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RESUMO

O SARS-CoV-2 é um virus de RNA envelopado que causa graves doencas respiratorias
em humanos e animais. A infeccdo ocorre quando a proteina Spike se liga a enzima
conversora de angiotensina 2 (ACE2) do hospedeiro. Os morcegos sdo considerados os
hospedeiros naturais do virus, e a transmissao zoondtica é um risco significativo quando
humanos entram em contato proximo com animais infectados. Portanto, compreender a
interconexao entre a satiide humana, animal e ambiental é crucial para prevenir e controlar
futuros surtos de coronavirus. Este trabalho visou revisar sistematicamente a literatura
para identificar caracteristicas que tornam os mamiferos transmissores adequados do virus,
levantar os principais métodos computacionais utilizados para avaliar o SARS-CoV-2 em
mamiferos e identificar quais caracteristicas tornam um mamifero bom transmissor deste
virus. Conseguinte, foram utilizados dados ecoldgicos, de historia de vida e caracteristicas
biologicas de varias espécies de mamiferos, além de oito diferentes algoritmos de Apren-
dizado de Maquina (Naive Bayes, Decision Tree, Random Forest, XGBoost, AdaBoost,
SVM, Regressao Logistica e MLP) para prever a suscetibilidade das espécies ao SARS-
CoV-2. A rede neural foi identificada como o melhor modelo devido a sua performance.
Além disso, foi empregado o método CSSE (Agnostic Method of Counterfactual, Selected,
and Social Explanations) para interpretar os resultados e identificar as caracteristicas bi-
ologicas mais relevantes na suscetibilidade ao virus. A analise contrafactual indicou que
primatas apresentam alta suscetibilidade ao SARS-CoV-2. Fatores como densidade po-
pulacional, longevidade, tamanho do grupo social, frequéncia de ninhadas e atividade
crepuscular foram identificados como determinantes na capacidade de uma espécie atuar
como hospedeiro zoonotico. Os achados contribuem para a prevencao e controle de futuros
surtos, fornecendo informagoes sobre fatores de transmissao e destacando a importancia
de métodos computacionais avancados no estudo de doencgas infecciosas. Isso permite
uma compreensao mais profunda dos padroes de transmissao e pode ajudar no desenvol-
vimento de estratégias de controle e intervencao mais eficazes. A pesquisa oferece uma
ferramenta pratica para identificar e monitorar potenciais hospedeiros de SARS-CoV-2 e

outros patdgenos emergentes.

Palavras-chave: Bioinformatica. COVID-19. SARS-CoV-2. Aprendizado de maquina.

Mamiferos.



ABSTRACT

SARS-CoV-2 is an enveloped RNA virus that causes severe respiratory illness in humans
and animals. Infection occurs when the Spike protein is bound to the host’s angiotensin-
converting enzyme 2 (ACE2). Bats are considered the natural hosts of the virus, and
zoonotic transmission is a significant risk when humans come into close contact with in-
fected animals. Therefore, understanding the interconnection between human, animal,
and environmental health is crucial to preventing and controlling future coronavirus out-
breaks. This work aims to systematically review the literature to identify characteristics
that make mammals suitable virus transmitters and identify the main computational
methods used to evaluate SARS-CoV-2 in mammals and identify which characteristics
make mammals good transmitters of this virus. Therefore, ecological data, life history,
and biological characteristics of several species of mammals were used, in addition to eight
different Machine Learning algorithms (Naive Bayes, Decision Tree, Random Forest, XG-
Boost, AdaBoost, SVM, Logistic Regression, and MLP) to Predict species susceptibility
to SARS-CoV-2. The neural network was identified as the best model due to its perfor-
mance. Furthermore, the CSSE method (Agnostic Method of Counterfactual, Selected,
and Social Explanations) was implemented to interpret the results and identify the most
relevant biological characteristics in susceptibility to the virus. A counterfactual analy-
sis indicated that primates are highly susceptible to SARS-CoV-2. Population density,
longevity, social group size, litter frequency, and twilight activity determine a species’
ability to act as a zoonotic host. The findings of this research are not just theoretical, but
also have practical implications for the prevention and control of future outbreaks. They
provide crucial information on transmission factors and underscore the importance of
advanced computational methods in the study of infectious diseases. This deeper unders-
tanding of transmission patterns can help develop more effective control and intervention
strategies. The research offers a practical tool for identifying and monitoring potential
hosts of SARS-CoV-2 and other emerging pathogens, thereby empowering the scientific

community with the necessary knowledge and tools.

Keywords: Bioinformatics. COVID-19. SARS-CoV-2. Machine Learning. Mammals.
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1 INTRODUCAO

Os coronavirus (CoVs) sao virus envelopados, de RNA de sentido positivo (EVANS;
LIU, 2021), classificados em quatro géneros: alfa , beta, gama e delta. Os alfacoronavi-
rus e betacoronavirus infectam principalmente mamiferos, enquanto os gamacoronavirus
e deltacoronavirus infectam predominantemente aves (TTWARI et al., 2020). Esses virus
podem causar uma variedade de doencas em humanos e animais, que variam de infecc¢oes
respiratorias leves a doencas graves. Nos tltimos 20 anos, estes virus causaram trés gran-
des surtos de doengas respiratorias graves: Coronavirus da Sindrome Respiratoria Aguda
Grave (SARS-CoV), Coronavirus da Sindrome Respiratéria do Oriente Médio (MERS-
CoV) (ARORA et al., 2020), e o mais recente, Sindrome Respiratéria Aguda Coronavirus
Grave 2 (SARS-CoV-2), foi declarado pandémico em 11 de margo de 2020 (MUNIR et
al., 2020).

O coronavirus da Sindrome Respiratéria Aguda Grave (SARS-CoV) surgiu em
novembro de 2002 em Guangdong, China, causando doengas respiratérias graves (LEE
et al., 2003). Acredita-se que o virus tenha se originado em morcegos-ferradura e sido
transmitido aos humanos através de hospedeiros intermediarios, como os civetas e caes-
guaxinim. O surto de SARS resultou em mais de 8.000 casos e aproximadamente 800
mortes até meados de 2003 (KUIKEN et al., 2003).

O coronavirus da Sindrome Respiratéria do Oriente Médio (MERS-CoV) foi iden-
tificado pela primeira vez na Arabia Saudita em 2012. Este virus tem uma taxa de
mortalidade elevada, em torno de 34,5% (ZHOU et al., 2023). Acredita-se que o MERS-
CoV tenha se originado em morcegos e se espalhado para humanos através de camelos
dromedarios, que atuam como hospedeiros intermediarios (MEYER et al., 2014). O virus

causou doencas respiratérias graves e faléncia renal nos individuos infectados (ZAKI et
al., 2012).

Em dezembro de 2019, um novo coronavirus, o SARS-CoV-2, foi identificado em
Wuhan, China, levando a pandemia de COVID-19 (HUANG et al., 2020). Este virus
causou uma crise de saude global, com ampla transmissao e doengas respiratérias graves.
Em 11 de margo de 2020, a Organizacao Mundial da Saide (OMS) declarou a COVID-19
uma pandemia. Sua rapida propagacao se deve, em parte, a sua notavel transmissibilidade
e ao periodo de incubagao assintomatica, que dificulta a identificacdo precoce e controle
de novos casos (MURATA et al., 2021).

O SARS-CoV-2 infecta as células hospedeiras ao ligar sua proteina Spike (S) aos



10

receptores da enzima conversora de angiotensina 2 (ACE2) na superficie celular (YOO;
YOO, 2020). Essa ligacao facilita a entrada do virus na célula hospedeira, iniciando o

processo de infeccao.

A ACE2 é uma enzima de membrana expressa em diversos tecidos humanos, in-
cluindo o pulmonar, cardiaco, renal e intestinal (TROUGAKOS et al., 2021). A presenga
ampla de receptores ACE2 em diferentes tecidos os torna alvos chave para o SARS-CoV-2,

levando a manifestacgoes sistémicas da COVID-19.

A transmissao interespécies do SARS-CoV-2 foi observada, com o virus infectando
diversos animais, como gatos, caes, visons, tigres e ledes. Esse transbordamento zoondtico
destaca o potencial de humanos transmitirem o virus para animais, representando riscos
tanto para a vida selvagem quanto para animais domésticos (BAO et al., 2020; EGEREN
et al., 2021; VOLZ et al., 2021).

A abordagem “One Health” enfatiza a interconexao entre a saiide humana, animal
e ambiental (FUENTE; MERA; GORTAZAR, 2021). Essa estratégia multidisciplinar é
vital para compreender e controlar surtos de doencas infecciosas. Estudar a transmissao
do virus entre espécies é essencial para desenvolver intervencoes eficazes de satde piiblica
e prevenir futuras pandemias (KORATH et al., 2022).

Recentes avangos na analise computacional aprimoraram significativamente nossa
compreensdao do SARS-CoV-2. Modelagem molecular, bioinformética e sequenciamento
genomico tém sido instrumentais na identificacao de alvos terapéuticos, monitoramento

de mutacoes do virus e previsao de possiveis novos surtos.

Métodos de Aprendizado de Maquina (AM) oferecem solugoes inovadoras para a
andlise de dados biolégicos complexos. No contexto do SARS-CoV-2, algoritmos de AM
podem acelerar a descoberta de interagoes virus-hospedeiro, identificar alvos terapéuticos

potenciais e prever mutagoes virais e seus impactos (MOLLENTZE et al., 2022).

Modelos de AM interpretaveis sao cruciais para obter insights sobre processos pre-
ditivos. Explicagoes contrafactuais, que identificam mudancas minimas necessarias para
alterar uma previsao, proporcionam transparéncia e aumentam a confianca nos modelos
de AM. Esses métodos podem ajudar a identificar caracteristicas chave que tornam certas

espécies suscetiveis ao SARS-CoV-2 (ELSHAWI et al., 2021).

Este estudo tem como objetivo identificar as caracteristicas que tornam os ma-
miferos capazes de transmitir o SARS-CoV-2, revisar e aplicar os principais métodos
computacionais utilizados para analisar dados sobre a doenga em mamiferos. Ao integrar
a analise computacional com a abordagem One Health, buscamos aprimorar a compre-

ensao das interacoes virus-hospedeiro e desenvolver medidas preventivas e terapéuticas
eficazes contra a COVID-19.
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1.1 Problema

Ainda nao ha uma lista definitiva de mamiferos transmissores do SARS-CoV-2, o
que dificulta a implementacao de medidas eficazes para prevenir possiveis novos surtos de
coronavirus. Assim, buscamos responder ao seguinte questionamento, objeto de discussao

deste trabalho: quais caracteristicas fazem com que um mamifero seja bom transmissor

de SARS-CoV-27

1.2 Objetivos
1.2.1 Objetivo geral

Identificar quais caracteristicas tornam mamiferos bons transmissores de SARS-

CoV-2 através do uso de Aprendizado de Maquina.

1.2.2 Objetivo especifico

Como objetivo especifico deste trabalho, estao:

o Realizar uma revisao sistematica da literatura para identificar o que torna um ma-
mifero um bom trasmissor de SARS-CoV-2, além de levantar que métodos de apren-

dizado de maquina tém sido utilizados neste contexto;

o Coletar dados de sequenciamento de mamiferos relacionados com o SARS-CoV-2

disponiveis em bancos de dados genéticos;

o Avaliar diferentes algoritmos de Aprendizado de Maquina para previsao de mamife-

ros transmissores.

1.3 Justificativa

A pandemia de COVID-19 evidenciou a necessidade de se compreender melhor a
relacao entre doencgas infecciosas e seus hospedeiros animais. A identificacao de mamiferos
transmissores de SARS-CoV-2 é importante para o desenvolvimento de medidas preven-
tivas e terapéuticas eficazes. No entanto, métodos convencionais de identificacdo desses

animais sao limitados e muitas vezes nao conseguem detectar espécies relevantes.

Estudos recentes tém demonstrado que o aprendizado de méquina pode ser uma

ferramenta poderosa para a previsao de doengas infecciosas em mamiferos (YANG et al.,
2020; WARDEH et al., 2021; WARDEH; SHARKEY; BAYLIS, 2020). Além disso, a
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genOmica comparativa e a analise filogenética tém sido usadas para entender a evolucao
e a dispersao do SARS-CoV-2 em diferentes hospedeiros animais (BONI et al., 2020;
SARDAR et al., 2020; SHI et al., 2020). No entanto, o uso de aprendizado de méquina

para prever mamiferos transmissores de SARS-CoV-2 ainda é pouco explorado.

Ha uma lacuna significativa no conhecimento sobre os mamiferos transmissores de
SARS-CoV-2, especialmente em relacao aqueles que podem atuar como reservatorios para
a transmissao do virus aos seres humanos (GRYSEELS et al., 2021). Além disso, métodos
convencionais de identificacdo desses animais sao limitados e muitas vezes dependem de
dados incompletos ou de baixa qualidade. O uso de aprendizado de maquina pode ajudar
a preencher essas lacunas e permitir a identificacao de espécies relevantes de uma forma

mais precisa e eficaz.

Espera-se que o trabalho proposto fornega uma ferramenta para a previsao de ma-
miferos transmissores de SARS-CoV-2, permitindo que medidas preventivas e terapéuti-
cas eficazes sejam desenvolvidas mais rapidamente. Além disso, o estudo pode contribuir
para o avanco da compreensao tedrica sobre a relacdo entre doengas infecciosas e seus

hospedeiros animais.

