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The outbreak of the COVID-19 pandemic led policy makers and public health officials around the world to implement non-
pharmaceutical interventions to suppress the spread of the virus. The goal was to reduce human mobility and social contacts,
considered as the main factors of virus diffusion. However, these containment measures needed to be revised on a frequent basis to
avoid serious economic and social costs. Moreover, spatial disparities needed to be taken into consideration, since the behavior of the
virus was different according to the geographical context. Therefore, a frequent update on the short-term forecasts of the epidemic
course, which considered spatial heterogeneities, was crucial for planning appropriate mitigation strategies. In this paper, we present a
simple epidemiological model based on Cellular Automata, that takes into account human mobility and produces short-term forecasts
of daily virus infections. Cellular Automata allow the discretization of time and space and thus, the spatio-temporal dynamics of
the disease can be explored at the desired scale. We apply our model on real daily infection and mobility data from Spain and show
that it is reliable in predicting the short-term daily infections trajectory both at the country level, as well as at the regional level of
Autonomous Communities. Furthermore, compared against four state-of-the-art methods, the proposed method achieves comparable

forecasting performance with significantly lower computational resources.
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1 Introduction

The coronavirus, SARS-CoV-2, was first identified in Wuhan, China, in 2019, and since then it spread in many countries
all over the world. In March 2020 the World Health Organization (WHO)! declared the COVID-19 disease a pandemic.
COVID-19 is characterized by high transmissibility rates and can lead to severe symptoms and even death. This resulted

in high numbers of hospitalizations and a high pressure on public health systems. In order to control the rapid spread of
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the virus, public officials implemented multiple non-pharmaceutical interventions (NPIs), including closure of schools
and shops, travel restrictions and even national lockdowns [19, 52]. These NPIs varied across countries and aimed
to reduce human activity and social contacts, considered as the main factors of virus diffusion [4, 29, 49]. However,
even though the measures taken had a significant effect on decreasing the daily new infections, they also had a serious
impact on the economy and great social costs [9, 46]. Therefore, policymakers and health officials needed to impose
restrictions with great caution and update the intervention policies on a frequent basis.

To support efficient decision making, officials rely on several indicators that can capture the course of an epidemic.
The daily case counts is one of these indicators. To predict future infections scientists rely on epidemiological models.
The most popular ones are compartmental models, which distinguish the population under investigation in one of the
possible states (see [8, 10] for two surveys). With the use of appropriate differential equations, these models express the
rate of change of individuals in each of the possible states. However, compartmental models assume a homogeneous and
well-mixed population, meaning that all individuals are equally likely to have contacts. As a result, such models cannot
capture the spatial disparities of the disease, such as population density in a specific area, or the mobility networks
that strongly influence the social contacts. These characteristics are essential in forecasting the temporal and spatial
evolution of the virus [44].

Improved versions of compartmental models add more compartments-states, in order to take into consideration
specific aspects of a virus, such as incubation period, latency period, hospitalization, etc. [31]. However, this leads to
a significant increase in the state space and the necessary variables and as a consequence increased computational
complexity. Furthermore, such models are more complex and more difficult to interpret [36].

The need to consider the spatial distribution of the population, as well as the mobility patterns, led to the development
of metapopulation networks. In a metapopulation network, agents occupy different patches which are connected through
links. Agents are allowed to travel to other patches if there is a connection link with their residence patch. Therefore, the
disease propagation can be examined not only inside a patch but also across patches. Metapopulation models highlight
the spatial evolution of the virus through the mobility of agents [1].

Taking this idea of spatio-temporal modelling one step further, we propose the use of simple cellular automata to
forecast daily virus infections. Cellular automata discretize naturally time and space and have been applied successfully
in predicting the spread of viruses in the past [12, 51]. Each cell of the automaton corresponds to a specific geographical
area, while special functions are used to model the transition of each cell-area from one state to another. Our method
utilizes a simple transition function that takes into account the mobility of people and tracks the infection trajectory of
each cell-area. We use mobile-phone geolocation data, in order to capture human mobility within and across cells. We
perform forecasts with a horizon of 14 days, over a sliding window, and show that the proposed method can accurately
predict observed case counts. The model offers quick detection of infections and facilitates decision-making by allowing
public health officials to reconsider the containment policies already applied and suggest new interventions.

In particular, the contributions of this paper are the following:

e We present a model based on cellular automata that takes into account human mobility and makes accurate
forecasts of virus infections.

e Our model is simple, easily interpretable, and favors quick detection of the course of the epidemic, allowing
healthcare officials to obtain a quick overview of the virus spread.

o We evaluate our model using real mobility and COVID-19 infection data from Spain and compare it against four

state-of-the-art methods, i.e., Autoregressive Integrated Moving Average (ARIMA), Long Short-Term Memory
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(LSTM) neural network, Graph Neural Network (GNN), and Microscopic Markov Chain Approach (MMCA).
The experiments show that the proposed method achieves very good performance overall and especially in
short-term forecasts.

o Additionally, its processing time is orders of magnitude lower than that of the other methods.

The structure of the paper is as follows: Section 2 summarizes epidemic models and cellular automata. Section 3
elaborates on the details of the presented method, while Section 4 presents our empirical analysis. Section 5 summarizes
our work and Section 6 discusses related work. Finally, the article concludes in Section 7, where we outline potential

future directions.

2 Background

In this section we introduce basic concepts of epidemiology and present the different approaches in epidemiological

modeling.

2.1 Basic Concepts of Epidemics

In epidemiology the main concern is the study and understanding of infectious diseases, in order to control them and
prevent the wide spread in the population. To achieve these goals, epidemiologists rely on factors that permit them to
quantify the various aspects of an infectious disease. The population is usually divided into subcategories, according to
an individual’s relation with a disease. Susceptible population refers to those individuals that have not been infected or
more broadly they have not developed immunity against the virus and thus can acquire the virus. Infected individuals
are those who are infected and therefore can transmit the virus to susceptible individuals. Depending on the virus
under investigation the infected individuals can be further divided, taking into account whether they exhibit symptoms
or not and whether they are considered infectious. When the infectious period is over, the infected individual has
either recovered or passed away. A recovered individual may possess immunity forever or for a certain period of time,
depending on the virus. When the immunity period ends, the individual becomes again susceptible.

The most fundamental epidemiological quantity scientists try to monitor is the effective reproduction number, R
[16, 27, 47]. R represents the average number of infections caused by an infected individual, during the course of
that individual’s infectious period. This number informs about the transmissibility of the virus and is used to control
the epidemic. According to the value of R, and more specifically when R > 1, scientists propose interventions and
containment measures to set the epidemic under control. The goal of the measures is an R that is below 1 and close to 0.

The calculation of the effective reproduction number at specific points in time is called instantaneous reproductive

number, R(*), and is usually computed in two ways [27]. The basic calculation of R(®) is as follows:
s()
R — ﬂ(t)TT (1)

where g ) is the transmission rate at time t, i.e., the probability of a susceptible individual to become infected after a
contact with an infected individual, S (?) is the number of susceptible individuals at time ¢, N the size of the population,
and 7 the mean duration of the infectious period. An enhanced variant of this calculation takes into consideration the

observed infected cases and is the following [16]:
1@

R — -
S 0,

@
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where I() is the number of infected individuals at time ¢ and wy is the infectivity profile. The infectivity profile wy is a
probability distribution that expresses how likely an individual is to be still infectious. The infectivity profile ws may be
approximated by the distribution of the generation interval, i.e., the time between the infection of a primary case and
the infection of a secondary case. However, time of infection is hard or even impossible to observe with accuracy, since
a new disease case is usually reported after the onset of symptoms, which differs from the time a virus was acquired.
Therefore, instead of the generation interval, the serial interval is preferred. The serial interval denotes the time between
the onset of symptoms of a primary case and the onset of symptoms of a secondary case. The serial interval can be
computed by the daily observed counts of a disease. It is usually assumed to follow a gamma distribution and it provides
an approximation of the infectivity profile wg. The interested reader can refer to [27] and [16] for more information

about the effective reproduction number and the difficulties in computing it.

2.2 Compartmental Models

The most common models used when studying epidemics are the so called compartmental models [8]. They are
mathematical models that divide the population under investigation into compartments or states. The goal is to calculate
the degree of change of each class over time, captured by appropriate differential equations.

