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Abstract

The optimal allocation of vaccines to population subgroups over time is a challenging health care
management problem. In the context of a pandemic, the interaction between vaccination policies
adopted by multiple agents and the cooperation (or lack thereof) creates a complex environment
that affects the global transmission dynamics of the disease. In this study, we take the perspective
of decision-making agents that aim to minimize the size of their susceptible populations and must
allocate vaccine under limited supply. We assume that vaccine efficiency rates are unknown to
agents and we propose an optimization policy based on Thompson sampling to learn mean vaccine
efficiency rates over time. Furthermore, we develop a budget-balanced resource sharing mechanism
to promote cooperation among agents. We apply the proposed framework to the COVID-19 pan-
demic. We use a raster model of the world where agents represent the main countries worldwide
and interact in a global mobility network to generate multiple problem instances. Our numerical
results show that the proposed vaccine allocation policy achieves a larger reduction in the number
of susceptible individuals, infections and deaths globally compared to a population-based policy. In
addition, we show that, under a fixed global vaccine allocation budget, most countries can reduce
their national number of infections and deaths by sharing their budget with countries with which
they have a relatively high mobility exchange. The proposed framework can be used to improve
policy-making in health care management by national and global health authorities.

Keywords: Vaccine allocation, Health care management, Data-driven optimization, Thompson
sampling, Budget-balanced mechanism

1. Introduction

With the continued spread of the coronavirus disease 2019 (COVID-19) around the globe and
an increasing number of administered vaccines, discussions on the safe, effective, and ethical allo-
cation of COVID-19 vaccines are growing (Emanuel et al., 2020; Libotte et al., 2020; Persad et al.,
2020; Peiris and Leung, 2020; Bollyky et al., 2020; National Academies of Sciences and Medicine,
2020). The global allocation and distribution of COVID-19 vaccines is a challenging logistical
problem (Roope et al., 2020; Zaffran et al., 2013). The effect of human mobility on the spread
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of disease is also well known (Kraemer et al., 2020). The need for a fair and ethical allocation of
vaccines further reinforces this challenge given the emerging controversial issues on public health,
diplomacy and economics (Liu et al., 2020). Furthermore, the interaction between the vaccination
policies adopted by different countries and vaccine protectionism creates a complex environment
that affects the global transmission dynamics of COVID-19 and the efficiency of vaccination strate-
gies. Furthermore, vaccine protectionism among a few developed countries has slowed down the
global vaccination efforts against COVID-19 (Nkengasong, 2021; Lancet, 2020).

The inclination of some of the vaccine producer countries toward vaccine protectionism has neg-
atively affected the global progress against COVID-19. This will likely limit access of low-income
countries to vaccines (Amnesty International, 2020). In response, the World Health Organization
(WHO) has initiated a global collaborative initiative known as COVAX (World Health Organiza-
tion, 2020) as part of the Access to COVID-19 Tools (ACT) Accelerator that aims to accelerate
the equitable access to COVID-19 vaccines. Despite a slow rollover, COVAX aims to offer vaccines
to countries in amounts proportional to their population starting with 3% of each country’s pop-
ulation and gradually increasing the allocation to at least 20%. While a population-based vaccine
allocation policy may appear equitable, there are inherent limitations to this approach that over-
looks the global transmission dynamics of SARS-CoV-2, worldwide and local human mobility, and
countries’ vastly different vaccination capacities. Further, the true efficiency of COVID-19 vaccines
may not match their efficiency observed under clinical conditions. The timely question of what the
optimal allocation strategy of COVID-19 vaccines at the global scale is remains open. The true
cost of vaccine protectionism is also not yet well-understood.

In this study, we examine the problem of allocating vaccines across populations in the presence
of uncertainty with regards to the efficiency of vaccination decisions. We take the perspective of a
decision-making agent (e.g. country) that is in charge of vaccinating its population. We assume that
the agent’s population is spread over space and that, given a vaccination budget, the agent must
decide how to allocate vaccines across its population. We consider discrete time and we assume
that agents make vaccine allocation decisions periodically (e.g. weekly), based on the distribution
of infected individuals across their population. We assume that the impact of vaccine allocation
decisions is unknown to agents and that agents learn mean vaccine efficiency rates by observing the
impact of past decisions. We frame this complex problem as an online learning and optimization
problem. We propose a data-driven optimization method based on Thompson sampling (TS) — a
reinforcement learning approach that uses Bayesian optimization to learn vaccine efficiency rates
over time — to identify competitive vaccine allocation policies. We also propose a budget-balanced
resource sharing mechanism that aims to further mitigate the impact of global mobility patterns
and promote resource sharing across agents.

To test the proposed approach, we conduct a global numerical study wherein countries of the
world are represented as agents. To capture disease dynamics, we embed a metapopulation epidemic
model with a raster model of the world where each cell is a node in a global mobility network.
We implement the proposed TS-based vaccine allocation policy along with several benchmarking
policies over a two-year horizon. Our findings provide evidence that a population-based vaccine
allocation policy is sub-optimal compared to the proposed TS-based policy. We show that the
latter achieves a larger reduction in the number of infected and death globally. We also provide
supporting evidence that a budget sharing mechanism between agents could further reduce the
number of infections and deaths globally. Under fixed vaccine allocation budget, we show that
most countries can reduce their national infection and mortality rates by sharing their budget with



countries with which they have a relatively high mobility exchange. This counter-intuitive finding
contradicts the popular belief on the national (as opposed to international) benefits of vaccine
protectionism and reveals the significant potential impact of cooperation among countries.

The rest of the paper is organized as follows. We review the literature on vaccine allocation
in Section 2. We present the global metapopulation epidemic model used to represent disease
spreading in Section 3. The proposed online vaccine allocation problem along with the T'S-based
policy are introduced in Section 4. The budget sharing mechanism is presented in Section 5. The
data of the global case study is summarized in Section 6, and the numerical results are provided
in Section 7. Concluding remarks are discussed in Section 8.

2. Literature Review

We review the state-of-the-art in the field of vaccine allocation. We start by examining studies
which have discussed the modeling of vaccine allocation and vaccination practice in Section 2.1. We
then focus on studies that have proposed mathematical optimization formulations to solve vaccine
allocation problems in Section 2.2 before outlining our contributions with respect to the literature
in Section 2.3.

2.1. Vaccine allocation modeling and practice

Numerous studies in the literature have explored different vaccination strategies under limited
resources including prioritizing the allocation based on age (Emanuel et al., 2020; Couzin, 2004;
Lipsitch, 2005), demographics (Becker and Starczak, 1997), underlying high-risk conditions (Tuite
et al., 2010), and virus transmission dynamics (Medlock and Galvani, 2009). However, very few
studies used a computational model of global epidemic and human mobility. One of the more
widely known computational models used to study the transmission of infectious diseases is the
Global Epidemic and Mobility (GLEaM) model (Van den Broeck et al., 2011) which is a stochastic
computational model that integrates worldwide human mobility data and high-resolution demo-
graphic to simulate spread of disease at the global scale. For example, GLEaM has been previously
used to model and assess the effectiveness of different HIN1 vaccination campaigns (Bajardi et al.,
2009).

The allocation of vaccines to countries proportionally to their population could result in signifi-
cantly different morbidity and mortality rates in equally populous countries (Emanuel et al., 2020)
because of varying transmission dynamics of the virus due to differences in age structure, health
care capacity, logistics infrastructure, and implemented non-pharmaceutical interventions in each
country. Thus, finding the optimal global allocation of COVID-19 vaccines requires a model that
simultaneously accounts for the virus transmission dynamics, human mobility, vaccines’ efficiency
data, vaccination capacity, and more importantly the interaction between the vaccine allocation
strategies adopted by different countries and their impact on the number of infections and deaths
globally.