1.4 Organizacao do trabalho

A dissertagao “O uso de Aprendizado de Maquina na Previsao de Mamiferos Trans-
missores de SARS-CoV-2” foi elaborada na forma de artigo cientifico como previsto nas
normas do Programa de Pds-graduacao em Biologia de Vertebrados da Pontificia Univer-

sidade Catdlica de Minas Gerais.

O Capitulo 2 desta dissertacao contém o primeiro artigo, intitulado “Computati-
onal methods in the analysis of SARS-CoV-2 in mammals: a systematic review of the

literature” publicado na revista Computers in Biology and Medicine em maio de 2024.

Este primeiro artigo trata-se de uma revisao sistematica da literatura com o obje-
tivo de identificar caracteristicas que tornam os mamiferos transmissores de SARS-CoV-2
além de levantar os principais métodos computacionais utilizados para avaliacao deste

virus em mamiferos.

O Capitulo 3 apresenta o segundo artigo oriundo do presente trabalho, intitulado
“Machine learning to explain the zoonotic ability of mammals to transmit SARS-CoV-27,

a ser submetido a revista a ser definida.

O segundo artigo explora a aplicagdo de técnicas de Aprendizado de Maquina
para a investigacao da interagdo entre o virus SARS-CoV-2 e a proteina ACE2, com

foco na ligacdao essencial para a infeccao viral. Este artigo tem como objetivo revisar
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os avangos recentes e explorar o uso de algoritmos de Aprendizado de Maquina neste

contexto, destacando seu impacto no desenvolvimento de estratégias eficazes contra a

COVID-19.

O Capitulo 4 encerra com as consideracoes finais e trabalhos futuros.
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2 CAPITULO 2



Computers in Biology and Medicine 173 (2024) 108264

Contents lists available at ScienceDirect .
Computers in Biology
and Medicine

Computers in Biology and Medicine
B 4

journal homepage: www.elsevier.com/locate/compbiomed

Check for

Computational methods in the analysis of SARS-CoV-2 in mammals: A e’ |
systematic review of the literature

Paula Vitéria Silva, Cristiane N. Nobre *

Pontifical Catholic University of Minas Gerais - PUC Minas, 500 Dom José Gaspar Street, Building 41, Coragdo Eucaristico, Belo Horizonte, MG
30535-901, Brazil

ARTICLE INFO ABSTRACT

Keywords: SARS-CoV-2 is an enveloped RNA virus that causes severe respiratory illness in humans and animals. It infects
Bioinformatics cells by binding the Spike protein to the host’s angiotensin-converting enzyme 2 (ACE2). The bat is considered
COVID-19 the natural host of the virus, and zoonotic transmission is a significant risk and can happen when humans come
SARS-'C0V-2 . into close contact with infected animals. Therefore, understanding the interconnection between human, animal,
Machine learning . . . . .
Mammals and environmental health is important to prevent and control future coronavirus outbreaks. This work aimed

to systematically review the literature to identify characteristics that make mammals suitable virus transmitters
and raise the main computational methods used to evaluate SARS-CoV-2 in mammals. Based on this review,
it was possible to identify the main factors related to transmissions mentioned in the literature, such as the
expression of ACE2 and proximity to humans, in addition to identifying the computational methods used for its
study, such as Machine Learning, Molecular Modeling, Computational Simulation, between others. The findings
of the work contribute to the prevention and control of future outbreaks, provide information on transmission
factors, and highlight the importance of advanced computational methods in the study of infectious diseases
that allow a deeper understanding of transmission patterns and can help in the development of more effective
control and intervention strategies.

1. Introduction

Coronaviruses (CoVs) are enveloped, positive-sense Ribonucleic
Acid (RNA) viruses divided into four genera [1]: alpha and beta-
coronaviruses, capable of infecting mammals, and gamma and delta-
coronaviruses that circulate mainly among birds [2]. Over the past
20 years, these viruses have caused three major outbreaks of severe
respiratory illness: Severe Acute Respiratory Syndrome coronavirus
(SARS-CoV), Middle East Respiratory Syndrome coronavirus (MERS-
CoV) [3], and the latest, Acute Respiratory Syndrome Coronavirus 2
Severe (SARS-CoV-2), was declared a pandemic on March 11, 2020 [4].

Severe Acute Respiratory Syndrome coronavirus (SARS-CoV) was
detected in November 2002 in patients in Guangdong, China [5]. Its
reservoir host is the horseshoe bat (Rhinolophus ferrumequinum). In
addition, the virus has been detected in its amplifier hosts, civet cat
(Paguma larvata) and raccoon dog (Nyctereutes procyonoides), and also
in non-human primates (PNH), causing fever and respiratory distress
in elderly animals [6][7]. Until July 2003, the virus had infected 8439
human patients, and 812 (9.6%) died [8].

The Middle East Respiratory Syndrome coronavirus (MERS-CoV)
has the highest fatality rate among CoVs: 34.5% [9]. The virus was

* Corresponding author.

first identified in Saudi Arabia in 2012 in a patient with acute pneu-
monia and subsequent kidney failure [10]. Subsequently, MERS-CoV
was isolated in camels (Camelus dromedarius), considered intermediate
hosts [11], and in bats, which are the probable origin of this virus [12].

In mid-December 2019, Coronavirus Disease (COVID-19), caused by
the SARS-CoV-2 virus, was first identified in patients with pneumonia
in Wuhan, China [13]. According to Lorusso et al. [14], the patients
were exposed to the wild animal market, which may be a probable
origin of the infection. According to Wong et al. [15], the bat is
considered the virus’s natural host, but it is still impossible to say.
Natural SARS-Cov-2 infection has been reported in cats, dogs, minks,
tigers, and lions [16]. The frequency of human interaction with animals
contributes to zoonotic spillover when the virus that does not naturally
infect humans starts to do so [17].

SARS-Cov-2 infects cells by binding the Spike (S) protein to the
host’s angiotensin-converting enzyme 2 (ACE2) [18]. According to Ti-
wari et al. [2], the virus has an excellent capacity for mutations due
to the instability of the replicase enzyme and the lack of a nucleotide
revision mechanism.

The interconnection between human, animal, and environmental
health is recognized as essential to prevent and control infectious
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disease outbreaks; this approach is known as One Health [19]. Studying
the virus transmission between humans and animals has been funda-
mental for preventing new episodes and developing effective public
health strategies [20]. The One Health approach is proving increasingly
important in understanding the SARS-CoV-2 pandemic.

Advances in computational analysis have been instrumental in un-
derstanding the biology of SARS-CoV-2. Molecular modeling and bioin-
formatics have allowed the identification of potential therapeutic tar-
gets and the development of new drugs to treat the infection [21]. In
addition, computational analysis of virus genomic sequences has been
used to monitor the spread of the pandemic in real-time and try to
predict possible new outbreaks of zoonotic diseases [22].

Several works present a variety of approaches related to the use
of computational analysis in the prediction of mammals that transmit
SARS-CoV-2. Damas et al. [23] used a comparative and structural
analysis of ACE2 to predict the wide range of hosts that may be suscep-
tible to the virus. Kumar et al. [24] work used sequence homology to
predict the susceptibility of different animals to the virus. The studies
by Lam et al. [25] and Liu et al. [26] used molecular modeling and
comparative sequence analysis to predict the likelihood of infection in
a wide range of animals. Melin et al. [27] investigated ACE2 variation
in primates and the risk of COVID-19 in these animals. Most of these
researches employ comparative and structural analyses involving ACE2,
the cellular receptor of the virus, to identify animal species with high
binding affinity to SARS-CoV-2.

There is still no definitive list of mammals that transmit SARS-CoV-
2, making it challenging to implement effective measures to prevent
possible new coronavirus outbreaks. Therefore, this work aims to iden-
tify the characteristics that make mammals capable of transmitting
SARS-CoV-2 and list the main computational methods used to ana-
lyze data on the disease in mammals. Identifying the mammals that
transmit the virus is crucial to developing effective preventive and
therapeutic measures. Currently, conventional identification methods
are limited and often rely on incomplete or low-quality data, making
using computational methods a promising tool. With this, it is expected
to obtain significant results that can apply in preventing and controlling
infectious diseases, mainly COVID-19.

2. Theoretical framework

There is information about the coronavirus and the One Health
concept to understand this work better.

2.1. Virus evolution

Coronaviruses belong to the order Nidovirales, family Coronaviridae
and subfamily Coronavirinae, being RNA viruses divided into four
genera: alpha, beta, gamma and deltacoronavirus [28]. They can infect
several species of animals and cause or not cause disease symptoms
in their hosts [29]. Since the 1930s, they have been known to cause
serious animal diseases, such as transmissible swine gastroenteritis
virus, bovine CoV, feline infectious peritonitis virus, hepatitis virus, and
infectious bronchitis virus [30].

The zoonotic potential of the coronavirus has previously been noted
during the SARS and MERS outbreaks. A pandemic caused by SARS-
CoV-2 is the third time coronaviruses have crossed the species bar-
rier [2]. SARS-CoV-2, SARS-CoV and MERS-CoV are Betacoronaviruses
with bats as their main reservoir [31]. Despite being highly pathogenic,
SARS-CoV and MERS-CoV have not adapted well to humans, unlike
their successor, SARS-CoV-2, which is more adaptable to the human
host [32].

SARS-CoV, for example, caused an epidemic in 2002, which devel-
oped rapidly in various regions of the world and affected more than
8,000 people, causing around 800 deaths [32]. SARS-CoV is believe to
have been transmitted to humans from civets or wildcats sold in live
animal markets in China. The MERS-CoV virus, in turn, was discovered

Computers in Biology and Medicine 173 (2024) 108264

in 2012 and is believed to be transmitted to humans through camels
(Camelus dromedarius) [33], causing symptoms such as fever, cough and
shortness of breath, which can progress to pneumonia and respiratory
pneumonia in cases graves [34].

SARS-CoV-2 shares 79% genome sequence identity with SARS-CoV
and 50% with MERS-CoV [35]. Genomic analyses revealed several
subgroups of the virus that harbor distinct environments, but with a
relatively slow evolution compared to other RNA viruses [29], this is
largely due to high nucleotide mutation rates that allow viruses to adapt
to different environments quickly and changes in their hosts [28].

2.2. Mechanism of viral entry and transmission

Entry of SARS-CoV-2 into the host cell occurs in two main steps:
host cell receptor recognition and virus-cell membrane fusion [36].
SARS-CoV-2 has four structural proteins: envelope (E), nucleocapsid
(N), membrane (M), and spike (S) [37]. Protein S, responsible for viral
entry, comprises three functional domains: ectodomain, transmembrane
anchor, and short cytoplasmic tail. The ectodomain is formed by the S1
and S2 subunits, with the S1 subunit containing the receptor bind-
ing domain (RBD) that interacts with cell surface receptors (Fig. 1).
Several ACE2 receptors are known to be expressed in many human
organs, and the interaction between the SARS-CoV-2 S protein RBD and
ACE2 is critical for viral entry into the host cell [38]. After receptor
recognition, viral binding, and membrane fusion, SARS-CoV-2 releases
genetic material into the cell, and viral proteins are synthesized in the
host’s Endoplasmic Reticulum for viral replication and release of virus
particles occurs through the DNA complex Golgi [39].

Furthermore, the interaction between the Spike proteins of SARS-
CoV and SARS-CoV-2 and ACE2 involves more than 15 touchpoints.
Variations in many of these residues can significantly affect viral en-
try [40]. Coronaviruses have a high mutation rate, which can lead to
changes in their antigenic profile, tissue tropism, and host range. This
occurs through two main mechanisms: antigenic drift, which leads to
the incorporation of wrong nucleotides during replication cycles, and
recombination, which allows different coronavirus strains to synthesize
a hybrid RNA. This process can lead to an adaptation to other species
and an increase in viruses’ pathogenicity [41].

2.3. One health

The One Health approach has gained prominence as a way to
understand and address global health challenges more comprehensively
and collaboratively [42]. The system recognizes that human, animal,
and environmental health are interconnected and that diseases that
affect one species can affect other species, including humans [43].
This means that the health of all species is interconnected and that a
concerted effort is needed to prevent and control the disease.

This approach involves interdisciplinary collaboration among hu-
man, animal, and environmental health professionals, including human
and veterinary clinicians, ecologists, epidemiologists, microbiologists,
environmental scientists, and other health professionals [44,45]. The
One Health approach allows for a broader view of the causes and effects
of disease, enabling healthcare professionals to address illness more
effectively and coordinatedly.

3. Systematic literature review

Systematic reviews objectively summarize large amounts of infor-
mation, identifying gaps in scientific research [46]. The main objective
of this Systematic Literature Review (SLR) is to identify which compu-
tational methods can be used to analyze SARS-CoV-2 data in mammals.
Furthermore, we also seek to determine the characteristics of a suitable
SARS-CoV-2 transmitter are. Thus, we developed the following research
questions (RQs) to achieve the objective of the work:
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Fig. 1. Mechanism of entry and transmission of the SARS-CoV-2 virus.
Source: Adapted from Pasquarelli-do Nascimento et al. [39]
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Fig. 2. PRISMA-chart illustrating the selection process used in this study.

1. RQ1: What computational methods are being used to analyze
COVID-19 in mammals? What is being studied in these methods?