A popular compartmental model is the susceptible-infected-recovered (SIR) model [34]. The SIR model assumes a
closed population, N, meaning that the population remains stable through time (i.e., number of births equals number of
deaths). Each individual is assigned to one of three compartments at each time-point ¢: susceptible-S () infected-I(*) and
recovered-R(%). Only two transitions are allowed, i.e., from S to I and from I to R. The three states change dynamically

over time and this is captured by the following three equations:

as(t) _ s t
o = PRIV
(1) (1)

a{% = ﬂ_SN 1@ — },I(f) 3)
(t)

al;t = Yl(t)

where f is the transmission rate, i.e., the probability of a susceptible individual to get infected, and y is the recovery
rate. Note that since a closed population is assumed, sW 41y RO=N.

The family of compartmental models includes many variations of the SIR model that consider factors such as the
exposure to a virus, temporary immunity and as a consequence reinfection, therapeutic measures such as hospitalization,
vaccination etc [10]. The different models differ mainly in the number of compartments. These models are simple and
explainable, providing a straightforward solution to study the spread of a disease. However, compartmental models
assume homogeneous mixing of the population, meaning that each individual has the same probability of meeting and
transmitting the disease to any other individual of the population. This simplifying assumption may be suitable for
small communities, where the local propagation of a disease is being considered. At larger scales, such as national or

global, additional factors should be taken into account to describe and analyze the virus spread [1, 4, 13].

2.3 Metapopulation Models

Metapopulation models have been developed to address the issues of spatial disparities observed during the spread
of a virus in a geographically distributed heterogeneous population. A key aspect that these models incorporate is
human mobility [1]. Traveling between locations is a determining factor that shapes the course of a disease. Infected
Manuscript submitted to ACM
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individuals that commute from their home location to another location (e.g. work) may act as infection seeds at the
latter location [44]. Therefore, mobility plays a significant role in the evolution of a disease.

Metapopulation models assume a network of interconnected locations. This network may be seen as a graph, where
each location is a vertex and the edges represent the connections between locations. The locations are usually called
patches. Individuals may travel to any other patch different from their home-patch (if a connection edge exists) or
move inside their home-patch. Usually, the mobility patterns are represented with a transfer matrix, expressing the
probabilities of commuting from one patch to another. Furthermore, this class of models employ a compartmental
model in each patch, where a closed population may be assumed, and describe the temporal evolution of each state
with differential equations.

Other aspects that this class of models incorporate are social and demographic, such as economic or age-related
details that influence an epidemic [2, 13, 28]. These models may be either deterministic or stochastic and are considered
the most appropriate ones for capturing the dynamics of a disease at large geographical spaces [2]. The incorporation
of the various parameters and the segmentation of space lead to increased computational complexity and make these

models unsuitable in situations where predictions concerning the epidemic spread are needed in a timely manner [36].

2.4 Cellular Automata

Cellular automata (CAs) are dynamical systems that have been applied to the study of disease evolution, mainly due to
their simplicity and ability to mimic to an extent biological and physical processes [5]. CAs comprise of cells that form
a D-dimensional lattice, where usually each cell is a finite state automaton. CAs permit the discretization of time and
space. The temporal aspect of a CA is captured by the transition of a cell from one state to the next at a predefined
time-step. The transition is governed by a local update function that takes into consideration the cell’s current state
and the state of its neighbors. The interaction of a cell with its neighbors to decide its next state models the spatial
dynamics of the problem under investigation. The states of the cells of a CA at each time-point define the configuration
of the CA. Evaluating a CA many times and monitoring the states of the cells allow to observe the physical evolution of
a system and understand its behavior.

This characteristic has made CAs very attractive for modeling the spread of infectious diseases [51]. In epidemic
studies, CAs are typically used to study the spreading of a disease in a particular geographical area. The area may vary
from a country to a small residential area. Each cell may refer to a single individual or to the population of an area, as
is the case with the patches used in the metapopulation models (see Section 2.3). An epidemiological model is then
applied to each cell, in order to determine the state of the cell. Consider for example, that a SIR model is used in each
cell of CA and that each cell represents an individual. Then, the possible states of each cell are S, I and R and, according
to the update function, an individual transits sequentially from one state to the other. This implies that the state space
is discrete, which is true most of the times. However, the state of a cell can also be defined in terms of continuous
values. Furthermore, the CAs usually found in the literature are uniform, meaning that all cells employ the same update
function.

In addition to the transition function, an important factor that dictates state transitions is the neighborhood of a cell.
The neighborhood refers to the cells, with which the target cell can interact. If a cell is not included in the neighbors
of the target cell, it cannot influence the transition of the target cell directly but only indirectly (e.g., by affecting a
neighbor of the target cell). The definition of a neighborhood is thus very important and depends on the relationship
between cells, e.g. geographical proximity. The most popular neighborhoods are the Von Neumann and Moore.

Next, we provide a formal definition of a CA. A Cellular automaton (CA) is a quadruple (L, 8, V, f), where:
Manuscript submitted to ACM
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o £ c ZP is the set of cells forming the D-dimensional cellular space. An element of £ corresponds to a D-tuple
specifying the coordinates of a cell in the D-dimensional grid.

o B is the set of states. A cell at each time-point may be in one of the possible states. Usually, B consists of discrete
values but can also take continuous values. In the former case, the CA is called discrete, otherwise is called
continuous.

o V(c) ={c,v1(c),v2(c),...,vpr—1(c)} is the neighborhood vector of a cell ¢, consisting of M neighbors, including
¢ itself. The value of M is predefined, it may differ for each cell, and each function v; : ZP — ZP returns a
neighbor of the target cell c.

o f: BM+1 _, B s the local update function or transition function of the automaton. This rule determines the

new state of a cell by taking into consideration the cell’s current state and the states of the cell’s neighbors. If

bé, ble(c)’ .. "bzt;M,l(c) are the states of a cell ¢ and its neighbors at time t, then the next state of cell c at time
t +1is given by bi* = f(bL, bzl(c), ey bthM_l(c))' When the same function is used by all the cells of the CA the

CA is called uniform.

A global configuration B(t) of a CA corresponds to the states of all cells at each time-point ¢, i.e. B(*) = {bL|c e L}.
To compute the configuration of the CA at the next time-point ¢ + 1 we apply the update function to each cell. Therefore,
a CA can be seen as a function G : 8(t) — B8+ where 8(t*1) = G(8()) = {f(bL, bfjl(c), . "’bthM-l(C)) lce L}

Computing k configurations of a CA means to apply iteratively k times the function G, i.e., G(BM) - GX(BM)
coo GR(B W),

3 Proposed Method

In this section, we elaborate on our proposed CA-based approach for the forecasting of daily virus infections.

3.1 Cell Characteristics

We use a fixed finite 2-dimensional grid where each cell corresponds to one of the M geographical divisions of a country.
In contrast to other studies [17, 25, 42], we choose a cell to represent a whole region instead of a single individual. We
employ a SIR mathematical epidemiological model on each cell. Each cell maintains variables Sét) and Ic(t), which
represent respectively the number of susceptible and infected individuals at time-point ¢ at cell c. We do not maintain a
variable Rgt) that will keep track of the recovered individuals. However, after a certain period of time we assume that
infected individuals exit the infected state and enter the recovered state. Our goal is to compute the number of newly
infected people at future time-points at each cell. We assume a homogeneous population at each cell, N¢, meaning
that the population of each cell remains constant over time. Furthermore, we assume a homogeneous mixing of the
population inside each cell, meaning that an individual has the same probability of meeting any other individual inside
the cell.

The neighborhood of a cell c, regardless of its position on the lattice, includes all the other cells. Thus, V(c) =
{c,v1(c),v2(c),...,opm-1(c)}, where |V (c)| = M. A cell has interactions with all other cells and this allows us to use

mobility data and consider the impact of visitors from other cells to the spread of infections in the target cell.

3.2 Cell’s Transition Function

As mentioned above, each cell of the CA represents a geographical area. In order to produce forecasts of infections for
each cell, we use a transition function that incorporates the movement of people across areas, as well as the movement
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inside an area. Additionally, we consider infections that happen without any movement, e.g. household infections. To
distinguish the two different aforementioned sources of infection, we use the average number of contacts at each source.
The transition function of a cell informs about the newly infected people at the next time-point. In particular, the

transition function of a cell ¢ is the following:

— M B —
o _ 80 B 0L w8 R @
¢ 7 N k N; e Ne kp € ’
c m =1 Jj c h

———
Infections not caused from mobility

Infections caused from mobility

where fC(Hl) is the prediction of new infections in cell ¢ at time ¢ + 1 and Ic(t) is the actual number of newly infected
individuals in cell ¢ at time ¢. Ic( 2 represents all the active cases of a disease in cell ¢ at time t. As active cases in a

cell we consider the people reported infected in the last w time-points, and thus I,Et) = Z;":Bl Ic(tfs). w is the size of a
temporal window with a start point at time ¢ — w + 1 and an end point at time ¢. @ denotes the number of past values
to consider. After w time-points of infection, we assume that an individual cannot spread the virus any more and is

. ¢
considered recovered. Sé )

is the number of susceptible individuals in cell ¢ at time t. Since a susceptible person is
someone who can become infected, we calculate at each time-point ¢, Sc(t) =N.— Zgzo I l.(t_s). Hence individuals that
get infected are removed from the susceptible population. mﬁi) denotes the number of trips performed from cell j to

o}
cell ¢. Multiplication by the fraction of the population at cell j that is infected, i.e., JJ\I_J provides an approximation of

the infected people that traveled to cell ¢ and can transmit the virus.