Many existing studies on vaccine allocation are limited to sensitivity analyses (Tuite et al., 2010;
Mylius et al., 2008) with very few formulating vaccine allocation problems using mathematical
optimization and at a global scale. In addition, the vast majority of existing vaccine allocation
strategies are static and established over a pre-defined time horizon, i.e., they do not allow the
possibility to dynamically adapt vaccine allocations based on new data.



2.2. Optimizing vaccine allocation policies

Research on the optimization of vaccine allocation policies appear to have emerged in the field
of Operations Research (OR) with the study of Longini Jr et al. (1978) who presented a vaccine
allocation formulation to minimize the total number of infections under limited supply. Becker and
Starczak (1997) proposed a linear programming formulation to identify the optimal allocation of
vaccines in a community of households. In their study, the authors seek to either minimize vacci-
nation coverage or the reproduction number while accounting for disease transmission dynamics.
Ball and Lyne (2002) extend this research by considering two level of population mixing, i.e. within
households and among the population of households and discuss optimality conditions for vaccine
allocation policies in this context. Hill and Longini (2003) proposed optimal vaccination policies
for populations divided into subgroups. Tanner et al. (2008) build on prior research on epidemics
within population of households by modeling the upper bound on the reproduction number using
chance-constraints. This framework is further refined by Tanner and Ntaimo (2010) who devel-
oped a customized branch-and-cut algorithm to improve computational scalability. This stream
of research has mainly focused on allocating vaccines among subgroups of a population which are
often age-stratified. More recently, Enayati and Ozaltim (2020) built on this stream of research
and developed mathematical optimization formulation to incorporate equity within the vaccine al-
location process. In their study, the authors consider population subgroups based on both location
and age.

In the context of the HIN1 pandemic, Samii et al. (2012) explored the problem of determining
optimal reservation and allocation policies for vaccine inventory rationing. Several researchers have
also studied the problem of allocating vaccine among subgroups of a population where subgroups
represent geographical regions. Unlike previous studies, Teytelman and Larson (2013) addressed
a dynamic variant of the vaccine allocation problem and the authors developed heuristics to find
optimal policies in this context. Yarmand et al. (2014) proposed a two-stage stochastic program-
ming approach for vaccine allocation over multiple locations where the second stage can be viewed
as a recourse stage which is triggered if the outbreak is not contained. Long et al. (2018) adopts
a multi-period stochastic optimization framework and aims to identify the optimal allocation of
health care resources across space.

The COVID-19 pandemic has reinvigorated research on vaccine allocation problems, especially
in the context of spatial and temporal decisions. Yang et al. (2021) addresses the problem of
optimizing vaccine distribution networks in low and middle income countries wherein the lack
of health care resources can substantially affect the efficiency of the vaccine distribution chain
(De Boeck et al., 2020). Bertsimas et al. (2020) used a DELPHI compartmental model to capture
disease dynamics and proposed a simulation-based optimization approach to solve this vaccine
allocation problem. A similar modeling framework was also used by Bertsimas et al. (2021) to
identify the optimal location of COVID-19 mass vaccination facilities at the country (US) level.
Chen et al. (2020) propose both static and dynamic vaccine allocation policies in an age-stratified
population and focus on a case study based New York City data. Thul and Powell (2021) proposed a
stochastic optimization for vaccine and testing kit allocation. The authors adopt an online learning
and optimization context where the decision-maker must repeatedly decide how to allocate vaccines
and testing kits across space. They model this problem as a partially-observable Markov Decision
Process and develop several policies. Their computational study is focused on the US wherein
states represent population subgroups.



2.3. Our contributions

While the COVID-19 pandemic has triggered several new studies on OR-driven vaccine allo-
cation methodologies there remain significant research gaps in the literature. The vast majority
of studies have focused on static vaccine allocation problems, i.e. the decision-maker seeks to find
the optimal policy to allocate vaccines — possibly over multiple time periods — across a population
based on the available information at the time of decision. Only a few studies considered either
recourse actions using a stochastic programming approach (Teytelman and Larson, 2013; Yarmand
et al., 2014; Chen et al., 2020), or an online resource allocation framework wherein decisions needs
to be taken repeatedly over time in light of new data. Among these, the study of Thul and Powell
(2021) is the only one which consider a learning and optimization framework to iteratively refine
the vaccine allocation policy based on historical observations. Our study adopts a related frame-
work but differs in the choice of the uncertain parameters modeled and in the proposed learning
and optimization methods. Furthermore, most studies have only examined the vaccine allocation
problem from the perspective of a single decision-making agent, e.g. a single country or a local
health authority. Although comprehensive global case studies have been conducted in the field
of human mobility and epidemic modeling (Liu et al., 2020; Bollyky et al., 2020), the interac-
tion among several agents at a global scale has remained largely unaddressed in the health care
management literature on vaccine allocation problems.

In this study, we attempt to address some of these research gaps. We consider the problem of
allocating vaccines to a population of subgroups where the latter represent geographical regions
while accounting for global mobility and disease dynamics. Unlike previous studies, we do not
restrain our analysis to a single decision-maker. Instead, we consider multiple decision-making
agents and each agent aims to allocate vaccines to minimize the size of its susceptible population.
We believe that this multi-agent configuration is representative of ongoing efforts to mitigate the
COVID-19 pandemic by countries worldwide. We adopt an online optimization framework wherein
each agent is assumed to periodically make vaccine allocation decisions subject to a budget con-
straint based on historical data. To capture the interaction among agents, we construct a global
mobility network and embed a compartmental epidemic model to represent disease dynamics within
each population subgroup. We assume that vaccine allocation decision only makes a proportion of
the susceptible population immune. We refer to this proportion as the vaccine efficiency rate. We
assume that vaccine efficiency rates are unknown to agents and that the latter learn these rates
over time based on past decisions. We develop a customized reinforcement learning policy based
on TS to dynamically solve agent-level vaccine allocation problems.

To test the proposed vaccine allocation policies, we generate a raster model of the world along
with mobility models to obtain global vaccine allocation problem instances where agents represent
countries worldwide. We also propose a budget sharing mechanism to explore the potential benefits
of cooperation among agents. While the popular belief is that vaccine protectionism is in the
interest of vaccine producer countries, in this study, we provide evidence that most countries
could further reduce their national death toll by sharing their (fixed) vaccine allocation budget
with connected countries via the global human mobility network. This counter-intuitive finding
demotes vaccine protectionism and promotes a more equitable allocation strategy across the world
in which countries with higher GDP per capita can in fact benefit from sharing their fixed vaccine
allocation budget with lower GDP per capita countries with which they have a higher mobility
exchange.



3. Preliminaries

We next present our modeling approach in two parts. We first introduce the global mobility
network in Section 3.1 before describing the metapopulation epidemic model in Section 3.2.

3.1. Global mobility network model

To model the global mobility patterns, we use a uniform raster model of the world wherein each
population cell is represented by a node in a network. Let V be the set of nodes in this network.
Each population in the model is represented by a node i € V. Let N; C V be the neighborhood
of node ¢ which represents the nodes connected to 7 in the network. Arcs among pairs of nodes in
the network are introduced for all pairs with non-zero mobility flows. We assume that individuals
can move between nodes via ground and/or air connections. We next describe how ground and air
mobility flows are determined and combined into a global flow matrix.