2. RQ2: What makes a mammal a suitable transmitter of SARS-CoV-
2?

3.1. Source selection and search strings

To conduct the bibliographic research, we used the following
databases: PubMed, The Royal Society Publishing, ScienceDirect, and
Scientific Data. We specify the search period for articles from 2020
onward, date SARS-CoV-2 was considered a pandemic until November
2023. We then searched the four selected databases using three search
strings described below:

1. Throughout the text: COVID-19 AND Sars-Cov-2 AND Mammals
AND Veterinary AND Zoonotic AND Transmission

2. Throughout the text: COVID-19 AND Sars-Cov-2 AND Mammals
and Veterinary AND Zoonotic AND Computational

3. Title only: COVID-19 OR Sars-Cov-2 AND Mammals.

Fig. 2 presents an overview of the selection process. To filter out ir-
relevant search results, screening was based on the next topic exclusion
criteria.

3.2. Selection/exclusion criteria

To retain as many relevant works as possible, the deletion was
carried out by applying the following criteria:

1. Works that were not freely available for reading

2. Manuscripts that were not full articles (books, tutorials, edito-
rials, posters, panels, transcripts of lectures and round tables,
materials from workshops and demonstrations, and workshop
papers were disregarded)

3. SARS-CoV-2 vaccine research, as it is not the focus of this work

4. Articles that dealt exclusively with humans were disregarded, as
this is not the purpose of this RSL

5. Publications that were not peer-reviewed

6. No computational method was applied in the research method-
ology (for the RQ1).

3.3. Research process

Table 1 presents the searched digital repositories and the number
of articles maintained in each selection phase. Each report returned by
the searches was reviewed individually by the authors of this work, and
the final decision regarding the permanence of the article was taken
when there was consensus among the authors. Selected only papers
that answered at least one of the research questions. Table 1 presents
the number of articles found initially and the quantity kept in each
selection step.

1. Initial selection: application of selection/exclusion criteria

2. Elimination by summary

3. Diagonal read elimination

4. A full reading of articles not eliminated in the previous steps.

After the complete reading of the 63 articles, another 28 were
eliminated, leaving 33 papers used in this systematic literature review.

3.4. Analysis of research questions

This section discusses the research questions presented in Section 4,
according to the data and information in the 34 articles selected by the
review.

RQ1: What computational methods are being used to analyze
COVID-19 in mammals? What is being studied in these methods?

The main computational methods used to analyze COVID-19 re-
ported in the researched literature were machine learning [47-50],
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Table 1

The number of articles retained after each of the four filtering phases of the review.
Data base Selection Reading by summary Diagonal reading Full reading
PUBMED 335 90 53 28
The Royal Society Publishing 3 1 1 1
ScienceDirect 171 11 5 1
Scientific Data 15 7 3 3
Total 524 110 63 33

analysis of genomic and phylogenetic data [36,51-53], computational
simulation of molecular dynamics [21,40,54-59], creation of tools [60-
62], sequencing analysis [63], and comparison scripts [64,65]. Each
article will be presented below.

1. Machine Learning

» Mollentze et al. [47] evaluated the effectiveness of com-
putational models based on ACE2 receptor variation to
predict the susceptibility of animals to SARS-CoV-2. The
results showed that these models, although they have high
precision in the prediction, are not based on processes
mechanically linked to the biology of the infection but
correlated with the phylogeny of the host. The limited
availability of ACE2 sequences misleads projections of the
number and geographic distribution of species at risk, and
model predictions must be combined with local knowledge
of exposure risk to guide surveillance.

Wardeh et al. [48] used genomic sequencing data from
different coronavirus species and information about the
biology of potential hosts to develop the prediction model
of mammalian hosts that may be sources of new zoonotic
coronaviruses. The study relied on a molecular phylogeny
analysis and machine learning techniques to identify criti-
cal factors contributing to the virus’s transmission between
species. They found far more associations of coronavirus
hosts, potential recombination hosts, and host species with
four or more different coronavirus subgenera than have
been observed. This demonstrates the significant underes-
timation of the possible scale of generation of new coro-
naviruses in wild and domesticated animals. The authors
identified high-risk species for coronavirus surveillance,
such as the Asian palm civet (Paradoxurus hermaphroditus),
the great horseshoe bat (Rhinolophus ferrumequinum), the
intermediate horseshoe bat (Rhinolophus affinis), and the
pangolin (Manis javanica).

Becker et al. [49] used statistical models to predict possible
reservoirs of zoonotic viruses in bats. They developed eight
models and found that models based on ecological traits
better predict new hosts. They also found that including
host ecology in predictive models is essential. By review-
ing their models, they were able to expect more than
400 bat species globally that may be undetected hosts
of betacoronavirus. The study highlights the importance
of systematic validation of models and the need for a
dynamic forecasting process, data collection, verification,
and updating.

Kou et al. [50] proposed a Deep Learning model to predict
the risk of pandemics based on the viral genome sequences
of coronaviruses of animal origin. The model combines a
network of recurrent units with a one-dimensional convo-
lution and uses a pre-trained DNA vector and attention
mechanism to obtain the best performances. The results
show that the model can accurately predict the risk of
cross-species infection and provides an early warning for
the next pandemic.

Table 2 highlights the Machine Learning algorithms used and the
address of the data, if available.

2. Analysis of genomic and phylogenetic data

» Gupta et al. [36] combined phylogenetic, bioinformatics,
and molecular modeling analyses to evaluate the hypoth-
esized host ACE2-interacting residues to the spike protein
receptor in SARS-CoV-2 isolates from bats and pangolins.
Based on the comparative analysis, the authors support the
view that Guangdong pangolins are the intermediate hosts
that adapted to SARS-CoV-2 and represented a significant
evolutionary link in the transmission path of the SARS-
CoV-2 virus. Furthermore, the article discusses the role of
intermediate hosts in the origin of the omicron variant.
Lytras et al. [51] examined the genetic structure of SARS-
CoV-2 and compared it to other known coronaviruses,
including those found in bats and pangolins. The study also
looked at the molecular evolution of the virus and how it
might have mutated and recombined over time. The evo-
lutionary history of these coronaviruses shows relatively
recent geographic movement and co-circulation among bat
hosts. The analysis highlights the need for more wildlife
sampling to identify the exact origins of the virus and
possible intermediate species that facilitated transmission
to humans.

Magateshvaren Saras et al. [52] performed genomic anal-
ysis of SARS-CoV-2 in different animal hosts and geo-
graphic regions, using various genomic and statistical anal-
ysis techniques to assess the genetic diversity and evolution
of the virus. Some recurrent mutations were identified, and
SARS-CoV-2 variants with these mutations were seen in
human and non-human sequences from the same country,
indicating distinct epidemiological dynamics. The results
highlight the importance of surveilling viral evolution in
non-human hosts during pandemics.

Rojas-Cruz et al. [53] used an integrative genetic, struc-
tural, and functional analysis approach to identify genetic
mutations that may be related to the ability of SARS-CoV-
2 and other betacoronavirus coronaviruses to cross host
species barriers. The results showed that mutations in viral
proteins, mainly in the S1 subunit of the S protein, boosted
viral diversification. Furthermore, highly conserved RNA
structures were found in Betacoronavirus genomes, sug-
gesting essential functions in viral biology that have yet
to be investigated. According to the authors, more re-
search is needed to examine the potential of encoding small
RNAs derived from viruses and to develop new antiviral
therapeutic strategies.

3. Computer simulation of molecular dynamics

» Lupala et al. [54] analyzed the sequences of some mam-
malian ACE2 proteins and predicted the structures of the
ACE2-RBD complexes by homology modeling, and the
complexes were refined using molecular dynamics simula-
tion. Sequence, structure, and dynamics analyses provide
valuable insight into interactions between ACE2 and RBD.
The analysis results suggest that ACE2 from cattle, cats,
and pandas form solid binding interactions with RBD,
whereas in the cases of rats, bats, horses, pigs, mice, and
civets, ACE2 proteins interact weakly with RBD.



P.V. Silva and C.N. Nobre Computers in Biology and Medicine 173 (2024) 108264

Table 2

Works, methods and data availability.
Article Method Data availability
Mollentze et al. [47] Gradient-boosted classification tree https://zenodo.org/record/7185111#.ZBOIXtDMLrc
Wardeh et al. [48] Gradient Boosting Machine (GBM) https://doi.org/10.6084,/m9.figshare.13110896
Becker et al. [49] Random Forest github.com/viralemergence/Fresnel Jun
Kou et al. [50] Deep Learning https://ngdc.cncb.ac.cn/ncov/

» Rajendran and Babbitt [55] used comparative molecular
dynamics simulations to predict the infectivity of SARS-
CoV-2 variants in different animal species. High-resolution
simulation models of the ACE2 receptor from other ani-
mals, including humans, primates, dogs, cats, ferrets, and
pangolins, were used. They predicted that there is still
a significant risk of mammalian cross-infectivity of the
human variants during the successive waves of infection
as COVID-19 transitions from a pandemic to an endemic
state.

Celik and Tallei [56] performed computer simulations
to analyze the binding mechanism between the active
metabolite of molnupiravir (MPT) and the RNA-dependent
RNA polymerase of SARS-CoV-2. According to the results
of this study, MTP has a high probability of becoming
widely used as an anti-SARS-CoV-2 agent. The fact that
MTP is not only cytotoxic but also mutagenic for mam-
malian cells, as well as the possibility of causing damage
to the host’s DNA, were raised as possible concerns.
Khaledian et al. [40] presented a combined laboratory
and computer network science approach to identify ACE2-
independent determinants of human cell entry in bat ar-
boviruses. The results show a similar receptor on ACE2-
independent viruses that can infect human and bat cells
in culture. These sequence determinants of human cell
entry map to an exposed protrusion on the surface of
the predicted bat arbovirus spike receptor binding domain
structure. The findings provide additional evidence for a
group of bat-derived arboviruses with zoonotic potential.
Hemmati and Tabein [57] used a computational approach
to screen a library of insect protease inhibitors for their
potential to bind and inhibit the SARS-CoV-2 major pro-
tease. The screening method used molecular docking and
molecular dynamics simulations to predict the binding
affinity of each inhibitor to the protease active site and to
assess the stability of the inhibitor-protease complex.
Chen et al. [58] used computational tools to simulate
the interaction between the SARS-CoV-2 spike protein and
the ACE2 receptor in different animal species, including
dogs, cats, tigers, lions, pangolins, bats, and humans. They
analyzed structural differences in ACE2 proteins from other
animals and evaluated the binding affinity of the spike pro-
tein with these ACE2 proteins. It was observed that most
of the incorrect mutations in the RBD region of the interac-
tion interface did not significantly affect ACE2-S binding.
However, some mutations within the RBD region have
increased the virus’s binding affinity for human ACE2,
which may make it more contagious. On the other hand,
modeling the interactions between animal ACE2 molecules
and the SARS-CoV-2 spike protein revealed that many pets
and wild animals showed different levels of virus-binding
ability.

Sekar et al. [21] investigated the ability of alpha-helical
antimicrobial peptides derived from frog skin to inhibit the
interaction between the spike protein of SARS-CoV-2 and
the ACE2 receptor using computer simulations and in vitro
assays. After analyses, they concluded that the antimicro-
bials studied may be strong candidates for a therapeutic
scaffold to prevent SARS-CoV-2 infection.

» Khan et al. [59] used computational methods to inves-
tigate possible SARS-CoV-2 S protein receptor mutations
that may lead to increased binding affinity with the hu-
man ACE2 receptor. They predicted the possible structural
variants of residue 501, which impose a more robust in-
teraction response and infectivity. The results show that
some variants that have shown aptitude in animals, such
as ferrets, may aggravate the situation further.

4. Sequencing analyzes

+ In Peng et al. [63], the authors used sequencing methods
to analyze pangolin samples and identify different coron-
aviruses related to SARS-CoV-2. The analysis was based on
collecting samples of pangolins illegally trafficked in China
and other Asian countries. The work revealed that the
genetic diversity of pangolin-CoVs is substantially greater
than previously estimated. Given the potential infectivity
of pangolin-CoVs, the high genetic diversity of pangolin-
CoVs warns of the ecological risk of zoonotic evolution and
transmission of pathogenic SC2r-CoVs.

5. Use of bioinformatics tools

» Burkholz et al. [64] analyzed the viral genomes of human
and mink (Neovison vison) samples and identified paired
mutations in the spike protein unique to mink samples.
Viral genomic mutations observed in mink in the Nether-
lands and Denmark show the potential for new mutations
in the RBD spike protein of SARS-CoV-2 to be introduced
into humans by zoonotic transfer.

King and Singh [65] presented a comparative analysis
of the genomes of several mammalian species, includ-
ing humans, to investigate their susceptibility to coron-
avirus infections. The authors found evidence of adaptive
amino acid substitutions in the ACE2-spike interaction,
while variation within ACE2 proteins in primates and some
mammals is inconsistent with evolutionary adaptations.
Dong et al. [60] developed a bioinformatics tool called
LETRS (Local Exhaustive Transcriptomic Reconstruction
from Short-reads) to analyze the subgenomic RNA of SARS-
CoV-2 in different types of samples and investigate the
presence of subgenomic mRNAs (sg mRNAs), molecules
that SARS -CoV-2 produces when infecting cells. Their
results can be used to evaluate the biology of SARS-CoV-
2 in clinical and non-clinical samples, mainly to evaluate
different variants and medical countermeasures that can
influence viral RNA synthesis.

