioning against the Infinitely delayed splurge [147]
phenomenon observed in infinite horizon agent learning tasks. In the absorbing state
example of eradication, this particular goal would have to be associated with a zero

reward to ensure returns remain finite. For a short horizon task of less than one year,
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it is likely that the discount factor will be set to unity v = 1 and as such not influence

the summation in calculating the cumulated return (Equation 6.1.5).

6.1.6 Policy

A policy defines an agent’s behaviour function. For the purposes of learning within
a MDP, policies may be reduced to the reactive type. A reactive policy is one which
provides a mapping from the state observed to the action to be taken immediately at
that time step. The policy at time step ¢, m(s,a) defines a mapping from states to
action probabilities such that 7(s,a) = probability that A; = a when S; = s, P(als).
The above specifies a reactive stochastic policy, while for every MDP there exists
at least one optimal deterministic reactive policy whereby m(s) = a. Reinforcement
learning methods specify how the agent learns an effective policy as a result of expe-
rience. Roughly, the agent’s goal is to accumulate as much reward as possible over
the long run, therefore reinforcing reactive policies which maximise the reward for the
problem. Significantly, it should be noted that policies are stationary, i.e. a function
of state observation and independent of time, further meaning that the behaviour
function has no knowledge of epidemiological simulation time, only the observations
it receives, in principal policies whether deterministic or stochastic are implemented
based on observation. Thus our sequence of decisions may be built from a policy
which proceeds by evaluating which actions should be chosen based on observations.
We’ll now look to address the mechanisms by which such a policy may be quantified

in the search for optimality or control.

6.1.7 Value Function

Value functions are the primary tool for reasoning about future reward in a MDP.
The base form is the state-value function under a fixed policy 7, such that value, the

expected cumulated reward, is given as:

v (s) = E[GyS; =s] =E

Z’Vkrt+k+1|5t = 3] (6.4)
k=0

in which this may be viewed as a prediction based on following a fixed policy re-
garding future reward conditioned on the current state. For example, in Chapter
3 a single prediction may be based on the current intervention plan and a forward
epidemiological model run. The associated cumulated return (Section 6.1.5) would

describe the value function of the state (in this case the set of epidemiological model
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inputs) at the start of model observations. Therefore, the value function for a single
prediction will provide expected reward under the fixed policy - the model forecast,
and the outcomes of which are quantified by our reward function for the observed
states. This is useful for characterising states which lead to high future reward.

Additionally, the action-value of a policy 7 will be defined as follows:

q"(s,a) = [Gt\St =s,A; =d] ny Tirki1]|St =8, Ay =a (6.5)

In this instance, the action-value function may guide the future reward associated
with taking action a in state s, which moves us towards learning a reactive policy
based on the action-value function ¢(s, a). This is the foundation for the value-based
Reinforcement learning technique of Q-learning [215] which is introduced in Section
6.3.1.1.

For the purposes of guiding optimal decision making, the properties of optimality

can now be defined for our respective value functions:

v.(s) = max va($) (6.6)

q«(s,a) = max Gr(8,a) (6.7)

Where Equation 6.6 is the condition for the optimal state-value function and Equa-
tion 6.7 the optimal action-value function. An optimal policy (7,) may subsequently

be defined by an optimal action-value function as follows:

1 if @ = argmax ¢.(s, a)
7T*((Z|S) = a€A (68)
0 otherwise
The Bellman equations (Equations 6.9 and 6.10) are used to decompose the cal-

culation of value functions into iterative direct solutions [26]:

= Zﬂ(a\s) (R“ + VZP“/UW > (6.9)

acA s'eS

qr(s,a) = R+ 72735“5, Zﬂ(a'|s’)q7r(s', a’) (6.10)

s'eS a’'eA
Most iterative solutions for the Bellman equations such as Value Iteration are
solved through dynamic programming [25]. We shall continue with a focus on model-

free approximations to these solutions, which specify agent interactions in an unknown
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environment. Specifically, this means that the transition probabilities PZ, and the
Markov reward process R? for the environment will always be assumed to be unknown,
fitting our specifications of interacting with epidemiological models in a black-box
manner. This outline will be extended to model-free methods, which approximate
the environment transitions via samples or observations. The methods used in the
search for optimal control policies under unknown environments will be developed

further from Section 6.2 onwards.

6.1.8 Partially Observable Markov Decision Process (POMDP)

Practically all environments which we interact with, composed from epidemiological
models, are abstractions made for the process of decision making. Further we may
consider all models as POMDPs and generate state approximations to generically
apply learning algorithms to them. Any approximation is required to capture the
history of the model run, as is done by the Markov state measure. A MDP has a
history-less state measure and at a minimum the POMDP should be able to define
the sequential decision making task in terms of the history [117]. The size of the
history will scale in a manner which is worse than the dimensionality of the state
measure and may also be referred to as the curse of history: the number of belief-
contingent plans increases exponentially with the planning horizon [146]. In this case,
an agent or belief state is distinguished from the environment state. If an agent always
has access to their own state measure, or beliefs, there are greater opportunities for
transfer of approaches, along with providing a general framework for planning under-
uncertainty. This was addressed in Chapter 5, where we proposed a plurality of agents

to be deployed for epidemiological planning tasks.