Eq. (4) comprises two terms that account for infections caused due to people moving or not. ﬁ_c represents the average
transmission probability of the last w time-points at cell ¢ and thus, E = %, where ﬂét) is the transmission
rate at cell ¢ at time t. The variables kj, and kj, are parameters that differentiate the transmission probability according
to the source. k;, represents the average number of contacts a moving person makes during a day, regardless of the
location (indoors or outdoors) these contacts take place, excluding the ones taking place at home. On the other hand,
kj, represents the average number of contacts a person makes when staying at home. The two terms of Eq. (4) differ
only in the contact parameters and the number of infected people that can transmit the virus (visitors or locals). A
graphical representation of the components of Eq. (4) is shown in Figure 1.

Eq. (4) provides a prediction of the newly infected people at the next time-point. The variables in the right-hand side
of Eq. (4) are computed from actual data. In order to produce forecasts further ahead in the future, some of the variables
in Eq. (4) can be estimated using the predictions of the previous time-points. For example, assume we want to compute
fc(t+2). Ic(t+1)

Sc(t+1) _ Sgt)

that estimates the active cases of the last w time-points will be equal to Z’s":_ll Ic(t_s) + fc(t+1). Similarly,
- IAC(HI)A The same process is followed for predictions in time-points that are further to the future. All
such predictions together constitute a forecast operation.

The forecast operation is displayed graphically in Figure 2. f;, denotes the forecast horizon, i.e. the number of
predictions in future time-points we will produce, and w is the temporal window denoting the number of past values
(actual or predicted) to be considered in the calculation of each forecast. For visualization purposes in Figure 2, fj, and w
are initially set to 3 time-points. Each row in the diagram of Figure 2 corresponds to a forecast at a different time-point.
The top row generates a forecast for time-point ¢ + 1 (f£t+l)), the middle row for time-point ¢ + 2 (fC(HZ)) and the bottom
j§t+3))

row for time-point ¢ + 3 ( . Notice that in the forecast for time-point ¢ + 1, w contains only actual values of infected
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J+D

c

Fig. 1. Graphical illustration of the cell’s transition function (Eq. (4)). The rectangle with the orange border represents the target cell ¢
at time ¢. The blue border rectangles represent the remaining M — 1 cells of the lattice at time ¢. The green circle denotes summation,
while the pink circle multiplication.

cases, while actual and predicted values are used for the forecasts of time-points ¢ + 2 and ¢ + 3. For the forecasts at
times ¢ + 2 and ¢ + 3, w progresses one time-point each time. In contrast, the forecast horizon f}, does not slide and
becomes smaller at each step of the forecast operation.

When a forecast operation is complete, the observations of the next time-point (¢ +1 in our example) become available
and a new forecast operation can start. To achieve this, the window w is positioned to start one time-point later than
the start of the previous forecast operation (¢ — 2 in our example). This process is illustrated in Figure 3, where two
consecutive forecast operations are shown. Each row of Figure 3 displays the start of a different forecast operation.
Notice that in both rows window @ includes only actual values since only the start of a forecast operation is depicted.
Moreover, between consecutive forecast operations the forecast horizon fj, also moves by one time-point.

Pe is updated at the end of each forecast operation, i.e., when sliding the window @ to the next time-point. On the
other hand, mﬁz) is always based on real mobility data, as these can be known to some extent ahead of time. In order to
update the transmission rate ., we use the instantaneous reproduction number R(®). Consider again Eq. (1) and Eq. (2)
presented in Section 2.1. Notice that these equations can be used to calculate the effective reproduction number for
each one of the cells, i.e, Rét), using real data. By equating Eq. (1) and Eq. (2), we can calculate the transmission rate in
a cell ¢ at time ¢ as follows:

0 _ 1N,
c Z'Sc(t) Z;U:_ol Ic(t—s)ws
Recall that 7 is the mean infectious period and is considered a constant; wy is the infectivity profile and is approximated

®)

by a predefined gamma distribution. Notice also that in the denominator of Eq. (5) we consider the infected individuals
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Fig. 2. The forecast operation. The sliding window « and the forecast horizon fj, are both initially set to 3 time-points. fét) represents
predictions, while Iét) represents actual data. Each row in the diagram corresponds to a forecast at a different time-point.

| w | | fn |
| | | |

time

A IR (S U] A (L) P () P (43) A (t+4)
1210

c c c Ic Ic Ic

time

F (5 IR (55 ) B (1] ) A (42) P (t43) P (144)
1 1 1 |

e I

c c c c Ic

Fig. 3. Consecutive forecast operations. The size of the sliding window w and the forecast horizon fj, are both set to 3 time-points.

I

fc(t) represents predictions, while represents actual data. Each row in the diagram shows the start of a different forecast operation.

of the previous w time-points. Eq. (5) computes the transmission rate of each cell of the CA at time ¢. This way we can
(2)

capture differences in the spread of the virus across the cells. By taking the average of the last w time-points of .’ we

also obtain E

4 Experimental Evaluation

We present the experimental evaluation of our method and its performance regarding the prediction of COVID-19
infections. Furthermore, we provide a comparison to state-of-the-art systems and show the efficacy of the proposed

model.

4.1 Application of the CA-based approach to COVID-19

The proposed method has been assessed on the task of predicting the course of the COVID-19 epidemic. At each
time-point, we predict the number of new cases in each one of the geographical divisions of a country. The different
areas may differ both in geographical area size and population density. Nevertheless, for simplicity we choose to assign
each area to a single cell.
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As a time-point we use a calendar day and so the predictions refer to daily new case counts. Our main goal is to
aid health officials to have a quick overview of the course of the epidemic in the short-term future. In this manner,
the model is easily interpretable and can provide updated information once new data are available. The number of
forecasts produced depends on the horizon f, of a forecast operation, i.e., the number of predictions in future time-
points computed. In addition to the forecast horizon, a sliding temporal window w is used, as explained in 3.2. In our
experiments, we employ a forecast horizon of 14 days, f;, = 14, and a sliding window of 7 days, w = 7. We use f}, > w in

order to examine the behavior of the CA-based approach both in short-term and long-term forecasting.

4.2 Data Description and Integration

The data used in the present study come from various sources and are integrated to produce predictions of daily COVID-
19 cases. We combine data that concern daily confirmed COVID-19 cases, mobility records, as well as population
counts at the level of Spanish provinces. All the data are open-access and can be downloaded through an Application
Programming Interface (API) [40]. In the following paragraphs we provide some information on the different types
of data used. The interested reader can refer to [40] for more detailed information on the collection, processing and
consolidation of the data, as well as different ways to download them.

The COVID-19 records we use in the present study include daily cases for Spain, reported at different levels of spatial
resolution, such as autonomous communities and provinces. Additional information, such as accumulated incidence,
number of cases per 100,000 inhabitants, hospitalizations etc. is also provided. We utilize only the daily reported new
cases of COVID-19 for each province of Spain. The authors in [40] mention that there may be a bias on the incidences
concerning weekends, since these are reported on Mondays for both autonomous communities and provinces. They
suggest the application of rolling mean average windows, which we also adopt here. Each province of Spain is matched
to a cell of the Cellular Automaton (CA). The records of a single day concerning a province/cell of the CA are matched
to the variable Ic(t) of Eq. (4). The provinces of Spain are 52 and thus, M = 52 in Eq. (4).

Mobility data records are based on Anonymized Mobile (cell) Phone Data (AMPD), evenly distributed across Spain
and coming from a single mobile operator. These records are reported by the Spanish Ministry of Transport, Mobility
and Urban Agenda? (MITMA, Ministerio de Transportes, Movilidad y Agenda Urbana). One of the indicators MITMA
provides is the number of trips performed from an origin to a destination zone with hourly resolution. A trip is defined
as any movement of more than 500 meters that lasts more than 20 minutes. Notice that if an individual takes more than
one trip per day, these are included as different entries in the set of trips.

