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“A man is but the product of his thoughts. What he thinks, he becomes.”
-Mahatma Gandhi
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ESTRUTURA DA DISSERTAGCAO

Esta dissertacdo de mestrado é dividida em uma introducdao geral, dois
capitulos redigidos em forma de artigo, sendo o primeiro deles ja publicado, uma
discussdao geral e conclusdes. Da mesma forma, é incluido um item de adendos
contendo outras producdes durante o periodo de mestrado.

A introducdo geral consiste em uma breve apresentacdo histérica da
bioinformatica e o nascimento da biologia de sistemas como ferramenta de analise,
seguido da explicacdo sobre tipos de redes, principais elementos constituintes de um
interatoma e parametros de analise topoldgica. Esta introducdo a analise de redes de
interacdo é seguida de uma breve introducdo sobre a problematica abordada neste
trabalho sobre o abuso de substancias téxicas durante o desenvolvimento
embrionario.

O capitulo 1 consiste em uma andlise sobre os efeitos toxicoldgicos de
diferentes substancias carcinogénicas durante o desenvolvimento embrionario em
mulheres fumantes. Neste artigo é analisado com ferramentas de quimio-biologia de
sistemas e analise transcriptdmica os possiveis efeitos, caminhos moleculares e alvos
proteicos de moléculas pouco estudadas no seu potencial teratogénico. Deste modo, é
proposta uma visdo de quais caminhos moleculares poderiam afetar o
desenvolvimento do feto. Esse artigo foi publicado no periddico PLoS ONE.

O capitulo 2 apresenta uma andlise de quimio-biologia de sistemas sobre como
o etanol pode afetar o metabolismo de vitaminas e o neurodesenvolvimento em Mus
musculus. Neste estudo, sdo avaliadas as mudangas moleculares observadas pré-natais
e pds-natal de quatro diferentes conjuntos de dados transcriptomicos de tecido neural
de ratos expostos ao etanol em diversos momentos do desenvolvimento e na fase
adulta, buscando mecanismos pouco conhecidos associados com a Sindrome Alcodlica
Fetal (SAF). Este artigo encontra-se em fase de revisdo no periddico Toxicological
Sciences.

Os dois capitulos sdo seguidos de uma discussdo geral dos temas e dados
abordados, incluindo novos dados e sdo finalizados com uma conclusdo sobre a

importancia dos estudos realizados nessa dissertagao de mestrado.



A dissertacdo é finalizada com um item de “Adendos”, onde é mostrado um
terceiro artigo que prospecta novas combinacdes de pequenas moléculas e alvos
proteicos para serem inibidos por farmacos visando o aprimoramento da
reprogramacao celular. Neste estudo foram utilizados das ferramentas de analise
topoldgica para propor novas combinacdes de pequenas moléculas para a geracdo de
células pluripotentes induzidas. Nesse mesmo trabalho também foram avaliados, por
meio de andlises de centralidades e de interferéncia, novos alvos proteicos para serem
inibidos por pequenas moléculas e, assim, promover os mecanismos de indugcdo ou de
manutencdo do estado-tronco pluripotente. Este artigo encontra-se aceito para
publicacdo no periédico Molecular BioSystems e ja se encontra disponibilizado online.

No item “Adendos” também se encontra um capitulo de livro que mostra a

histdria, teoria e aplica¢des da biologia de sistemas.
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RESUMO

Muitos caminhos bioquimicos e interacdes moleculares ainda sdao pouco
conhecidos para as ciéncias biomédicas, dentre elas a agdo de pequenos compostos
toxicos no desenvolvimento embriondrio de diferentes modelos bioldgicos. Neste
sentido, dois cenarios criticos, de amplo interesse clinico e de impacto social, se
destacam: o abuso de tabaco e de bebidas alcodlicas. Sabe-se que os derivados
quimicos do tabaco e do etanol sdo capazes de alterar o funcionamento de diferentes
vias bioquimicas, levando a modificacdes. Por exemplo, criancas nascidas de mulheres
fumantes expostas ou usuarias de tabaco mostram inimeras altera¢des morfolégicas e
funcionais em diferentes tecidos do seu organismo. Da mesma forma, o abuso de
alcool durante a gravidez é responsavel por danos ao tecido neural do feto que, ao
nascer, apresenta problemas cognitivos, motores e de aprendizado que se agravam ao
longo da vida. Esse quadro patolégico é chamado de Sindrome Alcodlica Fetal (SAF).
Infelizmente, devido a complexidade inerente dos sistemas bioquimicos, os
mecanismos moleculares subjacentes a ambos cenarios s3ao escassos.

Assim, essa dissertacdo de mestrado visa aplicar diversas ferramentas de
quimio-biologia de sistemas para elucidar os possiveis alvos e caminhos moleculares
relacionados as anomalias geradas pelo abuso de tabaco e a SAF. Para tanto, andlises
topoldgicas globais e locais de redes de interagdao foram empregadas juntamente com
informacgodes transcritbmicas para ambas as condi¢des de uso de tabaco e de etanol em
modelo humano e murino (Mus musculus). As andlises dos efeitos do tabaco no
desenvolvimento mostram que o abuso deste resulta na alteragdao na biossintese de
prostaglandinas e leucotrieno, assim como na regulacdo negativa de genes HOX e
receptores de dcido retindico. Da mesma forma, foi possivel identificar diversas
proteinas relacionados a diferenciagdo celular e formac¢ao do tecido ésseo. Por fim, as
analises dos efeitos do etanol no neurodesenvolvimento indicam que o etanol afeta a
diferenciacdo neural e importantes processos como a via de glutamato e o
metabolismo de diferentes vitaminas. As andlises indicam que o etanol pode causar
graves quadros de neuroinflamacdao. Também se observou que diversas vitaminas tém
a sua biossintese e o seu metabolismo alterado pelo etanol, com importantes

implicacdes no neurodesenvolvimento.
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ABSTRACT

Many pathways and molecular interactions are still poorly described in
biomedical sciences. Among these pathways, the knowledge related to the action of
toxic compounds during embryonic development is largely unknown. In this sense, two
scenarios, of broad clinical and social impact stand out: the abuse of tobacco and
alcohol in the form of fermented or distillates. It is known that the chemical derivatives
of tobacco and ethanol are capable of alter the functionality of different biochemical
pathways. For example, children born from smoking abusing women or exposed to
tobacco smoke show innumerous morphological alterations in different tissues. In
addition, the abuse of alcohol during pregnancy is responsible for damages in the fetus
neural tissue. Those fetuses, after birth and during growth, present cognitive, motors
and learning problems that aggravate in the course of life. This pathology is called Fetal
Alcohol Syndrome (FAS). Unfortunately, due to the inherent complexity of biochemical
systems, the molecular mechanisms underlying both scenarios are scarce and poorly
understood.

Thus, this master's degree dissertation aim to apply different chemo-systems
biology tools to elucidate the possible molecular pathways and potential targets
related to the tobacco and SAF-related anomalies. For such, local and global
topological analyses from interaction networks were employed together with
transcriptomic information to both conditions of tobacco and ethanol abuse in human
and mice (Mus musculus).

The analysis of the effect of tobacco during development shows that the abuse
of this drug results in the alteration of prostaglandin and leukotriene biosynthesis, as
well for a negative regulation of HOX gene receptors and retinoic acid. Moreover, it
was possible to identify different proteins related to osteogenesis. Finally, the analysis
of the effects of ethanol in neurodevelopment indicate that ethanol impair neural
differentiation and essential process, such as glutamate pathway and the metabolism
of different vitamins. The gathered data also propose a model where ethanol can
promote severe neuroinflammation. In addition, was observed that multiple vitamins
had their biosynthesis and metabolism impaired by ethanol, with crucial implications

for neurodevelopment.
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1. INTRODUGAO
1.1. A era pds-gendmica e a bioinformatica

Em busca do entendimento da organizagao e fungao do genoma humano e de
outros organismos, em 1990 foi langado pelo U.S Department of Energy e o National
Institute of Health dos Estados Unidos da América o Projeto Genoma Humano (PGH). O
projeto tinha como objetivo mapear o genoma de humanos em busca de obter
plataformas de comparacdo da organizacdo gendmica e avangar na area biomédica
(Lander et al., 2001; Consortium, International Human Genome Sequencing, 2004).

Dentre o vasto volume de dados gerados pelo préprio PGH e também aqueles
resultantes de analises posteriores de larga escala destacam-se: (i) a caracterizagdo e a
anotacdo funcional de genes; (ii) diferencas na composicdo dos genomas, como o
numero de sequéncias codificantes e conteudo de cada nucleotideo presente no DNA;
(iii) relacdo detalhada entre recombinagdes e distancias fisicas entre os genes e (iv)
arquitetura combinatéria das proteinas, identificando regides multidominios e
multiplas subunidades (Consortium, International Human Genome Sequencing, 2004).
Desta forma, diferentes tipos de bancos de dados foram criados para estocar as mais
diversas informacdes biolégicas, onde ferramentas computacionais se tornaram
fundamentais para comparar e analisar as multiplas sequéncias gendémicas obtidas
pelo PGH, bem como outras informag¢bes complexas. Sendo assim, a quantidade
macica de dados gerados pelo PGH e outros projetos gendmicos se tornaram
disponiveis para a comunidade cientifica, permitindo suas analises em diversos campos
das biociéncias.

As ferramentas computacionais aplicadas para a andlise e a preparacao de
dados provindos de sistemas biolégicos sdao objeto de estudos da drea da
Bioinformatica. Mesmo que o termo “bioinformdtica” tenha sido cunhado na década
de 1970 com o propdsito de ser o “estudo dos processos informativos dentro de um
sistema bioldgico”, a bioinformatica foi classicamente ligada a andlise computacional
de comparag¢des genémicas (Hogeweg, 2011). Contudo, a necessidade emergente de
fazer sentido a grande abundancia de dados gerados pelo PGH, contribuiu para o
aperfeicoamento de ferramentas computacionais cada vez mais especializadas para

lidar com os diferentes tipos de dados.
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O desenvolvimento dessas ferramentas de analise também foi fundamental
para a contextualizacdo das informacdes bioldgicas no sentido de possibilitar a
descoberta de como os mecanismos moleculares funcionam em um determinado
organismo (Sobral, 1999).

Com a expansdo das técnicas de andlise de larga-escala (por exemplo,
microarranjos de DNA, RNAseq e analises protedmicas), a demanda de ferramentas
para andlise de dados cresceu, uma vez que esses dados encontravam-se
fragmentados em bancos de dados. Neste sentido, a bioinformatica também ganhou
papel fundamental para geracdo das “anotacdes genémicas” (Ouzounis, 2012). Essas
anotacdes, chamadas de ontologias génicas, provinham de experimentos de larga-
escala e compilavam informacbes sobre qual a funcdo do produto genbémico, sua
localizacdo celular e de qual processo biolégico ele participava (Consortium, Gene
Ontology, 2001). Assim, foi iniciado o Gene Ontology (GO) Project que visava compilar,
tratar e armazenar as anotacOes referentes a processos bioldgicos em diferentes
organismos (Consortium, Gene Ontology, 2001). Finalmente, as técnicas de andlise de
larga-escala ndao exigiam analises individuais de dados, mas sim um procedimento
onde fosse possivel contemplar dados fragmentados e os processos biologicos
associados as amostras estudadas, dando sentido ao que biologicamente estava
ocorrendo nos experimentos. Essa demanda foi a principal responsavel pelo
surgimento de uma ramificacdo da bioinformatica dedicada, em parte, a esse

propdsito e que foi denominada de Biologia de Sistemas.

1.2. A biologia de sistemas e o estudo da complexidade biolégica

Durante muitos anos a visdo reducionista foi o foco das ciéncias bioldgicas,
gerando informacdes sobre as partes individuais de uma célula (Palsson, 2000).
Entretanto, dados fragmentados de andlises de pequena escala (por exemplo,
interacdo entre dois ou mais genes/proteinas), embora fundamentais, ndo conseguiam
expressar a complexidade da organizacdo celular, uma vez que essa complexidade
emerge da interacdo dos componentes celulares como um todo (Barabdsi & Oltavai,
2004).

Neste sentido, a biologia sofreu uma gradual mudanca durante a era pds-

“"a

genbmica, pois o crescimento de dados “Omicos” (isto é, gendmica, protedmica,
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trascritbmica, metabolomica, entre outros) exigiu ferramentas para a andlise global
desses dados. Sendo assim, dentre as formas de analise esta a geracdo e o desenho de
redes de interacdo (interatomas) que derivam da inclusdo dos diferentes tipos de
dados biolégicos (por exemplo, gene-proteina, proteina-metabdlito, transcrito-
proteina, entre outros).

Essas redes de interacdes ou grafos seguem propriedades matematicas bem
definidas cuja compreensdao é aplicdvel para a correta compreensdo dos dados

bioldgicos.

1.2.1. Elementos basicos de redes, as suas topologias e as suas classificacbes

As redes ou grafos de interacdo sdo constituidos de dois elementos principais:
(i) vértices ou nos (nodes) (Fig. 1), que representam as partes interagentes do sistema
(Barabasi & Oltavai, 2004; Newman, 2003) e sendo estas formadas por proteinas,
genes, metabdlitos, acidos nucleicos, RNAs, carboidratos ou qualquer outro
componente celular, moléculas sintéticas (por exemplo, farmacos), elementos
inorganicos (isto é, ions metalicos) ou quaisquer moléculas de importancia biolégica e
(ii) conectores (edges) (Fig. 1), que indica o tipo de conexdo entre os nés (Barabasi &
Oltavai, 2004; Newman, 2003). Os conectores podem significar os dominios interatores
de proteinas ou até mesmo uma modificacdo pds-traducional passada de uma
proteina para outra.

Um terceiro fator que deve ser levado em consideracdo para a andlise dos
dados de biologia de sistemas é o ambiente amostral. Neste caso, é necessario e
fundamental entender o contexto bioldgico em que a rede interatémica estd inserida.
Por exemplo, é esperado que proteinas relacionadas a diferenciacdo neural se
encontrassem em uma rede focada em neurodesenvolvimento.

Por outro lado, a topologia de qualquer tipo de rede reflete diretamente na sua
funcionalidade (Scardoni & Laudanna, 2012). Por exemplo, a topologia de redes
ferrovidrias e rodoviarias influencia diretamente o trafego que passam por elas (Fig. 1).
Da mesma forma, as liga¢gGes interpessoais em grupos sociais influenciam a
propagacdo de informacdes e doencas. Sendo assim, o entendimento da estrutura de
uma rede se torna crucial para o entendimento de como suas partes funcionam como

um todo.
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Figura 1. Exemplo de uma topologia de redes ferroviarias. A topologia influencia
diretamente a funcionalidade de uma rede. Na figura é possivel ver que a Estacdo 1 é o
ponto de partida e chegada de quatro esta¢Ges diferentes (EstacOes 3, 4, 6 e 7). Desta
forma, é esperado que o trafego na Estacdo 1 seja maior e que haja a necessita de um
controle mais rigido de horarios de partidas e chegadas quando comparado com

outras estacdes.

Para compreender as redes de interacdo é necessario, primeiramente, definir
os tipos de conectores existentes. Conforme a interacdo, uma rede pode ser do tipo
“redes dirigidas” ou “redes bidirecionais” (Fig. 2).

A rede dirigida mostra que a informag¢dao se propaga apenas no sentido
indicado pelos conectores (Fig. 2A). Ja as redes bidirecionais ndo mostram o sentido
gue cada conector segue e ilustram que a informacdo se propaga em ambas as
direcdes (Fig. 2B). De uma forma geral, a rede direcionada possui uma menor
plasticidade, ou seja, é mais propensa a sofrer grandes modifica¢gGes caso alguma de

suas partes sofra alguma interferéncia negativa, do que a rede bidirecional.
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Conector dirigido
Vértice ou N6

=

Conector bidirecional

Figura 2. Elementos de uma rede e os dois principais tipos de redes
encontradas em sistemas complexos. Em (A) é mostrada uma rede dirigida enquanto
gue em (B) é mostrada uma rede bidirecional. Na rede (A) os conectores mostram o
sentido em que a informacdo se propaga. Desta forma, o nd “B” apenas pode propagar
informacgdo para “A”, enquanto “A” sé pode propagar para “C”, mas “C” pode propagar
para “A” e “B”. J4 na rede (B) os conectores ndo mostram o sentido da informacao,

indicando que ela se propaga nos dois sentidos para cada conjunto de nés.

Sabendo que uma rede pode ser dirigida ou bidirecional, e tendo em vista os
seus principais elementos, existem trés modelos definidos de redes de interacdo: (i) as
redes de livre escala, que sdo definidas por uma lei de potencia¢do, que indica que a
rede possui uma dinamica de estruturagcdo que permite o crescimento da rede pela
adicdo de novos nds. Desta forma, as redes consistem de um sistema aberto que inicia
com um pequeno grupo de nés e aumenta de tamanho exponencialmente no tempo
devido a insercdo de novos nés (Barabasi & Oltavai, 2004) (Fig. 3A). A lei de
potenciacdo indica que os novos nds adicionados terdo mais probabilidade de se ligara
outros ndés que possuem um maior numero de conexdes (Barabasi & Oltavai, 2004).
Desta forma, havera uma quantidade menor de nés com uma conectividade acima da
média de conectividade da rede, e uma maior quantidade de nés com baixa
conectividade; (ii) rede aleatoriamente conectada (randémica), onde todos os nods
possuem uma probabilidade semelhante de conter o mesmo nimero de liga¢Ges e ndo

é regida por uma lei de potenciacdo (Barabasi & Oltavai, 2004) (Fig. 3B) e (iii) rede
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hierarquica, que demonstra que a maior parte dos nds terd uma conectividade

semelhante e na sua arquitetura ela mostra de uma forma evidente os graus de

hierarquia (Barabasi & Oltavai, 2004) (Fig. 3C).
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Figura 3. Os trés principais modelos de redes. Em (A) rede de livre escala, em (B) rede
randdmica e (C) rede hierdrquica. E possivel observar que a rede randémica apresenta
um numero aproximadamente igual de conexdes por nd (aproximadamente trés
conexdes por nd), enquanto a rede de livre-escala apresenta apenas alguns nés mais
conectados. A rede hierdrquica claramente mostra os niveis de importancia de cada né

em sua arquitetura.

Redes randbémicas e hierarquicas ndao sdo topologicamente adequadas para
modelar conexdes em um sistema bioldgico, uma vez que as intera¢bes proteinas-
proteinas e genes-proteinas ndo sdo aleatdrios em sistemas vivos (Newman, 2003). Da
mesma forma, a organizacdo molecular da célula ndo é hierarquica. Sendo assim, as
redes de transmissdo de energia elétrica, ferrovias e as observadas in vivo sdo de livre-
escala (Barabasi & Oltavai, 2004; Newman, 2003).

Uma vez definido o que é uma rede e seus elementos, assim como os tipos de
redes existentes, é importante analisar como seus componentes se organizam de
forma topolodgica. Neste sentido, é especialmente importante analisa-las com o que diz

respeito a modularizacdo e na descricdo dos seus elementos centrais.
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1.3 Parametros de analise de redes de livre-escala

1.3.1 Modularizacdo ou clusterizacdo

O parametro topoldgico de clusterizagdo, também chamado de modularidade,
se baseia em um principio de agrupamento entre partes individuais de um sistema, ou
seja, na formacdo de regides altamente conectadas (Wagner et al., 2007). Este
principio de organizagdo intrinseco de um determinado sistema é observado
evolutivamente em diversas ocasibes como, por exemplo, na interacdo entre
organismos da mesma espécie, como a mosca chamada de cluster fly (Fig. 4), que
ganhou esse nome pelo fato de formar agrupamentos compostos por organismos da
mesma espécie. A modularidade também é vista na organizacdo de itens por sua
funcionalidade, como uma caixa de ferramentas ou uma gaveta de meias, ou pela sua
semelhanga (como uma caixa de pregos, por exemplo). Ela também é observada na
nossa tendéncia de formarmos grupos sociais por afinidade (isto é, afinidade por
pensamentos, crencas ou inclinagdes profissionais). A tendéncia de formar grupos
altamente conectados também é relacionada a sobrevivéncia, onde muitos animais se

organizam em grandes grupos visando afastar predadores.

Figura 4. Organismos da espécie Pollenia rudis (cluster fly) agrupados. Fonte:

http://www.thesuffolkpestcontrolcompany.co.uk/pest-help/cluster-flies

Evolutivamente, todos os organismos também possuem sistemas moleculares
organizados que proporcionam interacdo entre suas biomoléculas e entre o organismo
e o seu ambiente (Wagner et al., 2007). Esses sistemas sdo também chamados de
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clusters ou moédulos e influenciam diretamente na formac¢dao das redes moleculares
e/ou na dindmica evolutiva da espécie (Wagner et al., 2007). Esses modulos podem ser
conservados entre diferentes espécies, como as proteinas que compde o citoesqueleto
em células eucaridticas e os complexos de manutencdo genOmica de replicagao e
transcricdo, por exemplo. Os elementos que compde mddulos estaveis e vantajosos
para o organismo, no ponto de vista de adaptacao, tendem a sofrem maior pressao
seletiva entre gera¢des (Wagner et al., 2007).

Deste modo, a analise de clusters se torna fundamental no entendimento da
dindmica molecular e organizacdo do sistema. Esse objetivo é possivel pela aplicacao

de programas que calculam os graus de modulariza¢ao representada pela equagao 1:

2n
Y Py
i\
(1)
Onde k; é o tamanho da vizinhanca de vértices (nds) do vértice i e n o nimero
de conectores na vizinhanca. Desta forma, quanto maior for C;, mais conectado é o
cluster (Fig. 5).
A vantagem do estudo da modularizagdo em um interatoma é a possibilidade
de observar novos grupos de elementos altamente conectados e identificar novas
funcdes para biomoléculas, assim como elucidar novas vias bioquimicas que poderiam

ser fundamentais para a estabilidade de algum processo.

C=1667  C=2444 C=4

Figura 5. Mddulos e seus respectivos valores de C;. A figura ilustra que a medida que

um modulo aumenta a conectividade entre seus nds, o valor de C; aumenta.
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1.3.2 Centralidades

1.3.2.1 Grau de né

Um dos parametros bdsicos para o entendimento de andlises topoldgicas é o
parametro de grau de nd (node degree). Neste parametro é calculado o nimero de nés
diretamente conectadas a outro né (Scardoni & Laudanna, 2012). Sendo assim, o grau
de né leva em consideracdo os conectores diretos que incidem e partem de um
determinado no.

Os nods que possuirem um valor de grau maior que a média de grau de nd da
rede sdo chamados de hubs (Scardoni & Laudanna, 2012) (Fig. 6). Este parametro é

dado pela equacao 2:

Deg(v) = > E,
(2)

Onde Deg(v) é a medida que indica o nimero de conexdes (Ei) que passam pelo
noé (v).

Os hubs podem ser exemplificados como individuos formadores de opinides em
grupos e redes sociais ou supervisores e chefes de empresas que possuem muitos
empregados. Esses individuos possuem uma ampla gama de contatos, seguidores e/ou
apreciadores, se tornando pontos criticos da formacdao de grupos. Deve-se ter em
mente que o hub ndo indica a importancia de um né e sim a sua popularidade.

