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Abstract: In this article, a class of mean-field-type games with discrete-continuous state spaces is
considered. We establish Bellman systems which provide sufficiency conditions for mean-field-type
equilibria in state-and-mean-field-type feedback form. We then derive unnormalized master adjoint
systems (MASS). The methodology is shown to be flexible enough to capture multi-class interaction
in epidemic propagation in which multiple authorities are risk-aware atomic decision-makers
and individuals are risk-aware non-atomic decision-makers. Based on MASS, we present a
data-driven modelling and analytics for mitigating Coronavirus Disease 2019 (COVID-19). The model
integrates untested cases, age-structure, decision-making, gender, pre-existing health conditions,
location, testing capacity, hospital capacity, and a mobility map of local areas, including in-cities,
inter-cities, and internationally. It is shown that the data-driven model can capture most of the
reported data on COVID-19 on confirmed cases, deaths, recovered, number of testing and number of
active cases in 66+ countries. The model also reports non-Gaussian and non-exponential properties
in 15+ countries.

Keywords: game theory; dynamics; data-driven

1. Introduction

COronaVlIrus Disease 2019 (COVID-19) is one of the severe acute respiratory syndrome-related
coronavirus. COVID-19 is a disease caused by the virus SARS-CoV-2. SARS-CoV-2 is infecting people
across several countries within a few months and causing deaths, economic losses and food insecurity.
As COVID-19 spreads around the globe, authorities are making decisions about local migration,
confinement, isolation, quarantine and healthcare system capabilities. Individuals, depending on
the country, culture, social-economic context, age and season, are also making decisions concerning
COVID-19. In this paper, we propose an integrated mathematical model and analysis strategies for
combatting the propagation of COVID-19 and for examining the economic consequences. For each
infected person, one often defines the number of secondary infections that are generated by that patient.
The probability distribution of the latter random variables is referred to as offspring distribution.
The offspring distribution depends on its infectiousness which can be biological, environmental,
behavioral or combinations of these. The offspring distribution has been estimated from empirical
data for outbreaks of several infectious diseases such as tuberculosis, cholera, plaque, smallpox,
severe acute respiratory syndromes (SARS), MERS and Ebola. There are two important sectors that
authorities are considering to mitigate COVID-19. The public health sector which tries to understand
the dynamics of COVID-19 (via epidemiological models and efforts) and take measure to flatten the
curve of hospitalized COVID-19 patients (mitigation and suppression). In this case, flattening the
pandemic curve basically means reducing the number of people who are hospitalized all at once
so that the local healthcare system is not overburden. The economic policy sector has been used
to alleviate negative consequences implied by COVID-19 and by the restrictive policy measures.
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The economic policies are also being used to prevent the amplification and the multiplication of
the crisis. Unfortunately, these two sectors and approaches have not been coordinated enough.
The effectiveness of the public health measures may depend on the perception of people in practice
and their expectations because each individual also make its own decisions. Therefore both decisions,
from economic policies by authorities and from country-specific individual preferences, should be
integrated all together.

1.1. Literature Review of SARS-CoV-2

There is an important ongoing research on COVID-19. Below we review some closely related
works. For SARS-CoV-2 (and hence COVID-19) the offspring distribution is not known and the
COVID-19 data set is dynamic. The public data set is updated on a regularly basis or so, meaning it
changes over time as new information becomes available. Below we highlight some features considered
in prior works.

e  Effect of mobility on the propagation COVID-19: The movement and migration of people between
locations add an additional difficulty in estimating the infectivity as each infected person may be
moved, flown to another city, state, country or continent. Some estimations have been proposed by
using contact-tracing or mobile tracking of the path of the each infected person and all its possible
contacts using mobile networks and recognition. However, these estimations on COVID-19
remain limited at a global level [1-4]. The work [5] focuses on a Global Epidemic and Mobility
model that integrates sociodemographic and population mobility data set in a spatially structured
stochastic disease approach to simulate the spread of epidemics at the worldwide scale. In contrast
to [5], we integrate a data-driven optimization setup for authorities and for individuals as well.

e Age and gender structure on COVID-19 death rate: Because the COVID-19 reported deaths
depend on ages and gender, the role of demography on COVID-19 spread and fatality is examined
in [6]. The work in [7] explains the use of SARS-CoV-2 RT-PCR testing outcomes in Italy. The work
in [8] provides some early estimates of clinical severity of COVID-19 by age.

o Epidemiological data set is needed during epidemics to best monitor and anticipate spread of
infection. The work in [9] provides geo-positioned records of case of of COVID-19 outbreak.
COVID-19-related deaths are not clearly defined in the international reports available so far,
and differences in definitions of what is or is not a COVID-19-related death might explain some
of the variations in the reported data.

Several basic compartmental models have been suggested in the literature to simplify the
complexity of mathematical modelling of infectious diseases. These include

SIR (susceptible-infected-removed),

SEIR, that is extended SIR with exposed (E) agents

SEIR with quarantine (Q)

SEIR with age-structure

SEIR with spatial location

SEIRD that is R is divided into recovered (R) or deceased (D)
SEIRD with data fitting via parameters.

These models need to be adapted to include important and key features of COVID-19 such as
context-awareness, decision-making, co-morbidities per area, mobility, age, gender, healthcare status,
and testing capabilities to capture the evolving COVID-19 data set [3,10-13] and to improve the
strategies by considering risk-awareness. Other related works on non-linear modelling can be found
in [14-17].

We propose a data-driven model that integrates some of the basis of economic and pandemic
issue. Table 1 displays some of the key differences and key features of the data-driven mean-field-type
game (MFTG) model.
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Table 1. Key features of the data-driven MFTG model.

Feature SIR SEIR SEIRD SEIR-Spatial SEIR -Age Structured MFTG
locality no no no no no yes
city no no no no no yes
sector per city no no no no no yes
position no no no yes no yes
infection status 3 states 4 5 4 4 17
age no no no no yes yes
gender no no no no no yes
height no no no no no yes
health no no no no no yes
family size no no no no no yes
economic status no no no no no yes
testing strategy no no no no no yes
decision-making no no no no no yes
untested positive no no no no no yes
data-driven no no no no no yes

1.2. Mean-Field-Type Game Theory

The term 'mean-field’ refers to a physics concept that attempts to describe the effect of an infinite
number of particles on the motion of a single particle. Researchers began to apply the concept to
social sciences in the early 1960s to study how an infinite number of factors affect individual decisions.
However, the key ingredient in a game-theoretic context is the influence of the distribution of states and
or control actions into the payoffs of the decision-makers. There is no need to have a large population
of decision-makers. A mean-field-type game (MFTG) is a game in which the (instantaneous) payoffs
and/or the state dynamics coefficient functions involve not only the state and actions profiles but also
the distribution of state-action process (or its marginal distributions).

In a mean-field-type game, the quantities-of-interest (such as instantaneous payoff,
cost, performance functionals, state kernel/coefficients) depend not only on the type-state-actions
of the decision-makers but also on the distribution of them. This allows us to consider higher
order (non-linear) dependence in the distribution of state and or actions on the expected utility /cost
functions. It also allows us to capture risk-awareness in the performance metric whenever one or more
decision-makers are facing uncertainties. We refer the reader to [18-28] for more details on MFTG.

1.3. Data-Driven Mean-Field-Type Game Theory

Below, we build on the MFTG model a data-driven methodology. The data-driven mean-field-type
game theory (MFTG) model of the pandemic COVID-19 presented here is built upon Markov decision
process model of epidemics. Despite the simplicity of this model, important features are extracted that
can assist potential decisions on the strategy to combat the outbreak, essentially configuring a scenario
ranging from short-term suppression to long-term mitigation depending on the achieved reduction
in the hospitalized number, contact number, exposed number, testing number, pre-existing health
conditions, age, gender, location, mobility pattern and spatial contact rate. A coopetition and dedicated
effort from individuals, governments, decision-makers and stakeholders will help in reducing the
propagation but with a cost despite the increased rate of recovered people.

Basically, data-driven MFTG is given as follows.

Time is continuous

Data is reported at discrete-time instants.

Decision-makers: individuals, firms and authorities

Control Actions: Individuals” actions include contact/meeting rates and a movement path to go

outside for food, pharmacies or other basic needs. Firms” action include the production essential,
moderate-essential and less-essential goods and total working hours. An authority at specific
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location controls the testing actions and migration rates within that area, between different areas
of a city or between cities or the country level.

Objective: an individual aims to reduce its risk of being hospitalized and to limit its economic
consequences. Each firm aims to maximize its revenue while keeping its employees from
infections. Each authority aims to reduce the number of deaths under cost-benefit considerations
(see Figure 1).
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Figure 1. Data-Driven MFTG Model: Data, Covid-19 parameter, Model, Optimization, Decision and
back to the data measurement. The verification-validation procedure used in this article.