We use the radiation model (Simini et al., 2012) to determine ground mobility flows between
nodes of the network. Let d;; representing the great circle distance between nodes i,j € V, and
let D be a distance threshold beyond which we assume that ground mobility is null. We define
the ground neighborhood of node i € V as N¥ = {j € V : d;; < D}, for all i € V. Let P; be the
population of node 7 € V and let «; be the fraction of population at node ¢ that commutes. The

ground mobility flow from node i € V to j € N, denoted igjround, can be determined using Eq.
(1).
feond = Ll , VieV,jeNE. (1)
S p(p+ ¥ Py
ireNF JeENE

To model air mobility, we generate a Voronoi polygon around each international airport in the
world and identify the set of nodes that fall inside each Voronoi polygon. We then proportionally
distribute the inflows to and outflows from each airport to its corresponding set of nodes based
on node populations. Let C be the set of airports also referred to as the set of Voronoi polygons.
Formally, the Voronoi polygon corresponding to airport a denoted II(a) is defined as a subset of
Vas: Il(a) = {i € V:dg(i,a) < dg(i,b), VYa,b € C,a # b}, where dg is a distance function
that represents the Euclidean distance on R?. For each node i € V, we denote y; € C its assigned
airport. Given a matrix of air flows among worldwide airports [guplapec, We determine the air
neighborhood of node i € V as the set of nodes j € V that are connected to i via an air link. Let
NA={jeV: Guin; > 0}, for all i € V be the air neighborhood of node 7 and P, = Zieﬂ(a) P; be
the population of the Voronoi polygon a € C. We determine the air mobility flow from node ¢ to
7, denoted fjir, as:

air _ R + Pj

. . A
ij = g#i“jm, VZ S V,] & ./\/; . (2)

We define V; = N¥ UNA as the global neighborhood of node i € V and fi; = ffjround + f}ir as
the mobility flow between two nodes i, j € V. We refer to [fi;]liev jen; as the global flow matrix.

3.2. Metapopulation epidemic model

We model the spread of diseases using a metapopulation discrete-time compartmental epidemic
model. We adopt the generic metapopulation model of Brockmann and Helbing (2013) and use
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a Susceptible-Infected-Recovered-Dead (SIRD) model to estimate the global spreading dynamics
of the disease. This model is an extension of the classical Susceptible-Infected-Recovered (SIR)
model (Kermack and McKendrick, 1927) where the dead compartment (D) represents the fraction
of infected (I) individual which are expected to die from the disease.

We define a flow rate matrix [p;;licv jen; based on the flow matrix [fijlicy jen; as follows:

fij

pij = <=1—,
Y > fij
J'EN;

VieV,jEeN,. (3)

In addition, we define the global flow-to-population ratio p as:

> > fij

i€V jeN;
PETSp (4)
%

Local disease transmission rate (;, recovery rate -;, and death rate \; for each node i € V are
assumed to be known. Let P; be the population of node ¢ € V. For any compartment U = S, I, R or
D, we define compartment proportions U;(t) as U;(t) = U;(t)/P;. Let T be the set of time periods.
Assuming a constant population (including deaths), using the flow rate matrix [p;;]iev jen; and
the global flow-to-population p, the SIRD model with mobility at node ¢ € V can be represented
by the system of equations:

Si(t+1) = Si(t) — BiSi(t) L(t) + p ZA; i (S;(t) — Si(t)), vteT,  (5a)
Lt +1) = Li(t) + BiSi(t) Ii(t) — %-;E(t)z +p % pii (1 (t) = Li(t)), vteT,  (5b)
Ri(t+1) = Ri(t) + (1 = M)vLi(t) +p > :j(;?zj(t) — R;()), vteT,  (5¢c)
Di(t+1)=1-8;(t+1) - L;(t+1) —i‘fﬁ?t%—l), vteT. (5d)

The metapopulation model Eq. (5) is based on two underlying assumptions: i) for any pair
of nodes 4,j € V, p;; P; = p;; P; and ii) for any node i € V, outflow is proportional to population:
P ~3 jen; Jij as discussed by Brockmann and Helbing (2013). We discuss to which degree these
assumptions are verified by the data of this case study in Section 6.

We next introduce the proposed online vaccine allocation problem, mathematical optimization
formulations and online learning algorithms.

4. Online vaccine allocation problem

We model the vaccination of populations as an online optimization problem. We consider a
set of decision-making agents that must allocate vaccines to their population over a set of time
periods. (In our case study, agents represent countries.) Each agent controls a subset of nodes
of the network. At each time period, agents are assumed to have limited resources for allocating
vaccines and must decide how to allocate these resources across their populations. We assume
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that allocating vaccines at a node makes immune a proportion of the susceptible population of
this node and we call this proportion the vaccine efficiency rate. We model the impact of vaccine
allocation decisions as a stochastic process: we assume that vaccine efficiency rates are unknown to
agents and that these rates are learned over time when observing the impact of vaccine allocation
decisions.

We first define vaccine allocation decisions and introduce the proposed stochastic optimization
framework within the metapopulation epidemic model in Section 4.1. We then present online
resource allocation problem faced by agents along with a mathematical optimization formulation
in Section 4.2. We propose an online learning algorithm based on Thompson sampling to identify
optimal policies for vaccine allocation in Section 4.3.

4.1. Modeling vaccination allocation decisions

Let z;(t) € [0,1] be a real decision variable representing the proportion of vaccines allocated
at node i € V at time ¢t € T, i.e. z;(t) = 1 corresponds to the case where node i is fully supplied
in vaccines whereas 0 < z;(t) < 1 corresponds to a partial allocation, and z;(t) = 0 means that
no vaccines at allocated at ¢ at time t. Let 6; € [0,1] be a random variable representing the
mean vaccine efficiency rate of node i € V and let 8 be the vector of mean vaccine efficiency
rates. We assume that @ and the probability distributions of vaccine efficiency rates are unknown
to agents and are observed after making vaccine allocation decisions. Let 6;(t) be the observed
vaccine efficiency rate at node ¢ € V at time ¢ € 7. When designing vaccination allocation policies,
for each node i € V, we will later require that random variables 6;(t) follow arbitrary probability
distributions with support in [0,1] and mean 6;. To capture the impact of vaccine allocation
decisions, we assume that the susceptible population S;(t) is reduced to (1 — 0;(t)z;(t))S;(t) and
that 6;(t)x;(t)S;(t) individuals are moved to the recovered compartment. Hence, we incorporate
vaccine allocation decisions within the proposed SIRD model (5) as follows:

Si(t+1) = (Si(t) - 5‘5‘( )1:'( ) (1= 0i(t)zi(t))

+p %:v pij ((S;(t)(1 = 0;(t)z;(t)) — Si(t)(1 — Oi(t)zi(2))) , vteT, (6a)
Li(t+1) = Lt )]+ BiSi(0)1i(t) (1 — 0;(t)as(t)) — vili(t) + p Zj\:/pz‘j(fj(t) —Ii(t)), VteT, (6b)
Rt +1) = Ry(t) + Si(t)0:(t)» ()+( Xi)vili(t) o

+p Z pij (R;(t) + Sj(£)8;(t)z;(t) — Ri(t) — Si(t)8:(t)zi(t)) Vte T, (6¢)
Di(t+1):1—]S§:\(fz+1)—fi(t+1)—Rz»(t+1), VteT. (6d)

4.2. Vaccine allocation formulation

Let K be the set of decision-making agents. Each agent k € K controls a set of nodes Vi, C V.
We assume that the goal of agents is to minimize the cumulative number of susceptible people
by solving a sequence of online vaccine allocation problems — one per time period — over a given
time horizon. We next describe the vaccine allocation problem solved at time t € T by agent k € K.



