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Abstract: The rapid spread of SARS-CoV-2 and the consequent global COVID-19 pandemic has
prompted the public administrations of different countries to establish health procedures and protocols
based on information generated through predictive techniques and models, which, in turn, are based
on technology such as artificial intelligence (AI) and machine learning (ML). This article presents
some AI tools and computational models used to collaborate in the control and detection of COVID-19
cases. In addition, the main features of the Epidempredict project regarding COVID-19 in Panama are
presented. This initiative consists of the planning and design of a digital platform, with cloud-based
technology, to manage the ingestion, analysis, visualization and exportation of data regarding the
evolution of COVID-19 in Panama. The methodology for the design of predictive algorithms is
based on a hybrid model that combines the dynamics associated with population data of an SIR
model of differential equations and extrapolation with recurrent neural networks. The technological
solution developed suggests that adjustments can be made to the rules implemented in the expert
processes that are considered. Furthermore, the resulting information is displayed and explored
through user-friendly dashboards, contributing to more meaningful decision-making processes.

Keywords: COVID-19; artificial intelligence; machine learning; predictive algorithms; hybrid model

1. Introduction

In December 2019, the spread of the SARS-CoV-2 virus began worldwide, which
caused the COVID-19 pandemic [1]. This unprecedented crisis, which initially affected
healthcare systems worldwide, has had an effect on every main sector of activity [2].
Therefore, a series of control measures have been taken in different countries to prevent
high numbers of infections in the population [3,4].

One of the most widely used control initiatives is the establishment of restrictions on
the mobility of individuals [5]. As a consequence, society is becoming increasingly inter-
ested in technological resources that facilitate the adoption of automated ways of efficiently
managing the large volume of data currently being generated [6–8]. The global utilization
of restrictions on movement has meant that while in the physical world, the activity of
society is at a standstill, in the digital world, activity is increasing. For public adminis-
trations that manage healthcare systems, there is particularly high interest in the concept
of having technological tools that contribute to the effective and efficient development of
decision-making processes [9,10]. The current pandemic scenario poses challenges, as it
requires the implementation of responsible and high quality public actions, through the
adoption of actions under a decision-making process based on real data and information
on the evolution of the disease and the levels of affectation that are being generated [11].
Initiatives taken under the influence of these conditions will benefit of the majority of
global population. The context of the current healthcare crisis in which these types of
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public organizations operate, is associated with the so-called VUCA (volatile, uncertain,
complex and ambiguous) environment [12,13]. For this scenario, the implementation of
“disruptive” technologies allows for the maximization of the full potential of the latest
advancements that are being applied to the intelligent management of large volumes of
data (big data). These data inputs are being generated as a result of the growing digitization
of organizational processes [14,15]. Furthermore, the implementation of solutions based
on innovative technologies allows public organizations to deal with complex contexts in
terms of decision making [15]. This implies a significant difference compared to conven-
tional decision-making contexts. Given the exceptional nature of the crisis that is being
experienced in these organizational environments, it is important to implement solutions
that provide significant value and enable knowledge management, as these will be the
organizations’ most valuable resource [16].

The integration of technological solutions based on technologies such as artificial intel-
ligence (AI) and machine learning (ML) make it possible to create the necessary conditions
to offer an efficient dataset, in real time that is available to all stakeholders [17]. Likewise,
current computing advances provide great capabilities for the analysis and presentation
of information and the intelligent exploitation of data generated from heterogeneous
sources. Forms of visualization can be incorporated and aimed at non-technical audiences
or personnel [18].

This paper is organized as follows: the Related Work section presents a review of
scientific publications that propose technological solutions to address processes regarding
the diagnosis and prediction of cases during the COVID-19 pandemic. The reviewed papers
present solutions based on artificial intelligence and the application of methodologies that
incorporate machine learning algorithms. Finally, in the Proposed Solution section, some
of the most relevant attributes of the Epidempredict research project, developed in Panama
to monitor the evolution of the COVID-19 pandemic, are presented.

2. Related Work

Artificial intelligence (AI) is a widely used term that encompasses a wide variety of
areas and sub-areas of activity. In these areas, algorithms are designed and built to replicate
human intelligence, facilitating decision making through the processing power of computer
systems [19–21].

Recently, there has been an increase in the development of AI-based technological
solutions in the healthcare sector. In this regard, the emergence of the COVID-19 pandemic
has led to the development of initiatives involving the use of AI to achieve a more de-
tailed analysis of the large volume and diversity of data being generated. On the other
hand, the design of solutions based on machine learning and AI is contributing to the
improvement of diagnostic and prevention systems, and significantly supporting the work
performed by healthcare professionals [22].