Em termos biolégicos é possivel exemplificar os hubs como proteinas que
possuem um grande numero de biomoléculas como parceiras diretas como, por
exemplo, fatores de transcricdo que pode interagir com uma ampla gama de proteinas
(Ferecatu et al., 2009; Scardoni & Laudanna, 2012) e mediar a ativacdo de distintos

bioprocessos e a transcricdao de diversos genes.
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Figura 6. Centralidades em uma rede de livre-escala. Na figura é possivel observar os

tipos principais de centralidades. Em verde encontram-se os nds classificados como
hubs, ou seja, todos aqueles que possuem uma conectividade maior do que a média de
conectividade da rede. J& o né em vermelho indica que o mesmo possui um alto valor
de betweenness e é classificado como gargalo. Sendo assim, ele se torna essencial para
a ligacdo entre diferentes grupos de nds. Os nds em azul sdo classificados como hubs-
gargalos (HG) possuindo, assim, um alto valor de betweenness e grau de né. Deste
modo, os HGs sdo os nds mais cruciais para um sistema, topologicamente falando.
Contudo, o né com a forma de diamante é o Unico com um valor de closeness acima da
média, ou seja, € o nd mais préoximo de todos os outros nés da rede. Isso é facilmente
visto, pois os outros nds azuis, embora do tipo HGs, ndo interconectam os modulos
como o né em forma de diamante. Por fim, os nés em roxo sdo aqueles nomeados de
nao-hub nao-gargalo, pois ndo possuem um valor acima da média para ambos

parametros.

1.2.2.3 Betweenness

O parametro de betweenness é referente ao trafego de informacdo que passa
por um determinado né (Scardoni & Laudanna, 2012). Ou seja, o betweenness
considera os caminhos mais curtos que passam entre dois ndés, como é dado pela

equacao 3:
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Bet(v)= 3 )

S#V#L GSW
(3)

Onde oy, é 0 numero total de caminhos mais curtos que passam do nd s para o
né w e oy (V) € o numero desses caminhos que passam por aquele né.

Sendo assim, estes nés com alto valor de betweenness sao cruciais para ligar
diferentes mddulos (Fig. 6) e sdo chamados de gargalos ou bottlenecks. Os gargalos
nao necessariamente possuem muitas conexdes com outros nds, mas podem também
ser hubs (isto é, possuirum grau de nds acima da média de grau de nds da rede). Neste
caso, quando um gargalo também é um hub ele ganha a denominacao de hub-gargalos
(HGs) (Fig. 6). Os HGs sdao os ndés com maior probabilidade de possuir grande
importancia topoldgica em uma rede de interagao, pois eles combinam a caracteristica
de muitas conexdes do hub, com a capacidade de ser um né comunicante entre varios
processos, que é caracteristica do gargalo (Yu et al., 2007).

Um alto valor no parametro de betweenness pode ser exemplificado de uma
maneira pratica como as vias de transito. Neste sentido, se um carro saiu da cidade A
em direcdo a cidade B, as vias mais utilizadas serdo aquelas que forem o meio de
chegada mais rdpido e com menos paradas entre as duas cidades. A demoli¢cdo dessas
vias rdpidas causaria transferéncia de transito para outras vias, causando um aumento

de trafego (Fig. 7).

25



N

5.7 YR Pedagio ™,
A Cidade B ' 3
' 1 ‘\

\ ) Pedagio ™ .
\ .
“ ﬁ~

P -~
. Pedagio “~«
~

-
-
heS

@ rul

Pedagio s “‘

S [y
. “Via2 |

Pedagio *

(Y )

s Pedagio

- *
S

Via 3% Via 4!

v

1

1
1
]
1
1

-~
o
-‘.

Cidade A

Figura 7. Exemplo pratico de betweenness. A) A figura mostra as vias hipotéticas que
interligam duas cidades. A via mais utilizada para viajar entre as duas cidades sera a via
gue possui menos pedagios (Via 3). Consequentemente, o fluxo de carros que passara
no pedagio da Via 3 serd maior do que nas outras vias. Deste modo, este pedagio tera
um betweenness maior do que os outros pedagios. B) A mesma visdo das cidades em

A, porém na visao de redes.
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Em redes bioldgicas, o parametro de betweenness pode ser ilustrado como uma

proteina capaz de interligar diferentes processos biolégicos distintos. Nesse sentido, a

BOX1

P53: fatorde transcrigdo envolvido na
resposta a danos de DNA em G,/S e
G,/M, através da sua ativacdo e
recrutamento de diversas proteinas
ativadorasde apoptose (porexemplo,
Puma,Bax)erepressdo de genes anti-
apoptédticos (por exemplo: Bcl2)
(Ferecatu et al., 2009). Em condigGes
normais p53 é degradada por Mdm?2
através de poli-ubiquitinagdo que leva a
degradacgdo proteossomal. (Ferecatu et
al., 2009).

proteina p53 pode ser usada como exemplo, pois a
mesma participa como uma ponte entre processos,
como ciclo celular, reparo de DNA e apoptose
(Ferecatu et al., 2009), onde diversos sinais,
provindos de proteinas diferentes, fardo com que
p53 dirija o destino da célula para processos
distintos (Fig. 8). Sua delecdo levaria a inativacdo

ou defeitos em todas as vias que ela participa.

/_'\ .
Q) = Ciclo celular

NoOs rosas
e . --\‘\.‘_
/.-= Apoptose

Nés é]?éndes

{ ) = Reparo de DNA

Nos Hexagonais

Figura 8. Rede de interacdo proteina-proteina mostrando alguns dos processos

biolégicos em que p53 participa. Todas as proteinas na figura se conectam a p53 e

participam de diversos processos biologicos. A rede foi prospectada no programa

STRING 9.05

[http://www.cytoscape.org/].

[http://string-db.org/]

e montada no programa Cytoscape 2.8.3
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1.2.2.4 Closeness

O closeness leva em consideracdo os caminhos mais curtos entre um vértice e
todos os outros vértices da rede, sendo classificado como um pardmetro de
isolamento ou aproximac¢dao de um né (Scardoni & Laudanna, 2012). Desta forma, um
alto valor de closeness indica que um determinado vértice é “préximo” de um grande
ndimero de outros vértices, enquanto um baixo valor de closeness mostra que essa
proteina é afastada da maior parte dos outros vértices de um sistema, encontrando-se,
de certa forma, isolada (Scardoni & Laudanna, 2012). Sendo assim, quanto maior o
valor de closeness de um determinado vértice, mais relevante topologicamente para a
propagacdo de informacdo entre nds vizinhos ele se torna (Fig. 6). Este parametro é

dado pela seguinte equacdo 4:

1
Z W e Vdist(v,w)

Clo(v) =

(4)

Onde o valor de closeness de um vértice v [Clo(v)] é calculado através da soma
de caminhos mais curtos entre um vértice v e todos os outros vértices w [dist(v,w)] em
um interatoma.

No quesito bioldgico podemos usar mais uma vez a proteina p53 como
exemplo, pois uma vez ativa ela coordenarda diversos processos e proteinas
simultaneamente ou em diferentes momentos (Ferecatu et al., 2009) (Fig. 9). Ela ndo
s6 coordena as proteinas diretamente transcritas por ela, como possui um impacto

direto em diversos processos biolégicos.
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Estabilizagao de tetrameros de p53 para sua
ligagdo no DNA

Sinalizad_a para degrada_céo por Mdm2 Importada do nicleo para o nucléolo
sob condigdes homeostaticas normais impedindo sua degradagao por ubiquitinagéo

Pml

Translocada para a mitocondria

para iniciar o processo de apoptose Ligacdo com a proteina Pml para ligacdo ao DNA

e com outras proteinas
[\ o I
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LA
Sinalizada para exportagao
nlcleo-citoplasma e degradacéo

Figura 9. Exemplo de closeness. A proteina p53, dependendo da sua modificacdo pds-
traducional atua em diferentes fungdes ou é levada para diversos destinos. No esquema
acima é visto que p53 pode sertanto translocada para a mitocondria se ligando a Bcl-x para
comegar o extravasamento de citocromo-c e o processo de apoptose, quanto pode ser
poli-ubiquitinada e ser encaminhada para degradagao proteossomal. Por outro lado, ela
também pode ser translocada do nucleo para o citoplasma por sumoilacdo, um processo
que pode ser inibido pela fosforilagao de p53. Ademais, a proteina p53, uma vez acetilada e
fosforilada é estabilizada na forma de tetrametros para sua ligagdo no DNA como fator de
transcricdo. Por fim, p53 fosforilada tanto estabiliza a proteina quanto impede sua
degradacdao e também permite sua ligacdo com Pml que, ao formar o heterodimero com
p53, serve como uma plataforma para ligagdo de outras proteinas que irdo transcrever

genes alvo.

BOX2

MDM2: em condigdes normais MDM2 se encontranonudeo e é translocada para o citoplasma onde promove a
degradacgdode proteinas-alvo, promovendo poli-ubiquitinagdo e subsequente degradagdo por proteassomas (Nag et
al., 2013).

BCL-X: proteina anti-apoptdtica que quando ligada a p53tem sua atividade inibida (Ferecatu et al., 2009).
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Vale ressaltar que nem todo HG possui um valor alto de closeness, como é visto
na Fig. 6. Na figura é possivel observar que apenas o nd central possui um valor do
parametro de closeness acima da média, tornando-se o né “mais préximo” de todos os

outros.

1.4. Abuso de tabaco e etanol durante o desenvolvimento embrionario em humanos
e modelo murino

A biologia de sistemas tem sido aplicada amplamente para a prospeccdo de
farmacos para serem utilizada no tratamento de doencas (Csermely et al., 2013;
Chandra & Padiapu, 2013; Rosado et al.,, 2011), na elucidacdo de mecanismos
moleculares associados a neurogénese e envelhecimento (de Faria Poloni et al., 2011;
de Magalhdes & Toussaint, 2004; Feala et al., 2013; Feltes et al., 2011) e para
aplica¢Oes biotecnolégicas (da Hora Junior, et al., 2012; Kildegaard et al., 2013). Ou
seja, todo e qualquer cendrio em que haja dificuldades na compreensdo de
mecanismos moleculares ou que necessitam de informacdes e geracdes de hipdteses
para um avanco rapido da drea se beneficiam da andlise de redes.

Neste sentido, um dos cenarios de relevancia biomédica que ainda carece de
informagdes e que potencialmente pode ser favorecido por este tipo de anadlise é a
atuacdo de substancias narcéticas durante o desenvolvimento embrionario.
Infelizmente, os dados referentes aos mecanismos moleculares associados ao abuso
de tabaco e o alcool durante o a gravidez sdo escassos e os estudos focam-se mais
profundamente a nivel morfolégico e sintomatico. Por outro lado, devido aos
problemas éticos e praticos para seguranca do feto e da mae, o estudo molecular
subjacente a exposicdo destas substancias continua confuso e pouco descrito.

Neste sentido, entendendo a necessidade de avangar no estudo das patologias
e anormalidades morfoldgicas causadas pela exposicdo dos fetos a essas substancias,
tanto pelo abuso de alcool, quanto pelo consumo de tabaco durante a gravidez, ambas
as problemdticas serdo abordadas para as analises de biologia de sistemas na presente

dissetacdo
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1.4.1 Abuso de tabaco

O tabaco e os seus derivados de combustdao contém mais de 4.800 substancias
toxicas, onde muitas sdo consideradas carcinogénicas (Pfeifer, et al., 2002). Dentre
essas substancias destacam-se os Oxidos de nitrogénio, o butadieno, o isopreno, o
formaldeido, o benzeno, o estireno, o acetaldeido, a acroleina e o furano, todos
considerados agentes carcinogénicos (Pfeifer, et al., 2002). Da mesma forma, é
possivel encontrar hidrocarbonetos policiclicos aromaticos (PAH, Polycylic Aromatic
Hydrocarbons), N-nitrosaminas e metais pesados, além da nicotina, que é o composto
psicoativo do cigarro que gera dependéncia (Pfeifer, et al., 2002).

Os maleficios do tabaco vao desde doencas cardiovasculares e respiratorias,
doencas cerebrais até quadros graves de cancer de pulmao, estomacal e de garganta
(Benowitz, 2010). Seu uso também é considerado um fator de risco para sepse e o
desenvolvimento de patologias como osteoporose, doengas do trato reprodutivo e
diabetes (Benowitz, 2010). Contudo, os agentes carcinogénicos do tabaco ndo afetam
somente o usuario, mas também aqueles expostos sua fumaca, como no caso de
mulheres gravidas. Nos Estados Unidos, 18-25% das mulheres fumantes param de
fumar durante a gravidez, sendo que 13-25% fumam até o fim do primeiro trimestre
de gestacdo (Rogers, 2008). Em mulheres fumantes, a concentracdo de progesterona é
diminuida, assim como a quantidade de ferro e zinco no sangue (Piasek et al., 2001). O
tabaco também afeta os niveis de estrogénio, estradiol e gonadotrofina coridnica, o
gue pode acarretar em abortos espontdneos (Piasek et al., 2001).

Mesmo com o crescimento de propagandas e campanhas que visam cessar o
consumo de tabaco em mulheres gravidas, muitas dessas ainda continuam a fumar ou
sdo expostas ao tabaco de forma passiva, assim expondo o feto em desenvolvimento
as mesmas substancias toxicas que a mae (Hackshaw et al., 2011). Os fetos e recém-
nascidos de mulheres gravidas fumantes ou que foram expostas a fumaca do tabaco
apresentam graves defeitos morfolégicos ao longo do desenvolvimento,
especialmente no tecido 6sseo e neural (Hackshaw et al., 2011). Da mesma forma, ja
foi visto que os defeitos morfolégicos associados ao tabaco atuam em uma ampla
gama de orgdos e estruturas corporais e ndo podem ser previstos de forma precisa

(Hackshaw et al., 2011). Contudo, os defeitos no desenvolvimento dos membros e
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orgdos, assim como a diminuicdo de peso do recém-nascido, também sdo quadros
clinicos comuns (Jauniaux & Burton, 2007).

Sendo o tabaco composto por milhares de diferentes substancias tdxicas, o
entendimento dos mecanismos moleculares que dao origem a essas anormalidades

ainda precisa ser elucidado.

1.4.2 Abuso de alcool etilico

Quando ingerido durante a gravidez, o alcool etilico pode levar a um quadro
patoldgico amplamente estudado chamado de Sindrome Alcodlica Fetal (SAF) (O’Leary,
2004). As criangas diagnosticadas com SAF apresentam diversas anormalidades faciais
(Fig. 10), baixo peso pods-natal, taxa de crescimento diminuida, microcefalia,
hidrocefalia e deficiéncias intelectuais tanto de aprendizado e comportamento, quanto
motoras e sociais (O’Leary, 2004). Um dos grandes problemas de tratar criangas com
SAF é pelo fato que os sintomas surgem em diferentes idades e os quadros de
problemas cognitivos podem perdurar por muitos anos e até se tornar mais severos
(O’Leary, 2004).

O consumo de etanol durante a gravidez pode levar a teratogénese e afetar o
desenvolvimento do sistema nervoso central (SNC) (O’Leary, 2004), onde o etanol ja
foi visto em promover morte neuronal (Genetta et al., 2007) e alterar a expressao
génica no desenvolvimento da crista neural em ratos (Wentzel & Eriksson, 2009).
Desta forma, entender os mecanismos moleculares subjacentes ao desenvolvimento
de SAF de tornam cruciais para o tratamento ou até interven¢des farmacolégicas dessa

doenga, visando atenuar seus sintomas.
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Figura 10: Anomalias faciais apresentadas por uma crian¢a nascida com Sindrome

Alcdolica Fetal (SAF). A imagem foi adaptada de http://www.aap.org/en-us/advocacy-and-

policy/aap-health-initiatives/fetal-alcohol-spectrum-disorders-toolkit.

J4 foi observado que o etanol causa deficiéncias em vitamina A (Goez et al.,
2011), vitamina By (Ke et al., 2009), vitamina Bg (Hewitt et al., 2011) e vitamina E
(Bjgrneboe et al., 1987). Essa associacdo é necessdaria para entender a relagdao do
abuso de dlcool e SAF, pois as vitaminas possuem um papel central na neurogénese.
Por exemplo, a vitamina A ja foi vista em estar relacionada com diferenciacdo do tubo
neural, desenvolvimento do hipocampo e de regides prosencefalicas (Jiang et al., 2012;
Rhinn & Dollé, 2012) onde a vitamina C ja foi vista como necessdria para o
desenvolvimento do hipocampo e induzir a diferenciacdo de astrdcitos e neurénios
(Lee et al., 2003; Tveden-Nyborg et al., 2012). A vitamina E, por sua vez, ja foi vista
como essencial para formacdo do cranio, espinha e tubo neural (Kirsch et al., 2013;
Leung et al., 2013; Morse, 2012), onde a vitamina B1 também ja foi relacionada ao
desenvolvimento do hipocampo (Ba et al., 1996).

Entretanto, os detalhes moleculares de como o etanol estd envolvido
molecularmente com o metabolismo de vitaminas e como isso leva a ma formacdo do

cérebro em pacientes com SAF é pouco estudado.
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2. OBJETIVOS

2.1. Objetivo geral

Verificar, por meio de ferramentas de biologia de sistemas, como o
desenvolvimento embrionario, utilizando os organismos modelo de Homo sapiens e
Mus musculus, pode ser afetado através do abuso de substancias téxicas, tal como o

etanol e os diferentes compostos presentes no tabaco.

2.2. Objetivos especificos

- Verificar as relagGes existentes entre as diferentes substancias toxicas e o
desenvolvimento embriondrio em dois organismos modelos, Homo sapiens e Mus
musculus;

- Gerar redes de interacdo visando a visualizacdo dessas redes para analises de
topologia local e global;

- Aplicar programas de clusterizacdo para avaliar os diferentes médulos que
compde os interatoma gerados e analisar as redes geradas e os mddulos obtidos pelos
bioprocessos associados a cada uma das redes;

- Verificar os principais nds das redes obtidas através de uma andlise de
centralidades utilizando os parametros de grau de né, closeness e betweenness;

- Conduzir uma andlise de transcritomas, referentes a exposicdao de organismos
modelo as substancias estudadas, previamente publicados no banco de dados do Gene
Expression Omnibus (GEQ) em busca de corroborar as hipéteses geradas. Da mesma
forma, estudar as redes geradas somadas a analise transcritomica visando promover
um melhor entendimento dos processos e mudangas na expressdo génica causada

pelos compostos estudados em um contexto de desenvolvimento embrionario.
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Abstract

The physiological and molecular effects of tobacco smoke in adult humans and the development of cancer have been well
described. In contrast, how tobacco smoke affects embryonic development remains poorly understood. Morphological
studies of the fetuses of smoking pregnant women have shown various physical deformities induced by constant fetal
exposure to tobacco components, especially nicotine. In addition, nicotine exposure decreases fetal body weight and bone/
cartilage growth in addition to decreasing cranial diameter and tibia length. Unfortunately, the molecular pathways leading
to these morphological anomalies are not completely understood. In this study, we applied interactome data mining tools
and small compound interaction networks to elucidate possible molecular pathways associated with the effects of tobacco
smoke components during embryonic development in pregnant female smokers. Our analysis showed a relationship
between nicotine and 50 additional harmful substances involved in a variety of biological process that can cause abnormal
proliferation, impaired cell differentiation, and increased oxidative stress. We also describe how nicotine can negatively
affect retinoic acid signaling and cell differentiation through inhibition of retinoic acid receptors. In addition, nicotine causes
a stress reaction and/or a pro-inflammatory response that inhibits the agonistic action of retinoic acid. Moreover, we show
that the effect of cigarette smoke on the developing fetus could represent systemic and aggressive impacts in the short
term, causing malformations during certain stages of development. Our work provides the first approach describing how
different tobacco constituents affect a broad range of biological process in human embryonic development.
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Introduction abnormalities are not tissue specific or related to any unique
pathway but, rather, are systemic and connected to a broad range
of birth defects [2], [4]. The second issue that we address relates to
the fact that nicotine is the principal psychoactive constituent of
tobacco, understanding its biological effects on fetal and maternal
health is critical, as it may affect distinct biochemical pathways

There are more than 4,800 compounds present in the
particulate and vapor phases of cigarette smoke [1], and many
of these compounds are considered to represent a human health
risk [2]. Known constituents of cigarette smoke include isoprene,
butadiene, polycyclic aromatic hydrocarbons (PAHs), aldehydes,

I k | ! ) > when compared to other tobacco smoke constituents. Studies
metals, N-nitrosamines, and aromatic amines, in addition to many

concerning the morphological effects of tobacco smoke constitu-

others [1]. Although extensive anti-tobacco public advertisements ents in fetuses from both active and passive smoking women have

promote smoking cessation in pregnant women, a considerable shown significant alterations in weight, fat mass and most

number of women still smoke during their pregnancies and/or are anthropometric parameters as well as in the placenta with

exposed to tobacco smoke via passive smoking [2], [3], [4].

We addressed two major issues in this work. Although prenatal
smoke exposure has been previously associated with innumerable
malformations during fetus growth and development and disrup-

alterations in protein metabolism and enzyme activity [7]. These
alterations are the results of a direct toxic effect on the fetal cells or
an indirect effect through damage to, and/or functional distur-
bances of the placenta [7]. One possible explanation that could
link nicotine and the negative regulation of development is retinoic
acid (RA) signaling. RA is an indispensable molecule involved in
the regulation of gene expression and cell-cell signaling during
carly development [8]. RA can cross the cell membrane and bind

tions of reproductive physiology, there are gaps in the knowledge
of how tobacco components (T'Cs) affect the developing embryo in
pregnant women in a systemic way, [2], [3], [5], [6]. This
knowledge gap is the first issue that we address. Interestingly, these
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to specific nuclear receptors, such as retinoic acid receptors
(RARSs) and retinoid X receptors (RXRs) [8]. Studies regarding the
role of RA receptors during embryogenesis have shown that RARs
are essential for the expression of HOX genes and skeletal
development [8], [9]. Nicotine has been previously associated with
inhibition of the RARP gene in lung cancer, which suggests that
nicotine affects RA signaling in human tissues [10]. Therefore, RA
signaling is a plausible pathway through which nicotine could
affect cell differentiation and cause human fetal morphological
abnormalities. However, the molecular mechanisms underlying
the progression or the cause of fetal abnormalities related to
cigarette smoking remain unknown.

To understand these mechanisms, we performed systems
chemo-biology analyses to elucidate the nature and number of
proteins and modules that are associated with prenatal tobacco
smoke exposure. Different protein-protein interaction (PPI) and
chemical-protein interaction (CPI) networks derived from inter-
actome projects were described. In a first analysis, we prospected
and analyzed a network using a list of 95 commonly found harmful
tobacco constituents [2], to elucidate how these substances could
act together to influence embryonic and fetal development. In a
second systems chemo-biology analysis, we prospected data on the
interactome and small compounds for nicotine alone and
examined how they could negatively affect cell differentiation
and bone development and lead to morphological abnormalities.
Furthermore, we conducted gene ontology (GO) analyses of the
major biological processes derived from the PPI and CPI
networks. Supporting the hypotheses gathered from systems
chemo-biology analyses, a landscape network study was performed
using available transcriptomic data of placenta and cord blood
isolated from passive smoking women and non-smoking women
[11].

A model of how selected TCs could influence embryonic
development was generated. We also developed a separate model
of how nicotine could affect cell differentiation and bone
development. Taken together, our systems chemo-biology data
are the first to show how tobacco smoke can affect fetal and
embryonic development in a systemic matter at the molecular
level.

Materials and Methods

Interactome Data Mining and Design of the Chemo-
biology Network

To design chemo-biology interactome networks and to elucidate
the interplay between development and TCs, the metasearch
engines STITTCH 3.1 [http://stitch.embl.de/] and STRING 9.0
[http://string-db.org/] [12], [13] were used. In this sense, a list of
51 commonly found TCs, many of them with known concentra-
tions in the mainstream and sidestream tobacco smoke [2] were
used as initial seed for network prospection in STITCH. STITCH
software allows visualization of the physical connections among
different proteins and chemical compounds, whereas STRING
shows protein-protein interactions. Each protein-protein or
protein-chemical connection (edge) shows a degree of confidence
between 0 and 1.0 (with 1.0 indicating the highest confidence).
The parameters used in STITCH software were as follows: all
prediction methods enabled, excluding text mining; 20 to 50
interactions; degree of confidence, medium (0.400); and a network
depth equal to 1. The results gathered using these search engines
were analyzed with Cytoscape 2.8.2 [14]. In addition, the
GeneCards [http://www.genecards.org/] [15], [16], KEGG
[http://www.genome.jp/kegg/] [17], iHop [http://www.ithop-
net.org/UniPub/iHOP/] [18], PubChem [http://pubchem.nchi.
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nlm.nih.gov/], ALOGPS 2.1 [http://www.vcclab.org/lab/
alogps/] [19], AmiGO 1.8 [http://amigo.geneontology.org/cgi-
bin/amigo/go.cgi] [20], and Gene Expression Atlas [http://www.
ebi.ac.uk/gxa/] [21] search engines were also employed using
their default parameters.