Furthermore, the spatial resolution used by MITMA is much higher than the one we use in the present study. Mobility
zones used by MITMA are much smaller areas than provinces. This spatial disparity is resolved by a method proposed
in [40]. The authors have implemented an approach to project data among different geographical layers, which is
based on linear interpolation. The data projection can be based either on the spatial ratios between the areas or on the
distribution of the population. The population-based method is considered more reliable and we opt for this approach
here. Using this data projection technique in [40], they construct Origin-Destination (OD) matrices at different levels of
spatial and temporal resolution. We select the matrices that refer to trips between provinces on a daily basis. In order to
produce daily trips, the authors aggregate the hourly trips reported by MITMA. The mobility data of a specific day are

matched to the variable mj(.z) of Eq. (4), which represents the trips from province j to province c at time ¢.

https://www.transportes.gob.es/ministerio/covid- 19/evolucion-movilidad- big- data/movilidad- nacional
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Table 1. Constant epidemic parameters of the model

Symbol Description Value
km Average number of contacts outside the house ~ 10.1
kp, Average number of contacts at home 3.2
T Mean infectious period duration in days 4

Population data are estimated based on another MITMA indicator that provides the population in each MITMA
mobility zone on a daily basis. The authors in [40] have aggregated the population at the province level and use this
estimation to capture the population fluctuations in different regions over the year (e.g. winter vs summer). Their
estimations have been validated with the population values reported in the Spanish census of 2019. Even though they
provide daily population estimates, we choose to use a constant population for each province (recall variable N, from
Eq. (4)). Thus, for each province we consider a population estimate concerning the period of winter, where population
fluctuations are rarely observed, and use this value throughout the whole experimental evaluation.

In the definitions of the transition function (Eq. (4)) and the transmission rate (Eq. (5)), we have introduced some
variables that do not depend on real data and are handled as constants. These are ky;,, kj, T and wg, representing the
average number of a person’s contacts outside the house, the average number of contacts at home, the duration of
the mean infectious period and the infectivity profile, respectively. Table 1 summarizes these constants. Their values,
except ws, are taken from the study presented in [2], which is one of the competing methods that we use, and are either
averaged or rounded. Specifically, k;, is the result of subtracting the “Average number of contacts at home” variable
from the “Average total number of contacts” variable for adults. kj, is the “Average number of contacts at home” of
adults. 7 arises after rounding the symptomatic infectious period of adults.

Finally, ws is approximated by a gamma distribution and represents the serial interval distribution mentioned in
Section 2.1. To construct wg, we follow an approach that considers uncertainty in the infectivity profile, similar to the one
presented in [16] . First, we constrain the mean, y1,,,, and standard deviation, o, , of the gamma-distributed serial interval
to follow normal distributions. Then, we sample n = 1000 pairs of ji,, and o, resulting in: (fy,, o) - - -, (Hawgs T )™
For each pair, we apply the constraint that y,, < o4, to ensure that the probability density function is null at t = 0.
Next, we construct a discrete gamma distribution for each pair of mean and standard deviation (1000 distributions in
total). For each distribution, we apply our CA approach for a warm-up period, ranging from 22-2-2020 to 31-3-2020 and
select the distribution that minimizes RMSE. The resulting discrete gamma distribution represents the serial interval
distribution and it remains unchanged throughout the whole evaluation period. Specifically for the COVID-19 disease
we used an average mean serial interval of 4 days (sd 1.5, min 1, max 7), and an average standard deviation of 1.5 days

(sd 0.5, min 0.5, max 2.5).

4.3 Competing Methods

To demonstrate the effectiveness of our approach we compare it against methods coming from different fields of
epidemiological modeling. The first one is the Autoregressive Integrated Moving Average (ARIMA), a classical time-
series forecasting method that is data-driven and independent of mobility interactions. The second one is the long
short-term memory (LSTM) neural network [30], which due to its memory capacity is able to capture time dependencies
in the data. The third one is a graph neural network (GNN) [35], which, through the message passing scheme, updates
the representation of each node of the graph according to the messages received from its adjacent neighbors. The fourth
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one is a metapopulation framework, based on a method known as Microscopic Markov Chain Approach (MMCA), that
combines compartmental dynamics and mobility networks to assess the spread of the virus. The methods have been
selected, among others, in order to assess the effect of using or not mobility data in disease forecasting. All models are

applied on data concerning the epidemic wave in Spain.

4.3.1 ARIMA. ARIMA is a regression model denoted as ARIMA(p,d,q), where p is the order of the autoregressive part,
d is the degree of differencing applied and q is the order of the moving average part. The order of the model (p) indicates
the history of past values used in forecasting, i.e. how many past values of the variable will be used. Differencing is used
in ARIMA to achieve stationarity, i.e. a time-series without trend or seasonality. Stationarity facilitates the forecasting
process. The value d denotes how many times we should subtract past values of the variable, to make the time-series
stationary. For instance, a value of 1 means the difference between the current time period and the previous one. The
last parameter, g, denotes the number of past forecast errors that should be taken into account in the forecast operation.
We will refer to p,d and g as hyper-parameters of the ARIMA model.

In the context of the present study, we apply an ARIMA model to each one of the 52 provinces of Spain. Each ARIMA
model is used to forecast the daily new COVID-19 infections inside a province. Initially, each model is trained with
daily cases before the forecasting period, in order to tune the hyper-parameters, minimizing the Akaike Information
Criterion (AIC). Once the hyper-parameters are defined, they remain unchanged during the whole forecasting process.
The forecasting process follows the forecasting operation definition from Section 3.2, using a sliding window. First, a
series of forecasts is performed according to the size of the forecast horizon f;, defined. We use an f}, of 14 days similarly
to our method. Next, the sliding window progresses one time-point and the COVID-19 data are used to update each

model. We employ a sliding window of 1 month.

4.3.2 LSTM. The LSTM framework [30] is a deep learning method that has been applied for forecasting the spread of
COVID-19 [11, 22, 37, 41, 48, 50]. LSTMs are capable of learning long-term dependencies in the data and are suitable for
time-series prediction problems [48]. In particular, LSTMs are a type of Recurrent Neural Network (RNN) that avoids
the short-term memory problem, where short-term information has a greater influence over long-term information
[37]. An LSTM unit (cell) is equipped with three gates (forget, input, output) that control the information flow inside
the unit, by determining what information from the past should be kept, what should be updated, and what should
be given as output [30]. This structure of LSTM units allows the discovery of important correlations in the data over
arbitrary time intervals.

We adopt the architecture of the LSTM outlined in [50]. The authors of [50] have demonstrated the efficiency of
this architecture by predicting the daily new cases in various countries. The LSTM network consists of four hidden
layers and 130 hidden units. The learning rate is 0.005 and the optimizer is Adam. Similarly to ARIMA, an LSTM model
has been applied to each one of the 52 provinces of Spain. However, the authors of [50] have used a large training
period (194 days) to learn the parameters of the model and only a very small period (14 days) to test the model’s
prediction accuracy. In the prediction phase, the model is fed with the real cases of the previous day and, then, the
testing period proceeds day-by-day. Similarly to [50], we normalize the daily case data using MinMaxScaler. An input
to the model consists of the actual cases of the previous 7 days, i.e. the sliding window is w=7, as in our CA-based
method. In the training period, the LSTM is trained for 300 epochs as suggested in [50]. Then, in the testing period
we follow the forecasting operation discussed in Section 3.2, where a forecast horizon f}, of 14 days is used. Note that
during the forecast operation, the input may consist of actual and/or predicted values. After a 14-day forecast operation

is performed, the window slides 1 day (new data become available) and a new 14-day forecast begins.
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4.3.3 GNN. The GNN [26, 35] is a deep learning method that operates on graph data and is able to learn efficient
representations of nodes by leveraging information from their neighbors. A graph consists of nodes, which are
connected/related through edges. The edges may have weights. The graph is encoded by an adjacency matrix. The set
of nodes with which a node is connected constitute its neighbors. The network contains a series of aggregation layers,
called neighborhood layers. At each iteration, the node representations of a layer are updated by following a two-phase
procedure. First, information is propagated along the neighbors, and second, the information is aggregated in order to
obtain the updated representations. This procedure is called message passing [26]. GNNs have recently been used for
spatio-temporal predictions of the spread of COVID-19 [21, 33, 38].

We follow the approach described in [38], which aimed to predict the daily new cases in different locations of several
countries. The authors employ a GNN with two aggregation neighborhood layers, each layer comprising 64 hidden units.
Additionally, they utilize skip connections from each layer to the output layer. The model is trained for a maximum of
300 epochs with an early stopping criterion after 100 epochs. The batch size is 8, the optimizer used is Adam and the
learning rate is 0.001. The output of every layer goes through batch normalization and dropout, with a dropout ratio of
0.5.