6.2 Learning Sequential Surrogate Models from
Episodic Simulators

This section will specify learning an agent model or environment from epidemiological
model runs. This is necessary as the form of a heterogeneous model will not necessarily
be a Markovian environment from which to learn control policies and so it will be
necessary to efficiently learn a model using the supervised learning methods from
Chapter 3. Learning a model approximation may increase our sample efficiency for
the application of more general value or policy learning methods (Sections 6.3.1.1 and
6.3.1.2). Also, we may generate consistent descriptions of the epidemiological model

uncertainty, under which reasoning is being performed, for the purposes of planning
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or control. Although learning a surrogate model and then performing an agent based
approach, which learns a value function or policy as an approximation to the model,
introduces two sources of approximation error. Namely the sources of error from
the two processes of approximation. We'll refer to any surrogate model learnt from
epidemiological simulations as M. The surrogate model My,, is a representation
of the MDP tuple (S, A4, R, P), based on the parametrisation ), assuming that by
defining our own surrogate model structure this means S and A are known. Therefore
through (Ry,,, Ps,,), we will attempt to approximate the true (unknown) transitions
Py, = P and Ry,, = R.

Hence,

Str1 ~ Py (Se41] S, Ar) (6.11)

Rt+1 = RQM (Rt+1|5t7At) (612)

Here we assume (as is common practive) state transitions and rewards to be indepen-
dent [187], such that:

P [Sty1, Reqa|Se, Al = PS4 S, Ad] P[Re11] Sk, Af] (6.13)

Estimating My,, may be reduced to a supervised learning problem based on tuples

of experience (S, A1, Ry, ...., St) [16], decomposing a sequence of decisions as follows:

S1, A1 — Rs, S5
527A2 — R3753

Sr_1,Ar—1 — Ry, St

Learning Ry,, as an approximation to ‘R thence becomes a regression problem and
we will continue to use Gaussian Process Regression (GPR) for this task. In tandem,
learning the approximation of Py,, is a density estimation problem [60], for which we’ll
leverage the Gaussian Process structure to generate state transition approximations

in the surrogate model.
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6.2.1 Prediction - Learning a Value Function

Before learning a model (My,,) of our unknown epidemiological simulator, we need to
introduce the mechanism by which we may evaluate policies based on model runs, as
this will be equally useful for our purpose of generating the environment abstraction.
This mechanism is via learning a value function to define the expected response of
the underlying models based on their returns. Now, as we do not have unlimited
evaluations to perform over multiple dimensions we must use approximation, there-
fore the efficiency of samples will have to be improved given a fixed computational
budget of B simulations. We have proposed this problem for learning the action-
value function in one-step planning introduced in Chapter 2. In continuing under a
fixed computational budget, we’ll now introduce extensions for multi-step planning,
in order to provide a common framework to query heterogeneous disease models at
scale and approximate a sequential surrogate model, which conserves the Markovian
property for sequential decision making approaches.

In undertaking the prediction task for model-free Reinforcement learning via
Monte Carlo (MC) methods of sampling, experience may be generated from complete
model runs. In the model-free learning sense we treat the epidemiological model as a

black-box, with no knowledge of what we assume to be an underlying MDP, therefore

a
ss’

with no knowledge of R? and and these will be constructed as approximations in
the process of learning model My,,. Monte Carlo searches will learn from complete
episodes and therefore a one-shot simulation from a model is not a barrier to our
decomposition of the sequential decision making task.

The value function, based on MC methods, is considered as an empirical mean of
the return rather than an expectation and it is employed for episodic MDPs which
terminate [196]. This is realistic for our problems as the episode, or decision making
time frame needs to be finite to be meaningful. We will therefore consider non-
discounted returns given the decision making cadence.

Alternatively, Temporal Difference (TD) learning offers another example of a
model-free Reinforcement learning method, though not readily applicable to all epi-
demiological simulations, as Temporal Difference learning is an online learning tech-
nique which performs updates before knowing the final outcome. TD learning may
be more appropriate in non-terminating environments, where TD updates may be
performed based on the subsequent step reward and state Ry + 7V (Si1).

MC methods do not exploit the Markov property itself, so are effective in non-
Markov environments and for generating our approximations from model simulations

which may not provide a Markov state. Additionally MC, being based on simulation
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returns, is a zero bias, high variance estimator which naturally pairs it with the
Gaussian process in the presence of smoothness between nearby observations. Further
MC is a method which generally works well for ‘black-box’ models [181]. Finally, MC
sampling may be used to break Bellman’s curse of dimensionality in the size of the
state space and the curse of history in the case of a planning from a POMDP [99] [146].