We propose a direct lookahead approximation (DLA) policy to minimize the expected number
of susceptible individuals at the next time period (29). We assume that global data for time
period ¢, including compartment volumes S;(t), I;(t), R;(t) and D;(t), are available to agents when
allocating vaccines for time period ¢ + 1. The decisions of other agents are unknown to agent k.
Given an agent k € IC, let —k denote the other agents and let V_j represent the nodes controlled
by other agents in the network. We take a worst-case approach to capture this competitive effect
and thus assume that the nodes j € V_j are not allocated any vaccines i.e. z;(t) = 0. Let
x,(t) € [0,1]V%] be the vector of decision variables of agent k € Vj, at time ¢ € 7. The objective
function of agent k at time t is to minimize the expected number of susceptible individuals at time
t+1:

minimizeE{Z(( i) — BiSi(t) (1)) (1 — 0:(t)wi(t))
i€V

+p > pig (S = 0;(0)z;(1) — Si(8)(1 = ilt)a (1))

FEN; NV

+p > i (Sl 5()(1—9i(t)$i(t)))>}- (7)

JEN;NV_g

The expectation in Eq. (7) is taken over the random variables 0;(t) for all i € V. From a
decision-making standpoint, the number of susceptible individuals can be viewed as potential loss
and the goal of Eq. (7) is to minimize the expected loss. For conciseness, it is convenient to rewrite
Eq. (7) in compact form by eliminating constants and aggregating all the coefficients of variable
x;(t) in a weight [;(¢, 8(t)) representing the loss of node 7 at time ¢. Observe that [;(t, 8(t)) depends
on random variables 0(t) and thus is also a random variable. Accordingly, the objective function
Eq. (7) is rewritten compactly as:

minimize E{ > Lt B(t))xi(t)}. (8)

1€V

Let I'x be the per-period vaccination capacity of agent k. This capacity represents the ability
of an agent to distribute vaccines to its population at each time period. Let By(t) be the budget
of agent k € K at time period t € T for allocating vaccines across the set of nodes V. We assume
that agents’ per-period budget is function of their vaccination capacity, i.e. Bi(t) = f(I'y). The
per-unit cost to allocate vaccines at node i € V, is assumed to require a known cost C;. Data used
to generate values for I'y, Bi(t) and C; are discussed in Section 6.2. At time period ¢t € T, the
budget constraint of agent k is:

> @i(t)Ci < Bi(t). (9)
1€V

Even though node populations (including the death compartment) are assumed to be constants,
global mobility across the network means that the number of susceptible individuals at a node might
fluctuate in such a way that after a certain number of time periods the susceptible population of a
node might be composed of individuals which were not located at this node at the beginning of the
time horizon under consideration. This implies that vaccine allocation decisions across space might
need to be repeated. This is particularly critical if the ratio of the inflow to the population of a
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node is relatively large. Alternatively, allocating vaccines at nodes at which inflow is low relative
to population may not require additional vaccines before several time periods. Hence, it is critical
to account for the history of vaccine allocation decisions in the proposed modeling framework. To
capture this effect, we assume that at each time period ¢, the upper bound z;(t) < 1 on z;(t) is
determined based on the history of vaccine allocation decisions over ¢’ € {0,...,t—1}. The update
rule to determine Z;(¢) is discussed in Section 4.3 which outlines the proposed TS-based algorithm
for the online allocation of vaccines. The vaccine allocation problem of agent k € K at time t € T
is denoted Py(t):

Pr(t) : minimize IE{ Z li(t,e(t))a:i(t)}, (10a)

1€V
subject to:
> @i(t)Ci < Bi(t), (10b)
1€V
0< xz(t) < a_fi<t),Vi € V. (IOC)

The optimization problem Py (¢) can be viewed as an online knapsack problem where the “cost”
(loss) of items (nodes) are stochastic and depend on unknown vaccine efficiency rates.

4.83. Online vaccine allocation by Thompson sampling

To solve P (t) we propose a reinforcement learning approach based on Bayesian optimization.
We adapt the algorithm proposed by Thompson (1933), also known as Thompson Sampling (TS),
to account for resource allocation constraints. TS has been shown to be an efficient algorithm
for DLA policies and empirical studies have shown that TS is highly competitive to address the
exploration-exploitation tradeoff in online learning problems (Chapelle and Li, 2011). TS has also
been adapted to constrained online optimization problems such as linear-quadratic control (Abeille
and Lazaric, 2018), online network revenue management (Ferreira et al., 2018) and real-time energy
pricing (Tucker et al., 2020).

We next adapt the TS algorithm proposed by Agrawal and Goyal (2012) for general stochastic
bandits to solve the online vaccine allocation problem at hand. This TS algorithm only requires to
assume that mean vaccine efficiency rates 0 are generated from an arbitrary unknown distribution
with support in [0, 1] which fits well the purpose of this study, i.e. learning mean vaccine efficiency
rates. In addition, this TS algorithm uses Beta distributions as Bayesian priors and we adopt
the same framework to model agents’ beliefs over mean vaccine efficiency rates. Accordingly, for
each node i € V, we denote Beta(a;, b;) the prior of its mean vaccine efficiency rate where a; and
b; are parameters of the Beta distribution. Let é(t) denote the vector of mean vaccine efficiency
rates sampled from priors Beta(a;, b;) for all i € V at time ¢ € 7. Given time period t € T, we
denote 0;(t) the mean vaccine efficiency rate of node i € V sampled from prior Beta(a;, b;), and
we denote [;(t,0(t)) the corresponding sampled loss function, i.e. I;(t,0(t)) is the coefficient of
variable x;(t) in Eq. (7) obtained by substituting random variables [6;(t)];cy with sampled mean
vaccine efficiency rates [91(t)]zey The approximated vaccine allocation problem of agent k € K at
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time ¢ € 7 is denoted Py(t, 6(t)):

Pr(t,0(t) : minimize Y Li(t, 0(t))xi(t), (11a)
1€V
subject to:
> 2i(H)Cs < Bi(t), (11b)
1€V
0< wz(t) < .fi(t),Vi € V. (110)

Formulation Py(t,0(t)) is a linear knapsack problem that can be solved in polynomial-time
using a greedy algorithm by sorting nodes Vi, by increasing loss-to-cost ratio [l;(t, 0(t))/Ciliev, -

The pseudo-code of the proposed TS-based vaccine allocation policy is summarized in Algo-
rithm 1. In our numerical experiments, all parameters a; and b; of the prior distribution of nodes
i € V are initialized to 1 which corresponds to uniform distributions (lines 2 and 3). In practice,
historical vaccine allocation data could be used to improve the initialization of prior distribution
parameters. At each time period ¢, prior distributions Beta(a;, b;) are sampled to obtain estimates
of mean vaccine efficiency rates [0;(t)]icy (line 6). Then, for each agent k € K, the approximated
vaccine allocation problem Py (t,0(t)) is solved to determine the vaccine allocation strategy a(t)
(line 8). For each node i € V, the upper bound z;(t) is then updated by deducing the amount of
vaccines allocated to this node over the time window [max{t —m; +1,1},¢] (line 10), where m; is a
node-based parameter used to adjust the width of historical observations taken into consideration at
each decision epoch. In our numerical experiments, m; is determined as the ratio of the node popu-
lation P; to the total inflow at this node JEN; fji rounded to the nearest integer above. Hence, the
parameter m; represents a conservative estimate of the number of time periods needed to “renew”
the population from a human mobility standpoint, and the time window [max{t—m;+1, 1}, ] rep-
resents the history of allocation decisions taken into consideration for updating the upper bounds
7;(t). Random variables representing vaccine efficiency rates [0;(t)];cv.a,1)>0 are observed for all
nodes that are allocated vaccines, and the vaccine-dependent SIRD model represented by (6) is
then solved to obtain node compartments for the next time period (line 11). Bernoulli trials using
the observed vaccine efficiency rates are performed (line 14) and their outcomes are used to update
the parameters of the corresponding prior distributions on vaccine efficiency rates (line 14-18) for
the next time period.