1.4. Contributions

The proposed data-driven MFTG model has the following key features

context-awareness: captures some areas/ city /country-specific and comorbidity features
integrated decision-making and risk-aware cost-benefit analysis for authorities and individuals.
the mobility map/pattern per areas/ cities/countries is endogenous to the data-driven model
the country-specific age-structure is endogenous to the data-driven model

the pre-existing health conditions per city/country is endogenous to the data-driven model

an estimation of the probability of being exposed (coughing, sneezing, talking, surface contact)
the hospital capacity is endogenous to the model. It is an aggregated data from number of hospital
beds, intensive care facilities, ventilators, nurses, doctors, point-of-care etc.

the testing capacity per country is endogenous to the data-driven model (the number of testing
per week, number of testing facilities per areas/city /country)

the infection status of the untested individuals is endogenous to the data-driven model
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The goal of the article is to examine the data-driven MFTG modelling aspect of COVID-19.
From the mean-field-type game theory perspective, one examines carefully each individual process
at the microscopic level. The individual characteristics are age, gender, location, and infection status.
As each infected individual may affect its evolving neighbors and path, it creates an evolving mean-field
term at the local, regional, national and international level. Thus, a macroscopic description of the
proportion of infected per location will emerge as a global mean-field term. In addition, risk-awareness
at the individual level as well as the global level is proposed. As several countries may not have the
same seasons, culture or socio-economic context, we introduce temperature field, seasonal variation
and local specificities across the countries and couple them with the decisions on the duration
of the soft/medium/hard confinement. The age-structured dynamics are introduced to capture
the dependence on age and on the prior medical conditions of the COVID-19 patient. For the
pandemic COVID-19, many local hospitals cannot sustain a massive influx of infection and this
will create a congestion and saturation. Saturation and the local capacities of the healthcare system are
introduced into the model and de-congestion and curve flattening strategies are analyzed. We also
examine the impact of interventions, control and risk-aware mitigation policies from the authorities.
Both early control, late control and no control scenarios are examined from a network perspective
using a risk-aware mean-field-type game theory. At the individual level, we formulate a risk-aware
decision-making problem that the probability of being infected and its possible consequences. We build
upon prior optimization-based multi-agent models developed in [29-33]. The number of deaths in
the infected population is estimated in two ways. The number of deaths at hospitals and the number
of deaths who are not tested. While there is a reported data set for the number of deaths at hospitals
that directly and indirectly related to COVID-19. Currently, there is no clear data set for the number of
untested deaths. We use a model to estimate it.

The COVID-19 pandemic has already an enormous impact on economic, finance, agriculture,
energy, and geopolitics. The decisions made by the authorities such as confinement, lockdown,
isolation, and curfew measures may have severe side effects and consequences on other sectors such
as employment, supply chain, agriculture, and food security. Therefore a cost-benefit analytics need to
be conducted for each policy per area/city/country.

The risk-aware mean-field-type game techniques presented here can be used to better understand
the propagation of virus across geographical areas. As an integrated model, the impact of control
strategies and switching between different locations in the propagation of the virus include

international connectivity via flight, boat or ground transportation,

inter-cities connectivity via flights, trains, buses, cars, motorcycles,

within city connectivity with pedestrian mobility to pharmacies, local markets, open street air
markets, supermarkets, workplaces, offices,

and isolation/confinement strategies and testing strategy based on the spreading characteristics.
For finite networks, the mean-field term is stochastic and characterizes the evolution of the total
number of infected /recovered/tested /untested agents per location. By introducing control strategies
at both atomic and non-atomic levels, the number of hospitalized all at once and deaths can be reduced.
However, the control is costly and need to be carefully planned (Figure 2). Table 2 summarizes the
heterogenous data sources.
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Figure 2. Pandemic vs. Economic Consequences of COVID-19.

Table 2. Heterogenous data sources.

Data Sources
International connectivity per country Flightradar24 [34]
Age structure per country [35]

COVID-19 data set
Local mobility

Country-specific hospital capacity data

Geographical map
Economic policy

[10-13,36]
Google Community
Mobility Reports [37]
World Bank Group [38]
OpenStreet map
IMF

1.5. Structure

The rest of the article is organized as follows. In Section 2 we present some basic models.
The data-driven MFTG setup is presented in Section 3. Section 4 presents the COVID-19 data set used.

Section 5 concludes the article.

1.6. Notation

Table 3 summarizes the notations used the proposed model.
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Table 3. Some notations used the proposed model.

Symbols Meaning
1 locality
I=(h,hL 1) country, city, area
T(t1) temperature field
m migration between countries
12 migration between cities
73 local mobility between areas of a city
z age variable
o(l,z,t) initial age distribution
F(t) testing capacity per week
0 testing strategy at 1

c=(cy,c2,C3,C4)

x = (x1,x2,h)
(%
s

3

QM ™I =

pre-existing health condition,
gender, height, family size, economic wealth
position of an individual agent
velocity of an individual agent
individual epidemiological states
subpopulation size at locality [
meeting/activity strategy
mean-field
Drift
interaction kernel
physical distancing of 2 m
economic wealth

2. Basic Models

2.1. SIR

We start with a basic system of differential equations to estimate the propagation in an
homogenous population with size n = n(ty) >> 1 at time ty and three compartments (Susceptible “S”,
Infectious “1”, Removed “R”) There are three different variables (S, I and R) representing the status of
each compartment. B represents the disease transmission rate and -y describes the "removed" rate.

=—A-S,
=A-5—79-],

=1,

5t0)>0, 1)
I t0)>0

R(to) =0,

A=B5

x w\;&\&&\&

—~

An important functional, called basic reproduction number, is given by:

2.2. Data-Driven SIR

B
Ry="L.
%

We would like to have an idea of the functions I(ty), B, y, Ro. We aim to estimate them from the
dynamic data set that reported (publicly) by authorities.

° Given the data sets

- infected cases [(tp), [(ty+
- Removed cases R(fy), (

I( otk—1),
1) R(0+k—l)

propose an estimate of By, = ﬁ (for B) and y4,1, = § (for )
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e  Compute an estimate for Ry

We estimate the rate parameters by solving a dynamic optimization problem.

e  Given the data sets, solve the basic optimization problem

~ ~

(B,4,50, 1o) € arg min /t:o+k|1(t)—f(t)|2+R(t)—R(t)|2dt,

(ﬁ,W,S(tO),I(tO))GSPEC
This provides (ﬁdata,k = B/ Ydatak = /)\/)

:Bdata,k
Ydata k

RO,data,k =

where Spec means the specification parameters and k > 1.
This leads to a Data-Driven SIR:

E(to)—so,(0)—10#0,R(t0):0,
s

s _ _p S
ﬁzg.i.s_ml
LN

@ =71

From the latter system one can obtain the trajectories of (S, I, R) over time. Then, several questions arise

What if the data set changes regularly?
Weekly estimates?

Monthly estimates?

Long-term estimates?

It is important to notice that for some countries, the data set provided need to be structured per
week, two weeks, month time windows or a proper moving average to learn a meaningful trend of the
data. Data-Driven SIR

° Pros

- we have a data-driven model of SIR model

- itis a simple model

- itis compartment-based

- itisbased on the data set {I, R} during the time window [to, to + k — 1]
- itis deterministic

) Contras:

- the number N is fixed and global

- notlocalized

- itis homogenous

- Does the shape of I, R capture the observed data [, R?

Next, we relax the restrictive assumptions made in the previous model and include
context-awareness into the data-driven model.

2.3. Basic SIR with Location, Age and Economic Wealth

We introduce the SIRD (susceptible-infected-recovered-deceased) dynamics with spatial location
x over a map Dy at locality /, socio-economic status e and age-structure z.

Susceptible:  S(x,z,e,t)
Infected: I(x,z,e,t)
Recovered:  R(x,ze,t),
Deceased: D(x,z,e,t)
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Domain: (x,z,e,t) € R3 x R x R x (fg, t1),

St(x,z,e,t) = —uS(x,z,e,t) [ B((x,ze), (x,2,¢))(dx',d2', de', 1),

Ii(x,z,e,t) = uS(x,z,e,t) [ B((x,ze), (¥, 2,€))(dx,dZ,de,t)
—vI(x,z,e,t)=6(x,z,e)(x,z,et),

Ri(x,z,e,t) = vI(x,z,¢,t),

Di(x,z,e,t) = 6(x,z,e)I(x,z,¢e,1), )
Initial condition

S(dx,dz,de, ty) = So(dx,dz,de),

I(dx,dz,de, ty) = Iy(dx,dz, de),

R(dx,dz,de, ty) = 0 = D(dx,dz,de, ty),

x €Dy

where u is the meeting rate, -y is the recovery rate, J is the death rate. These are nonnegative real-valued.
A solution to the above system, if any, will be denoted by (S, I, R, D) = (S*™0, [*0, R*™0, D*"0) with
the initial measure my = (S, I, R, D)(ty).

From (2) we observe that the function

t— %/(S+I+R+D)(dx,dz,de,t),

is identically zero. We set [(S+ I+ R + D)(dx,dz,de, ty) = ny, at time t = fy. The condition for I;
to be negative yields uS( [ BI) < (7 + 6)I. This means that basic reproduction number R, depends
not only on ﬁ but also the contact rate kernel  which captures physical distancing and economic
wealth interaction in the society. We choose I(x, z, ¢, to) to be higher for very high e to capture the initial
infection from (international) travelers and people who are in touch with international businesses.
Then the contact rate kernel § is inversely proportional with e. The spread is transferred to areas with
low income, the dynamics exhibits a higher infection of COVID-19 in some places with low income per
family size. However the spread transfer from higher income population to a population with lower
income may be slower in some countries due less interaction B with infectious people.

2.4. Control of SIRD with Spatial and Age Structure

We introduce the control of the SIRD (susceptible-infected-recovered-deceased) dynamics
with spatial location x, socio-economic status e and age-structure z. Let tp < #
and (x,z,¢,t) €ER® x R x R x (to, t1).