To apply the model to the data from Spain, we constructed a graph for each day. The nodes of each graph are the 52
provinces of Spain. As node features we take the actual cases of the previous 7 days, i.e., =7, similarly to our method.
A node/province has an outgoing edge to another node/province if there are mobility data from the former to the latter
at this date. Recall from Section 4.2 that the mobility data provide the number of trips from one province to another on
each day. The number of trips is used as a weight on an edge. During training, the model is trained with the graphs
of each day that constitute the observed history. Then, the forecasting operation discussed in Section 3.2 starts, with
fn=14. At each step of the forecasting operation, the input consists of the graph of the previous day, where the edges of
the graph correspond to the actual mobility data and the node features include actual and/or predicted cases. When the
forecast operation is completed, the window slides by 1 day, the model is trained over the whole history and a new
series of 14 predictions begins. Our evaluation differs from the one in [38], in that their predictions always refer to a
single time-point in the future while we employ the forecast operation and produce predictions for the next f;, days.
Thus, their input always consists of actual data, as opposed to the input used in the forecast operation that may include

actual and/or predicted values.

4.3.4 MMCA. The MMCA model [2] is a complex framework that utilizes a multitude of variables and parameters
that incorporate not only the specific characteristics of SARS-CoV-2 transmission but also the particularities of the
population affected by the pandemic. Examples of such parameters of the model are the demographic distribution, the
complex patterns of social contacts, and the geographic mobility networks. Furthermore, this model can estimate the
impact of different non-pharmacological interventions (NPIs) on the trajectory of a disease.

The MMCA model is a metapopulation framework, where the population is distributed across patches. In each patch,
an epidemiological model with ten compartments is built to capture the epidemiological and clinical status of the
individuals. The authors introduce an asymptomatic state (infectious individuals without symptoms) to emphasize
the covert effect of asymptomatic individuals on the virus spread. The model also examines the fatalities and thus the
clinical compartments refer to hospitalization. The compartmental dynamics are expressed through equations that
represent the probability of individuals at a patch to be in a specific state. These equations also indicate how these

probabilities evolve over time.
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Additionally, the population inside each patch is split into three age strata (young, adult, and elderly) to address
the significant differences observed in the behavior of the virus across different age groups. Different age groups also
have different commuting habits and this is reflected on their social contacts. The mobility of population across and
within patches is considered to be the main reason of transmission of the virus. The model uses mobility matrices
that denote the probability of each age stratum to move from one patch to another. This way, mobility is incorporated
and its impact can be investigated. Additionally, the implementation of containment measures is modeled by applying
reductions in the mobility of the population.

In the work presented here, MMCA was employed to predict new daily COVID-19 infections. The MITMA mobility
zones (Section 4.2) represent the patches of the metapopulation framework. We have executed 1000 runs of the model,

each time altering the values of the following parameters:

o Infectivity of symptomatic f;
o Infectivity of asymptomatic f4
e Exposed rate n9

e Asymptomatic rate a9

e Infectious rate p9

e Household permeability ¢

e Social distancing §

e Initial asymptomatic population A,

In [2] there is a detailed description of the above parameters, as well as the ones that remain unchanged through all
model runs, e.g., the hospitalization rates of each age group.

Having executed 1000 runs, we effectively get 1000 different models and one of them is selected to make a forecast
each time. The selection is done with the use of a 1-week rolling window, similar to the sliding temporal window «

)

presented in Section 3.2. Let fi(t+1 represent the forecast of model i, 1 < i < 1000, at time-point ¢ + 1. The model
i achieving the lowest RMSE in the forecasts of the seven days preceding time-point ¢ + 1 is selected to forecast
i+ f(“fh), where f;,=14 is the horizon of the forecast operation, as defined in Section 3.2. After the forecast
operation, the window moves by one day and the operation is repeated until the end of the forecasting period. Notice

that this means a different model may be selected as the best one in each forecast operation.

4.4 Evaluation Metrics

The evaluation metrics used to assess the performance of the five methods are the mean absolute percentage error
(MAPE) and the rooted mean-square error (RMSE). Their definitions follow:

13 o _ o
MAPE:—ZMXNO , 6)
n = Ic(t)

RMSE = J % ; (Ic(t) - fc“))Z , @)

Ic(t) fc(t) is the forecast value of infections in area/cell ¢ at

where is the actual value of infections in area/cell ¢ at time ¢,

time ¢ and n is the total number of observations (days). RMSE computes the standard deviation of prediction errors
(residuals) and thus, it estimates the average model prediction error. RMSE penalizes big errors, meaning that few

significant errors have a great impact on its value. MAPE calculates the average of the percentage errors, where each
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absolute error is divided by the actual value. This way the errors are normalized. However, over-forecasts, i.e. predicting
more infections that actual, have a greater effect on MAPE, compared to under-forecasts.
Furthermore, in order to obtain a progressive evaluation of all the models, we use windowed versions of the

aforementioned metrics, named wMAPE and wRMSE, defined as follows:

12”: 1 i 1 — i)
WMAPE= =) — » £ ¢ x100% , (8)
nE Y| Ic(t)
IS |1 (1)) 2
WRMSE =~ " 3| =" (IC“) - IC“)) . ©)
w
i=1 t=1

The windowed versions of the metrics compute a MAPE or RMSE value for each sliding window, i.e., the value of n
now corresponds to the total number of windows used to cover the whole forecasting period. The window size is « and
it progress one point at a time, leading to overlapping consecutive windows, until the end of the forecasting period is

reached.

4.5 Experimental Results

We present our empirical analysis on real daily COVID-19 incidences from Spain. We compare the five methods in a
period spanning from 1 April 2020 to 9 September 2020. A forecast always refers to a single day. In what follows, when
we mention the forecast step we refer to the number of days in the future a forecast corresponds to. In the analysis that
follows, the minimum forecast step we use is 1 day and the maximum is 14 days, since we employ a forecast horizon fj,
of 14 days, i.e., f, = 14. In the windowed versions of the metrics the size of the window is 7 days since w = 7.

Regarding our CA-based approach and the GNN, the spatial resolution concerns the provinces of Spain. A cell ¢
in the CA model represents a province and daily cases are predicted by applying the transition function at each cell.
Similarly, in GNN, the nodes of each graph correspond to provinces, their features consist of daily new COVID-19
infections of the past 7 days (w=7), and future daily cases are predicted for each node/province. After producing as
many predictions as the forecast horizon f}, dictates, the sliding window moves and one more time-point is added to
the training set. For the CA this means updating the transmission rate of each cell E (see Section 3.2), while the GNN
is re-trained with the whole history.

Regarding ARIMA, a model is trained for each province of Spain, where the training data consists of daily new
COVID-19 infections that span a period from 1 January 2020 to 31 March 2020. After producing predictions according
to the forecast horizon f}, the sliding window moves one time-point and the real data of the additional day are included
in the fitting process. The fitting process concerns the update of the internal parameters of the ARIMA model, using the
last month’s daily incidents reported for the particular province.

Similar to ARIMA, the LSTM is build for each province of Spain. However, it cannot be re-trained after the end of
each forecasting operation due to the computational cost of the operation. Therefore, we decided to split the dataset
to 5 different training periods and corresponding testing periods (see Table 2). After the completion of each training
period, the corresponding testing period is covered by a series of fj, forecasts, during which no re-training takes place.
Recall from section 4.3.2, that the input consists of the past 7 days, i.e., 0=7.

Finally, MMCA does not require re-training, since we have generated 1000 models and the best model is selected as
described in Section 4.3.4. However, the patches used by MMCA correspond to MITMA mobility zones, significantly
smaller areas compared to provinces. To overcome this issue of spatial granularity, we aggregated the results of all
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Table 2. Training and testing periods for LSTM

Training Test

01/01/2020 — 31/03/2020  01/04/2020 — 30/04/2020
01/01/2020 — 01/04/2020  01/05/2020 — 31/05/2020
01/01/2020 — 31/05/2020  01/06/2020 — 30/06/2020
01/01/2020 — 30/06/2020  01/07/2020 — 31/07/2020
01/01/2020 — 31/07/2020  01/08/2020 — 09/09/2020

methods to the level of autonomous communities. Autonomous communities is the first level of Spain division and
there are 19 communities in total. We selected the autonomous communities to facilitate the visualization process.
Moreover, we aggregated the results at the country level to gain a national perspective of the course of the epidemic.

