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RESUMO

O crescimento exponencial na geracdo e disponibilizacdo de dados bioldgicos, incluindo
dados experimentais e genomas dos mais diversos organismos, impulsionou, nas ultimas
décadas, o surgimento de ferramentas computacionais que buscam predizer e entender uma
variedade de fenomenos biolégicos. Além disso, algumas iniciativas buscam informar e
auxiliar na tomada de decisOes sanitarias e de satude. Para que seja possivel o
desenvolvimento desses e outros tantos trabalhos e analises relevantes, diversos bancos de
dados tém sido mantidos como um recurso para orientar a inovagdo e a geracao de novos
insights bioldgicos. Nesse contexto, a mudanca do paradigma de quantidade para qualidade
de dados e informacdes tém sido cada vez mais necessaria e crucial. No entanto, diferentes
desafios sdo encontrados de acordo com a politica de manutencdo desses dados. As bases de
dados utilizadas para pesquisas em Bioinformatica, e também em outras areas, podem ser
abertas, onde a comunidade é responsavel pela manutencdo e verificacdo, ou mantidas por
instituicbes que regulamentam a utilizacdo desses dados. Neste trabalho, propusemos avaliar
dois problemas relevantes em diferentes areas de atuacdo da Bioinformatica para entender
como dados biologicos podem ser anotados e integrados de forma sustentavel e otimizada a
responder questOes cientificas relevantes e também informar a populacdo. Como resultado,
apresentamos duas abordagens que lidam com dois contextos diferentes, ThermoMutDB e
SARS-CoV-2 Africa dashboard, tendo a qualidade de dados e entrega de informacao
cientifica como foco central. O ThermoMutDB é uma base de dados publica, manualmente
curada, com dados termodinamicos de proteinas. O SARS-CoV-2 Africa dashboard é uma
ferramenta interativa para visualizacdao e analises de dados gendomicos de COVID-19 do
continente africano. O ThermoMutDB propde um paradigma colaborativo para verificacao de
dados para construcao de bases de dados curadas com dados da literatura biomédica. O
dashboard utiliza dados do GISAID (iniciativa que mantém e regula os dados genomicos
dessa doenca no mundo todo) através de um acordo entre as instituicoes e possibilita o acesso
do publico em geral a dados em tempo real que permitem a tomada de decisOes em resposta a
pandemia vigente. Resultados mostram que as ferramentas tém sido largamente utilizadas e
tém potencial para impactar pesquisas futuras nas areas de engenharia de proteinas e

vigilancia gendmica, além da possibilidade de serem replicadas para outros contextos.

Palavras-chaves: bioinformatica, mutacoes missense, termodinamica, SARS-CoV-2, ciéncia

de dados, bancos de dados, protedmica.



ABSTRACT

The exponential growth in the generation and availability of biological data, including
experimental data and genome sequences of diverse organisms, has boosted, in recent
decades, the emergence of computational tools that seek to predict and understand biological
phenomena. In addition, some initiatives seek to inform and assist general public health and
sanitary decision-making. In order to make it possible to develop these and many other
relevant works and analyses, several databases have been maintained as a resource to guide
innovation and the generation of new biological insights. In this context, the paradigm shift
from quantity to quality of data and information has been proven increasingly necessary and
crucial. However, different challenges are encountered according to the data maintenance
policy. Databases used for research in Bioinformatics, and also in other areas, can be open,
where the community is responsible for maintenance and verification, or maintained by
institutions that regulate the use of this data. In this work, we proposed to evaluate two
relevant problems in different areas of activity of Bioinformatics to understand how
biological data can be annotated and integrated in a sustainable and optimized way to answer
relevant scientific questions and also inform the population. As a result, we present two
approaches that deal with two different contexts, ThermoMutDB and SARS-CoV-2 Africa
dashboard, with data quality and scientific information delivery as a central focus.
ThermoMutDB is a public, manually curated database of protein thermodynamic data. The
SARS-CoV-2 Africa dashboard is an interactive tool for visualizing and analyzing
COVID-19 genomic data from the African continent. ThermoMutDB proposes a
collaborative data verification paradigm for building curated databases with data from the
biomedical literature. The dashboard uses data from GISAID (an initiative that maintains and
regulates the genomic data of this disease worldwide) through an agreement between the
institutions. It allows the general public access to real-time data in order to guide
decision-making in response to the current pandemic. Results show that the tools have been
widely used and have the potential to impact future research in protein engineering and

genomic surveillance, in addition to the possibility of being replicated in other contexts.

Keywords: bioinformatics, missense mutations, thermodynamics, SARS-CoV-2, data
science, databases, proteomics.
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1. INTRODUCAO E JUSTIFICATIVA

Nao é incomum encontrarmos atualmente a utilizacao de modelos de Aprendizado de
Maquina para tentar responder as mais diversas questdes bioldgicas existentes, como por
exemplo: Quais mutagdes causam determinada doenca? Como determinada mutagdo afeta a
estabilidade de uma proteina? Quando a humanidade tera de enfrentar uma nova pandemia?
[1], entre outras. Com o crescimento cada vez mais acelerado das técnicas de obtencdo e
interpretacdo de dados a partir de experimentos biol6gicos, responder computacionalmente
essas questoes tém ficado cada vez mais viavel. Qualquer um, desde laboratérios individuais
até instituicoes de larga escala podem, ou poderdo em breve, gerar enormes quantidades de
dados [1].

Diante da necessidade de guardar, catalogar, disponibilizar e garantir a confiabilidade
e seguranca dos dados, os bancos de dados biolégicos sdo vistos como parte importante e
essencial para a Bioinformatica, Ciéncias da Satude, Agrarias, entre outras. Inimeras bases,
que sdo fonte de dados para os mais variados métodos computacionais e principalmente de
predicdo, estdo disponiveis para as mais diversas areas alvo da Bioinformatica [2—4].
Fomentar e divulgar fontes de dados é, de fato, tdo relevante para a Bioinformatica, que a
revista Nucleic Acids Research (NAR), desde 1993, dedica uma secdo especial todo ano para
publicacdes de bases de dados [5]. Até a escrita deste texto sdo 1.645 versoes [6] diferentes
de bases de dados bioldgicas publicados no NAR ao longo de 31 anos, incluindo publicacdes
anteriores a criacao da edicao especial.

Por outro lado, apesar do esforco empregado no desenvolvimento, curadoria e
divulgacdo de dados de qualidade, garantir que essas bases sejam compreensivas e livres de
erros nao é trivial. Depois de uma grande corrida ao longo dos anos em razdo da maior
disponibilidade de recursos para se gerar dados, impulsionados pelo avanco das técnicas de
sequenciamento de nova geracdao, do inglés, Next Generation Sequence (NGS) [7,8],
vivenciamos hoje novos desafios. O surgimento de ferramentas sofisticadas de Inteligéncia
Artificial (IA) e o aumento do poder computacional, possibilitam analises e predicdo de
comportamentos biol6gicos baseados em dados. No entanto, a quantidade de dados, outrora
buscado para melhorar a precisao dos modelos, passa a ndo ser uma preocupacao mais, dando
espaco para o esfor¢o relacionado a qualidade dos dados, em detrimento da quantidade.

A qualidade dos dados ndo s6 afeta as descobertas cientificas como um todo, como

também enviesa e limita ferramentas que sao desenvolvidas para apoia-las. [9] por exemplo,


https://sciwheel.com/work/citation?ids=13593114&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13593114&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13593186,4800220,5445417&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0
https://sciwheel.com/work/citation?ids=10283215&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12342686&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=7698115,88985&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=13609897&pre=&suf=&sa=0

16

analisa a performance de 16 preditores de estabilidade publicados ao longo dos anos e
constatou que por mais de 15 anos, os esforcos nessa area tém se estagnado em um RMSE
(root mean squared error) médio de 1 kcal/mol. Embora ao longo desses anos, técnicas
estatisticas e de IA das mais diversas tenham sido aplicadas, os problemas relativos aos dados
permanecem 0s mesmos, 0 que impossibilita o avanco da area [9,10]. Além disso, erros em
bases de dados podem agir em um efeito bola de neve, fazendo com que esses erros sejam
propagados.

Uma iniciativa recente, chamada Data Centric Al, tem olhado para essas questdes de
qualidade de dados e ganhado bastante atencdo por parte de pesquisadores e profissionais da
area de Ciéncia de Dados em geral [11-14]. O movimento adverte para a mudanca de foco,
até entdo centrado nos ajustes de modelos e algoritmos de Aprendizado de Maquina (do
inglés, Machine Learning - ML), para a sistematizacdo e engenharia dos dados utilizados
para treinar esses modelos.

Diante dessas mudancas de paradigma que estdo em curso, a adogao das praticas que
vém sendo discutidas e sugeridas por movimentos como o Data Centric Al, pode ser crucial
para se alcancar o proximo nivel de maturidade para as ferramentas de Bioinformatica, além
de tirar vantagem da qualidade dos valiosos e numerosos dados biolégicos que sdo gerados
todos os dias, sendo eles, dados abertos, coletdveis ou mantidos por organizacoes. Além
disso, o envolvimento da comunidade na melhoria desses dados, denominado crowd
reviewing, pode ser crucial para a manutencao de repositorios de dados.

Os desafios relacionados a dados para Bioinformatica, aqui focados no
desenvolvimento de ferramentas de predicio e analise, sdo diferentes dependendo,
principalmente mas ndo restrito, dos mantenedores dos dados de interesse. Em geral,
observa-se que bases de dados biolégicas utilizadas para tarefas de predicdo e analise sdo
bases de dados especializadas. Bases de dados especializadas sdo aquelas focadas em um
organismo particular ou um tipo de dado especifico, como por exemplo, bases de dados de
sequéncia de um determinado patogeno [15-17], de propriedades de nucleotideos [18], de
efeitos de mutacdes [19], entre outras.

Bases de dados biologicos sdo em geral mantidos por grupos de pesquisa, consorcios
ou iniciativas publico-privadas. Quando ndo se tem uma organizacdo financiando a
manutencdo daqueles dados, a dificuldade de atualizacdo dos dados tende a ser maior. Por
outro lado, bases de dados com dados sensiveis (de pacientes por exemplo) e que geralmente
sdo atualizadas em tempo real, normalmente tém seus dados regulados e, portanto, acesso

restrito. Enquanto essas bases de dados tém um fluxo bem estabelecido para atualizacdo e


https://sciwheel.com/work/citation?ids=1819903,13609897&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=13673066,13673046,13673044,13673028&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
https://sciwheel.com/work/citation?ids=4767976,111611,4883418&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0
https://sciwheel.com/work/citation?ids=1603417&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=2019354&pre=&suf=&sa=0
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verificacdo, outras, dependem da anotacdo de usudrios que depositam esses dados ou sdao
curadas manualmente com dados advindos da literatura.

Para além das questdes de curadoria e manutencao de bases de dados especializadas,
observa-se que outra preocupagdo emergente tem sido em como transferir o conhecimento
cientifico, principalmente em situagdes de interesse coletivo, para a sociedade em geral.
Como em todas as areas da ciéncia, a aplicacdo de paradigmas e ferramentas deve ser
pensada no sentido de apoiar a descoberta cientifica, entdo, tendo isso em mente, essa tese de
doutorado buscou compreender dois problemas relevantes relacionado a dados em
Bioinformatica e entdo propde abordagens de Ciéncia de Dados que contribuem para o
avanco das areas relacionadas.

No primeiro caso, desejava-se desenvolver uma nova plataforma computacional para
a identificacdo e predicdo de mutagbes compensatérias em proteinas. Mutagoes
compensatorias sdo alteracdes que compensam o efeito de outra mutacdo, ou ainda, uma
mutacdo que pode ser deletéria quando surge sozinha, mas é neutra quando combinada com
outra mutacao [20-22]. MutacOes compensatdrias podem desempenhar um papel relevante na
resisténcia a antibioticos [20], na genética da conservagao [23-25], além de terem sido
associadas na formacgdo de incompatibilidades de Dobzhansky—Muller [26], que diz respeito a
evolucdo distinta de espécies. Todas essas evidéncias tornam o estudo de mutagOes
compensatorias de interesse geral para a biologia evolutiva [27].

Para entender o efeito de uma determinada mutacdo em uma proteina, é preciso
avaliar sua estabilidade na presenca daquela mutacdo. Dessa forma, dados termodinamicos
como a temperatura em que a proteina perde a sua conformacdo original, a diferenca de
energia do estado enovelado para o desenovelado de uma proteina, entre outros, sdo
essenciais para estudos que envolvem estabilidade. Como toda fase inicial de um projeto de
Ciéncia de Dados, o primeiro objetivo envolvia definir um conjunto de dados de
termodinamica de proteinas, representativo e confiavel, para treinar e testar os modelos de
ML a serem desenvolvidos. Embora entender termodindmica e consequentemente a
estabilidade de uma proteina seja essencial para o entendimento dos efeitos causados por
mutagOes, observou-se que a base de dados referéncia naquele momento apresentava
problemas que comprometeriam a qualidade e confiabilidade dos estudos. Percebeu-se entao
que informacdes defasadas poderiam comprometer o estudo, assim como, a complexidade
envolvida no processo de aquisicdo e armazenamento de dados. Nesse sentido, o
ThermoMutDB, é proposto visando solucionar os problemas encontrados e também propde

uma abordagem colaborativa (crowd reviewing) para verificacao e atualizacdo dos dados.


https://sciwheel.com/work/citation?ids=13685965,4719730,997423&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0
https://sciwheel.com/work/citation?ids=13685965&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=775486,13685967,13685966&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0
https://sciwheel.com/work/citation?ids=1560133&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13685968&pre=&suf=&sa=0

18

A segunda abordagem surgiu da necessidade de esforcos para conter, informar e
tomar decisOes frente a pandemia causada pelo virus responsavel pela sindrome respiratoria
aguda grave do coronavirus 2 (SARS-CoV-2, do inglés Severe Acute Respiratory Syndrome
Coronavirus 2), identificado primeiramente na cidade de Wuhan na China em 2019 [28].
Logo ap6s ser identificado, o virus, se espalhou rapidamente, dando inicio a uma pandemia.
Nesse sentido, o sequenciamento de genomas e vigilancia tém sido fatores chave para o
rastreamento e mitigacao do desenvolvimento da pandemia causada pelo virus SARS-CoV-2.
Embora o continente africano tenha registrado uma proporcao pequena de casos reportados
globalmente e também numero de mortes, alguns paises do continente desempenharam papéis
fundamentais em resposta a pandemia, através dos seus eforcos de sequenciamento
gendmico. Assim como acordado com paises do mundo todo, os dados gendmicos do
SARS-CoV-2 sdo depositados em uma base de dados tnica, o GISAID (do inglés, Global

Initiative on Sharing Avian Influenza Data, www.gisaid.org). O GISAID é uma iniciativa

publico-privada global que prové acesso aberto a dados genomicos dos virus influenza,
coronavirus e monkepox [29,30]. Usuarios que desejam utilizar os dados do GISAID devem
aceitar as politicas de acesso e compartilhamento, assim como se identificar e informar como
os dados serdo utilizados. Uma vez que os dados disponibilizados pelo GISAID sao de
interesse ndo s6 cientifico mas também utilizados para informar a populacdo e governo,
mecanismos para que esses dados cheguem ao publico alvo passam a se fazer cada vez mais
necessarios, dando espaco a ferramentas de Andlise de Dados, como os dashboards.

Embora inimeros dashboards tenham surgido ao longo da pandemia de COVID-19
apresentando varios dados globais e regionais, como ntimero de casos, mortes reportadas e
taxas de vacinacdo, nenhum focado no continente africano ainda havia sido desenvolvido.
Levando-se em conta a enorme e valiosa quantidade de dados genémicos produzidos pelo
continente africado e sua importancia para entender a pandemia e ainda, por entender as
limitacbes no uso e entendimento dos dados pelo publico geral, existia uma notavel
necessidade de uma ferramenta analitica que pudesse prover a visualizagdo desses dados em
tempo real. Sendo assim, o SARS-CoV-2 Africa dashboard foi proposto com o objetivo de
ser uma abordagem facilmente replicavel para contextos semelhantes. A aplicacao também
foi desenvolvida visando ser uma ferramenta que permita que usudrios interajam em tempo
real com os dados gerados a partir das sequéncias genomicas depositadas no GISAID, ao
mesmo tempo que ndo infringe seus termos de uso.

Em resumo, nesse estudo foram desenvolvidas duas abordagens de ciéncia de dados:

o ThermoMutDB, uma base de dados termodindmico de proteinas e 0 SARS-CoV-2 Africa
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dashboard, uma ferramenta interativa para visualizacdio de dados genomicos do virus
SARS-CoV-2.

Esta tese esta organizada em formato de artigos, sendo que, no capitulo 2 sdo
apresentados os objetivos do trabalho, os capitulos 3 e 4 se dedicam a embasar e descrever os
dois estudos de caso realizados, através de uma introdugdo e a apresentacao dos respectivos
artigos na integra. Os capitulos seguintes se dedicam, respectivamente, a Discussao,

Perspectivas Futuras e Conclusoes.
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2. OBJETIVOS

2.1. OBJETIVO GERAL

Avaliar problemas relevantes em diferentes areas de atuacdo da Bioinformatica e propor
novos métodos de anotacdo e integracdo de dados bioldgicos que possam dar suporte a
investigacao de questdes cientificas relevantes de forma sustentavel e otimizada. Além disso,
as abordagens também devem ser capazes de informar a populacdo utilizando dados

atualizados e de qualidade.

2.2. OBJETIVOS ESPECIFICOS

e Identificar pelo menos dois problemas relevantes em diferentes areas de atuacdo da
Bioinformatica;

e Avaliar estado da arte em relacao aos dados disponiveis para contorno dos problemas
em cada drea, indenficando lacunas que possam estar bloqueando os avangos das
mesmas;

e Investigar e propor abordagens que permitam superar os desafios encontrados de
forma otimizada e sustentavel;

e Implementar abordagens propostas de forma que sejam reprodutiveis e replicaveis;

e Monitorar e manter as abordagens propostas.
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3. TERMODINAMICA DE PROTEINAS

Neste capitulo é apresentado o embasamento tedrico necessario para o
desenvolvimento do primeiro problema que foi estudado para essa pesquisa. Na primeira
secdo é discutido e definidos os conceitos acerca do efeito de mutagOes na estabilidade de
proteinas. Na segunda secdo, é descrito e apresentado como o efeito de mutacdes em

proteinas podem ser analisados através de ferramentas computacionais.

3.1. O EFEITO DE MUTACOES NA ESTABILIDADE DE PROTEINAS

Mutaces sdo mecanismos eficientes utilizados pela natureza para introduzir
diversidade em genomas, de modo a guiar a evolucdo. MutacGes que alteram a sequéncia
protéica e, portanto sua estrutura e funcdo, chamadas mutacdes missense, sdo de interesse
particular, dado seu papel em varios fendmenos biologicos relevantes. Esses fendmenos
incluem predisposicao a certos tipos de cancer [31,32], doencas hereditarias [33] e a
emergéncia de resisténcia a medicamentos [34,35]. Os dados de pesquisas acerca desses
fendmenos estdo se acumulando rapidamente e os avangos em tecnologias emergentes devem
ajudar a criar um ambiente de conhecimento favoravel a obtencdo de informacdes sobre
genotipo-fenétipo. No entanto, elucidar as relagdes entre gendtipo e fenotipo, continua sendo
um problema complexo e interessante [36].

A sequéncia de aminoacidos de uma proteina determina sua estrutura tridimensional,
funcao e estabilidade [37]. Entender e predizer o efeito de mutagoes na estrutura da proteina,
funcado e no fitness do organismo é um grande desafio na biologia. Seu entendimento pode
viabilizar prognoésticos chave para se esclarecer as relagdes entre gendtipo e fenotipo.

A estabilidade de uma proteina é medida pelo saldo liquido de energia que determina
se ela estd na conformacdo enovelada nativa ou em um estado desnaturado (desenovelado ou
estendido). O estado nativo enovelado das estruturas proteicas € estabilizado por varias
interacOes atomicas e de grupos, como hidrofébica, eletrostatica, ligacdo de hidrogénio, van
der Waals e dissulfeto. O estado desenovelado é dominado por energias livres entropicas e
ndo-entropicas. Dada a estrutura tri-dimensional aparentemente complicada de proteinas e o
rapido enovelamento espontaneo, é uma espécie de paradoxo observar que sua estabilidade
liquida seja tdo pequena, tipicamente de 5-10 kcal/mol [38].

A determinacdo da estabilidade de uma proteina é feita através de wvarios

experimentos, tais como, dicroismo circular do inglés, Circular Dichroism (CD), Differential
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Scanning Calorimetry (DSC), Absorvancia (Abs), Fluorescéncia (F1), Ressonancia Magnética
Nuclear, do inglés, Nuclear Magnetic Resonance (NMR), filtragem de gel, calorimetria
isotermal e espalhamento de luz. Dentre esses métodos, CD, DSC, Fl e Abs sdo os mais
utilizados para medir estabilidade [39].

A estabilidade de um estado nativo (N) é a mudanca de energia livre (G) da transicao

de enovelamento (D), que é dado por:

AGp .n = G(N) - G(D)

Onde, um estado nativo estavel corresponde a um valor negativo de AGp_n.
Muitas mutacdes irdo desestabilizar proteinas, aumentando a energia livre de Gibbs do estado
nativo G(N) e deixando a energia livre de Gibbs do estado desnaturado G(D) relativamente
inalterada. Isso torna G(N) — G(D) menos negativo, deslocando o equilibrio para longe do
estado nativo [37].

A relativamente baixa estabilidade de estados nativos de proteinas naturais é medido

quantitativamente por valores de
AG =AH —TAS

Onde, H se refere a entalpia, S a entropia e T a temperatura. Estabilidades proteicas
tipicas a 25 °C estdo em um intervalo de -4,8 a -14,3 kcal mol™* 7.,

Estudos com mutantes naturais e projetados mostram os efeitos que modificacGes na
sequéncia de aminoacidos podem causar na estabilidade de proteinas. Mutacdes diferentes,
em diferentes posi¢oes, variam em importancia. Uma pequena fracao de residuos parece ser
absolutamente essencial para a estabilidade, sendo resistentes a substitui¢cao. Outros, dao
contribuicdes significativas para a estabilidade. Nesses casos, a substituicdo diminui, mas
nao destréi completamente a estabilidade [37]. O efeito de uma mutacdo na estabilidade da
proteina é dada através da diferenca entre 0 AG do mutante e o AG da proteina selvagem,

ou seja:

AAG = AGp_n(selvagem) — AGp_, n(mutante)

Onde, valores negativos de AAG implicam que o mutante desestabilizou a estrutura.
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Como a maioria das mutacOes afeta a estabilidade e ndo a funcao [40], os niveis ou
fitness das proteinas podem ser correlacionadas com os efeitos de estabilidade de mutacoes
por um modelo de limiar simples, representado por uma sigmoide [41]. O fitness da proteina
permanece inalterado enquanto a estabilidade permanecer acima de uma certo limiar (AGt),
como pode ser visto na Figural. No entanto, a medida que mais mutacbes vao se

acumulando, o AG vai ficando menor que o AGy e, portanto, a estabilidade diminui.

AGr ) AGH

I—ll
| I
1

Increase AAG threshold
( Threshold robustness)

Protein fithness

Stability change due to
mutations (AA G)

Figura 1. Modelo de limiar de robustez proposto por [42]. A natureza da sigmoidal indica
que o fitness permanece praticamente inalterado desde que a estabilidade da proteina (AG)
permaneca acima de um certo limiar (AG¢; linha azul). Aumentar o limiar de estabilidade
resulta em maior tolerancia a mutagoes ou a neutralidade (linha vermelha) (Adaptado de

[42]).

3.2. ANALISE COMPUTACIONAL DO EFEITO DE MUTACOES EM PROTEINAS

Elucidar experimentalmente os efeitos biofisicos de mutacoes é uma tarefa cara e
demorada, usualmente limitada a um numero pequeno de variantes com ensaios favoraveis.
Com o passar dos anos, o acimulo de informacdes caracterizadas experimentalmente
permitiu o desenvolvimento e melhoria de ferramentas computacionais para andlise de

mutacdes. Essas ferramentas computacionais tém se mostrado indispensaveis para decifrar
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correlagdes genotipo-fenotipo no cancer [43], doencgas hereditarias [33] e deteccdo de
resisténcia antimicrobiana [44], ajudando a guiar decisdes clinicas e pesquisas futuras. Sendo
assim, essa secdo ira apresentar, de forma geral, uma plataforma de ferramentas, que é
altamente aceita e utilizada pela comunidade cientifica para analise e predicdo de efeitos de
mutagoes. Duas revisdes acerca da plataforma foram publicadas como capitulo de livro e sdo
intitulados “A Comprehensive Computational Platform to Guide Drug Development Using
Graph-Based Signature Methods” e “A Comprehensive Computational Platform to Guide
Drug Development Using Graph-Based Signature Methods”, ambos publicados no Methods
in Molecular Biology [45,46]. Os capitulos sdao anexados na integra apos a breve discussao
que ¢ feita a seguir.

A plataforma mutation Cutoff Scanning Matrix (mCSM) [47] é uma extensa colecdo
de ferramentas in silico para predizer quantitativamente os efeitos de muta¢ées missense no
enovelamento, estrutura, dinamica e interacdes em proteinas. Esta plataforma inclui
ferramentas que lidam com mudancgas na estabilidade proteica (mCSM-Stability, SDM e
DUET), dinamica e flexibilidade (DynaMut), iteracdes de proteinas com outras proteinas
(mCSM-PPI e mCSM-PPI2), acidos nucleicos (mCSM-DNA e mCSM-NA) e, ligantes e
pequenas moléculas (mCSM-lig e CSM-lig). Um resumo desses métodos, bem como os links

de acesso a cada um é mostrado na Tabela 1.

Tabela 1 : Ferramentas computacionais disponiveis na plataforma mCSM. (Adaptado e

atualizado de [46]).

mCSM Tool Funcao URL

mCSM-Lig [48] Prevé os efeitos de mutacdes de ponto http://biosig.unimelb.edu
unico na estabilidade de um complexo .au/mesm lig/

proteina-ligante.

mCSM-Stability Prevé os efeitos de uma mutacdo na | http://biosig.unimelb.edu

[47] estabilidade geral da proteina. .au/mesm/stability

DUET [49] Usa o mCSM-stability e o SDM2 para http://biosig.unimelb.edu

criar um consenso de predicdo sobre os | .au/duet/

efeitos de uma mutacao na estabilidade
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da proteina.