In any Monte Carlo (MC) method the law of large numbers dictates that our
observations will convergence to our true expected underlying values [228], in our case
V(s) = vx(s) as N(s) — oo, with updates performed on V' (s) after each episode. In
this way the number of visitations of each state N(S;) <— N(S;)+1 and the state-value
function is updated subject to its current value (V' (S;)) and the observed cumulated
return (G;), with the state visitation count (N(S;)).

V(S) < V() + @(Gt Y (s) (6.14)

In order to generate useful observations of epidemiological state for decision mak-
ing, we’ll need to further develop an often used framework of the decision tree, where
the nodes in a decision tree capture a state approximation for the planning task.
Finally, this Section on MC predictions or policy evaluations provides the basis for

evaluating our Rollout policies required in the complete planning approach of Monte
Carlo Tree Search (MCTS) laid out in Section 6.2.3.

6.2.2 Simulation Based Search - Decision Trees

In order to learn from black-box epidemiological models we’ll impose a tree structure
on the decision making task. Search or decision trees are a common structure used in
supervised Machine learning [44], for the purpose of sequential decision making each
node of the search tree describes a Markov state S. At this node we will store the
state-action value function ¢(s, a), along with a visitation count for each action a and
the total count for the node N(s) =" N(s,a), correspondingly each branch of the
tree provides a description of our state transitions Pg,. Initialisation of the search
tree with be considered as setting Q(s,a) = 0 and N(s,a) = 0.

For this common framing across epidemiological models for decision making we
will make abstractions about the task which determine the structure of the solutions
developed. In our case this requires that the cadence at which interventions are to
be deployed, along with the number of possible actions, need to be specified and
will fully define the structure of the learnt surrogate model. Hence it needs to be

guided by judicious choices with respect to the application domain. This choice of
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decision making cadence and number of actions directly effects the number of nodes
and transitions in the decision tree.

In the following description it is assumed that for a chosen episode of length & the
task is to generate a sequence of k actions. In this case the episode length defines the
depth of the decision tree and is related to what we have informally referred to as
the decision making cadence for the modelled time frame. Subsequently, the history
(which is the sequence of actions) may be used to define the state, or each node, in the
search tree. This is the simplest encoding of state for the environment being learnt,
though at the same time by retaining the history of the sequential decision making
task, especially where each action is of dimension d, it is necessarily to acknowledge
an increased complexity to the number of total states described by the history and
will look at approximations to break this curse of dimensionality. If we continue to
assume a finite set of actions A, the MDP states may be constructed based on the

history of actions as follows:

S = (a1,a2,....,a;) | 1 <i <k, V[a; € A] (6.15)

In any state, actions may correspond to the implemented interventions and their
coverage in the time frame until the next decision. With this definition of s € S
and A the transition function P2, reduces to a deterministic transition function, as
actions map to a single state.

For further illustration consider s = (ay, as, ..., a;) with the selection of action a;
governing transition to the next state s’ = (ay,as,...,a;,a;). Terminal states will
necessarily be of length k, the length of the sequence of actions, and the reward for
each state will be based on the episodic returns as in Section 6.2.1. The reward
of the terminal state will equate to the return for the sequence of actions and to
generate such a reward this may be specified on episodic simulation returns, through
for example the cost-effectiveness of the policy (the Cost Per DALY Averted (CPDA)
calculation is described in Section 2.3.4.3).

We assume a consistent initial state between epidemiological model runs, this is
the root node in the search tree and may be thought of as the start of the inter-
vention period of the model run, or even the current state, ”Now” as in Figure 6.2.
This should be consistent between different epidemiological models, which aim to de-
scribe the same disease and location over the same time frame, for the same decision
making task. This consistency in generating comparisons and learning sequences of
interventions is fundamental for an ‘apples to apples’ comparison of relevant inter-

vention plans. At a minimum we may wish to assume the epidemiological models
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are calibrated with the same data for the same location and may or may not have
been validated by an epidemiologist. We will now move on to the algorithmic use of
this notion of a search tree in the generation of a model M, which may be used for
planning or which may itself be used directly in the task of control in extension to
the Multi-Armed Bandit (MAB) for control of Chapter 2.

MNow

Year 1

Year 2

Year 3

Year 4

Year 5

Figure 6.2: Example of cumulated return as a two dimensional response surface, as a
result of a sequence of decisions for 5 years.

6.2.3 Monte Carlo Tree Search (MCTS)

By combining generative predictions via Monte Carlo (MC) methods and the struc-
ture of a search tree, Monte Carlo Tree Search has had success as a planning approach
in large state spaces including the ultra-large spaces found in challenging games, most
notably the game of Go [47,56,81]. Any direct optimal solution to such problems is
infeasible due to the large size of the state-action space, therefore approximate solvers
are used, in the form of MC samples. Further, we wish to restrict samples to relevant
regions of the state-action space, which is achieved through the Monte Carlo Tree
Search approach.
MCTS can be broken down into the following four steps:
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1. Selection: Starting from the root state, select successive actions, appended to
the history as states, until a leaf state is reached. The root state is taken as
the start of the epidemiological model run and a leaf is any state that has a

potential child from which no simulation (rollout) has yet been run.