Kaushik et al. [61] created and implemented a framework-
based method to identify vertebrate susceptibility to SARS-
CoV-2. They used amino acid sequences from ACE2 pro-
teins to predict 299 binding affinities (via dissociation
constants) with the spike protein from SARS-CoV-2. The
results show that the SARS-CoV-2 spike protein can bind to
several ACE2-carrying vertebrate species, implying a broad
host range at the viral entry level, which may contribute to
cross-species transmission and subsequent virus evolution.
Robinson et al. [62] used a previously developed com-
putational tool called EpitopeBuilder, which predicts the
structural interactions between an antibody and its target



P.V. Silva and C.N. Nobre

antigen. They then used this tool to analyze a panel of pre-
viously reported antibodies that bind to the spike protein
of coronaviruses, including some that have been shown to
neutralize SARS-CoV-2.

Table 3 presents the main strengths, weaknesses, and applications
of the computational methods found during this work.

3.4.1. Comparison between works

Mollentze et al. [47] highlight the limitations of computational
models based on ACE2 receptor variation, emphasizing the need for
combination with local knowledge to guide surveillance. Multidisci-
plinary research gains prominence, highlighting the diversity of ap-
proaches, from genomic analyses to molecular simulations, fundamen-
tal to understanding the SARS-CoV-2-mammal interaction.

The importance of international collaborations is highlighted in the
implications for public policy and future research, underlining the need
for integrated approaches at local, national, and international levels.
Emphasis on continued surveillance is crucial for a global approach to
monitoring and controlling zoonotic diseases.

Understanding transmission pathways and natural reservoirs guides
prevention policies, including wildlife trade regulations and biosecurity
measures. Furthermore, detailed investigation of the molecular interac-
tions between the virus and host policy information on developing and
distributing antiviral therapies and vaccines.

The need for a coordinated response to the monitoring and con-
trolling of zoonotic diseases is highlighted, including international
collaborations, sharing of data and resources, and rapid response pro-
tocols. General conclusions emphasize a comprehensive approach to
studies, contributing to the global understanding of the biology and
epidemiology of SARS-CoV-2 in different contexts and host species.

Various approaches, from phylogenetic analyses to molecular dy-
namics simulations, highlight the importance of diverse methods in
understanding and preventing the spread of zoonotic viruses. The
warning of the need for continuous and collaborative research reflects
the virus’s ongoing evolution and future perspectives, emphasizing the
importance of a proactive and integrated approach.

RQ2: What makes a mammal a suitable transmitter of SARS-CoV-
2?

Several factors can contribute to making a mammal a suitable
transmitter of SARS-CoV-2. Here are some features found during the
review that may influence the mammalian transmission of the virus:

1. Presence of ACE2 receptor

+ Liu et al. [76] analyzed the ACE2 characteristics of several
species to determine their ability to withstand the entry
of SARS-CoV-2. Through analysis of five specific residues
in ACE2, 80 mammalian ACE2 proteins that could mediate
virus entry were identified. Among these proteins, 44 ACE2
orthologs, including domestic animals, pets, farm animals,
and animals found in zoos and aquariums, were shown
to bind to the SARS-CoV-2 Spike protein and facilitate its
entry into cells.

Zhao et al. [77] investigated ACE2 receptor activity in
14 mammalian species to determine their ability to sup-
port the entry of SARS-CoV-2. They found that ACE2
from several species can access virus pseudotyped with
the SARS-CoV-2 S protein. ACE2 receptor activity var-
ied between species, with human/rhesus monkey ACE2
having the highest training and rat/mouse ACE2 hav-
ing the lowest. Furthermore, rabbit and pangolin ACE2s
demonstrated strong binding to the S1 subunit of the SARS-
CoV-2 S protein and efficiently supported pseudotyped
virus infection.
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* Kim et al. [78] studied the impact of SARS-CoV-2 S protein
mutations on host cell receptor interactions and antibody-
neutralizing ability. Using pseudoviruses and cell lines
from nine animal species, it was observed that all species
tested, except minks, allowed viral entry of pseudoviruses
containing the ancestral S protein at levels comparable to
the human ACE2 receptor.

Khaledian et al. [40] identified viruses derived from bats
capable of infecting human cells, even without using the
ACE2 protein. These viruses share a similar receptor bind-
ing motif, which makes it possible for other bat viruses to
enter human cells.

Tan et al. [79] highlighted that SARS-CoV-2 could in-
fect cells of several mammalian host species, mainly due
to the conservation of angiotensin-converting enzyme 2
(ACE2). The authors found that circulation of SARS-CoV-2
in mink and deer resulted in some degree of viral adap-
tation to its animal host but not in high mutation rates
or significant changes in the evolutionary landscape of the
virus, highlighting a generalistic nature. SARS-CoV-2 as a
mammalian pathogen as the mutational prerequisite for
efficient transmission of SARS-CoV-2 in new hosts is low.

2. Interaction with humans

« Stout et al. [80] highlighted evidence that the virus could
be transmitted from humans to cats and other pets. Still,
whether these animals can transmit it back to humans
remains unclear. In this sense, the authors emphasize the
importance of continuous surveillance for the presence of
SARS-CoV-2 in pets and the need for adequate preventive
measures to protect both animals and humans.

Tiwari et al. [2] discussed the relationship between the
Covid-19 pandemic and animals, highlighting the impor-
tance of surveillance and monitoring of animals, especially
those that live near humans. Repeated human-animal in-
teractions in the market or the animal industry without
using environmental biosecurity have been considered sig-
nificant risk factors for the emergence of zoonotic diseases
such as COVID-19.

Prince et al. [81] address the possibility that animals act as
reservoirs for SARS-CoV-2 and play a role in transmitting
the virus to humans. One example is livestock, an area
of particular concern given close human-animal contact
and the potential for a high population density of some
livestock species and a threat to food supply chains.

3. Ability to carry out recombination and mutations

» Dhama et al. [82] point out that in natural hosts or reser-
voirs, coronaviruses adapt well; however, as they are stable
RNA viruses, they continue to multiply continuously with-
out producing diseases, thus allowing persistence or surviv-
ability and accumulation of mutations over time., result-
ing in new virus strains that occasionally spread to other
species, adapting to their bodily systems and expanding the
range of biological hosts for evolutionary sustainability.

4. Other features

* Ye et al. [32] discuss how bats play a significant role
in cross-species virus spread due to their broad array of
virus species and favorable traits such as longevity, densely
packed colonies, close social interaction, and strong ability
to fly.

» Ruiz-Aravena et al. [83] point out that co-infections with
multiple pathogens can influence the transmission of SARS-
CoV-2 to conspecifics and spillover hosts. Cross-protective
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Table 3

Strengths, limitations and applicability of computational methods.
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Computational
method

Strengths

Weaknesses

Applications

Machine Learning

Analysis of genomic
and phylogenetic
data

Computer
simulation of
molecular dynamics

Sequencing analyses

Use of
bioinformatics tools

When exposed to new data, machine
learning models can adapt
independently; they learn from previous
computations to produce reliable,
repeatable decisions and results. Using
statistical methods, algorithms are
trained to make classifications or
predictions and discover essential
insights in data mining projects [66].

It can identify complex patterns in large
data sets, can be applied in several
areas, including biological data analysis,
and has the potential to predict future
relationships and behaviors.

Efficiency and low cost of sequence data
acquisition and the development of
analytical methods to deal with many
characters with a small number of states
[69].

Allows understanding of genetic and
evolutionary diversity; Facilitates the
identification of phylogenetic
relationships between species; Important
for studies of evolution and taxonomy.

Notable improvements in the speed,
accuracy, and accessibility of the
simulation, combined with the
proliferation of experimental structural
data, have increased the appeal of
biomolecular simulation. These
simulations have proven to be valuable
in understanding the functional
mechanisms of proteins and other
biomolecules in discovery of the
structural basis of diseases and the
design and optimization of small
molecules, peptides, and proteins [71].
Provides detailed insights into molecular
dynamics and interactions; Allows the
study of biochemical processes on an
atomic scale; Valuable for understanding
the structure and function of
macromolecules.

It can improve assembly, mapping
certainty, transcript isoform
identification, and detection of structural
variants. Long-read sequencing of native
molecules eliminates amplification bias
while preserving base modifications
[73].

It allows for identifying specific genetic
sequences, is fundamental for genomic
and transcriptomic studies, and
facilitates the discovery of genetic
variants associated with diseases.

It allows for more efficient and accurate
analysis of large volumes of information,
can be used to sift through enormous
amounts of data from multiple studies,
they exponentially increase the
usefulness of past data as researchers
mine information to make new
connections.

Facilitates the analysis of biological
data; Offers a variety of tools for
different purposes; and Automates
complex data processing tasks.

The development of machine learning
models is complex and heavily depends
on the quality and quantity of available
data [66].

Depending on the quality and quantity
of training data, it can be challenging to
interpret model decisions, especially in
more complex models. Choosing the
appropriate algorithm and adjusting the
parameters requires specialized
knowledge.

The lack of linkage information limits
the ability to use metagenomic data for
phylogenetic and population genetic
analysis since most current methods
assume complete linkage information is
available [70].

It may require significant computing
resources; Interpretation of results can
be challenging in cases of rapid
evolution or horizontal gene transfer
events.

To carry out reliable and high-quality
work in molecular dynamics, it is
necessary to identify some critical issues:
(1) design simulations appropriately; (2)
configure these simulations carefully; (3)
meticulously analyze the simulations; (4)
Consider several sources of error that
can affect the results and the expected
statistical fluctuation from one
simulation to another.; and (5) compare
the results with available experimental
data and, when possible, (6) design
follow-up experiments to validate the
results further [71].

High computational cost; Simplifications
in simulations may affect the accuracy
of the results.

Requires tailored analysis tools due to
the qualitative difference from
second-generation sequencing. The
fast-paced development of such devices
can be overwhelming [73].

Requires careful handling of sequencing
errors; Analyzing large volumes of data
can be challenging.

It is not as accessible to most biologists,
and the heterogeneity of how data are
analyzed, annotated, and displayed and
the lack of connectivity among the
available data [74].

Dependence on the quality of the tools
used; There can be integration
challenges when using multiple tools.

Machine learning has the potential to
contribute to clinical research by
increasing the power and efficiency of
pre-trial basic/translational research and
enhancing the planning, conduct, and
analysis of clinical trials. [67].

Other fields of application of machine
learning are intelligent decision-making
through data-based predictive analysis
[68], prediction of protein structures,
classification of genes associated with
diseases, and identification of patterns in
genomic data.

Community composition from
metagenomes is the taxonomic
classification of metagenome sequences
between others [70].

Reconstruction of phylogenetic trees;
Identification of genetic markers
associated with specific characteristics.

Determination of Structures and
Movements of Biomolecules, Assessment
of Accuracy and Refinement of Modeled
Structures, Flexibility of Molecules,
Determination of mechanism in which a
biomolecular system will respond to
perturbation [72].

Investigating protein dynamics and
ligand-receptor interactions; Developing
medicines through understanding
molecular interactions.

Used for a broad range of applications
in genomics for model and non-model
organisms [73].

Identification of genetic mutations
associated with diseases; Gene
expression studies.

Genomics, proteomics, metabolomics,
transcriptomics, molecular
phylogenomics, development of
biomarkers to create safer and more
personalized drugs, among others [75].
DNA sequencing analysis; Prediction of
protein structures; Gene expression
studies.

immunity from infection by related pathogens can reduce
susceptibility or transmission. In contrast, offsets in the

immune response to one pathogen may increase exposure
and facilitate the transmission of another.
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+ Petrovan et al. [84] discussed non-taxon-specific features
that also play a role in zoonotic pathogen risk, such as
species migration that can significantly impact pathogen
dispersal.

4. Final considerations

This systematic review of the literature on using computational
methods to assess SARS-CoV-2 infection in mammals revealed valuable
insights relevant to understanding and controlling the spread of the
disease. The application of Machine Learning techniques and other
computational methods allowed the efficient identification and clas-
sification of mammalian species with the potential to be carriers or
intermediate hosts of the virus, contributing to the early detection of
potential threats to public health.

The studies analyzed in this review highlighted the utility of com-
putational methods in identifying specific patterns and characteristics
in mammalian epidemiological and genetic data. They highlighted the
utility of computational methods in identifying particular patterns and
characteristics in mammalian epidemiological and genetic data. This
information makes it possible to identify groups of animals most likely
to harbor the virus, which can help with the adoption of specific
preventive measures. Data from work can help identify areas where
more research is needed, factors that increase the risk and make it
challenging to control zoonoses, and strategic actions in surveillance,
research, communication, and training that can support the formation
of a cooperation network. In addition, this data can be used to educate
the public about zoonoses, their risks, and how to prevent them.

Furthermore, the review also demonstrated that combining data
from different sources, such as environmental and climate data, with
mammalian data can further improve the accuracy of Machine Learn-
ing models in predicting the spread of SARS-CoV-2. This integrated
approach can provide valuable information for implementing more
effective surveillance and control strategies.

Although the studies reviewed showed promising results, it is vital
to highlight some challenges and limitations in using computational
methods for analyzing zoonotic diseases:

* Data availability: The effectiveness of computational models de-
pends on the quality and quantity of available data. In many
cases, there may be a need for comprehensive, reliable, and up-to-
date data on various aspects of zoonotic diseases. This can limit
the accuracy and reliability of the models.