DynaMut [50]

Prevé os efeitos de uma mutacao na
estabilidade, flexibilidade e dindmica

proteica.

http://biosig.unimelb.edu

.au/dynamut/

mCSM-PPI [47]

Prevé os efeitos de uma mutacdo dentro
de uma proteina especifica sobre seus
com as

impactos interagoes

proteina-proteina no geral.

http://biosig.unimelb.edu

.au/mcsm/protein _protei

n

mCSM-PPI2 [51]

Cria uma predicdo similar ao PPI, mas
incorpora os efeitos de mutacoes em
redes de interacOes inter-residuos nao
covalentes usando kernels de grafos,
informacdo evolucionaria, métricas de

redes complexas e termos energéticos.

http://biosig.unimelb.edu

.au/mcsm_ppi2/

mCSM-DNA [47]

Prevé o impacto de mutagOes na

interacdo de proteinas com DNA.

http://biosig.unimelb.edu

.au/mcsm/protein dna

mCSM-NA [52]

Prevé o impacto de mutagoes na

interacdo de proteinas com 4cidos

nucleicos e wusa farmacoforos e

informacdo sobre propriedades dos

acidos nucleicos.

http://biosig.unimelb.edu

.au/mesm_na/

mCSM-AB [53]

Predicdo quantitativa dos efeitos de
mutacdes missense na afinidade de
ligacdo anticorpo-antigeno para guiar a

engenharia racional de anticorpos.

http://biosig.unimelb.edu

.au/mcsm ab/

mCSM-AB?2 [54]

Predicbes otimizadas dos efeitos de

mutacoes na afinidade de ligacdo

anticorpo-antigeno.

http://biosig.unimelb.edu

.au/mcsm_ab2/
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mmCSM-NA [55]

Prediz o efeito de multiplas mutagdes na

http://biosig.unimelb.edu

afinidade de ligacdo proteina-acido |.au/mmcsm na/
nucleico
cardioToxCSM Prediz seis tipos de resultados de | https:/biosig.lab.ug.edu.
[56] toxicidade cardiaca. au/cardiotoxcsm

GRaSP-web [57]

Prevé residuos do sitio de ligacdo do

ligante putativo.

https://grasp.ufv.br

GASS-Metal [58]

Predicdo do sitio de ligacdo ao metal da

proteina

https://gassmetal.unifei.e

du.br/

cropCSM [59]

Plataforma computacional para ajudar a
identificar herbicidas novos, potentes,

ndo toxicos e ambientalmente seguros.

http://biosig.unimelb.edu

.au/crop _csm

CSM-carbohydrate
[60]

Prevé a afinidade de ligacdo de

complexos proteina-carboidratos.

http://biosig.unimelb.edu

.au/csm_carbohydrate/

epitope3D [61]

Predicdo de epitopo de célula B

conformacional

http://biosig.unimelb.edu

.au/epitope3D

Essas ferramentas foram desenvolvidas utilizando o conceito de assinaturas baseadas

em grafos [62], o qual representa a geometria e propriedades fisico-quimicas do ambiente

estrutural de uma proteina selvagem como uma rede ou grafo. Essa representacdo é composta

de uma série de nés, que descrevem o ambiente da mutacao local, e arestas, que descrevem as

distancias entre camadas de interacao entre os residuos. A informacdo da mutagdo é

capturada utilizando a mudanga de farmacéforos entre o residuo selvagem e o mutante,

incluindo se doadores/aceptores de hidrogénio foram ganhos ou perdidos. Entdo, o conceito

de assinaturas baseada em grafos pode ser definido, sem perda de generalidade, como um

conjunto de caracteristicas estruturais que, evidentemente, identifica objetos similares (por

exemplo, mutacoes com efeitos semelhantes) que sdo, entdo, utilizadas como evidéncia para

treinar e testar modelos preditivos.
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A plataforma permite previsdes biofisicas precisas, que, quando complementadas com
outras ferramentas analiticas proteicas, podem prover uma visdo detalhada do efeito
especifico de uma mutacdo em uma proteina. As ferramentas sdo implementadas em um
pipeline analitico e preditivo, utilizando aprendizado de maquina supervisionado, para
permitir a facil e rapida caracterizagdo de novas mutacoes e seus provaveis fenétipos clinicos.
A Figura 2 ilustra, de forma geral, o funcionamento do pipeline utilizado pelas ferramentas da
plataforma. O processo se inicia com a coleta e curadoria dos dados, depois sdo feitas as
predicoes in silico que dardo suporte para o estudo das consequéncias moleculares das
mutacoes. Em seguida, as predicdes sdao correlacionadas com os dados bioldgicos
utilizando-se abordagens de aprendizado de maquina, que inclui: validagdo de modelos,
avaliacdo de métricas, teste cego, andlise de performance, entre outras tarefas. Por fim é feita

a aplicacao e extrapolacao do modelo.

A Data collection and curation
Mutations linked to ! protein ‘Obtain protein structural Does if affect inter-residue
phenotypes variation functions and interactions information interactions?
COSMIC, ClinVar; OMIM, gnomAD, UK P RCSE PDB, PyMOL, Does if affect inter-residue
dbSNE, HGMD Biobank, DiscovEHR STRING, thiprot, XEGG Modetier interactions?
B in silica predictions
Does it affect stability and Does the protein interact Does the protein interact Does the protein interact Does the protein interact Does if affect inter-residue Is there limited
dynamics? with other proteins? with nucleic acids? with small molecules? with metal ions? interactions? structural information ?
[ ¥y
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Bl i \r""‘,
S iy l
SR 9%
ar &
i rh "
&r B
L - 2
mCSM-Stahility, DUET, Pharmacophare, MTR,
- B CSM-PPI2 CSM-NA CSM-1i CSM-metal cggi ¥ y :
Dynamui m m m ‘e " meta Arpeggio SIFT, Conservation
c Understand molecular consequences of mutations
Clearly damaging Protomer stability andior  Protein-protein  Protein-nucleic Protein-small Metal
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mild effects B
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Learning o 7 o & Validation
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Mo Bapes Boos, Logistis Resmession »> k-fold, stratified, bootstrap  non-redundant, representative » A et L
Evaluation . ‘ Pearson, Spearman, Evaluation Standard deviation Performance compatibility Idenlify systematic errors to
Metrics MCC, AUC, Fl-meamme Kendall, RMSE Approach between folds between train and test inform model optimization
E Model Application & Extrapolation
Model Interrogation Interpret Novel Variants Clinical Translation

Figura 2: Visdo geral do mecanismo de caracterizacdo de mutacGes para entender suas
consequéncias biologicas e guiar o desenvolvimento de ferramentas para predizer os

resultados fenotipicos. Fonte: [46].


https://sciwheel.com/work/citation?ids=13687931&pre=&suf=&sa=0

28

Foi demonstrado que essa abordagem tem grandes implicacdes no diagnoéstico e na
medicina personalizada na era pos-genémica [62—64]. Entretanto, ferramentas que lidam com
os efeitos de mutacOes em proteinas baseadas em sequéncia ainda ndo estdao disponiveis.
Porém, para que ferramentas computacionais possam avangar nessa area, havia uma
necessidade urgente de dados curados e atualizados.

Até o ano de 2020 o estado da arte em dados termodinamicos de proteinas era a base
de dados ProTherm [18], responsavel pelos dados de treino de inimeras ferramentas de
predicdao, incluindo algumas das citadas na Tabela 1. No entanto, naquele momento,
percebeu-se que o ProTherm ndo vinha mais sendo atualizado por 6 anos. Além disso, muitos
dados depositados possuiam erros e algumas medidas estavam sem padronizacdo. Sendo
assim, a necessidade de curadoria dos dados e de se adquirir medi¢cGes mais recentes se
tornava bastante evidente. Para além da curadoria e aquisicdo de novos dados, uma
abordagem que permitisse a continua atualizacdo e verificacdo dos dados também se fazia
necessaria. Dessa forma, o ThermoMutDB foi idealizado para ser uma nova base de dados

termodinamicos para muta¢des missense.


https://sciwheel.com/work/citation?ids=12575254,13685973,3786806&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0
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Abstract

High-throughput computational techniques have become invaluable tools to help increase the overall
success, process efficiency, and associated costs of drug development. By designing ligands tailored to
specific protein structures in a disease of interest, an understanding of molecular interactions and ways to
optimize them can be achieved prior to chemical synthesis. This understanding can help direct crucial
chemical and biological experiments by maximizing available resources on higher quality leads. Moreover,
predicting molecular binding affinity within specific biological contexts, as well as ligand pharmacokinetics
and toxicities, can aid in filtering out redundant leads early on within the process. We describe a set of
computational tools which can aid in drug discovery at different stages, from hit identification (EasyVS) to
lead optimization and candidate selection (CSM-lig, mCSM-lig, Arpeggio, pkCSM). Incorporating these
tools along the drug development process can help ensure that candidate leads are chemically and biologi-
cally feasible to become successful and tractable drugs.

Key words Graph-based signatures, mCSM, Mutation, Protein-ligand, Interatomic interactions,
Docking, Drug development

1 Introduction

Structure-guided drug development uses knowledge of the three-
dimensional structure of the biological target to more efficiently
guide the design of small molecule binders. While it has become an
integral strategy for both lead generation and optimization, the
application of computational tools to take advantage of the explo-
sion in structural information has often required specialist knowl-
edge and resources and in some cases has been limited to
commercial software.

Zoltan Gaspari (ed.), Structural Bioinformatics: Methods and Protocols, Methods in Molecular Biology, vol. 2112,
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Using the concept of graph-based signatures, we have devel-
oped a robust, user-friendly, and freely accessible platform to ana-
lyze protein structures and interactions [1-12] and guide disease
characterization [13-28] and drug development [29-32]. These
include methods to perform virtual screening (EasyVS), score
protein-small molecule docking solutions (CSM-lig [3]), look at
all the molecular interactions being made (Arpeggio [7]), identify
mutations that are likely to affect compound binding (mCSM-lig
[5]), and characterize the pharmacokinetic and toxicity properties
of the proposed molecules (pkCSM [33, 34]). These have been
successfully employed in a number of drug development projects
[30-32, 35-37] and together comprise a powerful platform that
allows users to enhance their structure-guided drug development
efforts (Fig. 1). Here we discuss how this platform can be leveraged
to guide drug development.

2 Materials

Here we present four structure-based tools to help guide drug
development. For each method, users are required to provide:

1. Wild-type protein structure in PDB format: For all methods,
a wild-type structure in the Protein Data Bank [38] format
must be provided to perform the analysis. This can be an
experimentally solved structure previously deposited into the
Protein Data Bank (www.rcsb.org or http: //www.ebi.ac.uk/
pdbe/) or a model, for instance, obtained by comparative
homology modeling. We have previously shown that homol-
ogy models built using templates down to 25% sequence iden-
tity do not significantly affect the accuracy of the methods
[9, 10]. For Arpeggio, CSM-lig, and mCSM-lig, the protein
structure file needs to include the ligand of interest, either
already present in the experimental structure or computation-
ally docked into the binding site. PDB structures are required
to have a valid chain identifier (se¢ Note 1), a single conforma-
tion (multiple occupancies need to be filtered out; see Note 2),
and a single model, in case of NMR structures (see Note 3).

2. Three-letter code of the ligand of interest: When a structure
of a protein-ligand complex is provided to the predictive web
servers (CSM-lig and mCSM-lig), users will be asked to pro-
vide a three-letter code that identifies the residue ID for that
ligand within the PDB file, according to the PDB format
standards. In addition to the three-letter code, CSM-lig also
requires the canonical SMILES of the compound of interest for
additional property calculations. Several tools are available to
aid users to convert between small molecule formats. These
include stand-alone packages such as OpenBabel [39] and
Avogadro [40].


http://www.rcsb.org
http://www.ebi.ac.uk/pdbe/
http://www.ebi.ac.uk/pdbe/

Known protein target

HTS Virtual screening

.A-?t-\/ |
G o

Large compound

libraries

Binding affinity

/?;M-ﬁg Arpeggio mCSM-lig

Pharmacokinetics optimization

Fig. 1 A structure-based computational platform to guide drug development. To complement and support
traditional experimental approaches, including high-throughput screening (HTS) and fragment-based drug
discovery, this in silico platform supports hit identification via virtual screening, methods to better understand
protein—small molecule interactions, affinity and effects of mutations, as well as the optimization of
pharmacokinetic properties
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3 Methods

3.1 Performing
Automated Docking
with EasyVS

3.2 Predicting
Protein-Small
Molecule Affinity
with CSM-lig

1. Virtual screening is a powerful, high-throughput technique for

computationally screening large libraries of small molecules
(often in the order of millions) in order to identify those
ligands which are most likely to bind to a drug target protein.
When compared to traditional screening methods, this leads to
significantly higher hit rates that can proceed to lead optimiza-
tion [41, 42]. It can, however, be computationally intensive
and usually requires specialist knowledge. EasyVS provides an
easy-to-use web interface at http://biosig.unimelb.edu.au/
casyvs/, allowing users to rapidly set up and analyze their
virtual screening results.

. Users can upload the structure of the protein target of interest

as either a PDB file or by providing the PDB ID of a previously
solved experimental structure. Any ligands, ions, or water
molecules already bound to the provided structure will be
disregarded.

. On the following step, the provided PDB file or identifier will

be processed, and pockets will be automatically detected using
Ghecom [43] (Fig. 2a-1). Users can either select one of the
identified pockets to determine the docking grid (the three-
dimensional space where the ligands will be docked into) or
provide specific grid coordinates and size (Fig. 2a-2).

. Users then need to select the ligand library they want to screen,

which includes libraries of purchasable compounds, natural
products, or FDA-approved drugs (Fig. 2b). These can be
further filtered based upon their molecular properties (e.g.,
Lipinski’s rule of five [44] or the rule of three) or grouped by
similarity.

. The selected molecules will then be docked into the selected

docking grid (Fig. 2¢-1), and the top 20 poses per ligand can be
downloaded. The server also provides an interactive visualiza-
tion tool to compare ligand docking poses (Fig. 2¢-2). The
example on this figure shows the docking poses for ligands
docked to the Ribosome-Inactivating Protein Ricin A (PDB
ID: 1BR5). While poses are sorted by predicted affinity (kcal/
mol) using autodock’s scoring function, users can evaluate

docking poses with alternative approaches, such as
CSM-lig [3].

. Following virtual screening or docking, the affinity of the top

docked ligand poses can be quantified using CSM-lig. This is a
machine learning-based tool which acts as a scoring function
and enables the numerical affinity comparison between poses.
It is implemented via an easy-to-use web interface at http://
biosig.unimelb.edu.au/csm_lig, which is compatible with
most operating systems and browsers.


http://biosig.unimelb.edu.au/easyvs
http://biosig.unimelb.edu.au/easyvs
http://biosig.unimelb.edu.au/csm_lig
http://biosig.unimelb.edu.au/csm_lig
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Fig. 2 Automated docking with EasyVS. After choosing a target of interest, EasyVS will automatically identify
pockets (a-1) and allow user to further customize the docking protocol (a-2). A range of ligand libraries can be
selected for docking (b), including FDA-approved drugs, purchasable compounds, and natural products, which
can be further filtered based on physicochemical properties. Docking results are shown in tabular format (c-1),
depicting ligands, their properties, and docking scores. An interactive viewer allows users to inspect the best
poses for each ligand (c-2)
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2. By selecting the “Predict” tab, users are presented with two job

options, “Single Structure” and “Multiple Structures.”

. For “Single Structure” prediction, provide (Fig. 3a-1) the

protein-small molecule complex you would like to evaluate
the pose of in PDB format (Fig. 3a-2), the three-letter code
for the small molecule (as in the provided PDB file) and
(Fig. 3a-3) and the SMILES string of the small molecule.

. Alternatively, for “Multiple Structures,” provide two files. The

first file (Fig. 3a-4) is a compressed zip file with all protein-small
molecule PDB files you would like to evaluate. These could be,
for instance, different poses or conformations for a given
protein-ligand complex or multiple different complexes. The
second (Fig. 3a-5) is a tab-separated file with the following
information for each uploaded complex in the .zip file:
(a) structure file name (file in PDB format), (b) three-letter
code for the small molecule (as in the structure file), and
(¢) canonical SMILES for the small molecule.

. The output prediction page for the “Single Structure” jobs

depicted in Fig. 1b presents (Fig. 3b-1) the predicted affinity
(as —logio(affinity) in molar, meaning a compound with an
affinity predicted as 1 nM would have a predicted value of 9).
The example presented in the figure and the web server shows
the affinity prediction for the ligand Zanamivir bound to
human sialidase-2 (PDB ID: 2F0Z). For this complex,
CSM-lig generates a score of 12.6, denoting very high affinity
(larger numbers denote higher affinity). A depiction figure of
the small molecule is shown, together with calculated proper-
ties, including molecular weight (in Da) and partition coeffi-
cient (log P), among others (Fig. 3b-2). An interactive
visualization of the protein-small molecule complex is also
exhibited (Fig. 3b-3). The interatomic non-covalent interac-
tions between protein and small molecule are also calculated
and are available as a downloadable Pymol [45] session
(Fig. 3b-4). Pharmacokinetics and toxicity predictions by
pkCSM for the provided small molecule are also available by
clicking on the red button at the bottom-left corner of the
results page.

. The output for “Multiple Structures” jobs are shown in tabular

format (Fig. 3c-1), depicting predicted affinity values, SMILES
identitying the molecules and their calculated molecular prop-

erties. These results are available as a tabular file and can be
downloaded (Fig. 3¢-2).
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Fig. 3 CSM-lig submission and results web interface. The submission page (a) allows users to provide either
single or multiple protein-ligand complexes for evaluation. The results page for single complex/pose
assessment (b) provides the calculated affinity, ligand properties and depiction, as well as an interactive
visualization of the complex. For multiple poses, CSM-lig provides the predicted affinities in a downloadable
tabular format, together with ligand properties (c)
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3.3 Depicting

and Analyzing Protein-
Small Molecule
Interactions

with Arpeggio

3.4 Predicting

the Effects

of Mutations on Small
Molecule Affinity

with mCSM-lig

1.

Once a structure of the target protein with the candidate
molecule is available, either through experimental determina-
tion or docking or other alternative approach (for instance,
those combining blind docking with molecular dynamics like
the Wrap ‘n’ Shake method [46]), Arpeggio enables the visual-
ization of intermolecular interactions occurring between the
lead and its target. During lead optimization, Arpeggio can
therefore be used to understand the mechanism of binding
and guide medicinal chemistry efforts.

. Arpeggio is freely available as a user-friendly web interface and

is compatible with multiple operating systems and browsers.
Open up the prediction server, http: //biosig.unimelb.edu.au/
arpeggioweb/, on a web browser of your preference.

. Provide the complexed protein structure of interest by either

uploading it as a PDB file or providing the PDB ID of the
experimentally solved structure in complex with the ligand of
interest (Fig. 4a-1).

. Select the ligand or ligands of interest under the “Heteroatom”

selection heading to calculate all molecular interactions being
made by that ligand (Fig. 4b-1; sec Note 4).

. The results page will show an interactive image of all the

molecular interactions made by the ligand(s) selected
(Fig. 5a) and a table with a count of the total number of specific
molecular interactions being made, including hydrophobic
interactions, hydrogen bonds, pi-interactions, and ionic inter-
actions (Fig. 4c).

. A Pymol session file (PSE file) containing the submitted PDB

file and all of the calculated interactions can be downloaded and
opened in Pymol to enable visualization of the interaction
network in 3D and to facilitate high-quality image generation
for manuscripts (Fig. 5b).

. During lead optimization, it is important to consider how

genetic diversity might affect the binding of candidate mole-
cules and, in particular, if resistance is likely to arise. mCSM-lig
uses graph-based signatures to calculate the change upon
mutation in small molecule binding affinity. In order to run a
prediction, open up the mCSM-lig server at http://biosig.
unimelb.edu.au/mesm_lig/ on a web browser of your prefer-
ence (the web server is compatible with the most common
operating systems and browsers).

. Users are required to provide the protein structure in complex

with the ligand of interest by either uploading a PDB file or
supplying a valid four-letter code PDB accession code of a
deposited experimental structure (Fig. 6a-1). Users also need
to provide the mutation information, the mutation chain, the


http://biosig.unimelb.edu.au/arpeggioweb/
http://biosig.unimelb.edu.au/arpeggioweb/
http://biosig.unimelb.edu.au/mcsm_lig/
http://biosig.unimelb.edu.au/mcsm_lig/
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Fig. 4 Arpeggio submission and results web interface. (a) The submission page allows users to either provide
their own PDB file or an accession code of a deposited experimental structure of the protein of interest. By
selecting the molecule of interest (b), all molecular interactions will be calculated and displayed (c)
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Fig. 5 Molecular interaction visualization using Arpeggio. The molecular interactions calculated by Arpeggio
can be visualized either online (a) or by downloading the PSE file for visualization in Pymol (b)

three-letter code of the ligand of interest in the PDB file, and
the approximate binding affinity (in nM) (Fig. 6a-2). If the
binding affinity is not available, this can be approximated using
CSM-lig. The mCSM-lig values do not vary significantly across
most biologically relevant binding affinities.

. After processing, the results page is shown (Fig. 6b-1), which

includes information about the mutation and the predicted
effects on the ligand binding affinity. An interactive molecular
visualization is shown, allowing users to inspect the wild-type
residue environment (Fig. 6b-2).

. Predicted effects are outputted as the log fold change in bind-

ing affinity, in which negative values denote destabilizing muta-
tions and positive values, stabilizing ones. The example shown
in Fig. 6 and the web server depicts the prediction for a muta-
tion on the HIV-1 protease bound to an inhibitor. Mutation
from Aspartic Acid to Asparagine on residue position 30 is
predicted to considerably reduce protein-ligand affinity. While
users should interpret the values in the context of the protein
system being studied, for competitive binding inhibitors, it is
often important to consider the relative effect of a mutation on
not only inhibitor binding but also the competitive ligand. This
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A e Step 1: Please provide a wild-type protein-ligand complex (PDB format)

@ ¥ Drescripbon
" . |
Iy o 2 » [0
.-%/-1 ' ¥ =
“" .= F Upload your own structure: Provide a 4-letter PDB code:
e St

: OR
Choose file | No file chosen (Ex.: 2Z40)

Step 2: Please provide mutation and ligand information

Description

Disclaimer

Single mutation

Mutation (Ex.: D30N) Mutation chain (Ex.: A)

3-letter ligand ID (Ex.: 065 ) Wild-type affinity (nM) (Ex.: 0.270)

B Predicted Affinity Change: @
-2.056 log(affinity fold change) -

Destabilizing

Mutation information:

Wild-type: D

Position: 30

Mutant-type: N

Chain: A

Ligand ID: 065

Distance o ligand: 2.814 A

DUET stability change: -0.087 Kcalimol

Warning

Fig. 6 mCSM-lig submission and results web interface. To predict the effects of a mutation on protein-ligand
affinity, users need to provide a protein-ligand structure of interest (a-1) as well as mutation and ligand
information (a-2). Once the calculations have finished, the results page will show the predicted change in
ligand binding affinity (b-1) as well as an interactive visualization of the mutated residue within its molecular
environment (b-2)

can be done by submitting a structure of the protein containing
the ligand. Resistance mutations are more likely to affect, or
have a larger effect, on inhibitor binding affinity than the
natural ligand. This has been used to successfully preemptively
guide detection of likely resistance variants [29-31, 47-53].
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4 Notes

1. The chain ID for the provided PDB file is a mandatory field for
CSM-Lig and mCSM-Lig, and blank characters are not
allowed. It is possible that homology modeling tools might
not automatically add a chain ID. If this is the case, the user will
need to modify the PDB file prior to submission to the servers.
There are several tools available to perform this task.

2. Another source of error comes from multiple occupancies,
common in high-resolution experimental X-ray crystal struc-
tures. Multiple occupancies should first be filtered out, with the
highest occupancy conformation normally selected.

3. NMR experimental structures often contain multiple models.
It is an important practice to filter NMR structures, selecting a
single model. The predictive tool will show a warning message
in case multiple models are identified.

4. Arpeggio will sometimes fail if the PDB file contains an element
with upper and lower case letters (e.g., Fe as opposed to FE).
These can be altered using a text editor.
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Abstract

Mutations in protein-coding regions can lead to large biological changes and are associated with genetic
conditions, including cancers and Mendelian diseases, as well as drug resistance. Although whole genome
and exome sequencing help to elucidate potential genotype—phenotype correlations, there is a large gap
between the identification of new variants and deciphering their molecular consequences. A comprehensive
understanding of these mechanistic consequences is crucial to better understand and treat diseases in a more
personalized and effective way. This is particularly relevant considering estimates that over 80% of mutations
associated with a disease are incorrectly assumed to be causative. A thorough analysis of potential effects of
mutations is required to correctly identity the molecular mechanisms of disease and enable the distinction
between disease-causing and non—disease-causing variation within a gene. Here we present an overview of
our integrative mutation analysis platform, which focuses on refining the current genotype—phenotype
correlation methods by using the wealth of protein structural information.

Key words Genotype—phenotype correlations, Graph-based signatures, mCSM, Mutation, Protein
structure, Protein interactions

1 Introduction

Proteins are versatile molecules, responsible for orchestrating a
wide range of biological processes. They comprise a single polypep-
tide chain of amino acids, which folds in 3D space into dynamic
structures. How a protein folds is important for determining its
functions, including activities and interactions with other mole-
cules. These structures are highly coordinated and conserved across
evolution, and small perturbations in the amino acid sequence can
disrupt these shapes, functions, and interactions [1, 2]. While
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missense mutations, causing a change to a single amino acid, are
generally less structurally disruptive than nonsense mutations, their
effects are highly variable and can be wide-ranging, making their
molecular consequences harder to determine. Despite their subtle
effects, missense substitutions are related with many different
genetic conditions, including cancer, Mendelian diseases, and the
emergence of drug resistance.

The introduction of a missense mutation can have many molec-
ular effects, including altering how the protein folds, its dynamics,
posttranslational modifications, half-life, localization, activity, and
molecular interactions [3]. When analyzing a new mutation, an
integrative approach is therefore important to consider the effects
it might have on all of these aspects. This enables the identification
of specific functional, and structural changes imparted by the muta-
tions, which is essential for a molecular understanding. It can also
explain why mutations in the same protein might lead to different
diseases, why mutations might cluster in 3D space and how those
genetic changes present phenotypically.

Although many assume that an unfavorable phenotype (e.g.,
pathogenic, drug-resistant) is the result of large, overall destabiliz-
ing mutations, mutations with milder effects are often more preva-
lent in a population, as they are generally under less selective
pressure [4, 5]. For example, by assessing mutations in three differ-
ent tuberculosis proteins that lead to resistance, we have shown that
the most frequent resistant mutations were more likely to be asso-
ciated with overall mild functional effects, and associated reduced
fitness cost, allowing for increased prevalence within the bacterial
population [4].

Experimentally elucidating the biophysical effects of mutations
is an expensive and time-consuming task, usually limited to a few
variants in proteins with amenable assays. Over the years, the accu-
mulation of information of experimentally characterized mutations
has enabled the development and improvement of computational
mutational analysis tools [6]. These computational platforms have
shown to be invaluable assets to decipher genotype—phenotype
correlations in cancer [7-19], Mendelian diseases [20-26], and
detection of antimicrobial resistance [4, 15, 27-35], guiding clini-
cal decisions and driving further research. Here, we introduce a
general computational pipeline that uses in silico biophysical pre-
dictions and machine learning approaches to harness the wealth of
available biological and protein structural information and give
insights into genotype—phenotype correlation for clinical use [10].

The mutation cutoff scanning matrix (mCSM) platform is the
only comprehensive collection of in silico tools for quantitatively
predicting the effects of missense mutations on protein folding,
structure, dynamics, and interactions. It includes tools which cal-
culate all possible molecular interactions (Arpeggio [36]), account
for changes in protein stability (mCSM-Stability [37], SDM [38],
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DUET [39], mCSM-membrane [40], dynamics (DynaMut [41]),
protein interactions with other proteins (mCSM-PPI [37], mCSM-
PPI2 [42], mCSM-AB [43], nCSM-AB2 [44 ], mmCSM-AB [45],
nucleic acids (mCSM-DNA [37], mCSM-NA [46]), and small
molecule ligands (mCSM-lig [47 ], CSM-lig [48]).

These tools were built using the concept of graph-based sig-
natures [49, 50], which represent the geometry and physicochemi-
cal properties of the wild-type protein structure environment as a
network or graph, composed of a series of nodes, describing the
local mutation environment, and edges, describing the distances
between interacting “layers” of surrounding residues. Information
on the mutation is captured using the pharmacophore change
between the wild-type and the mutant residue, including whether
charges or hydrogen donors/acceptors have been gained or
lost [37].

This platform allows for accurate biophysical predictions,
which, when complemented with other protein analytical tools,
can provide a detailed landscape on the specific mutational effects
on a protein. We have implemented these within an analytical and
supervised machine learning predictive pipeline (Fig. 1), to enable
easy and fast characterization of novel mutations and their likely
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Fig. 1 An overview of the mechanistic characterization of mutations and their biological consequences, to
guide the development of tools to predict phenotypic outcomes
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clinical phenotypes. This approach has been shown to have big
implications in diagnostic and personalized medicine in the post-
genomic era.

