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COVID-19 (also known as coronavirus or SARS-CoV-2) is a highly infectious
disease which has gripped the lives and minds of people across the world. Due to
its high infection rate, as well as potentially deadly symptoms and long-lasting
health risks involved with it, governments across the world have applied various
measures to combat the spread of COVID-19. Not only does COVID-19 have
potential to wreak havoc on the health of the citizens � but it is possible that
measures which may be too aggressive, such as prolonged periods of quarantine,
could cause economical and societal issues. Crucial piece of information necessary
for the o�cials to deliver good decisions are epidemiological curves predicting
disease spread amongst the populace, or in other words � the number of active
cases through time.

Epidemiological curves are a�ected by many factors, including not just the
characteristics of modelled disease but also external factors such as population
density, healthcare quality in a given region and ways members of population act.
Due to this, modelling of epidemiology curves is a complex problem � as many
factors may not be known or considered important enough to be included in the
modelling. Due to this, arti�cial intelligence (AI) which is trained on the existing
data that shows real trends relating to the spread may have potential to provide
high quality results. There are other bene�ts related to AI approach � such as
free tools and resulting models which are easy to implement in solutions meant
to be used by non-engineering personnel, such as medical sta� or government
o�cials. This presentation will present an overview of previous and ongoing
research relating to modelling of COVID-19 spread.

Data used for the research in question is provided within the COVID-19 Data
Repository by the Center for Systems Science and Engineering (CSSE) at Johns
Hopkins University (available at https://github.com/ CSSEGISandData/COVID-
19) [1]. The data within the repository is updated daily since 22nd January 2020.
Dataset contains information on the daily number of con�rmed cases of COVID-
19, as well as the number of recovered and deceased patients. Data is formatted
as time-series data � where the total number of the above patient groups up
to the given date is noted for each location in the dataset. Dataset contains
time-series data 268 global locations, with US being split into a separate dataset
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3341 locations, as data is collected per-city. Due to the low amount of data for
analysis using a time-series � at the time of this writing (22nd October 2020)
data for 274 days has been collected. While a total amount of datapoints is large
at 991880 data points, per location training of a time-series neural network, such
as recurrent neural network (RNN) is not possible due to low amount of per
location data points. Due to this, �rst step in the process is the transformation
of the dataset from time series one into a regressive dataset. This is done by
taking each location (marked with two �oat values representing a locations lat-
itude and longitude) and number of days elapsed since the start of the dataset
(integer value), and then writing the values of con�rmed, deceased and recov-
ered patients for the given day and location along the appropriate data. This
creates a large dataset, with three inputs (location latitude, location longitude,
elapsed days) and three outputs (number of con�rmed cases, number of deceased
cases and number of recovered cases). With the dataset prepared a regressive AI
method can be applied. Currently, two methods have been applied and shown
good results � Multilayer Perceptron (MLP) and Genetic Programming (GP).

MLP is an arti�cial neural network (ANN) characterised by the input layer
which has a number of neurons equalling the number of inputs, and a single out-
put neuron with an arbitrary number (1 or more) of hidden layers and neurons
in between them. Neurons are connected by weighted connections, with each
neuron in a previous layer being connected to all neurons in the subsequent layer
(fully connected ANN architecture). MLP is trained by bringing the data points
inputs to the input of the network and forward propagating them with the each
neuron summing the output values of neurons connected to it multiplied by, ini-
tially randomized, connection weights multiplying the outputs of the connecting
neurons. Each of the resulting values is also passed through the neuron's activa-
tion function. The output is compared to the data points output and the error is
back propagated to adjust weights. Repeating this process many times generates
weights which lend themselves to create a high precision model [2].

GP is an algorithm combining evolutionary computation and machine learning.
It creates a set of randomized agents which are referred to as population. Each
agent is an individual model, represented as a mathematical equation of inputs
formatted as a tree. Then, selection and evolutionary computation is applied to
these agents. Selection used in the research is �tness proportional, which means
that those agents with higher �tness are more likely to be selected. Fitness
refers to the error of the predicted data, obtained for the model, in comparison
to the real data � with lower being better. Selected agents have evolutionary
computing operations applied on them: reproduction (copying the agent into
the next population), recombination (inserting a combination of two agents into
the next population) and mutation (inserting a randomly modi�ed agent into

36



Tuesday, 13:30-14:30 Heterogeneous Computing and Advanced Cloud Services

the next population). After several generations have elapsed (de�ned as each
iteration with a di�erent population set), the quality of solutions should display
a growing tendency until �nally converging to a high-quality solution [3].

Both algorithms behaviour is determined by the hyperparameter values � with
a grid search being applied to determine the possible hyperparameter combina-
tion for MLP, and random hyperparameter space search being applied for GP.
10-fold cross validation is applied to models obtained from both algorithms. Re-
sulting models are trained using mean absolute error (MAE) and evaluated using
coe�cient of determination (R2) [2,3]. It needs to be noted that both presented
methods can only regress a single value with a model. Due to this, three separate
models were trained in each � one for the number of con�rmed, deceased, and
recovered cases, respectively. To obtain the epidemiological curve the number of
currently active cases is calculated by subtracting a sum of that total recovered
and deceased cases to that day from the total number of con�rmed cases. It may
seem simpler to train the model with the calculated real number of active cases.
But such an approach would have a problem, due to not predicting the values of
each patient case separately. For example, for a 1000 con�rmed total cases, both
the combination of 900 recovered and 90 deceased cases and 90 recovered and
900 deceased cases will result in 10 active cases � despite these two combinations
presenting a vastly di�erent situation.

Both the used methods generated high quality models, with R2 values higher
than 0.98 for all the outputs. It can be concluded that AI methods can be
used to achieve a good model of epidemiological curves and their components.
Additionally, some di�erences between the algorithms can be noted. For example,
while MLP is, on average, faster to train in comparison to the GP � allowing for a
faster model generation; models obtained by the MLP are not language-agnostic
making them harder to implement. Models generated by GP are given in form
of equations which are then easily transformed into an appropriate form to be
utilized in various forms of software packages or programming languages allowing
for a faster implementation of those models into new or existing tools.
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