2. Ezpansion: Unless the leaf state is the terminal state, create one (or more) child
nodes and choose a next action from one of them. Child nodes are any valid
interventions from the leaf state. The process of expansion may be guided by

the following notions:

e in-tree: actions select child states to maximise Q(s,a)

e out-tree: pick actions randomly to explore child states

3. Simulation: Complete one random rollout from a child node. The rollout policy
may be as simple as choosing uniform random actions until a terminal state is

reached. Any simulation will consist of a sequence of actions of length k.

4. Backpropagation: Use the result of the rollout to update information in the
nodes on the path using MC updates: Q(s,a) < Q(s,a) + m((}t —Q(s,a)).

In this case recording state-action counts N(s,a).

The success of this technique in deterministic games is well documented. To
stretch the concept of such a game tree to the process of intervention planning from
simulation, we need to be able to efficiently combine the processes of selection and
expansion to maximise our exploration of regions of interest. This is detailed in the
following section through decomposing the problem into a sequence of Multi-Armed
Bandit decisions, aiming to achieve efficiency in the number of simulated runs or

experience through learning a model M as part of the search tree.

6.2.4 Gaussian Process Regression with Upper Confidence
Bound selection in Monte Carlo Tree Search for Learn-
ing Sequential Surrogates (GP-UCB-MCTS)

Optimism in the face of uncertainty [48] will provide our guiding principle to extend-
ing the Monte Carlo Tree Search (MCTS) approach for the generation of surrogate
models in sequential decision making. The generation of a sequential surrogate model
using GP-UCB-MCTS (Algorithm 4) is presented, to produce a surrogate model from

simulation results based on inference performed for the state action value function
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q(s,a) at each node. The value ¢(S, A) is estimated using regression across a contin-
uous action-space at each node, in order to reduce to a finite set of transitions, and
bound the size of the history which may describe the system. @Q(S, A) needs to con-
tain both discrete actions and be compressed through density estimation techniques
in order to bound the size of the search tree. This search tree will have a depth £,
though approximations to the number of states will govern the number of branches in
the tree, based on the number of possible transitions. Value function approximation
is performed using Gaussian Process Regression (GPR), in order to scale the effi-
ciency of model free methods learning from experience. This inference will improve
convergence with fewer samples. Rather than a look-up table, we now have a function
that is learnt as a GP, which may be constructed in batches of simulations.

We introduce a Monte Carlo Tree Search (MCTS) approach to generating a se-
quential surrogate model using the GP-UCB-MCTS algorithm, inspired by Monte
Carlo Tree Search and work on the Upper Confidence Bound (UCB) solution to
the Multi-Armed Bandit (MAB) problem [17,18] along with the Upper Confidence
applied to Trees (UCT) algorithm [82]. This is a formulation which combines the
natural confidence bounds of Gaussian processes, for uncertain sequential decision
making in stochastic simulation problems. Treating each action selection as a Bandit
problem from a state node in the search tree, this structure may be generated from
samples, for example, using MCTS with simulators which do not allow for direct ma-
nipulation of sequential decisions as they are episodic in formulation. In creating a
representative sequential surrogate model the aim is to increase the speed of learn-
ing for Reinforcement learning (RL) based approaches, which may perform planning
from the surrogate M. This has been used to motivate development of agent based
insight into decision making from computationally expensive simulations later in the
Chapter (Section 6.3), along with external developments based on sharing of efficient
sequential surrogate models which is presented in Chapter 5.

Algorithm 4 is initialised with a random sample of the action space (A) for each
node in the random searches. Subsequent actions are chosen to further explore the
search tree nodes which each contain their own learnt GP model based on MC returns
from preceding simulation runs. In order to balance exploration and exploitation in
generating the tree we make use of the Upper Confidence Bound (UCB) heuristic
introduced in Chapter 2.

Further heuristics have been included for practical realisations of this approach,
such as a branching factor (B) commonly of value three has been used along with a

uniform discretisation of the action space (A) for each node, as visualised in Figure
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6.3. In this sequential surrogate model described by a tree, each node consists of
mean and covariance for the estimated action value function (Q(S, A)). This approx-
imation of ¢(s, a) for the epidemiological model may be sampled at query time by any
agent code. Additionally an ensemble may be generated across Q(S, A) for different
epidemiological models where the same tree structure is learnt, eg. using the same
intervention sets and decision time frame, through the use of the techniques described
in Section 5.3.1.