2 Materials

2.1 Data Curation

2.1.1  Mutation Curation

2.1.2  Protein Structure
Curation

2.2 An Overview

of Computational Tools
to Analyze Missense
Mutations

The foremost requirement for training a machine learning model is
appropriate high-quality experimental /clinical data, with suitable
representation of the classes under comparison. For human disease,
a wealth of freely accessible collections of curated data exist. Previ-
ously reported mutations through publications and functional
studies are available from dbSNP [51], the largest freely available
repository of genetic variation. Variants with evidence of pathoge-
nicity can be viewed from the Human Gene Mutation Database
(HGMD) [52] and ClinVar [53], and from disease-specific datasets
such as the Catalogue of Somatic Mutations in Cancer (COSMIC).
Standing variation is available from genomic sequencing efforts of
healthy populations, including over 140,000 healthy humans in
gnomAD [54] and 50,000 whole exomes currently available in
UK Biobank [55].

When combining data from multiple sources, it is important
that all datapoints are comparable. If using genetic coordinates,
they should be found on the same assembly of the genome (e.g.,
GRCh38 vs GRCh37). The mutations themselves (whether
reported as genetic or amino acid changes) must be reported on
the same transcript, as most genes have multiple reported coding
sequences.

The sequence and functional information for a specific protein can
be obtained from Uniprot (https://www.uniprot.org/) [56]. To
run the mCSM tools we need crystallographic structures, which can
be downloaded from the Protein Data Bank (PDB;http:/www.
resb.org/) [57] or generated via homology modeling or molecular
docking (to run mCSM-PPI; mCSM-Lig, or mCSM-NA). Once
we have the variant information collected from the resources in
Subheading 2.1.1, we map these variants on to the identified
protein structures to help visualize the spread and identify potential
hotspots, which is easily done using visualization software such as
PyMol, as it enables selection of residues being mutated in a 3D
manner.

Over the past two decades there has been an unprecedented growth
in both computational power and the amount of biological data
available. This has facilitated the development of numerous
sequence (Table 1) and structural (Table 2) based computational
tools to guide mutation characterization.


https://www.uniprot.org/
http://www.rcsb.org/
http://www.rcsb.org/
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Genotype-Phenotype Correlations via Integrative Mutation Analysis 5

Available sequence-based predictive tools for mutation analysis

Protein stability and dynamics

Method Corr.?
I-Mutant 2.0 0.62
Auto-Mute 0.64*
MUpro 0.75
DynaMine 0.63
DDGun 0.49
INPS-MD /3D 0.58
iStable 0.56"
iPTREEE - STAB 0.70
ProMaya 0.79

*Pearson’s correlation
"MCC

Table 2

Available structure-based predictive tools for mutation analysis

Protein stability and

Protein—protein

Protein—nucleic acid

Protein—small molecule

dynamics affinity affinity affinity

Method Corr.?  Method Corr.” Method Corr.®  Method Corr.?
mCSM-Stability  0.69 mCSM-PPI  0.16 mCSM-NA 0.70 mCSM-lig 0.63
DUET 0.68 mCSM-PPI2 0.42

DynaMut 0.70 BeAtMuSiC  0.28

SDM2 0.61 MutaBind 0.41

STRUM 0.79 FoldX 0.12

PopMusSiC 2.1 0.63 MMPBSA 0.19

CUPSAT 0.78

Eris 0.75

INPS-MD/3D  0.72

*Pearson’s correlation when evaluated on blind-test sets derived from the ProTherm database

"Kendall rank correlation coefficient on 1007 single-point mutations from CAPRI (T55)

“Pearson’s correlation on 331 single-point mutations from 38 protein—nucleic acid complexes

9Pearson’s correlation on 763 single-point mutations from 200 protein-ligand complexes

The mCSM platform is the only available approach to consider
all possible molecular effects and has therefore formed the central
component of our mutational analysis pipeline. All mCSM
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Platform tools are available freely as websites compatible with most
web-browsers, but Google Chrome is recommended. A summary
of these methods and links to access them is described in Table 3.

Table 3
Computational tools available in the mCSM platform

mGCSM tool Type Function
Arpeggio®  Protein Calculates 13 different types of interactions between atoms including
interaction  hydrogen bonds, halogen bonds, carbonyl interactions, and others.

MTR- Missense A measure of a gene’s regional tolerance to missense variation.
Viewer” tolerance

mCSM- Stability Predict the effects of a mutation on the overall protein stability
Stability®

SDM2¢ Stability Predicts the change in protein stability due to a single mutation using

conformationally constrained environment-dependent amino acid
substitution tables.

DUET® Stability Uses mCSM-Stability and SDM2 in order to create a consensus prediction
the effects of a mutation on protein stability
DynaMut'  Flexibility Looks to predict the effects of a mutation on protein stability, flexibility, and
dynamics
mCSM- Protein Predicts the effects of a mutation within a specified protein on its impact
PPI® interaction  with overall protein—protein interactions.
mCSM- Protein Creates a similar prediction to PPI but incorporates the effects of mutations
pPI2" interaction  on interresidue noncovalent interaction network using graph kernels,

evolutionary information, complex network metrics, and energetic terms.

mCSM- Protein Predicts the impact of mutations on the protein interaction with DNA.
DNA' interaction
mCSM- Protein Predicts the impact of mutations on the protein interaction with nucleic
NA interaction  acids, and uses pharmacophore and information about nucleic acid
properties.
mCSM- Protein Predicts the effects of single-point mutations on the stability of a
Lig" interaction  protein-ligand complex.

*http: //biosig.unimelb.edu.au/arpeggioweb/
bhttp: //biosig.unimelb.edu.au/mtr-viewer,/

http: //biosig.unimelb.edu.au/mesm/stability
dhttp ://marid.bioc.cam.ac.uk/sdm2

http: //biosig.unimelb.edu.au/duet/

fhttp ://biosig.unimelb.edu.au/dynamut/

http: //biosig.unimelb.edu.au/mesm/protein_protein
"http: //biosig.unimelb.edu.au,/mesm_ppi2 /

‘http: //biosig.unimelb.edu.au,/mesm/protein_dna
Ihttp: //biosig.unimelb.edu.au,/mesm_na,/
khttp://biosiscz.unimclb.cdu.au/mcsmjig/


http://biosig.unimelb.edu.au/arpeggioweb/
http://biosig.unimelb.edu.au/mtr-viewer/
http://biosig.unimelb.edu.au/mcsm/stability
http://marid.bioc.cam.ac.uk/sdm2
http://biosig.unimelb.edu.au/duet/
http://biosig.unimelb.edu.au/dynamut/
http://biosig.unimelb.edu.au/mcsm/protein_protein
http://biosig.unimelb.edu.au/mcsm_ppi2/
http://biosig.unimelb.edu.au/mcsm/protein_dna
http://biosig.unimelb.edu.au/mcsm_na/
http://biosig.unimelb.edu.au/mcsm_lig/
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3 Methods

3.1 Predicting
and Analyzing
Structural

and Biophysical
Effects of Mutations
Using the mCSM
Platform

3.2 mGSM Platform
Output

3.2.1 Ameggio

322 MTR-Viewer

Gene Viewer

Variant Query

The mCSM methods can be categorized by purpose. As shown in
Fig. 1, methods are chosen depending on interactions made, and
what structural information is available. Below we discuss how each
type of predictor can be used and interpreted.

The user should choose the appropriate tools based on what
information is available on their protein of interest (Fig. 1).

In general, each mCSM tool requires a wild-type protein file, in
the PDB format, and the single-point mutation or a list of
mutations. Some tools may require additional specific informa-
tion; Table 4 shows the inputs required for each tool. Notes 1
and 2 highlight some common issues with the submission
inputs.

The results of Arpeggio are shown in Fig. 2.

After submitting a job, an overview of the type and number of
atomic interactions within the protein is shown (Fig. 2a). Arpeg-
gio calculates all types of molecular interactions (Table 5), which
are displayed and downloadable along with a visual representa-
tion of the atomic contacts overlaid on the protein structure
(Fig. 2b).

The number of each interaction/contact and PyMOL session
files can be downloaded for a more detailed analysis.

The MTR gene viewer [5] results page (Fig. 3) shows predicted
MTR scores in an interactive line graph with a control panel
which allows users to adjust the window size and the ethnicity
for MTR estimates. A line graph (Fig. 3a) displays regions that
have high variation, low-MTR scored; those in red are most
likely to be pathogenic. Any ethnicity-specific MTR scores are
shown in blue on the line graph.

The first lollipop plot (Fig. 3b) shows observed missense (yel-
low) and synonymous (green) variations based on gnomeAD.

If the gene of interest is a ClinVar pathogenic gene, their patho-
genic (red) and benign (blue) missense variants are displayed
under the gnomeAD lollipop plot (Fig. 3c¢).

Users can browse results of alternative-transcript (Fig. 3d) of the
given query if available.

The variant query result page (Fig. 4) shows MTR scores for
each user-supplied missense variant, providing the estimated
regional intolerance. Low MTR scores indicate stronger purify-
ing selection within the population. Users can also press “view”
next to a variant to show its position within its gene transcript.
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Table 4

Information required to run each mCSM program

Inputs
mGCSM tool Task Step 1 Step 2
Arpeggio Calculate Molecule in PDB format or PDB Select desired interaction
accession code. calculation. You can select any
(including multiple) part of the
PDB file using the syntax:
/1/2/3
Where: 1. Chain ID. 2. Residue
number. 3. Atom name.
MTR-Viewer Gene Gene, ensembl ID, or Refseq ID Select window size and overlay
Viewer sub-population
Variant Variants as GrCh37 genomic
Queries coordinates.
mCSM- Prediction Wild-type protein file in PDB format. Single mutation (code and mutation
Stability, For mCSM-PPI and mCSM-DNA,  chain), file with a list of mutations
mCSM- the structure of the complex in and its respective chains or code
PPI, PDB format is required. of residue and the mutation chain.
mCSM-
DNA
SDM2 Prediction Wild-type protein structure in a PDB  Single mutation (code and mutation
format or PDB accession code. chain) or residue/position code
and the mutation chain.
DUET Prediction Wild-type protein structure in a PDB  Single mutation (code and mutation
format or PDB accession code. chain)
DynaMut Analysis ~ Wild-type protein structure in a PDB  The selection of a Force Field and
format or PDB accession code. email (optional field).
Prediction Wild-type protein structure in a PDB  Single mutation (code and mutation
format or PDB accession code. chain) or file with a list of
mutations and its respective
chains, and email (optional field).
mCSM-PPI2  Prediction The structure of the complex in PDB  Single mutation (code and mutation
format or corresponding PDB chain) or file with a list of
accession code. mutations and its respective
chains, and email (optional field).
Analysis  The structure of the complex in PDB Mutation details (alanine scanning
format or corresponding PDB or saturation mutagenesis) and
accession code. email (optional field).
mCSM-NA Prediction The structure of the complex in PDB  Single mutation (code and mutation
format or corresponding PDB chain) or file with a list of
accession code. mutations and its respective
chains, and the selection of the
Nucleic Acid Type.
mCSM-Lig Prediction The structure of the complex in PDB  Single mutation (code and mutation

format or corresponding PDB
accession code.

chain) and ligand information
(three-letter ligand ID and
estimated wild-type affinity).
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Fig. 2 Output of the Arpeggio tool. (a) Overview of the output for the inputted protein including the different
types of interactions. (b) Visualization of the interactions shown on a protein structure
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Table 5

Atomic interactions calculated by Arpeggio

Bond
Atomic energy
interaction Description Arpeggio class (kJ/mol)
Van der Waals Permanent, induced and VWD 1-9
(dipole) instantaneous dipoles
Hydrophobic Between aliphatic and aromatic Hydrophobic 4-12
atoms
Hydrogen bond Between carboxyl, amide, Hydrogen bonds, weak hydrogen 840
imidazole, guanidine, amino, bond, polar contacts, halogen
hydroxyl and phenolic groups bonds, carbonyl interactions
Pi interactions ~ From/to rings Aromatic contacts 6-70
Electrostatic Between carboxyl and amino JTonic interactions, metal complex 42-84
groups
3.2.3 mCSM-Stability/ The impact of mutations on protein stability, protein—protein bind-
PPYDNA ing affinity, and protein—-DNA affinity can be predicted by mCSM-

Stability, mCSM-PPI, mCSM-DNA with three types of prediction;
single, multiple and systematic mutation.

Single Mutation o

If the single mutation option is selected in one of the tools
within the mCSM platform, it will be shown on a results page
after processing. This information includes the predicted value
changes (protein stability, protein—protein interaction, protein—
DNA interaction) as measured by the change in Gibbs Free
Energy AAG kcal/mol (Fig. 5), which is classified as highly
destabilizing (AAG < —2 kcal/mol), destabilizing (—2 kcal/
mol < AAG < 0 kcal/mol), stabilizing (0 kcal/
mol < AAG < 2 kcal/mol), or highly stabilizing
(AAG > 2 kcal/mol).

If the structure of a complex is submitted to mCSM-Stability, it
will calculate the predicted change in stability of the entire
complex. It is therefore often advisable to also run predictions
on a PDB file containing the protomer chain alone.

For mCSM-PPI and mCSM-DNA, for mutations further than
12 A from the interaction, the mCSM predictions are not con-
sidered, and are set to 0, as the graph-based signatures capture a
smaller radius of environmental data, and there are fewer muta-
tions located further away than 12 A in the datasets used to train
the methods.

Also shown is an interactive 3D visual representation of the
uploaded PDB file (Fig. 5a, right).
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The lollipop plot shows observed gnomeAD variation in yellow and green for missense and synonymous
variation. (¢) The second lollipop plot displays pathogenic (red) and benign (blue) missense variants based on

Clinvar annotation. (d) The alternate transcripts can be shown in a table with RefSeq ID
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MTR-Viewer Home Gene Viewsr

A Variant Queries

Input variants

B Results
Chrom  Genomic Pos
19 SBO4BE39
19 ER04BE3I9
19 SBO4BE39
19 58048839
19 SBO4BA39
19 58048839

Retf

Feature

ENST00000240719

ENSTOO0003TE233

ENST00000240719

ENSTO0000376233

ENST00000240719

ENSTO0000376233

Or upload a CSV of variants

One per line, no header / column names,

Choose file | No file chosen

Upload CSV.

Protein Pos

143

156

143

156

143

156

Consequence

missense_variant

missense_variant

missense_vanant

missense_variant

missense_vanant

missense_varant

Mis + Syn tally

Chv-Pos-Retax
CruPos-Ret
ChePos
Transcript. Protein_posson
Gene-Protein_pastion

Observed ratio

1

1

Expocted ratio

MTR

1241 M

1241

1241 M

1241

1241

1241

FDR

View

Fig. 4 MTR Variant Queries result page. Calculated results and information for the given input variants (or a
CSV). User can check the details through MTR Gene Viewer by clicking on the view button

Multiple or Systematic

324 SDM

Single Mutation

e If the option for inputting a list of mutations or systematic was

used to analyze the PDB file, then after processing, results will be
shown in tabulated form (Fig. 5b), including mutation specific
information such as the residue solvent accessibility (RSA), as
well as the predicted AAG.

Each result is also classified, using the predicted AAG value, as
highly destabilizing, destabilizing, stabilizing, or highly
stabilizing.

Users can search the result table or download results into a
tab-separated text file.

SDM uses environment-specific amino acid substitution tables [ 38 ]
and structural features including residue depth [15] and packing
density to predict the impact of mutations on protein stability. The
result page of single and list mutation is as follows.

e The single mutation result page (Fig. 6a) provides predicted

protein stability changes (AAG), in addition to structural infor-
mation implemented in SDM including secondary structure,
RSA, residue depth and residue occluded packing density
(OSP), sidechain—sidechain hydrogen bond (HBOND_SS),
sidechain—main chain amide hydrogen bond (HBOND_SN),
and  sidechain-main chain  carbonyl hydrogen bond
(HBOND_SO). The integrated 3D viewer also shows the
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A

Protein Stability Change Upon Mutation

Predicted Stability Change (AAG):
-1.219 Kcal/mol (Destabilizing)

Mutation:
Wild-type: R
Position: 282
Mutant-type: W

Chain: A / ~ \

« Rotate
Translate
Zoom
Slab

2 \ 3 . Reset view

Protein-Protein Affinity Change Upon Mutation

Predicted Protein-Protein Affinity Change (AAG):

10 v records per page Search:

Index * PDB File Chain Wild Residue Residue Position Mutant Residue RSA (36) Predicted AAG Outcome

1 1cse pdb 1 L 3T A 215 0.043 Stabilizing

2 1cse.pdb | L 37 v 215 -0.119 Destabilizing
3 1cse.pdb 1 L r G 215 0.109 S1abilizing

4 1cse.pdb 1 L 37 5 215 0177 Stabilizing

5 lcse.pdb 1 L a7 w 215 -0.599 Destabilizing
] lcse pdb 1 L 7 T 215 0.063 Stabilizing

T lcse.pdb 1 L kTl Q 215 021 Destabilizing
8 lese.pdb 1 L w E 215 -0.618 Destabilizing
-] 1cse.pdb 1 L Er) c 215 0.39 Destabilizing
10 1cse.pdb 1 L 37 R 215 0177 Destabilizing

Showing 1 10 10 of 19 entries

Fig. 5 Result pages for mCSM-Stability, mCSM-PPI and mCSM-DNA. (a) mCSM-Stability (single mutation) and
(b) mCSM-PPI (multiple/systematic mutation). (a) The single prediction for example mCSM-Stability page
supports 3D interactive viewer for structural analysis. (b) The results and information from multiple/systematic
prediction for example mCSM-PPI are shown in a table
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Site Directed Mutator ~ Q Predict

[

Change In Protein Stability Upon Mutation

Predicted pseudo AAG:
-0.06 (Reduced stability)
Mutation:

PDB name: 20CJ.pdb
Chain: A

Wild-type: ARG
Paosition: 282
Mutant-type: TRP

Environment

Secondary struciure H
Solvent accessibility (%) 16.1

DEPTH (A) 51
asP 0.55
HBOND_SS True
HBOND_SN False
HBOND_SO True

Wild type Mutant

H
19.9
48
0.51
True
False
False

& Contact

& Acknowledgements

# Relaed Resources

» Rotate
Translate

Slab

Reset view

Site Directed Mutator Q Prechct

Change In Protein Stability Upon Mutation

Predicted Stability Change {AAG):

PDB Chain

index  File o Mutation WT SSE
1 2ocipdh A R282W  H
2 Zogipdb A YI36F  E
3 Zocipdb A N2y p

4 Zocipdh A C2425 P

Showing 110 4 of 4 entries

" Run another prediction

WT_RSA WT _DEPTH

(] (A)
16.1 51
00 16
38.0 ag
16.7 41
Download results

WT OSP WT 55

055

0.49

0.46

043

True

True.

False

True.

MT_RSA MT_DEPTH

WT SN WT 50 MT SSE (W)

False

False

False

True

True.

False

False

True

H

E

p

Search

L]

MT_05P MT 55

051

0.48

041

0.34

MT_SN

False

Faise

Predicted
MT 50 848G

False 006

Outcome

Reduced
stabdiy

Reduced
stabdiy

Reduced

Increased
stabdiry

Fig. 6 SDM prediction results for single and list prediction. (a) The single prediction displays the predicted
AAG with information used on the left panel and 3D structure in a ribbon (protein) and a stick (wild-type amino
acid) representation. (b) The list prediction gives detailed structural information and predicted AAG in a
tabulated form highlighted according to stabilizing (blue) and destabilizing (red) mutation

structure and its wild-type amino acids in ribbon and stick
representation.

¢ Stability changes (AAG) are shown in red with a negative sign if
the mutation is predicted to be destabilizing, and in blue with a
positive sign if the mutation is predicted to be stabilizing.
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325 DUET

Single Mutation

Systematic Mutations

3.2.6 DynaMut

Single Mutation
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e The predicted SDM AAG for a given mutation list is displayed in
a tabulated format (Fig. 6b) with their structural features. Users
can download all mutant PDB structures and their predicted
values in individual files.

e The DUET result page (Fig. 7a) provides the predicted stability
changes (AAG) with integrated features such as secondary struc-
ture and stability changes from mCSM and SDM. While DUET
refers to both mCSM and SDM scores, the prediction result can
vary between the two methods.

¢ In the structure viewer (Fig. 7a right), the wild-type amino acid
is shown in stick form and wusers can download the
corresponding mutant structure file in PDB format.

e With the systematic prediction (Fig. 7b), users can examine the
predicted changes in protein stability using DUET, mCSM, and
SDM for all nineteen possible mutations at a given residue
position.

e The predictions and the structural information used to calculate
the DUET scores are displayed in a downloadable table.

Users can use DynaMut to assess the impact of mutations on
protein dynamics and stability with single and list mutation
prediction.

e The results of mutational effects on protein dynamics and stabil-
ity are shown in Fig. 8a: AAG predictions, interatomic interac-
tions, deformation and fluctuation analysis.

e The AAG prediction page provides predicted values from nor-
mal mode analysis (NMA)-based prediction (AAG ENCoM),
vibrational entropy energy changes (AASy;, ENCoM), and
other structure-based stability predictions (AAG mCSM, AAG
SDM, AAG DUET). Users can visually assess mutational effects
on protein flexibility which is colored on the protein structure by
vibrational entropy (Fig. 8b) for the region gaining (red) or
losing (blue) flexibility. This 3D representation can be down-
loaded into a Pymol session, high resolution image and CSV file.

e Through the interatomic interactions tab, users can compare
molecular interactions between wild-type and mutant struc-
tures. The PDB structure with interatomic interactions can be
retrieved as a Pymol session file.

e The mutational effects on protein dynamics are shown in the
deformation and fluctuation tab. Users can evaluate changes in
the amount of local flexibility and atomic fluctuation upon
mutation in 3D visual representation; results are downloadable
as a CSV file and a Pymol session file.
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DUET - Protein Stability Change Upon Mutation

mCSM Predicted Stability Change -
(BAG): -

-2.365 Kcalimol (Destabilizing)

SDM Predicted Stability Change .
(BAG): /
-3.36 Kcal/mol (Destabilizing)

DUET Predicted Stability Change

(ALG):

./.-.
-2.664 Kcal/mol (Destabilizing) //
= N
—
e

A 5 » Rotate
Mutation: \ \ Translate
Wild-type: ILE \ Zoom
Position: 232 == A [ o siab
Mutant-type: THR
Chain: A e ) \ Reset view

2 View
Secondary structure: Loop or irregular ||

Protein Stability Change Upon Mutation

Predicted Stability Change (AAG):

10 v records per page Search:

Index* Chain  Wild Residue Residue Position Mutant Residue RSA (%) mCSM predicted AAG SDM predicted AAG DUET predicted AAG
1 A I 232 A 9.2 -2.372 -4.27 -3.071
2 A I 232 v 92 -1.408 -1.91 -1.588
3 A I 232 L 9.2 -0.959 -0.58 -0.737
4 A 1 232 G 92 -2.871 -2.05 -3.22
L A | 232 5 9.2 -2.694 -2.55 -2.879
6 A I 232 w 9.2 -1.759 -1.16 -1.696
7 A 1 232 T, 9.2 -2.365 -153 -2.343
8 A I 232 Q 92 -1.943 =125 -1.832
9 A I 232 E 9.2 -2.167 -0.84 -1.994
10 A ] 232 c 22 -1.509 -1.31 -1.559

Fig. 7 DUET result pages for single and systematic prediction. (a) The single prediction result of DUET shows
predicted AAG across SDM and mCSM-Stability with mutation details. (b) Systematic prediction results
including AAG from DUET, SDM and mCSM-Stability and relative solvent accessible area of wild-type
structure
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© Run ancaher prediction Submission detalls
Wild-type: ILE Position: 282 Mutant: THR Chain: A
AMG Predictions Interatomic Interactions Deformation and Fluctuation Analysis

NMA Based Predictions
AAG ENCoM: -0.331 keal/mol (Destabilizing)

Prediction Outcome
AAG: -1.942 keal/mol (Destabllizing)

Other Structure-Based Predictions

HAGMCSM: <2865 keal/mol (Destabilizing)
AAGSDM:  -2.350 kcal/mol (Destabilizing)
AAG DUET: 2664 keal/med (Destabilizing)

A Vibrational Entropy Energy Between Wild-Type and Mutant
Sy, ENCOM: 0.414 keal.mol K (Increase of molecule Aexibility)

A& Vibrational Entropy Energy | Visual representation

%' -2 -
A
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i

Aming acids colored according 1o the vibrational entropy change upon mutation. BLUE represents a rigidification of the structure and RED a gain in flexability

Download Resources

Pymol Sessions High Resoclution Images Additional data €&
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& Eigenvectors Wild-ype

& Eigenvectors Mutant

DynahMut 1 Analysis  Q Prediction ©Help  BContact b Acknowledgements  #- Related Resources
Dynamm:- Predictions Outcomes
£ AAfrom AAto Pasition Prediction AAG ENCoM AAS ENCoM AAG DynaMut Action
1 (¢ A 109 0.218 keal/mol 0.272 kealmol K -1.314 keal/mol = Detall
2 H A 126 -1.024 keal/mol 1.28 kealmol ' K1 -1.105 keal/mol & Detadl
= S A 2 -0.306 keal/mol 0.362 kealmol! K 0.646 keal/mel & Detail

4 C A B4 0,593 kealimol 0.742 kealmal ! K -1.96 keal/mol e

€ Run another prediction

Fig. 8 DynaMut result pages. The single prediction shows predicted DynaMut AAG (a, left) and predicted
protein stability (A AG) from mCSM-Stability, SDM and DUET and flexibility changes (A AG ENCoM). Users can
check vibrational energy changes upon mutation in the panel B. For a multiple mutation, (b) list prediction
result page shows predicted DynaMut AAG and links to access the corresponding single prediction in table
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Multiple Mutations e For a given mutation list, DynaMut gives all predicted values,

including  AAGgupiiy ENCoM,  AASy;, ENCoM, and
AAGgapiliy DynaMut, in table format (Fig. 8c). A more detailed
analysis is available through the single prediction page of each
mutation by clicking on the “Detail” button.

3.2.7 mCSM-PPI2 mCSM-PPI2 supports two types of protein—protein affinity predic-
tion: mutation prediction and binding analysis. Mutation predic-
tion gives predicted protein—protein affinity changes based on a
given protein—protein complex and the mutation information.
Binding analysis considers interface residues within 5 A from differ-
ent chains in the complex structure for alanine scanning and satu-
ration mutagenesis.

Single Mutation e mCSM-PPI2 displays predicted binding affinity changes (AAG)

List Mutation .

Alanine Scanning o

upon mutation in two classes, destabilizing and stabilizing.
Mutation details such as the distance to the interface from the
given mutation position are also shown (Fig. 9).

For mutations further than 12 A from the interaction, the
mCSM predictions are not considered, and are set to 0, as the
graph-based signatures capture a smaller radius of environmen-
tal data, and there were fewer mutations located further away
than 12 A in the datasets used to train the methods.

Users can assess the mutational impact in atomic/residue level
through a 3D interactive viewer and a 2D graph. The molecular
viewer provides Arpeggio inter/intra interactions for wild-type
and mutant structures and the interaction changes between
wild-type and mutant allows for investigation of the relationship
between nonbonded interaction and protein—protein affinity.
For residue-level analysis, the 2D graph can be used to study
interresidue interactions of wild-type and mutant in a simple and
user-friendly representation.

For multiple mutation analysis, the result page tabulates pre-
dicted AAG with mutation details. Users can access detailed
results of each mutation through the single mutation result
page and download all entries as a CSV file.

To identity residues with a greater contribution to the energy of
binding (hot-spot) at the interface of interaction, alanine scan-
ning can be used by predicting protein—protein binding affinity
changes upon mutations to alanine across all identified interface
residues. The predicted AAG values are displayed in table, bar
chart, and 3D viewer (Fig. 10a).