On the other hand, AI and ML technologies are used to achieve improved accuracy in
the predictions made about the occurrence of infectious and non-infectious diseases, such
as COVID-19 [23]. One of the first expert systems designed for healthcare assistance was
the MYCIN system [24]. Developed in 1976, it used 450 rules based on the criteria of a
medical expert. The solution provided answers about which antibiotics could be used to
treat a given bacterial infection. The system was used to support clinical decision making,
facilitating the work of medical staff [25,26].

The application of technologies such as AI and ML in data management and decision
making related to the spread of contagious diseases allows for the development of rapid
diagnostic and screening processes [27,28]. However, one of the main differences between
the current COVID-19 pandemic and previous events that represent a health risk lies in the
differences in the efficient and effective management of data. The main cause for this is
attributed to the significant increase in the volume of data generated. On the other hand,
there is the need to use these data, in real time, as a means for timely decision making.
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Computing advances currently provide great analytical capabilities, which is one of
the reasons why the data analytics industry is booming. This is a situation that requires
consideration, as not everyone who can access data knows how to correctly interpret it.
In other words, most people who use specific datasets on a daily basis, which could add
value to data, do not have advanced knowledge of data processing, which affects the
obtainment of good-quality results [29].

Another situation that the COVID-19 pandemic has generated is that the available
data provided by multiple sources, such as the WHO (World Health Organization) and
others, are sometimes published without unifying criteria, either between countries or
even within each country. In addition, different regions do not quantify the data using
the same criteria with regard to their structuring. This fact, added to the particularities
existing in each country or region in terms of treatment or measures adopted in the face
of the pandemic, means that the analysis of the data must be tailor made. In this sense,
there is a need for automated tools that allow different users, including those without
great technical knowledge, to work with the specific data they know, merging different
parameters, such as the dates of the measures adopted in a territory, the severity of the
restrictions, the degree of compliance by citizens or the movements of the population in a
territory with other data associated with the number of infected individuals, number of
recovered individuals, number of hospitalized persons, or number of deaths [30].

The WHO highlights four fundamental aspects that must be managed in health
situations of broad social impact, such as the current COVID-19 pandemic: determining
what caused the disease; understanding the forms of transmission and the populations
at risk; clearly substantiating the behavior of the infection (from the incubation stage to
the level of mortality); and structuring epidemiological models that help to define the
mechanisms to be adopted to prevent, control, and diagnose infection, as well as apply
treatment [31].

The significant impact of the COVID-19 pandemic on different health systems has led
to the development of new automated tools that allow health authorities to make timely
decisions, facilitating a broader view of the impact of the disease. This paper presents
a general exploration of the scientific literature. This exploration made it possible to
determine some of the working approaches being used for the development of predictions
and data processing in clinical settings. The existence of a strong integration of resources
and techniques based on artificial intelligence (AI) and machine learning (ML) to increase
the efficiency of the development of diagnostics and screening in patients infected with
COVID-19 was identified. The advancements achieved in this area will strengthen the
expert systems in place for healthcare, which will contribute to the structuring and design
of screening for the identification and management of SARS-CoV-2 carriers. The aim is
to strengthen the traditional approach to screening through the use of more rapid and
accurate techniques [32].

Table 1 presents some studies that report the use of technology for radiographic
imaging, such as computed tomography and X-rays, and includes studies that reference
ML and AI as a technology for use in the structured screening of SARS-CoV-2 infected
patients (based on Lalmuanawma, Hussain and Chhakchhuak, 2020) [26].

In the literature, references were found to studies conducted in different countries
where the implementation of technological solutions focused on AI and ML are successfully
contributing in the implementation of digital contact tracing systems. The application of
information technologies considered to be disruptive represents a direct method of support
to the development of more efficient screening processes. This allows the most appropriate
measures to be taken to mitigate the effects of the disease in the population. The studies
presented explore the use of technological solutions that collaborate with the prevention of
the spread of pandemic diseases, such as Sars-Cov-2 and COVID-19. The authors present
the tools as cost-effective technological solutions that significantly improve diagnostic
processes compared to the results provided by traditional methods applied to the detection
and follow-up of infected or ill patients [26]. On the other hand, these studies show that
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the main purpose of the application of expert systems is to obtain a solution that offers
a rapid diagnosis, for which an increase in the precision of the values obtained by the
selected procedures and methods is sought. In this sense, the rapid and early detection
of positive cases reduces the levels of spread of the disease on the one hand and, on the
other hand, grants physicians or other health personnel with more time to make more
accurate diagnoses in patients, which saves their lives on many occasions. Using a more
technical approach, the studies presented here employ a single classification algorithm;
however, authors such as Lalmuanawma et al. [26] suggest the use of classification methods
known as hybrids. In these studies, the use of these hybrid solutions in heterogeneous
data regarding mammographic, demographic and other studies is considered possible.
This is feasible due to the existence of significant factors in the data that shed light on the
process of identifying and categorizing patients who are truly infected or highly likely to
be infected, whether or not they exhibit symptoms.