Result: Q(S, A)

Initialisation;

Search Tree parameters: B = branching or transition number; Tree depth &
[Section 6.2.4];

GP priors gp [Section 3.1.1.2];

All Q(s,a) = 0 [for other initialisation values see Section 6.2.4.1];

for t = 1,2,...,end do

for j = 1,2,...k do
Selection;
if Q(S7,A) =0 then
‘ Al random action € A;
else
Al = argrrj‘ax [mt,l(a) + B/ ki-1(a, a’)] [Section 2.3.5.1];
ac
S7 — S9*1 based on compression for B choices [Section 6.2.4];
end
Ezrpansion;
if =k then
Simulation;
ag;
else
‘ Repeat Selection;
end
end
Return: Giy;
State-action count: N(S,A) <— N(S,A) + 1;
Backpropagation;,
QS A) = QUS!, ) + st (G1 — QS )
Update posterior Q(S;, A;): mean my(a), covariance ki(a,a’) ;

end
Q(S,A) = q.(S5, A)
Algorithm 4: GP-UCB-MCTS
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Figure 6.3: Visual description of generation of sequential surrogate Q(S, A) with
regards to the mean m(a) for each state.
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6.2.4.1 Incorporating domain knowledge into MCTS

This section is included to highlight that generating new search trees based on avail-
able epidemiological models may be sped up in the multi-model scenario. The most
immediate mechanism to achieve this during the learning process, including domain
knowledge, is to initialise the tree based on the learnt nodes for other models, as-
suming the same structure persists. Therefore, the initialisation of Q(S, A) for each
of the nodes, N (S, A) = 0 will help to focus the search to policies we believe, from
other models, to be better, without altering the convergence properties of the Monte
Carlo approach. In this case the learnt nodes from another model may act as a GP
prior for the action selection task in further Monte Carlo simulations. While it is also
conceived that trees may be later combined at each node based on the committee
predictions, as introduced in Section 5.3.1, boosting our ability to quantify uncer-
tainty in the problem and therefore have an effective multi-model description for the

decision making task.

6.3 Control - Optimal Policies and Planning

Now we return to the task of learning a policy in extension to the developments of
Section 6.2 in learning a surrogate representation of the sequential decision making
task from epidemiological models. We've already stated that Reinforcement learning
(RL) is complicated by the fact that the reinforcement, in the form of rewards (Section
6.1.3), is often intermittent and delayed [61]. The agent may perform a long sequence
of actions (Section 6.1.2) before receiving any reward. This leads to the difficulty
in solving the temporal credit assignment problem to attribute credit or blame to
actions when the reinforcement is finally received [191]. The policy (Section 6.1.6)
that an agent learns via interaction represents a particular plan that indicates the
best action to take in every possible state that it observes.

There are two fundamental approaches to designing an agent for problems in which
no information is given with regards to the transition probabilities and rewards (P2,
and R? respectively), this defines the domain of model-free Reinforcement learning. In
the first approach the agent attempts to learn the transition probabilities and rewards
and then construct an optimal policy off-line, using a method such as Bellman’s value
iteration in Equation 6.6. For the second approach, the agent attempts to learn an
optimal policy by constructing an evaluation function for use in selecting the best
action to take in a given state [148]. The agent through learning this evaluation

function cannot predict what the state transition resulting from a given action will
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be, its evaluations based on determining whether this new state leads to greater future

rewards or return compared to the selection of another action.

6.3.1 Optimal Policy Learning

Learning an optimal policy requires the specification of an action-value function in
addition to the value function of the prediction task (Section 6.2.1). We've shown
in the previous section how we may generate a sequential surrogate model from epi-
demiological simulations and this may be used for planning as outlined previously
in Chapter 5. The purpose of this section is to specify common domains of learning
methods, specifically model-free methods, in the hope that generalisable approaches
may be developed. Results will be shown based on learning from computationally
less expensive sequential surrogate models, learnt from sets of experience and also in
extension to less computationally expensive, population level, deterministic compart-

mental models.

6.3.1.1 Q-Learning

Q-learning is perhaps the most widely introduced value-based learning method in RL.
It is a model-free approach to solving the Bellman equation (Equation 6.10), finding
an optimal reactive policy for the value function through assessing the value of an

state/action pair. Q-Learning performs its own updates of the form:
Q(S, Ar) + Q(S, Ar) + a | Re(Sy, Ay) + v argmax (Q(Sy41,a)) — Q(S;, Ay)| (6.16)

In Equation 6.16 we introduce a new parameter « € [0, 1] the learning rate, and
continue to use the discount factor v as previously defined in Section 6.1.4. Q-learning
performs off-policy updates, whereby our next action is chosen using a behaviour
policy which will encourage exploration, e.g. e-greedy. Although Q(S;, A;) updates
are performed based on following the target policy where the state value function of

the next state is based on the greedy policy:

7(Siy1) = argmax(Q(Si1,a)) (6.17)

a

This method of off-policy updates offers the promise of learning about the target
policy (necessarily a greedy policy), which is ultimately the final policy we evaluate
for the purposes of optimality (Equation 6.8), while following a behaviour policy
which encourages exploration during the process of learning an the optimal control

policy. Q-learning control therefore uses off-policy updates to converge on the optimal
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action-value function Q(s,a) — ¢.(s,a). With base implementations of Q-learning
often referred to as tabular learning, the action-value function being calculated as
a look-up for discrete action-state pairs, this exhibits provably exponential sample
complexity, with a linearly decaying learning rate [70]. The sample efficiency of Q-
learning methods may be improved through function approximation methods for the
value functions, for example as previously described in multiple applications of this
work using Gaussian processes [86]. An approximation to the value function will
take the parametrised version Qy(s,a) the use of which shall be extended in Section
6.3.1.3.