Users can assess the effects of alanine mutation on the interface
residues through a bar graph and 3D viewer colored in red and
blue for destabilizing and stabilizing mutations, respectively.
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mCSM-PPI2 Run ~  Data Help Contact  Acknowledgements  Related Resources

Single-Point Mutation

Results

Predicted Affinity Change (AAGA"r) Mutation Detalls
Chain: 1

'2. 0 1 9 kcaf/mol' Position: 45

T Wild-type: LEW

Decroasing affinity) sy

Distance from closest partner: 2724

Interactive Viewer

Wild-type - White - Cartoon - by Chain -

Interactions

Clash vow Hydrogen Bond lonic
Aromatic Hydrophobic Carbonyl Polar

C  RESET O SPIN B SCREENSHOT & DOWNLDAD £ FULLSCREEN ® HEP

Interactions: Wild-Type x Mutant

Controls
Wild-Type (dashed lines) Mutant (straight lines)

Carbonyl Aromatic

lonic vow
o]
gz
Hydragen bonds Hydrophobic
Polar Hbond Clash
& Ll
Ring-Ring

Fig. 9 mCSM-PPI2 single prediction result page. The predicted AAG is shown along with two interaction
viewers: 3D interactive molecule viewer for atomic interaction analysis and 2D diagram for residue-level
interaction analysis
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Fig. 10 mCSM-PPI2 interface scanning result pages. The result pages of (a) alanine scanning and (h)
saturation mutagenesis provide a bar chart and a heatmap colored by predicted AAG and average predicted
AAG from the nineteen possible mutations, respectively
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3.2.8 mCSM-NA

Single Prediction

List Mutation

3.29 mCSM-lig

3.3 Identification
of Driving Molecular
Consequences
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e The saturation mutagenesis provides the most exhaustive pre-
diction, showing predicted AAG for all identified interface resi-
dues when they are changed into nineteen different amino acids.
The results are shown in table, heatmap, and 3D molecule
viewer, and the interface residues of the 3D viewer are colored
by the average AAG of all mutations for each residue.

e The predicted protein—nucleic acid affinity changes on a given
structure are shown (Fig. 11a) with other properties such as the
type of nucleic acid, solvent accessibility of wild-type protein,
and predicted mutational effects from mCSM-Stability.

 For mutations further than 12 A from the interaction, the
mCSM predictions are not considered, and are set to 0, as the
graph-based signatures capture a smaller radius of environmen-
tal data, and there were fewer mutations located further away
than 12 A in the datasets used to train the methods.

¢ The molecule visualization panel shows the protein—nucleic acid
complex with the wild-type amino acid, and the mutation as a
stick representation. mCSM-NA allows users to further investi-
gate inter/intraresidue interactions by downloading Pymol
session file.

e mCSN-NA provides predicted protein—nucleic acid affinity
changes, wild-type RSA, and mutation information for a given
list of mutations in a table which is also downloadable in TSV
format.

e mCSM-lig predicts affinity changes (log affinity fold) between a
protein and its ligand upon mutation (Fig. 12a) using additional
information such as the closest distance between wild-type resi-
due and ligand and the protein stability change (Kcal /mol) from
DUET. The stabilizing and destabilizing mutations are shown in
positive and negative values respectively.

o For mutations further than 12 A from the interaction, the
mCSM predictions are not considered, and are set to 0, as the
graph-based signatures capture a smaller radius of environmen-
tal data, and there were fewer mutations located further away
than 12 A in the datasets used to train the methods.

¢ The wild-type amino acid and ligand are shown in stick and
sphere representations in 3D molecule viewer, respectively.

The outputs of the predictive tools described above provide the
basis for an initial heuristic examination. When trying to interpret
the molecular consequences of a specific variant, it is important to
remember that phenotypic outcomes are often the result of the
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mCSM-NA @ Predict LData @Help EContact b Acknowledgements  # Related Resources

A B

Prediction detalls Molecule visualization

Predicted Affinity Change (AAG):
-4.516 Kcal/mol (Reduced affinity)

Mutation:
Wild-type: ARG
Position: 118
Mutant-type: ALA
Chain: A

Other Properties:

Nucleic Acid Type: dsDNA

Solvent accessibility: 26.9 %

Stability effect: -1.412 Kcal/mol (Destabilising)

Viewing options Mouse options
. *|Rotate

Colorby|Chain 7| Translate

* Main chain as | Thick ribbon x| Zoom

Background color: | White v Slab

Apply  Take screenshot Reset view
Download Pymol interactions
mCSM-NA Q, Predict & Data & Help &= Contact wb Acknowledgements #- Related Resources

Index  PDB File Chain  Wild-type Residue Residue Position Mutant Residue Wild-type RSA(%) Predicted AAG Outcome

1 1AAY pdb A H 153 K 63 0,924 Increased affinity
2 TAAY.pdb A E 177 Y 6.6 1.742 Increased affinity
3 TAAY.pdb A D 120 H 59 2.606 Increased affinity

& Download results

Fig. 11 mCSM-NA result pages for single and list mutation prediction. In the single prediction result page,
predicted protein—DNA affinity changes and mutation information are displayed in the prediction details (a) and
the 3D viewer shows protein—DNA complex and wild-type amino acid in a ribbon and stick representation (b).
The results of list prediction are shown in a tabulated form (¢) and users can save the results in a TSV format
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mCSM-lig - Protein-ligand Affinity Change Upon Mutation

A B

Predicted Affinity Change:

-2.056 log(affinity fold change) -
Destabilizing

Mutation information:

Wild-type: D
Position: 30

Mutant-type: N

Chain: A

Ligand ID: 065

Distance to figand: 2,814 A

DUET stability change: -0.087 Kcal/mol

G Run another prediction

Fig. 12 mCSM-lig result page. (a) The predicted affinity change between protein and ligand upon mutation is
shown in logarithm scale. (b) The protein and ligand are displayed in 3D viewer with a ribbon (for protein), a
stick (for wild-type amino acid), and a sphere (for ligand) representation

combination of multiple molecular changes. For coding mutations,
we initially ask ourselves three questions:

1. Is the mutation within 5 A of an interface? If so, is the mutation
more likely to disrupt the interaction (AAG < £0.5 kcal/mol)
based on the corresponding mCSM output (e.g., mCSM-PPI,
mCSM-DNA, mCSM-NA, mCSM-Lig)? If the mutation is
further than 12 A away, it is less likely to disrupt the interaction
directly, so the mCSM predictions are less reliable.

2. Is the mutation likely to disrupt protein folding and stability?
mCSM-Stability, SDM, DUET, and DynaMut provide insight
into this, with mutations leading to AAG < £0.5 kcal/mol
more likely to have a significant biological effect. Mutations at
buried residues are more likely to have a larger effect on protein

stability.

3. Is the mutation a special case that is more likely to lead to
disruption of the protein due to unique geometry restraints
of the residues (see Notes 3 and 4)?

To more exhaustively explore how mutations in a protein lead
to a phenotype, and to identify those molecular features that best
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3.4 Machine
Learning Phenotypes:
Building a Predictive
Classifier

capture the driving of the molecular mechanisms, an investigation
into the performance of each inputted feature should be conducted
in order to construct the highest performing predictive model.

A more robust method for selecting which features are most
informative can be performed using feature selection in R, a statis-
tical programming language. While R is powerful enough itself to
create classification models, we can also use it to measure which
features from our predictive tools’ output are most effective in
stratifying mutations. Two effective approaches are:

1. A random forest classification algorithm to measure feature
importance using a set of mutations with known class labels
(e.g., pathogenic/nonpathogenic, deleterious /nondeleterious).

2. The Boruta Algorithm performs permutations of the data to
statistically compare each feature’s importance with that attain-
able at random, and uses this to eliminate uninformative fea-
tures. The package in R provides a graphical output using
boxplots.

Features that score highly provide evidence that the molecular
consequence that they measure is relevant to how mutations lead to
the phenotype of interest. The algorithm can also highlight corre-
lation between features. When two or more features are highly
correlated and are likely measuring the same information, only
one should be used in subsequent predictive model development
to remove redundancy, minimize noise and avoid bias from weight-
ing a model in favor of a particular attribute. The model should also
have the fewest possible features that perform best. Using too many
features may generate a model that performs accurately on training
data but cannot be generalized to real-world data.

An initial understanding of molecular mechanisms imparted by
disease-causing mutations is a crucial step toward establishing a
genotype—phenotype correlation. However, manual analysis of dif-
ferent results can often miss underlying, statistically significant
relationships among different mutational measurements, which
can help relate them to the phenotype. Machine learning, and in
particular supervised learning, addresses this issue by providing a
set of tools for the efficient analysis of labeled data (e.g., experi-
mentally characterized mutations) in order to derive a model that
describes a phenomenon, aiming for generalization (applying it to
unseen data). The identification of patterns and associations within
the data will further help the predictive model establish a distinc-
tion between mutations within the same gene leading to different
phenotypes, and hence the development of an effective predictive
tool that can be used to interpret novel clinical variants.

Here, our goal is to build a machine learning classifier to
distinguish between pathogenic vs. nonpathogenic mutations in a
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given gene. Multiple steps are required to obtain a nonbiased,
accurate predictor:

1. Dataset curation: Machine learning algorithms require a well-
curated dataset. In a supervised machine learning approach, all
data labels (here, pathogenic or nonpathogenic for each muta-
tion) must be known in order to enable correlations to be
assessed between labels (e.g., phenotypes) and features/prop-
erties used as evidence to represent each data point (e.g.,
mutations). The quality of a classifier directly depends on the
quality of the data used to build it, so accurate clinical sources
are required to justify labeling mutations as pathogenic or
nonpathogenic. In this case, generally, nonpathogenic variants
can be curated from population variant databases such as Gno-
mAD, usually taking into account frequent mutations. Even
common variants, however, may still be linked to a disease,
especially if it is a weakly penetrative mutation or recessive
condition, which would add noise to the data set and thus
complicate the task of building a general predictive model. In
situations where other biologically relevant information is pres-
ent, such as cellular fitness cost, it is essential that this type of
information is present for every mutation in a dataset, as a
supervised algorithm cannot handle missing data labels. The
initial dataset should contain a representative set of mutations
within all phenotype classes (pathogenic and nonpathogenic),
and ideally, present a balanced number of instances between
classes, to minimize biases toward overrepresented classes in
the resultant model. More details on metrics used to evaluate
the performance of predictive models on an imbalanced dataset
are discussed below.

2. Feature generation: The feature generation stage is crucial as it
provides descriptive information about each mutation, to be
used by the learning algorithm to finally classify the phenotype
of a mutation. As described above, features can encompass a
diverse range of mutational information:

(a) Protein stability and dynamics (mCSM-Stability, DUET,
SDM, Dynamut).

(b) Protein functional changes such as changes in affinity for
other proteins (mCSM-PPI2), nucleic acids (mCSM-
NA), and ligands (mCSM-lig).

(c) At the residue level, changes in protein pharmacophore
and local residue environment such as changes in inter-
atomic interactions (Arpeggio) are also important, as
some mutations at the same locus can have different
phenotypes.

(d) Sequence-level predictors (SIFT, Polyphen, SNAP2).
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(e) Evolutionary-based predictors (ConSurf), population
based mutational tolerance (MTR-Viewer), as well as
amino acid substitution matrices (e.g., PAM30, BLO-
SUMG62, PSSM) ofter added information on the likeli-
hood of one mutation to change into another.

Feature generation is directly dependent on the wild-type
biological functions of the protein, which is why an under-
standing of the biological relevance is important at the very
beginning of this process.

. Training and Testing sets: The data collected must be divided

into training and testing sets to assess the generalization power
of a classifier, that is, its ability to correctly predict on new data,
and to ensure that it has not been over- or undertrained. Data
used to train the model should be different, nonredundant,
from the data used to test the model. It is common practice to
divide the original dataset into Training and Test sets at the
start of learning. For small datasets, a large proportion of the
data may need to be segregated into the Test set to provide
sufficient data to accurately measure performance of the trained
model. This can be done in a bootstrapping procedure or
through cross-validation, when the original data set is divided
into k-folds and each is taken iteratively as the test set while
remaining data are used in training (%-fold cross-validation).

. Feature selection: The features selected for training can

strongly influence accuracy, so it is important to select only
informative features, and eliminate irrelevant or nondiscrimi-
native ones, which are a common source of noise. Feature
selection can also help reduce overfitting and reduce training
time, as it aims to generate simpler, more concise models.
Feature selection methods provided in the Python machine
learning library, Scikit-Learn [58], include univariate selection,
feature importance, correlation matrix, and recursive feature
elimination or addition. Alternatively, forward stepwise selec-
tion can be performed as a greedy heuristic in which features
are included iteratively, one at a time, based on their individual
performance contributions.

. Machine learning platforms: Different tools have been devel-

oped for implementing machine learning. Some ofter a graphi-
cal user interface (GUI), such as Weka [59], while some run as
python packages through the command line, such as Scikit-
Learn. Different packages for different programming lan-
guages offer similar algorithms and options to adjust the algo-
rithm parameters according to specific tasks. The major
classification algorithms we test are Naive Bayes, Decision
Trees, K-Nearest Neighbor, Support Vector Machines, and
Ensemble Classifiers. It is good practice to compare



Genotype-Phenotype Correlations via Integrative Mutation Analysis 27

representative algorithms of each class, provided that the algo-
rithm is compatible with the dataset type. Within weka, this can
be done automatically using the auto-weka function. In cases
where the training set is unbalanced, oversampling or under-
sampling of the training data can be used to achieve a better
representation of classes within the classification model-
building stage, preventing model bias in always detecting the
predominant class and achieving a false high performance.

6. Model validation: The primary tool in the validation of a model
is the use of a nonredundant independent test set, also called
blind test.

Validation can be furthered using internal data testing such
as k-fold cross validation, in which the dataset is divided into
k subsets. One subset is used as a test set, while the remaining
(k — 1) subsets are used to train a model. The process is
repeated % times, until all the data have been used in both
training and test sets. The final model performance is calculated
as the average of the performances of all % iterations. We will
often vary % based on the size of the dataset. When the training
set is small (e.g., ~200 data points), we may use leave-one-out
validation, where % is equal to the size of the dataset. An
important aspect when selecting predictive models is consis-
tency in performance between the training and test sets. This
usually indicates a robust model, within which discrepancies
(e.g., amuch higher performance on training than with the test
set) might indicate overfitting.

7. Model evaluation: Several different evaluation metrics may be
used for classification tasks. These are generally calculated on
values obtained from a confusion matrix, which is a summary of
the data points, and their actual and predicted phenotypes
(Table 6).

8. From the distributions of data points within the matrix,
descriptive metrics can be calculated:

(a) accuracy (number of correct predictions: [(TP + TN)/
TOTAL)),

(b) precision (rate of correctly predicted positive instances
from all assigned as positives: [TP /(TP + FP)],

Table 6
Description of a confusion matrix

Predicted value Actual value
Positive Negative
Positive True positive False positive

Negative False negative True negative
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(c) recall (rate of correctly predicted positive instances from
all real positive instances: [TP /(TP + EN)],

(d) fscore (a weighted average of recall and precision), and,

(e) Matthews correlation coefficient (MCC) a balanced mea-
sure between true positives and true negatives

[(TP x TN) — (EP x EN)/ /(TP 4 EP)(TP + EN)(TN + FP)(TN + FN)]

where TP = True positive; TN = True negative; FP = False posi-
tive; and FN = False negative.

Classifier performance can also be described graphically using a
Receiver Operating Characteristic curve, which compares the TP
Rate and TN Rate. The closer the area under the curve is to 1, the
better the classifier performance.

These metrics should be used in a combinatorial fashion across
all elements of training, test, and cross-validation stages to compare
model performance during different stages of classifier optimiza-
tion. When the dataset is imbalanced, balanced measures such as
MCC should be prioritized, as other measures might bias for an
overtrained model on the dominant dataset.

4 Notes

1. Often following curation, the distribution of number of path-
ogenic and benign mutations is unbalanced, which can affect
efforts to build predictive tools using machine learning. Two
approaches that can help include oversampling of the under-
represented class, or undersampling of the overrepresented
class. Evaluation metrics that are less biased toward unbalanced
classes, such as the Matthew’s correlation coefficient, precision-
recall curves, and Kendall correlations, should also be
preferentially used.

2. The chain ID for the provided PDB file is a mandatory field for
all the structure-based methods; blank characters are not
allowed. It is possible that homology modeling tools might
not automatically add a chain ID. If this is the case, the user will
need to modify the PDB file prior to submission to the servers.
Several tools exist to perform this task (e.g., http:/www.
canoz.com/sdh/renamepdbchain.pl).

3. Special cases: Mutations to and from prolines. Prolines are the
only amino acid whose amino group is connected to the side-
chain, which in the context of the peptide bond greatly limits
torsional angles. The nature of this residue therefore needs to
be taken into account while analyzing mutation effects. For
instance, (1) mutations to prolines in the middle of alpha-


http://www.canoz.com/sdh/renamepdbchain.pl
http://www.canoz.com/sdh/renamepdbchain.pl

Genotype-Phenotype Correlations via Integrative Mutation Analysis 29

helices can introduce kinks, affecting local structure and
(2) since prolines are commonly found in turns and loops,
their substitution might interfere with the formation of sec-
ondary structures such as hairpins.

. Special cases: mutations of positive-phi glycines. Similarly to

prolines, positive phi glycines, while rare in experimental struc-
tures, deserve special consideration due to their torsional
angles. Glycines are the only residues capable of adopting
positive-phi angles. These glycines are usually conserved across
evolution, meaning that mutations on positive-phi glycines,

especially on loops and hairpins, tend to be destabilizing.
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3.3. THERMOMUTDB: A THERMODYNAMIC DATABASE FOR MISSENSE

MUTATIONS

Esta secdo apresenta o desenvolvimento do ThermoMutDB, uma base de dados
termodinamicos para mutacoes missense. ThermoMutDB é uma base de dados manualmente
curada e com medidas padronizadas. O desenvolvimento envolveu quatro etapas: (1) A dupla
checagem da base de dados Protherm [18], que, no momento do desenvolvimento do trabalho
era a base de dados referéncia em dados termodindmicos para muta¢des missense, porém
continha erros e ndo vinha sendo atualizada por varios anos; (2) Insercdao de eventuais dados
contidos nas referéncias do Protherm e que ndo foram inseridos; (3) coleta de novos dados; e
(4) desenvolvimento do servidor web.

Esta secdao é apresentada em formato de artigo, com informacGes adicionais a
publicacdo nos anexos A e B. O artigo apresentado [65] foi publicado na edi¢dao de Banco de
Dados da revista Nucleic Acids Research (fator de impacto 19,6) em Janeiro de 2021. Alguns
desdobramentos pés-publicacdio e também andlise da utilizacdio da ferramenta pela

comunidade sdo apresentados no capitulo de Discussao.
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ABSTRACT

Proteins are intricate, dynamic structures, and small
changes in their amino acid sequences can lead to
large effects on their folding, stability and dynamics.
To facilitate the further development and evaluation
of methods to predict these changes, we have de-
veloped ThermoMutDB, a manually curated database
containing >14,669 experimental data of thermody-
namic parameters for wild type and mutant proteins.
This represents an increase of 83% in unique mu-
tations over previous databases and includes ther-
modynamic information on 204 new proteins. Dur-
ing manual curation we have also corrected anno-
tation errors in previously curated entries. Associ-
ated with each entry, we have included information
on the unfolding Gibbs free energy and melting tem-
perature change, and have associated entries with
available experimental structural information. Ther-
moMutDB supports users to contribute to new data
points and programmatic access to the database via
a RESTful APl. ThermoMutDB is freely available at:
http://biosig.unimelb.edu.au/thermomutdb.

GRAPHICAL ABSTRACT
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INTRODUCTION

Protein thermodynamic stability is a fundamental property
of proteins that significantly influences their structure, func-
tion, expression, and solubility. Changes in protein stability
have been shown to be a main driving molecular mecha-
nism of genetic diseases (1-8) and even drug resistance (9—
18). Small changes in the protein sequence can have signifi-
cant consequences on their intricate structures, reflected in
changes in their stability and ability to correctly fold (19).
This is often a significant consideration whenever consider-
ing a new mutation, whether in the context of protein engi-
neering or variant characterisation (20,21).

The accurate prediction of the effects of mutations on
protein stability remains a complex and challenging prob-
lem. The development of computational approaches to
tackle this have required large mutational datasets, however
in turn have been limited by the quantity and quality of data
available.
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One of the first databases to collect information on the
effects of mutations on protein stability, ProTherm (22), led
to the exploration and rapid development of new computa-
tional approaches (23-28). However, this database has not
been updated for 7 years and many errors have been identi-
fied previously (29,30), limiting both previous methods and
future developments.

To overcome this, we have developed a new compre-
hensive and user-friendly resource for thermodynamic data
from protein mutations, ThemoMutDB. Figure 1 depicts
the database development workflow, which is divided into
three main stages: (i) data acquisition and curation, (ii) mu-
tation annotation and (iii) web-server development. By us-
ing a rigorous and careful data curation approach, Themo-
MutDB represents a significant improvement in both the
quantity and quality of data. This will not only enable the
development of a new generation of methods but also an
unbiased assessment of previously proposed ones.

MATERIALS AND METHODS
Data acquisition and curation

Data acquisition for ThermoMutDB was divided into two
steps: manual checking of previously mined data avail-
able in other resources (Figure 1A) and manual litera-
ture curation of new thermodynamic data (Figure 1B).
Within ThermoMutDB we captured thermodynamic infor-
mation, experimental conditions, and literature citations.
We also standardized measurements and calculations across
the data entries, including temperature in Kelvin, energy in
kcal/mol, and Gibbs free energy (AAG) as in the formula:

AAG = AG (wild-type) — AG (mutant)

where negative AA G values indicate that the mutation has
destabilized the protein and positive AAG values that the
mutant protein is more stable.

On the first data acquisition stage, all 1,902 references
in ProTherm were manually checked and validated. Refer-
ences that did not contain data about missense mutations
were removed, leaving 829 papers. During this process, er-
rors in data fields were corrected, duplicate entries were re-
moved, and 329 new data-points not previously captured,
but present in the original papers, were included.

New data were identified through manual literature cu-
ration. Optimized search terms (Supplementary Figure
S1) were used to identify an initial pool of over 34,000
manuscripts available on PubMed. These were further nar-
rowed down to those that contained experimental thermo-
dynamic results for missense mutations. In total, 393 papers
were analyzed and 5,654 new data points obtained, which
were confirmed by at least two independent curators. Sup-
plementary Figure S2 shows the distribution of unique mu-
tations collected per year.

Mutation annotation

Collected mutations were mapped to protein structures
available at the Protein Data Bank using (31). Different
characteristics of the wild-type residue environment were
calculated, including secondary structure, torsional angles,

relative solvent accessibility (32) and residue depth (33). Ad-
ditional residue-level information used to annotate the mu-
tations included different substitution matrix scores. Mu-
tation annotations were calculated using the Biopython
(34). Mutation effects are also depicted via pharmacophore
modeling (23). Pharmacophore modeling has been intro-
duced in the context of mutation analysis in a previous work
(23) to characterise the effect of mutations based on the dif-
ferences in atom counts per pharmacophore type. Muta-
tions that do not map to any available experimental struc-
tures are still listed but without any structure-based features
calculated.

Database and web interface implementation

The database architecture was developed using
SQLAIchemy, a database toolkit for Python (version 2.7).
All data is stored in an SQLite database and available to
download at http://biosig.unimelb.edu.au/thermomutdb/
downloads. The backend system was developed using the
Flask Python module (version 1.0.2) and the REStful API
uses RestX extension for Flask (version 0.2.0). The web
interface was implemented using the Bootstrap (version
4) framework. It also uses HTMLS5, CSS, JavaScript, and
JQuery. JINJA2 templating language for Python was used
to dynamically generate HTML templates.

RESULTS
Web interface and usage

ThermoMutDB contains information of the protein, muta-
tional information, experimental methods and conditions,
thermodynamic parameters, derived data, and literature in-
formation (details are available in Supplementary Table S1
and Figure S2). The database provides a user-friendly web
interface that contains five modules: Explore and Browse,
Contribute, Downloads, API and a detailed tutorial.

Explore and browse. In order to access the data, a search
can be performed. This can be done either by selecting the
‘Browse’ page from the navigation bar or by writing the de-
sired words on search input available on the ‘Home’ page. In
both cases, users can use different filter combinations (Fig-
ure 2A), include or exclude columns, and download selected
results in several formats (JSON, XML, CSV, TXT, SQL,
MS-Excel and PDF).

The search results are shown in an interactive table,
with columns providing experimental information recov-
ered from literature and also derived properties (Figure 2B).
Aiming to improve user experience, it is possible to visual-
ize a summary for each entry by clicking on the ‘+’ icon.
This option can lead to a ‘Details’ page that shows all in-
formation about the mutation and provides related files to
download (Supplementary Figure S3).

User contributions.  To facilitate a continuous database up-
date, we have implemented a user’s contribution section
(Supplementary Figure S4), which allows the scientific com-
munity to share new data or identify potential errors that
will be manually checked by our team. To submit contribu-
tions it is just required to fill the form with mutation and
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Figure 1. ThermoMutDB workflow for data acquisition and processing. The development workflow is divided into three steps: (A) verification of previously
available mutation thermodynamics information (B) collection and manual curation of new data and (C) data aggregation and mutation annotation.

thermodynamics data, to inform a contact email and a ref-
erence (paper published, accepted, or pre-print). Although
significant effort has been devoted to ensure high quality
data curation, users have the option to report any issues
with the data to our team. These are important efforts to
further expand and improve the database.

Downloads. All data in the database can be downloaded
from the ‘Download’ page in CSV or JSON formats. It is
also possible to download the protein structure files related
to data available.

Programmatic access via an API.  ThermoMutDB sup-
ports programmatic access via a RESTful API to allow
other services to harness our data easily. The ‘API” page pro-
vides documentation of all endpoints available and allows
users to execute queries using provided fields. Other queries
can be performed by passing parameters through the URL
(Supplementary Figure S5).

Data statistics

Examining the distribution of mutations in the Thermo-
MutDB reveals a number of natural biases that need to be
taken into consideration when developing, or evaluating,
new predictive tools. ThermoMutDB contains thermody-
namic information on 14,669 mutations across 588 proteins.

This represents a significant increase over ProTherm, with
a 83% increase in unique mutations and over 300 new pro-
teins. Supplementary Figure S6 shows the distribution of
unique mutations collected per year. The majority of these
are single-point mutations (82.8%), with mutations to ala-
nine being over-represented (Figure 3D). This becomes evi-
dent when we look at the distribution of wild-type and mu-
tant amino acid residues within the database (Supplemen-
tary Figure S7). The most frequent mutations were from
Leucine and Valine to Alanine, while 10 mutations were
not present in the dataset, including W—G, W—P and
C— K among others, which seem to denote large changes
in residue physicochemical properties.

As would be expected by chance, two thirds of muta-
tions within the database are destabilising (Supplementary
Figure S8). This natural bias creates an extra challenge for
computational methods built using this information, in par-
ticular those based on machine learning approaches, re-
garding the prediction of stabilising mutations, which are
less well represented. It is important to note, however, that
the data on ThermoMutDB represents an increase of over
100% in stabilising mutations in comparison with previous
resources. No apparent correlation was identified between
the mutation effects and their location within protein struc-
tures, with mutations leading to increased and decreased
stability similarly distributed across protein structures when
looking at residue depth (Supplementary Figure S9). Muta-
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Figure 2. ThermoMutDB web interface search and results pages. (A) Ther-
moMutDB offers 12 query modes, with detailed information available
about each query type through the ‘Help’ page at the top navigation bar
and through on-page help in the form of question mark tooltips. (B) The
general layout of the result page, showing a summary of information for
each entry as well as detailed view.

tions in ThermoMutDB are spread across different protein
classes (Supplementary Figure S10) and diverse in terms of
secondary structure (Supplementary Figure S11).