Generalization: Generalization is one of the main goals in training
machine learning models. It refers to the ability of a model to
make accurate predictions on unseen data, that is, in situations
beyond those in which it was trained. Several factors can affect
the generalizability of a model: (1) Size and Representativeness
of the Training Set: If the training set is too small or does not
adequately represent the diversity of data that the model will
encounter in practice, the model may have difficulty generalizing;
(2) Overfitting: Overfitting occurs when a model overfits to the
specific details of the training set, capturing noise or random
variations. This can harm the model’s ability to generalize to new
data; (3) Underfitting: Contrary to overfitting, underfitting occurs
when a model is too simple to capture the complexity of the
data. This can result in poor performance on both the training set
and new data; (4) Irrelevant or Redundant Features: The presence
of irrelevant or redundant features in the data can hinder the
generalization of the model. Feature selection techniques can be
applied to mitigate this problem; (5) Bias in Data: If the training
set contains bias, the model can learn to reproduce it. This can
lead to biased predictions and a lack of generalization to more
diverse data, among other factors. Furthermore, models are often
developed based on specific sets of data, which may not represent
all situations or regions. This may limit the generalization of the
models.
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* Need for continuous updates: As new data becomes available, ma-
chine learning algorithms may need to be updated to reflect
emerging patterns or changes in the distribution of the data.
Keeping models up to date allows them to continue to make
accurate predictions. On the other hand, Zoonotic diseases are
influenced by various factors, including genetic, ecological, so-
cioeconomic, and climatic factors. These factors can change over
time, requiring continual updates to models to ensure they remain
accurate and relevant.

Complexity of interactions: Zoonotic diseases involve complex in-
teractions between humans, animals, and the environment. Incor-
porating these interactions into models can be challenging but is
crucial for a holistic understanding of disease transmission.

Furthermore, we know that a systematic literature review is a
rigorous and methodological approach to analyzing and synthesizing
existing research on a specific topic. However, like any method, it has
some limitations, namely:

1. Publication bias: Systematic review may be subject to publication
bias, as studies that do not produce significant results may be less
likely to be published. This can lead to a distorted view of the
body of available evidence.

2. Language bias: The limitation of only including studies published
in certain languages may result in an incomplete view of the
body of literature. Relevant studies in other languages may be
excluded, introducing a linguistic bias.

3. Selection of sources and materials: The selection of sources and
materials can influence the results. The review may not be fully
comprehensive if certain databases, journals, or specific sources
are excluded. This work conducted a bibliographical search
in four electronic databases: Pubmed, ScienceDirect, Scientific
Data, and The Royal Society Publishing. Therefore, additional
relevant studies available on other databases may need to be
included. Additionally, we excluded articles that were not freely
available, which may have excluded work pertinent to this study.

4. Variation in the quality of included studies: The studies included in
a systematic review may vary in methodological quality. Some
studies may be more robust than others, which may affect the
reliability of the review’s conclusions.

5. Challenges in identifying relevant studies: Searching for relevant
studies can be challenging, even with well-defined search strate-
gies. Selecting search terms and determining inclusion criteria
can influence results.

6. Quick search changes: In dynamic research areas, the results of
a systematic review can quickly become outdated due to the
constant emergence of new studies and discoveries.

7. Difficulties in synthesizing diverse data: Heterogeneity in methods
and study populations can make synthesis and direct comparison
of results difficult. This may limit the Ability to reach definitive
conclusions.

8. Time and resource constraints: Time and resource constraints may
restrict the scope and extent of the review. A complete and
comprehensive review may be impractical in some cases.

9. Generalization uncertainty: The generalizability of the results of
a systematic review of different contexts or populations can
be uncertain, especially if the diversity of included studies is
limited.

Despite these limitations, systematic reviews remain valuable tools
for synthesizing evidence and informing decision-making. Researchers
must recognize these limitations when interpreting systematic review
results and consider the need to seek additional sources of evidence
when appropriate.

In conclusion, using computational methods to evaluate SARS-CoV-
2-transmitting mammals can provide valuable information for prevent-
ing and controlling epidemic outbreaks. These innovative approaches
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can contribute to the early identification of possible virus reservoirs, al-
lowing the implementation of mitigation measures and targeted actions
to minimize public health risks, as mentioned in Section 4.1. However,
it is essential to continue investing in research and development to
improve the capabilities of these models and ensure their applicability
in different epidemiological contexts.

4.1. Public policies and future research

Implications for public policy and future research center on the need
for integrated and collaborative approaches, considering the complex-
ity of interactions between the virus, mammals, and the environment.
This approach requires ongoing monitoring, multidisciplinary research,
and coordinated action at local, national, and international levels.

Understanding transmission pathways and natural reservoirs
emerges as a crucial direction for prevention policies, especially in
scenarios where zoonotic transmission is a concern. This may involve
implementing wildlife trade regulations and biosecurity measures.

Detailed analysis of the molecular interactions between the virus
and the host provides valuable insights to guide policies for developing
and distributing antiviral therapies and vaccines.

The findings highlight the importance of a global approach to
monitoring and controlling zoonotic diseases. This global approach
includes international collaborations, sharing data and resources, and
establishing rapid response protocols to address emerging challenges
effectively.

Thus, based on the studies above on the interaction of SARS-CoV-2
with mammals and the implications for public policy, future research
can explore several areas to expand knowledge and improve prevention
strategies. Some proposals for future work include:

1. Deepening into ACE2 Receptor Variation: Further investigation
into ACE2 receptor variation in different species may improve
predictive models by considering specific genetic nuances that
affect virus-host interaction.

2. Improvement of Computational Models: Development and improve-
ment of computational models for more accurate predictions
of the susceptibility of different mammals to SARS-CoV-2. This
may include integrating genomic, phylogenetic, and molecular
dynamics data.

3. Study of Epidemiology in Wild Environments: Expanding epidemi-
ological research in wild environments to identify natural reser-
voirs, transmission routes, and environmental factors that can
influence the spread of the virus.

4. Experimental Validation of Models: Carrying out experimental
studies to validate the developed predictive models, providing
a more robust approach and ensuring the practical applicability
of the findings.

5. Diverse Species Research: Expanding research to include a wider
variety of mammal species, especially those that interact closely
with humans, such as pets and wild animals that frequent urban
areas.

6. Investigation of Viral Evolution in Hosts: Studies on viral evolution
in different hosts focus on how the virus adapts and evolves in
mammals over time, contributing to control strategies.

7. Development of Biosafety Strategies: Development of specific
biosafety strategies for different contexts, considering the iden-
tified transmission routes and host characteristics.

8. Impact Assessment on Human and Animal Populations: Assessing
the impact of zoonotic transmission on human and animal pop-
ulations, including studying possible outbreaks and transmission
dynamics between different groups.

9. Implementation of Findings-Based Preventative Measures: Discovery-
based preventive measures, regulations, and public policies to
mitigate risks of zoonotic transmission, such as regulations on

wildlife trade and enhancement of biosecurity measures at human—

animal interfaces.
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10. Study of the Role of Intermediate Reservoirs: Investigation of the
role of possible intermediate reservoirs in the transmission of
the virus between species, with a focus on understanding how
certain animals can facilitate the spread of SARS-CoV-2.

11. Assessment of Therapies and Vaccines in Different Species: Assess-
ment of antiviral therapies and vaccines in different species to
develop effective prevention and treatment strategies, consider-
ing the specific characteristics of the hosts.

12. Socioeconomic Impact Analysis: Analysis of the socioeconomic
impacts of implemented policies, considering the interaction
between human, animal, and environmental health, to ensure
sustainable and equitable approaches.
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ARTICLE INFO ABSTRACT

Keywords: This article provides a comprehensive overview of the SARS-CoV-2 virus, delving into the
Bioinformatician infection process and focusing on studies that explore its connection with the angiotensin-
COVID-19 converting enzyme 2 (ACE2). A key aspect of our research is the innovative use of Machine
SARS-CoV-2 Learning techniques to investigate these complex interactions. Our database, which includes
Machine Learning ecological information, life history, and biological characteristics of several mammal species,
Mammals was used to run eight different ML algorithms (Naive Bayes, Decision Tree, Random Forest,

XGBoost, AdaBoost, SVM, Logistic Regression, and MLP) to predict species susceptibility
to SARS-CoV-2. The neural network emerged as the top-performing model, showcasing its
potential in this field. Furthermore, the CSSE method (Agnostic Method of Counterfactual,
Selected, and Social Explanations) was used to interpret the results and identify the most relevant
biological characteristics in susceptibility to the virus. The results indicated that population den-
sity, longevity, social group size, litter frequency, and twilight activity are crucial determinants
of a species’ ability to act as a zoonotic host. The counterfactual analysis revealed that primates,
in particular, showed high susceptibility to SARS-CoV-2. This research expands understanding
of the dynamics of zoonotic transmission and offers a practical tool to identify and monitor
potential hosts of SARS-CoV-2 and other emerging pathogens, thereby engaging the scientific
community in the potential real-world applications of the findings. Counterfactual explanations
provide a detailed view of how different biological characteristics influence susceptibility to the
virus, further piquing the interest of the readers.

1. Introduction

The SARS-CoV-2 virus, which caused the COVID-19 pandemic that emerged in late 2019, has triggered an
unprecedented global health crisis, prompting tireless efforts by researchers and healthcare professionals to unravel
its biology and the mechanisms underlying its dissemination and pathogenicity (Gralinski & Menachery, 2020; Munir
et al., 2020). Belonging to the Coronaviridae family, SARS-CoV-2 is a single-stranded RNA virus responsible for
COVID-19, a disease that ranges from mild to severe manifestations, including pneumonia, acute respiratory failure,
and death (Evans & Liu, 2021; Nasserie, Hittle, & Goodman, 2021). Its rapid spread is partly due to its notable
transmissibility and asymptomatic incubation period, which makes early identification and control of new cases difficult
(Murata et al., 2021).

SARS-CoV-2 infects cells by binding to angiotensin-converting enzyme 2 (ACE2) through the receptor-binding
domain (RBD) of its spike (S) protein (Cevik, Bamford, & Ho, 2020; Praharaj et al., 2022). Upon virus entry, an
uncontrolled inflammatory immune response occurs, which drives cytokine storm, aggressive inflammation, and
collateral tissue damage due to the broad organotropism of SARS-CoV-2, leading to systemic failure (Trougakos et
al., 2021). ACE2 is expressed in several cells found in lung, heart, kidney, and intestinal tissues. It plays a crucial role
in viral infection, mediating the connection between the viral protein and the ACE2 domains (Li, Li, Zhang, & Wang,
2020).

The widespread presence of ACE2, combined with the high prevalence of SARS-CoV-2 in the human population,
has explained several infections since the virus’s emergence in 2019. In the context of spillover infections, humans
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transmit the SARS-CoV virus -2, causing infections in non-human animals. This situation poses a threat to both wildlife
and domestic animals (Shi et al., 2020).

Furthermore, repeated infections may result in the establishment of new animal hosts, from which SARS-CoV-2
may pose a risk of secondary infection in humans, possibly through intermediate hosts (Guth, Visher, Boots, & Brook,
2019). This occurred in the wild in Denmark, where SARS-CoV-2 spread from humans to farm-raised minks (Neovison
vison), resulting in a subsequent spillover of the SARS-CoV-2 variant from minks back to humans (Organization, 2020).
It has also been observed in the laboratory in the case of two new human variants that managed to infect laboratory
rats, overcoming the species barrier (Bao et al., 2020). This raises great concern due to the possibility of mutant
strains emerging that could affect the host range, increase transmissibility between humans, reduce the effectiveness
of neutralizing antibodies, and reduce the effectiveness of vaccines (Van Egeren et al., 2021; Volz et al., 2021).

Although the presence of ACE?2 is the main point to consider whether or not an animal can transmit the SARS-
CoV-2 virus, other characteristics can also be considered, such as the level of interaction with humans and the virus’
ability to mutate (Silva & Nobre, 2024). Thus, in addition to the level of binding strength of ACE2 with SARS-CoV-2,
the database used in this work, made available by Fischhoff, Castellanos, Rodrigues, Varsani, and Han (2021), brings
together ecological information, life history, phylogenetic and biological characteristics of some databases.

Given the complexity of molecular interactions in this context, using machine learning (ML) techniques emerges as
a promising approach. The application of ML algorithms can catalyze the discovery of new insights into the virus-host
relationship, accelerate the search for targeted therapies, and predict viral mutations and their spread (Mollentze, Keen,
Munkhbayar, Biek, & Streicker, 2022). Furthermore, the analysis of the virus’s genomic sequences using AM makes
it possible to identify relevant mutations and correlate them with characteristics such as transmissibility, virulence,
and resistance to treatments, contributing to public health strategies (COVIDSurg Collaborative, 2021; Serna Garcia,
Al Khalaf, Invernici, Ceri, & Bernasconi, 2023).

However, although the use of Machine Learning models in healthcare is increasing, professionals need more
intuition and explanation of their predictions to understand and trust the models. For this reason, the demand for
interpretability methods that can provide insights into the prediction process of Machine Learning models (EIShawi,
Sherif, Al-Mallah, & Sakr, 2021) is growing. Among the interpretability methods, we highlight counterfactual
explanations, whose principle consists of identifying the minimum changes necessary in the input so that a contrastive
output is obtained (Stepin, Alonso, Catala, & Pereira-Farina, 2021).

Thus, the biology of the virus, the interaction with the ACE2 protein, and the application of Machine Learning
techniques represent a multidisciplinary and promising approach to understanding and addressing the challenges of
SARS-CoV-2 viral infection. This article aims to review recent advances in understanding the interaction between the
SARS-CoV-2 virus and the ACE2 protein, focusing on the essential link for viral infection, and explore the use of
Machine Learning algorithms in this context, highlighting its impact on the development of effective strategies against
COVID-109.