4.4. Benchmarking with other vaccine allocation policies

We compare the proposed T'S-based vaccine allocation policy (TS) with three alternative ap-
proaches: a population-based (PB) approach, a moving average (MA) approach, and a greedy
learning (GY) approach. These three methods are described below and their difference with the
proposed TS-based approach are discussed.

e PB allocates vaccines using node population sizes to measure the expected impact of alloca-
tion decisions. This is equivalent to replace the loss function I;(¢, 8(t)) of node i at time ¢ by
P; in the objective function (11a). Since P; does not depend on historical data, this strat-
egy is the easiest to implement as it does not require any tracking or learning of stochastic
parameters.
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Algorithm 1: TS-based policy for online vaccine allocation
1 forieVdo

2 a; + 1

3 ¥bi(—1

4 fort €T do
for i €V do

6 L éz(t) <+ sample prior Beta(a;, b;)

7 for k£ € K do

x,(t) « solve Py(t,0(t))

for i € V. do

10 t zi(t) « 1 — Zi’:max{tfmi+l,1} z;(t)

11 [Si(t 4+ 1), L;(t + 1), Ri(t + 1), D;(t + 1)];ey < solve (6) using x(t) and observe
[Gi(t)]iEV:xi(t)>0
12 for i €V do

13 if z;(t) > 0 then

14 y; < Bernoulli trial (6;(t))
15 if y; =1 then

16 L a; +—a; +1

17 else

18 L b < b;+1

e MA allocates vaccines by estimating the loss function (11a) I;(¢,0(t)) of node i at time ¢
using a moving average over the historical data. Hence, instead of using a learning approach
to estimate unknown vaccine efficiency rates as in the TS-based approach, the MA approach
simply estimates node-based vaccine efficiency rates as the average of the observed data at
this node.

e GY allocates vaccines using a Bayesian optimization approach, similarly to the proposed
TS-based approach. The only difference between GY and TS is that the former uses the
expected value of the prior distribution instead of sampling from the prior distribution when
estimating nodes’ mean vaccine efficiency rates (line 6).

5. Budget-balanced resource sharing mechanism

The proposed vaccine allocation policies outlined in Section 4 assume that all agents act inde-
pendently, without sharing any vaccination resources. Here, we propose a budget sharing mech-
anism that aims to further improve the impact of vaccine allocation decisions by re-distributing
vaccination budgets across agents. We show that the proposed mechanism is budget-balanced, i.e.
there is no additional budget incorporated in the system, hence this sharing mechanism can be
compared to a “no sharing” mechanism to measure its efficiency. The proposed budget-balanced
resource sharing mechanism tracks, for each agent, the ratio of internal versus external infections.
At every time period, we determine the proportion of budget shared with other agents at the next
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time period as the proportion of external infections to total, i.e., internal and external, infections.
The shared budget is then split among connected agents via the global mobility network proportion-
ally to their volume of external infections weighted by agents’ vaccination capacities. Hence, the
proposed mechanism promotes a more equitable allocation of vaccination resources across agents
by ensuring that agents with a relatively low vaccination capacity receive a proportionally larger
share of budget compared to agents with a high vaccination capacity.

To implement the proposed budget sharing mechanism, at the beginning of each time period
t, we update agent-based vaccine allocation budgets By (t) by determining the amount of budget
shared proportionally to the ratio of external to total, i.e. external and internal, infections. We
then allocate the portion of budget shared to connected agents in the global mobility network
proportionally to the volume of infected population weighted by agents’ vaccination capacities.

~ Formally, at time period ¢, for each agent k € K and for each node i € Vj, let I®(t+1) and
I (t + 1) be the internal and external infections at node i be defined as:

I(t) = L(t) + BiSi()Li(t) — vili(t) + p > pighi(t), (12a)
FEN;NVy
I_?Ut<t) =p Z pij[_j(t)- (12b)
JEN:NV_j,

We define the external infection ratio of agent k as:

- PRl
SN Sy TORS s IO} 9

i€V 1€V

At time period ¢, agent k shares By(t)Ry™ ™ (t) of its budget with other agents. Let pl,, ()
be the proportion of infected population traveling from nodes controlled by agent k' to nodes
controlled by agent k£ at time period ¢, i.e.:

P =p>_ D piLi(t). (14)

i€V jG./\/;;ﬁVk/

Recall that we assume that agents’ budget By(t) is function of agents’ vaccination capacity I'.
The shared budget of agent k is split among connected agents k’ in the global mobility network
proportionally to the flow of infected population pé, (1) weighted by the vaccination capacity I'y.
Thus, using the proposed budget sharing mechanism, the budget of agent k at time period ¢ is
denoted B;"™"™8(t) and is determined as:

pik’(t)
sharin sharin sharin I
BPme(t) = Br(t)(1— Bp™™™(t) + > | Bu(H)Ry g(t)Z o [ 19
k'eK\{k} T
k'"elc

Proposition 1. The budget sharing mechanism is budget-balanced across all agents, i.e. Y, Br(t) =
Y okek Bzh'm”g(t), at any time period t € T.
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Proof. Let us rewrite Eq. (15) compactly as BSharmg( t) = By(t)(1 — tharing(t)) + Breceived (1) e

pék’ (t)
B]l;eceived (t) — Z Bk’( )Rsharmg(t) 21; G
KK\ [k} v

Observe that By (t)(1 — Ri"™ ™ (¢)) represents the portion of agent’ k budget at time ¢ which
is not shared with other agents; whereas B};ecei"ed(t) represents the total budget received by agent
k from other agents. Since }, x Br(t) = > cx Br(t)(1 — tharmg( 1)+ > pex Br(t )RSharmg(t), to
show that the proposed budget sharing mechanism is budget-balanced, we need only to show that

S pexe Bult )Rsharmg(t) is equal to >, i Breceived (¢).
Let £ ={1,..., K} be the set of agents. The total budget shared by agents is:

p{k(t) p%k(t)
h hari T
S mi ) = S mome | LT
kek kek ’“f':” ’%’:ﬁ
k'"eK k'"eK
P () Pia (1)
- B sharing 1I£1 B sharing Ililx
- 1(t)R1 (t) E pI (t) .ot 1(t)R1 (t) Z pI (t)
K1 /11
Tyn Lyn
kel ke
] PlK(t) ) pé{[{ ()
o BK(t)Riga““g(t)i;z”K g+t BK(t)Rf,?a“ng(t)il;Z/K 0
k”ze:lc Fwr k'”ZGIC Far
P11 (1) Pk (t)
- B sharing 1I1‘1 B sharing 1151
- 1(t)R1 (t) pI (t) +...F K(t)RK (t) pI (t)
k1 k'K
Wik T ek Ly
i () Pick ()
hari r hari I
+ - + Bl(t)Ri arlng(t)% + e + BK(t)Ri(anng(t)% (16)

Observe that pl, (t) = 0 for any agent k, hence Eq. (16) can be rewritten as:

p{k,(t)
h hari Iy
S BRI = S B R —
kek K ek\{1} > AR
k,/lelc k
p%k,(t)

+..+ Z Bk’ sharlng( ) F;;
k' eK\{K} T

_ Z Z Bkl sharlng( ) 21; G _ Z B]l;eceived(t).
k//k/

keK k'eK\{k} Ty keKx
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To implement the proposed budget-balanced resource sharing mechanism, Algorithm 1 is ex-
tended to include, at each time period ¢ € T and for each agent k € K, the computation of
Bzharmg(t) using Egs. (12)-(15), and by substituting Bg(t) with Bz,harmg(t) in formulation (10).
The pseudo-code of the TS-based vaccine allocation policy with budget sharing is summarized in
Algorithm 2.

Algorithm 2: T'S-based policy for online vaccine allocation with budget-balanced resource
sharing

for i € V do
a; < 1
bi +~—1
for k € K do
| BE(0) « By(0)
fort €T do
for i € V do
L éz(t) + sample prior Beta(a;, b;)

9 for k£ € I do

w N =

(3 SN

-

10 a1, (t) + solve Py(t,0(t)) using Bi"™(t) instead of By(t)
11 for i € V. do
12 L jl(t) 1= Zztt’:max{t—mi—&—l,l} Ii(t/)

13 [Si(t 4+ 1), L;(t + 1), Ri(t + 1), D;(t + 1)];ey < solve (6) using x(t) and observe
[0:(t)]iev:a; (t)>0

14 for i €V do

15 L compute [*(t + 1) and I (¢ + 1) using Eqgs. (12)

16 for k € K do

sharing _Zievk o (t+1)_
17 R, (t+1) «+ YOIV L (E)ED SR LI (xEY
18 for ¥ € K \ {k} do _
19 L pi’k(t +1) « szievk Zje/\fim’k/ pijlj(t +1)

20 for k € K do
21 L compute B} (¢ + 1) using Eq. (15)
22 for i€V do

23 if x;(t) > 0 then

24 y; < Bernoulli trial (6;(¢))
25 if y; =1 then

26 L a; < a; + 1

27 else

28 L b; <~ b; +1
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6. Data

We conduct a global computational study to test the proposed vaccine allocation policies and
explore the potential benefits of the proposed budget sharing mechanism. For this study, we
generate a global model of the world wherein agents represent the main countries worldwide.
We first describe the population, flight and epidemic data used in this study in Section 6.1 and
introduce vaccination related data in Section 6.2.