Figure 4 presents the daily new incidents as predicted by the five methods, as well as the actual reported cases.
Figure 4(a) depicts predictions one day ahead, while Figures 4(b) and Figures 4(c) display results of the more difficult
tasks of 7-day and 14-day predictions, respectively. All diagrams display aggregated results concerning new daily
COVID-19 infections over the whole country of Spain. At this level of granularity, all five methods, seem to predict
closely the infection trajectory in the forecasting tasks of one and seven days ahead, with the exceptions of LSTM
and GNN in the 7-days predictions. The performance of these two methods deteriorates significantly in forecast steps
greater than 7, and we opted not to present their results so that the differences in accuracy among the remaining
methods remain visible. As expected, in the 14-days forecast step the performance of the three remaining methods
also deteriorates. MMCA achieves the smallest deviation from the actual data. Hence, the CA and ARIMA seem more
suitable for short-term forecasts.

The differences in the forecasting accuracy on a specific date, as depicted in Figure 4, remain small. For this purpose
Figures 5(a) and 5(b) aggregate the errors of the different models across the time period, and use RMSE and wRMSE to
measure the difference of each method from the true values. As shown in the Figures 5(a) and 5(b), ARIMA achieves
the lowest RMSE for the forecast of the first four days (steps 1 to 4). LSTM has the worst performance and GNN the
second worst one. The performance of our CA approach is closer to that of ARIMA and exceeds it in the harder tasks of
predicting 6 to 11 days ahead, in terms of RMSE, and 6 to 13 days ahead, in terms of wRMSE. In both Figures, MMCA
exhibits the best performance in steps 12 to 14, highlighting the method’s long-term forecasting ability. Looking at the
MARPE results (Figures 5(c) and 5(d)) we arrive at similar conclusions, but now our CA-based approach is clearly the
best method in the majority of the forecast steps. Similar to Figure 4, to avoid the distortion of the diagrams in Figure 5,
we chose not to present results of LSTM and GNN for steps greater than 7.

Next, in Figures 6 and 7 we present the RMSE and MAPE scores of four methods for each autonomous community of
Spain. We exclude LSTM, since it performs much worse than the other methods. Figures 6(a) and 7(a) correspond to
the forecast of the next day (step 1), Figures 6(b) and 7(b) correspond to the 7-th day forecast, while Figures 6(c) and
7(c) correspond to the 14-th day forecast. As before, in Figures 6(c) and 7(c) we do not present the results of GNN to
avoid distorting the diagrams. The results are illustrated on a map of Spain where the borders of each autonomous
community are shown. ARIMA achieves the lowest RMSE score in all the communities when the forecast step is set
to 1 day (see Figure 6(a)). As the forecast step increases, the accuracy of all methods decreases (see Figures 6(b) and
6(c)). In the 7-th day forecast (see Figure 6(b)), ARIMA provides the best predictions in 9 out of the 19 autonomous
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Fig. 4. Daily new incidents of COVID-19 in Spain as predicted by each of the competing methods. In diagram (a) the forecast step is
1 day, in diagram (b) 7 days and in diagram (c) 14 days.
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Fig. 5. RMSE (a), WRMSE (b), MAPE (c) and wMAPE (d) for Spain. The forecast step ranges from 1 to 14 days.
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communities, while CA and MMCA achieve the best results in 4 communities each. In the 14-th day forecast, ARIMA is
more accurate in 7 communities, CA in 3, and MMCA in 8 communities.

Figures 6(b) and 6(c) illustrate also the effect of the population size on the performance of the models. Looking at the
largest two communities, MMCA seems to be doing best in “Comunidad de Madrid” in forecast step 7 and in “Catalufia”
in forecast step 14. Regarding the CA-based method, the opposite behavior is observed, that is, it does best in “Catalufia”
in step 7 and in “Comunidad de Madrid” in step 14. As expected, the RMSE of all methods is much larger for those two
communities, due to the much higher population.

Using the MAPE score (Figure 7), the population size of different communities is normalized. This allows a more
direct comparison across communities. According to the MAPE of 1-day forecast (see Figure 7(a)), the CA-based method
achieves the best overall result in 9 communities, while ARIMA and GNN are the best methods in 5 and 2 communities,
respectively. In the case of the 7-th day forecast (see Figure 7(b)), CA achieves the best MAPE score in 7 communities,
while MMCA achieves the best score in 11 communities. GNN performs best in “Comunidad de Madrid”. Looking at
Figure 7(c), concerning the 14-th day forecast, we arrive at the same conclusions. Interestingly, our CA approach achieves
a very good MAPE score in some of the most populous communities, like “Comunidad de Madrid” and “Catalufia”. As
expected, the performance of all methods is getting worse as the forecast step increases. However, GNN suffers the
greatest reduction in performance, followed by ARIMA and then, the CA approach. MMCA demonstrates a more stable
behavior, without abrupt changes.

In Table 3, we present the processing time in seconds for the five methods. For ARIMA, as processing time we
considered the learning phase, during which the hyper-parameters were estimated, and the time to complete the
forecasts of the whole forecasting period, including the time required for parameter fitting at each move of the sliding
window. Recall that progressing the window makes new observations available. Similarly, for GNN, the time to reach
the end of the forecasting period, including training and forecasting, was considered as processing time. Recall that
GNN is trained over the whole history each time a new operation of f}, forecasts is requested. LSTM was evaluated
by splitting the dataset in five training and testing periods (see Table 2). When calculating its processing time, we
considered the sum of the elapsed times of the five training and testing periods. For MMCA, we considered the time to
produce the predictions for each one of the 1000 models, as well as the time to select the predictions of the best model
in each employment of the sliding window until the end of the whole forecasting period. For the CA-based method
we considered as processing time the completion time of the whole forecasting process, including the time to select
the serial interval distribution (ws). As can be seen in Table 3, the computational cost of our CA approach is orders of
magnitude lower than that of the other four approaches. This highlights the simplicity of the CA-based method, which
can produce reliable forecasts almost instantaneously. In contrast, the high complexity of the other methods translates

to increased computational requirements.

Table 3. Processing time in seconds

Method Time (seconds)

LSTM 211339.1
ARIMA 23698.8
GNN 15679.4
MMCA 3727.8
CA 57.8
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Fig. 6. RMSE for each autonomous community of Spain. Forecast for the next day (a), the 7-th day (b), and the 14-th day (c).

Delving deeper into the computational benefits of our CA-based method, in Fig. 8, we provide an illustration of the
trade-off between predictive accuracy and computational performance. We present results for each forecast step size
(x-axis) for the whole of Spain. We have included only the methods that were able to produce forecasts of 14-days, that
is, ARIMA, MMCA, and the CA. At each step, we first present the improvement of CA in terms of accuracy, based on
the MAPE score (red y-axis). Specifically, we compare the CA approach against the best method or the second best one,
if CA achieves the best accuracy (positive y values). To establish the trade-off, we also show the factor by which run
time is improved by CA (blue y-axis), against the same method that we calculated the accuracy improvement. Run
time is calculated as the time needed for the complete experiment by each method (as per Table 3), and it varies very
little between forecast steps. As Fig. 8 shows, our method achieves MAPE improvement in most of the steps, while
at the same time it improves the computational cost by orders of magnitude. In the cases where our CA approach
achieves lower accuracy, one needs to consider if this decrease in accuracy can be tolerated, given the speed at which

the estimates are generated.

5 Discussion

Our proposed CA-based method accurately predicts the daily new COVID-19 cases. It provides a good fit to the actual
data, both at the country and at a regional level. The spatial resolution employed in our implementation may be modified.
The method is applicable to any scale if an appropriate division of the spatial area under investigation exists and is
accompanied by the appropriate mobility and infection data.
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Fig. 8. Trade-off between prediction accuracy based on MAPE and computational performance with respect to the competing
approaches.

The transition function of the proposed method (recall Eq. (4)) takes into account both infections caused by human
movement (first term of Eq. (4)), as well as those caused by people staying at their home location (second term of

Eq. (4)). In respiratory syndromes, like COVID-19, human movement is a decisive factor for disease spread [40, 44].
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To further highlight the importance of mobility and show how the transition function captures movement across and
inside cells/regions, we present in Fig. 9 the actual daily new COVID-19 cases along with the proportion of infected
people moving, in two of the largest autonomous communities of Spain: “Comunidad de Madrid” and “Catalufia”. Apart

from the daily cases (green y-axis), the plot additionally shows the number of infected people that traveled to the target
=)

I -
communities the previous day and can transmit the virus (blue y-axis). This number is the sum ij[: 1 ’TJ mﬁi 1),
where the number of trips performed from a source community to a target community the previous day (mj.z_l)), are

(t-1)
multiplied by the fraction of the population at the source community that was reported infected the last 7 days (- N, )-

This is actually the sum appearing in the first term of Eq. (4), capturing the effect of mobility on infections. As it can be
seen in both figures, the mobility of infected people is highly correlated to the daily new cases. This is confirmed also
by the Pearson correlation coefficient (r) shown in the yellow boxes. Similar results are also observed for the remaining
communities. This high degree of correlation illustrates how the proposed transition function for the CA captures
mobility across and inside regions, and in addition underlines the importance of combining mobility and infections in
the forecasting process.