To this end, we evaluated the performance of eight different machine learning algorithms (Naive Bayes, Decision
Tree, Logistic Regression and AdaBoost Classifier, Random Forest, XGBClassifier, SVC, and MLP Classifier) to
consider whether or not a species is susceptible to the virus. Using the best learning models obtained, Logistic
Regression, and Neural Network, the most significant characteristics of the species that make them susceptible to the
SARS-CoV-2 virus were evaluated. To interpret the Neural Network, a non-interpretable method, we use the Agnostic
Method of Counterfactual, Selected and Social Explanations (CSSE) described in (de Sousa Balbino, Gélvez, & Nobre,
2023).

Deepening our understanding of virus biology and its interactions is critical to meeting the challenges posed by this
global pandemic and preparing for future public health emergencies. The knowledge generated by these investigations
can provide crucial insights into disease prevention and effective treatment, better preparing us to deal with present
and future public health crises.

2. Theoretical Framework

2.1. Mechanism of viral entry and transmission

The invasion of SARS-CoV-2 into the host cell occurs in two main phases: identification of the cell’s receptor
and fusion of the viral membrane with the cell (Gupta, Minocha, PJ, Srivastava, & Dandekar, 2022). SARS-CoV-2 is
composed of four structural proteins: envelope (E), nucleocapsid (N), membrane (M) and spike (S) (Jackson, Farzan,
Chen, & Choe, 2022). The S protein, which facilitates virus entry, is formed by three functional domains: ectodomain,
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transmembrane anchor and short cytoplasmic tail. The ectodomain is composed of the S1 and S2 subunits, with the
S1 subunit containing the receptor-binding domain (RBD) that binds to receptors on the cell surface. It is known that
several ACE2 receptors are expressed in many cells of different human tissues, and the interaction between the RBD of
the SARS-CoV-2 S protein and ACE?2 is crucial for the entry of the virus into the host cell (Zhang et al., 2021) . After
receptor recognition, viral binding and membrane fusion, SARS-CoV-2 releases its genetic material into the cell, and
viral proteins are synthesized in the host’s Endoplasmic Reticulum for viral replication and the release of viral particles
occurs through the Golgi complex DNA (Pasquarelli-do Nascimento et al., 2020).

Furthermore, the interaction between SARS-CoV and SARS-CoV-2 S proteins and host ACE2 involves more than
15 contact points. Changes in many of these residues can significantly influence viral entry (Khaledian et al., 2022).
Coronaviruses have a high mutation rate, which can result in changes in their antigenic profile, tissue tropism and
host range. This occurs through two main mechanisms: antigenic drift, which leads to the incorporation of wrong
nucleotides during replication cycles, and recombination, which allows different strains of coronavirus to synthesize
a hybrid RNA. This process can lead to adaptation to other species and an increase in the pathogenicity of viruses
(Decaro & Lorusso, 2020).

2.2. Method of Interpretability of Machine Learning Models

It has become increasingly common to use machine learning systems in high-risk problems that have a profound
impact on human life and society. The models have provided support for issues where a correct decision is essential
(Rudin, 2019). From this scenario, there was a movement in the scientific community in search of increasingly better
models from the point of view of predictive performance. Much research has been directed in this direction and relevant
results have been obtained, especially through so-called “black box™ (Abdul, Vermeulen, Wang, Lim, & Kankanhalli,
2018) methods.

However, improved predictive performance has been achieved at the expense of greater complexity and less
transparency in (Du, Liu, & Hu, 2019) decisions. Rudin (2019) and El Shawi, Sherif, Al-Mallah, and Sakr (2019) also
highlight this trade-off between performance and transparency and highlight how limitations in the interpretability of
decisions undermine confidence in the model and its consequent use in practice.

Furthermore, in many domains, having a model with high predictive performance is only a partial solution to the
problem. In high-risk scenarios, such as the doctor, the decision maker feels insecure without explaining the results of
the (Carvalho, Pereira, & Cardoso, 2019; Tjoa & Guan, 2020) model. Therefore, it is necessary to present elements
that allow developers and users to understand the system’s decisions better, increasing confidence in the results and,
when required, allowing incorrect decisions to be noticed.

In this context, questions arise regarding quality measures of machine learning models based only on predictive
performance. For example, a model used in a banking system that suggests whether or not to lend a loan to a particular
customer should aim to reduce the default rate and not discriminate against anyone based on race or where they live.
In general, machine learning techniques are only concerned with optimizing the loan default metric and do not care
about other factors, such as discrimination. Therefore, it is necessary to include other essential factors in evaluating
machine learning techniques, interpretability being one of them (Karim, Mishra, Newton, & Sattar, 2018).

Therefore, XAI (Explainable Artificial Intelligence), a field of study focusing on the interpretability of ML systems,
has gained the scientific community’s attention. The objective is to contribute to creating methods that allow the models
to be interpreted, preserving high levels of predictive performance (Adadi & Berrada, 2018; Miller, 2019).

Explanation is a way in which an observer can gain understanding. Therefore, one way to increase the level of
interpretability of systems is to provide appropriate explanations to users (Miller, 2019). However, research points to
inadequacies in current interpretability methods regarding the ability to communicate with end users (Du et al., 2019;
Karim et al., 2018; Miller, 2019; Molnar, 2020).

In this sense, Miller (2019) states that if we want to design and implement intelligent agents that can explain
people, it is essential to understand how humans define, generate, select, evaluate, and present explanations. However,
the author highlights that most research and practices use researchers’ intuitions about what is considered a “good”
explanation. The solution is to expand studies beyond computational issues. The author adds that in the fields of
philosophy, psychology/cognitive sciences, and social psychology, a vast and mature number of works study precisely
these topics.

Given this, based on studies that consider computational and social science aspects, Miller (2019) lists three points
that should be considered to build a genuinely explainable Al: contrastive, selected, and social explanations.
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According to Biran and Cotton (2017), the level of interpretability of a model is related to the degree to which
an observer can understand its decisions. Explanation is precisely one way in which an observer can gain such
understanding. In healthcare, interpretability can help professionals understand the logic behind predictions, allowing
them to accept or reject the prediction (ElShawi et al., 2021).

In classification problems, interpretable machine learning aims to uncover the reasons behind predictions made
by uninterpretable models. For this purpose, one of the most valuable methods is using counterfactual explanations.
A counterfactual explanation reveals what would have to be different about an instance to change its classification
(Guidotti, 2022). For example, for an individual who received a positive diagnosis for a disease, the counterfactual
explanation presents what should have been done differently that would have resulted in a negative diagnosis.

The Agnostic Method of Counterfactual, Selected, and Social Explanations (CSSE), a counterfactual explanation
method, can generate local explanations for classification models using a genetic algorithm. It offers counterfactual
explanations for learning models, presents explanations with diversity, without verbosity, and allows the user to restrict
the attributes in the explanation (de Sousa Balbino et al., 2023).

2.3. Discriminant Analysis

Discriminant Analysis is a multivariate statistical method that seeks to minimize the variance of elements within
a class and, at the same time, maximize the distance between the means of elements from two or more courses. These
characteristics make Discriminant Analysis a valuable method for classifying elements, reducing dimensionality, and
identifying discriminating factors in (Xanthopoulos et al., 2013) classification. Discriminant Analysis has also been
very useful for validating classifications made by other machine learning methods (Riveiro-Valifio, Alvarez—Lépez, &
Marey-Pérez, 2009; Zebardast, Mazaherian, Rahmani, & Nouri, 2024), especially in the areas of public and clinical
health (Dhamnetiya, Goel, Jha, Shalini, & Bhattacharyya, 2022).

The model of Discriminant Analysis is constructed on the solid foundation of Wilk’s Lambda criterion and F
statistics. These statistical tools play a crucial role in identifying the most discriminating variables and determining
which variables should be included in the model. Understanding and applying these principles is key to mastering
Discriminant Analysis.

3. Related Work

Research into mammals’ zoonotic capacity to transmit SARS-CoV-2 has become an issue of extreme relevance
amid the pandemic caused by this virus. This work seeks to address this issue by applying Machine Learning techniques
to predict the potential for zoonotic virus transmission in different species of mammals. To contextualize our approach,
reviewing previous work exploring related themes is essential. This section presents a critical analysis of prior studies
that focused on predictions using computational methods.

Rodrigues et al. (2020) investigated the structural properties of several ACE2 orthologs linked to the Spike (S)
protein of SARS-CoV-2, observing that species known not to be susceptible to SARS-CoV-2 infection present non-
conservative mutations in several residues of amino acids of ACE2, which impairs essential polar and charged contacts
with the viral S protein. Their models, created using the MODELLER 9.24 program and custom Python scripts
(Available at: https://github.com/joaorodrigues//ace2-animal-models/), also made it possible to predict mutations that
increase affinity and that can be used to design ACE2 variants for therapeutic purposes.

Ahmed, Hasan, Siddiki, and Islam (2021) used ACE2 and TMPRSS2 protein sequences from species common
in the South Asian region to predict hosts of SARS-CoV-2. The authors performed homology modeling to simulate
the interaction between ACE2 and S using the MODELLER software built into CHIMERA. Their results point to the
Pangolin as an intermediate host and cows, buffaloes, goats, and sheep as having a high potential for infection.

In the study by Damas et al. (2020), the authors studied the conservation of ACE2 and its potential to be used as a
receptor by SARS-CoV-2. To do this, they assigned a 5-category binding score based on the conservation properties
of 25 amino acids essential for the binding between ACE2 and S. In their dataset, which has 410 species, 18 are in the
very high category; among these are Old World primates and Great Apes.

Liu et al. (2020) sought to predict the interaction between ACE2 from various species and the S protein of
SARS-CoV-2 through systematic comparison and analysis. Their results indicated three possible intermediate hosts:
pangolins, snakes, and turtles. Luan, Jin, Lu, and Zhang (2020) When comparing the primary amino acids in ACE2
from different species to determine their ability to bind to the S protein, they found that snakes and turtles are not
intermediate hosts of SARS-CoV-2.
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X. Huang, Zhang, Pearce, Omenn, and Zhang (2020) developed a computational pipeline to identify potential
intermediate hosts by modeling the binding affinity between the ACE2 protein of potential intermediate hosts and
the S protein of SARS-CoV-2. Using this pipeline, they found 96 mammals permissive to SARS-CoV-2, including
primates, rodents, and carnivores.

In Lam et al. (2020)’s work, researchers wanted to predict the risks of animals becoming infected with the SARS-
CoV-2 virus. To do this, they modeled ACE2-S complexes and calculated changes in the energy of the complex caused
by mutations in each species. Thus, they concluded that SARS-CoV-2 can infect many mammals but few fish, birds,
and reptiles.

Han, Schmidt, Bowden, and Drake (2015) used a Machine Learning algorithm, Boosted Regression Trees (BRT),
on a dataset with biological, ecological, and life history characteristics of rodents that carry numerous zoonotic
pathogens to identify species with high probabilities of harboring undiscovered pathogens. Their model predicted
rodent status with 90% accuracy, identifying rodent species that may be new zoonotic reservoirs and regions where
new emerging pathogens are more likely. It also described trait profiles that distinguish reservoirs from non-reservoirs.

Yang and Han (2018) sought to identify intrinsic characteristics capable of predicting which ticks of the genus
Ixodes are confirmed or suspected to be vectors of zoonotic pathogens. To do this, they used a Machine Learning
algorithm, Generalized Boosted Regression, which predicted with 91% accuracy and identified 14 species with a high
probability of transmitting infections.

Han et al. (2016) used the Machine Learning algorithm, Generalized Boosted Regression, to characterize filovirus-
positive bat species with 87% accuracy. They reported a profile of intrinsic characteristics that discriminate host from
non-host animals and identified several species most likely to be positive for filoviruses based on similarity to bats
known to be positive for these viruses.

Han et al. (2015), Han et al. (2016) and Yang and Han (2018) used Machine Learning techniques to predict animals
capable of transmitting some pathogens, close to what we did in this work. Ahmed et al. (2021); X. Huang et al. (2020);
Lam et al. (2020); Rodrigues et al. (2020) focused on modeling the binding between host ACE2 and the viral S protein
to simulate the binding of SARS-CoV-2.

Thus, although all the works cited in this section deal with predictions, they all take different approaches. All explore
the species’ biological, structural, and epidemiological characteristics. Our work uses a counterfactual explanation
method to offer a more explanatory perspective for a greater understanding of viral transmission.

4. Materials and Methods

4.1. Database description

The database used in this work was made available by Fischhoff et al. (2021), who also analyzed the zoonotic
capacity of mammals. This database was chosen for its scope and detail, which is essential for applying machine
learning algorithms to predict susceptibility to SARS-CoV-2. The database has ACE2 sequences from NCBI GenBank
and MEROPS and the results of binding simulations with the SARS-CoV-2 Spike protein using the HADDOCK
software.

HADDOCK (High Ambiguity Driven biomolecular DOCKing) is a software for modeling biomolecular com-
plexes. It is widely used in the scientific community to study molecular interactions, such as the binding between an
enzyme and its substrate or the formation of protein complexes (van Zundert & Bonvin, 2014).

The database also has ecological, life history, phylogenetic, and biological characteristics data from some
repositories described below: AnAge (De Magalhaes, Costa, & J, 2009), Amniote Life History Database (ALDH)
(Myhrvold et al., 2015), EltonTraits (Wilman et al., 2014) and PanTHERIA (Jones et al., 2009). The database has 73
attributes and 113 instances. Table 1 describes the attributes and their origins. This database had already been classified
a priori and was used to train the Machine Learning algorithms. The authors also made available a database containing
5400 that were not classified, which we classified using the best learning model obtained.