6.1. Population, flight and epidemic data

World population data was obtained from the Socioeconomic Data and Applications Center
(SEDAC, 2020) in the form of a uniform 50 km x 50 km raster model. Country boundaries were
obtained from GADM (GADM, 2020). Raster population data was converted into individual nodes,
forming the set V of nodes in the network and linked to countries. A total of || = 177 countries
are considered in this study. To implement the radiation model, we assume a distance threshold
D = 100 km for ground mobility. We use a commute fraction o; = 0.11 for all nodes i € V. A
similar approach has been used in previous studies (Van den Broeck et al., 2011). Global flight
data was processed to extract airports that contribute the most towards the global flight mobility.
Airport location data was generated from OurAirports (OurAirports, 2020), and the global flight
schedule data corresponding to one week of air traffic in October 2020 was obtained from Cirium
(Cirium, 2020). Over 392,000 flight entries between the 25 of October to the 315 of October 2020
were analyzed. This was considered a typical sample representing weekly worldwide flights that
take place during the pandemic. Inbound and outbound airports in the flight data were used to
generate a Voronoi tessellation of the world. Each node of set V was assigned to an airport based
on the obtained Voronoi tessellation. The resulting global network has a total of 53,445 nodes and
12,112,618 mobility links — including both ground and air travel.

The resulting global mobility network and its main features are summarized in Figure 1. Figs.
1(A) and 1(B) illustrate the world raster model and the obtained Voronoi tesselation. Fig. 1(C)
illustrate the radiation model used to represent ground mobility and Fig. 1(D) depicts the flight
network used to generate the air mobility component of the global network. Fig. 1 (E) shows the
relationship between ground mobility inflow and outflows, while Fig. 1 (F) shows the relationship
between ground inflows and node populations. This analysis reveals that the ground mobility
matrix is asymmetric and that mobility flows are proportional to nodes population. Fig. 1(G)
illustrates the global mobility network model and reveals a near power law node degree distribution.
Fig. 1(H) shows that inflow and outflow population-weighted mobility rates are nearly symmetric,
and Fig. 1(I) shows that node ouflow are globally proportional to node populations. This shows
that the proposed global mobility model meets the conditions required by Brockmann and Helbing
(2013) (see Section 3.2). Fig 1(J) illustrates the distribution of node outflows in the global human
mobility network model.

Country-based data for COVID-19 transmission and recovery rates and initial susceptible and
infected populations are taken from Abbott et al. (2020b,a). Node-based transmission and recovery
rates (f3; and ~;, for all ¢ € V) and initial susceptible and infected populations are assumed to be
uniform for each country. Node-based case fatality rates are set to A; = 0.01 which is equivalent
to assume that 1% of infected individuals die from COVID-19 (Rajgor et al., 2020).

6.2. Vaccination data
To determine the per-period vaccination capacity of agent k& € K we assume that countries’
vaccination capacity is proportional to their Gross Domestic Product (GDP) per capita. We

16



:
eAirport = Ground mobility node

ground mobility k Melbc;urne air mobility { Ay ' - N > 5
| | 7
0 2.5x10° 0 8x10°
trips T Tasmania trips
c D
0
10° 10° 4 R .
2 ° °
3 5
= o ., L]
S 5. <102 A
5 10° 100 = D
A & LY
g 3 3 R
s = - -
10 1075 °
10° 10° 10° 102 102 10° 10° 10° 10*
; ground i Node degree, k.
E inflow, fij E Population, Pi G g .
N 10°
= g -
Q. = 2
nl =
% 10° 3 §
e} [} o
= O o
=] Q T
o) < -
-10 ‘g “ 10°
10 Y, 1‘0v [ *®
10° 10° 10° 10° 10° 107 10°
Inflow P.p.. Population, P. Node flow, f.
H I | i J ij

Figure 1: Global human mobility network model. (A) Example representation of airports, cells and Voronoi polygons.
(B) The uniform raster model of the world consisting of 50 km by 50 km cells and the Voronoi polygons associated
with airports. (C) Ground mobility network consisting of nodes and arcs where arc weights represent ground flow
between each pair of nodes estimated with a radiation model. (D) Worldwide air mobility network. (E) The estimated
ground mobility flow matrix is asymmetric with high correlation between inflows and outflows for each node. (F) the
ground mobility flow is proportional to node population. (G) Near power law node degree distribution of the global
human mobility network with combined ground and air flows. (H) Symmetric relationship between node inflow and
outflow. (I) Total node outflow [fi;]icv, jen; is proportional to node population [P;]icv, and (J) distribution of node
outflow [fij]iev,je./\/'.;-
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collected weekly vaccination data from USA, UK, and France as reported by local health authorities
during March 2021, and used linear regression to estimate countries’ vaccination capacities based
on their GDP per capita. The per-period vaccination capacity of country k € K, denoted I'y, is
expressed as a percentage of the population that can be vaccinated per unit of time (week).

Vaccination budgets By (t) = f(I'x) are determined by either of two modes: without budget
sharing and with budget sharing. To implement the former, we use the static function By (t) =
T Zz’evk P; which sets the per-period vaccination budget of agent k as a fraction of the total
population controlled by agent k. To implement the budget-sharing mechanism, we use Eq. (15) to
determine Bzharing (t) based on By(t) (where By(t) is determined as in the no-sharing configuration)
and substitute By (t) by Bzharing(t) in formulation (11). Using this model, vaccination budgets By(t)
are expressed in population units, and the per-unit cost to allocate vaccines to node ¢ € V is set to
C; = P; where P; is the population of node 1.

We use countries’ vaccination capacities to generate node-based vaccine efficiency rates. This
is motivated by the observation that countries with a higher vaccination capacity are also more
likely to have successful vaccination campaigns (Forman et al., 2021). We assume that mean
vaccine efficiency rates are comprised between 0.5 and 0.9 (Kwok, 2021) and we scale countries’
vaccination capacities in this range using a mapping ¢(-), i.e. g(T'x) € [0.5,0.9], for all k € K. We
denote € the level of uncertainty in vaccine efficiency rates. For each country k and node i € Vj,
we generate the mean vaccine efficiency rate 6; by sampling uniformly and randomly in the range
[9(Tk) — €,9(T'x) + €]. The vector of mean vaccine efficiency rates [0;];cy is then used to generate
problem instances by assuming that the random variables [0;(t)];cy are generated from uniform
distributions with support in [0; — €, 0; + €].

6.3. Ezxperimental Framework

To test the proposed vaccine allocation policies and budget sharing mechanism, we use data
described in Sections 6.1 and 6.2 to generate instances of the proposed global vaccine allocation
problem. We consider a two-year time horizon and assume that vaccine allocation decisions are
made on a weekly basis by all || = 177 agents. Thus, a total of |7| = 104 time periods are
modeled. We consider three levels of uncertainty in vaccine efficiency rates: € = 10%, 20% and
30%. For each level of uncertainty, we generate 100 random instances using the process described
in Section 6.2 and we report average performance of the proposed vaccine allocation policies over
each group of 100 instances.