6.3.1.2 Policy Gradient Methods

These approaches sit in the family of function approximation methods. Instead of ap-
proximating a value-function, policy gradient approaches look to parametrise a policy
mo(s,a) = Plals, 0]. In this case 6 captures these parameters, the parameterised func-
tion returns the highest probability action based on the greatest expected cumulative
reward, in the case of a stochastic reactive policy. The REINFORCE algorithm [219]
(Algorithm 5) is a canonical example of this, and performs updates based on the
discounted cumulative reward, giving a policy gradient:

n

Vo, J(0r) = Exr, [V, log m, (s,a)Q™ (s, a)] (6.18)

Equation 6.18 is the result of the policy gradient theorem [195] for multi-step
MDPs, where 6,, is the parametrisation of the policy function approximation which
returns a stochastic policy, J(6,) defines an objective function on the performance
of 0,, a is a step-size parameter in the gradient ascent task for the differentiable
policy and Vg J(6,) defines the policy gradient or gradient of the policy function
approximation.

Function approximation is performed to parametrise the policy, learning a policy
for the environment, not a value function, while the action space A is naturally
continuous, as opposed to the discrete form assumed for value-based learning methods.
Policy gradient methods generalise the likelihood ratio to multi-step MDPs [148],
where the return G, is an unbiased sample of ¢™ (s, a)

In policy gradients we require a function approximation and training method that
is suitable for non-stationary, non-i.i.d data. Commonly, as in Chapter 2, this will be

a neural network.
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Result: 6,
randomly initialise 6,
for each episode {51, A1, Ra, ..., S7—1, Ar—1, Ry} ~ w9, do
fort =1,...,7-1 do
‘ Qn — «9n + OéV@legﬂ'gn(St, At)Gt
end
end

result: 0,
Algorithm 5: REINFORCE Algorithm [219]

6.3.1.3 Actor Critic Methods

Actor critic methods form part of the basis of reinforcement learning and were one
of the earliest approaches [221], though naturally their description follows seperate
introductions of value and policy learning control methods. The premise of actor
critic control may be thought of as providing assistance to a policy gradient learning
method via function approximation of the action-value function, which is the critic,
to the actor of the policy gradient method. Often referred to in the literature as A2C
appoaches, actor critic methods may reduce the variance in REINFORCE by also
learning a critic to approximate ¢™ (s, a), therefore Qq, (s, a) ~ Q™ (s, a), introducing
another set of parameters to be learnt 6,. Updating the policy gradient theorem to

include this approximation provides us with policy gradients as per Equation 6.19:

Vo J(0) = Ex, [Volog mo(s, a)Qo, (s, a)] (6.19)
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Figure 6.4: Value-based Q-learning, Policy-based Reinforce, and Actor-Critic (A2C)
approaches to learning from a sequential malaria surrogate competition environment.

Figure 6.4 shows the learning curves of the three detailed approaches on a short
number of episodes of training for a surrogate environment generated through GP-
UCB-MCTS. In this case for limited experience the off-policy lower variance approach
of tabular g-learning demonstrates the best performance and would be a candidate

for selecting further episodes of real experience to augment the learnt policy.

6.4 Comparing Predictions from Multi-Step and
One-Step Methods with direct Experience

As we explore more nuanced decision-making, varying the timing of interventions
has been previously ignored due to complexity. Specifically incorporating timing
adds to the combinatorial complexity of the problem, further stressing the need for
data efficiency and also the volume of data needed to make useful inference. When
making the best policy decision we can see in Figure 2.6, that for decisions of cost-
effectiveness, optimal decisions may vary slightly even across the course of the month.
Such responses have not been previously studied and are now being supported by the
presented infrastructure as well as extending into the space of geospatial decision
making. We may observe empirically in Figure 6.5 that the search for multi-step

as opposed to single-step control policies provide high programmatic relevance when
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Figure 6.5: Ability of ‘Best’ multi-step policies (GP-UCB-MCTS Section 6.2.4) to
consistently outperform static policies (GP-ULCB Section 2.3.5.1) for the same sim-
ulation environment

we evaluate the cost of the policy based on it reaching a desired performance. In
this case, for an underlying malaria model, we are able to reduce the cost by 25% to
reach the same final target prevalence, or in the presence of the same budget reach a
final prevalence of 50% of the target. Given the highlighted evidence of the benefits
afforded by multi-step control and casting the generation of intervention plans as a
sequential decision making task, we’ll now progress the search for refined approaches
and systems to accelerate the development of optimal policies for epidemiological

control.