Below is a brief description of each repository:

o AnAge (De Magalhaes et al., 2009): This database compiles life history parameters, focusing on senescence,
for a wide range of taxa, mainly animals but also including some plants and fungi. Parameters collected
include maximum longevity, age at sexual maturity for males and females, metabolic rates, litter sizes,
gestation/incubation periods, adult mass, and litters per year.
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e Amniote Life History Database (ALDH) (Myhrvold et al., 2015): This is a database that allows you to carry out
comparative analyses of birds, mammals, and reptiles. It also contains information about animals’ life histories.

e EltonTraits (Wilman et al., 2014): This global species-level database contains critical attributes for all 9993 bird
species and 5400 extant and recently extinct mammal species. Attributes include diet, foraging stratum, activity
time, and body size.

e PanTHERIA (Jones et al., 2009): PanTHERIA is a species-level database compiled to analyze all known extant
and recently extinct mammals’ life history, ecology, and geography. It contains over 100,000 lines of biological
data for extant and recently extinct mammal species.

Table 1
Sources of attributes present in the Fischhoff et al. (2021) dataset
Source Attribute
EltonTraits ForStrat.ground, ForStrat.understory, ForStrat.arboreal, ForStrat.arboreal, ForStrat.aerial,

ForStrat.marine, ForStrat_terrestrial, ForStrat aquatic, Activity.Nocturnal, Activity.Crepuscular,
Activity.Diurnal, diet breadth

ALHD femal maturity d, male maturity d, weaning_d, development d, log litterclutch size n,
litters _or clutches per y, log  inter_litterbirth interval y,  log birthhatching weight g,
log _weaning weight g, log adult body mass g, longevity y, log female body mass g,
log_male body mass g, adult svl cm

AnAge infantMortalityRate per year, mortalityRateDoublingTime _y, metabolicRate W, temperature K

PanTHERIA AgeatEyeOpening, GestationLen, SocialGrpSize, TeatNumber, TrophicLevel, WeaningHeadBodylLen,
MaxLat, MinLat, MidRangelLat, MaxLong, MinLong, MidRangelLong, HuPopDen Change, Pre-
cip_Mean, Temp Mean 0ldegC, AET_ Mean, PET_ Mean, DispersalAge, HomeRange km2,
HomeRange Indiv_km2, PopulationDensity, PopulationGrpSize, HuPopDen Min, HuPopDen Mean,
HuPopDen 5p NeonateHeadBodylLen

Fischhoff et al.  tnc_ecoregion breadth, mass specific production, log range size, AA 83 y, AA 30 negative,
(2021) log WOS _hits_synonyms

4.2. Data Preprocessing
To guarantee data quality, during the database pre-processing stage, techniques were explored that include:

1. Class categorization: The class of instances in the database is represented by continuous values, indicating the
strength of connection of each species. A limit was established to transform these values into discrete numbers,
categorizing the instances into two classes: 0 (weak connection) and 1 (strong connection). The decision was
based on the "binary_haddock_score" attribute, classifying values lower than -129 as 1 and the rest as 0. This
value is between two HADDOCK scores: the domestic cat (Felis catus), which is currently the species with the
weakest predicted link between animals with confirmed conspecific transmission (Bosco-Lauth et al., 2020), and
the pig/boar (Sus scrofa), which shows the most vital predicted link between the species for which experimental
inoculation failed to cause detectable infection (Shi et al., 2020). The -129 threshold was also adopted by
Fischhoff et al. (2021).

2. Removal of outlier values: Operations were performed to remove values considered outliers, aiming to improve
statistical accuracy and machine learning models. The identification criteria were values that exceeded three
times the standard deviation of the attribute. Most of the data lies within the range of 3 standard deviations from
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the mean. Therefore, 432 outliers were identified and had their values changed to missing values and subsequently
imputed during the processing of missing data by the KNNImputer algorithm.

3. Normalization: Since the database contained attributes with very different variation scales, the MinMaxScaler
class from the Scikit-learn library was used to normalize the data, scaling each value of each attribute to a range
specific between 0 and 1.

4. Missing Data Treatment: To deal with a large number of missing values, data imputation was performed
using the algorithm k-NearestNeighbor KNNImputer from the Scikit-learn library, using the average of the
five neighboring values closest for each missing value. However, attributes that were more than 90% miss-
ing were removed (haddock_score_mean, infantilityMortalityRate_per_year, mortalityRateDoublingTime_y,
log_DispersalAge_d, log_PopulationGrpSize, X13.3_WeaningHeadBodyLen_mm, e X24.1_TeatNumber)

5. Dimensionality reduction: Seeking to eliminate unrepresentative instances and attributes (irrelevant, noisy
and/or redundant), in terms of learning, the ant colony method (Dorigo, Birattari, & Stutzle, 2006) was used.
Dimensionality reduction, performed in databases through Instance Selection (SI) and Attribute Selection
(SA), aims to obtain a subset of the input data that is capable of increasing the performance metrics of
trained ML models , by eliminating irrelevant instances and attributes that could be harmful or misleading
to the algorithm that learns a model. In this way, the quality of the selected data would lead to high
quality results and reduced computational training costs, achieving a truly representative sample with a
minimum size. Thus, 39 attributes were selected from the initial 73 and 64 instances from the 113 that
made up the total base!. The selected attributes were: ForStrat_terrestrial, ForStrat_aquatic, Activity.Nocturnal,
Activity.Crepuscular, Activity.Diurnal, female_maturity_d, weaning_d, litters_or_clutches_per_y, longevity_y,
adult_svl_cm, development_d, log_litterclutch_size_n, log_birthhatching_weight_g, log_weaning_weight_g,
log_male_body_mass_g, log_range_size, X2.1_AgeatEyeOpening_d, X9.1_GestationLen_d, Afrosoricida, Didel-
phimorphia, Erinaceomorpha, Macroscelidea, X10.2_SocialGrpSize, X6.2_TrophicLevel, X26.2_GR_MaxLat_dd,
X26.4_GR_MidRangeLat_dd, X26.5_GR_MaxLong_dd, Primates, Proboscidea, X27.4_HuPopDen_Change,
X30.1_AET_Mean_mm, X30.2_PET_Mean_mm, Rodentia, Soricomorpha, nchar, log_HomeRange_km?2,
log_PopulationDensity_n.km?2, log_NeonateHeadBodyLen_mm, bin_haddock_score.

6. Separation of the set for training, validation and testing: Of the data set, 10% was reserved for testing,
resulting in 7 instances, plus the 49 instances that the ant colony did not select for creating the models of learning.
That is, the test set contains 56 instances. The 10-fold cross-validation method was used for the remaining 90%.
The training database was then divided as follows: 58 instances of class 1 (susceptible to the virus) and 55
instances of class O (susceptible to the virus).

4.3. Description of Methods
Eight machine-learning algorithms were run to predict whether or not the species were susceptible to the virus,
examining the database attributes using different strategies. They were: Naive Bayes, Decision Tree, Random Forest,
XGBoost, AdaBoost, SVM, Logistic Regression and MLP. Table 2 presents the hyperparameters used in each algorithm,
adjusted with the Random Search (Bergstra & Bengio, 2012) method.
To evaluate the quality of the tested models, we use the metrics Precision?, Recall’, and F-measure®.

4.4. Interpretability of Machine Learning models

To interpret the results obtained from the best model obtained by Machine Learning algorithms, we use the Agnostic
Method of Counterfactual, Selected, and Social Explanations (CSSE) (de Sousa Balbino et al., 2023). CSSE is a
counterfactual explanation method, which reveals which attribute should be different so that the animal could no longer
be susceptible to SARS-CoV-2.

Unstructions for using the python library for SI and SA with ant colonies can be obtained at https://test.pypi.org/project/antcolony
-is/
ZPrecision =

2xPrecisionxRecall

4F — Measure = 20D
casure Precision+Recall

First Author et al.: Preprint submitted to Elsevier Page 7 of 15



An Innovative Approach with Counterfactual Explanations for Predicting the Zoonotic Capacity of Mammals to Transmit

SARS-CoV-2
Table 2
Control Parameters applied to learning algorithms.
Algorithm Control Parameters Values
Naive Bayes priors ‘None’
var_smoothing 'le-09’
"""""""""" splitter  ‘best'
Decision Tree max_features 'sqrt’
max_depth 10
criterion 'entropy’
"""""""""" n_estimators 30
min_samples_leaf 5
Random Forest max_features 0.2
max_depth
criterion 'entropy’
"""""""""" n_estimators 500
XGBClassifier max_depth 5
learning_rate 0.05
AdaBoostClassifier n_estimators 90
learning_rate 0.01
"""""""""" kernel linear’
SVC gamma 1
c 10
"""""""""" solver ’liblinear’
penalty "2’
multi_class ‘ovr’
LogisticRegression max_iter 4000
class_weight 'balanced’
C 10
"""""""""" solver ~ 'adam’
max_iter 6000
learning_rate 'constant’
MLPClassifier hidden_layer_sizes (15, 15)
batch_size 32
alpha 0.0001
activation "relu’

5. Results and Discussion

For all machine learning algorithms investigated, evaluation metrics for both classes (susceptible or non-
susceptible) were calculated. Despite the small amount of data in the sample space, the neural network and logistic
regression obtained the best results and were chosen to be investigated for interpretability.

This section presents the results of the learning algorithms, explanations of the knowledge acquired by them, and
the result of the discriminant analysis carried out based on the classification of the 5400 instances based on the best
models obtained.

5.1. Performance of algorithms regarding SARS-CoV-2 transmission susceptibility

Figure 1 presents the results obtained from each of the learning algorithms investigated. Evaluations were
conducted for each ‘susceptible’ and ‘non-susceptible’ class, observing the precision, recall, and F-measure metrics.
It is observed that the recall for the ‘susceptible’ class reached a rate of 100% with the SVM, logistic regression, and
Neural Network algorithms. In other words, of all the test instances with this classification, these models got 100% of
the cases correct. As for accuracy, the Naive Bayes algorithm managed to achieve a 100% accuracy rate; however, it
only got a 67% recall. All other classifiers had a performance ranging from 67% to 75%, except for the Decision Tree
and Random Forest algorithms, which had the worst performances, 33% and 50%, respectively. Thus, considering the
harmonic mean of recall and precision, given by the F-measure metric, for the ‘susceptible’ class, we have that the two
best algorithms were logistic regression and neural network, reaching a rate of 86%.
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For the ‘non-susceptible’ class, we observed an opposite behavior regarding precision and recall; that is, logistic
regression and the Neural Network obtained a precision of 100%, but a recall of 75%. Thus, Fmeasure followed the
pattern of the ‘susceptible’ class, that is, arate of 86% obtained by the logistic regression and neural network algorithms.
The Decision Tree and Random Forest algorithms also received the worst performances.

Precision Recall Fmeasure

Nao Suceptivel Nao Suceptivel Nao Suceptivel

Suceptivel Suceptivel Suceptivel

[} 20 40 60 80 100 120

= Naive Bayes Random Forest AdaBoost Logistic Regression
WSS Decision Tree WS XGBoost = svM Neural Network

Figure 1: Results obtained with the machine learning algorithms investigated to evaluate susceptible and non-susceptible
species to the SARS-CoV-2 virus

5.2. Analysis of the importance of attributes for the transmission of SARS-CoV-2

Based on the previous results, we sought to identify which biological characteristics make a species susceptible
or not to the virus. In other words, in addition to pursuing a high predictive capacity, we also want to identify which
characteristics make the mammal a suitable transmitter of SARS-CoV-2. In this sense, we interpreted the two best
models in this classification task. In other words, we investigated what logistic regression and the Neural Network
considered relevant.

Logistic regression is an interpretable method; therefore, it was possible to identify the relevant characteristics
directly. Each attribute’s importance for separating the two classes of interest is plotted. Figure 2(a) shows the attributes
identified by Logistic Regression, ordered in order of importance.

On the other hand, the Neural Network is not a naturally interpretable method. For this, we use the CSSE (de
Sousa Balbino et al., 2023), a counterfactual explanation method, which evaluates the relevance of the attributes that
contributed most to the classification. The characteristics are indicated in Figure 2(b).

Thus, from these two results, we have the following explanations for some characteristics considered important by
these two learning methods.

1. Primates:

Primates, particularly great apes such as chimpanzees and gorillas, are highly susceptible to transmitting diseases
to humans. This is due to its evolutionary proximity to us. Disease transmission among wild primates is more
frequent between species that are geographically close and closely related (Pedersen & Davies, 2009).

An important aspect contributing to this transmission is the primates’ social structure. One study showed that
social structure is intrinsically linked to parasite load. This suggests that contact between group members, rather
than group size itself, is associated with parasite transmission.

Transmission of viral diseases among non-human primates occurs mainly through direct or indirect contact with
infected blood and other bodily fluids. A notable example of this is HIV, which is caused by a virus that jumped
from wild primates to humans through infected bodily fluids. Therefore, the close interaction and evolutionary
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litters_or_clutches
- per_y AgeatEyeOpening
SocialGrpSize SocialGrpSize
AgeatEyeOpening weaning_d
Activity Crepus cular Activity.Crepuscular
log_birthhatching_w log_litterclutch_size
eight_g _n
log_range_size langevity
HomeRange_km2 TeatNumber
HuPopDen_Mean_n
MidRangeLat km?2
MaxLat AA_B3Y
0 10.000.000 20000000  30.000.000  40.000.000 o 10 20 30 40
(a) Features identified by Logistic Regression (b) Features identified by the Neural Network, using CSSE

Figure 2: Most relevant characteristics in SARS-CoV-2 infection, according to Logistic Regression and Neural Network,
using CSSE.

proximity with primates may have significant implications for the transmission of viral diseases to humans,
highlighting the urgent need for further research in this area.