To prospect protein-protein and chemical-protein interactions
(PPI and CPI, respectively), we entered each TC into the STITCH
program. TCs that were not present in the STITCH database (or
those that did not shown any protein connections) and particularly
well described components, such as nitric oxide, phenol and
carbon monoxide, were excluded from the analysis.

Different small CPI and PPI networks were obtained (data not
shown), and these networks were further analyzed using Cytoscape
2.8.2. Each network generated by STITCH and STRING was
combined into a large network using the Advanced Merge
Network function, which was fully implemented in Cytoscape
software.

Gene Expression Data for the Main Associated Nodes of
Tobacco Components

To determine whether mRNA sequences associated with
specific proteins connected to each TC could be present during
development, we searched the transcriptome data from the Gene
Expression Atlas [22]. We used the protein name and expression
data for Homo sapiens embryos and fetuses as the initial inputs. The
expression data indicated overexpressed and underexpressed genes
(Table S1 in Supporting Information S1). Gene Expression Atlas
infers the expression data for a specified gene by providing a list of
experimental studies [22]. We considered a gene overexpressed or
underexpressed based on the number of studies that matched the
expression state of our input. Proteins that are only present in
embryonic tissue were colored green, whereas proteins that are
only present in fetal tissue were colored pink (Table S1 in
Supporting Information S1). The blue nodes indicate the presence
of a protein in both embryonic and fetal tissue (Table S1 in
Supporting Information S1). Uncolored nodes (default color white)
connected to TCs were either not present in any of the selected
tissues in the initial input or were not found in the Gene
Expression Atlas database (Fig. 1).

Additionally, we evaluated the transcriptomic data gathered
from placenta and cord blood of passive smoking women (termed
group “a”), with cord blood cotinine levels >1.0 ng/mL, and
from non-smoking women (group “b”), with cord blood cotinine
levels <<0.15 ng/mL [11]. For this purpose, the matrix file
GSE30032 (available at Gene Expression Omnibus [http://
www.ncbinlm.nih.gov/geo]) was used and a mean value of
expression for each gene was generated for both groups “a” and
“b”. The mean value of expression was then overlaid in CPI-PPI-
derived subnetworks with the software ViaComplex 1.0 [23]. By
providing gene expression data and interactomic networks, the
software ViaComplex generates a landscape view of gene
expression in a specific network.

Solubility Predictions for Major Tobacco Component-
associated CPI-PPI Networks

To predict the solubility of each TC in an aqueous environ-
ment, such as in blood and plasma, we used the program
ALOGPS 2.1 [http://www.vcclab.org/lab/alogps/]. ALOGPS
allows simulation of the probable solubility of a given compound
determined based on its structural formula or CAS number.
Compounds with a solubility of less than 35 g/L [values of
ALOGpDS and logS (exp)] were considered lipophilic. ALOGPS
2.1 was used with its default parameters.

April 2013 | Volume 8 | Issue 4 | 61743


Silvia
Text Box
37

Silvia
Rectangle


Tobacco Smoke and Human Embryonic Development

LR
o\
20 &
L ®'e o0 e:"’.?.‘e
305208 2%0.% o
® P © #
et & 8802 %0
% &
&

00,
2%'9
«%

%o

¥
.
o
9
0.
o

]

iy

- S : 3 AT

U o e N
AN

.

1Ay
!

A gti‘\i\\ ¢
AT
"‘ (I = “\‘\// »
=i

Figure 1. A binary network of chemical-protein and protein-protein interactions (CPI-PPI network) generated by the program
Cytoscape 2.8.2. (A) The main network, showing 49 known substances present in tobacco, 1177 nodes (49 substances, 1128 proteins) and 7522
edges (connections). Proteins were colored to identify the tissue in which they were present: (i) pink indicates fetal tissue; (i) green, embryonic tissue;
and (iii) dark blue, both fetal and embryonic tissues. In addition, each substance was colored according to its solubility: (i) yellow indicates lipophilic
and (ii) light blue, hydrophilic. We observed that nicotine resided in a module apart from the major network (A). Therefore, we separated it from the
major CPI-PPI network and colored its module purple. (B) The nicotine subnetwork is shown separately from the major CPI-PPI network. It contained
proteins related to retinoic acid signaling and retinoic acid (lipophilic molecule). (C) The final major CPI-PPI network after the nicotine module was
extracted.

doi:10.1371/journal.pone.0061743.g001
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Figure 2. HBs found in the major CPI-PPI network. Betweenness and node degrees were assessed using the program CentiScaPe. Among the
143 HBs, 53 proteins are present in both tissues, reinforcing the idea of a prolonged effect of CS on embryonic development.

doi:10.1371/journal.pone.0061743.g002

Module Analysis of Major Tobacco Component-
associated CPI-PPI Networks

The large CPI-PPI network obtained from the initial search
(Fig. 1) was analyzed in terms of the major cluster or module
composition using the program Molecular Complex Detection
(MCODE) [24], which is available at http://baderlab.org/
Software/MCODE. MCODE is based on vertex weighting by
the local neighborhood density and outward traversal from a
locally dense seed protein to isolate the dense regions according
to given parameters stipulated by the researcher [24]. The
parameters for cluster finding were as follows: loops included;
degree cutoff, 2; expansion of a cluster by one neighbor shell
allowed (fluff option enabled); deletion of a single connected
node from clusters (haircut option enabled); node density cutoff,
0.1; node score cutoff, 0.2; kcore, 2; and maximum network
depth, 100. Each cluster generates a value of “cliquishness” (Cu),
which is the degree of connection in a given group of proteins.
Thus, the higher the Ci value, the more connected the cluster
[24].

Centrality Analysis of the Major Tobacco Component-
associated CPI-PPI Networks

Centrality analysis was performed using the program CentiS-
caPe 1.2 [25]. In this analysis, the CentiScaPe algorithm evaluates
each network node according to the node degree, betweenness and
closeness to establish the most “central” nodes (proteins/chemi-
cals) within the network. Thus, the most relevant node for a
determined biochemical pathway or module can be obtained and
further analyzed. In general terms, the closeness analysis (1)
indicates the probability that any protein/chemical compound
(node in our network) is relevant to another protein/chemical
compound (node) in a signaling network or its associated network

PLOS ONE | www.plosone.org

[25], as determined using Equation (1):

1
where the closeness value of node v (Clo()) is determined by
computing and totalizing the shortest paths among node v and all
other nodes (w; dist(v,w)) found within a network (1). The average
closeness (Clo) score was obtained by calculating the sum of
different closeness scores (Clo;) divided by the total number of
nodes analyzed (V(2)) (Equation 2).

Z ,‘CIO,'
Cloy==——— 2
(Clo) Noy )

The higher the closeness value compared to the average closeness
score, the higher the relevance of the protein/chemical compound
to other protein nodes within the network/module. In turn, the
betweenness indicates the number of the shortest paths that go
through each node (Equation 3) [25], [26]:

Bery= 3 20 ()

SEVAL Osw

where 0, total number of the shortest paths from node s to node
w, and o, (v) is the number of those paths that pass through the
node. The average betweenness score (Bef) of the network was
calculated using equation (4), where the sum of different
betweenness scores (Bet;) 1s divided by the total number of nodes

analyzed (N()):)].
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Figure 3. Cluster analysis of the major CPI-PPI network indicating clusters 1, 4, 11, 16 and 20. Cluster 1 (A) is composed of 83 nodes and
565 edges, with Ci=6,843. The associated hydrophilic constituents are urethane, N-nitrosoanabasine, N-methylpyrrolidine and pyridine. The lipophilic
constituents are toluene, 4-aminobiphenyl, 5-methylcrysene, benz[a]anthracene, chrysene, benzo[b]fluoranthene, 7H-dibenzo[c,glcarbazole and 2-
naphthylamine. Related GO terms: oxidation reduction and unsaturated fatty acid metabolic processes. Cluster 4 (B) is composed of 90 nodes and 411
edges, with Ci=4,567. The associated hydrophilic compounds are urethane, N-nitrosoanabasine, N-methylpyrrolidine, arsenic, selenium and
cadmium, and the lipophilic compounds are acrolein, crotonaldehyde, toluene, xylene, ethylbenzene, benz[a]anthracene, styrene and 2-
naphthylamine. Related GO term: oxidation reduction. Cluster 11 (C) is composed of 23 nodes and 74 edges, with Ci=3,217. Only the lipophilic

PLOS ONE | www.plosone.org 5 April 2013 | Volume 8 | Issue 4 | e61743


Silvia
Text Box
40

Silvia
Rectangle


Tobacco Smoke and Human Embryonic Development

compound isoprene is present in this cluster. Related GO term: steroid biosynthetic processes. Cluster 16 (D) is composed of 15 nodes and 36 edges,
with Ci=2,400. The associated hydrophilic compound is butyraldehyde. Related GO term: lipid modification. Cluster 20 (E) is composed of 29 nodes
and 65 edges, with Ci=2,241. The associated lipophilic compounds are acrolein, 2-naphthylamine, 1,3-butadiene, cyclopentane and 4-
aminobiphenyl. Related GO terms: prostaglandin metabolic processes and unsaturated fatty acid metabolic processes. A merge of clusters 1, 4 and 20

(F). Clusters 11 and 16 did not show any proteins overlapping with any other cluster.

doi:10.1371/journal.pone.0061743.9003

)

Thus, nodes with high betweenness scores compared to the
average betweenness score of the network are responsible for
controlling the flow of information through the network topology.
The higher a node’s betweenness score, the higher the probability
that the node connects different modules or biological processes,
such nosed are called bottleneck nodes.

Finally, the node degree (Deg()) is a measure that indicates the
number of connections (£7) that involve a specific node (v)
(Equation 5):

Deg)= Y E; (5)

The average node degree of a network (Deg) is given by equation
6, where the sum of different node degree scores (Bet;) is divided by
the total number of nodes (N(z)) present in the network:

methylamine

(6)

Nodes with a high node degree are called hubs [25] and have
key regulatory functions in the cell.

Gene Ontology Analyses of Major Tobacco Component-
associated CPI-PPI Networks

The CPI-PPI modules generated by MCODE were further
studied by focusing on major biology-associated processes using
the Biological Network Gene Ontology (BINGO) 2.44 Cytoscape
plugin [27], available at http://www.cytoscape.org/plugins2.
php#IO_PLUGINS. The degree of functional enrichment for a
given cluster and category was quantitatively assessed (p-value)
using a hypergeometric distribution. Multiple test correction was
also assessed by applying the false discovery rate (FDR) algorithm
[28], which was fully implemented in BiNGO software at a
significance level of p<<0.05. The most statistically relevant
processes were taken into account when developing the interaction
model.

Figure 4. Cluster analysis of the major CPI-PPI network and the modules related to cell-cell signaling. Cluster 2 (A) is composed of 73
nodes and 354 edges, with Ci=4,849. Cluster 2 contains the two hydrophilic substances cadmium and methylamine. Related GO term: regulation of
cell communication. Cluster 18 (B) is composed of 13 nodes and 30 edges, with Ci=2, 304. Cluster 18 contains one hydrophilic compound,
trimethylamine, and one lipophilic compound, ethylbenzene. Related GO term: cell-cell signaling.

doi:10.1371/journal.pone.0061743.g004
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,3-butadiene

Beryllium

Figure 5. A merge of clusters 3, 6, 17 and 21. In (A), cluster 3 is composed of 14 nodes and 65 edges, with Ci=4,643. The associated hydrophilic
components are urethane, beryllium and polonium-210. Related GO terms: RNA-splicing and nucleobase, nucleoside, nucleotide and nucleic acid
metabolic processes. Cluster 6 (B) is composed of 24 nodes and 102 edges, with Ci=4,250. The associated lipophilic constituents are 1,3-butadiene
and chrysene. Related GO term: nucleobase, nucleoside and nucleotide metabolic processes; cluster 17 (C) is composed of 35 nodes and 83 edges,
with Ci=2,371. The hydrophilic constituents present include catechol and arsenic. Related GO term: regulation of nucleobase, nucleoside nucleotide
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and nucleic acid metabolic processes. Cluster 21 (D) is composed of 22 nodes and 49 edges, with Ci=2,227. The associated hydrophilic constituent is
beryllium, and the lipophilic constituent is crotonaldehyde. Related GO term: regulation of DNA metabolic processes. The union of clusters 3, 17 and
21 (E). Cluster 6 did not show any proteins overlapping with any other cluster.

doi:10.1371/journal.pone.0061743.g005

Results and Discussion

Data Prospecting and Topological Design of a Major CPI-
PPI Network of Different Tobacco Constituents

Systems chemo-biology tools allow interactome networks of
high-throughput data to be designed for CPI and PPI networks. In
this sense, systems chemo-biology and systems pharmacology tools
have been employed in different research areas, like prospection of
new anticancer drugs [29], in order to evaluate the interaction of
different small molecules with proteins and the main biological
pathways potentially affected by these compounds.

Initially, our analysis was based on a list containing 95 TCs,
extracted from [2]. From this initial list, we excluded compounds
such as carbon monoxide, nitric oxide and phenol, which have
different pleiotropic effects within a cell and could lead to the
overrepresentation of many biological pathways not directly linked
to development. In addition, we excluded all compounds without
any protein target described, resulting in a final list containing 51
TCs commonly found in the mainstream and sidestream tobacco
smoke (Table S2 in Supporting Information S1).

We have examined the relationship between 51 TCs and
embryonic development pathways using systems chemo-biology
tools. It should be noted that many of the thousands of substances
in tobacco smoke are considered to represent public hazards, and
some have carcinogenic potential [2]. Despite the growing interest
in the elucidation of molecular pathways that can be affected by
these compounds, many TCs do not have a known molecular
target in the cell. However, our selected list of 51 TCs represents
those substances with well described concentration in tobacco
smoke, making them particularly attractive for experimental
hypothesis testing. Moreover, these 51 TCs have some type of
interaction with proteins already described, allowing systems
chemo-biology studies. From this initial list of 51 TCs, we
generated 51 small CPI-PPI networks (data not shown). Both
STRING and STITCH add the nodes with the highest probability
to be connected to a given node. Therefore, to create different
CPI-PPI networks, we identified 20 to 50 additional proteins
linked to each compound using only STITCH and STRING data
and merged all of the networks using the Advanced Network
Merge tool, which generates a single large network (referred to as
the “main network”, Fig. 1A). After creating the small networks,
we found that RA receptors were present in the nicotine network.
We decided to expand the nicotine network by adding a small
network including RA and proteins related to RA signaling and
embryonic development (Fig. 1B). The nicotine module was
extracted from the first network to be studied independently
because it showed a distinct module within the main network.

The resultant network after the nicotine module was extracted
was referred to as the “major CPI-PPI network” and was
composed of 898 nodes and 3,452 edges (Fig. 1C). It should be
noted that, after merging each of the small CPI-PPI networks, two
substances, 3-aminobiphenyl and dicyclohexyl, did not display any
proteins in common with other compounds and were excluded
from the analysis. Remarkably, the major CPI-PPI network did
not show a wide overlap among the nodes, which indicates that
TCs may have a broad influence and most likely affect different
bioprocesses.

We next aimed to strengthen our understanding of our
networks. We examined two types of data: (i) transcriptome data
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for each node directly associated with TCs to clarify whether the
mRNA and, by inference, the proteins were present in the fetus
(pink color), embryo (green color) or both (blue color) (Fig. 1,
Table S1 in Supporting Information S1); and (i) solubility
predictions for the TCs and how this factor may influence the
developing organism by characterizing each TC as hydrophilic or
lipophilic (hydrophobic) (Fig. 1, Table S2 in Supporting Informa-
tion S1). Nodes that did not show expression were left with
uncolored (white) (Fig. 1, Table S1 in Supporting Information S1).

Interestingly, the majority of the nodes (145 of 234 total nodes;
Fig. 1) have some role in human embryonic development, and
thus, may affect the development of the organism. To predict TC
solubility, we used the program ALOGPS 2.1. Among 48 TCs in
our major CPI-PPI network (Fig. 1), we identified 21 lipophilic
compounds and 27 hydrophilic components. Of the 27 hydro-
philic components, 10 are inorganic, and 17 are organic (Table S2
in Supporting Information S1).

In addition, we used the program CentiScaPe 1.2 to examine
the major CPI-PPI network for the most relevant proteins/
compounds (Figs. 1 and 2). In a scale-free biological network, the
most important nodes are the so called hub-bottlenecks (HBs) [30]
because they combine the bottleneck function (nodes that
controlling the information flow in a given network and displaying
a betweenness score above the network average) and property
hubs (nodes with a number of connections above the average node
degree value of the network). Thus, HBs are critical nodes in a
biological network [30]. In our analysis, we observed 143 HB
nodes, of which 30 are TCs, and 53 were marked as present in
both the fetus and embryo, 17 only in the embryo, 7 only in the
fetus and 36 in neither the fetus nor embryo (white nodes) (Fig. 2).
White nodes present in all of the networks are either not connected
directly with the selected compound or do not show expression in
any of the selected tissues. Because we only colored the direct
nodes associated with a TC, it is clear that the TCs have a broad
impact during development, acting in critical nodes that are
necessary for development.

Furthermore, we sought to evaluate which TCs have the
broadest effects on the major CPI-PPI network. Therefore, a
closeness analysis was performed. Considering that the nodes
showing the highest closeness are most relevant to the greatest
number of nodes in a network [25], it can be assumed that the
TCs exhibiting the highest closeness are those with the greatest
systemic effects and impact the greatest number of proteins. A
graph of closeness and betweenness was generated, showing that
33 TCs (from a total of 48) present closeness value above the
average closeness of the network (Fig. S1 in Supporting
Information S2). This finding is consistent with our interpretation
that TCs have a systemic effect, impacting different proteins and
physiological processes.

To understand how TCs interact with their targets, we analyzed
the major CPI-PPI network for modules. From these analyses, we
obtained the major TCs that affect different modules. After
extraction of the nicotine subnetwork, MCODE found 22
significant modules (Figs. 3-7). Once the modules were obtained
(Figs. 3-7), a gene ontology (GO) analysis was performed.
Biological processes that are important for the development of
organisms were listed (Table S3 in Supporting Information S1).
Likewise, we performed additional GO analyses for the selected
HBs (Table 1) and in each cluster (Tables S4-S25 in Supporting
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Figure 6. Subnetworks derived from the merge of clusters 5, 8 and 9. In (A), Cluster 5 is composed of 69 nodes and 315 edges, with
Ci=4,565. The associated hydrophilic components are vinyl acetate and ethylamine. Related GO terms: response to DNA-damage stimulus and cell
cycle. cluster 7 (B) is composed of 13 nodes and 54 edges with Ci=4,154. The associated hydrophilic compound is dimethylamine. Related GO term:
chromatin organization. Cluster 8 (C) is composed of 85 nodes and 338 edges with Ci=3,976. The associated lipophilic constituents are acrolein and
benzo[blfluoranthene, whereas the hydrophilic constituents are urethane and arsenic. Related GO terms: DNA-damage stimulus and regulation of cell
cycle. Cluster 9 (D) is composed of 16 nodes and 58 edges, with Ci=3,625. The hydrophilic constituent present is trimethylamine. Related GO term:
cell cycle processes. The union of clusters 5, 8 and 9 (F). Clusters 7 did not show any proteins overlapping with any other cluster.

doi:10.1371/journal.pone.0061743.g006

Information S1). Clusters that were not associated with significant
GO terms due to a lack of data or were highly speculative in our
analysis were excluded (Tables S13, S15 to S18, S22 and S25 in
Supporting Information S1, Fig. S2 in Supporting Information
S2).

Systemic Effects of Tobacco Smoking in Human
Embryogenesis: Redox and Prostaglandin Metabolic
Processes

The modularity data gathered from the major PPI-CPI
network (Fig. 1C) were subjected to GO analysis. The GO
analysis of clusters 1, 4, 11, 16, and 20 (Fig. 3A-E) revealed
five main process annotations: (i) oxidation-reduction (redox), (ii)
prostaglandin metabolism, (iii) steroid biosynthesis, (iv) lipid
modification, and (v) unsaturated fatty acid metabolism (Tables
S4, S7, S14, S19 and 523 in Supporting Information S1). Given
the overlap among the different processes, these subnetworks
were merged into a single network (Fig. 3F). It was observed
that lipophilic molecules (e.g., chrysene, toluene, benz[a]anthra-
cene, benzo[b]fluoranthene, 7H-dibenzo(c,g)carbazole, 2-naph-
thylamine, 4-aminobiphenyl and 5-methylchrysene; Table S2 in
Supporting Information S1) were observed to be most
connected to the proteins annotated as being involved in redox
processes (Fig. 3A). Tobacco consumption has been associated
with altered redox mechanisms and the generation of oxidative
stress, leading to an inflammatory response [31], [32], [33],
[34]. In this sense, within the merged network (Fig. 3F), two
prostaglandin synthases (PTGS1 and PTGS2), and two 5-
lipooxygenases (ALOX5 and ALOX15B), which play a role in
the synthesis of leukotrienes [35], were identified. PT'GSs are
not only related to inflammatory responses when they are
present at high levels in tissues but are also associated with
normal pregnancies due to promoting adequate circulatory
adaptation and regular maternal-fetal blood flow [32], [36]. In
addition to the results of our GO analyses, it is known that
maternal smoke diminishes prostaglandin levels, which causes
low birth weight [36]. In addition, arsenic (Fig. 3B), which is
present in this module, is related to increased oxidative stress
via redox mechanisms [37]. Considering the data amassed in
this module, it is possible to speculate that pro-oxidative
stimulation by TCs, such as those included in Fig. 3, can
generate a pro-inflammatory cascade, followed by downregula-
tion of PTGSs and increased availability leukotriene, which
promotes a continuous pro-inflammatory process. To corrobo-
rate this information, we used the transcriptomic data available
for placenta and cord blood of passive smoking and non-
smoking women [11]. In fact, the transcriptomic data analysis of
placenta and cord blood of passive smoking women using
landscape evaluation of the clusters 1, 4, and 20 (Fig. S1 in
Supporting Information S3) indicated that the PTGS and
ALOX genes are underexpressed when compared to non-
smoking women. Interestingly, almost all glutathione S-transfer-
ase genes (e.g., GSTMI1, GSTAI), which catalyze the conjuga-
tion of reduced glutathione with toxic xenobiotic substrates and
confer antioxidative stress protection [38], are also downregu-
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lated in the placenta and cord blood of passive smoking women
(Fig. S1 in Supporting Information S3), supporting the idea that
TCs induce a pro-oxidative condition in embryo.

Systemic Effects of Tobacco Smoking on Human
Embryogenesis: Regulation of Cell Communication and
Cell-cell Signaling

Cellular communication is of great importance for embryonic
development, being essential to coordinate the different biochem-
ical signals required to control cellular differentiation and
migration. Interestingly, GO analysis of clusters 2 and 18 (Fig. 4)
revealed two related processes: (1) regulation of cell communication
and (i) cell-cell signaling (Tables S5 and S21 in Supporting
Information S1). Considering the different proteins found in
cluster 2 (Fig. 4A), two nodes appear to be important TC targets:
(i) signal transducer and activator of transcription 3 (STATS3),
which s related to cell-cell signaling in stem cell cultures [39]; and
(i) colony stimulating factor receptor-f (CSF2RB), a CSF2
receptor molecule that is important for post-blastocyst embryonic
development, embryo differentiation, and implantation [40].
Epidermal growth factor (EGF) and its receptor EGFR were also
present in this subnetwork (Fig. 4A). EGIR is a plasma
membrane glycoprotein that is necessary for implantation and
epithelial differentiation as well as for cell signal transmission
during embryogenesis [41], [42]. It should be noted that both EGF
and EGFR were linked to cadmium and methylamine (Fig. 4A) in
our systems chemo-biology data. Other growth factors, such as
nerve growth factor (NGF) and transforming growth factor o
(TGFA), are also present in cluster 2. It is possible that the selected
constituents, cadmium and methylamine (Fig. 4), can play a
negative role in cell-cell signaling via inhibition of growth factors
and its receptors. Considering the transcriptomic data available for
the placenta and cord blood of passive smoking women [11], we
observed that EGFR gene and other cell-cell signaling-associated
genes are downregulated when compared to non-smoking women
(Figs. S2 and S3 in Supporting Information S3).