6.5 Example: Model-free Reinforcement learning
with Covid-19 Compartmental Model

Compartmental models [43] provide a fundamental epidemiological model structure
for decision making, their composition of rate based differential equations avoid the
computational burden associated with complex interaction driven agent-based epi-
demiological models which as we've discussed may act as a barrier to model use.
Though not without its own challenges in providing useful insights based on calibra-
tion of the dynamical system, our approach to such modelling has been outlined in

Section 3.2. We place particular emphasis on the learning of parameter distributions

133



to propagate uncertainty in deterministic models. In the example below, of direct RL
from an epidemiological model, we use a single rate parameter set, {3,~,(, u}, as per

the model schematic in Figure 6.6.

¢

Figure 6.6: Compartmental Epidemiological model SIRS-D used for this Covid-19
model-free learning example [43].

We explore intervention plans from this SIRS-D model using actions which per-
turb the model transmission rate, 8. The change in transmission rate has a functional
mapping to a Non-Pharmaceutical Intervention (NPI) index, namely the Oxford strin-
gency index [89], which aims to capture the stringency level of imposed NPIs on a
scale of [0,100]. A further functional mapping takes this stringency level € [0, 100] to
a change in the transmission rate 3. There we used the mapping developed in [133].
Decisions regarding a change in implemented NPIs will be made on a two week ca-
dence. In order to learn via Reinforcement learning (RL) it’s now necessary to detail
a representative reward signal, observable along with the epidemiological states (com-
partments S: Susceptible, I: Infected, D: Dead and R: Recovered) at the same two

week cadence as actions are taken.

6.5.1 Lives Saved and NPI Cost

To further enumerate the outcomes of the four-state compartmental model we’ve

taken the following proportions for Infected (I) individuals, taken from [224] :
e Mild to moderate: 81% (mild symptoms up to mild pneumonia):
e Severe: 14% (dyspnea, hypoxia, or more than 50% lung involvement on imaging)
e Critical: 5% (respiratory failure, shock, or multiorgan system dysfunction)

Each of the Infected states has a corresponding contribution to loss of productive

life, or a disease weight for the time period they are experienced, taken from [225]:
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e Mild to moderate: 0.051
e Severe: 0.133
e (Critical: 0.655

In addition [153] estimates an average of ten years of life lost (YLL) per Covid-19
Death (D), given that one Disability Adjusted Life Year (DALY) averted may be
evaluated at $100,000 [162], along with an estimation of costs per individual for the
most stringent NPI index of $1000, giving a linear cost based on the stringency index
of the intervention —10 x [0, 100].

The goal of the agent is to maximize the expected return, a sum of the intervention
costs and the cost savings in terms of DALYs averted (or lives saved) from Infected
and Dead compartment values. This problem will be constrained as a finite horizon

task control task of 12 steps, or a simulated six months.

6.5.2 Results of Agent Approaches to Epidemiological Con-
trol

We’ll now compare the results of a variety of agent algorithms learning through re-
peated interactions with the Covid-19 based compartmental model (Figure 6.6), ab-
stracted as an OpenAl gym environment (as in Chapter 5), with the distinction that
this is not a surrogate model, but agent learning acting on direct model simulations
through the environment.

To generate the results of Figure 6.7, agent algorithms were run for 1000 episodes.
In this figure we show the final performance of each of the six implemented algorithms.
Deep Q-Learning (Q-learning with function approximation) has demonstrated the
greatest variation in learnt greedy policy but finds the best policy. Though we note
that the expected performance was significantly poorer over 20 runs. Based on the
distributions of final rewards, Genetic algorithms and Random search prove the most
robust in finding effective greedy policies, though sub-optimal based on comparison
with the other agent reward distributions from 20 runs of 1000 episodes.

As discussed in previous sections of this work we hope this Figure further com-
municates the striking heterogeneity in agent based learning approaches for control
from epidemiological models. Indeed it highlights that there is not a single learner
or answer to the task, but information needs to be shared through a collaborative

approach on such challenging ‘real-world” problems.
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Figure 6.7: Normalised episodic reward (y-axis) of greedy policies learnt by different
agent algorithms on a compartmental Covid-19 model environment, over 20 runs of
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Chapter 7

Conclusions and Related Work

7.1 Discussion

Throughout this work we’ve presented the need for organisation around the use of
epidemiological models for decision making. This perspective centres around the pos-
sibilities of Machine learning (ML) methods to learn in an online fashion from model
simulations to generate either single-step or sequential multi-step control policies,
based on framing the learning tasks as Multi-Armed Bandit (MAB) and Reinforce-
ment learning (RL) problems.