St 4+ S, —€(s,2,)AxS = —d(s,z,€)S — divy(vS)
—uS(x,z,e,t) [ B((x,z,e), (x,2,¢))(dx,dZ,t),
L+ L —e(i,z,e) A = —d(i,z,e) — divy(v])
+uS(x,z,e,t) [ B((x,ze), (x,2,€))(dx',dz,de,t)
—6(x,z,e)I(x,z,e,t) —vI(x,z,0e,1t),

Ri+ R; —e(r,z,e)AxR

= —d(r,z,e)R + yI(x,z,¢e,t) — divy(vR),

Dy =6(x,z,e)I(x,z,e,t),

Initial condition
S(dx,dz,de, ty) = So(dx,dz, de),
I(dx,dz,de, ty) = Iy(dx,dz, de),
R(dx,dz,de, ty) = 0 = D(dx,dz,de, ty),
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New borns (age 0):
I(x,0,e,t) = R(x,0,¢e,t) =0,
S(x,0,e,t) =

[ b(x,z,e,5,t)S(x,dz,e,t)
+ [b(x,z,e,1,t)R(x,dz,e,t)
+ [b(x,z,¢,i,t)I(x,dz e t),

where the number of infectious people inside the ball B¢ (x), within two meters radius € is given by
1y (Be(x :/ / I(dx',dzZ',de’ 1),
1(6) (Be (%)) Joesw e ( )

u is a control functional, €(.) is a diffusion coefficient, A, denotes the Laplacian operator, div, denotes
the divergence operator, B((x,z,¢), (x’,2/,¢')) is the interaction kernel by age and spatial position of the
agents, bis the fertility rate of the population of Susceptible (S), Infected (I), recovered (R), d(s,z,e) is the
death rate by age and infection status, v is the velocity (three-dimensional), and e is the economic wealth.
A solution to the augmented system is denoted by (S, I, R, D) = (S*%™0, [*®/M0, R%OMo D00 ),
Then the optimal control of SIRD becomes a Mean-Field-Type Control Problem, and is given by

supyw) [ S(dx,dz,de, t1) — D(dx,dz, de, t1)

— [ihdt [ ho(ni(Be(x)))||ol|5(x, z,e,5,)S(dx, dz, t)

— [irat [|[v]3(x,z,e,5,1)S(dx, dz, de, t)

— [.hdt [ ||v]|*(x,z,¢er,t)R(dx, dz,de,t)

— [irat [||vl3(x,z,ei,t)(dx, dz,de,t) 3)
+ [, ' dt [[log(u) — u?)(x,z,e,5,t)S(dx,dz, de, t)

+ J;, dt [[log(u) — u?)(x,z,e,1,t)R(dx,dz, de, t),

subject to

= (S,I,R,D) = (SWPHo, W0k, RutH0, Dok,

u(. to) = po,

Please note that n1; depends on u and v which control actions.

2.5. A Basic SIRD Using Mean-Field-Type Game
We now introduce a basic Mean-Field-Type Game (MFTG) as follows

SUP (4, 5) [ S(dx,dz,de, t1) — D(dx,dz, de, t1)

- fttl lervary (v) + epvary, (u)]dt

— [irdt [ ho(np=(Be(x)))||0]*(x,z,¢,5,t)S(dx, dz, de, t)
— [irdt [ ||o]|*(x,z,e,5,1)S(dx, dz, de, t)

— [irdt [ |Jv]|*(x, 2,7, t)R(dx, dz, de, t)

— [rat [ lol|%(x,z,¢e,i,t)I(dx,dz, de, t)

+ [l dt [[log(u) — u?](x,z,e,5,t)S(dx,dz, de, t) @)
+ [, dt [[log(u) — u?)(x,z,e,1,t)R(dx,dz, de,t),

subject to

u= (S, LR, D) _ (Su,v,ygl [0 RUVHO Du,v,yg)l

(o to) = po,

m = (S*,I*,R*,D*) =

(Su*,v*,mo Iu*,v*,mo Ru*,v*,mo Du*,v*,mo)
Mps(t) (B€(x)) = fx’EBg(x) f(z’,e’) I* (dx’, dz',de, t)

The term ny» depends on u* and v* which are equilibrium individual control actions.
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The parameters €1 and €, are non-negative real numbers. Due to the variance terms var,(v),

vary (u), Problem (4) is nonlinear w.t.r the measure y (and non-linear in 7). For more details on
mean-field-type games we refer the reader to [21,22,28,39-41]. Next we introduce the variance-aware
data-driven MFTG.

3. Data-Driven MFTG

There are K > 1 countries distributed over a three-dimensional geographical area. A projected

map is given in Figure 3. The set of countries is represented by a set of locations {1,...,K} with
geographical coordinates (latitude, longitude) on the map.

=

Figure 3. First flow of infection of COVID-19 from Asia to Europe to America and then to Africa.

3.1. Authorities, Firms and People

Authorities: In each country/location, there is an authority who can decide on the testing policy
(when, how many), migration, confinement policies of the country and international connections
via flights, boats and ground transportations. The authority in /, has a testing capacity to
be adjusted properly, and the migration rate 7,1’ € N;, where N is the set of connecting
areas/cities/countries from /. The intra-city mobility in city I3 is represented by the mobility
rate 773, the inter-city mobility from/to cities I, is represented by the mobility rate 7, and the
international connectivity from/to country /; is represented by the mobility rate 7.

The country specific seasons and temperature field T(t,1) are given. The temperature field will
be taken into consideration when making a decision on the duration of a lockdown at a sector
level, city level or activity level. In each country in {1,...,K} there is a subpopulation of people,
called agents. The distribution of age of all agents in country [ is given by p(I, dz, t) where the
(chronological) age z ranges from 0 to 124 years. The function p is fitted from real data set making
it heterogenous from one country to another. The age distribution data per country is available
in [35]. Figure 4 illustrates a sample (unnormalized) death rate per age-structure. An illustrative
location-specific age distribution (unnormalized) function is displayed in Figure 5. A gender and
height are also given.

The authorities play the role of atomic decision-makers as their decisions can influence
significantly the internal and external migration from that country, and the subpopulation at
that location. The authority of country I aims to reduce infections, deaths and economic losses.
The authorities strategic objectives are the following:

- reduce the number of deaths
- Interrupt agent-to-agent transmission including reducing secondary infections among close

contacts and preventing further spread at a larger-scale;
- Identify, isolate and care for patients early (testing-tracking-tracing);
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Realizing a testing strategy at a given time window. The testing capacity f;(t) can be

improved by the authority in [ over time .
Minimize social and economic impact through multisectoral partnerships between countries,

geographical locations and airports hubs.

e Firms: Production goods are classified as essential, moderate-essential and less-essential.

Each firm decides its total working hours and aims to reduce the number of infected employees
and economic losses.

e  Agents per country: Each agent has an age z and a position located in one of the K countries.
An agent of any age can be infected by a virus (SARS-CoV-2 for the Coronavirus disease 2019).
An agent with located in area I3 of city I, of province state/country [, age z,pre-existing health

condition (c), gender(g), height (h), family size (fs), average revenue per family. We rename
(c,g,h, fs) of the agent to be ¢ = (c1, ¢, c3,¢4). and has an infection status described as follows.

For untested individuals, there are six states. Non-infected agents are susceptible (lac-S).
Non-infected agents including recovered agents can be re-infected by another mutated
version (if any) of the virus. An agent can be exposed (lac-E), for example, by an
infected agent who is coughing, sneezing, from a surface contact or from a directional air
conditioning (if any). Some of the exposed agents become passive (lac-P) which means
dormant (asymptomatic infectious or mild symptom) and some others become active
(lac-A). One absorbing state: deceased (lac-D). Some of the passive or active agents become

recovered (lac-R).
Some of exposed people will be tested. There are ten additional states plus one specific

state actioned by healthcare authorities to identify, isolate the potential exposed people
for example by means of phone calls or contact-tracing and tracking. These states are
Testing (lac-T), lac-testing negative, lac-testing positive, lac-testing unclassified /unknown,
lac-contact tracing of the last two-weeks for each COVID-19 tested positive, lac-isolation
at home, at hotel, at a point-of-care, lac-hospitalized (severely active case), lac-recovered,
lac-deceased

The 17 infection status are given by

lac-susceptible, lac-exposed
lac  untested: lac-passive-untested, lac-active-untested, lac-recovered-untested,

lac-deceased-untested,
lac-testing, lac-testing negative, lac-testing positive, lac-testing unclassified /unknown,
lac-contact-tracing-tracking:  for each  COVID-19  tested  positive  agent,

a contact-tracing-tracking action is taken by the authorities to reach out and identify people
who may have been potentially exposed by getting in the close contact of the COVID-19
positive agent in the last two weeks. This is not an individual but a collective action taken by
the authorities. A person who has been identified from the list of contract-tracing person
may be considered to be potentially exposed and a testing decision will be made after

evaluation of the level of risk.
lac-isolation at home, at hotel, at a point-of-care
lac-hospitalized (severely active case), lac-recovered, lac-deceased

Figure 6 illustrates the evolution of the 17 states over time.
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Figure 4. Death rate distribution by age.
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Figure 5. A sample age distribution (unnormalized) for a specific sector.
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3.1.1. Individual State
The internal state of individual p is (I,(t), xp(t),sp(t),zp(t), cp(t)) where

o 1p(t) = (lp(t),lo,p(t),13(t)) is an index representing latitude-longitude of the location of person
p at time t, Iy , for the country, I, , for the city/province, I3, for the area of the city. [,(t) € £

describes a discrete set of cities map of the countries in {1, ..., K}.

xp(t) = (x1,p(t), x2,p(t), hp(t)) represents the position of agent p at time ¢

sp(t) € {S,E,P,A,R,D,sy,...,s17} is the infection status of person p at time ¢,

zp(t) € [0,124y] is the age of person p at time ¢, up to 124 years. The number y is a conversion
from one year into a proper time units.

o cp(t) = (crp(t),cop(t), cap(t) cap(t)) with c1,(t) € Ci, which is the set of all subset of
C] = {phcy, phey, phes, . ..} a finite list of pre-existing health conditions (phc) that are considered
to be relevant by health authorities. Notice that C; contains the empty set @. If person p has
no prior health issue then cy ,(f) is set the empty set c1,(f) = @. The set C; includes also
some combinations of diabetes (type 2), cerebrovascular diseases, severe asthma, pulmonary
hypertension, cardiovascular disease, high blood pressure, chronic obstructive pulmonary disease,
chronic kidney disease, among others. Older people and people with pre-existing medical
conditions are assumed to be more vulnerable to becoming severely ill with the virus. This is
reflected in Ay as a function of age z.

c2,p € C; represents the gender of person p. C; is a finite set representing the spectrum of gender,
and c3 () = hp(t) € Cs is the height of person p at time t. C3 represents the spectrum of height
and C4 represents the set of family size or number of roommates at residential areas.

The set of states of an agent in location I € £ is X x C x Status where the infection status of the
agentcanbe {S,E,P,A,R,D,sy,...,s17} and C = C; x C3 x C3 x Cy.