The papers included in this general exploration of the scientific literature were classi-
fied by models (Table 2), frameworks (Table 3), algorithms (Table 4), and others (Table 5),
such as architecture, systems or methods, as at least one study was identified in each of
these categories. The studies represent new contributions to the design and implementa-
tion of automated models for data analysis through the use of disruptive resources and
technologies with the aim of addressing the COVID 19 pandemic.

Table 1. ML and AI research with regard to structured screening of SARS-CoV-2.

Study/Research ML/AI Method Data Accuracy

The application of a deep
learning technique to manage
COVID-19 in routine clinical
practice using CT images:
results of 10 convolutional
neural networks [33]

Deep
Convolutional
Neural Network
ResNet-101

Clinical;
demographic

Accuracy: 99.51%
Specificity: 99.02%

The automated detection of
COVID-19 cases using deep
neural networks with X-ray
images [34]

Convolutional
Neural Network
DarkCOVIDNet
Architecture

Clinical,
Demographic

Accuracy: 98.08%
On binary classes
Accuracy: 87.02%
on Multi-classes

A combination of four clinical
indicators predicts the
severe/critical symptom of
patients infected with
COVID-19 [35]

Support Vector
Machine

Clinical; laboratory
features;
demographic

Accuracy: 77.5%
Specificity: 78.4%
AUROC reaches
0.99 training and
0.98 testing dataset

Rapid and accurate
identification of COVID-19
infection through machine
learning based on clinical
available blood test results [36]

Random Forest
Algorithm

Clinical;
Demographic

Accuracy: 95.95%
Specificity: 96.95%
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Table 2. Models.

Name Contribution References

Multi-Task Deep Model

A pre-trained deep learning model was utilized to train a
dataset of 4895 commercially available drugs. After learning
and manual refinement, 10 drugs were selected as potential
COVID-19 inhibitors.

[37]

CogMol (Controlled
Generation of Molecules)

A deep generative model is proposed to find potential
molecules that can blind three relevant protein structures of
coronavirus. Additionally, in silico screening experiments
were conducted to assess the toxicity of the generated
molecules.

[38]

COVID-Net

A deep CNN model for the classification of COVID-19 and the
dataset was designed by collecting 13,975 chest X-ray images
across 13,870 patients. The proposed CNN model can achieve
test accuracy of 93.3%

[39]

Random Forest Model

Using chest CT images, 63 quantitative features of COVID-19
were analyzed using an RF model. The proposed method
obtained promising results, e.g., an accuracy value of 0.875
and an AUC score of 0.91.

[40]

Time-dependent, (SIR)
model

A time-dependent SIR model was proposed to dynamically
adjust the control parameters according to the outbreak
policies. The model was also extended to consider
undetectable infected cases.

[41]

DarkCOVIDNet

A model for automatic COVID-19 detection using raw chest
X-ray images was presented. The proposed model was
developed to provide accurate diagnostics for binary
classification (COVID-19 vs. no findings) and multi-class
classification (COVID-19 vs. no-findings vs. pneumonia).
The model produced a classification accuracy of 98.08% for
binary classes and 87.02% for multi-class cases.

[34]

Support Vector
Regression and
Stacking-Ensemble

This model can generate accurate forecasting, achieving errors
in a range of 0.87–3.51%, 1.02–5.63%, and 0.95–6.90% for one,
three, and six days ahead, respectively. In all scenarios,
the ranking of models, from the best to the worst regarding
accuracy, is SVR, stacking ensemble learning, ARIMA,
CUBIST, RIDGE, and RF models.