One of the main advantages of the proposed method is its simplicity. The discretization of time and space is
comprehensible and the transition function of each cell is simple, compared to many state-of-the-art models. Health
officials or policy makers require methods that are interpretable and can aid in efficient planning of strategies to confront
and reduce the spread of the virus. The proposed method also produces results quickly, at low computational cost. In
contrast, many state-of-the-art methods, like ARIMA, LSTM, GNN and MMCA, require high computational resources
and their processing time is orders of magnitude higher. The computational efficiency of our method, along with the
fact that it is extensible and flexible, provide the opportunity to incorporate additional factors known to influence the
evolution of a disease.

Despite its advantages, the proposed method can be improved in various ways. Commuting and social mixing vary a
lot among different population groups. For example, working individuals are more probable to get out of their residency,
compared to more senior citizens. Hence, the probability of a working individual to make contacts and acquire the
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virus is higher than that of older people. In the presented study we could not study the social dynamics of different age
groups. Similarly, the effect of changes in the population over time, e.g. due to births, deaths and tourism, could be
studied, if data were provided for a longer period of time. Another important factor to be added to the study is the
response of the authorities to the pandemic. In particular, the containment measures applied by authorities to set the
epidemic under control have a direct impact on the number of contacts an individual can have, which in turn map onto
specific parameters of the CA model, i.e., ks, and ky, in Eq. (4). By varying these parameters, one could study the effect
of different disease management actions on daily new infections.

The epidemic model utilized in our study is the usual SIR model. The employment of different compartmental models
could also be investigated. Immunity, due to recovery from the disease or due to vaccination, is a parameter that should
be taken into account if the model is used in more recent periods. Similarly, considering the incubation period to
account for asymptomatic individuals or the hospitalization rates that provide a better understanding of the long-term
evolution of a disease [2], might also be helpful. Furthermore, reinfections should be accounted for, and for these a
SIRS epidemic model might be more appropriate, since all individuals after a period of time stop being immune and
return to the susceptible state. However, any of the above extensions of the model should be done with caution, as it
will increase complexity and compromise explainability.

Finally, we need to acknowledge that we aimed at a short-term forecasting (up to 7 days) method, which was not
designed to capture time dependencies that extend far into the past. The long-term simulation of disease spread may
need to consider other important parameters, such as asymptomatic individuals, and/or a different temporal aggregation
of existing parameters. We believe this is very difficult to achieve without affecting the simplicity and complexity of the
method.

6 Related Work

The goal of epidemiological models is to predict the course of an epidemic, in order for appropriate measures to be
taken to control the spread in the society. Regarding airborne diseases, like COVID-19, one of the most significant
causes of the spread of the virus is the mobility of humans [44]. Several studies have been published that correlate the
spread of the SARS-CoV-2 virus with human mobility patterns [2, 4, 13, 28, 49]. Considering movement habits and
patterns of individuals is thus a crucial factor to comprehend the dynamics of fast-spreading pandemics, and the use of
real mobility data can push research forward [13, 40, 44]. A study that investigates different movement models and
their impact on epidemiological outcomes can be found in [15].

In particular, metapopulation epidemic models address the issue of human movement by overlaying an epidemiological
compartmental model on top of locations called ‘patches’, where a number of individuals reside. The spatial interaction
among patches, i.e., the movement of individuals from one patch to another, facilitates the exploration of the spatial
dynamics of a disease. This is in contrast to the usual compartmental models that only consider the temporal evolution
of a disease. The authors in [13] propose a dynamic mobility network, which models the movement of people from
small places to various points of interest (POIs), such as restaurants, stores etc, which are assumed to be the main
centers of COVID-19 transmission. They use a Susceptible-Exposed-Infected-Recovered (SEIR) model along with
mobile phone data to capture mobility patterns and succeed to reproduce the observed case counts. Additionally, their
approach allows to estimate the effects of several Non-Pharmacological Interventions (NPIs) on the spread of the virus,
including effects on disadvantaged racial and socioeconomic groups. The performance though comes at the cost of large
computational resources and especially processing time. Crucial parameters of the method require accurate fine-tuning,

a time-consuming process, making the method hard to deploy in practice.
Manuscript submitted to ACM



Forecasting COVID-19 Infections With the Use of Simple Cellular Automata 25

The MMCA method [2], which was used also in our experimental evaluation, proposes an even more extensive
compartmental model than the one in [13], calculating the probabilities of state transition for each patch, by taking into
consideration mobility. Recall from Section 4.3.4 that the model is sensitive to a number of parameters, combinations
of which result in 1000 different variants of the model. Even though several aspects of the COVID-19 pandemic are
considered, this results in a highly complex and computationally expensive model. On the other hand, our CA-based
approach is simple and lean, depending only on daily cases of the previous week to update the transmission rate of
each cell. Hence, it provides quick and accurate results at a low computational cost.

A computationally light metapopulation model for COVID-19 is presented in [36]. This approach acknowledges the
importance of bidirectional commuting, where individuals moving to another patch are expected to return home. This
way the method avoids diffusing infected individuals from one patch to all other patches and compartmental population
variations are modeled more accurately. Furthermore, the method is not so complex and relies on solving ordinary
differential equations. However, the model has not been experimentally validated with real mobility data and thus, no
definite conclusions can be drawn about its performance.

A stochastic compartmental epidemic model for COVID-19 forecasting, which is not a metapopulation one, is
presented in [20]. As in our study, the authors employ a simple SIR model to describe the states of the disease and
combine it with a Bayesian sequential estimation and forecasting algorithm, based on daily reported cases. One important
aspect of their method is the estimation and application of a time-varying transmission rate, during the forecasting
operation as opposed to our time-invariant parameter model. The transmission rate is subject to changes throughout the
whole course of a disease, due to factors such as the active infected cases, mitigation strategies, etc. Thus, by updating
it during forecasting, its dynamic nature is considered and the accuracy of the predictions can be improved. In [43]
sequential Bayesian learning is further combined with the mean-agnostic sequential test (MAST) [7] statistic to forecast
COVID-19 infections. MAST is a method to predict transitions between a controlled phase, where there is no need for
interventions, and a critical phase, where there is an exponential growth of infections and policy makers must adopt
containment measures for the epidemic. MAST trades off decision delay, i.e., the time to declare a phase transition with
the risk to declare a transition too soon. However, all these approaches neglect the spatial dimension of the epidemic,
since they do not incorporate mobility factors, which are a significant cause of disease spread.

On the other hand, time-series models have been used widely to forecast the course of the COVID-19 pandemic
[11, 14, 23, 32, 39]. In [11] and [32] different time-series models are used to forecast infected cases in several countries,
showing that a single method cannot fit accurately the data in all countries. In our experimental evaluation, we included
ARIMA, a popular forecasting approach, and showed that it can produce reliable short-term forecasts. However, in
order to make accurate predictions, ARIMA uses a significant amount of historical data for parameter fitting, making
the method data and computationally expensive, compared to the CA-based approach. Recall from Section 4.3.1 that the
incidences of the previous month are used to update the internal parameters (fitting process) of each ARIMA model
applied to a province.

In the spirit of data-driven approaches, deep learning techniques have also been used to study the development and
spread of the epidemic [11, 22, 37, 41, 48, 50]. These methods employ a number of features to train the neural networks,
including the daily confirmed cases, containment policies such as face covering, gathering restrictions, statistical
properties of the data, etc., and have succeeded in accurately predicting the infection trajectory in the short-term future.
In our empirical analysis, we included as a competing method, the LSTM. LSTM has been shown in the literature to
perform better than time-series methods (including ARIMA) [41, 53] and other machine learning methods [50, 53]. In

[48], the authors use a rolling mechanism, where an LSTM network is re-trained with its own predictions to estimate
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the epidemic trend 150-days ahead in different countries. In [22], the authors perform transfer learning by training an
LSTM network in the data of two countries and use the trained networks to forecast the daily cases in other countries.
In [50], an LSTM, a convolutional neural network (CNN), and a hybrid approach CNN-LSTM, have been used to predict
the daily COVID-19 cases in three countries. In addition to the reported cases, various mitigation policies were included
as features in the training of the three models.