3.1.2. Global State

The population size is a large but finite number n. The global state of the system is the measure
(M(1,dx,s,dz,c,t), 1 € L,s € {s1,...,517},2z € [0,124y], c € C where

ML, Vx,5,Vz, 6, 8) = Zp L1, 8),55, (0,00 (1)=(15,0) oy (1) €V, 2, ()€ Vs ®)

where Vy is a Lebesgue measurable set of positions at / and V, is a measurable set of ages at I.
The intra-state status of the system in location [, age z and characteristics (c1, ¢z, ¢3,c4) at time ¢ is
given by

M(1,dx,dz,c,t)

6
= (S,E,P,A,R,D,sy,...,s17)(1,dx,dz,c,t), ©)

representing a measure of the total number of people located at | for each of the 17 status.
Let n(l,z,c,t) be the population size at location | with age z and characteristics (cy, ¢2, ¢3,c4) at time ¢.
Let n;(t) = Y. [ n(l,dz,c, t) be the population size at location / at time ¢. The occupancy measure in
area I3 of city I, of country /1 is

M"(1,V(x),z,c,t) = M(l,x,z,¢c,t),

”liv xeV
where V of the volume of the neighborhood V.

3.1.3. Individual State Transitions
We describe below the transitions between infection status.

e  Susceptible agents can be exposed to the virus in different ways. (i) become exposed from a
surface contact that has been infected recently. (ii) exposed from a coughing or sneezing of an
infectious person (with or without symptoms) with rate A,
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e  Exposed agents: Recent observations suggest that for the COVID-19, the risk of exposure can be
affected by surface contact, coughing and sneezing (with a face mask vs. without a face mask).
We propose to examine the mathematics of coughing and sneezing in order to estimate the range
and the risk of exposure of a person. A simple dynamics of coughing and sneezing is proposed
in [42]. The trajectory of the puff is governed by the evolution of its momentum I and buoyancy
B. The buoyancy force is vertical, causing the cloud to follow a curvilinear trajectory denoted by
(w, 0, h) or equivalently (x,y, h)

Vi = 317043w2wt — vat,
Pct = %(UpNt(Pc —pp) + 3nadw?wi (o — pc)),
By = goaVi —8(Voc)t,

I =B, (7)
12 cos? 6y 1
wy = (1§+ 0 Ve 0)z,
___3NU,
Ny = — I

where V volume of the cloud, 7 = « = 0.1 constant, s distance from the source, v, speed, N is
the number of particles within the cloud, with particles concentration % at time ¢, p. (density
of the cloud) , p, p, (density of the ambient air), B cloud buoyancy, g is the acceleration due to
gravity, [ = (I, Iy), momentum, [y initial momentum, 6y initial angle. U, = wy is the speed of

the suspended particles with a time scale of uiw

The quantities-of-interest include the fallout time, position, and the horizontal range of deposition.
These quantities affect the exposure to the range and possibly the transmission of the disease by
emitted pathogens. We numerically compute the parameters , A, ; by looking at the distance
over which the cough/sneeze travelled around 0.7 m, with an initial Up of 4 m/s. An area of
0.17 m? is covered initially with an expansion rate equal to 1.3 m?/s. We run the system for 45 s.
A susceptible person present in this area will be considered to be a directly exposed person with a
probability proportional to the intersection of their two path areas [1].

s1=s: —SiAse +ejAes +E_ 10 A s + £y 101 As + 10 Ay
syi=e: S1Ase + pi(1 —01)Ape + a;(1 — 6;) Age
10 e+ b idiAre — S et (1)er — ehes — e (1 — &1)Aca
—ey(uy(ols,2) (1 — 0))Agpy + ui(mlp, z)(1 = 01) A1) +11(1 — 61) Are
s3i=p: —pi (1= 8)Apr = pr(1 = 8)Ape — 2pi (s (m]p, )ity (m| p)) (1 = 67 Apa "Et
+a1(1 = 6)Aap iy +er (w1 0le, 2) (1= 0) As
+up(m|p,z) (1= 0) Aeppr)+r1(1 = 61) Arp

1
Sgi=a: 2p;(uy (m|p, z)i; (m|p)) (1 — ;) Apa "p;’l:] —a;(1=6))Age —a;(1— 5Z)Aﬂphl”T’m
+er(1—6)Aea—ar(1 —01)Aga(l, 2, ¢) — ay(1 = 8) Aar (1, 2, )
S5 i=71: }71(1 — 51))\;7)‘ + ﬂl(l — 51))Lar(l,2, C) — rl(l — 5[))Lyp — i‘l(l — 51))\;'5
S¢:=d: (1=8)Aaa(l,z,0)ay
D. L Sy = t: Jl)\tt,t(l/ C)tt] + 51)\31»(1)81 — t151)Lt,t+ — t,(SlAt,L — t]&])\t,fu (8)
intra "~ . .
sgi=1_: tO AL — t_,,él/\,fs — t_,lé]A[’ig
Sg 1=ty L0 Aty — b 01 A ys — Eu 101 A L,e
S10 = t+ : tlél)\t,br — t+’l§[/\t+,” — t+'151)\t+,th1 — t+1151)\t+'tpc — t+'151)\t+,th2
s11:=tt: J; contacting, verifying, making a list, suggesting test

s1p := thy Ee10iA, h, — thl,lﬁl)\thl,thosulﬁl(t_hLI — %,) - thl/"sl}\thl,tr - thl/l‘slAthl,fpc
s13:=1pC: b8y tpe — tpclél)\tpcrthosu3ﬂ3(tf>cl ) - tPCdidpe tr
sus=thy:  todA, g —thydidg, hogtatia(thy — ) - thoidiA,
s15 := thos : thlrl‘slAthl,thosulal({hU - %) + tpcl51Arpc,thos“3ﬂ3(tISC1 - nil)
+tho 014, thogtafa(th) — i) = thosioiAy o, — thosidiAg os 1q
16 1= tr: th0515’/‘thos,tr + thl,l‘slAthl,tr + tpcl/\t-pc/tr + th2'151Ath2,tr — 0 A

S17 1= td : thosl&’/\thOS,td
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An exposed person

may become active with a probability Ae, (/)
may become passive via two ways. (i) Agy, is the probability of getting infected by a surface of

contact or in close contact with an infected agent. The exposed agent can decide to receive or
not an item or a visit to a workplace, grocery store, pharmacy, {0,}. The contact probability
is uj(ole, z, c). In practice, the meeting or contact probability are estimated through the path
trajectory of exposed people and the use of physical distancing to an exposed person or an
exposed surface. (ii) A, P}’ (t) models the probability of encounter a passive agent where

PI(t) = /x LI, a2 e 1))
2 ¢

An example of interaction between an exposed agent and an active or passive infectious
agent is given by

m(l,x,s,z,c,t) fx,/Z, Yo B((x,2),(x,2))

)
Zs’e{p,a,t+,tpC,th1,thz,thos} m(l',dx',s',dz’, ', t)],

where f is the spatial exposure and cross-age kernel between positions x and x’ as in (7),
and s € {lac-S,lac-exposed}. For infection at homes and residential areas, we take the
average family size per area/city/country. This is made endogenous to the model by setting
c4 to the “family” size (or number of roommates) of the individual.

o  Untested Passive agents: In practice, the confirmed cases (asymptomatic and symptomatic) are
made through a two-step process via testing for COVID-19 which can be positive, negative or
underdetermined with some probabilities (A pos Ane). Since testing is still limited in many countries,
we estimate the untested passive agents from a tracking of exposed agents obtained by phone calls,
surveys, mobile tracking, contact-tracing, among the others. A large number of the population
has not been tested yet. A person in country [ is untested with probability 1 — ;. where J; is the
testing strategy adopted by the authority in /.

may become recovered with probability A,

may become susceptible with probability As.

may become active with a rate A, ;.

may opportunistically encounter with another infectious agent or has comorbidities, and both

become active. The rate is Aps2(z,¢) (P (t) — ni’) The passive agent can decide to be in

physical contact or not with the other infected agent, so there are two possible actions:
{m,m}. The meeting probability is u;(m|p, z,c).

may cause death with age.

newborns with passive status with age 0. This will be considered to be a very small number

as in the (publicly) reported data set.

o  Untested Active agents:

may become susceptible with probability A4(l, z, ¢, Ig”) tand depends on age.

may become passive with probability Aqy(z,p,1) h,JrlT(")(t) This will be considered to be a
1

very small number as in the (publicly) reported data set.

may cause death with age. The death rate d(z, ¢, p), due to the virus, increases with the age z

of the agent. The distribution of age in location / solves

pt+ 00z = —d(z,¢,0,1)p(l,2,1)

where 7 is the aging speed and d is the death rate. The initial distribution of age in location [ is
p(1,dz,0). The birth rate is p(1,0,t) = [ fert(l,z,p)p(l,dz, t) where fert(], z, p) is the fertility
rate at age z in country /. Older people and people with pre-existing medical conditions such
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as severe asthma and pulmonary hypertension, high blood pressure, diabetes, are assumed

to be more vulnerable to becoming severely ill with the virus SARS-COV-2.
- newborns with active status with age 0. The newborn part of the population contributes as

p(1,0,1).
e  Untested Recovered agents: Depending on the type of virus mutation and immunization of the
agent, a recovered agent can be re-infected by a mutated version of the virus and hence,

- may become susceptible with A,s(z,¢) but it is assumed to be small as suggested by the

publicly reported data set.
- may become passive with A, (z,c) but it is assumed to be small as suggested by the publicly

reported data set.

e  Untested Death: this is an absorbing state. No transition to any other state once in. The death rate
depends not only on the age of the patient but also on the temperature field or season at location
I. It also depends the capacity of the Healthcare system at location /. The constraint is

/Zhospitalized(l, dx',dz',c,t) <¢(t),
C/

where ¢)(t) is the capacity of the healthcare system at location ! at time t. When the capacity ¢;(t)
is exceeded, the death rate d increases drastically. Authorities anticipate the saturation and find
alternatives such as installations of equipments at stadiums and new hospitals. An aggregated
hospital capacity data set ¢; is available from World Health Organization and World Bank
Group [38]. Depending on the country, there is also a certain rate A, of undetected COVID-19
patients (not reported at hospitals or from their homes) that lead to death. Figure 4 illustrates a
data-driven death rate by age.