[42]

Deep Convolutional
Neural Network

CoroNet is a model based on Xception architecture
pre-trained on an ImageNet dataset and trained end-to-end on
a dataset prepared by collecting COVID-19 and other chest
pneumonia X-ray images from two different publicly available
databases. The model was trained and tested on the prepared
dataset, and the experimental results show that the proposed
model achieved an overall accuracy of 89.6%, and more
importantly the precision and recall rate for COVID-19 cases
were 93% and 98.2% for 4-class cases (COVID vs. bacterial
pneumonia vs. viral pneumonia vs. normal).

[43]

InstaCovNet-19

The proposed model detects COVID-19 and pneumonia by
identifying abnormalities caused by such diseases in chest
X-ray images of the person infected. It achieved an accuracy
of 99.08% on 3 class (COVID-19, pneumonia, normal)
classification, while achieving an accuracy of 99.53% on 2 class
(COVID-19, non-COVID-19) classification.

[44]



Electronics 2021, 10, 2901 6 of 15

Table 3. Frameworks.

Name Contribution References

Decompose, Transfer
and Compose
(DeTraC)

A CNN-based DeTraC framework was proposed.
For the pre-trained ResNet18 model, the DeTraC
achieved competitive performance, accuracy
values of 95.12%, sensitivity values of 97.91%,
and specificity values of 91.87%.

[45]

Data-Driven Drug
Repositioning
Framework

For drug repurposing, a data-driven approach was
examined over 6000 candidate drugs. The key
finding was that the inhibitor CVL218 is very
promising and has a safety profile in monkeys
and rats.

[46]

AI4COVID-19

The AI4COVID-19 framework is considered the
domain knowledge of medical experts. The input
data are cough/sound signals, which may be
recorded by smartphones. The performance is very
promising. Classification accuracy of 97.91%
(93.56%) is obtained for cough (COVID-19)
detection

[47]

Modified Auto-
Encoder (MAE)

A modified autoencoder framework was
investigated to model the transmission dynamics
of COVID-19. Using the empirical data from the
WHO, the model can achieve an average error of
less than 2.5%. An interesting observation is that a
faster intervention can significantly reduce the
numbers of cases of infection and death.

[37]

Table 4. Algorithms.

Names Contribution References

Machine learning
algorithms.
The algorithms used
included decision tree,
random forest, XGBoost,
gradient boosting
machine (GBM) and
support vector machine
(SVM).

A model was developed that employed
supervised machine learning algorithms to
identify presentation features predicting
COVID-19 disease diagnoses with high
accuracy. Data were collected, and it was
found that the XGBoost algorithm performed
with the highest accuracy (>85%) to predict
and select features that correctly indicate
COVID-19 status for all age groups.

[48]

High-performance
machine learning
Algorithm

To support decision making and logistical
planning in healthcare systems, this study
leveraged a database of blood samples from
485 infected patients in the region of Wuhan,
China, to identify crucial predictive
biomarkers of disease mortality. For this
purpose, machine learning tools selected
three biomarkers that predict the mortality of
individual patients more than 10 days in
advance with more than 90% accuracy: lactic
dehydrogenase (LDH), lymphocyte and
high-sensitivity C-reactive protein (hs-CRP).

[49]
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Table 4. Cont.

Names Contribution References

Deep Learning using
LSTM network

In this paper, the authors presented the long
short-term memory (LSTM) network, a deep
learning approach, to forecast the future
COVID-19 cases. Based on the results of the
long short-term memory (LSTM) network,
the authors predicted the possible ending
point of this outbreak would be around
June 2020.

[50]

Deep learning: deep
neural network (DNN) on
the fractal feature of
images and convolutional
neural network (CNN)
methods with the direct
use of lung images

Results classification shows that the
presented CNN architecture with higher
accuracy (93.2%) and sensitivity (96.1%)
outperformed the DNN method with an
accuracy of 83.4% and sensitivity of 86%.
In the segmentation process, we presented a
CNN architecture to find infected tissue in
lung images. The results show that the
presented method can almost detect infected
regions with a high accuracy of 83.84%. This
finding can also be used to monitor and
control patients with regard to infected
region growth.

[51]

Deep neural network
(DNN)–based diagnosis
solutions, mainly based
on convolutional neural
networks (CNNs)

COVID-CAPS achieved an accuracy of 95.7%,
sensitivity of 90%, specificity of 95.8%,
and area under the curve (AUC) of 0.97,
while having a far lower number of trainable
parameters in comparison to its counterparts.
To potentially further improve the diagnosis
capabilities of COVID-CAPS, pre-training
and transfer learning were utilized based on a
new dataset constructed from an external
dataset of X-ray images.

[52]

Table 5. Others.