However, our experimental results did not confirm those presented in the literature for LSTM networks. Furthermore,
the accuracy of the networks was shown to deteriorate quickly as the forecast step increased. This is mainly due to
the limited size of the training set and highlights the dependence of neural networks on large amounts of data. In the
first stages of an epidemic, or in small geographical regions, the lack of sufficient training data makes deep learning
techniques unsuitable for forecasting. In addition, the training of the networks requires substantial computational
resources and cannot be used for real-time decision making. In contrast, the CA-based approach can produce reliable
short-term forecasts, using few data and limited resources. Furthermore, the CA-based method is simple and easily
interpretable, which is not the case for LSTM and ARIMA. It is worth-mentioning that we tried to improve LSTM’s
accuracy by incorporating the mobility data as additional features, but an improvement was not observed.

In order to study the spatio-temporal spread of a disease, a natural choice is to represent the problem as a graph.
Our CA-based approach assumes a 2D grid, where the connections among cells vary over time and space, depending
on human movement. These dynamics can be captured by spatio-temporal graphs. The literature includes some deep
learning approaches that use graphs to study COVID-19 [21, 33, 38]. These approaches are typically based on GNNs
and show improved performance compared to statistical and other deep learning approaches, including ARIMA and
LSTM. In [21, 33], GNNs are used to predict COVID-19 daily cases in all counties of the USA. In both studies, each
node of the graph corresponds to a county and has static features, such as population size, population density, etc.,
and dynamic features, such as number of active cases, total cases, etc., falling inside a predefined window. In [21],
the authors construct a model that combines a graph attention network (GAT) to extract spatio-temporal features
and a gated recurrent unit (GRU) to learn temporal features. The model has multiple outputs for predicting the cases
for a fixed number of days in the future. The spatial edges of the graphs are based on demographic similarity and
geographical proximity between the counties, and thus, the effect of mobility on disease spread is not studied. In [33], a
simple GNN is used to predict the cases of the next day in each county of the USA, but now the edges represent the
human mobility between regions. A similar model to [33] that is based on mobility to construct the graphs is proposed
in [38]. The authors implemented a GNN that exhibits good performance in predicting future COVID-19 cases at the
regional level of several countries. In addition, to account for the limited amount of training data and the fact that
different countries may be on different stages of the epidemic, they developed an efficient transfer learning technique.
Due to their mobility-based graph representations and the use of different forecast steps, we included their model in
our experimental comparison. Notice that in all of the aforementioned approaches, the GNNs that are used are not the
typical type, where the network is trained over a single graph. Training data consist of temporal snapshots, where each
snapshot is a graph with different features for the nodes and different weights for the edges.

The authors in [38] report results for up to 14 days ahead in the future, where they train a network each time new
data become available and for each forecast step separately. This means that trainable parameters must be learned
for 14 different networks each time the window slides. This is a very time-consuming process, not favoring real-time
decision making. Additionally, regardless of the step used, future predictions in [38] were always based on real infection
data. This is not feasible when monitoring the epidemic spread, and a model should be able to use its own predictions

to produce reliable forecasts further ahead in the future. Aiming at a fair comparison, we trained a single GNN for
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the next day each time and then applied the forecast operation discussed in Section 3.2 to generate forecasts. Our
evaluation demonstrated that the GNN has a very poor performance as the forecast step increases and it uses its own
predictions as input. This result highlights once more the need of deep learning methods for sufficient training data.
Despite the similarity in the representation of the task between the GNN and our CA-based method, the former has to
learn many parameters only to produce accurate results for small forecast steps. In contrast, the CA-based approach
is capable for short-term forecasting by tuning a single parameter (the infectivity profile ws, see Section 4.2), which
is kept stable during the whole forecasting period. Moreover, it can exploit its own predictions to generate forecasts
without sacrificing significantly the accuracy. This demonstrates the cost-effective use of resources of the CA-based
approach and its ability to provide a quick overview of the ongoing epidemic. Another practical problem of the GNN
is the difficulty in interpreting the results of each node/region. In contrast, the transition function we employ on the
cells of the CA is simple and it makes clear how spatial and temporal factors affect the outcome. Finally, we have also
evaluated a model proposed in [38], which combines the GNN with an LSTM to capture temporal dependencies in the
data. We have observed a significant drop in accuracy compared to the simple GNN, in agreement with the results in
[38].

The spatio-temporal dynamics of epidemic spread have also been explored using CA [3, 6, 17, 18, 24, 25, 42, 45].
Various types of CA have been proposed in the literature, with the main objective being to observe complex macroscopic
behaviors from the interaction of the local cells (see [5] for a CA survey). These include the use of novel interaction
neighborhoods [3, 17, 42, 45], instead of the classical Von Neumann and Moore neighborhoods of radius 1, deterministic
[3, 18, 45] or probabilistic [17, 24, 25, 42] transition functions, non-uniform functions [18], where each cell may
have a different transition function. Furthermore, CAs that incorporate individual heterogeneity, such as age and sex
information [6, 17], the effect of population density [6, 17, 25], the application of several NPIs [25] or the pressure to
the healthcare systems [42], have been proposed.

Specifically for COVID-19, a probabilistic CA is used in [42], along with a detailed epidemiological model capturing
many of the states an individual can be in, after acquiring the virus. The method explores the effects of social isolation
and healthcare infrastructures on the evolution of the epidemic. The simulation employs real data from Brazil and
a huge lattice is used to cover the whole population of the country, each cell referring to a single individual. The
complexity of the method makes it impractical for quick prediction of the spread dynamics. Probabilistic CAs have also
been used in [25] to explore the effects of population density, movement restriction, lockdowns, virus testing efficiency
and different state transition probabilities. That method is combined in [24] with a genetic algorithm to estimate from
real data the initial parameters of the model and use it for forecasting. The authors in [24] present results from the
disease evolution in many countries with great accuracy. However, the cells represent again individuals and the use of
small interaction neighborhoods cannot capture the effects of mobility on disease spread.

Another CA model for simulating and analyzing COVID-19 evolution is proposed in [17], where heterogeneity
parameters, including sex ratio, age structure, individual immunity, incubation and treatment period, and population
movement are considered. The number of confirmed COVID-19 cases is predicted in the context of different control
strategies. Each cell corresponds to an individual and the interaction neighborhood is combined with a maximum
moving step to simulate human movement. Once more, it is not clear whether such approaches can simulate accurately
the mobility influence on the epidemic course, where traveling among regions is a decisive factor for the diffusion of the
virus. The CA model that relates more closely to our approach is the one presented in [18], where each cell represents a
whole area and continuous variables are used to record the number of susceptible, infected and recovered individuals at

each time step. The lattice used overlays the China map divided into administrative regions, where each region may
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consist of more than one cell. The neighborhood utilized is the Von Neumann of radius 1 and thus, long distance human
movement, i.e. traveling among regions that do not abut, is not considered.

Finally, a subtle difference of all the CA approaches outlined in the present section, as compared to our approach, is
that they try to simulate human mobility through small interaction neighborhoods without considering real mobility
data. In contrast, our CA-based method explores the spatio-temporal dynamics of COVID-19 by incorporating real

mobility data in the transition function.

7 Conclusions and Future Work

In this paper, we presented a method based on Cellular Automata (CA), tailored to short-term forecasting of daily
new COVID-19 cases. Our approach employs a simple SIR epidemiological model in each cell of the CA, where each
cell represents a geographical region, and avoids the utilization of traditional neighborhood schemes. The transition
function of each cell takes into account the impact of human mobility in the spread of the virus. The neighbors of a cell
are all other cells from which there is incoming human movement. The flow of incoming individuals determines to an
extent the number of infected individuals at each time-step. Furthermore, we adopt a unique transmission rate for each
cell, computed directly from data, in order to capture disparities that appear in different spatial areas. Our method has
been applied to Spain, using daily COVID-19 incidences and mobility data, and was evaluated retrospectively on the
prediction of future infections. In addition, we compared our method against four state-of-the-art methods from the
fields of time-series analysis, deep learning, and metapopulation epidemic modeling. The results are very promising
and show that our method produces accurate forecasts, exceeding in most cases the performance of more complex
methods. One of the main advantages of the proposed method is that it makes use of limited computational resources,
favoring real-time decision making. Thus, it may assist policy makers to adapt quickly the measures they are taking for
attenuating the epidemic.

In future work, we intend to overlay different epidemiological models over each cell of the CA, in order to include
more specific features of the virus and assess the effect of this additional complexity on prediction accuracy. Furthermore,
we intend to test the presented approach on a higher spatial resolution and apply it to other countries and infectious

diseases.
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