o lac-testing: During a period of asymptomatic infection, the testing can reveal infection depending
on the outcome. The testing result can lead to different outcomes and the isolation can be
at home, hotel or point-of-care as displayed in Figure 7. Testing occurs in country [ with
probability J;.The result of the testing is often classified as positive, negative or underdetermined
(unknown). Quarantine at home, hotel or point-of-care policy is case-dependent. It can be
dependent on whether a case is unknown, known positive, known negative, or recovered.
Testing therefore makes possible the identification and quarantine of infected individuals and
release of non-infected individuals. Each country has its own testing capacity f; and testing rule
61 (deciding by the authority at /) and the constraint is captured by

2/ testing(,dx’, dz’, ¢, t) < f(t).
o x!,z/

o  The testing state moves to one of the three states: lac-testing negative, lac-testing positive,
lac-testing unclassified /unknown.
lac-contact tracing of the last two-weeks for each COVID-19 tested positive agent.
lac-isolation at home, at hotel, at a point-of-care:

- may become hospitalized with probabilities

Mh, thos (2 )t (i () = 55),
Ath, thos (2 €)u2ita(tha (1) = ), (10)
/\tpc,thos(zfC)”3L_‘3(tpcln(t) - n% ,

respectively.
—  may become recovered. The rates are Ath tI.(z c), )‘th tr(2,0), Mper(z,¢),
- Thére may be also a transition from homme to one of the pomF of-care with probability

Athl,tpC (Z, C) .
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° lac-hospitalized (severely active case),

- may become recovered with rate Ay, Str (z,¢)(thos} (t) — n%)
- may become dead with rate Ay, ¢ 1q(z,¢) + (thos; —¢;) +.

e lac-recovered

- may become susceptible with rate Ay (2, ¢) but it is assumed to be very small.
-  may become exposed with rate Ay, (z,¢) but it is assumed to be very small.

e lac-deceased: this is an absorbing state. There is no transition to any other state once in.

When 4; = 0, the model (without testing at locality I) reduces to six basic individual states.
Figure 7 represents some of the intra-dynamics for both tested and untested individual at a given
location wit pre-existing health condition c, gender, height, family size, age z, and untested options.
Connection with SIR, SEIR, SIRD, SEIRD can be found in Figures 8-11.

Aeys
lac-exposed As.e
(e)
Ars
@ -
)\f tu

Aea | Atea Attt

- ey

A d

At thi
A
@ ttpe At th2

‘)\”“I m ‘

Ath,tr

Atr,s

A Atpe,tr
thitr Atpe,thos

Ath2,thos
)\”l].”m»

Aho lac-hospitalized
(thos)

lac-deceased

(td)

Figure 7. Intra-dynamics at a given location with untested and tested options. Home, hotel, point-of-care
isolation. l.a.c=location(l)-age (a)-pre-existing condition (c), gender, height, family size, economic status.
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Figure 11. Connection of the dynamics of SEIRD.
3.1.4. Mobility Per Area/City/Country

o  The mobility pattern of the agents through ground transportation within the same street/area
of the city, between areas of the cities, between cities via ground and air transportation
and international connectivity are given by a mobility map or graph with rate functions
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(T, C,¢c, A, m,p,u,v,8,n) between locations ! and !’. We decompose 7 into three layers:
11 connecting countries, 17, for connecting cities, and 73 for connecting areas of the same city.

The mobility pattern by area per city can be formulated as follows. Let | = (ll, I»,13) be a location

of a specific area I3 of the city I, of region/country I; and x = (x1,x2, /) € R3 a geographical location
of an individual agent inside the area I3. Let m(l, x, s, z, ¢, t) be a measure of the agents satisfying the
Kolmogorov Equation (19). The limiting measure m can be written as

time-variation

= advection-jump-diffusion

local spread of the disease: coughing and sneezing

local spread of the disease via surface contact

intra-city mobility in I3

inter-city mobility from/to Ip

international connectivity from/to I;

population aging and death (11)
number of hospitalized patients vs. hospital capacity in I3
number of tests vs. testing capacity in I3

initial population

new borns with age 0,

city architecture constraint

map constraint

Allowed/feasible mobility areas/exits

The evolution of fraction of agents per state is given by

The number of agents for which there is a transition in one time slot is always less than 2.
Payoff contribution from switching : {0, n%, — ni, n%, — n% .
The intensity of interaction is in the order of 1 / ny.
The drift ( the expected change of M" in one time-step given the current state) of the system is:
1 . o
o [Dintra + Pinter)s With Djptr, given in (8) and
Yo Syt — Sp oy iy — USz) — d:St
Ly eyt — e Ly i — vez,) — dey
Ly prirr = pr Xy iy — opzp — dpy
Ly aptpp — ap Yy — vaz,) — day
Y rptpy =y Yy iy — Orz; —dry
0
L Spjtvr — Sij Ly iy — VSj,z — dsyj
0

Dinter 1=

where j € {7,...,16}, and m is the actual population mean-field profile as a function of
(1,x,s,z,¢,t) given in (19) where yq denotes a quarantined agent with status y. Agents with
non-empty pre-existing conditions ¢ # @ are handled separately from the above dynamics
with a certain quarantine rate at the early stage. Here byy = 0 for z > 0 and The new borns
are counted in the calculations of m from the functional b with age z = 0. The transition rate
§(x,s,z,¢;(1,x',s',2',c/,t,m)) is obtained from the functions A following the diagram in (8).

Proposition 1. As n; — oo the occupancy measure M" (t) converges in probability to the solution of the
(controlled) differential equation given by

m(l,x,s,z,¢,t) = f(l,x,5,2,¢t,Au,01,0m),
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starting from m(., tg) = mo(.).

The convergence is in distribution. It is, in general, weaker than the convergence in
probability. However, here, the limiting object m is a deterministic (parametrized) object, and hence,
the convergence is also in probability. The proof follows from [30,31] by using a martingale approach
with an infinitesimal generator driven by the drift

f:= lim [D

n—r—+400

+ Dy

inter 1r1tra] ’

where the limit is taken in (8).

3.1.5. Data-Driven Mean-Field Trajectories

We build upon the works on mean-field-type filters developed in [43-45] to incorporate the
economic data and the pandemic data together in the model. We tune the parameters of the model
such that the solution of the dynamical system becomes as close as possible to the dynamically
changing data set. We rewrite the model with the parameters A to be tuned from the reported data set
using the mean-field dynamics in Proposition 1.

The geographical coordinates are taken from the world map data set.

The sequences of reported data set 7;(t), k € {0,1,..., }, t < tis given. The reported data set is
observed at discrete time instants tg < t; < fp < .... f} captures the time instant at which the k-th
data point is officially reported by the corresponding state and healthcare authorities at location /.
The reported data set is a sequence of aggregated data set: 7;(s, t;) where s € {tr,td,testing, t }.
The conditions of untested agents are not in the reported data set. The reported data set is
assumed to be noisy and inaccurate.

e  Thereported data set is used to construct a filtered trajectory minimizing the global error within
[to, t1] by choosing the tensor A and ;. Then the resulting dynamics is used to forecast the
mean-field within an uncertainty region. The sequence of optimization problems up to time t,
is given by

inf Y7 /t " / / Y m(l, dx,s,dz,c,t) — rin (s, £)| 3, (12)
0 XJz ¢

)\,h,mo s

" N t—t; N N
where iy (t) = 1y (t;_1) + mﬂ(ti—lfti)(t)(yl(ti) — 1y (t;q)) for t € (t;_1,t). As a new data
point 1 (t;, 1) is observed, we need to re-update the estimation over the integral [0, t;, 1] by

solving the new minimization problem

te1
i f/ t) — 1 (t)]|3dt,
inf [ m(t) = (0)3

and so on. The continuation of the mean-field starts from m(f;) at time #.

The above optimization provides A j,t4,qata that are specific to COVID-19 country-specific
spread. Moreover, A4,;, and h,,;, are context-aware as they depend on country-specific, age, gender,
testing, and pre-existing health conditions. The data-driven dynamics yields

m(l,x,s,z,¢t)=f(l,x,5,2,.¢c, t, Adatar U 01 5,m),

with m(., tg) = my(.). Instead of 1iz above, the estimation is replaced by the distribution of my4,), 1, <}
leading to a mean-field-type filtering problem [43-46]. The diagram of Figure 1 represents the main
steps of the algorithm of the data-driven MFTG model.
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3.1.6. Beyond Pairwise Interaction

We have detailed above the pairwise interaction case with a kernel § in (9). A 3-wise, 4-wise, ... j-wise
interaction case, depending on the local markets, supermarkets, pharmacies, family members at home,
and the number of infected people at the neighborhood V(x) can be formulated as

infectious = {p, a, t, tpc, thy, thy, tpc, thos},
m(l,x,s,z,c,t) [fX’EV(x) Bi(x, x,t)x

J Lo Eycinfectious (I dx', s, dz', ¢!, 1)

+ 22 AL x) [ *)EVi(x)

Bi(xy ... x;, x;1) (11— H{(zl(l —my4 (1, dx, t)))} ,

i+ (1% t) = Lo Lcinfectious J (1 % 5,42, ¢/, )
where A; (I, x) denotes the probability of having j agents around x.

3.2. Risk-Aware MFTG

The risk-aware MFTG is given as follows:

o  Decision-makers: authorities and individuals
Control actions: (7, d) traveling restriction and testing policy for authorities, (1, v) movement and
meeting rate for individuals

e  Objective functionals: cost-benefit with variance awareness specified below.

Introduce @ = Yy g and vary, (1) = Yy (uy — i1)*j;. The benefit-cost functional is a risk-aware
function as it depends explicitly on the variance.