It should be noted that in the major CPI-PPI network, 1,3-
butadiene is linked to HOXD13 (Fig. 1C), whose mutations are
associated with abnormal limb length [43]. Considering that
tobacco abuse can lead to limb aberrations in newborns [3], the
HOXD cluster should be an interesting target with respect to
understanding the effects of cigarette compounds during develop-
ment. Moreover, cluster 2 (Fig. 4A) contains ERBB2, ERBB3 and
ERBB4, which are all members of the tyrosine kinase family and
show a similar structure to EGFR, which appears to be crucial for
skeletal development [44], and are also downregulated in the
placenta and cord blood of passive smoking women (Fig. S2 in
Supporting Information S3).

Systemic Effects of Tobacco Smoking in Human
Embryogenesis: Metabolism of DNA, DNA Damage
Stimulus, the Cell Cycle and Chromatin Organization

In the GO analysis of clusters 3, 6, 17 and 21 (Fig. 5), we

identified two related processes: (i) RNA-splicing and (ii) metab-
olism of nucleotides and DNA (Tables S6, S9, S20 and S24 in
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Figure 7. A binary network of the interactions between chemical compounds and proteins generated by the program Cytoscape
2.6.3, which contained 330 proteins and 4078 connections. Nicotine appears in the network as the green node, and RA appears as the blue
node. White nodes are connected to both compounds are proteins. A) A subnetwork generated by the program Cytoscape containing 49 nodes and
281 edges and showing the proteins with direct connections with nicotine. B) A subnetwork generated by the program Cytoscape containing 130
nodes and 1,471 edges and showing the proteins that make direct connections with RA.

doi:10.1371/journal.pone.0061743.g007

Supporting Information S1). TCs were found associated with the hydrophilic (catechol) (Fig. 5C to 3E) and lipophilic (chrysene
metabolism of nucleotides in four different clusters, but each and 1,3-butadiene, crotonaldehyde) (Fig. 5B) as well as organic
cluster contained different interacting compounds, including both (chrysene and 1,3-butadiene) (Fig. 5B) and inorganic (beryllium,
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Table 1. Major bioprocesses associated with the hub-bottleneck subnetwork.

polonium-210 and arsenic) substances (Fig. 5A, 5C, 5D, and
5E). Remarkably, in cluster 6, these substances are linked to
HPRT1 (Fig. 5B), a hypoxanthine phosphoribosyltransferase that
1s responsible for the metabolism of purines [43].

Moreover, 1,3-butadiene, has been found to be linked to
increased genotoxic stress due to DNA damage through the
formation of DNA-DNA cross-links at adenine and guanine
nucleobases by its metabolites, 1,2,3,4-diepoxybutane and 3,4-
epoxy-1,2-butanediol [46], [47]. The compound 1,3-butadiene
has also been associated with epigenotoxic effects caused by the
loss of global DNA methylation and trimethylation of histone H3
lysines 9 and 27 and H4 lysine 20, all of which are known for their
roles in regulating gene expression patterns [47].

Next, in the GO analysis of clusters 5, 8 and 9 (Fig. 6), we
identified two related processes: (i) DNA damage stimulation and
(i) the cell cycle (Tables S8, S11 and S12 in Supporting
Information Sl1). In this cluster, arsenic binds directly to PLM
(Fig. 6B and 6D), which is a protein with functions involved in
chromatin organization, cell differentiation, DNA repair, protein
sequestration and post-translational modifications [http://www.
genecards.org]. PML is linked to significant proteins that regulate
cell cycle such as p53, p300 and BING2 (Fig. 6B and 6D).
Another TC, urethane, is directly connected to IFOS (Fig. 6B and
6D), a central protein involved in proliferation, and TNF, a pro-
inflammatory cytokine. Urethane is reported to alter placental
morphology and down-regulates cell cycle genes as well as
cytokines and other growth factors [48]. Interestingly, TCs
downregulate the expression of genes associated with the
metabolism of nucleotides and DNA, and cell cycle, as observed
by transcriptomic analysis (Figs. S4 and S5 in Supporting
Information S3).

In the GO analysis of cluster 7 (Fig. 6B), we only identified
chromatin organization (Table S10 in Supporting Information S1)
as a major biological process. Cluster 7 included dimethylamine,
which is connected to MBD2 (Fig. 6B), a protein associated with
regions of methylated DNA in CpG islands that can recruit histone
deacetylases (HDACs) and DNA methyltransferases [http://www.
genecards.org]. DNA methylation is also correlated with gene
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Corrected p-
GO-ID GO p-value value k* n?  Proteins
55114 Oxidation- 44x107'° 9.0x10™ ™ 26 645 CYP3A5;CYP1B1;PTGS2;CYP2C19;CYP2B6;PGD;PTGS1;
reduction ALDH3A2;AKR1C3;GSR;GPX1;FMO1;GPX4;HMOX1;
GPX3;CAT;NQO1;HADH;CYP1A1;CYP2C8;MAOB;IDO1;
CYP2E1;CYP1A2;DECR1;SOD2;LDLCQ3;ALDH7A1;G6PD;
AKR1B1;TXN;ALDH2;MPO
48545 Regulation 13x10° " 1.8x10° " 18 225  TNF;PTGS2;MAP2K1;RELA;PTGST;MAOB;BRCAT;
of steroid MAPK1;FOS;CCND1;CDKN1A;EP300;HMOX1;,GPX4;
hormone stimuli GPX3;ALDH2;INSR;NGF
42127 Regulation 13x107 "2 1.5%x107'° 30 848  CSF2;TNF;GNAI2;PTGS2;PTGS1;TACT;GPX1;INS;HMOX1;IFNG;SHC1;
of cell EGF;INSR;,MYC;EGFR;KAT2B;IL8;MAP2K1; RELA;TP53;IDO1;STAT1;
proliferation MBD2;BRCA1;SOD2;MAPK1; CDKN1A;CCND1;IL2;NGF
42981 Regulation 9.3x107 "2 9.4x1071° 29 282  CSF2;TNF;PTGS2;MMP9;GPX1;APP;INS;ALB;HMOX1; SOST;IFNG;CAT;NQO1;
of apoptosis EGFR;RELA;GRIN2A;TP53;IDO1; STAT1;BRCA1;,SOD2;MAPK1;CDKN1A;F2;MPO;PDCD6;
GSTP1;IL2;NGF
10646 Regulation 6.0x10""° 26x10°8 31 1154 CSF2;TNF;GNAI2;PTGS2;CD8A;GRB2;TACT;GPX1;APP;
of cell INS;SOS1;HMOX1;IFNG;CHRNA4;SHC1;CAT;EGF;INSR;
communication AGAP2;EGFR;MAP2K1;RELA;MAOB;GRIN2A;TP53;
MBD2;PTPN11;LAP3;CCND1;IL2;NGF
*Number of nodes for a given GO in the network;
#Total number of proteins for a given GO annotation.
doi:10.1371/journal.pone.0061743.t001

silencing through polycomb repression complexes (PRC) [49].
PRC is involved in the silencing of many HOX genes [49], which
are critical for normal fetus development. Additionally, MBD?2 is
correlated with the inactivation of sexual chromosomes and is a
candidate for recruiting DNA-methyltransferases (DNMT) to the
silenced promoters of long-term repressed genes [50]. Taking into
account the effects of TCs in the expression of genes associated to
chromatin remodeling, like HDACs, it can be observed that
placenta and cord blood of passive smoking women showed a
downregulation of those genes (Fig. S6 in Supporting Information
S3), supporting the idea that TCs can affect chromatin remodeling
during embryogenesis.

Effect of Nicotine on Retinoic Acid Signaling, Cell
Proliferation and Differentiation

A second analysis using systems chemo-biology tools was
developed to elucidate the relationships between nicotine, RA
signaling and cell differentiation in the fetus during embryonic
development in female smokers. The extracted subnetwork was
examined separately due the distinct module involving nicotine
and its interacting proteins. RA was added to the network because
we observed that many proteins connected to nicotine are related
to embryonic development and RA signaling.

Thus, the amassed data allowed the design of a major CPI
network associated with nicotine and RA signaling (Fig. 7), which
revealed several proteins that related to embryonic development,
stress responses, and cell proliferation. Several of the proteins in
the CPI network are directly connected to nicotine, including (i)
VEGFA, a factor that induces blood vessel formation (angiogen-
esis) [51]; (ii) DNMT1, a DNA methyltransferase responsible for
the methylation of 5'CpG islands in DNA (Fig. 7) [52]; (iii), FOS
and JNK1 (MAPKS), which are both inducers of cell proliferation
[53], [54]; and (iv) SOD2, which is responsible for mitochondrial
superoxide dismutation. In addition, many proteins involved in
cellular responses to stress, DNA damage and inflammation are
interconnected with nicotine in the CPI network (Fig. 7).

We observed a connection between nicotine and JNK1 through
their association with RARa in the CPI network (Fig. 7). JNKI is
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expressed when the cell undergoes cellular stresses, such as
inflammation, oxidative stress, and heat [55]. In a murine model,
nicotine was found to be related to the expression of JNKI in
respiratory system tissues through nicotinic receptors and receptor
kinins Bl and B2, whose stimulation by bradykinin leads to
increased levels of intracellular Ca®* [53]. Cellular stress can
activate JNKI1, which phosphorylates RARo and causes its
proteosomal degradation [53].

Supporting the idea that nicotine can induce the activation of
pro-inflammatory cascades and different cellular stress pathways,
the placenta and cord blood of passive smoking women showed an
upregulation of interleukin receptors (e.g., IL2RA; IL2RB),
VEGFA, FOS, JAKI, among others (Fig. S7 in Supporting
Information S3). Moreover, genes associated with antioxidative
stress, like SOD2, are underexpressed when compared to non-
smoking women (Fig. S7 in Supporting Information S3).

The systems chemo-biology analysis performed in this study also
showed that nicotine is directly connected to the protein CYP26A1
(Fig. 7), whose coding gene is downregulated in placenta and cord
blood of passive smoking women (Fig. S7 in Supporting
Information S3). This protein is responsible for regulating RA
levels [56] and is expressed in a spatial-temporal manner during
the development of mice, mainly in the anterior segment of the
embryo and in the neural crest-derived mesenchyme [56].
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Table 2. The relationships between common proteins, nicotine and RA and their specific biochemical functions. These data were

obtained from the GeneCards (http://www.genecards.org) and iHop (http://www.ihop-net.org/UniPub/iHOP/) databases.

Protein Biological function Role

VEGFA Growth factor Crucial role in angiogenesis, vasculogenesis and endothelial growth

TGFB1 Cytokine Acts in differentiation, proliferation, adhesion and migration; also a potent stimulator
of bone growth

ALPP Alkaline phosphatase Expressed in the placenta

HSF Transcription factor Activated under conditions of heat or other cellular stress

FGF2 Growth factor Involved in tumor growth, development of the nervous system, cell differentiation
and angiogenesis

TH Hydroxylase Hydroxylase that functions in the physiology of adrenergic neurons

FOS Nuclear phosphoprotein Nuclear phosphoprotein that participates in cell differentiation, proliferation and
apoptosis

IL10 Cytokine Involved in the immune response against pathogens and in the inflammatory
response; also related to the intestinal immune system

DNMT1 Methyltransferase DNA methylation and the establishment of methylation patterns

IL1 Cytokine Involved in the immune response to pathogens and the inflammatory response

AKT1 Kinase Involved in tumor formation, angiogenesis and insulin regulation

BAX Transcription factor Pro-apoptotic protein

ALPL Alkaline phosphatase Mineralization of bone matrix

BCL1 (IL5) Cytokine Involved in the immune response against pathogens and the inflammatory response

NOS2A Nitric oxide synthase Produces nitric oxide (NO)

PPARG Proliferator peroxisome receptor Regulator of adipocyte differentiation and glucose homeostasis

K60 (IL8) Chemokine Involved in the inflammatory response; angiogenesis inducer

CREB1 Transcription factor Controls circadian rhythm, tumor suppressors and the expression of various genes
involved in cell survival

PLAU Protease Involved in extracellular matrix degradation and possibly tumorigenesis

L2 Cytokine Essential in the proliferation of T-cells of the immune system. Stimulates the
production of B-cells, monocytes and natural killer cells

KDR (VEGFR) Growth factor Plays a crucial role in vasculogenesis and angiogenesis

RARB Retinoic Acid Receptor Involved in cell differentiation, cell growth arrest, and signaling and transcription of
target genes

doi:10.1371/journal.pone.0061743.t002

However, inhibition of this protein generates an accumulation of
RA and leads to deformities in the embryo, such as abnormalities
in the cerebellum, urogenital tract, and spinal cord [56].
Moreover, nicotine exhibited 22 proteins in common with RA
(Table 2). These proteins are mostly related to the immune
system, stress, and cell proliferation (Table 2), indicating that
nicotine affects RA signaling through cellular stress caused by
constant tobacco use. Interestingly, we observed that nicotine was
directly linked with VEGFA in our analysis (Fig. 7). Exposure to
nicotine could results in an increase in pro-inflammatory signaling,
leading to abnormal expression of VEGFA and other placental
growth factors, reducing uroplacental blood flow and culminating
in fetal growth restriction [57] (Fig. 8), an idea that is supported
by transcriptomic data (Fig. S7 in Supporting Information S3).

Role of Nicotine in the Differentiation of Bone Tissue
An indirect association of nicotine with RA receptors was
observed in the network via the influence of nicotine on the
transcription factor JUN (Fig. 7). The JUN protein can be
activated by the action of JNKI1 during osteoblast differentiation
[58]. In a smoking woman the blood concentration of nicotine are
maintained at a stable level depending on the degree of tobacco
use [59]. During embryogenesis, constant levels of nicotine can
affect bone development, and morphological data have demon-

s [48]
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Figure 8. A molecular model illustrating how nicotine could potentially affects differentiation. In the first part of the model (1), it can be
observed that by generating cellular stresses, nicotine promotes the recruitment of JNK1 through the influx of intracellular Ca®*. JNK1, by itself,
promotes the inhibition of RARa. Finally, nicotine promotes the inhibition of CYP26A1, which generates an accumulation of RA in the cell and an
increase in cell proliferation. In the second part of the model (ll), the inhibition of BMP2 and BSP is promoted by nicotine, which results in the
negative regulation of bone mineralization and skeletal development. In addition, nicotine promotes a pro-inflammatory reaction that recruits VEGF
and placental growth factors, which leads to an impairment of the endovascular trophoblast, resulting in a fetal growth restriction.

doi:10.1371/journal.pone.0061743.9g008

strated a decrease in bone and cartilage growth [60]. An additional
impact of nicotine on bone tissue differentiation involves the
relationship with the BMP2 and BSP proteins. The BMP protein
family includes the most potent osteogenic growth factors
described to date [51] and is connected to nicotine (Fig. 7). A
study in rabbits showed that treatment with nicotine affects BMP2
RNA levels and the activity of osteoblasts [51]. Similarly, the BSP
protein is a glycoprotein that acts on bone mineralization, which
has also been described as being inhibited by nicotine in rat
osteoblast cells [61]. Corroborating these findings, the transcrip-
tomic data of placenta and cord blood of passive smoking women
support the fact that nicotine and other T'Cs inhibit the expression
of BMP2 (Fig. S8 in Supporting Information S3).

Modularity and Centrality Analyses Linking Nicotine with
Abnormal Embryonic Development

Once the CPI network was generated (Fig. 7), we aimed to
understand which major protein clusters might be present. In this
sense, the CPI network (Fig. 7) showed the presence of six
modules with a coefficient of cohesion greater than or equal to
3.00 (Clusters 1-6, Fig. S3 in Supporting Information S2). It was
observed that nicotine appeared in clusters 1-4 (Fig. S3A-D in
Supporting Information S2), but not associated with RA (only in
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Fig. S3C in Supporting Information S2), which exhibits many
connections other than nicotine in the network. Nicotine is
connected to 49 proteins with 281 connections, and RA is
connected to 130 proteins with 1,471 connections (Fig. 7). From
the systems chemo-biology analysis, it was observed that nicotine
more readily clustered in a network focused on proteins involved
in development and cellular stress (Fig. 7). We also observed that
certain clusters did not contain either nicotine or RA (Figs. S3E
and F in Supporting Information S2). In cluster 5 (Fig. S3E in
Supporting Information S2) there are a prevalence of proteins
linked to (i) chromatin remodeling, such as EZH2, EED, SUZ12,
DNMTI1, DNMT3A, DNMT3B, HDAC2, HDAC4, HDACS,
and (i1) development and differentiation, including several HOX
proteins [Al, 1C (A5), 4B (D4), 21 (B1), B13, B4 and 4F (A11)],
PAX1, PAX6, NANOG, RAR, RXRf, NOTCHI1, CYP2B6, and
CYP26AL.

To identify the major nodes within the CPI network (Fig. 8), we
calculated betweenness, closeness and node degree centralities.
From these analyses, two graphs were generated containing the
proteins that showed the highest centrality values (Figs. S4 and S5
in Supporting Information S2). Interestingly, these nodes present a
similar relevance order in both graphs. Thus, RA, nicotine, JNK1,
p300, AKT1, p53 and ERK showed the highest betweenness,
closeness and node degree values (Figs. S4 and S5 in Supporting
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Figure 9. A model of the interactions from a systemic view showing how TCs affect development. In (A), we show that increasing TC
levels generate a pro-infllmmatory cascade by increasing the levels of PTGS1 and PTGS2. PTGSs are associated with inflammatory responses and are
essential for normal pregnancy. Disturbances in PTGS expression could cause impairments in fetal development. TCs are connected to ALOX5 and
ALOX15B, which are proteins involved in the synthesis of leukotriene, a molecule that plays pivotal roles in pro-inflammatory responses. The
consequence of (A) is low birth weight in newborn infants, abortions and increased proliferation. Moreover, in (B), TCs are linked to BING2 and USP2,
which are proteins related to increased activity of MDM2. This MDM2 mediated up-regulation can rapidly down-regulate p53 protein, leaving the cell
more susceptible to DNA damage. TCs also down-regulate HPRT1, diminishing purine metabolism. This system exhibits a relationship with increased
proliferation. The systems in (C) shows that TCs are associated with the generation of superoxides due to up-regulating NADH oxidase, which
increases ROS levels and, consequently, oxidative stress. Increased oxidative stress is known to be related to birth defects. In addition, system (C) is
associated with low birth weight and low neutrophil activity. Moreover, (D) shows the relationship between TCs and low hormone synthesis and
signaling. Exposure to TCs could have a negative effect on androgen and estrogen solubility due to acting on the UGT cluster. TCs could also be
associated with low levels of cholesterol synthesis due to increasing the levels of CYPs and diminishing the levels of FDFT1 and FDPS, which are two
enzymes related to cholesterol synthesis. Low cholesterol availability would decrease general hormone synthesis. In addition, TCs affect the transport
of cholesterol to the mitochondria by acting on the membrane protein StAR. Finally, in (E), the system shows the relationships between TCs and
decreased global gene expression and cellular differentiation and signaling. The activities of the TCs would increase the levels of MBD2, a methylation
enzyme. DNA methylation is related to gene silencing. We postulate that TCs could affect the PRC2 complex via its methylation and disturb gene
expression, including that of HOX genes. TCs could also have a negative effect on gene expression by increasing YWHAH levels, which would
decrease the levels of the master kinase PDPK1 and is linked to AKT activation and SMAD nuclear translocation. In addition, NOTCH signaling could
be affected through the action of TCs on APP activation.

doi:10.1371/journal.pone.0061743.9g009

Information S2). As these proteins play major roles in cellular enzymes and proteins observed in this work. It has been reported
physiology, it was expected that they would exhibit higher values that 70-80% of nicotine is metabolized to cotinine by CYP2A6 to
for the three variables. The proteins with the highest values were produce nicotine and a cytoplasmic aldehyde oxidase [62].
taken into consideration in the design of a molecular model of the However, nicotine can generate an elevated number of different
effect of nicotine on embryonic development (Fig. 8). In the metabolites, whose mechanism of action is not clear [62].
centrality analysis, it was observed that p300 appeared as an Additionally, the mechanism of detoxification of nicotine and
important node, showing the highest values of betweenness, cotinine is based on the glucuronidation of both molecules,
closeness, and the node degree (Figs. S4 and S5 in Supporting accounting for 40-60% of the nicotine found in urine [62].
Information S2). This scenario demonstrates that there is a major Unfortunately, for the majority of compounds present in tobacco
influence of p300 on the network regarding the number of smoke observed in this work, the data about its metabolization or
connections with other proteins (92 proteins), the implications of detoxification are virtually unknown. The use of metabolomic
its importance for neighboring proteins (closeness) and its techniques associated with systems chemo-biology tools should
relationships to clusters and bioprocesses (betweenness). Therefore, improve our understanding of how nicotine and other TCs
the negative regulation of this protein induced by nicotine can also physiologically affect development.

lead to fetal malformations and could be a potential study target

for understanding the influence of nicotine in development. Conclusions

Noteworthy, the transcriptomic analysis of extraembryonic tissues

extracted from pregnant passive smoking women showed a In the present study, we showed, using systems chemo-biology
downregulation of p300-coding gene (Fig. S8 in Supporting tools, how the primary harmful constituents of tobacco interact
Information S3). with specific biological processes and affect them. Our cluster

An important issue that should be addressed in the future is the analysis results show that TCs act in many bioprocesses, including

influence of the major nicotine metabolites on the activity of the cell communication and  signaling, hormone synthesis and
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signaling, DNA metabolism, DNA repair, and inflammation,
whose results were supported by landscape network analysis of
transcriptomic data of extraembryonic tissues gathered from
passive smoking women and non-smoking women. Although these
processes have wide effects on cellular and embryonic physiology,
they can be disturbed by the levels of the constituents of tobacco
smoke. Because these effects are complex, we developed an
interaction which comprises two main mechanisms associated with
TCs: increased inflammatory processes (Fig. 9A), and negative
regulation of gene expression, cell differentiation and cell signaling
(Fig. 9B). The systems model is related to low birth weight, an
increased probability of abortion, morphological abnormalities
(mainly in the skeletal system), low neutrophil activity and
increased proliferation rates. Furthermore, our model can help
improve knowledge and provide new insights regarding how the
chemicals in tobacco cause the many morphological abnormalities
observed in the newborn offspring of smoking pregnant women.
The role of nicotine in embryonic development has also not been
well studied. The analysis performed in this study demonstrates
that nicotine has an aggressive effect on cell differentiation,
affecting RA signaling in the embryo, inhibiting RA receptors due
to intracellular calcium influx and stimulating cell proliferation
proteins that antagonize RA activity. Osteoblast differentiation is
also affected by nicotine via inhibiting proteins that stimulate bone
tissue formation, which complements the TC model. Together,
these data show that the birth defects observed in morphological
studies could be caused by the negative action of nicotine on RA
signaling. The networks also show that the pro-inflammatory
pathway triggered by nicotine could be a factor leading to
decreased body weight in the fetuses of smoking women. Finally,
cluster analysis shows a systemic effect of nicotine, which could
affect the network in a more aggressive and short-term way via
cellular stress cascades.