Within ThermoMutDB, we identified mutations that had
been experimentally measured at least twice and, by com-
paring the variance between these replicate results (Figure
3C), we identified a Pearson’s correlation of 0.9. This pro-
vides a measure of the intrinsic noise in the data, and sug-
gests a theoretical maximum performance that should be
expected for predictive stability tools built using this data.

DISCUSSION

ThermoMutDB represents a significant increase in avail-
ability, reliability and diversity of thermodynamics data
linking effects of mutations to protein stability. We believe
this resource will have a significant impact on understand-
ing the effects of mutations on protein structure and sta-
bility. It will enable experimental scientists to identify pre-
viously characterised mutations in proteins of interest, and
provide computational scientists with a comprehensive and
refined set of experimental data to query the relationship
between changes in protein sequence and stability, facilitat-
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Figure 3. Composition of ThermoMutDB entries. (A) depicts the distribu-
tion of phylogenetic kingdoms of proteins in the database. (B) highlights
the distribution of thermodynamic effects of mutation in the database,
given as the variation in Gibbs Free Energy (AAG). (C) Experimental vari-
ability of mutation assessed under different conditions and groups. (D)
Distribution of mutations in ThermoMutDB based on type (mutation to
alanine/non-alanine), their location and residue environment.

ing the development of new computational tools to analyse
these relationships and develop prediction algorithms.

New mutation thermodynamics data collected and com-
piled in ThermoMutDB will also allow for more robust,
comprehensive and independent validation of currently
available computational predictors. The database will be
continuously maintained and updated, enabling submis-
sion of user contributions and data access through an in-
tuitive web-based interface (http://biosig.unimelb.edu.au/
thermomutdb) as well as programmatic access through an
API.

SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.
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protein AND (mutant* OR mutat* OR variant*) AND ((destabili* OR stabili* OR thermostab*)
OR (kcal/mol OR kj/mol OR kcal mol OR kj mol) OR ( “free energy” OR “gibb* free energy"
OR "melting temperature")) NOT(review[Publication Type] OR "molecular dynamics" OR
predict®)

Figure S1: Search query used to identify and collect mutation thermodynamics data
from publications available on PubMed. This query was designed to encompass
mutations in proteins and their experimentally measured effects while excluding works
involving their silico characterization.
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Figure S3: ThermoMutDB mutation details page. The mutation page provides
information about the mutation and its thermodynamic effects (1), residue environment
properties (2), experimental conditions (3), as well as substitution matrix scores for the
mutation and their effects in terms of pharmacophore changes (4). In this page, the
literature information is provided, with links to external databases (5), followed by the
alignment of PDB sequence against the Uniprot sequence (6), as well as the option to
download the entry and protein structure (7).
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Figure S4: User contribution page. ThermoMutDB allows users to submit their own
contributions to be manually curated and incorporated into the database. Users are
requested to provide information on the publication, protein and experimental protocol
(1) and can include thermodynamic information for one or more mutations (2).



VariantInformation Retrieve data using Protein Information parameters A v

il /VariantInformation/mutation_code/{mutation_code} Finds data by three-letter mutation code

Parameters @ Try it out ‘
Name Description

mutation_code * re9ured ‘
string mutation_code

(path) @

Responses Response content type | application/json v ]
Code Description
200
Success
VariantInformation Retrieve data using Protein Information parameters B N

| T I /VariantInformation/mutation_code/{mutation_code} Finds data by three-letter mutation code

Parameters Cancel ‘

Name Description

mutation_code * reauired

H48N
string
(path)
——— |
Responses Response content type | application/json ~ ]
Curl @

curl -X GET "http://localhost:5000/api/vi/variantInformation/mutation_code/H48N" -H "accept: application/json”

Request URL

http://localhost:5000/api/v1/VariantInfermation/mutation_code/H48N

Server response o

Code Details

{
"weight”: 18605.02,
"po

“pdbs_template”: null,
;

"measure”: {
"name”: "Fluorescence”

Figure S5: Programmatic Access Via an API. The figure depicts advanced search
options for ThermoMutDB and respective URL parameters. (1) To start, click on “Try it
out’, (2) type the desired parameters, and (3) click on “Execute” button. The response
shows (4) Curl command, (5) URL request, and (6) the response body.



Distribution of unique mutations by year related to ProTherm
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Figure S6: Distribution of entries on ThermoMutDB over the years, highlighted by
origin.



o
ol =
c &
a8

D
]
b
E B

a7

F
B8
o
{7=]

[t 13| s
——
E:- Bl s
e
S pgms
O Bl 7 u
S
S Pl x
n
U - Faol 1 4
2=
Ze
=]
go

(-3

ul

)

=

=

-

Figure S7:
ThermoMutDB.

Frequency of changes from wild-type to mutant residues

58

1

55

37

4

25
4

The

4

B & 8 B & & 8 B 8 & B o= B 8 R

=

]

19 32 50
T a0
29 13 51
3 o [138
1 16|
15 4 4
o |l
£ o | 8
0 | gai
7 Waxl =
& A
15 (| g% g
£ i
R G0y
W™ 5 I
14 16
% 16 3
14 103 40
T |
S| | E
Hoo K

B 8|6 B BEH B

5

& B B ® =

Gl 2 B B

-

25

BB

=

B M

3

4

[l

2

2

146

2

14

22

14

i

58

E & BB

P Gk

)

2T

0

12

p

Mutant residues (to)

mutations

15

1

H L ow

[

are

19
3

28
32

w B OE H OB w

&

14

1t

to

83

63

i

24

14

(5

i

41

17

5
24 16
16 15
21 36
T 8. 3
' 44
b T
44 235
12 24
16 95
10 18
12 14
9 13
2 5
3 B
27 15
I 117
96 (1)
2 2
T B
T W

alanine,

400

350

300

250

3 200

2 150

a - 100

Frequency of changes from wild-type to mutant residues within the
majority  of
alanine-scanning experiments.

characterising



5000

4000

3000

2000

Unigque mutations

1000

Destabilizing Stabilizing
Effect of mutations

Figure S8: ThermoMutDB entries divided based on mutation effects.



Distribution of mutation effects by mutation depth

Stabilizing
4 Destabilizing
14a i i
] T
-
o
E
06
0
e
et
fr
Y 04
02
0.0 .
-10.0 15 5.0 2.5 0 25 50 75 100

Residue Depth

Figure S9: Distribution of residue depth for stabilising and destabilising mutations in
ThermoMutDB.



Protein Class

All beta

Alpha and beta (a+b)

Alpha and beta (a/b)

All alpha

SCOP classification

Small proteins

500 1004 1500
Unigque mutations

=]

Figure S10: Distribution of mutation on ThermoMutDB based on protein classification
according to SCOP.



Distribution by Secondary Structure

Alpha Helix
Strand
Bend

Turn

None

Isolated beta-bridge

Secondary Structure

3-10 Helix

Pi Helix

250 500 750 1000 1250 1500 1750

Unique mutations

o

Figure S11: Distribution of mutation on ThermoMutDB based on secondary structure.



Table S1: Information content of ThermoMutDB

Content Description Measure (if | single multiple
there is)
Protein Information
Protein name Protein Name X X
Source Protein Organism X X
Uniprot Uniprot Code X X
PDB wild Protein Data Bank code X X
PDB mutant PDB code for mutant (when is X X
available)
PDBs template PDBs used as a template to model X X
wild_type (when is available and
necessary)
Length Length of sequence X X
Weight Molecular weight X X
PIR ID Protein Information Resource X X
SWISSPROT ID Code of Swiss-Prot (Revised X X
Entries)
Mutation Three-digits mutation code X X
Mutated chain Mutated chain X X
Structure mutations Number of mutations in the structure X X
Structure coverage Structure coverage X X
Mutation count Number of mutations X X
Experimental Conditions
Temperature Experimental temperature Kelvin (K) X X
pH Experimental pH X X
Measure Experimental techniques for X X
studying protein folding.
Method Techniques to denature a protein X X




Thermodynamic data

AAG Variation of Free Gibbs Energy on kcal/mol™ X
the experiment
ATm Variation of Melting Temperature on | Kelvin (K) X
the experiment
Structural environment
SST Secondary Structure classification X
RSA Relative accessible surface area X
PHI Phi angle value X
PSI Psi angle value X
Residue Depth The average distance of atoms of X
wild-type residue from the solvent
accessible area
CA Depth The average distance of atoms of X
CA from the solvent accessible area
Relative B Factor Temperature factor X
Substitution matrices scores
Blosum 62 BLOSUM 62 matrix score X
Pam 250 PAM 250 matrix score X
Pharmacophore changes
POS Positive X
NEG Negative X
ACC Hydrogen bond acceptors X
DON Hydrogen bond donors X
ARO Aromatic rings X
SUL Sulfuric acid X
NEU Neutral X
Literature information
Reference Publication reference X
PMID Pubmed code of publication X




DOI

Digital Object Identifier of publication

YEAR

Year of publication
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4. VIGILANCIA GENOMICA NA PANDEMIA DE COVID-19

A doenca do coronavirus 2019 (COVID-19) é a expressao clinica da nova infeccao
pela sindrome respiratéria aguda grave do coronavirus 2 (SARS-CoV-2) que teve inicio no
ano de 2019 em Wuhan, na China [28]. No ano seguinte, em Marco de 2020, a Organizagao
Mundial da Satde (OMS) classificou a doenca como Emergéncia de Sadde Publica de
Importancia Internacional e posteriormente como Pandemia. Muitas preocupagdes entdo
comecaram a surgir, principalmente devido a rapida disseminagdo do virus e a incapacidade
da maioria dos hospitais atenderem a alta demanda por hospitalizacdes [66—68].

O SARS-CoV-2 pertence a uma grande familia de virus, a Coronavirus. Os
coronavirus sdo virus de RNA de cadeia simples positiva (+ssRNA) distribuidos largamente
entre humanos, outros mamiferos e passaros, causando doencas respiratorias, entéricas e
neurologicas [69]. Assim como grande parte das doencas virais, a COVID-19 pode ser
contraida principalmente através de goticulas de saliva transmitidas pelo ar, através do
contato direto com uma pessoa infectada, ou ainda, indiretamente, através de superficies
contaminadas com o virus. Devido a sua alta capacidade de transmissdo, infeccdo e
adaptacdo, medidas para contencdo do virus passaram a ser recomendadas pela OMS e
implementadas no mundo todo. Para além das medidas de restricdao e isolamento, a vigilancia
genomica tem sido consistentemente utilizada para monitorar a evolucdo e transmissao do
virus e também identificar novas variantes de preocupacdo que frequentemente emergem, em
razao da sua alta capacidade de mutagao [70].

A vigilancia genomica é o processo de monitoramento constante de patogenos e
analise de suas semelhancas e diferencas genéticas. Ela ajuda pesquisadores,
epidemiologistas e autoridades de satide publica a monitorar a evolucdo de agentes de
doencas infecciosas, alertar sobre a disseminagao de patégenos, além de adaptar intervengoes
e recomendacOes para o publico. Além disso, a vigilancia genomica é essencial para se
desenvolver e adaptar contramedidas como vacinas para mitigar ou acabar com a propagacao
de doencas [70].

Durante a pandemia, o Comité de Emergéncia do Regulamento Sanitario
Internacional para COVID-19 recomendou repetidamente que os estados fortalecessem as
estratégias de vigilancia genémica e também que fornecessem financiamento regular para
bens globais especificos, incluindo sequenciamento gendmico [71,72]. A vigilancia gendmica
combina dados gendmicos e epidemiologicos com ferramentas de bioinformatica, gerando

informac0es essenciais para a compreensdo da origem e futuro do virus. Um sistema continuo


https://sciwheel.com/work/citation?ids=8159772&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=8505598,8248511,8415599&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0
https://sciwheel.com/work/citation?ids=8131301&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12792104&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12792104&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13715622,13715608&pre=&pre=&suf=&suf=&sa=0,0

98

e estruturado de gendmica viral, epidemiologia e bioinformatica, integrado com dados de
vigilancia, pode fornecer dados valiosos para a busca de respostas adequadas a emergéncia e
reemergéncia de virus [73].

A vigilancia eficaz requer a coleta de dados de sequéncia suficientes de populagdes
representativas para detectar novas variantes e monitorar as tendéncias nas variantes
circulantes. Todos os virus sofrem mutagdo a medida que se replicam e se espalham em uma
populacdo, dessa forma, toda vez que o SARS-CoV-2 se replica, hd uma oportunidade para
modificacdo do virus. Quando uma dessas mudangas afeta a capacidade do virus de se
espalhar ou causar doengas, ele pode adquirir uma vantagem competitiva sobre as outras
linhagens de SARS-CoV-2. Com o tempo, certas linhagens com essas vantagens tornam-se
mais prevalentes e circulam em uma populacdo. Quando uma linhagem ou grupo de
linhagens possui caracteristicas que impactam a saide publica, o Centro para Controle de
Doencas e Prevencao (CDC) pode classifica-las como uma Variante de Interesse (VOI) ou

Variante de Preocupacdo, do inglés, Variant of Concern (VOC) [74].

4.1. VIGILANCIA GENOMICA NO CONTINENTE AFRICANO

Embora o continente Africano conte com uma pequena propor¢ao global de casos e
mortes reportados, alguns paises africanos tém desempenhado um papel fundamental na
resposta a pandemia através dos seus esforcos de sequenciamento gendémico. Duas das cinco
VOCs de importancia global, Beta e Omicron, por exemplo, foram identificadas na Africa,
além de duas subvariantes da Omicron (BA.4 e BA.5). Essas contribui¢des foram possiveis
gracas ao dedicado sistema de vigilancia gendmica, sequenciamento em tempo real e esforcos
para liberagdo dos dados que vém sendo fomentados no continente [75-77].

O artigo “The evolving SARS-CoV-2 epidemic in Africa: Insights from rapidly
expanding genomic surveillance” (Apéndice A) discute como alguns paises da Africa
aumentaram a capacidade de vigilancia gendmica no continente e apresenta os resultados
obtidos depois de mais de dois anos de esforcos que foram capazes de sequenciar mais de

100.000 genomas de SARS-CoV-2.
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4.2. SARS-COV-2 AFRICA DASHBOARD: AN INTERACTIVE TOOL FOR

VISUALIZING COVID-19 GENOMICS DATA

Esta secdo apresenta o desenvolvimento do SARS-CoV-2 Africa Dashboard, uma
ferramenta interativa de visualizacdo de dados gendmicos para o continente africano em
tempo real. A principal motivacdo do desenvolvimento da aplicacdo foi permitir que
tomadores de decisdo e a populacdo em geral tenham acesso as informacgoes provindas dos
dados genomicos de COVID-19 produzidos pelo continente africano, um dos lideres no
combate a COVID através de vigilancia gendmica no sul global [78].

Esta secdo é apresentada em formato de artigo com seu respectivo material
suplementar. O artigo apresentado foi publicado na Nature Microbiology (fator de impacto
30,964) em outubro de 2022. Este trabalho também ganhou segundo lugar entre os melhores
posters do modulo NGS no 26° Bioinformatics Workshop on Virus Evolution and Molecular

Epidemiology (VEME) (Anexo D).
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The SARS-CoV-2 Africa dashboardis an
interactive tool that enables visualization of
SARS-CoV-2 genomicinformationin African
countries. The customizable app allows users
to visualize the number of sequences deposited
in each country, and the variants circulating
over time. Our dashboard enables near
real-time exploration of public datathat can
inform policymakers, healthcare professionals
and the public about the ongoing pandemic.

COVID-19is the clinical manifestation of severe acute respiratory syn-
drome coronavirus 2 (SARS-CoV-2) infection'. The COVID-19 pandemic
hasbeen ongoing for more thantwo years, with the first case of COVID-
19 in Africa reported in Egypt in mid-February 2020 (ref. ?). The first
SARS-CoV-2genome sequenced in Africawas reported in March 2020
(ref.®). Genomic sequencing and surveillance have played a crucial
roleinmonitoring and mitigating the COVID-19 pandemic. There have
been approximately 12 million cases and more than 256,000 deaths
reported to date in Africa*, and African countries have contributed
substantial amounts of genomic sequencing data to global agencies.
For example, two of the five variants of concern (Beta and Omicron)
were first identified in Africa through genomic surveillance systems
and real-time sequencing and data release™®.

During the first year of the pandemic, SARS-CoV-2 genomes from
Africa were mainly produced for a small number of countries with
genomes available from 38 of the 54 African countries’. Subsequently,
the Africa Centres for Disease Control and Prevention (Africa CDC) and
the World Health Organization Regional Office for Africa(WHO AFRO)
invested in capacity building and provided resources to equip more
African countries to produce genomes locally®. For example, the Afri-
can Union Commission and Africa CDC launched the Africa Pathogen
Genomics Initiative (Africa PGI) with aninitial investment of US$100 mil-
lion. Currently, more than100,000 genomes, originating from 51 African
countries and 4 independent overseas territories, are publicly available
from Global Initiative on Sharing Avian Influenza Data (GISAID)’.

Dashboards for live COVID-19 information

Online dashboards presenting global and regional COVID-19 data,
including case numbers, reported deaths and vaccination rates, have
proliferatedince the onset of the pandemic'® "%, These dashboards have
avitalroleinguiding the public health response and decision-making by
policymakers, public health officials and scientists®. Data visualization

indashboards also keeps the public abreast of the state of the pandemic.
Examples of genomic dashboards include the Welcome Sanger Insti-
tute’s COVID-19 Genomic Surveillance dashboard (https://go.nature.
com/3U9wS8R) and the COVID-19 Genomics UK Consortium dashboard
(https://go.nature.com/3Fw32r2). These dashboards include the num-
ber of genomes sequenced and the proportion of variants identified
inthe sequenced genomes, as well asinformation on the mutations in
the lineages of interest. Although these dashboards display important
genomic information about England, there was initially no genomics
dashboard for the African continent. We therefore set out to devise a
dashboard that provides real-time analytical tools for visualization of
agenomics-oriented understanding of the state of the pandemic on
the African continent.

Datainputs for the SARS-CoV-2 Africa dashboard

The SARS-CoV-2 Africadashboard is an open-source web-based graphi-
cal user interface for presentation of the data produced by genomic
surveillance of COVID-19 on the continent, and for provision of details
of variants that are currently circulating. The dashboard is supported
by the main commercially available web browsers, including Google
Chrome, Mozilla Firefox, Microsoft Edge and Safari. The dashboard
collates all sequencing data available in GISAID, with metadatalinking
datatoaspecific countryin Africa, and uses these metadatato display
temporal and spatial trendsin SARS-CoV-2 evolutionin Africa. Genomics
dataareincorporatedinto the dashboard using an application program-
minginterface (API) viaan agreement with GISAID. The web application
processesit, and includes a data quality assessment that can eliminate
poor quality registers — for example, sequences assigned to a variant
that was submitted before the variant was identified (Fig. 1a).

Data processingin the SARS-CoV-2 Africa dashboard

SARS-CoV-2 genomes are accessioned on GISAID with contextual meta-
data (such as patient details, collection and sampling strategies, and
sequencing and assembly methods) that are subjected to curation by
GISAID before release. GISAID data can be freely accessed and down-
loaded by users after registration. The dataacquisition and processing
pipelines use Python 3.6 and the web interface is implemented using
Streamlit (https://go.nature.com/3DqDE30), with charts created using
Plotly™. The code can be locally installed for customizationina Conda
environment”. Code and dependencies can be installed by cloning
the Github repository, available at: https://go.nature.com/3WjtMRw.

Performance of the SARS-CoV-2 Africa dashboard

To evaluate dashboard performance, weimplemented an experiment
using ApacheBench version 2.3 (https://go.nature.com/3WjtZEi) and
varying for different levels of concurrency (10, 100, 500 and 1,000
simultaneous access). For each level of concurrence, we performed
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Fig.1|Incorporation of SARS-CoV-2 data into the SARS-CoV-2 Africa
dashboard. a, An overview of the main features of the interface. b, General filters
that allow users to select the data of interest. ¢, Figure controls that allow users to

enable and disable legend elements and labels, select a part of the figure, zoom time, based on the filter selection (b).

inand out, and download the plot. d, A tabulated description and mutation map
thatis provided for variants of interest and/or importance at the time of access.
e, Atimeline player that displays the mapped progression of the pandemic over
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Fig.2| A case study of Omicronspread. The case study scenario screenshot shows how to investigate Omicron spread in Namibia and neighbouring countries using
the filters and charts provided by the SARS-CoV-2 Africa dashboard interface. Logo courtesy of the GISAID Initiative.

5,000requisitions, which showed that the dashboard performed well
forsimultaneous access. For example, inthelastlevel (1,000 requests),
only 0.08% of the total requisitions were not answered. All requests for
0-1,000 were completed within an average 1.862 to 25.841 ms (Sup-
plementary Table 1). The dashboard provides interactive visualiza-
tions of the temporal and spatial distributions of SARS-CoV-2 variants
and their prevalence across different African regions and countries.
Severalfilters are provided to customize the visualizations according
to user needs. The main features of the interface are four modules
(Fig.1b—e): generalfilters allow users to select the data of interest, figure
controls allow users to customize the display and snapshot a desired
plot, a tabulated weekly summary of variant details is provided, and
drop-down mutation maps for variants that are of interest can be used.
Wealsoincluded atimeline player that displays the progression of the
pandemic over time, based on user-defined filter selections.

Case study for Omicronspread

Ahypothetical example of the application of this dashboard is shown
inFig.2.Thescenarioisthat the Minister of Health in Namibiawants to
understand the spread of the Omicron lineage in neighbouring coun-
tries after reports of Omicronin South Africaand Botswana, to better
understand how Namibia may be affected. The users would use filters to
display the number of Omicron lineage genomesin each neighbouring
country. In Fig. 2, on the left-hand side panel of the dashboard, there
are filters that allow data for specific countries, specific regions or all
countries to be shown. In this example, Namibia and its neighbouring
countries (South Africa, Botswanaand Angola) have been selected. On
theinteractive map titled ‘Genomes per country’, the metric ‘Genomes

by variant” has been selected. In this case, the Omicron variant was
selected. As seenin Fig. 2, if the cursor is hovering over a country on
the map, the name of the country, the number of genomes produced
by that country and the date are displayed.

When studying the figures on the dashboard with these filters
applied, one can see that the proportion of genomes deposited in
GISAID at the end of October 2021 is dominated by the Delta lineage,
with few remnant Beta genomes. Within the first two weeks of Novem-
ber 2021, the Omicron BA.1lineage rapidly increased to comprise 19% of
allgenomes. Watching the sliding scale animation for Omicron lineages
on the map displays the early detection of the lineage in South Africa,
with swift progression from a low (light pink) to high (dark purple)
number of cumulative genomes. From these visualizations, the minister
would be aware of the rapid spread of Omicron and its growth advan-
tage over Delta, and would be able to see that, at that time, Omicron
had the potential to be the dominant variant in southern Africa. The
minister would be empowered with theinformation needed to enable
consultation with local researchers, public health officials and clini-
cians for the provision of local and regional public health responses
to mitigate the effects of Omicron on the population.

Outlook

Numerous dashboards for global and regional COVID-19 data, such as
case numbers, reported deaths and vaccination rates, have proliferated
since the onset of the COVID-19 pandemic. These dashboards have
beenvitalin guiding the public health response and decision-making
by policymakers, public health officials and scientists". Data visualiza-
tions produced by these dashboards have also been useful for keeping
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the publicinformed. Genomic surveillance of SARS-CoV-2 has been
crucial in monitoring the progression of the pandemic, particularly
in the low-vaccination landscape of Africa, where globally important
variants have emerged and are likely to continue to appear.

Africa has generated a wealth of genomic surveillance data, with
morethan129,000 SARS-CoV-2 genomes currently available on GISAID.
The SARS-CoV-2 Africa dashboard is the first detailed online, real-time
andinteractive tool produced for the Global South. It provides simple and
clear graphics thatare easy tointerpretand equips developerstoanalyse
and visualize the data themselves, by allowing manual input of data via
customcsvfiles, formatted as per the provided template (Supplementary
Information). Our dashboard makes often intimidating and complex
genomicdataaccessible toallusers,and canbe used toinform policy and
guide the publichealthresponsein Africaand for Africa. All datasets used
in our dashboard are in publicly accessible repositories. Genomic data
are available from the GISAID database (https:/www.gisaid.org/). The
SARS-CoV-2 Africadashboard s freely available at https://climade.health/
dashboard/covid-africa/. Source codeis available at https://github.com/
CERI-KRISP/SARS-Cov-2-Africa-dashboard. Supplementary methods are
available at https://doi.org/10.25413/sun.19722025.
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Supplementary table 1. Benchmark for SARS-CoV-2 Africa Dashboard concurrent

requests:*

Concurrence Complete Failed requests |Requests per Time per request **
level requests second (mean) |[[ms] (mean)

10 5000 0 38.7 25.841

100 5000 0 225.45 4.436

500 5000 0 536.93 1.862

1000 5000 4 373.66 2.676

* All the experiments were performed using the same wifi network

*%* Across all concurrent requests.
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HOW TO USE SARS-CoV-2 AFRICA DASHBOARD

SARS-CoV-2 Africa dashboard requires input data in two ways: by using a GISAID APl or a
custom tsv file formatted as per the provided template. To use an API, the developer is
required to enter into a Data Provision Agreement with GISAID. The use of an API allows
for automatic updating of the dashboard. Here we show two tutorials on how to use the

SARS-CoV-2 Africa dashboard online and also how to reproduce the code locally.

Tutorial 1. Using SARS-CoV-2 Africa Dashboard online: an example use case

Filter data Filter data Filter data
select Countries to show Select Countries to show Select Countries to show
© show all countries Show all countries Show all countries
Select reglon o Select region Select region
Select one or more countries Salect one oF More countries o Select ane or more countries
select variants to show What region do you want b analyze? What countries de you want to analyze?
— [ sounsiica_x ]
o a

Other Lineages X

Select a range of time to show Northern Africa and Arlgola
2820-88-15 2022-32-15 a ':.
L &
2828-81-15 2022-84-38

et ters s at SARS-COV-2 AFRICA DASHBOARD

Seguences seleched Countries seleched Enable by data from ‘ :J E! i ! I B ’
103 :482 55 Showing results from all countries in Africa continent

Supplementary figure 1: Use case example of filtering data selections to customize
the SARS-CoV-2 variant, geographic and temporal data display on the SARS-CoV-2
Africa Dashboard.

When accessing the dashboard online, the default settings are to display the data for
all African countries (Show all countries), for all SARS-CoV-2 variants (Select
variants to show) with the full-time range of available data (Select a range of time to
show). Filters may be applied with radio buttons and drop-down menus to customize
the geographic distribution of data on the dashboard display. Similarly, a drop-down
menu allows for specific variants to be chosen. A simple sliding time window may be
used to adjust the temporal range of the display. These filters are applied with the

Showing results from Southern Africaand  showing results from South Africa, Kenya,



‘Filter data’ button as shown in panel [1]. When filters are implemented the number of
sequences and countries selected, shown below the Reset filters and Filter data
buttons, are updated. The dashboard display will also update to show which region or
countries have been selected for data visualization [panel 2].

The ‘Select countries to show’ filter has three radio buttons to show all countries,
select regions, and select one or more countries. When ‘select region’ is chosen, a
drop-down menu becomes available with six African regions for selection. Multiple
regions may be chosen [3] which will display in text on the dashboard [4]. When the
‘Select one or more countries’ radio button is selected, a drop-down menu with the list
of African countries is displayed [5 and 6]. Any applied filters of region, countries,
and variants may be removed by clicking on the exit button (X) of the particular filter
or by pressing ‘Reset filters’ [1].