Definition 1 (Best-response ). The best-response problem given (m,n) of a individual agent chooses (u,v)
to solve

sup, , E[(s +7)(tr) + [, (s + 1) — quary (u) — qs — go(u, v, 4,1, m) )dt]

subject to

w(l,x,s,z,¢,t)= f(l,x,s,z,¢,t,A,u,0,1,5,m),

u(l,dx,s,dz,c,ty) = mo(l,dx,s,dz,c),

m(l,x,s,z,¢t)=f(l,x,5,z,¢,t,A,u*,v*,n,6m),

m(l,dx,s,dz,c, ty) = mo(l,dx,s,dz,c), (13)

J m(1,dx, hospitalized, dz, t) < ¢/(t),

J m(1,dx, testing, dz, t) < F(t),

x €D,

UlaD =0,

OUExits = k(l/ X, m)r

with 9D being the border of the map D,

go(u, p,m,6,m)
= ||v||§[h1(fx,6vx(t+ +p)(dx")) + ha(x, fo,evx fzZc(t++p)(l,dx/,dz,c,t)>1)]
+ovar(v) — by (v),

and by is the benefit of the agent, hy, hy are positive and non-decreasing functions (in the second variable for h.)
The best-response problem given m of the I-th authority is to choose a finite dimensional vector 1, 0; given
the migration restrictions imposed by the other authorities.
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infﬁz,fsl(dl +a+t )+ thl,l + thz/l + tpe; + thos; + tdl)(fl)
+ [1((dy + a + thos; + td;)dt

+ [y qroarm (1) + 777 + g1(n,6,m))dt

subject to
m(l,x,s,z,c,t) = f(l,x,s,z,¢,t,A,u,0,1,5,m),
m(l,dx,s,dz,c,ty) = mo(l,dx,s,dz,c), (14)

| m(1, dx, hospitalized, dz, t) < (t),

[ m(l,dx, testing, dz, t) < F(t),

x €Dy,

U‘aD =0,

UFyits = k(1,x,m),
where 1 = (), 1 = Ly mpnyy and vary () = Ly (g — 1)*my and gy(17,6,m) is the economic
cost-benefit at locality 1.

Mean-Field-Type Equilibrium

Definition 2. A mean-field-type Nash equilibrium is a strategy profile (u*,v*,5*,6*) solution to the
interdependent problems (13) and (14).

Proposition 2. If there is a solution to the following Hamilton-Jacobi-Bellman system in the space of measure
P>(R? x S x [0,124y] x C) given by

W : [to, t1] x P2(R? x S x [0,124y] x C) x Po(R? x S x [0,124y] x C) — R,

1
Vit [to, 1] % Po(R2 x S x [0,1249] x C) — R, (15)
where Py is the set of square (in space and age) integrable (positive) measures and
W: 4+ Hy =0,
W(ty, u,m) = (s+r+tr)(t)
‘/l,t + Hl = 0/ (16)
Vi(ty,m) = (dy +ay +ty ) + thy ) + thy + tpe; + thos; + td;) (t1),
le L,
where the Hamiltonians are given by
Ho = sup, ,[bo + (f, Wy)] + (f( ™, 0"), Win),
H; = infm,é; [bl + <f/ Vl,y>]f
bo = (s +r) — qoary,(u) — qia? — go(u, v, 4, n,m), (17)
by = dy + a; + thos; + td; + qyoary, () + G777 + 81(n,6,m),
le L,

with (u*,v*) optimizer in Hy in (17) and (n*,6*) optimizer in Hj in (17). Then, (u*,v*,n*,6*) is a
mean-field-type Nash equilibrium.

The proof of Proposition 2 follows similar steps as in [23]. From the formulation of the
minimization problem, the number of infected people and the number deaths are significantly reduced
at the mean-field equilibrium. However, the cost-benefit analysis suggests that it depends on the
functionals go, g1, h11, h2.
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The master adjoint system (MASS, [47]) is given by

UO,t(l/ X,8,2z,¢, t/ ]’l/ m) + HO,‘ll = 0/
Uo(l,x,¢,z,¢,t1,u,m) = Hs/e{s,r,tr}

U+ H =0,
’ (18)
ul(tlrm) =
(dy+a; 4ty +thy; + thy | + tpc; + thos; + td;) (1)
lel

A solution to the MASS system above provides an equilibrium strategy via the best-response
strategies from Hy, H; but not necessarily the equilibrium costs of the decision-makers.

3.3. Other Relevant Payoffs

Authorities The authority in locality / decides on

Migration rules (lockdown, confinement, isolation, curfew) (111,772, 73,1 ), testing strategy 4,
Budget allocation and incentives Is;, tr;

Multiple objectives for authority in locality / :

reduce the number of deaths, infected,
reduce economic losses
maximize the number of recovered-deaths

Optimize long-term objectives subject to
constraints
dynamics

Consumption goods firms Firms (producing essential, moderate-essential, less-essential goods) in
locality I decide on Production, Total hours worked A; = f ai1dm, and Budget constraint.

Multiple objectives for j : Reduce the number of infected employees and Maximize profit.

Optimize long-term objectives subject to
constraints
dynamics

Each individual’s risk-awareness An individual in locality ! decides on

Meeting rate ay, local movement x, v, a3, consumption a;

Multiple objectives for an individual

for susceptible:

reduce the risk of being infected,
reduce the risk of exposing the others (if co-opetitive),
reduce economic losses

Optimize long-term objectives subject to
constraints, dynamics

(locality, position, infection status, age, pre-existing health
gender, height, family size, income per family size)

a

way+Is A A
=L %) 4 by (v, spot) — 7111% — Ay vary(aq)

1+trg

log(
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where w is the wealth, Is, is the lump sum proposed by the government during COVID-19.
spot represents the hotspots of the locality and b;(v,spot) is the benefit to go the spot.
Thus utility captures some of the features observed in practice. If the individual decides to
set its working hours 41 to zero then government supports (lump sum Is) can help to balance

a bit but this is costly to the government depending on the duration of the pandemic period.
- pandemic:

s—quoary (a2) — ‘7‘7% - hO(”infectious(Be(x))) HUHZ — A3 U‘”H(U)
where g, § are nonnegative numbers.
4. Model Outputs and Data Visualization

4.1. Data Used and Constraints

We present some illustrative examples with K = 195 countries and more detailed analysis for
66+ countries. The COVID-19 data set is taken from [10-13,36]. The age-structure data per country
is provided in [35]. For the international connectivity graph, #; we have used Flightradar24 [34],
which is a global flight tracking service that provides information about flights from 1200 airlines
and 4000 airports around the world. The data set does not capture all international connections but it
provides a sample. As the initial propagation of COVID-19 started from flights we have modulated
the flight data set to capture it. In particular, we have Flightradar24 to adjust the number of COVID-19
patients who came via commercial flights. After a certain waiting time, the soft/partial /hard flight
restriction decision has been made between some countries. Those countries we made 7, ;; to be zero
or a very small number (0.001) if travels from !’ to [ are restricted. For the geographical mobility and
co-location map of people in country /1, we have used OpenStreetMap before and after confinement
decisions (if any) per country. The Google Community Mobility Reports can be found in [37].

The country-specific hospital capacity data set is obtained from World Bank Group [38] and is
used to capture

/ Y hospitalized (I, dx’, dz/, c', t) < &(t).
C/

However, the data set is limited to the country level and it is not per area/city/county.
The country-specific testing capacity data set is not available but the number of tests per country is
provided in [12]. The set D = U;c»D; where D, is a constrained non-empty set. Given two countries /4
and !}, the dynamics m(l, x,s,z,c,t) and m(l’, x,s, z, c, t) will be related to each other via the switching
rates 771. Table 2 summarizes the heterogenous data sources. Figure 12 represents the proportion of
infected people

Z/ Z m(l,dx,s,dz,c,t),

Le ™ se{paty thytpethy thos}

at the 195 countries as of 30 March 2020. Figure 13 illustrates the status of the fifteen most (reported)
infected states as of 1 April 2020. Figure 14 samples G7 countries. Detailed testing results are displayed
in Figure 15 for the cities of New York and Los Angeles.
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Figure 12. World map: reported infectious as of 30 March 2020.
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Figure 13. Propagation of the virus in 15 most reported active cases as of 11 April 2020.
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COVID-19: reported confirmed cases in G7 countries until 04/10
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Figure 14. COVID-19 samples in G7 countries.
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Los Angeles, California, US
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Figure 15. New York and Los Angeles testing results: data vs. model.

We make the following observations from the proposed model.

the model is flexible enough to capture some local context-awareness including local mobility
and age structure per country. The provided model can be filtered to track the data set provided
in [12] even for some of the countries with a low number of cases.

The connectivity of the local graph 73 plays a key role in the propagation of the virus across
different areas of the city

The connectivity of the local graph 7, plays a key role in the propagation of the virus across
different cities

The connectivity of the local graph 7, plays a key role in the propagation of the virus across
states/countries.

The current case fatality rate (data-CFR) per country data set is the ratio between the number of
(reported) confirmed cases and the total number of (reported) deaths from COVID-19 outbreak
data set [36] for that country. We observe that there are some significant differences in terms of
data-CFR per country even for whose who have made similar decisions at similar infection time.
Some of the differences comes from the implementation in practice and the response of the people
to the measures. The proposed MFTG model captures the data-CFR per country as illustrated
in 66+ countries. However, different response strategies by individuals and authorities lead to
different behaviors.

4.2. Visualization

The optimization algorithm is implemented in C++ using [48]. The plots on the geographical-map
(see Figure 12) are done using MATLAB. We combine several layers: the transportation layer (air and
ground), economics layer, population mobility map after the first infection of COVID-19 in that
city/country, and the epidemic data-driven model. We display below the outputs (tested positive,

tested-recovered, tested-dead, tested-active) of the epidemic model in 66+ countries. We choose the
constraints ¢j, f; to be high enough so that the interior solution can be found. This means extending the
capacity by means of new resources. The COVID-19 initial death rate is chosen as in Figure 4 for the
countries where the death rate due to COVID-19 is unknown. We estimate the death rate from the
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model using the reported data [12]. We choose k = 0.7m(.) for the numerics at the exits on the grid
over OpenStreet map. The rate A4, is set 10~ or zero depending on the country /locality. The other A
functions are obtained from the minimization with the smallest norm allowed to derive A g4, 71 is
set to 1078 after the borders were closed at locality /. As new data comes, Adata can be recalculated.
The newborns are taken from the last year growth scale. From A 4,;, we plot the behavior of the
dynamics (19) and integrates it out. The initial £ is set to 22 January 2020 for most countries.