Supporting Information

Supporting Information 1 Table S1 Transcriptomic data of
the proteins directly linked to the selected tobacco constituents
(T'Cs). Table S2 List of tobacco constituents (T'Cs) found in the
major CPI-PPI network (Fig. 1). The solubility of each compound
was accessed using the program ALOGPS 2.1. Those compounds
with solubility less than 20 g/1 were considered lipophilic. Table
S$3 GO processes present in the main tobacco constituents (TCs)-
associated CPI-PPI network (Fig. 1). Table S84 GO processes
present in the cluster 1 (Fig. 3A). Table 85 GO processes present
in the cluster 2 (Fig. 4A). Table S6 GO processes present in the
cluster 3 (Fig. 5A). Table S7 GO processes present in the cluster 4
(Fig. 3B). Table 88 GO processes present in the cluster 5 (Fig. 6A).
Table S9 GO processes present in the cluster 6 (Fig. 5B). Table
$10 GO processes present in the cluster 7 (Fig. 6B). Table S11
GO processes present in the cluster 8 (Fig. 6C). Table S12 GO
processes present in the cluster 9 (Fig. 6D). Table S13 GO
processes present in the cluster 10 (S-Fig. 2A). Table S14 GO
processes present in the cluster 11 (Fig. 3C). Table S15 GO
processes present in the cluster 12 (S-Fig. 2B). Table S16 GO
processes present in the cluster 13 (S-Fig. 2C). Table S17 GO
).
).

—~

processes present in the cluster 14 (S-Fig. 2D). Table S18 GO
processes present in the cluster 15 (S-Fig. 2E). Table S19 GO
processes present in the cluster 16 (Fig. 3D). Table 8§20 GO
processes present in the cluster 17 (Fig. 5C). Table S$21 GO
processes present in the cluster 18 (Fig. 4B). Table $22 GO
processes present in the cluster 19 (S-Fig. 2F). Table $23 GO
processes present in the cluster 20 (Fig. 3E). Table $24 GO

—
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processes present in the cluster 21 (Fig. 5D). Table 825 GO
processes present in the cluster 22 (S-Fig. 2G).
(XLSX)

Supporting Information 2 Figure S1 Graph showing the
relationship of closeness and betweenness of the TCs in the major
CPI-PPI network. All nodes in the graph present a mean above
average in both closeness and betweenness. The color represents
the soluble property of the TCs (Light blue =hydrophilic and
Yellow = lipophilic). Three nodes have distinct color/shape, since
they shared a color with the adjacent node [Chromium = Large
width node (black); Cadmium =Diamond shape/blue colored,;
and 7H-dibenzo|[cg]carbazole = Orange node]. Figure S2 Clus-
ters excluded from the analysis due lack of literature data
associated with T'Cs and their given GO, therefore, being highly
speculative. In (A), Cluster 10 is composed by 12 nodes and 39
edges, with Ci=3,250. The associated hydrophilic component is
furfural. Related GO: Glucose Catabolic Process and Pentose-
Phosphate Shunt. Cluster 12 (B) is composed by 16 nodes and 43
edges, with C:=2,750. The associated hydrophilic components
are cadmium and acrynolitryle. Related GO: Antigen Processing
and Presentation. Cluster 13 (C) is composed by 18 nodes and 48
edges, with C:=2,667. The associated hydrophilic component is
urethane and the lipophilic is xylene. Related GO: G-Protein
Coupled Receptor Protein Signaling Pathway. Cluster 14 (D) is
composed by 42 nodes and 109 edges, with Ci=2,595. The
associated hydrophilic components are hydrazine, resorcinol,
nickel and chromium. Related GO: Regulation of Insulin
Signaling Pathway. Cluster 15 (E) is composed by 22 nodes and
55 edges, with Ci=2,250. The associated hydrophilic components
are chromium and acrynolitryle. Whereas the lipophic are xylene,
chrysene, 5-methylcrysene, benz[a]anthracene and benzo[b]fluor-
acene. Related GO: Response to Chemical Stimuli. Cluster 19 (F)
is composed by 12 nodes and 27 edges, with Ci=2,250. The
associated hydrophilic component is lead. Related GO: I-KappaB
Kinase/NF-KappaB Cascade. Cluster 22 (G) is composed by 20
nodes and 43 edges, with Ci=2,150. The associated hydrophilic
components are cadmium, lead, pyrrole and arsenic. Related GO:
Heme Biosynthetic Process. Figure 83 Clusters 1 to 6, extracted
from the nicotine CPI-PPI network by MCODE. The blue node is
RA and the green node is nicotine. Cluster 1 (A) is composed by
159 nodes and 2373 edges, with Ci= 14, 925; Cluster 2 (B) is
composed by 227 nodes and 2649 edges, with C:=11,670; Cluster
3 (C) is composed by 207 nodes and 1793 edges, with Ci=8,662;
Cluster 4 (D) is composed by 174 nodes and 1002 edges, with
Ci=5,759; Cluster 5 (E) is composed by 89 nodes and 300 edges,
with Ci=3,371; Cluster 6 (I') is composed by 12 nodes and 36
edges, with C¢=3,000. Nicotine appears in four clusters (A to D),
whereas RA only in C, showing that nicotine is more easily
clustered. Figure S4 Graph showing the relationship of node
degree (ND) and betweenness (BT) using all proteins in the
nicotine CPI-PPI network. The seven most significant proteins
were selected (which are present near the value of 5.0x10%). The
dotted line shows the threshold of significance, and the values
above the line are considered more relevant. Figure 85 Graph
showing the relationship of closeness (CL) and betweenness (BT)
from all proteins in the nicotine CPPI-PPI network. The seven
most significant proteins were selected (which are present near the
value of 5.0x10%. The dotted line shows the threshold of
significance, and the values above the line are considered more
relevant.

(DOCX)

Supporting Information 3 Figure S1 Network representation
of cluster 1,4, and 20 obtained from STRING metasearch engine
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(A). This network was used for two-state landscape analysis of gene
expression (B). Coordinates (X- and Y-axis) represent normalized
values of the input network topology. Color gradient (Z-axis)
represents the relative gene functional state mapped onto network
according to the transcriptomic data input of GSE30032 series file
[placenta plus cord blood transcriptomic data from passive
smoking women (a) versus placenta plus cord blood from non-
smoking women (b)]. In this sense, the mathematical equation
z = a/(a+b) was used to calculated the relative gene functional state
of condition (a) and condition (b). Thus, the gene expression in
condition (a) is greater than condition (b) when z >0.55 (yellow to
red colors), lower than (b) when z <0.45 (cyan to blue colors) and
equivalent to (b) when 0.45<< z <0.55 (green color). The landscape
was generated by ViaComplex 1.0 software with the following
options: plot as “3D-Graph”, build on “node”, resolution “level-
507, contrast “level-50”’, smoothness “level-50”” and zoom “level-
50”. Figure 82 Network representation of cluster 2 obtained from
STRING metasearch engine (A). This network was used for two-
state landscape analysis of gene expression (B). Coordinates (X-
and Y-axis) represent normalized values of the input network
topology. Color gradient (Z-axis) represents the relative gene
functional state mapped onto network according to the transcrip-
tomic data input of GSE30032 series file [placenta plus cord blood
transcriptomic data from passive smoking women (a) versus
placenta plus cord blood from non-smoking women (b)]. In this
sense, the mathematical equation z=a/(a+bh) was used to
calculated the relative gene functional state of condition (a) and
condition (b). Thus, the gene expression in condition (a) is greater
than condition (b) when z >0.55 (yellow to red colors), lower than
(b) when z <0.45 (cyan to blue colors) and equivalent to (b) when
0.45< z <0.55 (green color). The landscape was generated by
ViaComplex 1.0 software with the following options: plot as “3D-
Graph”, build on “node”, resolution “level-50”, contrast “level-
507, smoothness “level-50” and zoom “level-50”. Figure S3
Network representation of cluster 18 obtained from STRING
metasearch engine (A). This network was used for two-state
landscape analysis of gene expression (B). Coordinates (X- and Y-
axis) represent normalized values of the input network topology.
Color gradient (Z-axis) represents the relative gene functional state
mapped onto network according to the transcriptomic data input
of GSE30032 series file [placenta plus cord blood transcriptomic
data from passive smoking women (a) versus placenta plus cord
blood from non-smoking women (b)]. In this sense, the
mathematical equation z=a/(a+b) was used to calculated the
relative gene functional state of condition (a) and condition (b).
Thus, the gene expression in condition (a) is greater than condition
(b) when z >0.55 (yellow to red colors), lower than (b) when z
<<0.45 (cyan to blue colors) and equivalent to (b) when 0.45< z
<<0.55 (green color). The landscape was generated by ViaComplex
1.0 software with the following options: plot as “3D-Graph”, build
on “node”, resolution “level-50”, contrast “level-50”, smoothness
“level-50” and zoom “level-50”. Figure S4 Network representa-
tion of cluster 3, 11 and 21 obtained from STRING metasearch
engine (A). This network was used for two-state landscape analysis
of gene expression (B). Coordinates (X- and Y-axis) represent
normalized values of the input network topology. Color gradient
(Z-axis) represents the relative gene functional state mapped onto
network according to the transcriptomic data input of GSE30032
series file [placenta plus cord blood transcriptomic data from
passive smoker women (a) versus placenta plus cord blood from
non-smoker women (b)]. In this sense, the mathematical equation
z=a/(a+b) was used to calculated the relative gene functional state
of condition (a) and condition (b). Thus, the gene expression in
condition (a) is greater than condition (b) when z >0.55 (yellow to
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red colors), lower than (b) when z <0.45 (cyan to blue colors) and
equivalent to (b) when 0.45<< z <0.55 (green color). The landscape
was generated by ViaComplex 1.0 software with the following
options: plot as “3D-Graph”, build on “node”, resolution “level-
507, contrast “level-50”, smoothness “level-50” and zoom “level-
50”. Figure S5 Network representation of cluster 5, 8 and 9
obtained from STRING metasearch engine (A). This network was
used for two-state landscape analysis of gene expression (B).
Coordinates (X- and Y-axis) represent normalized values of the
mput network topology. Color gradient (Z-axis) represents the
relative gene functional state mapped onto network according to
the transcriptomic data input of GSE30032 series file [placenta
plus cord blood transcriptomic data from passive smoker women
(a) versus placenta plus cord blood from non-smoker women (b)].
In this sense, the mathematical equation z =a/(a+bh) was used to
calculated the relative gene functional state of condition (a) and
condition (b). Thus, the gene expression in condition (a) is greater
than condition (b) when z >0.55 (yellow to red colors), lower than
(b) when z <0.45 (cyan to blue colors) and equivalent to (b) when
0.45< z <0.55 (green color). The landscape was generated by
ViaComplex 1.0 software with the following options: plot as “3D-
Graph”, build on “node”, resolution “level-50”, contrast “level-
50”, smoothness “level-50” and zoom “level-50”. Figure S6
Network representation of cluster 7 obtained from STRING
metasearch engine (A). This network was used for two-state
landscape analysis of gene expression (B). Coordinates (X- and Y-
axis) represent normalized values of the input network topology.
Color gradient (Z-axis) represents the relative gene functional state
mapped onto network according to the transcriptomic data input
of GSE30032 series file [placenta plus cord blood transcriptomic
data from passive smoker women (a) versus placenta plus cord
blood from non-smoker women (b)]. In this sense, the mathemat-
ical equation z=a/(a+b) was used to calculated the relative gene
functional state of condition (a) and condition (b). Thus, the gene
expression in condition (a) is greater than condition (b) when z
>0.55 (yellow to red colors), lower than (b) when z <0.45 (cyan to
blue colors) and equivalent to (b) when 0.45< z <0.55 (green
color). The landscape was generated by ViaComplex 1.0 software
with the following options: plot as “3D-Graph”, build on “node”,
resolution ““level-50”, contrast “level-50”, smoothness “level-50"
and zoom “level-50”. Figure S7 Nicotine-associated network
obtained from STRING metasearch engine (A). This network was
used for two-state landscape analysis of gene expression (B).
Coordinates (X- and Y-axis) represent normalized values of the
input network topology. Color gradient (Z-axis) represents the
relative gene functional state mapped onto network according to
the transcriptomic data input of GSE30032 series file [placenta
plus cord blood transcriptomic data from passive smoker women
(a) versus placenta plus cord blood from non-smoker women (b)].
In this sense, the mathematical equation z=a/(a+bh) was used to
calculated the relative gene functional state of condition (a) and
condition (b). Thus, the gene expression in condition (a) is greater
than condition (b) when z >0.55 (yellow to red colors), lower than
(b) when z <0.45 (cyan to blue colors) and equivalent to (b) when
0.45< z <0.55 (green color). The landscape was generated by
ViaComplex 1.0 software with the following options: plot as “3D-
Graph”, build on “node”, resolution “level-50”, contrast “level-
507, smoothness “level-50” and zoom “level-50”. Figure S8
Retinoic acid-associated network obtained from STRING meta-
search engine (A). This network was used for two-state landscape
analysis of gene expression (B). Coordinates (X- and Y-axis)
represent normalized values of the input network topology. Color
gradient (Z-axis) represents the relative gene functional state
mapped onto network according to the transcriptomic data input
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of GSE30032 series file [placenta plus cord blood transcriptomic
data from passive smoker women (a) versus placenta plus cord
blood from non-smoker women (b)]. In this sense, the mathemat-
ical equation z=a/(a+b) was used to calculated the relative gene
functional state of condition (a) and condition (b). Thus, the gene
expression in condition (a) is greater than condition (b) when z
>0.55 (yellow to red colors), lower than (b) when z <0.45 (cyan to
blue colors) and equivalent to (b) when 0.45< z <0.55 (green
color). The landscape was generated by ViaComplex 1.0 software
with the following options: plot as “3D-Graph”, build on “node”,
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Abstract

BACKGROUND: Fetal Alcohol Syndrome (FAS) is a prenatal disease characterized by
fetal morphological abnormalities originating from exposure to alcohol. Thus, alcohol
abuse during pregnancy leads to neural tissue malformations as the main outcome of
FAS. Although FAS is a well-described pathology, the mechanism of FAS induction at
the molecular level is virtually unknown. Moreover, alcohol abuse can affect vitamin
metabolism and absorption, although how alcohol impairs such biochemical pathways
remains to be elucidated.

METHODS: We employed a variety of systems chemo-biology tools to understand the
interplay  between ethanol metabolism and vitamins, during mouse
neurodevelopment. For this purpose, we designed protein-protein and chemical-
protein interaction networks and employed transcriptomic data analysis approaches to
study the neural tissue of Mus musculus exposed to ethanol prenatally and postnatally,
simulating conditions that could lead to FAS development at different life stages.
RESULTS: Our results showed that FAS can promote early changes in neurotransmitter
release and glutamate equilibrium, as well as an abnormal calcium influx that can lead
to impaired neurodifferentiation and neuroinflammation, which are all extensively
connected with vitamin action and metabolism.

CONCLUSIONS: Ethanol is able to impair processes crucial for neural function and
neurodevelopment and create an even more detrimental scenario that could lead to
FAS.by altering the biosynthesis of multiple vitamins.

Key words: Ethanol, Embryonic Development, Systems Chemo-Biology,

Neurodevelopment, Vitamins, Fetal Alcohol Syndrome
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1. Introduction

The maternal consumption of alcohol, especially during the initial 3-6 weeks of
brain development, can lead to abnormal fetal nervous system changes during
pregnancy, resulting in Fetal Alcohol Syndrome (FAS) (Jaurena et al., 2011; O'Leary,
2004; Wentzel and Eriksson, 2009; Zhou et al., 2011). Although alcohol abstinence is
recommended during pregnancy, more than 20% of pregnant women worldwide
continue to abuse alcohol (van der Wulp et al., 2013). In these cases, a wide range of
abnormal neurological outcomes can arise from FAS, including excessive neuron
apoptosis (Genetta et al., 2007; Maffi et al., 2008), the risk of neuronal disorders
(RNDs), and brain malformations during early embryonic development that affect
neural crest and neural tube development (Wentzel and Eriksson, 2009; Zhou et al.,
2011). In addition, alcohol abuse induces neuronal changes that affect both prenatal
and postnatal life, including learning and cognitive impairments in young adults
(O'Leary, 2004). Although FAS is an extensively studied pathology, the molecular
pathways underlying its effects remain to be elucidated.

One of the many pathways affected by alcohol consumption is vitamin
metabolism. Vitamin supplementation is necessary for fetal development, and specific
vitamins play pivotal roles in the control of embryonic neurodevelopment (Table 1).
For example, vitamins A and Bg are related to neural tube closure and development
(Table 1). In addition, reduced intake of vitamins has also been related to brain
malformations or changes in neurodifferentiation patterns (Table 1). Moreover,
alcohol consumption is already known to decrease the serum levels and absorption of

the active forms of vitamin A (retinoic acid; RA), vitamin B; (thiamine; TM), vitamin Bg
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(folic acid; FA), and vitamin E (a-tocopherol; a-TC) (Bjorneboe et al., 1987; Goez et al.,
2011; Hewitt et al.,, 2011; Singleton and Martin, 2001). However, knowledge
concerning the mechanisms through which alcohol affects the vitamin levels and
metabolism at the molecular level is still scarce. Furthermore, because the effects of
FAS are mainly on the nervous system and because all vitamins appear to play pivotal
roles in brain formation (Table 1), it is crucial to understand the interplay between
vitamins’ biochemical pathways and alcohol during neurogenesis.

Using systems chemo-biology tools, we investigated different chemical-protein
interaction (CPl) and protein-protein interaction (PPI) networks to elucidate the
interplay between ethanol and different vitamins in the model organism Mus
musculus. In addition, we compared transcriptomic data from available experimental
studies that simulated maternal alcohol abuse and the effects of ethanol in the
nervous system of the fetuses of M. musculus. Transcriptomic data originating from
the adult M. musculus brain exposed to ethanol was also investigated to elucidate the
main biological processes and changes in mRNA expression from ethanol over the
short and long terms. Finally, the results gathered from systems chemo-biology
analyses were used to developed interaction models for ethanol and vitamin
metabolism as well as to identify the gene expression changes caused by ethanol

exposure in the nervous systems at different developmental stages and adulthood.

2. Materials and Methods

2.1. Interactome data mining and the design of chemo-biology networks
To design chemo-biology interatomic networks and to elucidate the interplay
among neurodevelopment, vitamins and ethanol, the metasearch engines STITCH 3.1
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[http://stitch.embl.de] and STRING 9.05 [http://string-db.org] (Jensen et al., 2009; Snel
et al., 2000) were used. All major active forms of vitamins (Table 1) commonly
employed in commercial vitamin supplementation as well as ethanol were used as the
initial seeds for network prospecting in STITCH. The STITCH software allows
visualization of the physical connections between different proteins and chemical
compounds, whereas STRING shows protein-protein interactions (Kuhn et al., 2012).
Each protein-protein or protein-chemical connection (edge) possesses a degree of
confidence between 0 and 1.0 (with 1.0 indicating the highest confidence). The
parameters used to prospect the networks for M. musculus in STITCH and STRING
software were as follows: all prediction methods enabled, excluding text mining; 95 to
100 interactions (for each vitamin subnetwork for the ethanol subnetwork), resulting
in a 2,213-node network. In addition, a new network was developed to construct a PPI
network for the microarray data for M. musculus, resulting in a network of 7,395 nodes
(Fig. 1); degree of confidence, medium (0.400); and a network depth equal to 1. The
results gathered using these search engines were analyzed with Cytoscape 2.8.2
(Shannon et al.,, 2003) and Cytoscape 3.0. In addition, the GeneCards
[http://www.genecards.org/] (Rebhan et al., 1997, Safran et al.,, 2010), KEGG
[http://www.genome.jp/kegg/] (Kanehisa and Goto, 2000) (Carbon et al., 2009),
AmiGO 1.8 [http://amigo.geneontology.org/cgi-bin/amigo/go.cgi] (Carbon et al.,
2009), Reactome [http://www.reactome.org] (Jupe et al., 2012), BioCyc
[http://biocyc.org/] (Caspi et al., 2010) and QuickGO [http://www.ebi.ac.uk/QuickGO/]
(Binns et al., 2009) search engines were also employed, using their default parameters.

Different small CPlI and PPl networks were obtained (data not shown), and

these networks were further analyzed using Cytoscape 2.8.2 and 3.0.
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2.2. Gene expression data for the interatomic networks

We evaluated the transcriptomic data gathered from the matrix file GSE43324
(available at Gene Expression Omnibus (GEO) [http://www.ncbi.nlm.nih.gov/geo]) as
follows: pregnant C57BL/6J mice treated with saline, where fetuses were euthanized at
embryonic day 16 (E.16) and whole brains were removed (termed control group “b”),
compared with pregnant C57BL/6) mice prenatally treated with intraperitoneal
injections of ethanol (2.5 g/kg of ethanol in saline) during gestational days 14 and 16
(acute ethanol exposition; group “a”), followed by embryo euthanasia at E.16, as
described by Janus and Singh (2013). A mean value of expression for each gene was
generated for both groups “a” and “b”. In addition, a transcriptional analysis, derived
from matrix file GSE34469, was performed using pregnant M. musculus treated with
saline, where the adult offspring were euthanized at postnatal day 70 (termed control
group “b”), and compared to pregnant M. musculus treated with ethanol injections
(2.5 g/kg of ethanol in saline) twice on gestational days 8 and 11, where the adult
offspring were sacrificed at postnatal day 70 (ethanol group “a”), as described by Janus
et al. (2012). The same transcriptomic study compared pregnant M. musculus treated
with saline, where the adults were sacrificed at postnatal day 70 and the whole brains
were removed (termed control group “b”), and pregnant M. musculus treated with
ethanol injections (2.5 g/kg of ethanol in saline) twice on gestational days 14 and 16,
where the adult offspring were sacrificed at postnatal day 70 (ethanol group “a”).
Finally, data were gathered from another study derived from the matrix file GSE34549.
Here, we compared M. musculus treated with 0.15 M saline alone as the control,

where the adults were sacrificed at day postnatal 60 and the whole brains were
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removed (termed control group “b”), with M. musculus treated with ethanol injections
(2.5 g/kg of ethanol in 0.15 M saline) twice on days 4 and 7, the adult mouse was
sacrificed at postnatal day 60 (ethanol group “a”), as described by Kleiber (2012).
Additionally to the average expression values (already calculated with log 2) of
the datasets we applied the equation (1) (Castro et al., 2009) to value the relative
expression, and the gathered data were overlaid in CPI-PPI-derived clusters.

(1)

where a corresponds to the ethanol treated samples, and b indicates the
control group.

Different Venn Diagrams were created using the online tool Data Overlapping

and Area-Proportional Venn Diagram

[http://apps.bioinforx.com/bxaf6/tools/app_overlap.php] to visualize the number of

over- and underexpressed genes shared among the networks.

2.3. Modular analysis of the main CPI-PPl network

The MME-CPI-PPI network (Fig. 1C) was analyzed in terms of the major clusters
or module composition using the program Molecular Complex Detection (MCODE)
(Bader and Hogue, 2003). MCODE is based on vertex weighting by the local
neighborhood density and outward traversal from a locally dense seed protein and
isolates the dense regions according to parameters selected by the researcher (Bader
and Hogue, 2003). The parameters for MCODE cluster finding were as follows: loops
included; degree cutoff, 3; expansion of a cluster by one neighbor shell allowed (fluff
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option enabled); deletion of a single connected node from clusters (haircut option
enabled); node density cutoff, 0.1, node score cutoff, 0.2; kcore, 2; and maximum
network depth, 100. Each cluster generates a value of “cliquishness” (Ci), which is the
degree of connection in a given group of proteins. Thus, the higher the Ci value, the

more connected the cluster (Bader and Hogue, 2003).