Download plot as png Lasso select
Spike lines

t Pan I—Zoom infout ‘ — Show data on hover

| K
4 m »
| | |

Zoom Box select Autoscale |—Resetaxis View fullscreen

Alpha Beta Gamma Other Lineages Compare data on hover

AT

Supplementary figure 2: Several figure controls are available to download and
modify the selected plot.

Figure controls are available on the top-right corner of each plot, their functions are as
follows:

e Download the plot in png format
The zoom control magnifies the area of the figure beneath the mouse cursor
Pan around the figure
Box select and lasso select controls may be used to highlight a particular area
of the figure while the remaining portions of the figure are grayed out
Zoom in (+) and zoom out (-)
Autoscale automatically resizes the figure for a better visualization

Reset axis resets the axes and figure size to the original display size

Spike lines display a vertical and horizontal line from the mouse cursor
location to the spike base on the x- and y- axes of the plot



e Show data on hover control enables the display of a single data label for the
point directly beneath the mouse cursor

e (Compare data on hover control allows for the display of multiple data labels for
the point directly beneath the mouse cursor

e View fullscreen switches the active window to a full-screen view of the specific
figure



Tutorial 2. Using SARS-CoV-2 Africa Dashboard offline

1. Download the code at https://github.com/joicv/SARS-Cov-2-Africa-dashboard

Go to file Add file - m

[ clone @

HTTPS 55H GitHub CL

Jportion https://github.com/joicy/SARS-Cov-2-AT (O]

Use Git or checkout with SWVIN using the web URL.

yporiicey [) Download ZIP

< FULILALT LN

2. Install the dependencies using Conda environment:
Start by opening your terminal and going into the project folder

(base) joicy@joicy-pc:~% cd SARS-Cov-2-Africa-dashboard/
(base) joicy@joicy-pc:~/SARS-Cov-2-Africa-dashboard$ conda env create -f requirements.yml[]

Type: conda env create -f requirements.yml

Activate the conda environment:

(base) joicy@joicy-pc:~/SARS-Cov-2-Africa-dashboard$ conda activate SARS-Cov-2-Africa-dashboard

({SARS-Cov-2-Africa-dashboard) joicy@joicy-pc:~/SARS-Cov-2-Africa-dashboards []

Type: conda (or source) activate SARS-Cov-2-Africa-dashboard, the name of
the environment will appear at the beginning of the line.

3. Now, you can run the dashboard using your own metadata or via setting up a
GISAID API.


https://github.com/joicy/SARS-Cov-2-Africa-dashboard

Using metadata:
e Edit config.py file and set data_source variable with your option:
data_source="metadata"

data source

e C(reate your metadata based on data/template_metadata.csv (required columns
shown below) and save it in data/metadata.csv

A B | ¢ | b | E | |
1 |lineage collection_date subm_date region country province
2 |B.1.351 2021-03-18 2022-02-21 Africa Kenya | Mairobi
3 |B.1.612 2020-12-01 2021-06-24 |Africa |Gabon

4 |B.1.351 2020-12-01 2021-06-24 Africa |Gabon

5 |B.1.612 2021-01-01 2021-06-24 Africa |Gabon

6 |B.1.351 2021-01-01 2021-06-24 Africa |Gabon

Using GISAID API:
e Edit config.py and set data source variable with your option:
data_source="GISAID API"

e Work with GISAID to get a Data Provision Agreement.

e Define the following environment variables in config.py:
o GISAID URL
o GISAID USERNAME
o GISAID PASSWORD

data_source

GISAID URL
GISAID USERNAME
GISAID PASSWORD

e Perform the edits required to customize your data if your needs differ from the
standard in source/data_process.py

e If your data is not from the African continent, you must replace the geojson file

in data/africa.geojson. We recommend this repository for accessing geojson
files.



https://github.com/plotly/plotly.js/tree/master/dist/topojson
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5. DISCUSSAO

E evidente que as ferramentas de Ciéncia de Dados tém sido essenciais para o avanco
das pesquisas em todas as areas do conhecimento e para a Bioinformatica ndao é diferente.
Com vacinas sendo desenvolvidas em tempo recorde, como aconteceu recentemente com as
vacinas para COVID-19 [79], empresas lideres no sequenciamento de genomas
desenvolvendo solucdes cada vez mais rapidas e baratas [80], podemos ter uma clara nogao
da importancia e do quanto a velocidade da producdo de dados bioldgicos pode ainda
aumentar.

Atentos a necessidade de dados cada vez mais acurados, significativos e informativos,
iniciativas tém surgido no sentido de buscar solu¢des para o compartilhamento e reutilizagao
de dados provenientes de experimentos cientificos. Essas iniciativas podem ter o intuito tanto
de criar novos métodos quanto de informar a populacdo acerca do desenvolvimento de uma
nova doenga, por exemplo. Nesta tese, apresentou-se dois projetos que propdem solugdes,
respectivamente, para esses dois cenarios. No primeiro, deparou-se com um cenario de uma
importante area de estudo, a termodinamica de proteinas, que enfrentava ha 15 anos uma
barreira em relagdo a obtencdo e curadoria de dados. No segundo, foi identificado uma lacuna
entre a enorme quantidade de dados gerados a partir do trabalho de vigilancia gendmica
realizado no continente africano e a efetiva comunicacdo desses dados como ferramenta de
tomada de decisao pela comunidade e gestores ptiblicos.

As solugOes propostas para os dois casos, envolveu a engenharia de dados em
diferentes frentes. No primeiro caso, é proposto uma abordagem de bases de dados
manualmente curada a partir de dados da literatura que tem por objetivo continuar sendo
mantida através da colaboracdo das partes interessadas. No segundo caso, foi desenvolvido
um dashboard interativo que facilita o entendimento dos dados através de visualizagdes que
permitem andlises de formas diversas.

O ThermoMutDB, uma base de dados termodinamicos de mutacGes missense de
proteinas dos mais diversos organismos, foi desenvolvida através da dupla checagem da base
de dados Protherm [18] e aquisicdio de novas entradas através de busca na literatura.
Atualmente, os dados do ThermoMutDB se encontram em sua 3* versao, totalizando 13.337
entradas manualmente curadas. A confirmacdo da relevancia do trabalho, amplamente
discutida neste documento e também no artigo publicado, se da ja no processo de submissao

do artigo. Na mesma edi¢ao em que o ThermoMutDB foi publicado (2021 Database Issue do


https://sciwheel.com/work/citation?ids=13738335&pre=&suf=&sa=0
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NAR) outros dois artigos para bases de dados thermodindmicos também foram aceitos
[81,82], incluindo o préprio Protherm, que voltou a ser atualizado depois de 15 anos.

Essa retomada do interesse em dados termodinamicos indica uma necessidade que
vinha sendo criada por esse hiato deixado pelos autores do Protherm, paralelamente a
necessidade do desenvolvimento de ferramentas que utilizam esses dados. Em pouco mais de
um ano da sua publicacdao, o ThermoMutDB tem, até a data da escrita, 25 citagdes, sendo que
7 delas sdo referentes a trabalhos que propdem novos métodos e/ou ferramentas. Além disso,
como detalhado no ANEXO B, a base de dados tem sido largamente utilizada no mundo
todo, contando com mais de 1.800 usudrios unicos adquiridos nesses dois anos de publicacao.
Para além dos acessos, usudrios tém contribuido com a continua curadoria dos dados,
reportando erros quando sdo encontrados, o que permite com que o0s dados sejam
continuamente revisados e atualizados. Atualmente, uma nova ferramenta, chamada
LitCurate, vem sendo desenvolvida para apoiar o processo de curadoria nao s6 do
ThermoMutDB quanto de outras bases curadas a partir de dados da Literatura. O LitCurate
permitira que a criacdio de comunidade para curadoria dos dados proposta pelo
ThermoMutDB seja ainda mais eficiente. Mais detalhes a respeito dessa nova ferramenta
serdo discutidas na secdo Perspectivas Futuras.

Por sua vez, o SARS-CoV-2 Africa Dashboard, uma ferramenta web para visualizacao
interativa de informacGes a partir de dados genémicos de COVID-19 do continente Africano
depositados no GISAID. O GISAID é uma iniciativa ptublico-privada para armazenamento e
compartilhamento de dados de COVID-19 e outros virus. Em razdo dos termos de uso
praticados por esta iniciativa e pela enorme quantidade de dados em questdo, o acesso a essas
informagdes ndo é trivial para a populacdo em geral e tomadores de decisdo, como
governantes, dirigentes de hospitais, entre outros. Adicionalmente, alguns paises do
continente africano tém liderado os esforcos de vigilancia genémica de COVID-19 desde o
inicio da pandemia e portanto, também é importante para o mundo observar o que acontece
neste continente. O desenvolvimento do dashboard passa a propiciar, para uma enorme
quantidade de pessoas dos mais diferentes niveis de entendimento gendmico, uma ferramenta
que lida, de forma simples e interativa, com os valiosos dados produzidos pelo continente.

Além de fazer analises simples, o dashboard também tem a proposta de auxiliar outros
grupos no desenvolvimento de novos dashboards regionais através da reutilizacdo do seu
codigo. 0] codigo é disponibilizado no Github
(https:/github.com/CERI-KRISP/SARS-Cov-2-Africa-dashboard) e pode ser replicado

livremente. As tecnologias de desenvolvimento utilizadas também foram planejadas para
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serem de simples utilizacdo por qualquer pessoa com nivel de programacdo basico,
fomentando e facilitando assim sua disseminacdo. Embora o dashboard tenha sido
disponibilizado recentemente e ainda nao tenha sido oficialmente publicado, ja conta com um
consideravel numero de visitas, 56 acessos tnicos, confirmando o interesse dos usuarios no
seu conteido. Muito ainda se pretende fazer e aperfeicoar, como serd discutido nas
perspectivas futuras, incluindo a replicacio do dashboard para outros patogenos e a
implementacdo de ferramentas que permitam a andlise dos dados gendmicos em si através do
upload por parte do usuario de arquivos FASTQ, por exemplo.

Ambas as solugoes se mostraram eficazes e promissoras para dar suporte ao avanco
das pesquisas em suas areas de atuacdo. Além do mais, ambas sdo replicaveis e servem como
trabalho inicial para o desenvolvimento e aplicagdo de novos paradigmas relacionados a
dados biologicos, de satide e de bioinformatica que se mostram tdo proeminentes para um

futuro préximo.
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6. PERSPECTIVAS FUTURAS

Durante o desenvolvimento dessa pesquisa, aprendizados transversais e solugoes para
problemas no entorno do desenvolvimento das ferramentas, foram gerando novos trabalhos
que culminaram na criacdo de um novo laboratério de pesquisa focado principalmente na
Curadoria de Dados Biologicos, Desenvolvimento de Ferramentas de Predicdo e
Disponibilizacdo de Dados. O Laboratorio de Bioinformatica e Inteligéncia Artificial (BIA)
ja possui colaboragOes estabelecidas e alguns trabalhos em andamento que podem ser
divididos em duas infraestruturas gerais: Um ecossistema de curadoria de dados e o
desenvolvimento de uma plataforma de Data Lake e ML.Ops (Machine Learning Operations),

ilustrados na Figura 3.
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Representacao da integracao entre as propostas de trabalhos futuros. A.

Ecossistema de curadoria de dados: Dois projetos compdem a curadoria de dados, sendo o
primeiro, Litcurate uma plataforma para curadoria de dados da literatura envolvendo
interacdo humana suportada por Aprendizado de Méaquina. O segundo projeto tem foco na
curadoria de bases de dados hierarquicas utilizando Aprendizado de Maquina Ativo, que
também envolve colaboracdo humana. B. Proposta de infraestrutura de Data Lake e
ferramentas de MLOps para integracao dos dados gerados pelo ecossistema de curadoria com
bases de dados de terceiro com o objetivo de gerar bases de dados integradas, dashboards
interativos, modelos de Machine Learning e analises de dados que possam ser atualizadas em
tempo real, se necessario.
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6.1. ECOSSISTEMA PARA CURADORIA DE DADOS

A primeira infraestrutura, o ecossistema para curadoria de dados (Figura 3A), nasce
das licdes aprendidas com a curadoria do ThermoMutDB e também da colaboracdo para
avaliacdo de abordagens hierarquicas de aprendizado de maquina para classificar bancos de
dados biologicos [83,84]. Em ambos os casos, pretende-se criar uma comunidade ou
pequenos consércios de pessoas interessadas nos dados que estdo sendo tratados/verificados
para que essas possam trabalhar cooperativamente com modelos de ML na curadoria dos
dados.

No primeiro caso, apresentamos o LitCurate, um projeto que ja esta em andamento,
cujo foco principal é apoiar a curadoria manual e, no futuro, automatizar todo o processo de
recuperacdo de dados. O LitCurate tem foco nos artigos indexados pelo Pubmed', que
compreende a maior parte da literatura biomédica publicada em revistas relevantes.
Utilizamos os PMIDs (Pubmed Identifiers), selecionados para compor o ThermoMutDB e
também aqueles que foram excluidos durante a curadoria, para treinar e avaliar um modelo de
ML para recuperacao de artigos do Pubmed, utilizando a ferramenta LitSuggest [85]. O
LitSuggest é um sistema que utiliza aprendizado de maquina para recomendagdo e curadoria
de literatura do Pubmed. Os PMIDs de interesse (positivos) e de ndo interesse (negativos) sao
passados como entrada para o LitSuggest, que treina um modelo para aquele projeto
especifico e a partir dai pode sugerir semanalmente novos artigos com suas respectivas
probabilidades de pertencerem a busca desejada.

Uma API (do inglés, Application Programming Interface) para ingestdo da
compilacdo dos dados do LitSuggest para dados termodindmicos de mutag¢ées, assim como 0s
resultados dos dados recuperados estao sendo validados.

Uma vez recuperados 0s artigos, o nosso sistema, o LitCurate, que ira segmentar os
usudrios para cada base de dados de interesse, e ainda diferencia-los entre Curador (usudrio
iniciante que faz a anotacdo dos dados) e Especialista (usudrio experiente que pode, além de
fazer a anotacdo, verificar artigos que foram anotados). Na primeira versao do sistema, essa
anotacao sera feita através do preenchimento dos dados em formulério especifico para cada
base de dados. Em trabalhos futuros, pretende-se investigar modelos de atengao baseados em
NLP (do inglés, Natural Language Process) [86] que devem ser capazes de indicar no artigo

onde possivelmente a informacdo buscada esta. Com essa funcionalidade serd possivel

! https://pubmed.ncbi.nlm.nih.gov/
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reduzir consideravelmente o tempo de trabalho do curador. Uma vez que estes modelos forem
avaliados e validados, podera ser possivel eliminar o papel do curador, através da recuperacao
automatica dos dados nos artigos, restando apenas os especialistas, responsaveis pela dupla
checagem das anotacdes.

Por fim, os dados recuperados sao entdo utilizados para geragao e atualizacdo de bases
de dados biomédicas. Além do ThermoMutDB que serda mantido por essa infraestrutura,
pretende-se dar inicio em breve, a uma nova base de dados de epitopos, que sao utilizados
para o desenvolvimento de ferramentas para apoiar o desenvolvimento de vacinas e
imunoterapias.

O segundo projeto que integra o ecossistema de curadoria de dados é relacionado a
bases de dados hierdrquicas. Grande parte dos conjuntos de dados bioldgicos tém uma
natureza hierdrquica, como taxonomia do organismo [87,88], dominios estruturais de
proteinas [89,90], vias metabolicas [91], entre outros. Assim como as demais bases de dados
discutidas aqui, essas bases também estdo passiveis de erros e apresentam desafios
particulares de classificacdo, devido a hierarquia. [92] prop6s um framework para avaliacao e
classificacdo de bases hierarquicas utilizando aprendizado de maquina.

Para esse projeto, pretendemos utilizar o framework proposto por [92], associado ao
Aprendizado Ativo [93,94]. O Aprendizado Ativo, em linhas gerais, é uma técnica de
aprendizado de maquina semi-supervisionado com que € possivel treinar um modelo a partir
de um pequeno conjunto de dados, e, a medida que amostras sao treinadas, o algoritmo usa
esse conjunto para treinar as demais. O aprendizado ativo utiliza-se também de um oréaculo,
que sera consultado toda vez que surgir um rotulo ambiguo no processo. Os usuarios do
ecossistema poderdo colaborar com o processo, sendo esse oraculo.

Uma aplicacdo possivel para esse tipo de anotacdo, para além da reclassificacao de
bases de dados, ¢ a deteccdao de novas variantes, por exemplo. Usualmente, os algoritmos de
ML utilizados para anotacao de sequéncias genémicas tentam classificar uma nova sequéncia
a uma nomenclatura ja conhecida. O aprendizado ativo pode auxiliar a identificar que aquela
sequéncia pode ainda ndo ter uma nomenclatura conhecida, no momento que ela chega como
entrada para o modelo. Dessa forma, ao invés de continuar tentando classificar o que é
desconhecido, o modelo devera consultar o oraculo, que terd a tarefa de fazer essa

verificacgdo.
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6.2. DATA LAKE E PLATAFORMA DE MLOPs

Levando em consideracdao a enorme quantidade de dados e a diversidade de tarefas
possiveis para serem realizadas com esses dados, como integracdo entre bases de dados,
incluindo bases de dados de terceiros, e a complexidade envolvida no gerenciamento,
versionamento, transformacdo e seguranca desses dados, uma infraestrutura de Data Lake
[95] esta sendo desenvolvida. Além da preocupacao relacionada aos dados, surge também a
necessidade de se acompanhar o ciclo de vida de um modelo de ML, area que é o foco do
MLOps [96]. As ferramentas de MLOps visam reunir um conjunto de melhores praticas para
implantar e manter modelos de ML em producao [96-99], o que permite o re-treinamento
continuo dos modelos.

Como mostrado na Figura 3B, a arquitetura é dividida em camadas, que vai da
Ingestdo de Dados, que pode ser de diferentes fontes e formatos, até a disponibilizacdo desses
dados para analises, sistemas de ML, dashboards, etc. Algumas das caracteristicas da
arquitetura de Data Lake estd na capacidade de centralizacdao de dados de diversas fontes em
um sO lugar, ao mesmo tempo que aceita dados estruturados, semi-estruturados e
ndo-estruturados, tem baixo custo e também suporta regras de seguranga e protecdo de dados.

Uma prova de conceito foi feita, por um dos alunos do BIA, utilizando dados do
ThermoMutDB e do SARS-CoV-2 dashboard para as duas primeiras camadas do Data Lake
(ingestdo e caching). Além disso, essa arquitetura esta sendo planejada para atender também
a necessidade do INFORM Africa consortium, um hub de Pesquisa em Ciéncia de Dados
financiado pelo National Institutes of Health (NIH) para Descoberta e Inovagao em Satide na
Africa (DS-1 Africa). O INFORM Africa é um consoércio de 5 anos, composto por 3 projetos
que buscam identificar interseccoes entre pacientes de COVID-19 e HIV. Esses projetos sao
suportados pelo Data Management and Analysis Core (DMAC) e Next Generation
Sequencing (NGS) Core, responsavel pelo desenvolvimento da plataforma em questdo. Nos
propusemos [100] e estamos desenvolvendo, uma arquitetura que sera capaz de capturar e
fornecer suporte de analise para dados relevantes, oportunos, precisos e coerentes que possam
ser interpretados e acessados por colaboradores em varios paises africanos.

Um outro projeto que integrara a plataforma de Data Lake e MLOps é o preditor de
mutacoes compensatorias, que deu inicio ao projeto do ThermoMutDB. Este preditor sera o
primeiro produto de todo o ecossistema, uma vez que utilizard os dados do ThermoMutDB,
advindos do ecossistema de curadoria, através do LitCurate, que devera ser ingerido,

transformado e gerenciado pelo Data Lake. Uma vez desenvolvido, o modelo de ML podera
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ser o primeiro da nossa plataforma a ser retreinado conforme a base de dados for atualizada,

utilizando os paradigmas e ferramentas do MLOps.
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7. CONCLUSOES

Nestre trabalho, exploramos dois tépicos relevantes para a Bioinformatica, um dentro
da Bioinformatica Estrutural e o outro na Vigilancia Genémica e em ambos, estratégias
particulares relacionadas a engenharia dos dados apareceram como tema central. Propusemos
duas abordagens, uma para curadoria e disponibilizacdo dos dados e a outra para integracao e
disponibilizacdo de informacdes através de visualizacGes interativas. As duas abordagens,
conjuntas, perpassam por todo o pipeline de Ciéncia de Dados, saindo dos dados brutos e
curadoria até a entrega de informacado titil para o publico alvo.

Durante o desenvolvimento das abordagens foi possivel entender e identificar as
particularidades associadas aos problemas biolégicos e biomédicos de cada area e propor
abordagens que, associados a tecnologias emergentes, podem ser aliadas na elucidacao de
questdes biologicas e de saude publica relevantes.

Propusemos uma abordagem para curadoria de bases de dados biomédicas baseada na
literatura que independe do esforco de uma instituicdo ou grupo de pesquisa, deixando essa
tarefa para a comunidade, a0 mesmo tempo que controla os usudrios colaboradores. A
rotulagem de dados recrutando pessoas envolvidas nas comunidades é uma das praticas
recomendadas pelo movimento Data Centric AI* e mostrou-se efetivo nesses primeiros anos
do ThermoMutDB, mesmo que ainda ndo tenha sido completamente estruturado.

Desenvolvemos também um dashboard interativo que permite com que o publico
geral e tomadores de decisdo tenham acesso facil a informagdes advindas da enorme
quantidade de genomas de SARS-CoV-2 gerados pelo continente africano, cabendo a nés o
acordo com a instuicao provedora dos dados. A ferrmenta foi desenvolvida com ferramentas
open-source e pode ser reproduzida para atender outras regioes ou outros patégenos.

A proposta e desenvolvimento das abordagens puderam conferir uma visdo geral das
necessidades das duas areas e propor solucGes para integracdo e gerenciamento de dados
através de uma plataforma robusta de Ciéncia de Dados. Essa plataforma possibilitara ndo sé6
o desenvolvimento de ferramentas especificas para essas dreas em questdo, como também
responder outras questoes bioldgicas relevantes.

Alguns dos projetos futuros para o uso das plataformas propostas incluem a
manutencao e atualizacdo do ThermoMutDB, a geracdo de outras bases de dados que sdo
comuns aos preditores da plataforma mCSM, o desenvolvimento de um preditor para

identificar mutagdes compensatorias, a reclassificacdo de bases de dados hieraquicas, como

2 https://datacentricai.org/labeling-and-crowdsourcing/
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bases de dados taxonOmicas, o desenvolvimento de um preditor para identificar novas
variantes de COVID-19, entre outros trabalhos.

Conclui-se portanto, que essa pesquisa pode contribuir para o avanco das areas
relacionadas através de abordagens simples mas que tém demonstrado ser eficientes para os
seus contextos. Observa-se também que ainda ha muitas oportunidades relacionadas a

engenharia e qualidade de dados que poderdo ser explorados para dar suporte a analises

biol6gicas mais confiaveis.
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Investment in SARS-CoV-2 sequencing in Africa over the past year has led to a major increase in the
number of sequences generated, now exceeding 100,000 genomes, used to track the pandemic on the
continent. Our results show an increase in the number of African countries able to sequence domestically,
and highlight that local sequencing enables faster turnaround time and more regular routine surveillance.
Despite limitations of low testing proportions, findings from this genomic surveillance study underscores
the heterogeneous nature of the pandemic and shed light on the distinct dispersal dynamics of Variants of
Concern, particularly Alpha, Beta, Delta, and Omicron, on the continent. Sustained investment for
diagnostics and genomic surveillance in Africa is needed as the virus continues to evolve, while the
continent faces many emerging and re-emerging infectious disease threats. These investments are crucial
for pandemic preparedness and response and will serve the health of the continent well into the 21st

century.

What originally started as a small cluster of pneumonia cases
in Wuhan, China over two years ago (I), quickly turned into
a global pandemic. Coronavirus Disease 2019 (COVID-19) is
the clinical manifestation of severe acute respiratory syn-
drome coronavirus 2 (SARS-CoV-2) infection; and by March
2022 there had been over 437 million reported cases and over
5.9 million reported deaths (2). Though Africa accounts for
the lowest number of reported cases and deaths thus far, with
~11.3 million reported cases and 245 000 reported deaths as
of February 2022, the continent has played an important role
in shaping the scientific response to the pandemic with the
implementation of genomic surveillance and the identifica-
tion of two of the five variants of concerns (VOCs) (3, 4).

Since it emerged in 2019, SARS-CoV-2 has continued to
evolve and adapt (5). This has led to the emergence of several
viral lineages that carry mutations that confer some viral
adaptive advantages that increase transmission and infection
(6, 7), or counter the effect of neutralizing antibodies from
vaccination (8) or previous infections (9-1I). The World
Health Organization (WHO) classifies certain viral lineages
as variants of concert (VOCs) or variants of interest (VOIs)
based on the potential impact they may have on the pan-
demic, with VOCs regarded as the highest risk. To date, five
VOCs have been classified by the WHO, two of which were
first detected on the African continent (Beta and Omicron)
(3, 4, 12), while two more (Alpha and Delta) (12, 13) have
spread extensively on the continent in successive waves. The
remaining VOC, Gamma (I4), originated in Brazil and had a
limited influence in Africa with only four recorded sequenced
cases.

For genomic surveillance to be useful for public health re-
sponses, sampling for sequencing needs to be both spatially
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and temporally representative. In the case of SARS-CoV-2 in
Africa, this means extending the geographic coverage of se-
quencing capacity to capture the dynamic genomic epidemi-
ology in as many locations as possible. In a meta-analysis of
the first 10 000 SARS-CoV-2 sequences generated in 2020
from Africa (15) several blind spots were identified with re-
gards to genomic surveillance on the continent. Since then,
much investment has been devoted to building capacity for
genomic surveillance in Africa, coordinated mostly by the Af-
rica Centers for Disease Control (Africa CDC) and the re-
gional office of the WHO in Africa (or WHO AFRO), but also
provided by several national and international partners re-
sulting in an additional 90 000 sequences shared over the
past year (April 2021 - March 2022). This makes the sequenc-
ing effort for SARS-CoV-2 a phenomenal milestone. In com-
parison, only 12 000 whole genome influenza sequences (16)
and only ~3 700 whole genome HIV sequences (I7) from Af-
rica have been shared publicly even though HIV has plagued
the continent for decades.

Here we describe how the first 100 000 SARS-CoV-2 se-
quences from Africa have helped describe the pandemic on
the continent, how this genomic surveillance in Africa has ex-
panded, and how we adapted our sequencing methods to deal
with an evolving virus. We also highlight the impact that ge-
nomic sequencing in Africa has had on the global public
health response, particularly through the identification and
early analysis of new variants. Finally, we also describe here
for the first time how the Delta and Omicron variants have
spread across the continent, and how their transmission dy-
namics were distinct from the Alpha and Beta variants that
preceded them.
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Results

Epidemic waves driven by wvariant dynamics and
geography

Scaling up sequencing in Africa has provided a wealth of in-
formation on how the pandemic unfolded on the continent.
The epidemic has largely been spatially heterogeneous across
Africa, but most countries have experienced multiple waves
of infection (18-29), with significant local and regional diver-
sity in the first and to a lesser extent the second waves, fol-
lowed by successive sweeps of the continent with Delta and
Omicron (Fig. 1A). In all regions of the continent, different
lineages and VOIs evolved and co-circulated with VOCs and
in some cases, contributed considerably to epidemic waves.