We compare the performance of the proposed TS-based policy implemented using Algorithm
1 with three alternative policies: PB, MA and GY as described in Section 4.4. In addition, we
also report the behavior of the system when no vaccination is performed and hereby refer to this
scenario as “No vaccination”. We assume that all agents (i.e. countries) act independently when
making vaccine allocation decisions across their populations. In the base case, hereby also referred
to as “no-sharing”, we further assume that there is no sharing of budget among agents. We
then compare the outcome of the vaccination policies when the budget-balanced resource sharing
mechanism using Algorithm 2 is implemented by all agents.

All algorithms are implemented in Python on a Windows server with 64 Gb of RAM and a
processor Core i9 with a CPU of 3.10 GHz. For research and reproduction purposes, all optimization
codes and data used in this study are available at the public repository https://github.com/
davidrey123/Vaccine_Allocation.
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Figure 2: The global number of susceptible, infected, and dead population over the last month of the two-year
vaccination planning horizon under different vaccine allocation policies based on population (PB), Moving Average
(MA), Greedy (GY), and Thompson Sampling (TS) approaches.

7. Numerical Results

The numerical results are organized as follows: we first analyze the performance of the TS-based
vaccine allocation policy (TS) against benchmarking policies (PB, MA and GY) and under varying
levels of uncertainty in vaccine efficiency rates in Section 7.1. We then focus our attention on the
proposed TS-based policy and examine the impact of the available budget for vaccine allocation
as well as the budget sharing mechanism onto global infections and deaths in Section 7.2.

7.1. Comparison of vaccine allocation policies

To compare the performance of the proposed TS-based vaccine allocation policy (TS) against
benchmarking policies (PB, MA and GY), we implement each policy over 100 instances generated
using a level of uncertainty of € = 20%. Fig. 2 reports the average global number of susceptible (S),
infected (I) and deaths (D) using each of the four policies over the last month (four time periods)
of the two-year vaccination horizon. For all three compartments (S, I and D), the TS-based policy
consistently outperforms other policies by achieving a lower number of susceptible, infected and
dead population. This suggests that, on average, the T'S-based policy learns true mean vaccine
efficiency rates faster than the greedy learning policy (GY) which uses the same prior distribution.
Both of these Bayesian optimization-based policies outperform the MA policy that only works with
historical observations. Compared to the mobility-agnostic PB policy, TS, GY and MA achieves a
significantly better performance.

A detailed country-level analysis of the performance of the vaccine allocation policies is summa-
rized in Table 1 where we examine the relative performance of policies MA, GY and TS compared
to the PB policy in terms of cumulative and last period gains. The cumulative gain is computed by
summing the size of the susceptible population over all 104 time periods of the vaccination horizon
whereas the last period gain focuses on the gain achieved in the last week of the horizon. While the
cumulative gain is representative of agents’ objective function the last period gain better represents
the effect of learning throughout the vaccination horizon. Due to space limitations, we focus on
the 30 largest countries in terms of number of nodes (|Vj|) which correspond to the optimization
problem with the largest number of decision variables. Bold values represent best performance
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among the three mobility- and disease-aware policies, i.e. MA, GY and TS. Out of 30, the pro-
posed TS-based policy outperforms MA and GY in 22 and 23 cases in terms of cumulative and
last period gains, respectively. We observe that for countries in which TS is outperformed by other
policies, the performance gap is often marginal while T'S is able to substantially improve over MA
and GY, such as for Russia (RU), Australia (AU), Mexico (MX) and Indonesia (ID). We find that
for Saudi Arabia (SA) the cumulative gains of MA, GY and TS are slightly negative which means
that PB outperformed these policies. However, last period gains for SA are positive for MA, GY
and TS which suggests that the learning of mean vaccine efficiency rates is gradually improving
decision-making. Overall, last period gains tend to be greater than cumulative gains thus rein-
forcing this hypothesis. A complete table summarizing the performance of the policies over all
countries is provided in the public repository linked to this study. This study highlights the role
of accounting for global mobility and epidemic dynamics in the design of vaccine allocation policies.

In the remaining, we focus on examining the performance of the proposed the T'S-based vaccine
allocation policy compared to the PB policy that overlooks the impact of mobility and infection
transmission dynamics. Fig. 3 provides a comprehensive summary of the global impact of the
proposed policies. Figs. 3(A-C) depicts the average evolution of the susceptible, infected and
dead populations, respectively, over the entire two-year vaccination horizon under the TS and PB
policies, and in the "No vaccination” scenario. These trends represent average population values
across all 100 instances tested using an uncertainty level of € = 20%. Figs. 3(D-F) focus on the
last week of the two-year horizon and show the distribution of these population values over all 100
instances used in the study. The size of the susceptible and dead population in the world at the
end of the two-year horizon with the TS-based vaccine allocation policy is 5% and 4.4% smaller,
respectively than the size of the susceptible and dead population when a population-based vaccine
allocation is used. The impact of the T'S-based vaccine allocation policy on the infected population
is even larger with 28.3% reduction in the size compared to that obtained using the PB policy.
The impact of the level of uncertainty in the vaccine efficiency rate (¢) is examined in Figs. 3(G-I).
Reducing the uncertainty of the vaccine efficiency rate from 20% to 10% further reduces the size of
the susceptible and dead population by 0.34% and 0.59%, while increasing this level of uncertainty
to 30% increases these populations by 0.55% and 1.16%, respectively.

Figs. 3(J-L) depict the spatial distribution of the resulting reduction in the number of infections
and deaths across the world using the TS-based policy with a level of uncertainty of e = 20%
compared to the no-vaccination case. We find that this reduction is heterogeneous given the
heterogeneity in the infection transmission dynamics and human mobility patterns. Interestingly,
vast areas in countries such as U.S.A., Canada, Norway, Iceland, Saudi Arabia, and Australia
experience significant percentage reductions in the size of their susceptible population while many
areas in India, China, Bangladesh, Myanmar, Thailand, Ethiopia, and Nigeria only experience
slight percentage reductions. We believe that this is mainly due to the difference in the initial size
of susceptible populations, as well as the allocation budget and vaccine administration capacities
that are both assumed to be dependent on the GDP per capita of each country. However, in terms
of the percentage reduction in death, we observe a significant percentage reduction in vast areas of
China, India, Thailand, Vietnam, Indonesia, Brazil, South Africa, and Ethiopia; while many areas
in countries including U.S.A., U.K., France, Spain, Iran, and Turkey experience a relatively smaller
percentage reduction in death. The observed differences are due to the complex interdependencies
of the population density, human mobility, GDP per capita, and infection transmission dynamics.
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Cumulative Gain (%) Last Period Gain (%)
Region  [Vi| S,y B MA  GY TS MA  GY TS
World 53445 7.28e+09 221 226 2.40 4.36 4.57  5.00