We observe that the proposed model captures the behavior in most countries. The data-driven
MFTG model reveals that the number active COVID-19 positive patients in countries such as Venezuela,
Germany, Italy, Malaysia, Senegal, Zambia, and Togo have several local peaks and oscillating behaviors.
Some of them cannot be fitted with a Gaussian or bi-Gaussian. It cannot be fitted with a single
exponential. By changing h; from 0.1 to 0.9 we observe a limit cycle of the dynamics. Figures 16 and 17
represents a COVID-19 sample of Non-Gaussianity and non-exponential. Also, Non-Gaussianity of
the reported active cases and hospitalized cases are observed in 15+ countries. It includes Albania,
Azerbaijan, Bahamas, Bosnia, Costa Rica, Djibouti, Georgia, Irak, Iran, Jordan, Lebanon, Lituana, Malta,
San Marino, Uzbekistan, etc. Tables 4-7 summarize lists of figures and illustrations.

.10° Iran: Assimilated data from February-20 to May-28
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Figure 16. COVID-19 sample of Non-Gaussianity and non-exponential. The plots are obtained by
using the data set sequentially till the latest data point. A Non-Gaussianity of the reported active
cases and hospitalized cases is observed. The shape of the sequential data-driven curve is clearly not a

single exponential.
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Albania: Assimilated data from March-10 to March-24
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Figure 17. Another COVID-19 sample of Non-Gaussianity and non-exponential. The plots are obtained
by using the data set sequentially till the latest data point. A Non-Gaussianity of the reported active
cases and hospitalized cases is observed. The shape of the sequential data-driven curve is clearly not a
single exponential.

Table 4. List 1 of figures and illustrations.

Illustration Meaning
Figure 1 Flow diagram
Figure 3 first wave of spread
Figure 4 death rate distribution by age
Figure 5 sample age distribution

Figure 6 evolution of the epidemiological ODE with 17 states

Figure 8 connection with SIR
Figure 9 connection with SEIR
Figure 10 connection with SIRD
Figure 11 connection with SEIRD
Figure 2 pandemic vs. economic
consequences of COVID-19
Figure 12 spread worldwide
Figure 13 propagation of the virus in

15 most reported active cases
as of 11 April 2020

Figure 14 G7 countries

Figure 15 New York and Los Angeles
testing results: data vs. model

Figure 18 Brazil: Sequential data-driven model

Figure 19 USA: Sequential data-driven model
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Brazil: Assimilated data from March-04 to March-27
T T

25

o
T

Number of cases

0.5

0 O—O— OO = ===
Mar 11

Mar 04

x10°

©  Data used till now

Data-driven model

Full data set available |7

/

%

Mar 18

Mar 25
time (days)

Apr 01

Apr 08
2020

Figure 18. Brazil: Sequential data-driven model.
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Figure 19. USA: Sequential data-driven model.
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Table 5. List 2 of figures and illustrations. data of active, recovered, deceased (in circle or bar) vs. model

of active, recovered, deceased over time. Tracking the number of active cases. Predictive analytics for

the next couple days.

Illustration Meaning
Figure 20 Argentina : data vs. model
Figure 21 Bolivia: data vs. model
Figure 22 Brazil : data vs. model
Figure 23 Chile : data vs. model
Figure 24 Colombia : data vs. model
Figure 25 Ecuador : data vs. model
Figure 26 Paraguay : data vs. model
Figure 27 Peru : data vs. model
Figure 28 Uruguay : data vs. model
Figure 29 Venezuela : data vs. model
Figure 30 Cuba : data vs. model
Figure 31 Guatemala : data vs. model
Figure 32 Haiti : data vs. model
Figure 33 Mexico : data vs. model
Figure 34 Bangladesh : data vs. model
Figure 35 India : data vs. model
Figure 36 Indonesia : data vs. model
Figure 37 Korea : data vs. model
Figure 38 Malaysia : data vs. model
Figure 39 Pakistan : data vs. model
Figure 40 UAE : data vs. model
Figure 41 Germany : data vs. model
Figure 42 Italy : data vs. model
Figure 43 Russia : data vs. model
Figure 44 Spain : data vs. model
Figure 16 ~ Non-Gaussianity and non-exponential

Figure 17

Not a single exponential
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Figure 20. Argentina: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 21. Bolivia: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 22. Brazil: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 23. Chile: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 24. Colombia: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 25. Ecuador: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 26. Paraguay: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 27. Peru: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 28. Uruguay: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 29. Venezuela: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 30. Cuba: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 31. Guatemala: data of active, recovered, deceased (in circle or bar) vs. model of active,

recovered, deceased over time. Tracking the number of active cases. Predictive analytics for the next

couple days.
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Figure 32. Haiti: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 33. Mexico: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases over time. Predictive analytics for the next

couple days.
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Figure 34. Bangladesh: data of active, recovered, deceased (in circle or bar) vs. model of active,

recovered, deceased over time. Tracking the number of active cases. Predictive analytics for the next

couple days.
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Figure 35. India: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 36. Indonesia: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 37. South Korea: data of active, recovered, deceased (in circle or bar) vs. model of active,
recovered, deceased over time. Tracking the number of active cases. Predictive analytics for the next
couple days.
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Figure 38. Malaysia: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 39. Pakistan: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 40. UAE: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 41. Germany: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 42. Italy: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 43. Russia: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 44. Spain: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Table 6. List 3 of figures and illustrations. data of active, recovered, deceased (in circle or bar) vs. model
of active, recovered, deceased over time. Tracking the number of active cases. Predictive analytics for
the next couple days.
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Figure 45. Covid-19 samples in selected countries in Africa



Games 2020, 11, 51

New confirmed cases (in the past week)

New confirmed cases (in the past week)

COVID-19: reported active cases in COMESA countries until 04/14

o

o
©

Burundi
Congo (Kinshasa)
Dijibouti
Egypt
Eritrea
Eswatini
Ethiopia
Kenya
Libya
Madagascar
Malawi
Mauritius
Rwanda
Seychelles
Somalia
Sudan
Tunisia
Uganda
Zambia
Zimbabwe

10° 10" 102
Reported active cases of COVID-19 in COMESA

Figure 46. Selected COMESA countries

COVID-19: reported active cases in ECOWAS countries until 04/14

10°

10%

Benin

Burkina Faso

Cabo Verde

—— Gambia

— Ghana
Guinea

— Guinea-Bissau

Liberia

Mali

Niger

Nigeria

Senegal

Togo

10° 10’ 102
Reported active cases of COVID-19 in ECOWAS

Figure 47. Selected ECOWAS countries.

108

60 of 107



Games 2020, 11, 51

New confirmed cases (in the past week)

Number of cases

102

10'

800

700

600

500

400

300

200

100

COVID-19: reported active cases in SADC countries until 04/14
T T T

Angola
Botswana
Eswatini
Madagascar
Malawi
Mauritius
Mozambique
Namibia
Seychelles
South Africa
Tanzania
Zambia
Zimbabwe

10? 10 108
Reported active cases of COVID-19 in SADC

Figure 48. Selected SADC countries.
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Figure 50. Algeria: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 51. Angola: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 52. Botswana: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 53. Benin: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,

deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 54. Burkina Faso: data of active, recovered, deceased (in circle or bar) vs. model of active,

recovered, deceased over time. Tracking the number of active cases. Predictive analytics for the next

couple days.
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Figure 55. Burundi: data of active, recovered, deceased (in circle or bar) vs. model of active, recovered,
deceased over time. Tracking the number of active cases. Predictive analytics for the next couple days.
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Figure 56. Cameroon: data vs. model.
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Figure 58. Djibouti: data vs. model.
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Figure 59. Egypt: data vs. model.
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Figure 60. Eritrea: data vs. model.
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Figure 61. Eswatini: data vs. model.
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Table 7. List 4 of figures and illustrations. data of active, recovered, deceased (in circle or bar) vs. model

of active, recovered, deceased over time. Tracking the number of active cases. Predictive analytics for

the next couple days.

Illustration Meaning
Figure 62 Ethiopi : data vs. model
Figure 63 Gabon : data vs. model
Figure 64 Ghana : data vs. model
Figure 65 Guinea : data vs. model
Figure 66  Guinea Bissau : data vs. model
Figure 67 Kenya : data vs. model
Figure 68 Liberia : data vs. model
Figure 69 Libya : data vs. model
Figure 70 Madagascar : data vs. model
Figure 71 Malawi : data vs. model
Figure 72 Mali : data vs. model
Figure 73 Mauritania : data vs. model
Figure 74 Mauritius : data vs. model
Figure 75 Morocco : data vs. model
Figure 76 Mozambique : data vs. model
Figure 77 Namibia : data vs. model
Figure 78 Niger : data vs. model
Figure 79 Nigeria : data vs. model
Figure 80 Rwanda : data vs. model
Figure 81 Senegal : data vs. model
Figure 82 Seychelles : data vs. model
Figure 83 Somalia : data vs. model
Figure 84 South Africa : data vs. model
Figure 85 Sudan : data vs. model
Figure 86 Togo : data vs. model
Figure 87 Tunisia : data vs. model
Figure 88 Uganda : data vs. model
Figure 89 Zambia : data vs. model

Figure 90

Zimbabwe : data vs. model
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Figure 62. Ethiopia: data vs. model.
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Figure 63. Gabon: data vs. model.