2.4. Centrality analysis of the major resulting network

Centrality analysis was performed for the “secondary network” (Fig. 1B) using
the program CentiScaPe 1.2 (Scardoni et al., 2009). In this analysis, the CentiScaPe
algorithm evaluates each network node according to the node degree, betweenness

I"

and closeness to establish the most “central” nodes (proteins/chemicals) within the
network. Thus, the most topologically relevant node for a determined biochemical
pathway or module can be obtained and further analyzed. In general terms, the
closeness analysis (1) indicates the probability that any protein/chemical compound
(node in our network) is relevant to another protein/chemical compound in a signaling
network or its associated network (Scardoni et al.,, 2009), as determined using

Equation (2):

1
Z W e Vdist(v,w)

Clo(v) =

(2)
where the closeness value of node v (Clo(v)) is determined by computing and
totaling the shortest paths among node v and all other nodes (w; dist(v,w)) found

within a network (1). The average closeness (Clo) score was obtained by calculating the
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sum of different closeness scores (Clo;) divided by the total number of nodes analyzed
(N(v)) (Equation 3).
(clo) = 22510
v)
(3)
The higher the closeness value compared to the average closeness score, the
higher the relevance of the protein/chemical compound to other protein nodes within
the network/module. In turn, the betweenness indicates the number of the shortest
paths that go through each node (Equation 4) (Newman, 2005; Scardoni et al., 2009):

Bet(v)= Y T V)

S#EVEWEV O-sw
(4)
where oy, total number of the shortest paths from node s to node w, and o
(v) is the number of those paths that pass through the node. The average betweenness
score (Bet) of the network was calculated using equation (5), where the sum of
different betweenness scores (Bet;) is divided by the total number of nodes analyzed

(N(v)):)1.

(et - 215

|\I(V)
(5)
Thus, nodes with high betweenness scores compared to the average

betweenness score of the network are responsible for controlling the flow of

information through the network topology. The higher a node’s betweenness score,
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the higher the probability that the node connects different modules or biological
processes, such nodes are called bottleneck nodes.
Finally, the node degree (Deg(v)) is a measure that indicates the number of

connections (Ei) that involve a specific node (v) (Equation 6):

Deg(v) = Z E;

(6)
The average node degree of a network (Deg) is given by equation 7, where the
sum of different node degree scores (Bet;) is divided by the total number of nodes

(N(v)) present in the network:

i Deg;
<Deg>:—Z e
0

(7)
Nodes with a high node degree are called hubs (Scardoni et al., 2009) and have key

regulatory functions in the cell.

2.5. Gene ontology analyses of the major resulting network

The CPI-PPI modules generated by MCODE were further studied by focusing on
major biology-associated processes using the Biological Network Gene Ontology
(BiINGO) 2.44 Cytoscape 2.8.3 plugin (Maere et al.,, 2005), available at
http://www.cytoscape.org/plugins2.php#l0_PLUGINS. The degree of functional
enrichment for a given cluster and category was quantitatively assessed (p-value) using
a hypergeometric distribution. BINGO provides p-values assessed by functional themes
that are overrepresented on a given set of genes (e.g., clusters) (Maere et al., 2005).

Multiple test correction was also assessed by applying the false discovery rate (FDR)
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algorithm (Benjamini and Hochberg, 1995), which was fully implemented in BiNGO
software at a significance level of p < 0.05. The most statistically relevant processes

were taken into account when developing the interaction model.

3. Results

3.1. Design of the CPI-PPI networks, topological analysis and transcriptomic data for
Mus musculus

Systems chemo-biology tools allow prospecting of new drug targets and
interaction between chemical compounds and biological networks (Chandra and
Padiadpu, 2013; Csermely et al., 2013; Schneider and Klabunde, 2013). Our group has
successfully employed systems chemo-biology to discover potential new anti-tumor
drugs for gastric cancer (Rosado et al.,, 2011) and to understand the molecular
pathways underlying fetal malformations associated with tobacco abuse during
pregnancy (Feltes et al., 2013).

In this work, we first prospected small networks related to (i) the main active
forms of each vitamin (Table 1), named the “primary network” (Fig. 1A), and (ii)
metabolic-associated pathways for each vitamin and for ethanol in the STITCH and
STRING databases for M. musculus, named the “secondary network” (Fig. 1B). Once
gathered, these small networks were merged with the transcriptomic data in one large
network named the M. musculus-ethanol network (MME-Network) (Fig. 1C).

The large MME-Network (Fig. 1C) was overlaid with four different
transcriptomic datasets related to mouse offspring exposed to ethanol (S-Table 1, see
Supplementary Material 2). For this purpose, we used the public transcriptomic data
available in the GEO database regarding M. musculus females exposed to the same
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concentration of ethanol (2.5 g ethanol/kg) during pregnancy and postnatal stage to
simulate acute ethanol exposure. We also evaluated the late-life transcriptomic effects
of ethanol exposure in the litters of pregnant females, which is necessary for
understanding the cognitive and learning impairments observed in young adults with
FAS (O'Leary, 2004). Thus, under- and over-upregulated genes were selected for
transcriptome landscape analysis by overlaying these data on the following networks:
(i) Prenatally-Exposed-Network (PE-Network; Fig. 2A), where the fetuses were exposed
to ethanol during development (E.14 and E.16) and euthanized before birth (E.16), as
described in the transcriptomics series GSE43324; (ii) Postnatal-Exposed MME-
Network (PSE-Network; Fig. 2B), with pups exposed to ethanol (postnatal days 4 and 7)
and euthanized at adult day 60 as indicated in GSE34549; (iii) Early Gestation-Exposed-
Postnatal-Network (EGEP-Network; Fig. 2C), referent to transcriptomics series
GSE34469 where the fetuses were exposed to ethanol during development (E.8 and
E.11) and euthanized at adult day 70; and (iv) Late Gestation-Exposed-Postnatal-
Network (LGEP-Network) (Fig. 2D), referent to the series GSE34469, in which the
fetuses were exposed to ethanol during development (E.14 and E.16) and euthanized
at adult day 70.

Once the networks were overlaid with transcriptomic data, we select all those
genes whose expression were similar in all treatment conditions (Fig. 3; S-Table 2, see
Supplementary Material 2), allowing us to further analyze what genes could be
commonly associated with acute and chronic ethanol exposure. In this sense, 19 genes
were identified that were underexpressed in the PE-, LGEP- and PSE-Networks (Fig. 3A;
S-Table 2, see Supplementary Material 2). Interestingly, these same 19 genes were

present in the EGEP-, LGEP- and PSE-Networks (Fig. 3A).
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Next, we generated another set of diagrams for overexpressed genes (Figs. 3B-
E). The data show only five overexpressed genes that are shared among all
transcriptomic series (Fig. 3B-E; S-Table 2, see Supplementary Material 2). The
relationship of these genes and their probable roles during pregnancy, neurogenesis
and vitamin metabolism will be discussed further. Nevertheless, the fact they are
present in different ethanol exposure experiments in individuals of different ages
suggests that they are closely related with the long-term effects of ethanol in brain
development and physiology. In addition, we evaluated the “secondary network” (Fig.
1B) for the most topologically relevant nodes.

In a scale-free biological network, the most topologically relevant nodes are the
hub-bottlenecks (HBs) (Yu et al., 2007) because they combine the bottleneck function
(nodes that connect different clusters within a network and, consequently, display a
betweenness score above the network average) and the property of hubs (nodes with
a number of connections above the average node degree value of the network). Thus,
HBs are critical nodes in a biological network (Yu et al., 2007). In our analysis, we
observed 349 HB nodes in the “secondary network” of M. musculus (Fig. 1B). Of the
349 HBs in the M. musculus secondary network, 174 (49.8%) were connected to the
ethanol subnetwork (Fig. 4A).

To understand how ethanol interacts with vitamins and the different proteins
studied; we evaluated each transcriptomic network for the presence of modules or
clusters, which allowed us to discover major biochemical pathways related to ethanol-
vitamin metabolism. We found 15 modules above our cutoff score (S-Figs. 1-8 and
Supplementary Material 1). Once the modules were obtained, a gene ontology (GO)

analysis was performed. Biological processes that are important for neurodevelopment
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and neurobiological functions as well for vitamin metabolism that were present in
each cluster were listed (S-Tables 3-17, see Supporting Material 2). The GOs relevant
for vitamin, alcohol and neurological function in S-Tables 3 to 17 are green. In addition,
processes that were related to inflammation are blue, and the GOs related to amino
acid metabolism are purple. Likewise, we performed additional GO analyses for the
selected over- and underexpressed genes of each transcriptomic set. The main
observed GOs were inflammation, synapses and neurotransmitter release, glutamate
synthesis and metabolism, calcium ion signaling and homeostasis and
neurodifferentiation, and the summary of the GO information gathered in each
network for over- and underexpressed genes is found in Table 3 (Fig. 3; for full data of
the over- and underexpressed genes GO, see S-Tables 18-25 in Supplementary
Material 2). Our analysis excluded GOs that were not associated with significant
bioprocesses due to a lack of data or that were too general (e.g., the regulation of a
biological process, regulation of transcription, or metabolism of organic substances). In
addition, processes that were repeated among the GOs of over- and underexpressed
genes were deleted. As expected, in the overexpressed GOs of different networks, the
bioprocess of alcohol metabolism and processes associated with neuron physiology
and function were highly expressed because the transcriptomic data were gathered
from murine neural tissues (S-Tables 26-32, see Supplementary Material 2).

In addition, the modularity and GO combined analysis for the MME-Network
reveled that all modules, with exception of clusters 2 and 9 (S-Tables 3 and 11, S-Fig.
1B and 5A, see Supplementary Material 1 and 2), were associated with
neurodevelopment, alcohol metabolism and/or vitamin metabolism, indicating that

those bioprocess are closely related. Because these clusters are defined by highly
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dense, interconnected regions, the fact that they show close relationships with those
processes may be useful for understanding how FAS affects neurodevelopment

through vitamin metabolism.

3.2 Centralities analysis and overlaps among the ethanol-exposed groups

We also compared the under- and overexpressed genes in the centrality results

of the PE-Network versus PSE-Network analyses (Fig. 4B and 4C, respectively) to
understand the main differences between alcohol abuse in the developing organism
and in the adult individual. We also evaluated the results of the EGEP-Network versus
the LGEP-Network analyses (Fig. 4D and 4E) to observe the changes in HB status in
adult individuals exposed to ethanol at different stages of embryonic development
(Fig. 4).
The centrality analysis of the secondary network (Fig. 1C), the overlaps among the
under- and overexpressed genes of the PE-, EGEP-, LGEP- and PSE-Networks, and the
overlaps of the expression of the HB subnetworks (Fig. 4B-E) resulted in a list of 51
potential targets involved in FAS progression (Table 2). Our results for the under- and
overexpressed genes are listed in Table 2.

Among the selected targets is AU-rich hydrolase (AUH) (Table 2), a protein that
binds to AU-rich elements (ARE) in RNAs (Kurimoto et al., 2009). AUH mRNA lacks ARE
and is upregulated in the mouse brain when mood stabilizers (e.g., lithium carbonate
and valproic acid) are administered. Interestingly, these drugs upregulate the
expression of ARE-containing mRNAs, such as the apoptotic inducer BCL2 (Kurimoto et
al., 2009). This correlation indicates that AUH may promote neuron survival against

apoptosis. Because AUH is downregulated in our networks, it becomes an important
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target in understanding FAS-induced neuronal damage. Moreover, debrin 1 (Dbn1) was
also found among the underexpressed genes in the prospected networks (Table 2).
Dbnl is related to the formation of neuronal gap junctions in the mesencephalic
trigeminal nucleus, which is crucial for synapse function through receiving inputs from
nerve terminals and neurotransmitters (Park et al., 2009). Synapse plasticity and
protection against brain injury (Russo et al., 2012) is also related to mTor expression,
which was reduced in the four networks (Fig. 2A-D). Changes in the mTor pathway
have also been linked to neurological diseases such as Alzheimer’s and Parkinson’s
diseases (Russo et al., 2012). mTor has been linked to synaptic plasticity, both in long
term potentiation in the hippocampus and by coordinating protein synthesis (Russo et
al., 2012). The co-activator-associated arginine methyltransferase (Carml) was also
among the overexpressed genes in the overlaps between the HB subnetworks of the
PE- and PSE-Networks (Fig. 4; Table 2). Carml was found to be responsible for the
inhibition of HuD, a protein that is related to synaptogenesis, learning, memory, and
neurodifferentiation (Lim and Alkon, 2012). This finding indicated that some of the
highly topologically relevant proteins affected by ethanol are associated with synaptic
plasticity, consistent with FAS-associated learning and memory impairments.

Proteins that belong to the tubulin family, such as Tub11, or that affect tubulin
mechanisms, such as Tcbc and Son, were among our potential targets. Both Son, a
splicing cofactor linked to mitotic spindle assemble (Ahn et al., 2011), and Tubl1, a
tubulin Beta 1 class VI, were among our underexpressed genes. Both proteins appear
to be present during neurogenesis in embryonic development and are related to the
differentiation of different brain regions (Ahn et al., 2011; Oehlmann et al., 2004). We

also identified Thcb among the overexpressed genes in our networks (Table 2). Thcb is
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a tubulin-folding cofactor, primarily associated with axonogenesis, which can cause
brain malformations when overexpressed (Lopez-Fanarraga et al., 2007). These results
show that ethanol exposure induced the deregulation of tubulin and tubulin-
associated proteins during neurodifferentiation.

The protein Gart was also among the overlaps of HB subnetworks in the
underexpressed datasets for the PE- and PSE-Networks (Fig. 4). This protein appears to
be expressed at higher levels in the prenatal cerebellum as compared to adults
(Brodsky et al., 1997). More interestingly, human neuroblastoma cells treated with 6-
hydroxy-dopamine, which mimic the effects of Parkinson’s disease, showed Gart to be
downregulated (Noelker et al., 2012). The authors also propose that downregulation of
Gart could lead to neuron apoptosis. This is consistent with our data, which shows that
in the PE- and PSE-Networks the process of negative regulation of apoptosis and
neuron apoptosis to be overexpressed (Table 3). These observations indicate that Gart
downregulation by ethanol during the early stages of development could lead to
learning and memory impairments in adults.

The coactivator Ncoa3 (SCR3) is also present in the overlaps among the
downregulated gene datasets in the HB subnetwork of the PE- and PSE-Networks (Fig.
4). Ncoa3 is expressed in the hippocampus and is related to retinoic acid (RA) signaling
(Kashyap and Gudas, 2010). Retinoic acid (RA) is a vitamin A derivative involved in
neural differentiation and neurogenesis (Chen et al., 2012a) (Table 1). The presence of
RA mediated the release of coactivators, leading to the transcriptional activation of
retinoic acid receptors (RARs) (Kashyap and Gudas, 2010). In addition, Ncoa3 is a
downstream mediator of vitamin D (VD) signaling (Ahn et al., 2009). These results that

ethanol is able to reduce VD and RA signaling through the downregulation of Ncoa3 in
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the prenatal brain, affecting brain regions such as the hippocampus. Moreover,
Shmtlis another gene underegulated in the same network overlaps that is also related
to vitamin metabolism and is a serine hydroxymethyltransferase involved in folate
metabolism (Beaudin et al., 2011). The authors note that Shmt1%") mice showed
impairment in neural tube closure and that Shmtl expression is also coordinated by
RA, indicating that this protein could have an important role in ethanol-mediated brain

defects.

4. Discussion

4.1 Interpolation between ethanol and vitamin metabolism during
neurodevelopment
4.1.1 Retinol signalization, folic acid metabolism, synapsis induction and

circadian rhythm are affected by ethanol during embryogenesis

The GO analysis of cluster 3 (S-Fig. 2A; S-Table 5, see Supplementary Material
2) indicated the presence of proteins related to circadian rhythm and the folic acid,
retinoid and neurotransmitter metabolic processes. It should be noted that RA
synthesis is induced upon the loss of synaptic activity and decreased dendritic calcium
levels (Chen et al., 2012a). In the prenatal ethanol exposure network (PE-network; Fig.
2A), we found that retinoid metabolic processes and Ca’* ion homeostasis are
underexpressed (Table 3). This is interesting because both calcium ion homeostasis
and RA metabolism genes were underexpressed, showing that the induction of RA to
overcome synaptic loss might not be possible in ethanol-exposed fetuses. Moreover,
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RARs have also been found to be essential for improved learning and memory in the
adult brain and have even alleviated memory deficits in a transgenic mice model for
Alzheimer’s disease (Nomoto et al., 2012). Cognitive and learning abilities have already
been found to be affected in young adults displaying FAS (O'Leary, 2004), and the
impairment of RA metabolism could be an explanation that has not yet been
examined. Moreover, RARa is abundantly found in the cortex and hippocampus
(Nomoto et al., 2012). Our data indicated that RARa is downregulated in the EGEP-
Network (Chen et al., 2012a) (S-Table 1, see Supplementary Material 2), showing that
the changes in synaptic plasticity and learning behaviors that depend on RA occur
specifically during early development.

To corroborate the idea that ethanol affects RA, we observed that ALDH1A2
(RALDH2) gene, which codes for an aldehyde dehydrogenase and is responsible for the
synthesis of RA from retinal (Strate et al., 2009), was found to be underexpressed in
both the PE-Network and the PSE-Network (Fig. 4). This is interesting because
ALDH1B1, another aldehyde dehydrogenase, is downregulated in ethanol-exposed
embryos during nerulation (Zhou et al., 2011), a finding corroborated in our systems
chemo-biology analysis, as ALDH1B1 was downregulated in both the EGEP-Network
and the LGEP-Network (Fig. 4).

Folic acid (FA) metabolism was also associated with Cluster 3 (Fig. 2A; S-Table
5, see Supplementary Material 2). It is already known that ethanol affects folic acid
absorption in guinea pigs (Hewitt et al., 2011) and that FA has multiple roles in neural
tissue (Table 1). Remarkably, FA is able to differentiate neurospheres into multiple
neural cell types and promote synaptic connections in Pax3-deficient mice (Ichi et al.,

2012).
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In the transcriptomic datasets analyzed, only the dihydrofolate reductase
(DHFR) gene, which codes for a key enzyme in folate metabolism (S-Table 5, see
Supplementary Material 2), was found to be underexpressed in fetuses exposed to
ethanol in the final phase of development (LGEP-Network; Fig. 2D). One study shows
that FA deficiency decreases neural progenitor cell proliferation in the mouse forebrain
during late gestation (Craciunescu et al., 2004). Therefore, ethanol may also affect
neuronal proliferation through FA metabolism, mainly through DHFR deregulation.

Another important process found within cluster 3 is circadian rhythm (S-Table
5, see Supplementary Material 2). Ethanol consumption and abuse affect are known
to affect sleep cycles and melatonin secretion (Brager et al., 2010; Roehrs and Roth,
2001). Interestingly, our data analyses (PE-Network; Fig. 2A) indicate that calcium ion
homeostasis is downregulated (Table 3). Circadian rhythm is controlled by melatonin
secretion, which consequently has a central role in inducing neurodevelopment during
embryogenesis by inducing calcium ion signaling (de Faria Poloni et al., 2011). In
pregnant women, the abuse of ethanol could skew proper melatonin secretion and
calcium ion signaling and subsequently change sleep induction and
neurodevelopment. We found RA, thiamine (TM), a-tocopherol (a-TC) and

phytonadione (phylloquinone; PQN) in cluster 3.

4.1.2 Ethanol negatively affects vitamin D metabolism and leads to its

degradation

Another interesting cluster (cluster 5; S-Fig. 3A, see Supplementary Material 1)

presented several GOs related to neurodevelopment and RA and VD metabolism (S-

75



Table 7, see Supplementary Material 2). Among all of the genes/proteins belonging to
this cluster, CYP2R1 (Fig. 2A and 2C) was found to be underexpressed in both murine
fetuses exposed to ethanol (PE-Network; Fig. 2A) and also in murine adults that were
exposed to ethanol during development (EGEP-Network; Fig. 2C).

CYP2R1 is a VD hydroxylase that converts vitamin D3 into the first active ligand
(25-hydroxy vitamin D3 —250HD3) for the vitamin D receptor (VDR) (Eyles et al., 2013).
VDR forms heterodimers with retinoid X receptors (RXR) to initiate transcription during
the differentiation of different tissues (Eyles et al., 2013). It has been reported that VD
deficiency is correlated with decreased intracellular calcium levels in rat cortex (Baksi
and Hughes, 1982), which infers that ethanol affects calcium ion homeostasis in the
PE-Network and is critical for neurodevelopment. VDR expression is also observed in
differentiating fields in rodent brains and in proliferating cells in the lateral ventricle
(Eyles et al., 2013).

Interestingly, VD deficiency is associated with low induction of neurogenesis
and the loss of apoptosis, generating larger brains due to abnormal proliferation (Eyles
et al., 2013). This statement corroborates our GO results that indicate an increase in
the negative regulation of apoptosis in EGEP-Network (Table 3). Thus, by affecting VD
metabolism, VDR-dependent transcription could also be affected by ethanol, not only
through target-protein recruitment but also through the formation of heterodimers
with RXR, culminating in the loss of RA signaling.

Another gene directly related to VD metabolism is CYP27B1. The gene product
converts 25-OHD3 into 24,25-hydroxy vitamin D3 and 1,25-hydroxy vitamin D3 (Eyles et
al., 2013). CYP27B1 was found to be underexpressed in the murine pups exposed to

ethanol (PSE-Network; Fig. 2B).
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Another important gene found among the overexpressed genes in the LGEP-
Network (Fig. 2D) is CDK11B (CDK11p58) (S-Table 1, see Supplementary Material 1).
Remarkably, CDK11p58 promotes the inhibition of VDR through ubiquitin-proteasome-
mediated degradation (Chi et al., 2009), indicating that ethanol could interfere with VD
action by promoting the degradation of VDR. Consistent with that hypothesis, protein
polyubiquitination was present in Cluster 5, ubiquitin-dependent catabolic processing
was present in Cluster 15 (S-Table 7 and 17, see Supplementary Material 2), and the
proteolytic genes were among those overexpressed in the transcriptomic sets of the

PE- and PSE-Networks.

4.1.3 Interplay between ethanol exposure, vitamin deficiency, glutamate

and neuroinflammation

A major result of this systems chemo-biology analysis is that ethanol has been
directly connected to the positive induction of inflammation (clusters 3-6, 8, 10-11 and
14; S-Tables 5-8, 10, 12-13 and 16, respectively, see Supplementary Materials 2),
especially in the overexpression of genes in murine adult individuals exposed to
ethanol during embryogenesis (EGEP-Network; Fig. 2C; S-Table 20, see Supplementary
Material 2). This result indicates that the induction of inflammation occurs during early
gestation and extends through development into adult. Consistent with these data,
VDR deletion was observed to reduce the activity of IkBa protein, a potent inhibitor of
the inflammatory-associated transcriptional factor NFkB, (Wu et al., 2010). It is
important to note that inflammatory insults during pregnancy have already been

correlated with Alzheimer’s and Parkinson’s diseases (Miller and O'Callaghan, 2008).
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Indeed, the activation of NFkB in adults leads to amyloid-B accumulation due to the
synthesis of leukotriene D4 in cortical neurons (Wang et al., 2013).

In addition, IkBa promotes neurodifferentiation by blocking self-renewal and by
indirectly reducing the levels of Repressor Element Silencing Transcription Factor
(REST), an inhibitor of neurogenesis (Khoshnan and Patterson, 2012).

Corroborating the hypothesis that ethanol can promote neuroinflammation
through VDR downregulation, IkBa was found to be underexpressed in the overlaps
between the PE- and PSE-Networks (Fig. 4; Table 2). VD and AT, as well as RA, are fat-

soluble vitamins and may protect neurons against inflammation.

4.1.4 Vitamin deficiency driven by ethanol exposure leads to altered

glutamate uptake

Glutamate has a major role as an excitatory neurotransmitter in the
mammalian brain and is responsible for multiple aspects of neural activity, such as
cognition and memory, which are both affected by FAS (O'Leary, 2004; Ruediger and
Bolz, 2007). However, the overstimulation of glutamate can be responsible for brain
injury and neuron apoptosis (Lu et al., 2013). The data gathered in this study showed
that fetuses exposed to ethanol (EGEP-Network; Fig. 2C) early in development display
an overstimulation of glutamine metabolism, which is a normal component controlling
of glutamate levels in the central nervous system through the glutamine-glutamate
cycle (S-Table 20, see Supplementary Material 2).