RU 11604 1.42e+4-08 3.98 4.04 4.20 7.34 7.58  8.31
US 3877 3.34e4-08 1.35 137 1.57 2.64 2.74 2.31
CN 3546  1.36e+09 244 259  2.72 7.35 7.83  8.40
BR 2816 1.91e+08 5.76 582 5.95 1285 13.05 13.62
AU 2755  2.28e4-07 4.67 533 6.02 1.34 3.94 7.87
CA 2641 3.65e+-07 4.56 4.60 454 5.36 4.48 4.74
KZ 1323 1.91e+07 6.36 6.29 6.14 15.21 1498 14.56
AR 1124 4.64e+07 10.13 10.04 10.07 22.05 21.96 21.94
IN 1117  1.35e+4-09 0.56 0.62 0.61 1.65 1.90 1.97
DZ 855  4.09e+07 4.10 4.02 4.17 7.90 795  8.29
CD 749  8.71le+07 2.62 262 2.64 4.46 447  4.62
MN 741 3.28e+06 219 233 2.44 0.12 0.56  0.98
MX 703 1.27e+08 493 495 5.34 7.23 7.14  8.36
SA 683 3.30e+07 -0.88 -0.85 -0.79 0.68 1.41 1.99
SD 630 4.53e+07 2.16  2.12 2.14 3.76 3.77  3.85
IR 621 8.09e+07 3.72 3.75 3.75 10.64 10.64 10.81
ID 999  2.30e+08 132 1.52 1.79 0.02 0.61 1.55
LY 592  6.58e+06 256 264 3.02 2.07 2.34  3.55
ZA 451  5.29e+07 414 412 4.36 7.17 7.07  7.66
TD 430 1.61e+07 2.88 2.82 2.84 1.14 1.22  1.37
PE 428  2.59e+07 810 817 8.2 17.76 17.95 18.90
ML 427 2.08e+07 3.00 295 3.03 3.98 3.92 4.20
AO 416  1.96e+07 6.18 6.22 6.24 16.00 16.13 16.05
NE 404  2.42e+07 3.11 3.05 3.00 4.51 4.20 4.07
CO 372 4.84e+07 730 738 7.53 1521 15.22 15.87
ET 367 1.12e+08 1.01 095 1.09 2.38 230  2.67
BO 365 1.15e+07 4.73 473 4.94 9.02 8.97  9.68
MR 358 4.25e+06 10.45 10.31 10.18 21.65 21.28 21.02
TR 325 7.06e+07 597 6.14 6.63 14.88 15.22 16.66
PK 321  1.92e+08 214 212 2.27 4.01 3.88  4.46

Table 1: Comparison of vaccine allocation policies for the world and for the 30 countries with the largest number of
nodes in the global network. Values reported for policies MA, GY and TS represent the average gain in percentage
over 100 random instances compared to the PB policy. Countries are listed their two-letter ISO code. The Cumulative
Gain is computed by summing the size of the susceptible population for each region over all 104 time periods of the
vaccination horizon. The Last Period Gain is computed by summing the size of the susceptible population for each
region over all 104 time periods of the vaccination horizon. The Last Period Gain corresponds to the gain at the
104*" time period of the vaccination horizon. Bold values represent best performance.
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Figure 3: Optimal vaccine allocation to minimize the size of the susceptible population. (A-C) The global number
of susceptible, infected, and dead population reduces significantly under a basic population-based vaccine allocation
strategy and the proposed reinforcement learning based vaccine allocation strategy over a two-year planning horizon.
(D-F) A significantly larger reduction in the size of the susceptible, infected, and dead population is achieved at the
end of two-year horizon under the proposed reinforcement learning based vaccine allocation policy. (G-I) Impact of
the uncertainty of the vaccine efficiency rate with a focus on the last four weeks of the two-year horizon. (J-L) The
global distribution of the percentage reduction in the number susceptible, infected, and dead population across all
nodes when a TS-based policy is implemented compared with the base case without vaccination.
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Figure 4: The impact of budget sharing on the world-wide number of infections and deaths. (A-C) The reduction
in the global number of susceptible, infected, and dead population when countries’ vaccine allocation budgets are
made two and three times higher. (D-F) The impact of budget sharing on the global number of susceptible, infected,
and dead population. (G-I) A significant reduction in the global number of infected and dead is achieved via the
proposed budget-balanced resource sharing mechanism while the total susceptible population is slightly reduced given
a total fixed allocation budget. (J) The number of deaths prevented per individual country under the budget sharing
mechanism at the end of the two-year horizon. (K and L) The frequency distribution of the percentage of deaths
prevented and the global spatial distribution of the number of deaths prevented across countries under the proposed
budget sharing mechanism.

7.2. Budget availability and sharing analysis

In this section, we study the global behavior of the epidemic under varying vaccination budgets.
For this analysis, we focus on the T'S-based vaccine allocation policy and set the level of uncertainty
in mean vaccine efficiency rates to 20%. We implement the budget-balanced resource sharing mech-
anism proposed in Section 5 and compares its performance against a no-sharing mechanism. We
also implement the T'S-based policy with twofold and threefold inflated vaccine allocation budgets.
These numerical results are summarized in Fig. 4. The impact of the proposed budget sharing
mechanism compared to a “no sharing” approach is depicted in Figs. 4(A-F). Under the proposed
budget sharing mechanism, while the global size of the susceptible population remains roughly
unchanged (see Figs. 4(A and D)), the size of the infected and dead population is reduced by 24%
and 7.5% at the end of the two-year vaccination horizon, respectively, compared to an allocation
scheme without budget sharing (see Figs. 4(B, C, E and F)). This averts more than 150,000 deaths
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and 327,000 new infections over the two-year study horizon. Figs. 4(J-L) provide further details
on the distribution of benefits obtained using the proposed budget sharing mechanism. Notably,
we find that the vast majority of countries may substantially reduce their national death toll using
this budget sharing mechanism.

We also show that the impact of increasing the global vaccine allocation budget follows a
non-linear trend as observed in Figs. 4(G-I). While a twofold increase of the vaccine allocation
budget reduces the size of the susceptible and dead populations by 40% and 38%, respectively,
further increasing the allocation budget to threefold results in relatively smaller additional gains.
Our findings suggest that through cooperation between countries the proposed budget sharing
mechanism provides a reduction in the number of deaths equivalent to an increase of 12% of the
global allocation budget.

8. Conclusion

This study addressed the problem of allocating vaccines for epidemic control. We consider
population subgroups representative of spatial regions connected via a global mobility network
and use a compartmental epidemic model to capture disease dynamics. We propose a data-driven
optimization approach to solve this vaccine allocation problem in an online fashion. We take the
perspective of decision-making agents that aim to minimize the size of their susceptible population
and must allocate vaccines under limited supply represented by a budget constraint. We assume
that vaccine efficiency rates are unknown and that agents learn these rates from past vaccine allo-
cation decisions. We develop a learning and optimization approach based on Thompson sampling
(TS) to learn mean vaccine efficiency rates over time. We propose a budget-balanced resource shar-
ing mechanism to promote cooperation among agents by tracking the source of infections within
the global mobility network.

To explore the behavior of the proposed vaccine allocation policy and mechanisms, we apply
the proposed framework to the COVID-19 pandemic. We conduct a global study using a raster
model of the world where agents represent the main countries worldwide and have limited vaccine
supply. Using real population, flight and epidemic data, we construct a global mobility network
that combines both ground and air mobility flows and generate multiple random vaccine allocation
problem instances over a two-year vaccination horizon. We then implement the proposed TS-based
vaccine allocation policy and benchmark its performance against a population-based (PB) policy,
as well as a moving average (MA) policy and a greedy learning (GY) policy. To promote research
and result reproduction all optimization codes and data used in this study are made available on
a public repository linked to this study (see Section 6.3).

Our numerical results reveal that on average the proposed TS-based policy outperforms the
three benchmark policies and leads to reduced susceptible populations as well as lower global
number of infections and deaths. Furthermore, our analysis shows that global cooperation in
governance and allocation of COVID-19 vaccines could not only reduce worldwide infections and
deaths, but also benefit most countries due to the crucial role of human mobility in the spreading of
infectious diseases. Notably, countries that have a high mobility exchange can significantly benefit
from pooling and sharing their resources. This calls for a more integrated health care management
paradigm across policy-makers.

The application of the proposed vaccine allocation policy and the revenue-neutral sharing mech-
anism to real-world mobility and epidemic data suggests that the proposed methods are of practical
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use at the global scale. Nevertheless, several modeling assumptions and data sources could be re-
fined to improve the global model, especially in regions where data availability from public health
authorities is poor. Future research will explore the use of more detailed epidemic compartmental
model available in the literature to improve the accuracy of disease spreading dynamics, e.g. using
age-stratified population subgroups. The modeling of the impact of vaccine allocation decisions
could be refined by incorporating additional features such as competition effects in the vaccine
market (Martonosi et al., 2021). The analysis of the impact of coalition among agents could also
be investigated to develop further incentive mechanisms to improve global vaccination efforts in
the context of a pandemic.
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