76 of 107



Games 2020, 11, 51

15.0°N

125°N

75°N

50°N

0.0°

50°W 25°W 00" 25E 50E

1200
—— Confirmed (data-driven model) o /
1000 - Active (data-driven model) /
Recovered (data-driven model)
I Deceased (data-driven model)
@ 800 O Confirmed (reported data) B
g O Active (reported data) )
2 O Recovered (reported data) -
’g 600 - O Deceased (reported data) ° B
5 oo
3
o
S il
S
=4
o]
Mar 19 Mar 26 ) Apr 02 Apr 09 Apr 16
time (days) 2020
Reported deaths per day: Ghana Reported deaths : Ghana
> — . 10
°
g £
g g
3 ° 5
s 2
° / S
o [ %
5 { &
Q
& 10 0
Mar 19 Mar26 Apr02 Apr09 Apri6 Apr23 Mar19 Mar26 Apr02 Apr09 Apr16
Date 2 Date 2
Reported recovered : Ghana 100 Reported recovered : Ghana
3 0C0CO0000 o 3
o [seces} o
2 10° g
o o
o o
2 2 50
o o
o o
< <
o o
Q Q
@ @
o o
10° 0
Mar 19 Mar26 Apr02 Apr09 Apri6 Apr23 Mar19 Mar26 Apr02 Apr09 Apri6
Date 2020 Date 2020
Reported confirmed : Ghana Reported cases : Ghana
103 o 1000
B
£ 3
£ ¢
8 12 =
o 10 2 500
2 S
5 Q
o I3
53 [
v
10! 0
Mar 19 Mar26 Apr02 Apr09 Apri6 Apr23 Mar19 Mar26 Apr02 Apr09 Apr16
Date Date 2020
Reported active : Ghana z Reported active cases per day: Ghana
103 S 1000
[
B Q
£ 3
£ g
€
s S
2
g0 o 2 500
2 S
s ©
o
53 P 3
i <4
10! g o
Mar 19 Mar26 Apr02 Apr09 Apri6 Apr23 &’ Mar19 Mar26 Apr02 Apr09 Apr16

Date 2020

Date 2020

Figure 64. Ghana: data vs. model.
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Figure 65. Guinea: data vs. model.
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Figure 66. Guinea-Bissau: data vs. model.
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Figure 67. Kenya: data vs. model.
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Figure 68. Liberia: data vs. model.
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Figure 69. Libya: data vs. model.
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Figure 70. Madagascar: data vs. model.
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Figure 71. Malawi: data vs. model.
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Figure 72. Mali:

data vs. model.
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Figure 73. Mauritania: data vs. model.
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Figure 74. Mauritius: data vs. model.
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Figure 75. Morocco: data vs. model.
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Figure 76. Mozambique: data vs. model.
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Figure 77. Namibia: data vs. model.
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Figure 78. Niger: data vs. model.
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Figure 79. Nigeria: data vs. model.
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Figure 80. Rwanda: data vs. model.
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Figure 81. Senegal: data vs. model.

94 of 107



Games 2020, 11, 51

45°E 50°E 55'E 60°E
0 Y
5's v
- <
10 S
15°8
T R I ———
o © o o o] o
10 =
Confirmed (data-driven model)
8 Active (data-driven model)
2 8 Recovered (data-driven model)
o Deceased (data-driven model)
2 O Confirmed (reported data)
° L O Active (reported data) |
6 e} e} e}
i O Recovered (reported data)
° O Deceased (reported data)
8
E 4f .
S
z
o 4
0 & & & I
Apr 06 Apr 09 Apr 12 Apr 15 Apr 18 Apr 21
time (days) 2020
3 Reported deaths per day: Seychelles 4 Reported deaths : Seychelles
> 10"
3
g £ o0s
] 3
LN 3 o
b 2
] 5
g 10°
['s -1
Apr06  Apr09 Apr12  Apri5 Apri8  Apr21  Apr24 (P SRR A A AL B AR AD AB KT 4B 4
Date 2020 PO RRN O O pY O O pO O O Y O 0T Y
Reported recovered : Seychelles s Reported recopered : Seychelles 2020
3 0 3.
9 s
2 2
3 3
o o3
Lo 13
g 10? B2
S S
a -
3 3
o« o
104 0
Apr06  Apr09 Apri2  Apri5 Apr18 Apr21  Apr24 ®© S D A0 AN AL 4D AR AD A© A1 AR Ad
Date 2020 O POt O Bt bt pet pet pot pet et pet et pet et
Reported confirmed : Seychelles Reported cases:: Seychelles 2020
1.8 =
< 10
E 116 2 8
& 3
s o
8 114 g 6
3 b=y
e 5 4
2 2
g 12 o
2 c 2
o
11d&=% —_— — 0
Apr06  Apr09 Apr12  Apri5 Apri8  Apr21  Apr24 ©. ST 0B O A0 AN A2 A3 AB AD A® X1 x® A2
Date 2020 A N SRR SR SRR SR USRS
" Reported active : Seychelles § eported active day: Sey
g 10
E 10 qj,"'
S 9 g °
= 3
8 o ®
g° £
g
g 3
53 3 2
« S
6 20
Apr06  Apr09 Apr12  Apri5 Apri8  Apr21  Apr24 '3 (RS B P A AN AL AD AR S AR K1 AB 1D
Date 2020 O PO b pO pet pet pot bt pet pet pet pet et pe

Date 2020

Figure 82. Seychelles: data vs. model.
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Figure 83. Somalia: data vs. model.
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Figure 84. SouthAfrica: data vs. model.
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Figure 85. Sudan: data vs. model.
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Figure 86. Togo: data vs. model.
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Figure 87. Tunisia: data vs. model.
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Figure 88. Uganda: data vs. model.
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Figure 89. Zambia: data vs. model.
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Figure 90. Zimbabwe: data vs. model.
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4.3. Limitations of the Proposed Model

The proposed data-driven modelling has several interesting features including epidemiological
aspects (hospitalization, tested negative, untested active, untested deceased, and untested active)
as well as economics aspects (average revenue per family size, income status, and on-site worked
hours during COVID-19) and mobility aspects (pedestrian within a sector, within a city, between cities,
provinces, countries by ground/air/sea transportation, and movement to hotspots, local markets,
grocery stores, pharmacies, etc). However, the model still need extension and integration of food
security and supply chain which are relevant aspects in many countries.

m= (m(l,x,5,2,¢,t))15.s

my = —div, (om) — div, (uzm) + Ltrace[(o*om).] movement and diffusion

+ Jolm(Lx —,8,2,¢,t) —m(l,x,5,2,¢,t) + (my, v)]v(d0) ]ump

+j'8v(x> m(l,dx',s,z,t)q(x,s,2; (1,x',s,2,t,m,0))

=[50 9(dx',5,2; (1,x,5,2,t,m,0))

+ 1y £l e Jm(l,dx', s, dz,c ,t)§(x,s,2,¢;(1,x,s', 2, ¢, t,m))

—m(l,x,s,z,¢,t) Yool el e fq(dx’,s’,dz’,c’; (1,x,8,z,¢,t,m)) local spread of the disease
coughing, sneezing, surface contact

+Zl/#,3 fm(l’,z:lx’,s/,z,c,t n3(l,x,8,2,¢;(I',x',s,z,¢,t,m))

—m(l,x,5,z,¢1t) Yoz, SV, dx', sz, ¢ (1, x,8,2,¢,t,m)) intra-city rnobility ini

+ Zl/%lz [m(l,dx',s', z, ¢, )2 (L, x,8,2,¢ (', %', 8, 2, ¢, t,m))

—m(l,x,s,z,¢,t) Yora [, dx,s',z,¢;(1,x,8,2,¢,t,m)) inter—city mob1hty from/to 1, (19)
+ Xz Jm(l,dx',s',z, ¢,y (L, x,8,2,¢; (I, %', 8, z,¢,t,m))

—m(l,%,5,2,6,8) Sy [, dx', s, 2,6, (1,x,5,2,¢,t,m)) international connectivity from/to 1,

~om; —d(l,z,¢c,m)m aging and death

[ m(1,dx,hospitalized, dz 1) < & (1),
[ m(1,dx, testing, dz, t) < f(t),

m(l,x,s,z,¢,0) =my(l,x,8,z,c) initial population

m(l,x,8,0,c,t) = fl;(l,x,s,z,c, t,m)m(l,x,s,dz,c,t),

xeD, City map constraint

vap, =0, map constraint

Vpits = k(1,x,m), Allowed/feasible mobility areas/exits
s’ € {s,sq,p,pq,a,aq,1,d}, infection status,

s e {s,e,p,r,d,t_,t,, t,,home, pc hotel, 1t hospitalized, ,t4}, infection status,

5. Conclusions

Understanding the transmission characteristics of infectious diseases in communities, counties,
provinces, regions, states, and countries can lead to better approaches to decreasing the transmission of
these diseases. In this paper, a context-aware data-driven MFTG model. The proposed epidemiological
and economic model can track and captures the country-specific COVID-19 data in 66+ countries.
The context-aware data-driven MFTG model can be used in visualizing, comparing, planning,
implementing, evaluating, and optimizing various detection, testing, prevention, and control programs.

Data-Driven MFTG modeling can contribute to the design and analysis of the pandemic COVID-19
surveys, suggest crucial data that should be collected, identify trends, make short-term forecasts,
and quantify the uncertainties in short-term forecasting. In addition to predictive safety measures,
COVID-19 opens also other challenges such as

e  Supply chain: Identifying ways to optimize supply chain among many different industries, so the

impact of the COVID-19 can be minimized.
o  Testing, Tracing and Tracking: Finding ways to better test, trace and track the infection

propagation including those asymptomatic infected, best practices in how to test, trace and
track in both rural and urban areas as early as possible.



Games 2020, 11, 51 105 of 107

e  Community: Finding solutions to prevent social and economic disruption in all communities.
Proposing innovative de-confinement strategies in how to create a smooth transition from physical
distancing to guaranteeing minimum services and quality-preserving activities and back to
regular activities.

A number of technical questions remain unanswered. These include (i) impact of the propagation
in local economy (including informal economy), (ii) the duration of the limit cycle of active cases,
(iii) the stabilization of the system by means of controls and co-operatitive decision-making, (iv) impact
of COVID-19 on food insecurity. We leave these questions for future research.
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