Glutamate also activates G-protein-coupled metabotropic receptors that can

exert their effects through the cyclic adenosine monophosphate (cAMP) pathway

78



(Ruediger and Bolz, 2007), which is related to neurodevelopment and melatonin
regulation (de Faria Poloni et al.,, 2011). Interestingly, the cAMP pathway is
downregulated (Table 3) in fetuses exposed to ethanol during development (PE-
Network; Fig. 2A) and also in pups postnatally exposed to ethanol (PSE-Networks; Fig.
2B). This indicates that ethanol exposure in the brain might have a negative effect on
the cAMP pathway, thereby resulting in defects in G-protein-coupled receptor activity.

Ascorbic acid (AC) is released into the extracellular space to protect neurons
exposed to cytotoxic concentrations of glutamate (Lane and Lawen, 2013). AC is a
water-soluble vitamin, and water-soluble vitamin metabolic processes were among the
GOs observed in cluster 12 (S-Table 14, see Supplementary Material 2).

The results from fetuses exposed to ethanol during the late phase of
development (LGEP-Network; Fig. 2D) indicated that the gene coding for nicotinamide-
nucleotide adenylyltransferase (NMNAT2), an enzyme predominantly expressed in the
brain and related to NADP biosynthesis, is underexpressed. This result is interesting, as
it seems that nicotinamide [niacin (NC)] deficiency is already correlated to neuronal
damage (Table 1). It should be pointed the NMNAT2 was among the overexpressed
genes in the EGEP-Network, indicating that the ethanol-induced deficiency in NC may
be more aggressive in later stages of development.

In summary, in our chemo-systems biology analysis, we prospected PPI-CPI
networks and combined the topological, GO and transcriptomic analyses of four
ethanol-exposed groups of mice at different ages. The results gathered from this work
elucidated FAS development and its interaction with vitamin metabolism. Ethanol
appears to impair biological processes such as (i) the circadian cycle; (ii) calcium ion

homeostasis; (iii) the glutamine pathway; (iv) the cAMP pathway; (v) inflammation; (vi)
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neuron differentiation; and (vii) synapse formation and plasticity. These processes
appear to be closely related to vitamin metabolism, particularly for RA, VD, AC, AT, NC
and FA. Because ethanol is already correlated with vitamin deficiency and vitamins are
crucial for brain development, understanding the relationship between ethanol and
vitamins appears to be essential for preventing the development of FAS and related
outcomes. The targets selected in this work by data crossing and HB analysis among
the different ethanol-exposed mice also generated important targets to be reviewed
for FAS prevention and treatment because none of them had previously been
correlated with FAS. Tubulin and tubulin-associated proteins, synapse plasticity

proteins and the proteins related to neurodifferentiation are of particular interest.
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Tables

Table 1. Major vitamins present in our CPI-PPI networks for M. musculus and their role
during neurodevelopment or proper neural tissue function throughout embryonic

brain development or neuronal in vitro lineages.

Vitamin Role in the neural tissue

Vitamin A (RA) RA isrelated tothe control of the hindbrain and forebrain development and neural tube
differentiation (Jiang et al., 2012; Rhinn and Dolle, 2012). It also regulates neuronal
patterning along the anterior-posterior axis (Shearer et al., 2012).

Vitamin C (AC) Vitamin C is essential for hippocampal development and for hippocampal postnatal
function in guinea pigs (Tveden-Nyborg et al., 2012). Vitamin C also exerts anti-oxidant
effects, preventing neurotoxic insults in the brain, such as ROS production (Tveden-
Nyborgand Lykkesfeldt, 2009). Another study showed that ascorbicacid is highly present
throughout midbrain development during human pregnancy (Adlard et al., 1974).
Moreover, ascorbic acid was able to induce differentiation of CNS precursor cells into
neurons and astrocytes (Lee et al., 2003)

Vitamin D Vitamin Dinduces neurite formation (Eyles et al., 2011). Additionally, 25-hydroxyvitamin

[25-(OH) D;]/ D; upregulates nerve growth factor (NGF), which is essential for survival and growth of

[1,25-(OH),D3] hippocampal and forebrain neurons (Eyles et al., 2011). Vitamin D deficiency is also
correlated with decreased apoptosis and diminished cortex thickness (Eyles et al., 2013;
Harms et al., 2011). The vitamin D receptor (VDR) is also present in the hippocampus
(Eyles et al., 2013).

Vitamin K Promotes survival of cultured rat embryo CNS neurons (Nakajima et al., 1993). Pregnant
(PQN/MQN) women treated with vitamin K antagonist (warfarin) presented fetuses with abnormal
dilatation of cerebral ventricle, microcephaly and mental retardation (Tsaioun, 1999).
Showed neuroprotective role against oxidative stress (Josey et al., 2013).
Vitamin E (a-TC) Described as playing an essential role in early brain formation, where tocopherol
transporter protein (TTP) was presentin the hindbrain and forebrain in zebrafish (Miller
et al., 2012).
Vitamin B;, (CBL)  CBLis related tothe process of myelination (Black, 2008), and deficiency in vitamin B, is
related to neural tube defects (Kirsch et al., 2013; van de Rest et al., 2012; Veena et al.,
2010). Although not confirmed, a study shows that vitamin By, deficiency might play a
role in the developing brain and may change the normal cognitive status later in life
(Bhate et al., 2008).

Vitamin By (FA) FA supplementation reduces the risk of neural tube defectsin human embryos (Kirsch et
al., 2013; Leung et al., 2013; Ross, 2010). It is also essential for fetal spine and cranial
formation (Morse, 2012). Deficiency in FA is also related to inhibited neural rosette
differentiation in monkey embryonic stem cells (Chen et al., 2012b).

Vitamin Bg (PDX) Pyridoxine was related to increased survival of neuronal cells in vitro by stimulation
neurotransmitterrelease (Danielyan etal., 2011). Additionally, a study in rats shows that
PDX deficiency caused diminished hippocampal weight and electrical activity, most likely
due to poor myelination (Krishna and Ramakrishna, 2004). The catalytic form of vitamin
B6 (pyridoxal phosphate) is also found in multiple parts of the brain and has its highest
concentration in the olfactory tubercle (Ebadi, 1981).
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Table 1 (Continued...)

Vitamin Bs (PA)

Inactivation of panthotenate kinases, which phosphorylates PA, is related to
neurodegeneration diseases during childhood . Nevertheless, no
studies have been performed to elucidate the role of PA alone during brain formation
throughout embryogenesis.

Vitamin B; (NC)

Newborn mice injected with an antagonist of niacin showed damage in the central
nervous system (CNS), and motor neurons as well as dorsal horn cells in the spinal cord
showed signs of chromatolysis (Aikawa and Suzuki, 1986). However, no studies have
been performed to elucidate the role of NC alone during brain formation throughout
embryogenesis.

Vitamin B, (RBF)

RBF deficiency reduced the levels of important components of the myelin membrane in
adultrats (Ogunleye and Odutuga, 1989). However, no studies have been performed to
elucidate the role of RBF alone during brain formation throughout embryogenesis.

Vitamin B, (TM)

TM deficiencyin rats caused abnormal growth of the hippocampus (Ba et al., 1996), and
appears to affect myelinogenesis, axonal growth and synapsis formation (Ba, 2005).

Vitamin H (BT)

Errors in biotin metabolism can cause enlargement of cerebral ventricles (Yokoi et al.,
2009).

Legends: RA = Retinoic acid; AC = Ascorbic Acid; 25-(OH) D3 = 25-hydroxyvitamin Ds;

1,25-(OH),D3 = 1,25 hydroxyvitamin D3; PQN = Phylloquinone; MQN = Menaquinone; a-TC

= a-Tocopherol; CBL = Cobalamin; FA = Folic Acid (Folate); PDX = Pyridoxine; PA =

Panthotenic Acid; NC = Niacin; RBF = Riboflavin; TM = Thiamine; BT = Biotin.
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Table 2. List of overlapping nodes found in the under- and overexpressed genes of all

four networks (Figs. 3) and among the HB networks (Fig. 4). The full description of the

most relevant targets and proteins are discussed along the study.

Protein

Identity

Role in neurodevelopment and/or

neurological function

Expression

Adcy5 Adenylate cyclase NDL Underexpressed
Akrldl Aldo-Keto NDL Underexpressed
reductase
Aktl Kinase Involved in neuronal differentiation (Park et Underexpressed
al., 2012).
Aldhla2 Aldehyde Involved in the patterning of the CNS and Underexpressed
dehydrogenase neural tube (Marei et al., 2012; Strate et al.,
2009). Could also be related to hindbrain
defects in Xenopus laevis (Vitobello et al.,
2011).
Aldhlbl Aldehyde Downregulated by ethanol during early Underexpressed
dehydrogenase nerulation (Zhou et al., 2011). (EGEP-LGEP)
Overexpressed
(PE-PSE)
Aprt Aphosphoribosyl- Aprt expression increases in course of Underexpressed
transferase neuron maturation in cell cultures (Brosh et
al., 1990)
Auh Enoyl-CoA Role in neural survival through its action on Underexpressed
hydratase AU-rich elements (ARE) (Kurimoto et al.,
2009).
Clqgtnf7 Clgand TNF NDL Underexpressed
related protein
Cd3g T-Cell surface NDL Underexpressed
glycoprotein
Chuk (IkBay) Serine/threonine Expression of this protein blocks self- Underexpressed
kinase renewal and induces neurodifferentiation
(Khoshnan and Patterson, 2012).
Coqgb Monooxygenase NDL Underexpressed
Cyplal Cytochrome P450 Related to xenobiotic metabolismin the Underexpressed
family brain, where this protein was found with
high activity in glial cells (Kapoor et al.,,
2006) and also abundant in the cerebral
cortex and cerebellum (Iba et al., 2003).
Cyp2c70 Cytochrome P450 NDL Underexpressed
family
Cyp2d10 Cytochrome P450 NDL Underexpressed
family
Dbnl Actin-binding Plays a rolein spine formation and Underexpressed
adapter protein synaptogenesis (Park et al., 2009)
Ep300 Histone Expressed in multiple regions of the brain, Underexpressed

acetyltransferase

including hippocampus, cerebral and
cerebellar cortices and medulla oblongata
(Tan et al., 2009)
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Table 2 (Continued...)

Gart Phosphoribosyl- Polymorphismin this gene was related to Underxpressed
glycinamide mouse neural tube defects (Pangilinan etal.,
Formyltransferase 2012). This protein is also related to prenatal
cerebellar development (Brodsky et al., 1997)
Ggtl Gamma-glutamyl NDL Underexpressed
transpeptidase
Lpar2 Lysophosphatidic LPA has been implicated in neurogenesis of the  Underexpressed
acid receptor CNS, targeting neural progenitors, neurons,
astrocytes, microglia, oligodendrocytes and
Schwann cells (Goldshmit et al., 2010)
Mtor Serine/Threonine Involved in synaptic plasticity, neuron survival  Underexpressed
kinase and repair against brain injuries (Russo et al.,
2012)
Mvd Mevalonate NDL Underexpressed
pyrophosphate
decarboxylase
Ncoa3 Histone Expressed at high levels in the hippocampus Underexpressed
(Src3) acetyltransferase (Tetel, 2009).
Nedd4 E3 ubiquitin-protein NDL Underexpressed
ligase
Ogt O-Linked N- Cellular nutrient sensor, which may play a role  Underexpressed
acetylglucosamine in placental protection and in
transferase neurodevelopment by protecting the brain
frominsults such as nutrient deficiency
(Howerton et al., 2013)
Olfrl5 Olfactory receptor NDL Underexpressed
Olfri6l Olfactory receptor NDL Underexpressed
Pik3cd Kinase NDL Underexpressed
Rpl32 Ribosomal protein NDL Underexpressed
Sap30 Sin3A-associated NDL Underexpressed
protein
Shmtl Serine Related to prepulse inhibition in mice Underexpressed
hydroxymethyl- (Maekawa et al., 2010). Lack of Shmtl also
transferase results in neural tube defects in mice (Beaudin
et al.,2011)
Tmenll Transmembrane Involved in Drosophila melanogaster synapse Underexpressed
(PMI) protein formation and lifespan (Macchi et al., 2013)
Tubb1l Tubulin, Beta 1 Protein restricted to regions of the peripheral Underexpressed
Class VI and central nervous system during early-
differentiating neurons in zebrafish (Oehlmann
et al., 2004).
Zfp622 Zinc finger protein NDL Underexpressed
Son Splicing cofactor Expression of Son was related to neurogenesis Underexpressed

duringembryogenesis and postnatal brain (Ahn
et al.,2011).
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Table 2 (Continued...)

Aldhlal Aldehyde ALDH1A1 expression appears in more Overexpressed
dehydrogenase differentiated parts of the developing brain
such as cerebellar vermis or fetal white matter
(Adam et al., 2012)
Cad Trifunctional Cad protein was observed to be elevated Overexpressed
protein (carbamyl during rat and hamster prenatal brain
phosphate formation and hamster early postnatal brain
synthetase, development (Cammer and Downing, 1991).
aspartate The authors argue that Cad is related to
transcarbamylase pyrimidine synthesis in astrocytes and in the
and, grey matter.
dihydroorotase).
Carml Methyltransferase Expression of this protein, inhibits HuD, a Overexpressed
protein thatis important for
neurodifferentiation, synaptogenesis and
learning and memory (Lim and Alkon, 2012).
Cdc25a Phosphatase NDL Overexpressed
Cth Broad substrate Polymorphisms in this gene were related to Overexpressed
specificity autism (Bowers et al., 2011).
(deaminase,
dehydratase,
lyase,
desulfhydrase)
Dlat Pyruvate NDL Overexpressed
dehydrogenase
Dut Nucleotido- Expressed in the prenatal rat brain, DUTPase Overexpressed
(DUTPase) hydrolase might is responsible to maintain the low
frequency of dUMP incorporation into DNA
(Focher et al., 1990).
Hmgcr Transmembrane Overexpression of this protein, in combination  Overexpressed
glycoprotein to underexpression of ABCA1 (not present in
our networks) is related to increased risk of
Alzheimer’s disease (Rodriguez-Rodriguez et
al., 2009).
Ikbkg Kinase NDL Overexpressed
Med6 Transcription NDL Overexpressed
factor
Mtr Methyltransferase Uses cobalamin (CBL) as co-factor, where Overexpressed
deficiency of CBL causes dramatic degrease of
Mtr (Gueant et al., 2013). In the same articleis
discussed that CBL deficiency during miceiis
associated with impaired memory.
Ncoa2 Histone Overall, Ncoa2 expression is not detectablein  Overexpressed
acetyltransferase the brain butis expressed in the anterior
pituitary (Meijer et al., 2000) and in high levels
in the dentate gyrus during adult stages but
low on prenatal stages (Schmidt et al., 2007)
Rasal GTPase-activating NDL Overexpressed
protein
Thcb Tubulin folding Overexpression of TBCB results in Overexpressed
cofactor B abnormalities in the growth cone morphology,
later causing neuronal degeneration (Lopez-
Fanarraga etal., 2007)
Tomm70a Translocase Regulated by thyroid hormone, which canlead  Overexpressed
(KIAAD719) to brain malformations when at abnormal

levels (Alvarez-Dolado et al., 1999).

91




Table 2 (Continued...)

Uox Urate oxidase

Uox expression is correlated to diminished
neuroprotective effects of uratein astrocytes
and neurons (Cipriani etal., 2012). Its
expression is also related to exacerbate the
lesions caused by 6-hydroxydopmainein
dopaminergic neurons (Chen etal., 2013).

Overexpressed

Legend: NDL = No Direct Link
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Table 3. Major GO terms referent to over- and underexpressed genes in the CPI-PPI

networks for each transcriptomic sets.

Network GO Corr p- X Proteins
(expression) value
PE-Network Negative 4.6x10 " 47 BMI1|SNCB|XIAP| PAFAH2|PRDX3|ITSN1|ADORAL|WT1|
(overexpressed)  regulation of PCGF2| BDNF| CASP3| ATG5| LHX3| DNAJCS | MYC| HELLS |
apoptosis CD27|IHH|SPP1|FN1|ZC3HC1|MSH2|IL7|RXFP2| GRIN1|
SPHK1|NR4A2|PROKR1|LIG4|DAPK1|ATF5|NMES | MNAT1|N
OTCH1|EYA1|GNAQ|SFRP2|HIPK2|CX3CR1|SIX1|MTR|
CFDP1|BMP7
Vasculature 4.1x10" 31 FGFR2|CAV1|NRP1|FGF9|LEPR | MMP2|WT1|CDH5|
development CTNNB1|SEMASA|ATGS | APOE | TDGF1|GATAD2A| RHOB| NOS
3|PLXND1|IHH|FN1|KLF5|SMADS | SPHK1|EFNB2|
GALT|FZD5| MNAT1|NOTCH1|PROK1|JUN|NTRK2|ZFPM2
Aging 6.3x10" 14 MSH6|GNAO1|MSH2|POU1F1|GHRHR | NCAM1|CDKN2A|
CYP27B1| APOE | MTR | MNT|SLC18A2|INPP5D | HAP1
Negative 9.5x10"’ 28 HCRT|CAV1|FGFR3|GRIK1|FGF9|MBIP| ADORAL|GPC3|
regulation of TDGF1|SKIL|INPP5D |AXIN1|IHH| PTPRC|AVP | PTPRF | PRKCD |
cell CISH|SIGIRR| GRB10| CCND1|NOTCH1| BMPER |SFRP2 | AVPR1A
communication |BMP7|DRD1A|GRB14
Negative 1.06x10™ 12 BDNF | SNCB | XIAP| MSH2 | HIPK2|SIX1| GRIN1|NR4A2|
regulation of DNAJC5| PRDX3 | LIG4|ITSN1
neuron
apoptosis
PE-Network Post- 9.8x107° 76 CDK19|CDC14B | STK35| PTPN22 | RPS6KB2 | LPAR2 | LATS2 |
(underexpressed)  translational BTK| AKT1| GPX1|SIN3B|PRMT1|CRY2|PLOD1|SH2D1B1|
protein PRKACA|FGF2| MAP2K7| EGFR | IRAK2 | SRPK2| CAMK1G | PTPR
modification M| PHKG2| CDK8|SOCS7| ARL6 | PRKCQ | PPP1CA| EP300 | PIAS4|
PDGFRB|PIAS2|FBXO15 | EIF2AK2|NSD1| UBE2T|
MAP3K11|RAB3B|SRM|ERBB3|BRSK2 | MAPKAPK3| TRIB3|KIT
| EPHB3|CD74| GCKR | VRK1| MAP3K3 | CLQTNF2| PKD1|
PPP3CA|TCF3|PIK3R1|PTPN18|FLT4| TGFBR1|PTPRA|CS|
PDE6G | EPHAL|RPS6KA1| GCK| PLK1|NEDD4|RNF2 | NTRK1|PR
KAR1A|GRK5| MTOR | MAPKSIP1| MERTK|IKBKB|
BMPR1B|OPN4
Calciumion 9.2x10” 25 GNA13|CCL2| PTGER3|PMCH | IL6ST | PIK3CB|HC| GRIK2 |
homeostasis TRHR|PTH1R |NMB | PPOX| KCNAS | NPY1R | ITGB3 | CSRP3|
BAK1|HRH3|GCK|PLCG2|RYR1|TBXA2R | EPOR|BANK1|
L2
Retinoid 2.6x10" 15 EBP|CYP11A1|MVD|CYP11B1|AMACR | LSS |CPN2|
metabolic SCAMOL|CYP17A1|INSIG2| AKR1C6|INSIG1|BMPR1B |
process FGF2|AKR1D1
c-AMP- 1.9x10° 15 P2RY12|GNA13|ADRB3|NPB|ADRB1|PTGER3|ADCYS|
mediated S1PR4|ADCY5|PTH1R|LHCGR |HTR4| RAPGEF4 | FSHR |
signaling OPRD1
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Table 3 (Continued...)

Cognition 5.9x10" 80 GLRA1|ADCY8|OLFR1254| OLFR703 | OLFR295| UCHL1 |
RPE65| OLFR808| NR2E1| OLFR1016| GPX1|OLFR1469|
OLFR692 | OLFR1054 | OLFR554 | OLFR1427|OLFR228| PLCB2|G)J
E1| OLFR1058| OLFR1152| OLFR461| OLFR836|WNT10B |
MYO6| OLFR460| OLFR1247| OLFR167 | ESR2| OLFR1348|
OLFR161| AAAS | OLFR399| OLFR59| OLFR11| OLFR96|
OLFR15| OLFR90| OLFR392| OLFR1046| OLFR1045 | OLFR16| OLF
R1104| GJA10|OLFR1234|C3| OLFR1085| OLFR1442|
OLFR829| OLFR1500| PPT1|KIT| OLFR137| OLFR729|
OLFR437| OLFR821| OLFR578| OLFR381| ACE | HRH3|
OLFR1176| OLFR720| OLFR1094| OLFR502 | OLFR1226|
OLFR282| OLFR1451| OLFR716 | NPY1R | DBH | PDE6G |
OLFR1458| OLFR2 | OLFR449|OLFR993 | OLFR1490| OLFR376|OL
FR73| OPN4|OLFR1122
EGEP-Network Negative 7.5x10° 30 RBP4|TSPO|CAV1|NR2E3|PDX1|IL15|PTTG1|SLFN3|GLI3|
(overexpressed) regulation of ADORA1|TGFB2|SLFN2|LIF|BDNF|GPC3|CDKN2B | HSF1|
cell death GATA3|RARA|ITCH|BMP2| WNT10B|JARID2 | RALBP1|
SMAD3|GJB6|CTH | PLA2G2A| GLMN | WNT11
EGEP-Network Positive 7.4x10° 9 NTRK3|APC2|TIAM1|PLXNB1|ADNP|PAFAH1B1|NEFL|
(underexpressed) regulation of DSCAM|NGF
axonogenesis
Positive 4.6x10" 25 IL6| FKBPS| UTS2| PPARD | CARD9| ERBB4 | CD3E | TACL|
regulation of ITGA2|JAG1|DGKI|MBD2|FURIN|NCAM1|ACVR1B|
cell CDKN2A|MYD88|CD36|AGT | EXOC4| ADAM17|IL1B |NMU | CH
communication UKIGHR
Response to 4.1x10™" 5 LAMB2|BCL2| BAX|NEFL| MMP2
axon injury
LGEP-Network Positive 1.3x10™"* 42 USP7|CDK5R1|TLR4|RRM2B|NR3C1|ZBTB16|LPAR1|
(overexpressed)  regulation of PMAIP1| MMP2|1L10| ALDH1A2 | NOD1 | ALDH1A3|TICAM1 | PC
apoptosis SK9|DIABLO|INPP5D | FAS | TRAF6| CASP2 | MAP2K7 |
MAP2K6| CCAR1| COL18A1| PRKCA| TXNIP|IL2RA | PTPRE|
GRIN1|BRCA2|IDO1|ATM|CIDEC|NOTCH2|NOTCH1|
ADRB2|PSEN1|EEF1E1|ENDOG | PDESA|WNT11|LRP5
TNF-mediated 1.9x10™ 5 TRAF2| TNFRSF11A|TNFSF11|KRT18|FAS
signaling
pathway
LGEP-Network Positive 4x107° 32 DCC|FGF18|FKBP8|CAV1|FGF9|CSF1|FGF10|LPAR2|EIF2A|IT
(underexpression)  regulation of GB3|TLR6|ITSN1|SRC|PHIP|ACVR1B| CD44|IFNG| GATA4|RBC
cell K1|ILIA|CHUK]|IL4|BMP4|DIXDC1|KL|CENPJ|KITL|
communication WNT7B|CCR2|JAK2| MTOR | GHSR
Lamellipodium 7.2><10'4 5 NCK1|SH2B1|CPB2|NCKAP1|FGD4
assembly
PSE-Network Negative 23x10° 39 XRCC5|STIL|FGFR1|XIAP|SNCA|ELK1|NFKB1|BDKRB2|
(overexpressed)  regulation of ADORAL1|PHIP|BDNF | PTK2 | CD44|ATG5|BCL2| AGT]|
apoptosis PPP2CB | VNN1|NKX2-5| ERCC2 | APC| BMP4 | EEF1A2 | SKP2 |
GIF|PROKR1|ESR2| TAX1BP1|DAPK1|RAD51|EYA1|
TNFSF13B|IGBP1|MTR|CFDP1|TRP73| APIP| WNT7A|
NGF
Proteolysis 1.1x10™* 41 C2| MASP1|CNDP2 | UBE3A| MMP8| ENPEP | MMP2| PSMB4 |
CYLD | CUL7| PPP2CB | USP34| CULL| CAPN7|SEC11C| UFD1L|FB
XO02|SKP2|CAPN2|FURIN|AFG3L1|PSMB8|PSMB9|
FOLH1|BLMH | CUL4A| TMPRSS11E| CLPP| PRCP| CTSC|
ADAM12|TBL1X|CTSH | PMPCA| PMPCB | NCLN | PLAU
Tachykinin 2.1x10" 4 UQCRC2| METAP1|USP8| UQCRC1|APTACR2|TACR1|TACL|TA
receptor Q2
signaling
pathway
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Table 3 (Continued...)