In North Africa (Fig. 1B and fig. S1A), B.1 lineages and Al-
pha dominated in the first and second wave of the pandemic
and were replaced by Delta and Omicron in the third and
fourth waves, respectively. Interestingly, the C.36 and C.36.3
sub-lineage dominated the epidemic in Egypt (~40% of re-
ported infections) before July 2021 when it was replaced by
Delta (30). Similarly, in Tunisia the first and second waves
were associated with the B.1.160 lineage and were replaced
by Delta during the country’s third wave of infections. In
southern Africa (Fig. 1C and fig. S1C), we see a similar pan-
demic profile with B.1 dominating the first wave, but instead
of Alpha, Beta was responsible for the second wave, followed
by Delta and Omicron. Another lineage that was flagged for
close monitoring in the region was C.1.2, due to its mutational
profile and predicted capacity for immune escape (31). How-
ever, the C.1.2 lineage did not cause many infections in the
region as it was circulating at a time when Delta was domi-
nant. In West Africa (Fig. 1D and fig. S1B), the B.1.525 lineage
caused a large proportion of infections in the second and
third waves where it shared the pandemic landscape with the
Alpha variant. As with other regions on the continent, these
variants were later replaced by the Delta and then Omicron
VOCs in successive waves. In Central Africa (Fig. 1E and fig.
S1D), the B.1.620 lineage caused most of the infections be-
tween January and June 2021 (32) before systematically be-
ing replaced by Delta and then Omicron. Lastly, in East Africa
(Fig. 1F and fig. S1IE) the A.23.1 lineage dominated the second
wave of infections in Uganda (33) and much of East Africa.
In all of these regions, minor lineages such as B.1.525, C.36
and A.23.1 were eventually replaced by VOCs that emerged in
later waves.

Finally, we directly compared the official recorded cases
in Africa with the ongoing SARS-CoV-2 genomic surveillance
(GISAID date of access 2022-03-31) for a crude estimation of
variants’ contribution to cases. We observe that Delta was re-
sponsible for an epidemic wave between May and October
2021 (Fig. 1A) and had the greatest impact on the continent
with almost 34.2% of overall infections in Africa possibly at-
tributed to it. Beta was responsible for an epidemic wave at
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the end of 2020 and beginning of 2021 (Fig. 1A), with 13.3%
of infections overall attributed to it. Notably, Alpha, despite
being predominant in other parts of the world at the begin-
ning of 2021, had only minimal significance in Africa, ac-
counting for just 4.3% of infections. At the time of writing,
the Omicron VOC had contributed to 21.6% of overall se-
quenced infections. At this time the Omicron wave was still
unfolding globally and in Africa with the expansion of several
sub-lineages (34), such that its full impact is yet to be deter-
mined. However, due to increased population immunity (35),
from SARS-CoV-2 infection and vaccination (fig. S2), the im-
pact of Omicron on mortality has been less in comparison to
the other VOCs, as can be observed by the relatively low death
rate in South Africa during the Omicron wave (36). The find-
ings from mapping epidemiological numbers onto genomic
surveillance data are reliable as far as the proportional scaling
of genomic sampling across Africa with the size and timing of
epidemic waves (fig. S3; b = 0.011, SE = 0.001, p < 2 x 107%).

This comes with the obvious caveats that testing and re-
porting practices have varied widely across the continent,
along with genomic surveillance volumes throughout the
pandemic. Countries in Africa with reported data have tested
in proportions from as little as 0.1 daily tests per million pop-
ulation to more than 1 000 tests per million (fig. S4). Some
countries have consistently tested at high proportions, for ex-
ample South Africa, Botswana, Morocco and Tunisia. Inci-
dentally, these countries have also generally reported more
cases per million, providing an indication that recorded low
incidence in other parts of the continent has been an under-
estimate due to low testing rates. However, even for these
countries, epidemic numbers are certainly under represented
and under detected, given that in several timeframes, test
positivity rates were still on the higher end, approaching or
exceeding 20% (fig. S4.), and as concluded by seroprevalence
surveys and estimates of true infection burdens in Africa (37,
38). Findings of attributing case numbers of variants must
therefore be interpreted in context of this limitation but can
nevertheless provide a qualitative overview of the spatial and
temporal dynamics of VOCs in relation to epidemic progres-
sion in Africa.

The African regional- (table S1) and country-specific (table
S2) NextStrain builds also clearly support the changing na-
ture of the pandemic over time. From these builds we observe
a strong association of B.1-like viruses circulating on the con-
tinent during the first wave. These “ancestral” lineages were
subsequently replaced by the Alpha and Beta variants which
dominated the pandemic landscape during the second wave,
and were later replaced by the Delta and Omicron variants
during the third and fourth waves.

Optimizing surveillance coverage in Africa
By mapping and comparing the locations of specimen
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sampling laboratories to the sequencing laboratories, a num-
ber of aspects regarding the expansion of genomic surveil-
lance on the continent became clear. First, even though
several countries in Africa started sequencing SARS-CoV-2 in
the first months of the pandemic, local sequencing capacity
was initially limited. However, local sequencing capabilities
slowly expanded over time, particularly after the emergence
of VOCs (Fig. 2A). The fact that almost half of all SARS-CoV-
2 sequencing in Africa was performed using the Oxford Na-
nopore technology (ONT), which is relatively low-cost com-
pared to other sequencing technologies and better adapted to
modest laboratory infrastructures, illustrates one component
of how this rapid scale-up of local sequencing was achieved
(fig. S5). Yet, to rely only on local sequencing would have
thwarted the continent’s chance at a reliable genomic surveil-
lance program. At the time of writing, there were 52/55 coun-
tries in Africa with SARS-CoV-2 genomes deposited in
GISAID, however, there were still 16 countries with no re-
ported local sequencing capacity (Fig. 2A) and undoubtedly
many with limited capacity to meet demand during pan-
demic waves.

To tackle this, three centers of excellence and various re-
gional sequencing hubs were established to maximize re-
sources available in a few countries to assist in genomic
surveillance across the continent. This sequencing is done ei-
ther as the sole source of viral genomes for those countries
(e.g., Angola, South Sudan and Namibia) or concurrently with
local efforts to increase capacity during resurgences (Fig. 2B).
Sequencing is further supplemented by a number of coun-
tries utilizing facilities outside of Africa. Ultimately, a mix of
strategies from local sequencing, collaborative resource shar-
ing among African countries and sequencing with academic
collaborators outside the continent helped close surveillance
blind spots (Fig. 2C). Countries in sub-Saharan Africa, partic-
ularly in Southern and East Africa, most benefited from the
regional sequencing networks, while countries in West and
North Africa often partnered with collaborators outside of Af-
rica.

The success of pathogen genomic surveillance programs
relies on how representative it is of the epidemic under in-
vestigation. For SARS-CoV-2, this is often measured in terms
of the percentage of reported cases sequenced and the regu-
larity of sampling. African countries were positioned across a
range of different combinations of overall proportion and fre-
quency of genomic sampling (Fig. 2D). While the ultimate
goal would be to optimize both of these parameters, a lower
proportion of sampling can also be useful if frequency of sam-
pling is maintained as high as possible. For instance, South
Africa and Nigeria, who have both sequenced ~1% of cases
overall, can be considered to have successful genomic surveil-
lance programs on the basis that sampling is representative
over time, and has enabled the timely detection of variants
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(Beta, Eta, Omicron).

Additionally, for genomic surveillance to be most useful
for rapid public health response during a pandemic, sequenc-
ing would ideally be done in real-time or in a framework as
close as possible to that. We show a general trend of decreas-
ing sequencing turnaround time in Africa (fig. S6), particu-
larly from a mean of 182 days between October to December
2020 to a mean of 50 days over the same period a year later,
although this does come with several caveats. First, we meas-
ure sequencing turnaround time in the most accessible man-
ner, which is by comparing the date of sampling of a
specimen to the date its sequence was deposited in GISAID.
Generally, the genomic data potentially informs the public
health response more rapidly than reflected here, particularly
when it comes to local outbreak investigations or variant de-
tection. This analysis is also confounded by various factors
such as country-to-country variation in these trends (fig. S7),
delays in data sharing, and potential retrospective sequenc-
ing, particularly by countries joining sequencing efforts at
later stages of the pandemic. The most critical caveat is the
fact that sequencing from the most recently collected samples
(e.g., over the last six months) may still be ongoing. The short-
ening duration between sampling and genomic data sharing
is nevertheless a positive takeaway, given that this data also
feeds into continental and global genomic monitoring net-
works. Overall, the continental average delay from specimen
collection to sequencing submission is 87 days with 10 coun-
tries having an average turnaround time of less than 60 days
and Botswana of less than 30 days (fig. S8).

Most importantly in the context of optimizing genomic
surveillance, we found that the route taken to sequencing im-
pacts the speed of data generation. Local sequencing has sig-
nificantly faster sequencing turn-around times of the three
frameworks we investigated (median of 51 days), followed by
sequencing within regional sequencing networks in Africa
(median of 93 days) and finally outsourced sequencing to
countries outside Africa (median of 113 days) (Fig. 2E). This
finding strongly supports the investments in local genomic
surveillance, to generate timely and regular data for local and
regional decision making. Finally, we show that it is benefi-
cial in several ways for countries to undertake genomic sur-
veillance through several sequencing laboratories, rather
than centralizing efforts. For instance, we estimate strong
correlations between the numbers of sequencing laboratories
per country with the total number of genomes produced by
that country (method, correlation value), the total number of
epiweeks for which sequencing data was produced (method,
correlation value), and importantly, sequencing turnaround
time (method, correlation value) (Fig. 2F).

With the increase in sequencing capacity on the conti-
nent, a decrease in the time taken to detect new variants was
observed. For example, the Beta variant was identified in
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December 2020 in South Africa (4), but sampling and molec-
ular clock analyses suggest the variant originated in Septem-
ber 2020. This three-month lag in detection means that a new
variant, like Beta, has ample time to spread over a large geo-
graphic region prior to its detection. However, by the end of
2021, the time to detect a new variant was substantially im-
proved. Phylogenetic and molecular clock analyses suggest
that the Omicron variant originated around 9 October 2021
(95% Highest posterior density or HPD: 30 September - 20
October 2021) and the variant was described on 23rd Novem-
ber 2021 (3). Thus, Omicron was detected within ~5 weeks
from origin compared to the Beta variant (~16 weeks) and the
Alpha variant, detected in the UK (~10 weeks). More im-
portantly, the time from sequence deposition to the WHO de-
claring the new variant a VOC was substantially shortened to
72 hours for the Omicron variant.

To interpret insights from the described genomic surveil-
lance in Africa, it is important to understand the context of
epidemiological reporting and sampling strategies utilized
for sequencing on the continent (table S3). Most countries
provided daily reports of newly recorded cases, while a few
provided weekly and monthly reports. For most countries,
surveillance was mainly focused on the major cities, suggest-
ing potential cryptic circulation in rural areas. We find that
at the onset of the pandemic, surveillance was focused on
identification of imported cases from incoming travelers or
local residents returning from various countries. As commu-
nity transmissions began to emerge, the focus shifted toward
regular surveillance and outbreak investigations. Together,
these three strategies account for the vast majority of samples
generated on the continent and analyzed here. As the pan-
demic progressed and vaccines were made available, some
countries on the continent began to explore other sampling
strategies such as reinfections, environmental samples such
as waste water samples, and vaccine breakthrough cases to
gain new insights into the evolutionary dynamics of SARS-
CoV-2. The utility of sequencing for viral evolution tracking
and VOC detection in the way described above is obviously
also dependent on sampling proportions, especially within
sampling for regular surveillance.

The speed of SARS-CoV-2 evolution has complicated se-
quencing efforts. Common methods of RNA sequencing in-
clude reverse transcription followed by double stranded DNA
amplification using sequence-specific primer sets (39). Ongo-
ing SARS-CoV-2 evolution has necessitated the continual
evaluation and updating of these primer sets to ensure their
sustained utility during genomic surveillance efforts. Here,
we examined the current set of genomes to determine aspects
of the sequencing that might be improved in the future. Many
of the primer sets used were designed using viral sequences
from the start of the pandemic and may require updating to
keep pace with evolution. Indeed, the ARTIC primer sets are
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currently in version 4.1 (40). The Entebbe primer set was de-
signed mid-2020 well into the first year of the epidemic and
used an algorithm and design that accommodates evolution
(41).

The effects of viral evolution on sequencing patterns can
be seen with low median unspecified nucleotide (N)-values (a
consequence of primer dropout or low coverage at that site)
observed for the first 12 months of the epidemic with an in-
crease from October 2020 (Fig. 3A). Additional challenges ap-
pear (indicated by increasing median N values) as the virus
further evolved into Delta and Omicron lineages from Janu-
ary 2021 onward (Fig. 3A). Examining the role of sequencing
technology, it appears that the two major technologies used
(INlumina and ONT) have similar gap profiles (as measured
by mean N count per genome) while Ion Torrent, MGI and
Sanger show reduced mean N count per genome (Fig. 3B).
Likely factors for this pattern are the primers used in se-
quencing, with primer choice playing a key role in the quan-
tity of gaps (Fig. 3C). The mean N count per genome varied
with viral lineage (Fig. 4D). There was a modest difference in
mean N count per genome across the lineages. Lineages that
returned no classification with Pangolin (“None”) showed the
highest mean N count, suggesting that high mean N count
per genome was probably the basis for failed classification.
The more recent lineages Delta (e.g., AY.39, AY.75) and Omi-
cron (BA.1.1, BA.2) also showed higher mean N count per ge-
nome consistent with virus evolution impairing primer
function. This pattern is further explored in fig. S9 with posi-
tion of gaps showing an enrichment in the genome regions
after position 19 000 with frequent gaps disrupting the spike
coding region.

MMM//Sd1Y WOy pepeoumod

Phylogenetic insights into the rise and spread of :
variants of concern in Africa

During the first wave of infections in 2020 in Africa, as was
the case globally, the majority of corresponding genomes
were classified as PANGO B.1 (n=2 456) or B.1.1 viruses (n=1
329). Toward the end of 2020, more distinct viral lineages
started to appear. The most important of which that im-
pacted the African continent are: B.1.525 (n=797), B.1.1.318
(n=398) (42), B.1.1.418 (n=395), A.23.1 (n=358) (15, 29, 31, 33),
C.1 (n=446) (29), C.1.2 (n=300) (31), C.36 (n=305) (30, 43),
B.L154 (n=287) (I5, 29, 31, 33), B.1416 (n=272), B.1.177
(n=203), B.1.620 (n=138), and B.1.160 (n=61), (32) (fig. S10, A
and B). Our discrete state phylogeographic inference from
phylogenetic reconstruction of non-VOC African sequences
and an equal number of external references revealed that Af-
rican countries were primarily seeded by multiple introduc-
tions of viral lineages from abroad (mainly Europe) at the
beginning of the pandemic. The observed pattern of non-VOC
viral lineage movement then consistently shifted toward
more intercontinental exchanges (fig. SI0C). Mapping out the

2202 ‘0€ Joquieidss uo Blo'sousios

(Page numbers not final at time of first release) 4


https://www.science.org/

spatial routes of dissemination shows that various countries
in all subregions of the continent acted as sources of these
viral lineages at one point or another (fig. SI0D). While une-
ven testing rates and proportions of samples sequenced on
the continent may have influenced these inferences (dis-
cussed below), the results presented here are in line with the
fact that these most predominant non-VOC lineages in Africa,
except B.1.177, emerged and circulated widely in different
sub-regions (Fig. 1).

Similar to the pandemic globally, VOCs became increas-
ingly important in Africa toward the end of 2020. The Alpha,
Beta, Delta and Omicron variants demonstrate many similar-
ities as well as differences in the way they spread on the con-
tinent. For all these VOCs, we observe large regional
monophyletic transmission clusters in each of their phyloge-
netic reconstructions in Africa (fig. S11). This suggests an im-
portant extent of continental dissemination within Africa.
Alpha and Beta were epidemiologically important in distinct
regions of the continent with Alpha primarily circulating in
West, North and most of Central Africa, Beta in southern and
most of East Africa, and only substantially co-circulated in a
few countries such as Angola, Kenya, Comoros, Burundi and
Ghana (Fig. 1 and fig. S12). However, we may not have enough
resolution in the geospatial data to know how much they
were truly co-circulating throughout these countries, or
whether there were regional outbreaks of Alpha and Beta
within these countries. In Kenya, for example, Beta was de-
tected more in coastal regions, and Alpha more inland (26,
44). In contrast, Delta and Omicron variants sequentially
dominated the majority of infections on the entire continent
shortly after their emergence (Fig. 4A and fig. S12).

The Alpha variant was first identified in December 2020
in the UK and has since spread globally. In Africa, Alpha was
detected in 43 countries with evidence of community trans-
mission, based on phylogenetic clustering, in many countries
including Ghana, Nigeria, Kenya, Gabon and Angola (fig. S11).
Discrete state maximum likelihood reconstruction from a
globally case-sensitive genomic subsampling inferred at least
80 introductions (95% CI: 78 - 82) into Africa with the bulk
of imports attributed to the US (>47%) and the UK (>25%)
(Fig. 4B). Only 1% of imports into any particular African
country were attributed to another African nation. Phylogeo-
graphic reconstruction enriched in African sequences re-
vealed that of those, >85% of the intercontinental Alpha
exchanges in Africa originated from West African countries
(Fig. 4C). This occurred in spite of initial importations of the
Alpha variant from Europe into all regions of the continent
(fig. S13B), but is in line with Alpha having dominated circu-
lation mostly in West Africa (fig. S12). In countries where Al-
pha was introduced but did not grow and cause an expansion
of cases, this can be explained by competition with the al-
ready established Beta variant, which simultaneously
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circulated. The characteristics of multiple introductions of
Alpha intro Africa and between African countries is similar
to the spread of Alpha documented in the UK, Scotland and
Ireland (45-47).

The second VOC, Beta, was identified in December 2020
in South Africa (4). However, sampling and molecular clock
analyses suggest that the variant originated around Septem-
ber 2020 (fig. S11). At the end of 2020 and beginning of 2021,
Beta was driving a second wave of infection in South Africa
and quickly spread to other countries within the region. The
concurrent introductions and spread of Alpha and other var-
iants (Eta, A.23.1) in other regions of the continent may have
reduced the Beta variant’s initial growth, limiting its spread
to largely southern Africa, and to a lesser extent the East Af-
rica region. Beta spread to at least 114 countries globally, in-
cluding 37 countries and territories in Africa. For this variant,
viral circulation and geographical exchanges occurred pre-
dominantly within the continent. Indeed, phylogeographic
reconstruction from a globally case-sensitive sampling re-
vealed that of the 810 (95% CI: 803 - 818) inferred introduc-
tions of the Beta variant into African countries, only 110 (95%
CI: 105 - 115; 13%) were attributed to sources outside the con-
tinent (fig. S13C), while more than half of introductions were
attributed to South Africa (63%) (Fig. 4C). This is in line with
expectations as the variant originated in South Africa. Be-
yond southern Africa, most of the introductions back into the
continent were attributed to France and other EU countries
into the French overseas territories, Mayotte and Reunion,
and other Francophone African countries. Africa-focused
phylogeographic analysis revealed a similar spatial pattern
showing southern countries as substantial sources of the var-
iant, followed in small numbers by countries in East Africa
(Fig. 4C).

The fourth VOC observed was Delta (13), which rose to
prominence in April 2021 in India, where it fuelled an explo-
sive second wave. Since its emergence, Delta was detected in
>170 countries, including 37 African countries and territories
(fig. S11). Our global case-sensitive subsampled analysis infers
at least 100 (95% CI: 93 - 106) introductions of the Delta var-
iant into Africa, with the bulk attributed to India (~72%),
mainland Europe (~8%), the UK (~5%), and the US (~2.5%).
Viral introductions of Delta also occurred from one African
country to others, in 7% of inferred introductions. From our
Africa-focused phylogeographic inferences, we infer that viral
dissemination of Delta within Africa was not restricted to or
dominated by any particular region unlike Alpha and Beta,
but rather spread across the entire continent (Fig. 4C). Fol-
lowing introductions from Asia in the middle of 2021, Delta
rapidly replaced the other circulating variants (Fig. 4A). For
example, in southern African countries, the Delta variant rap-
idly displaced Beta and by June-2021 was circulating at very
high (>90%) frequencies (48).
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The latest VOC, Omicron, was identified and character-
ized in November 2021, in southern Africa (3). At the time of
writing, the variant has been detected and caused waves of
infections in >160 countries including 39 African countries
and two overseas territories (fig. S11). Due to the genetic dis-
tance between them and their sequential epidemic expansion
globally (rather than simultaneous), phylogenies were recon-
structed separately for Omicron BA.1 and BA.2. Our discrete
ancestral state reconstruction from a global case-sensitive
sampling for Omicron BA.1 infers at least 55 (95% CI: 47 - 62)
viral exports of BA.1 out of various African countries, of which
31 (95% CI: 25 - 36) were toward Europe and 8 (95% CI: 6 -
10) toward North America (Fig. 4B). Following explosive ex-
pansion of Omicron around the world, we inferred even more
reintroductions of the variant back into Africa, at least 69
(95% CI: 60 - 78) from Europe and 102 (95% CI: 92 - 112) from
North America (Fig. 4B). From our Africa-focused phylogeo-
graphic reconstructions, we determine that, as with Delta,
routes of dissemination of this variant involved all regions of
the continent spatially (Fig. 4C). Yet, ~75% of all BA.1 viral
movement volume in Africa happened between southern Af-
rican countries, likely due to rapid epidemic expansion in the
region soon after its detection (3). Omicron BA.2’s reach in
Africa was limited at the time of writing, with only 3 260 se-
quences from 19 countries attributed to BA.2 on GISAID
(Date of access: 2022-03-31) (15% of all Omicron sequences
from Africa). Our discrete ancestral state reconstruction from
a global case-sensitive sampling for Omicron BA.2 infers at
least 68 (95% CI: 53 - 84) viral exports out of African coun-
tries, of which the majority were toward Europe (~88%) (Fig.
4B). We also infer at least 99 (95% CI: 87 - 109) separate in-
troduction or reintroduction events of BA.2 back into African
countries, of which ~65% are from Europe and ~30% from
Asia, primarily from India (Fig. 4B). This is consistent with
India having experienced one of the earliest large BA.2 waves
globally. In the context of global incidence of BA.2, this case-
sensitive phylogeographic analysis revealed that only 0.01%
of viral movements of this lineage globally happened from
one African country to another. Our Africa-focused analysis
inferred a similar pattern of BA.2 spatial diffusion within Af-
rican to BA.1 (Fig. 4C). However, given that this accounted for
such a small percentage of global BA.2 movements, BA.2 dif-
fusion from one African country to another is unlikely to have
had a significant impact on epidemiological expansion, com-
pared to introductions from Asia, Europe or North America.

Globally, dissemination of the SARS-CoV-2 virus through-
out the pandemic was intricately linked with human mobility
patterns (49-53). To determine the validity of the VOC move-
ment patterns that we infer into and within the Africa conti-
nent in this study, we compared viral import and export
events to and from South Africa with travel to the country. In
December 2020, the UK accounted for the 5th highest
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number of passengers entering South Africa, while other
countries with the top 9 sources of travellers were all neigh-
boring countries in southern Africa (fig. S14A). Considering
that incidence of the Alpha variant was insignificant in the
region, this supports our inference of the UK contributing
60% of Alpha introductions to South Africa (fig. S15A). In
March 2021, the US, Germany, the UK and India were among
the top 12 sources of travellers to South Africa behind 8 Afri-
can countries (fig. S14B). During this time of Delta dissemi-
nation globally, we infer that ~90% of introductions of Delta
into South Africa originated in the UK, the US and India (fig.
S15B). At the end of 2021, most introductions or re-introduc-
tions of Omicron to the country came from the UK, the US or
Botswana, corresponding to locations of both high Omicron
incidence at the time, and high numbers of passengers to
South Africa (figs. S14C and S15C). These travel patterns also
fit the findings that ~89%,~70% and ~75% of Beta, Delta and
Omicron exports respectively from South Africa to other Af-
rican countries were directed to locations of southern Africa
(figs. S14, D and E, and S15, D and E).

Discussion, limitations and conclusions

By April 2020, a total of 20 African countries were able to
sequence the virus within their own borders. This was largely
made possible by other pre-existing sequencing efforts on the
continent focused on other human pathogens (e.g., HIV, TB,
Ebola and HIN1). However, these efforts were quickly limited
by global supply chain issues and in many countries sequenc-
ing efforts dramatically slowed down or stopped toward the
end of 2020. In order to facilitate more sequencing on the
continent over the course of the past year (April 2021 - March
2022) the Africa CDC and partners invested heavily to sup-
port genomic surveillance on the continent. This included the
transfer of 24 new sequencing platforms (including Minlon,
Gridlon, MiSeq and NextSeq), the distribution of reagents
and flow cells to support the sequencing of 100 000 positive
samples, the training of >230 students and technicians in wet
laboratory and bioinformatic techniques and additional
grants to support 10 regional sequencing hubs. This invest-
ment has started bearing fruit and should be intensified as
the virus continues to evolve, requiring the adaptation of
methodologies locally on the continent to keep pace with the
emergence of variants. The continued development of se-
quencing protocols in Africa is of crucial importance (41, 54,
55) given the number of variants and lineages that emerged
in, and were introduced to, the continent. In Northern Africa,
the SARS-CoV-2 pandemic was caused by waves of infections
that were similar to those seen in Europe (first wave = B.1
descendants, second wave = Alpha, third wave = Delta and
forth wave = Omicron), in southern Africa the pattern was
similar but with a Beta wave instead of an Alpha one. In East
Africa, the pandemic was more complex, involving both
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Alpha and Beta as well as its own lineage A.23.1 before the
arrival of Delta and Omicron. Central Africa experienced ep-
idemic patterns sometimes mirroring East Africa and other
times southern Africa. In West Africa, Eta made a significant
contribution to both a second wave (together with alpha) and
a third wave (together with Delta). The factors that resulted
in these regional differences are not clear but could be due to
differences in human mobility, founder effects, competition
between lineages or the immunity induced by earlier waves
in a region.

Public health benefits of such broadly inclusive genomic
surveillance are manifold. The most prominent insight from
this expanded genomic surveillance in Africa has been an
early warning capacity for the world following the detection
of new lineages and variants, most recently relevant in the
detection of Omicron BA.1, BA.2, BA.3, BA.4 and BA.5 sub-
variants (3, 4, 34). Furthermore, the reporting of local SARS-
CoV-2 sequences made the epidemic more immediate to the
Ministries of Health from the reporting African countries. It
became clear early on that the viral evolution is global and
the transmission of the virus is extremely rapid which guided
mitigation strategies. The generation and the availability of
local sequences also validated local diagnostics and allowed
investigators to determine if nucleic acid based diagnostics
in use could still detect local variants. The detection of SARS-
CoV-2 in returning travellers and truck drivers indicated
routes that the virus might be using to enter a country and
guided early efforts to slow the virus entry and gain time to
establish vaccination plans. Later the difficulty of stopping
the virus at borders combined with the data that the variants
were already in community circulation allowed public health
officials to focus efforts and limited resources on vaccination
rather than on border controls. The detection and reporting
of the more recent lineages with enhanced transmission (i.e.,
Omicron) and the ability to bypass existing immunity is im-
portant information and an early alert to the public health
officials globally that the epidemic was still proceeding. As
the pandemic progresses in an evolving global context, we
provide evidence that with each new variant, transmission
dynamics are changing and the use of sequencing with phy-
logenetics could potentially alter decisions of public health
measures. For example, the demonstrated shift away from re-
gional dynamics of Alpha and Beta toward more global pat-
terns with Delta and Omicron can provide insights to public
health officials as they anticipate epidemic developments lo-
cally. With Omicron it became clear that although the variant
expanded first in Africa, the continent ultimately had a min-
imal role in global dissemination, and continental expansion
beyond southern Africa was most influenced by external in-
troductions, in contrast to the Beta variant. All of these public
health benefits to sequencing SARS-CoV-2 is primarily ampli-
fied, as we show in this study, if the sequencing can be
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conducted locally within a country, which strongly supports
the continued investment into pathogen sequencing on the
continent.