2. Social group size

Social group size in mammalian species can significantly impact the transmission of viral diseases. Reservoir
species with low population densities may support more minor, less genetically diverse viral populations that
harbor fewer mutations capable of infecting humans. In contrast, reservoir species with short lifespans and rapid
population turnover can support more significant, more genetically diverse viral populations, including variants
capable of infecting humans (Lucatelli, Mariano-Neto, & Japyassu, 2021).

Mortality from the disease can induce decreases in population density, leading to fewer associations. Further-
more, adaptive behavioral responses, by which animals identify infected individuals (and whether they are
infected), can trigger quarantine or self-isolation behaviors that reduce encounters between infected and healthy
individuals.

A general pattern has been reported suggesting that smaller mammal species that utilize home ranges more
intensively experience a more significant risk of invasion by environmentally transmitted macroparasites. On
the other hand, larger hosts that exhibit a high degree of social group living could be more easily invaded by
directly transmitted microparasites.

Studies show that social structure, and not necessarily group size, is connected to parasite load. However, the
size of the social group can significantly affect the spread of infections in animal societies. Larger social groups
can facilitate the spread of infections, while smaller groups can limit it. Therefore, social structure and group
size play a crucial role in the transmission of viral diseases between mammalian species.

3. Weaning duration

Early weaning may shape long-term immune and metabolic responses in mammals such as pigs, which may have
implications for disease susceptibility (Fardisi et al., 2023).

4. Litter size

There is evidence to suggest that animals that mature early and have frequent litters tend to invest less in some
immunological defenses, making them more suitable hosts for pathogens. Additionally, one study showed that
litter size is intrinsically related to social group size. This is relevant because social group size is associated with
parasite transmission. Therefore, it can be inferred that litter size can indirectly influence parasite transmission
through its impact on social group size (Ostfeld et al., 2014).

Incubation time and clutch size have been linked to the species’ immune response. At the same time, body
mass may be a proxy for size-scale life history traits such as fecundity, metabolic requirements, and age at first
reproduction.(Z. Y. Huang et al., 2013).
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5. Longevity

Reservoir species with low population densities may support more minor, less genetically diverse viral
populations that harbor fewer mutations capable of infecting humans. Alternatively, reservoir species with short
lifespans and rapid population turnover may support more significant, more genetically diverse viral populations
that — by chance — include variants capable of infecting humans (Nuismer, Basinski, Schreiner, Whitlock, &
Remien, 2022).

Life history theory suggests that short-lived (generally relatively small) species invest more in reproduction and
less in immune defenses. Smaller species may, therefore be more susceptible to infection (Wang et al., 2021).

A study showed that reservoir host longevity, viral tolerance, and constitutive immunity impact the evolution of
viral traits that cause virulence after spillover to humans (Brook, Rozins, Guth, & Boots, 2023).

6. Human population density within species range

Human population density and urbanization can increase the risk of transmission of zoonotic diseases. With
more people living in dense conditions, contact between individuals becomes more frequent, facilitating the
transmission of diseases.

A recent study highlighted that meteorological factors, along with population density and living condi-
tions—particularly in urban and semi-urban areas—play a crucial role in the intensity, evolution, and spread
of SARS-CoV-2. This suggests that environmental and social conditions can significantly impact the spread of
viral diseases. Mishra, Mishra, and Arora (2021).

Furthermore, human population density can influence the transmission of viral diseases from mammals to
humans. For example, virus transmission from range-shifting mammalian species is predicted to concentrate
in areas with high human population density, such as parts of Asia and Africa. This suggests that interactions
between humans and animals in densely populated regions may be a key factor in the spread of zoonotic diseases.

It is important to highlight that providing detailed explanations of all the characteristics identified through the
interpretability of the learning models was not possible. Despite efforts to offer complete and comprehensive
documentation, we encountered limitations due to the lack of information available in specialized literature.

However, in the work of Silva and Nobre (2024), which conducted a systematic review of the literature to identify
relevant characteristics in animals that transmit SARS-CoV-2, some of the characteristics found in this study were
cited, such as interaction with humans, longevity, and social group size.

5.3. Discriminant Analysis to evaluate the quality of the classification performed by the Neural
Network

As mentioned, this work relied on two databases. The first base was already labeled with the species being
susceptible or not to the virus. This base was used to create the machine learning models described in the
previous sections. It contains 73 attributes and 113 instances. All attributes were presented in Table 1. The
second database has 5400 instances, and has the same attributes described in Table 1, but without the class
label. In other words, for this database, we do not know whether or not the species is susceptible to the virus.

Using the best classification model obtained, we classified the 5400 unlabeled instances. As we have two models
that had equivalent behavior, we selected the neural network for this classification task. In this way, each of the
5400 instances were labeled, obtaining 3446 instances classified in class 1 = ‘susceptible to the virus’ and
1954 instances in class 0 = ‘not susceptible to the virus’. From these already classified instances, we apply
Discriminant Analysis to validate the quality of this classification.

As presented in Section 2.3, a discriminant analysis is statistically adequate when the proportion of observations
classified into their original classes is close to 1.00, the Lambda value is greater than 0.015, the eigenvalues and
canonical correlations are close to 1.00.

In the tests carried out, the value found for correctly classified observations was 0.89 (the sum of the hits in
classes 0 and 1), as presented in Table 3, and Table 4 guarantees that the results found are appropriate, validating
the classification carried out by the Neural Network.
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Table 3
Discriminant analysis classification results for the 5400 instances.
Class 0 1 Total
.. 1809 145 1954
Original count
408 3038 3446
% 0 926 74 100,0
()
1 11,8 88,2 100,0
Table 4

Metrics for evaluating discriminant analysis.

Teste de fungdes  Lambda de Wilks  Qui-Quadrado  df Sig Autovalor  Correlacdo canénia
1 ,440 4428,614 21 < ,001 1,275 , 749

5.4. Machine Learning Model Generalization

Using machine learning to predict susceptibility based on ecological, life history, and biological traits holds
great potential for application to zoonotic diseases beyond SARS-CoV-2. This approach is especially valuable
in situations involving complex interactions between species and pathogens, particularly when susceptibility
is linked to factors such as the presence of specific cellular receptors, like ACE2, as described in this work.
For other zoonotic viruses that utilize similar mechanisms to enter host cells, this methodology can be adapted
and applied. Machine learning-based predictive models can help identify species most likely to host and transmit
emerging pathogens, thus supporting surveillance efforts and the development of more effective control strategies
(Heesterbeek et al., 2015).

The ecological and biological traits selected in the model—such as population density, longevity, social group
size, and litter frequency—are variables that can be useful for predicting susceptibility to other zoonotic viruses.
These traits, along with factors like proximity to humans and host ecology, serve as robust predictors of
susceptibility, making them adaptable for studies on other zoonoses, such as avian influenza or viruses within
the coronavirus family. The influence of these traits on pathogen transmission and hosting potential makes them
critical candidates for inclusion in new models aimed at predicting zoonotic disease risks (Karesh et al., 2012;
Plowright et al., 2017).

6. Conclusion

This article adopted a multidisciplinary approach to understand and address the challenges of SARS-CoV-2
viral infection, combining the biology of the virus, the interaction with the ACE2 protein and the application
of Machine Learning techniques. The objective was to review recent advances in understanding the interaction
between the SARS-CoV-2 virus and the ACE2 protein, which is fundamental for viral infection. Furthermore,
we explore the use of Machine Learning algorithms in this context, highlighting their impact on developing
effective strategies against COVID-19.

With an already pre-classified data set, we adopted a set of pre-processing steps, which, among others, included
two very important steps: the selection of instances and attributes. This process was fundamental to select the
most representative instances and attributes and ensure that the model obtained a good result capable of helping
to understand the susceptibility of mammals to the virus.

Using the concept of interpretability of machine learning models, our research has revealed some of the most
significant characteristics that make species susceptible to the SARS-CoV-2 virus. This step provided a more
in-depth understanding of the evaluated context and also suggests gaps for future research.

Our model indicated that certain attributes, such as population density, longevity and social group size, are
crucial determinants of a species’ ability to act as a zoonotic host. Counterfactual analysis allowed for a deeper
understanding of how these characteristics interact and influence susceptibility to SARS-CoV-2 infection.
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The results indicate that species with high population density and complex social structure, such as many
mammals, are more likely to facilitate viral transmission. Furthermore, species with a fast life cycle and high
reproduction rate also showed greater potential to harbor and transmit pathogens.

Furthermore, in this work we used Discriminant Analysis to validate the classification carried out in the database
that did not indicate susceptibility to transmission of SARS-CoV-2. This base of 5400 instances was classified
using the model trained by the Neural Network and the Discriminant Analysis confirmed the classification of
89% of these instances, indicating that the characteristics found are indeed efficient for classification.

This research not only expands our understanding of the dynamics of zoonotic transmission but also provides
a practical tool for identifying and monitoring potential hosts of SARS-CoV-2 and other emerging pathogens.
Applying interpretability methods of learning models, such as counterfactual explanations, could be a valuable
strategy for future epidemiology and infectious disease control research. These results highlight the potential of
using machine learning algorithms in epidemiological research. They improve our understanding of the spread of
SARS-CoV-2 and provide a solid foundation for developing more effective prevention and treatment strategies.

For future studies, it is recommended that the database be expanded with more biological and ecological
attributes and that other machine learning techniques be explored that can complement and improve the results
obtained. Interdisciplinary collaboration will be essential to refine these approaches and ensure an effective
response to future pandemics.
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4 CONSIDERACOES FINAIS

A revisao sistematica da literatura sobre o uso de métodos computacionais para
avaliar a infeccao por SARS-CoV-2 em mamiferos revelou conceitos pertinentes para com-
preender a disseminacao viral. A aplicacdo de técnicas de Aprendizado de Maquina e
outros métodos computacionais permitiram a identificagao e classificacao eficientes das
espécies de mamiferos com potencial para serem portadoras ou hospedeiras intermedia-

rias do virus, contribuindo para a detecgao precoce de ameacas potenciais a saude publica.

Os estudos analisados destacaram a utilidade dos métodos computacionais na iden-
tificagao de padroes especificos e caracteristicas nos dados epidemioldgicos e genéticos de
mamiferos. Estas informacgoes permitem identificar grupos de animais mais propensos a
abrigar o virus, ajudando na adogdo de medidas preventivas especificas. Os dados do
trabalho podem ajudar a identificar areas onde mais pesquisas sao necessarias, fatores
que aumentam o risco e dificultam o controle de zoonoses, além de agoes estratégicas em
vigilancia, pesquisa, comunicacao e treinamento que podem apoiar a formacao de uma
rede de cooperacao. Além disso, esses dados podem ser usados para educar o piuiblico

sobre z0oonoses, seus riscos e como preveni—las.

A pesquisa adotou uma abordagem multidisciplinar para entender os desafios da
infeccao viral por SARS-CoV-2, combinando a biologia do virus, a interagdo com a pro-
teina ACE2, a aplicacdo de técnicas de Aprendizado de Maquina, a interpretabilidade
destes modelos de aprendizado e um pré-processamento dos dados bastante rigoroso, que
envolveu, por exemplo, selecao de instancias, eliminacao de outlier, normalizagao, e re-
ducao de dimensionalidade. A analise da interpretabilidade dos modelos de aprendizado
revelou caracteristicas significativas que tornam as espécies susceptiveis ao virus, melho-
rando a interpretabilidade dos modelos de aprendizado de maquina e fornecendo material

para futuras pesquisas.

A integracao de dados de diferentes fontes, como dados ambientais e climaticos,
com dados de mamiferos pode melhorar ainda mais a precisao dos modelos de Aprendi-
zado de Maquina na previsao da disseminacao do SARS-CoV-2. A pesquisa demonstrou
que certos atributos, como densidade populacional, longevidade e tamanho do grupo so-

cial, sao determinantes na capacidade de uma espécie atuar como hospedeiro zoonotico.
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Espécies com alta densidade populacional e estrutura social complexa, bem como aquelas
com ciclo de vida rapido e alta taxa de reproducao, também mostraram maior potencial

para abrigar e transmitir patégenos.

Os resultados nao apenas ampliam o entendimento sobre a dinamica da transmissao
zoondtica, mas também oferecem uma ferramenta pratica para identificar e monitorar
potenciais hospedeiros de SARS-CoV-2 e outros patogenos emergentes. A andlise da
interpretabilidade dos modelos de aprendizado, que envolveu explicacdes contrafactuais
para explicar o aprendizado da Rede Neural, pode ser uma estratégia valiosa para futuras

pesquisas em epidemiologia e controle de doencgas infecciosas.

Uma das limitagoes deste trabalho foi o tamanho da base de dados inicialmente
rotulada. Para estudos futuros, recomenda-se a expansao da base de dados com mais
atributos bioldgicos e ecoldgicos, além de explorar outras técnicas de aprendizado de
maquina que possam complementar e aprimorar os resultados obtidos. A colaboragao
interdisciplinar sera essencial para refinar estas abordagens e garantir uma resposta eficaz
a futuras pandemias. Esses resultados destacam o potencial do uso de algoritmos de
aprendizado de méquina na pesquisa epidemioldgica, fornecendo uma base sélida para o

desenvolvimento de estratégias de prevencao e tratamento mais eficazes.
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