Name Contribution References

Method: Assistant
Discrimination Tool

The method presented a robust outcome to
accurately identify COVID-19 from a variety
of suspected patients with similar CT
information or similar symptoms,
with accuracy values of 0.9795 and 0.9697 for
the cross-validation set and test set,
respectively. The tool also demonstrated its
outstanding performance on an external
validation set that was completely
independent of the modeling process,
with sensitivity, specificity, and overall
accuracy values of 0.9512, 0.9697, and 0.9595,
respectively.

[36]
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Table 5. Cont.

Name Contribution References

Pre-trained networks
architecture

Ten well-known convolutional neural
networks were used to distinguish COVID-19
from non-COVID-19 groups: AlexNet,
VGG-16, VGG-19, SqueezeNet, GoogleNet,
MobileNet-V2, ResNet-18, ResNet-50,
ResNet-101, and Xception. Among all
networks, the best performance was achieved
by ResNet-101 and Xception. ResNet-101
could distinguish COVID-19 from
non-COVID-19 cases with an AUC of 0.994
(sensitivity, 100%; specificity, 99.02%;
accuracy, 99.51%). Xception achieved an AUC
of 0.994 (sensitivity, 98.04%; specificity, 100%;
accuracy, 99.02%).

[33]

α Satellite System

An AI-driven system, namely α-satellite, was
proposed to estimate the risk of COVID-19 in
a hierarchical manner. Data were collected
from heterogeneous sources, e.g., WHO,
demographic and mobility data, and
social platforms.

[53]

3. Proposed Solution: Guidance and Contributions

The integration of initiatives to the healthcare sector based on disruptive technologies,
such as ML and AI, allow the creation of the conditions necessary to offer an efficient
dataset in real time that is available to all stakeholders [16]. Current advancements in
computing provide great opportunities for performing analysis, information presentation,
and the intelligent exploitation of data generated from heterogeneous sources. Forms of
visualization aimed at non-technical audiences or personnel can be incorporated [17].

The Epidempredict initiative regarding COVID-19 corresponds to a research and
development project that aims to achieve the optimal management of different data inputs
regarding the evolution of COVID-19 in Panama, using a set of technological resources and
tools that facilitate the design and implementation of an innovative technological solution.

According to the considerations that must be taken into account regarding innova-
tion, it is intended that the developed solution facilitates the transformation of data and
information into knowledge that is of value to an organization. Especially today, in a
society characterized by a clear focus on the digital, the perception that knowledge is
the most important factor of production, in addition to land, labor and capital, can be
revitalized [54].

The development of this project incorporated a series of intelligent models that allowed
prediction and optimization adapted to current needs in relation to data and information
on the evolution of the pandemic in Panama. The design and construction of models
and algorithms favor the adoption of more agile and simple decision-making processes.
Here, the process contemplated the use of models that are executed and applied to data
collected from various sources, as well as the knowledge generated and stored in relational,
non-relational and other databases that are captured in real time [18,55].

The procedure used for the development of the project was based on a set of daily
data in which the evolution of COVID-19 during a certain period of time in Panama was
recorded, shown in Figure 1: t ≤t_max. These data were used to calculate the temporal
variation of the variables S (number of people susceptible to the disease), I (number infected)
and R (number recovered/dead) in that time range. These variables were introduced in
the SIR model, whose differential equations are solved using a Runge–Kutta method, thus
extracting the unknown parameters of the model [56]: Ø_fit(t) and µ _fit(t) to: t≤t_max.
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Then, an LSTM neural network was applied to extrapolate these parameters to higher time
values, with which, after being implemented in the SIR model, it was possible to make
predictions with regard to the evolution of the S, I, and R variables.

Figure 1. Procedure used in the project.

Actions Applied to Input Variables and Results Obtained

The input variables used to implement the SIR model were the variation of the
cumulative number of infected cases, the cumulative number of recovered persons and
the cumulative number of deaths, taking 9 March 2020 as the starting date for the count.
With these data, we could extract the variables S(t), I(t) and R(t), which were necessary for
the implementation of the SIR model.

Figures 2–4 present some visualizations obtained by using the initial data. The vari-
ables were obtained by solving the system of differential equations of the SIR model, that
is, the parameters β(t) and µ(t), as well as the basic re-productive number R0(t), which is
no more than the ratio of Ø(t) to µ(t), with which the speed at which the disease spreads in
the population was estimated. This ratio indicates the number of new infections expected
from a single infection in a population where all individuals are susceptible, so that if its
value is greater than 1, the disease is spreading, while if it is less than 1, the incidence of
the disease is decreasing. From these output variables, we extrapolated the time series of
coefficients with the LTSM neural network and made predictions regarding the evolution
of the disease using the hybrid SIR model.