In spite of the recent successful expansion of genomics
surveillance in Africa, additional work remains necessary.
Even with the Africa CDC - Africa PGI’s and other invest-
ments, there are still 16 countries with no sequencing capac-
ity within their own borders. These countries' only option is
to send samples to continental sequencing hubs or to centers
outside of the continent, which increases the turnaround
times and limits the utility of genomic surveillance for public
health decision making. Secondly, not all countries are will-
ing to share data openly in a timely fashion for fear of being
subject to travel bans or restrictions which could bring sub-
stantial economic harm. Such hesitancy has obvious potential
ramifications for the future of genomic surveillance on the
continent. Furthermore, with the expansion of sequencing on
the continent there is a growing need for more bioinformatics
support and knowledge to allow investigators to analyze and
report their data in a reasonable timeframe that makes it use-
ful for public health response. It is also clear the SARS-CoV-
2 sequencing primers are not a static development and may
require updating as the virus evolves. A number of research
groups have been addressing the SARS-CoV-2 sequencing pri-
mer questions. Issues of gaps in the genomes due to missing
amplicons have been discussed (56, 57). The ARTIC primer
set has gone through a number of revisions to accommodate
virus evolution (39, 40). Additional longer amplicon methods
have been published (58-60) including methods to use a sub-
set of ARTIC primers (61).

The patterns we describe here are of course limited to re-
ported cases, and applies to both the phylogeographic as well
as the epidemiology inferences. As such, the results need to
be interpreted with these limitations in mind. Our primary
phylogeographic inference relied on a sampling strategy con-
sidering all high quality African sequences and an equal num-
ber of external references. Though this strategy has the
advantage of placing all African sequences in a phylogenetic
context, it introduces a bias when applied to discrete ances-
tral state reconstruction as more internal nodes are inferred
to be from Africa. To address this we performed an even sam-
pling of global cases, based on reported case counts through
time, to compare against our over sampled inference. The
even sampling approach has the benefit that the discrete an-
cestral state reconstruction is not biased by uneven sampling.
Comparing the two there are obvious differences, most nota-
bly that the number of inferred introductions into Africa is
proportional to sampling proportions (fig. S16), as we no
longer consider all African sequences but just a small subset
against a global sample. However, inferences from the two
approaches correspond well with one another. For example,
considering Alpha we still observed the vast majority of
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introductions into Africa to originate from Western Europe.
Patterns of dissemination within Africa are more robustly
comparable between the two, for instance that countries in
West Africa were the biggest source of Alpha within the con-
tinent. High concordance between the two inference methods
were also observed for other VOCs for dispersal routes within
Africa which gives us confidence in the inferred patterns we
observe here. Although we represent an inference based on
over sampling and case sensitive sampling, it is currently not
possible to explore how under sampling affects the phyloge-
ographic reconstruction due to uneven testing rates. Addi-
tionally, the robustness of the phylogeographic inference can
also be affected by the underlying methodology used. Broad
consensus would favor the use of Bayesian methods for phy-
logeographic reconstruction, which is often considered to be
the “gold standard” in the field. The main drawbacks of
Bayesian methods are that they can only be applied to a rela-
tively small number of sequences at a time (<1,000) and are
extremely computationally and time intensive. Given the ex-
plosion of sequence data over the past two years, the scien-
tific community will have to adapt or put forth new analytical
methods to fully capitalize on the global sequencing efforts
for SARS-CoV-2.

Despite our best attempts to consider and minimize ge-
nomic sampling bias, the accuracy of the resulting phyloge-
netic inferences is limited by the available epidemiological
and genomic data, leading to unaccounted biases in the esti-
mates of viral movements. This includes limited testing and
subsequent sequencing in many African countries. Although
the percentage of reported cases sequenced in African coun-
tries (0.01 - 10%, mean = 1.27%) is not far from global figures
(0.01-16%, mean = 1.31%), testing rates and infection-to-de-
tection ratios in Africa were some of the lowest globally (38,
62). Together with estimates of excess mortality being as
much as 20-fold more than the reported numbers in African
countries (63), these are strong indications of undetected and
underreported epidemic sizes in Africa, leading to under-
sampling of genomic data (62) and thus underestimates of
viral exchange inferences in our study. Some countries with
no publicly available SARS-CoV-2 sequences are by definition
completely missing in our inference. This in turn means that
inferred routes of viral transmission within Africa could be
missing important intermediate locations, although this is
potentially true around the world. Nevertheless, we believe
that the viral movement inferences that we discuss in this
study provide a likely qualitative description of the patterns
of SARS-CoV-2 migration into, out of, and within Africa.

Finally, we should also mention uneven sequencing and
reporting standards across the different laboratories on the
continent - and globally, for that matter. Different groups use
different measures for what constitutes a high quality se-
quence (e.g., 70% vs 80% sequence coverage) Or using
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different sequencing depth coverage. This lack of standardi-
zation globally complicates the direct comparison of se-
quences that may have been submitted to GISIAD using
different criteria further biasing any inference. Given the
sheer size of SARS-CoV-2 sequencing, with ~10 million whole
genome sequences shared on the GISAID database (31st
March 2022), there is an urgent need for global standards
with regards to sequence quality and associated metadata.

In conclusion, Africa needs to continue expanding ge-
nomic sequencing technologies on the continent in conjunc-
tion with diagnostics capabilities. This holds true not just for
SARS-CoV-2 but for other emerging or re-emerging patho-
gens on the continent. For example, WHO announced in Feb-
ruary 2022 the re-emergence of wild polio in Africa, while
sporadic influenza HIN1, measles and Ebola outbreaks con-
tinue to occur on the continent. The Africa CDC has esti-
mated that over 200 pathogen outbreaks are reported across
the continent every year. Beyond the current pandemic, con-
tinued investment in diagnostic and sequencing capacity for
these pathogens could serve the public health of the conti-
nent well into the 21st century.

Methods and methods
Ethics statement
This project relied on sequence data and associated metadata
publicly shared by the GISAID data repository and adhere to
the terms and conditions laid out by GISAID (76). The African
samples processed in this study were obtained anonymously
from material exceeding the routine diagnosis of SARS-CoV-
2 in African public and private health laboratories. Individual
institutional review board (IRB) references or material trans-
fer agreements (MTASs) for countries are listed below.
Angola - (MTA - CON8260), Botswana - Genomic surveil-
lance in Botswana was approved by the Health Research and
Development Committee (Protocol HPDME 13/18/1), Egypt -
Surveillance in Egypt was approved by the Research Ethics
Committee of the National Research Centre (Egypt) (protocol
number 14 155, dated March 22, 2020), Kenya - samples were
collected under the Ministry of Health protocols as part of
the national COVID-19 public health response. The whole ge-
nome sequencing study protocol was reviewed and approved
by the Scientific and Ethics Review Committee (SERU) at
Kenya Medical Research Institute (KEMRI), Nairobi, Kenya
(SERU protocol #4:035), Nigeria - (NHREC/01/01/2007), Mali
- study of the sequence of SARS-CoV-2 isolates in Mali - Letter
of Ethical Committee (N0-2020 /201/CE/FMPOS/FAPH of
09/17/2020), Mozambique - (MTA - CON7800), Malawi -
(MTA - CON8265), South Africa - The use of South African
samples for sequencing and genomic surveillance were ap-
proved by University of KwaZulu-Natal Biomedical Research
Ethics Committee (ref. BREC/00001510/2020); the University
of the Witwatersrand Human Research Ethics Committee
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(HREC) (ref. M180832); Stellenbosch University HREC (ref.
N20/04/008_COVID-19); the University of the Free State Re-
search Ethics Committee (ref. UFS-HSD2020/1860/2710) and
the University of Cape Town HREC (ref. 383/2020), Tunisia -
for sequences derived from sampling in Tunisia, all patients
provided their informed consent to use their samples for se-
quencing of the viral genomes. The ethical agreement was
provided to the research project ADAGE (PRFCOVID19GP2)
by the Committee of protection of persons (Tunisian Ministry
of Health) under the reference (CPP SUD N 0265/2020),
Uganda - The use of samples and sequences from Uganda
were approved by the Uganda Virus Research Institute - Re-
search and Ethics Committee UVRI-REC Federalwide Assur-
ance [FWA] FWA No. 00001354, study reference -
GC/127/20/04/771 and by the Uganda National Council for
Science and Technology, reference number - HS936ES) and
Zimbabwe (MTA - CON8271).

Epidemiological and genomic data dynamics

We analyzed trends in daily numbers of cases of SARS-CoV-2
in Africa up to 31st March 2022 from publicly released data
provided by the Our World in Data repository for the conti-
nent of Africa (https://github.com/owid/covid-19-
data/tree/master/public/data) as a whole and for individual
countries (2). To provide a comparable view of epidemiologi-
cal dynamics over time in various countries, the variable un-
der primary consideration for Fig. 1 was ‘new cases per
million (smoothed)’. To calculate the genomic sampling pro-
portion and frequency for each country for Fig. 2, the total
number of recorded cases at 31st March was considered, as
well as the total length of time for which each country has
recorded cases of SARS-CoV-2.

Genomic metadata was downloaded for all African entries
on GISAID for the same time period (date of access: 31st
March 2022). From this, information extracted from all en-
tries for this study included: date of sampling, country of
sampling, viral lineage and clade, originating laboratory, se-
quencing laboratory, and date of submission to the GISAID
database. The geographical locations of the originating and
sequencing laboratories were manually curated. Sequences
originating and sequenced in the same country were defined
as locally sequenced, irrespective of specific laboratory or
finer location. Sequences originating in one African country
and sequenced in another were defined as sequenced within
regional sequencing networks. Sequences sequenced in a lo-
cation not within Africa were labeled as sequenced outside
Africa. Sequencing turnaround time was defined as the num-
ber of days elapsed from specimen collection to sequence sub-
mission to GISAID. Sequencing technology information for
all African entries was also downloaded from GISAID on 31st
March 2022.
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Primer choice and sequencing outcomes

All SARS-CoV-2 genomes from African countries were re-
trieved from GISAID (16) for submission dates from 1 Decem-
ber 2019 to 31st March 2022 yielding 100 470 entries.
Associated metadata for the entries were also retrieved, in-
cluding collection date, submission date, country, viral strain
and sequencing technology. Data on the primers used for the
sequencing were requested from investigators and yielded
primer data for 13 973 of the entries (~13%). The total N (ba-
ses with low sequence depth) per genome were counted, re-
sults from which were then used for genome quality analysis
and visualization. Gap locations in the genomes were mapped
and visualized compared to the original Wuhan strain (64).

Phylogenetic investigation
All African sequences on the GISAID sequence database (16)
were downloaded on the 31st of March 2022 (n=100 470). Of
this, Alpha accounted for 3 851 sequences, Beta accounted for
14 548 sequences, Delta accounted for 35 027 sequences, Omi-
cron for 21 708, while 25 336 sequences were classified as
none-VOCs. Prior to any phylogenetic inference we per-
formed some quality assessment on the sequences to exclude
incomplete or problematic sequences as well as sequences
lacking complete metadata. Briefly, all African sequences
were passed through the NextClade analysis pipeline (65) in
order to identify and exclude: (7) sequences missing >10% of
the SARS-CoV-2 genome, (i) sequences that deviate by >70
nucleotides from the Wuhan reference strain, (7i7) sequences
with >10 ambiguous bases, (7v) clustered mutations, and (v)
sequences flagged with private mutations by NextClade. Ad-
ditionally, Omicron variants were screened for traces of viral
recombination with RDP5.23 (66) using default settings and
a p-value of <0.05 as evidence of recombination. A large num-
ber of sequences were removed (n=57 421) with incomplete
sequences (<90% genome coverage) being the biggest con-
tributor. This produced a final African dataset of 43 049 high
quality African sequences. Due to the sheer size of the dataset
we opted to perform independent phylogenetic inferences on
the main VOCs (Alpha, Beta, Delta and Omicron BA.1 and
BA.2) that have spread on the African continent, as well as a
separate inference for all non-VOC SARS-CoV-2 sequences.
In order to evaluate the spread of the virus on the African
continent we aligned the African datasets against a large
number of globally representative sequences from around the
world. Due to the oversampling of some variants or lineages
we performed a random down sampling while retaining the
oldest two known variants from each country. Reference se-
quences were respectively aligned with their African counter-
parts independently with NextAlign (65). Each of the
alignments were then used to infer maximum likelihood
(ML) tree topologies in FastTree v 2.0 (67) using the General
Time Reversible (GTR) model of nucleotide substitution and
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a total of 100 bootstrap replicates (68). The resulting ML tree
topologies were first inspected in TempEst (69) to identify
any sequences that deviate more than 0.0001 from the resid-
ual mean. Following the removal of potential outliers in R
with the ape package (70), the resulting ML-trees were then
transformed into time calibrated phylogenies in TreeTime
(71) by applying a rate of 8x10e-4 substitution per site per year
(72) in order to transform the branches into units of calendar
time. Time calibrated trees were then visualized along with
associated metadata in R using ggtree (73) and other pack-
ages.

We performed a basic viral dispersal analysis for each of
the VOCs (excluding Gamma), as well as for the non-VOC da-
taset. Briefly, a migration model was fitted to each of the time
calibrated tree topologies in TreeTime, mapping the country
location of sampled sequences to the external tips of the trees.
The mugration model of TreeTime also infer the most likely
location for internal nodes in the trees. Using a custom py-
thon script we could then count the number of state changes
by iterating over each phylogeny from the root to the external
tips. We count state changes when an internal node transi-
tions from one country to a different country in the resulting
child-node or tip(s). The timing of transition events is then
recorded which serve as the estimated import or export event.
To infer some confidence around these estimates, we per-
formed ten replicates for each of the dataset by random se-
lection from the 100 bootstrap trees. Due to the high
uncertainty in the inferred locations for deep internal nodes
in the trees we truncated state changes to the earliest date of
sampling in each dataset. All data analytics were performed
using custom python and R scripts and results visualized us-
ing the ggplot libraries (74). Such phylogeographic methods
are always subject to uneven sampling through time (i.e., over
the course of the pandemic) and through space (by sampling
location). To address this we have performed a case sensitive
analysis to investigate the effects of oversampling African lo-
cations on the inferred number of viral introductions. Fur-
thermore, in a previous analysis (I5) we performed a
sensitivity analysis to address some of these issues and found
no substantial variations in estimates.

Case sensitive phylogeographic inference

To address the potential over sampling of African sequences
relative to global reference in the above mentioned analyses
we performed another phylogeographic inference on subsam-
ples based on global case counts to try and eliminate over-
sampling bias in our inference. To this end, we considered all
high quality sequences for each of the VOCs (Alpha, Beta,
Delta and Omicron BA.1 and BA.2) globally over the same
sampling period (till 31st of March 2022). We used subsam-
pler (https://github.com/andersonbrito/subsampler) to gen-
erate subsamples for each variant based on globally reported
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cases. In short, subsampler uses a case count matrix of daily
cases, along with the fasta sequences and GISAID associated
metadata to sample a user defined number of sequences. For
each VOC and for BA.1 and BA.2 we performed 10 samplings
using different number seeds in order to sample datasets of
~20 000. Once again, sampled sequences were screened for
viral recombination as described above and sequences with
signs of recombination were removed. Subsampler has the
added advantage that it disregards poor quality sequences
(e.g., <90% coverage) and sequences with missing metadata
(e.g., exact date of sampling). Each dataset was then subjected
to the same analytical pipeline as mentioned above to infer
the viral transitions between Africa and the rest of the world.

Regional and country specific NextStrain builds

In order to investigate more granular changes in lineage dy-
namics within a specific country or region in Africa we uti-
lized the NextStrain pipeline
(https://github.com/nextstrain/ncov) to generate the re-
gional and country-specific builds for African countries (75).
First, all sequence data and metadata were retrieved from the
GISAID sequence database and filtered for Africa based on
the 'region' tab, for inclusion in regional- and country-spe-
cific African builds. For country-specific builds ~4 000 se-
quences from a given country were randomly selected and
analyzed against ~1 000 randomly selected sequences from
the Africa 'mextregions' records that do not match the focal
country of interest. For region specific (e.g., West Africa), ~4
000 sequences from the focal region are selected at random
and analyzed against ~1 000 randomly selected sequences
from the Africa 'nextregions' records that do not match the
focal region of interest. The methodological pipeline for
NextStrain is well documented and performs all analyses
within one workflow, including filtering of sequences, align-
ment, tree inference, molecular clock and ancestral state re-
construction. For more information please visit,
https://docs.nextstrain.org/en/latest/index.html.

All region- and country-specific builds are regularly up-
dated to keep track of the evolving pandemic on the conti-
nent. All builds are publicly available under the links
provided in tables S1 and S2 as well as on the NextStrain
webpage (https://nextstrain.org/sars-cov-2/#datasets).
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Fig. 1. Epidemiological progression of the COVID-19 pandemic on the African continent. (A) Total
reported new case counts per million inhabitants in Africa (Data Source: Our World in Data; OWID;
log-transformed) along with the distribution of VOCs, the Eta VOI and other lineages through time
(size of circles proportional to the number of genomes sampled per month for each category).
(B to F) Breakdown of reported new cases per million (Data Source: Our World in Data; OWID; log-
transformed) and monthly sampling of VOCs, regional variant or lineage of interest and other
lineages for three selected countries for North, Southern, West, Central and East Africa respectively.
For eachregion, a different variant or lineage of interest is shown, relevant to that region (C.36, C.1.2,
Eta, B.1.620 and A.23.1, respectively).
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Fig. 2. Sequencing strategies and outputs in Africa. (A) Geographical representation of all countries
(shaded in gray) and institutions (red dots) in Africa with their own on-site sequencing facilities. The inset
graph shows the number of countries in Africa able to carry out sequencing locally over time. (B) Key regional
sequencing hubs and networks in Africa showing countries (shaded in bright colors) and institutions (red
dots) that have sequenced for other countries (shaded in corresponding light colors and linking curves) on
the continent. CERI: Centre for Epidemic Response and Innovation; KRISP: KwaZulu-Natal Research
Innovation and Sequencing Platform; NICD: National Institute for Communicable Diseases; KEMRI-WT:
Kenya Medical Research Institute - Wellcome Trust; ILRI: International Livestock Research Institute;
MRC/UVRI: Medical Research Council/Uganda Virus Research Institute; INRB: Institut National de
Recherche Biomédicale; ACEGID: African Centre of Excellence for Genomics of Infectious Diseases; NMIMR:
Noguchi Memorial Institute for Medical Research; MRCG: Medical Research Council Unit - The Gambia; IPD:
Institut Pasteur de Dakar. (C) Geographical representation of the total number of SARS-CoV-2 whole
genomes produced over the course of the pandemic in each country, as well as the proportion of those
sequences that were produced locally, regionally or abroad. (D) Correlation of the proportion of COVID-19
positive cases that have been sequenced and the corresponding number of epidemiological weeks since the
start of the pandemic that are represented with genomes for each African country. The color of each circle
represents the number of cases and its size the number of genomes. (E) Comparison of sequencing turn-
around times (lag times from sample collection to sequence submission) for the three strategies of
sequencing in Africa, showing a significant difference in the means (p-value<0.0001). The box and whisker
plot denote the lower quartile, median and upper quartile (box), the minimum and maximum values
(whisker), and outliers (black dots). (F) Pearson correlations of the total number of sequencing laboratories
per country against key sequencing outputs.
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Fig. 3. Genome gap analysis. (A) Shows the mean N count per genome by month of submission to
GISAID. The dates for the detection of important SARS-CoV-2 lineages are indicated at the top of the
figure. (B) lllustrates the mean N count per genome stratified by sequencing technology. (C) Shows
the mean N count per genome stratified by the sequencing primers sets used. For panels A to C,
error bars indicate 95% confidence intervals. (D) Mean N count per genome by lineage. The mean N
data were stratified by SARS-CoV-2 lineages to investigate lineage-specific frequency of genome
gaps, an indirect measure of primer mismatch. All lineages present at least 100 times in the genome
data were presented.
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Fig. 4. Inferred viral dissemination patterns of VOCs within Africa. (A) Genomic prevalence of
VOCs Alpha, Beta, Delta and Omicron in Africa over time. (B) Inferred viral exchange patterns to,
from and within the Africa continent for the four VOCs (Omicron as BA.1 and BA.2) based on case-
sensitive phylogeographic inference. Introductions and viral transitions within Africa are shown in
solid lines and exports from Africa are shown in dotted lines and these are colored by continent. The
shaded areas around the lines represent uncertainty of this analysis from ten replicates (+/- s.d.).
(C) Dissemination patterns of the VOCs within Africa, from inferred ancestral state reconstructions
performed on Africa enriched datasets, annotated and colored by region in Africa. The countries of
origin of viral exchange routes are also shown with dots and the curves go from country of origin to
destination country in an anti-clockwise direction.
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B INFORMACOES ADICIONAIS DESENVOLVIMENTO THEMOMUTDB

Neste anexo, sdo apresentadas informacOes que, devido a limitacdo do numero de
paginas, ndo foram incluidas no artigo, sendo elas, a modelagem do banco de dados e o
projeto de interface da aplicagdo. O modelo do banco de dados foi desenvolvido utilizando o
software MySQL Workbench® e pode ser visualizado na Figura B1. O modelo compreende
tanto os dados extraidos da literatura, quanto os dados que foram derivados de outras bases de

dados.

| PROTEIN_STRUCTURE ¥

| PROTEINS v
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Figura B1 : Modelo do Banco de Dados do ThermoMutDB

% https://www.mysgl.com/products/workbench/
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A identidade visual foi pensada para uma paleta de cores (Figura B2) e formatos que
refletissem o movimento que a termodindmica representa, o que originou a logo e a interface

grafica apresentada no artigo.

51AD9D
FEFEFE

o
=
o
=
<
2}

Figura B2 : Paleta de cores utilizada na interface do ThermoMutDB
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ANEXO A - RELATORIOS DE VISITAS THERMOMUTDB

Neste anexo sao apresentados os relatérios de utilizacdo do ThermoMutDB

exportados do Google Analytics (https://analytics.google.com/) de 1 de Outubro de 2020

(poucos dias antes da publicacdo do artigo) até 9 de Outubro de 2022 (data da escrita). No
primeiro relatério é possivel observar o crescimento do nimero de usuarios através do tempo,
total de usuarios no periodo, porcentagem de usuarios por pais, entre outras informacdes. No
segundo relatorio, é mostrado visualmente o alcance do ThermoMutDB no mundo e as taxas

de aquisi¢do de usuarios, comportamento e conversao em detalhes.
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ANEXO B - RELATORIOS DE VISITAS SARS-CoV-2 AFRICA DASHBOARD
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NMumber of users who have viewed at least one app in your workspace in a given
month.

This workspace has had 56 unique viewers.
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ANEXO C - DIVULGACAO DA APRESENTACAO DOS VENCEDORES PREMIO
TRIMESTRAL BAKER DE PUBLICACAO DE EXCELENCIA

Y Baker

HEART & DIABETES INSTITUTE

Tuesday Talk

Tuesday May 11, 12:30pm - 1:30pm

Presented on Level 7 and via Zoom

Quarterly Research Prizes for Publication Excellence

Arpeeta Sharma: Diabetes & Metabolism
Specific NLRP3 Inhibition Protects Against Diabetes-Associated Atherosclerosis.

Yow Keat Tham: Cardiac Hypertrophy

MNovel Lipid Species for Detecting and Predicting Atrial Fibrillation in Patients with
Type 2 Diabetes

Simon Bond: Molecular Metabolism & Ageing

Deletion of Trim28 in commitied adipocytes promotes obesity but preserves glucose
tolerance

Joicymara Xavier: Computational Biology and Clinical Informatics
ThermoMutDB: a thermodynamic database for missense mutations

Chair: Prof Murray Esler

Students and ECS are reminded that their attendance is required.

Please note: Baker staff and students only — this is an internal seminar and may
contain confidential data
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ANEXO D - CERTIFICADO DE SEGUNDO MELHOR POSTER MODULO NGS NO
VEME WORKSHOP
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ANEXO E - PRODUCAO ACADEMICA
Nesta secdo sdo apresentados a producao académica durante o periodo do doutorado

da autora (2018-2022) assim como os prémios obtidos.

Artigos publicados como primeira autora:

1. Xavier, J. S., Rezende, P. M., Velloso, J. P. L., Nguyen, T.-B., Karmarkar, M., Portelli,
S., Ascher, D. B,, et al. (2021). ThermoMutDB: a thermodynamic database for
missense mutations. Nucleic Acids Research, 49(D1), D475-D479.

2. Xavier, J. S., Moir, M., Tegally, H., Sitharam, N., Karim, A., San, J., et al.
SARS-CoV-2 Africa Dashboard for real-time COVID-19 information. Nature
Microbiology. 2022. (Aceito para publicagdo)

Demais artigos:

1. Pires, D. E. V., Veloso, W. N. P.,, Myung, Y., Rodrigues, C. H. M., Silk, M., Rezende,
P. M,, Silva, F., Xavier, J.S., et al. (2020). EasyVS: a user friendly web based tool for

molecule library selection and structure-based virtual screening. Bioinformatics.

2. da Silva, A. L.*, Abreu, A. P. de, Mariano, D.*, Santos, F. B*., Lage, F. S. D.*,
Quintanilha-Peixoto, G.*, Hilario, H.O.*, Xavier, J.S.*, et al. (2021). From In-Person
to the Online World: Insights Into Organizing Events in Bioinformatics. Frontiers in
Bioinformatics, 1.

* Esses autores contribuiram igualmente e compartilham a primeira autoria.

3. Rezende, P. M., Xavier, J. S., Ascher, D. B., Fernandes, G. R., & Pires, D. E. V.
(2022). Evaluating hierarchical machine learning approaches to classify biological

databases. Briefings in Bioinformatics, 23(4).

4. Tegally, H., San, J. E., Cotten, M., Moir, M., Tegomoh, B., Mboowa, G., Martin, D.
P., et al. (2022). The evolving SARS-CoV-2 epidemic in Africa: Insights from rapidly

expanding genomic surveillance. Science, eabg5358.

5. Poongavanan, J., Xavier, J., Dunaiski, M., Tegally, H., Oladejo, S., Ayorinde, O.,

Wilkinson, E., et al. (2022). Managing and assembling population-scale data streams,
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tools and workflows to plan for future pandemics within the INFORM Africa

Consortium Authors. Unpublished.

Livros/capitulos de livros:

1. Pires, D. E. V,, Rodrigues, C. H. M., Albanaz, A. T. S., Karmakar, M., Myung, Y.,
Xavier, J., Michanetzi, E.-M., et al. (2019). Exploring protein supersecondary
structure through changes in protein folding, stability, and flexibility. Methods in
Molecular Biology, 1958, 173-185.

2. Pires, D. E. V., Portelli, S., Rezende, P. M., Veloso, W. N. P., Xavier, J. S., Karmakar,
M., Myung, Y., et al. (2020). A Comprehensive Computational Platform to Guide
Drug Development Using Graph-Based Signature Methods. Methods in Molecular
Biology, 2112, 91-106.

3. Airey, E., Portelli, S., Xavier, J. S., Myung, Y. C,, Silk, M., Karmakar, M., Velloso, J.
P. L., et al. (2021). Identifying Genotype-Phenotype Correlations via Integrative
Mutation Analysis. Methods in Molecular Biology, 2190, 1-32.

4. Mariano, D., Dezordi, F. Z., Martins, P., Xavier, J., Sousa, T. de J., Lima, L., &
Santos, L. H. (Eds.). (2021). BIOINFO - Revista Brasileira de Bioinformdtica e

Biologia Computacional. Alfahelix.

Artigos apresentados em eventos:

1. Marinho Rezende, P., & Santos Xavier, J. (2019). Uso de aprendizado de maquina
para criagdao de um Banco de Dados com informagoes taxondmicas de gene de rRNA
16s. Anais do 14° Simpdsio Brasileiro de Automagdo Inteligente. Presented at the
ANAIS DO 14° SIMP6SIO BRASILEIRO DE AUTOMAGCAO INTELIGENTE,

Galoa.
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