At the core all epidemiological models have been treated as computationally ex-
pensive black-box functions, and we may overcome some of the challenges of learning
from such systems through the use of Bayesian inference. This has centred around
the use of Gaussian processes as function approximations to expensive dynamical sys-
tems. The Gaussian process may be used as a surrogate model, and these surrogate
models may define the value function for the single state Bandit problem or for the
learning of reactive policies from a tree-based surrogate which captures the sequential
decision making task for model-free RL methods.

These surrogate models have also opened up the possibilities for agent algorithms
to be deployed for large scale real-world challenges demonstrated in their use for a
global series of Machine learning competitions. The notion of competition effectively
frames concepts as we attempt to boost, ensemble and combine performance from
algorithms but also the heterogeneity in approaches to epidemiological models which
are available.

Furthermore, in supporting many different model structures the ability to generate
useful predictions under uncertainty has been explored as an extension to Bandit
learning in the form of sequential optimisation through Bayesian optimisation. This

focus being as an approach to learning epidemiological parameter sets or calibration of
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models which may have stochastic outputs or to inject uncertainty into deterministic
models based on learning parameter posterior distributions.

Finally, acknowledging the computational burden of developing strategies for epi-
demiological control insilico, we have described a scalable infrastructure that leverages
abstractions to support effective deployment of existing epidemiological models and
their associated data to achieve the broad goals of epidemiological control, prediction

and planning.

7.2 Related Work

We must acknowledge an explosion in attention with regards to the problems ex-
plored in this work due to the global Covid-19 pandemic. Discussions around the
relevance of Machine learning approaches in tandem with epidemiological specialists
have often been called into question. Our perspective is that this has been a catalyst
for impactful applied research.

Pharmaceutical intervention discovery has employed crowd sourcing in pandemics,
with the use of Machine learning and computational tools to rapidly triage compounds
and design synthetic routes, reducing the time it takes to find therapeutic treatments
with the most promise [53] [80]. Machine learning based models, trained on specific
biomolecules, have also offered inexpensive and rapid implementation methods for
the discovery of effective viral therapies [104] along with direct applications to the
design of clinical trials and experiments through the use of causal inference and RL
methods [229].

Model predictions ensemble machine learning modelling for highly effective pre-
dictions in a malaria prediction of drug resistance [74], together with the development
of many highly parametrised ML based approaches to contrast with the established
epidemiological model literature [19] [223].

Non-Pharmaceutical Intervention (NPI) repositories have been extended through
automated extraction of global NPI details from Wikipedia articles using Natural
Language Processing (NLP) [190] which run in parallel to intensive manual data
collection projects [89].

Though combining all of these approaches to generate optimal intervention plans
remains a gap, perhaps in part due to the scale of the task and the multiple com-
ponents, approaches to which have been lain out in this thesis. We’ve seen how
much collaboration is needed along with the pace of development required in solving

problems at this scale.
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7.3 Future Directions

We have extensively explored options afforded by generating reactive policies as a dis-
ruptive mechanism to the conventional intervention plans supported in a global health
setting. Existing plans being necessarily static and outlined in a funding application
defining a deterministic policy based on a chosen intervention program. We’ll propose
future directions which could further extend the performance of stochastic reactive
policies for decision making in the context of epidemiological control.

As a starting point future work will focus on tying in the insights of subgroup
analysis to automation of model-based insight for epidemiological decision making.
Data driven insights into the subgroups who are most vulnerable or experience het-
erogeneous treatment effects may allow for the development of optimal intervention
plans which achieve far greater impact based on targeted interventions across time.

We have spoken extensively of the impact of sequential decisions, though this work
has assumed a chosen study location and the epidemiological model would handle
geospatial interactions between disease driving agents. The impact of targeting and
coordinating interventions on a geospatial resolution for global benefit remains as an
extension for the reader and this work.

Learning how interventions may impact epidemiological models for which we have
significantly more data given the global pandemic [152] will mean possible updates,
based on data driven insights, of intervention models which directly impact the pro-
cesses of prediction, control and planning from epidemiological models.

Reward functions for the decision making process have been included as a ne-
cessity for the methods to be applied, we've not sought consensus on a universal
function which makes the most sense for all these decision making tasks. Instead we
acknowledge that this remains highly problem dependent, to introduce capabilities
which allow best possible approximations to the reward function which defines an ex-
pert made decision would be a valuable contribution in line with the other techniques
presented.

Practical questions remain in the problem of the ‘value of information’, the avail-
ability of data is never as complete as we would like. In order to make informed
decisions there are many remaining challenges globally. The disparate quality of case
data in Sub-Saharan Africa compared with the rest of the world for the Covid-19
pandemic remains as a stark example. There is clear evidence of the need for global
coordination and cooperation, in our interconnected world we need approaches which

can effectively break networks of disease interaction but not just isolate the humans.
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We hope for a future where unity in global approaches helps us to overcome our most

pressing challenges.
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