Figure 2. Variation in the number of infected persons.
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Figure 3. Variation in the number of deaths per day.

Figure 4. Variation of basic reproductive number R0.

For example, Figure 5 displays the results obtained by performing a 14-day forecast,
taking the data collected from 9 September to 15 October 2020 as the input data. The results
are represented in the following graphs, where the orange lines show the predictions with
an error range and the blue lines show the actual data collected on those dates.
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Figure 5. Results obtained: (Above) Evolution of the infected number and (Below) Evolution of the
number accumulated deaths

A dashboard was designed to make all the project information visible via the website
that was designed for the project. As Figure 6 shows, it uses a login with a permitted
user so as not to expose sensitive health data. Once logged in, a dashboard breakdown
view can be accessed, along with the defined sections, among which are a comparison
of neighboring countries, a COVID-19 dashboard, COVID-19 open data, a document
repository, and information regarding vaccines.
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Figure 6. Dashboard designed to make all the project information visible.

4. Discussion

Establishing the course of action and the effects that the COVID-19 pandemic will
have in a given territory is one of the most commonly demanded requirements by health
authorities worldwide. However, despite the successful development of digital tools and
resources using disruptive technologies, such as artificial intelligence (AI), the dynamic
attributes that characterize the data of the population under study and the diversity of
restrictive measures adopted by health authorities make the prediction process a subject
with different levels of complexity.

AI forms a part of everyday solutions used in the medical field, ranging from im-
proving patient care and surgical techniques to predicting diagnoses. With regard to the
COVID-19 pandemic, the scientific community has relied on AI to achieve the effective
and efficient management of the large volume of data that has been generated, offering
solutions aimed at diagnosing and predicting possible cases, which enabled authorities to
make decisions based on valid and reliable data by establishing timely regulations adapted
to the particular conditions of each territory.

The works included in the general exploration of the scientific literature conducted
in this paper were classified by models, frameworks, algorithms, and others labels, such
as architecture, systems or methods because research was identified that fit each of these
categories. The studies included represent new contributions to the design and implemen-
tation of automated models for data analysis using disruptive resources and technologies
with the goal of addressing the challenges caused by the COVID-19 pandemic.

In addition, the development of a platform called Epidempredict was proposed. This
solution uses cloud storage technology to manage data regarding the evolution of COVID-
19 in Panama. In this platform, a prediction system was designed and implemented
based on a hybrid model that considers the ingestion and processing of data obtained
from heterogeneous sources incorporating a SIR model, with differential equations and
extrapolation processes based on recurrent neural networks. The input variables used to
implement the SIR model correspond to the variation of the cumulative number of infected
cases, the number of people recovered and the cumulative number of deaths. In order to
process and analyze data and make predictions from the data, the data generated from the
official registration of the first case of COVID-19 in Panama were used.
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We established that the project is based on a hybrid solution, combining an expert
system and LSTM within the SIR model. This allowed us to obtain explainable results,
exposing the level of impact that the application of restrictive regulations has had on the
fluctuation obtained for the coefficient. On the other hand, the expert rules integrated in the
solution helped to obtain a prediction of the effect that the application of these measures
has had on the dispersion index. In addition, explainable artificial intelligence was used to
help understand the system’s interpretation of the data associated with the pandemic.

5. Conclusions

The hybrid model that was incorporated in the developed solution allows the popula-
tion dynamics of the SIR model to be handled as well as those of the LSTM recurrent neural
networks. Machine learning algorithms were incorporated in this model to predict the
transmission rate of the virus in Panama. Recurrent neural networks have feedback paths
between all of the elements that compose them. A single neuron is connected to subsequent
neurons in the next layer, to past neurons in the previous layer, and to itself through vectors
of varying weights that undergo alterations to achieve operation parameters or goals.

Furthermore, the model implemented in EpidemPredict for COVID-19 adapts the
prediction generated by integrating a process of the identification and detection of changes
in the structure of the data processed by the SIR model. In this sense, the adjustment made
in the model allows for the generation of predictions that tolerate fluctuations of existing
values in the key attributes of the data used and the integration of new data characteristics.
This fact allows for the coefficients and results obtained from the implemented model to
be adapted. In addition, the data are consumed and explored through dashboards that
facilitate their use by non-specialized users. In short, the solution generated is a direct
method of support for decision-making systems used by health authorities.
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