PSE-Network Axonogenesis 5.2x10” 24 FGFR2|ENAH|CDK5R1|WNT3A|UCHL1|KIF5C| DPYSL5|
(underexpressed) RTN4R | STXBP1| PIPSK1C| SLIT1| CXCL12| CTNNA2|
NRCAM|ROBO1 | CXCR4| MNX1|RIT1|SEMA3A|BMPR1B |
BOC|APBB1|GAP43|KALRN
Cytosolicion 1,04x10>5 16 CALCR|MCHR1|RXFP3|EDN1|PTH1R |NMB|CXCR3|ITPR3|EDN
calcium RA|GCK|AGTR1A|RYR1|TGM2|UTS2R|GLP1R|
homeostasis CACNAIA
Regulation of c- 9x10~ 13 CALCR|ADCY2|ADCYAP1R1|EDN1|PTHIR|TIMP2|
AMP EDNRA|S1PR3|HTR1B|S1PR4|HTR7|PTH|GLP1R
biosynthetic
process
Synaptic 7.6x10™ 21 GJD2|MYOSA|STX1A|HTT| GABRAG| MAOB | PPYR1|

transmission

CLSTN1|STXBP1|SNAPIN|NTSR2| CTNNA2|CTNNB1|
HTR1B|CAMK4|HTR7|HRG | VAMP2 | TPR| SNAP25 |
CACNAIA

Legends: x = number of proteins associated with a given GO in the network.
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Figure legends

Figure 1. Experimental systems chemo-biology workflow. In (A), the primary network is
composed of 1,287 nodes (14 vitamins, ethanol and 1,262 proteins). The nodes linked
to the ethanol subnetwork are shown with red borders. The vitamins were selected
and used as initial inputs for searching different small subnetworks that were merged
into a single large interactome. B) Secondary network composed of 2,213 nodes (14
vitamins, ethanol and 2198 proteins). The data for proteins associated with vitamin
and ethanol metabolism were gathered from multiple databases and merged with the
primary network. C) Mus musculus-Ethanol-Network (MME-Network), composed of
7,723 nodes (14 vitamins, ethanol and 7,708 proteins). The data gathered from the
microarrays were collected from the GEO database and were then entered into
STRING and merged with the Secondary network. The MME-Network was further
analyzed with Cytoscape 2.8.2 and 3.0

Figure 2. Network landscape analysis of microarray data from Mus musculus embryos
exposed to ethanol (M. musculus-Ethanol Network — MME-Network). In (A), Prenatally
Exposed (PE-) Network, derived from the transcriptomic analysis of prenatally ethanol-
exposed embryonic brains from mice euthanized at E.16. B) Postnatal-Exposed
Network (PSE-Network), derived from a transcriptomic analysis of brains of postnatal
ethanol-exposed mice, euthanized at day 70. C) Early Gestation-Exposed-Postnatal-
Network (EGEP-Network), derived from a transcriptomic analysis from the brains of
prenatally ethanol-exposed embryos (E.4 and E.7), euthanized at postnatal day 60. D)
Late Gestation-Exposed-Postnatal-Network  (LGEP-Network), derived from a
transcriptomic analysis from the brain of prenatally ethanol-exposed embryos (E.14

and E.16), euthanized at postnatal day 60.
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Figure 3. Venn diagrams created to observe the overlaps between the under- and
overexpressed genes in all transcriptomic datasets. The green circle represents the
Prenatally-Exposed (PE-Network, mice prenatally exposed to ethanol during E.14 and
E.16 and euthanized at E.16). The yellow circle indicates the Postnatally-Exposed
Network (PSE-Network, in which the dams were exposed to ethanol at postnatal days
4 and 7, and the offspring were euthanized at adult day 60). By its turns, the blue circle
refers to the Late Gestation-Exposed-Postnatal-Network (LGEP-Network, in which the
fetuses were exposed to ethanol during development at E.14 and E.16 and euthanized
at adult day 70). The orange circle represents the Early Gestation-Exposed-Postnatal-
Network (EGEP-Network, in which fetuses were exposed to ethanol at E.8 and E.11 and
euthanized at adult day 70). Finally, the purple circle represents a fusion of the EGEP-
and PE-Networks because they displayed the same underexpressed genes in the
overlaps. A) Overlap of the underexpressed genes, which showed 19 genes in common
(displayed in the table on the right side of the figure); B) Venn diagrams of the
overexpressed genes of the PE-, EGEP- and LGEP-Networks, sharing 22 genes; C)
Overexpressed genes overlapping among the PE-, PSE- and EGEP-Networks, which
showed 34 shared nodes; D) Venn diagram showing the overlap between the
overexpressed genes among the PE-, PSE- and LGEP-Networks, with 32 shared genes;
E) Overlaps between the overexpressed genes in the LGEP-, PSE- and EGEP-Network,
revealing 37 shared nodes. The common nodes among the Venn diagrams of B-E are
also listed in the table on the right side of the figure.

Figure 4. Subnetworks derived from hubs-bottleneck (HB) analysis. Nodes colored with
red borders are those found in the M. musculus-Ethanol Network (MME-Network). In

(A) M. musculus HBs; B) HB displaying the expression data from the Prenatally Exposed
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Network (PE-Network); C) HBs displaying the expression data from Postnatal-Exposed
Network (PSE-Network); D) HBs displaying the expression data from the Early
Gestation-Exposed-Postnatal-Network (EGEP-Network); E) HBs displaying the
expression data from the Late Gestation-Exposed-Postnatal-Network (LGEP-Network).
The Venn diagrams below each network display the overlaps between the indicated

networks.
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A) PE-Network - GSE43324 - Brain expression data from fetal mouse brains prenatally exposed to ethanol

MME-Network (7723 nodes) Overexpressed genes (1098 nodes) Underexpressed genes (1018 nodes)

B) PSE-Network - GSE34549 - Brain expression data from adult mice exposed to ethanol at postnatal day 4 and 7

Overexpressed genes (1129 nodes) Underexpressed genes (1050 nodes)

C) EGEP-Network - GSE34469 - Brain expression data from adult mice prenatally exposed to ethanol (Early Gestation)

D) LGEP-Network - GSE34469 - Brain expression data from adult mice prenatally exposed to ethanol (Late Gestation)

Overexpressed genes (1040 nodes) Underexpressed genes (1040 nodesJ

MME-Network (7723 nodes) Overexpressed genes (1094 nodes) Underexpressed genes (1001 nodes
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349 nodes

From the secondary network

of M. musculus (Fig.1B)
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4. DISCUSSAO GERAL

Entender a complexidade emergente das relagcdes entre as diferentes
biomoléculas e seu ambiente é um dos principais desafios das biociéncias. A criagao de
bancos de dados que armazenam informacdes sobre a identidade e funcionalidade de
um gene e o seu produto, assim como o processo bioldgico em que estdao associados,
foi impulsionado pela era pdés-genémica e permitiu que uma grande quantidade de
dados biolégicos fosse disponibilizada para os pesquisadores (Sobral, 1999).

Nesse caso, a analise de sistemas complexos e das interacdes entre
biomoléculas por redes de interacdo e ferramentas de biologia de sistemas possibilitou
o processamento desses grandes volumes de dados e posteriores analises utilizando
algoritmos especificos para avaliar o que poderia estar ocorrendo a nivel molecular.
Assim, a busca de cenarios que potencialmente se beneficiariam das analises de redes
é de extrema importancia para a pesquisa basica e aplicada. Neste sentido, foi
prospectado, nos dois trabalhos desenvolvidos, como o dlcool e as diferentes
substancias carcinogénicas presentes no tabaco poderiam afetar o desenvolvimento
embrionario, pois o estudo do abuso dessas substancias durante a gravidez ndo é

claramente elucidado.

4.1. Outras consideracdes sobre a atuagdo dos compostos do tabaco no
desenvolvimento embrionario

As redes de interacdo revelaram informag¢des que sdo fundamentais para a
compreensao dos mecanismos de atuagdo dos compostos do tabaco no
desenvolvimento embrionario. Nesse sentido, é necessdrio aprofundar a discussdao
realizada no Capitulo 1 dessa dissertacdo de mestrado, onde se buscard analisar outros
processos biolégicos, tais como o metabolismo de lipidios e esteroides, bem como no
metabolismo de DNA, que podem ser afetados por constituintes do tabaco (Tobacco
constituents - TCs). As figuras listadas que sdo referentes ao artigo sdo devidamente

apontadas no texto.
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4.1.1 Biossintese de esteroides e metabolismo de dcidos graxos insaturados

Um aspecto importante das ontologias génicas observadas nos clusters
presentes no Capitulo I (Fig. 3A — 3F do artigo) sdo aqueles relacionados a modificacado
de lipidios (isto é, modificacBes que resultam em alteragdes nas propriedades do
lipidio, como modificacbes covalentes em um ou mais acidos graxos) e esteroides (isto

é, hormoénios como androgénio, estrogénio e progesterona) (Feltes et al., 2013).

oxa Foi mostrado que ratos expostos a

StAR. Permite a clivagem do colesterol para
pregnenolona através do seu transporte da
membrana externa da mitocondria para a
membrana interna da mitocéndria (Bose et al.,
2008). Aagdo de StAR estaligada a um complexo
de multiplas proteinas, entre elas as proteinas
voltage-dependent  anion  chanel  (VDAC1),
translocator protein (TSPQO), protein kinase A
regulatory subunit 1a (PKAR1A) e TSPO-associated
protein 7 (PAP7) Miller, 2013).

um condensado liquido da fumaca do
cigarro tiveram o desenvolvimento dos
foliculos ovarianos afetados, resultando
numa diminuicdo da maturacdo dos
ovocitos devido a deficiéncias nos niveis

o de estradiol (Sadeu & Foster, 2011). Como
POMC. O gene de POMC codifica para um

precursor de hormoénio polipeptidico que é
sintetizado na regido anterior da pituitaria (Dores &
Baron, 2011). POMC pode sofrer uma série de
modificagdesque resultam em diferentes produtos
finais (Dores & Baron, 2011).

outros esteroides, o estradiol é sintetizado
a partir do colesterol e um segundo

horménio, a pregnenolona, que é o

precursor de todos outros esteroides, é produzindo na mitocondria a partir do
colesterol (Bose et al., 2008). O mesmo estudo indicou que o cigarro causa uma
diminuicao no transporte de colesterol para a matriz mitocondrial, pois interfere com a
proteina transportadora de colesterol StAR steroidogenic acute regulatory protein -
proteina reguladora aguda, esteroidogénica), que se localiza na membrana externa da
mitocondria e é essencial para o transporte de colesterol (Bose et al., 2008). A proteina
StAR ndo estava presente na rede-CPI-PPlI (Chemical-Protein Interaction-Protein-
Protein Interaction — Interagdo Quimico-Proteina-Interagao Proteina-Proteina) (Fig. 1C
do artigo), mas ampliando os dados de interatoma da rede nds verificamos que ela se
conectava a um dos nossos clusters. De fato, StAR estava conectada a POMC (Fig. 3B e
3F do artigo), um receptor de melanocorticdide relacionado a uma ampla gama de
processos, incluindo inflamacdo e esteroidogénese (Dores & Baron, 2011). POMC foi
observada por estar expressa tanto no feto quanto no embrido (S-Table 1 (Tabela S1),

ver Material Suplementar 1 do artigo).
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Outro TC associado com a esteroidogénese no nosso médulo (Fig. 3C do artigo)
é o isopreno que, por sua vez, estd conectado as proteinas FDPS e FDFT1 (Fig. 3C, do

artigo). A enzima FDFT1 atua na primeira fase da sintese de colesterol, dimerizando

BOX4 farnesil-difosfato para formar

FDPS.Essa proteinando apenas atua na biossintese de
colesterol, mas também uma ampla gama de isoprendides esqualeno (Dhar et al., 2013),

como quinonas, ubiquinonas, menaquinonas e . .
plastoquinonas (Dhar et al., 2013). enquanto FDPS catalisa a produgdo

FDFTL. Essa enzima converte o produtoformado pelafpps | de geranil-pirofosfato em farnesil-
em esqualeno, uma molécula que dard origem ao . . .
colesterol (Trapani et al., 2011). pirofosfato, um intermedidrio na

UGT. Essas proteinas s3o responsaveis pela biossintese de esterol e colesterol
glucoronidagdo, ouseja, a adigdode acidoglicorénico, em .
xenobidticos e outros esteroides, deixando-os mais (Trapani et al., 2011). Ambas as
soluveisemmeio aquoso (King et al., 2000). As proteinas

UGT também destoxificam substancias lipofilicas toxicas proteinas estao presentes no feto e

(Sugatani, 2013). .
no embrido (S-Table 1 (Tabela S1),

ver Material Suplementar 1 do artigo).

A exposicdo ao tabaco durante a gravidez esta relacionada a defeitos no
desenvolvimento dos testiculos (Fowler et al., 2008). Neste sentido, o composto N-
nitrosoanabasina esta conectado ao cluster de proteinas UGT (Fig. 3A e 3F do artigo).
As proteinas UGT sdo responsaveis por catalisar a glicuronidacdo de estrogénios e
androgénios, tornando-os mais solUveis e facilitando seu transporte intracelular. Esse
processo pode ser critico durante o desenvolvimento para a exposicdo adequada do
feto aos hormoénios sexuais maternos, especialmente durante a determinagao do sexo
e da formacdo de padrGes corporais.

Em resumo, os dados de biologia de sistemas mostram que os TCs afetam
negativamente a sintese de colesterol, atuando em proteinas necessdrias para sintese
do mesmo, como FDPS e FDFT1. A acdo de moléculas lipofilicas na mitocondria foram
observadas em estudos prévios (van der Toorn et al., 2009) e compostos hidrofilicos
também poderiam afetar a fungdo mitocondrial. De fato em nossos médulos é possivel
observar a interacdo de compostos hidrofilicos com as proteinas relacionadas ao

metabolismo e biossintese de lipidios e esteroides (Fig. 11A).
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Figura 11. Modelo de interacdo mostrando as consequéncias da exposicao
cigarro baseado nas nossas redes de interacdo. Em (A) pode ser observado que os TCs
provocam uma baixa sintese e sinalizacdo de horménios. Para tanto, os TCS podem
afetar negativamente a solubilidade de estrogénio e androgénio, atuando no cluster de
proteinas UGT. Eles também estdo associados com uma baixa sintese de colesterol,
aumentando os niveis de CYP e diminuindo os niveis de FDFT1 e FDPS, duas enzimas
responsaveis pela sintese do colesterol. Baixa disponibilidade de colesterol diminuiria a
sintese global de hormo6nios na mitocéndria. Ademais, os TCs afetariam o transporte
de colesterol para mitocondria, pois afetam a proteina de membrana StAR. Esses
fatores culminam em problemas na implantacdo do embrido, maior probabilidade de
abortos e anormalidades morfolégicas. Em (B) TCs também estdo ligados a BING2 e
USP2, proteinas que sdo responsaveis pelo aumento da atividade de MDM2. Esse
aumento de atividade de MDM2, rapidamente pode regular negativamente a proteina
p53, levando a uma maior susceptibilidade a dano de DNA. Em adi¢ao eles podem
diminuir a sintese de purinas através da sua acdo em HPRT1. Isso levaria a um amento

da proliferacdo celular e diminuicdo da eficiéncia na parada de ciclo.
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4.1.2. Metabolismo e reparo de DNA

Na analise de ontologias génicas dos clusters 3, 6,17 e 21 (Fig. 5 do artigo), nds
identificamos dois processos relacionados: (i) splicing de RNA e (ii) metabolismo de
DNA (S-Tables 6, 9, 20 e 24 (Tabelas S6, 9, 20 e 24), ver Material Suplementar 1 do
artigo).

As proteinas do citocromo-P450 (CYP) estdo presentes nos médulos (Fig. 3A do
artigo) e sdo responsaveis pelo metabolismo de xenobidticos e pela ativacdao de

compostos carcinogénicos, como PAHs e

BOXS aminas aromaticas (Pliarchopoulou et al.,
CYPs. As proteinasdessa familia estao

envolvidas na biossintese e metabolismo 2012). Enquanto as CYPs convertem estes
de diversas biomoléculas, como uma

amplagamadeprodutos derivados de compostos em carcindégenos reativos, as
colesterol, vitamina D3, pregnenolona e

écidt)ns biliais (Pikuleva & Waterman, | glutaminas S-transferases (GSTs) (Fig. 5B do
2013).

artigo) destoxificam PAHs carcinégenos
GSTs.A maiorpartedas GSTs adicdonam

glutationa reduzida (GDH) emeletrdfilos (Pliarchopoulou et al., 2012).
(moléculas que aceitam elétrons)

(Strange et al., 2001). GSTs também Ademais, a proteina GSTM1 foi
estdo relacionadas na destoxificacao de

produtos resultantes da alteragdo do observada nas nossas andlises. GSTM1 é uma
estado redox (por exemplo, anion

superoxido) (Hayes et al., 2005). proteina importante na destoxificacdo de PAHs

HPRT1. Converte hipoxantina, um e um estudo mostrou que uma substituicdo de
composto derivado do acido urico, e

guanina em inosina monofosfato e adenina por uma guanina no gene de GSTP1
guanosina monofosfato (Changetal.,

2005). que gera uma valina ao invés de uma isoleucina

(le'®Vval), leva a perda da capacidade de
detoxificacdo da proteina resultante (Pliarchopoulou et al., 2012).

Essa perda da capacidade de destoxificacdo de GSTs pode ser causada pela
acao combinada dos TCs. Na nossa analise de ontologias génicas, ndo apenas os TCs
estdo associados com o metabolismo de nucleotideos em quatro clusters diferentes,
mas em cada cluster continha compostos exclusivos, incluindo hidrofilicos (catecol)
(Fig. 5C e 5E do artigo) e lipofilicos (criseno, 1,3-butadieno, crotonaldeido) (Fig. 5B do
artigo), assim como organicos (criseno e 1,3-butadieno) (Fig. 5B do artigo) e
inorganicos (berilio, pol6nio-210 e arsénio) (Fig. 5A, 5C, 5D e 5E do artigo).
Notavelmente, no cluster 6, ambas substancias (criseno e 1,3-butadieno) estdo ligados

a HPRT1 (Fig. 5B do artigo), uma hipoxantina fosforibosiltransferase que é responsavel
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pelo metabolismo de purinas. Corroborando com nossas hipdteses, um estudo mostra
gue fumantes possuem menores niveis de HPRT1 (Chang et al., 2005).

As ferramentas de biologia de sistemas aplicadas também identificaram ITPA
no cluster 6 (Fig. 5B do artigo). ITPA é importante para a remog¢dao de purinas
desaminadas em mamiferos (Sakumi et al., 2010). A mutacdo ITPA7 mostrou ser letal
durante o desenvolvimento perinatal e fibroblastos embriondrios de camundongo
ITPA” exibiram aumento na taxa de geracdo de anormalidades cromossomais e
acumulo de danos de DNA do tipo quebra simples (Abolhassani et al., 2010). Portanto,
dado o papel de ITPA na letalidade embrionaria e na geracdo de aberracOes
cromossomicas, ITPA é passivel de ser um bom alvo para entender a a¢dao dos TCs no
metabolismo e reparo de DNA.

Ademais, o 1,3-butadieno foi observado por estar ligado ao aumento de
estresse genotéxico devido ao dano de DNA através da formacdo de pontes
intercadeias entre adenina e guanina (Goggin et al., 2011; Koturbash et al., 2011). Este

composto também ja foi

. Boxe associado com efeitos
ITPA. Eresponsavel pela hidrolise ITPem IMP, uma molécula essencial
para a biossintese de purinas e precursordo AMP e GMP (Lin et al., 2001). epigenotc')xicos causados

PML. também possui um importante papelna supressao tumoral, atuando pe|a perda gIobaI da
como ativador da proteina de parada de ciclo CHK2, a proteina cinase
inibidoradeciclinap21e da proteina p53 (Martin-Martin et al., 2013). PML metilagéo de DNA e
é alvo de diferentes modificagdes p ds-traducionais, taiscomo fosforilagdo,

sumoilac¢do e ubiquitinagdo (Martin-Martin et al., 2013). trimetilagéo da histona

H3 nos residuos de lisina

9 e 272 e histona H4 lisina 20; todas conhecidas por regular os padroes da expressao
génica (Koturbash et al., 2011).

Essas associa¢bes revelam que as substancias relacionadas ao tabaco podem
afetar caminhos distintos do metabolismo de DNA, como metabolismo de purinas e
mutagdes nos genes que causam detoxificagdo de compostos toxicos ao organismo.

Na andlise de ontologias do cluster 3, 8 e 9 (Fig. 6 do artigo), nds identificamos
os processos de: (i) estimulo ao dano de DNA e (ii) ciclo celular (S-Tables 8, 11 e 12
(Tabelas S8, 11 e 12) no Material Suplementar 1 do artigo) .

Nesses clusters foi observado que o arsénio se liga diretamente a proteina PLM
(Fig. 6B e 6D do artigo), que é uma proteina relacionada a organizacdo da cromatina,

diferenciacao, reparo de DNA e modificacoes pds-traducionais
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[http://www.genecards.org]. Em nossos clusters, PLM é ligada a proteinas como p53 e
BING2 (DAXX) (Fig. 6B e 6D do artigo). BING2 é uma proteina que se transloca entre o
nucleo e o citoplasma e é descrita como ser ativadora da atividade ubquitinadora de
MDM?2. Levando em consideracdo que MDM2 ¢é fortemente ligada a degradagdo de
p53 (Nag et al., 2013), os TCs podem possuir um papel na degradacdo mediada por
proteassomas de p53, levando a uma parada de ciclo ineficiente e, consequentemente,
dano ao DNA. MDM2 se encontra nos clusters 5 e 8 (Fig. 6A e 6B do artigo). Essas
relagbes sao suportadas pela alta incidéncia de canceres em pessoas fumantes.

Essa proteina também é ligada a ativacdo de JNK1 (Salomoni, 2013) que, como
discutida previamente no Capitulo I, pode estar envolvida na regula¢ao negativa de

RARa.

Da mesma forma, verificamos que
BOX7

BING2/DAXX. A perda de DAXX é | etjlamina estava conectada a USP2 (Fig. 6A e 6D
reladonada a letalidade embriondaria

funcionacomo uma chaperona para a

histona H3, mostrando sua ligagdo direta diferenciagéo miogénica durante a
com organizagdo da cromatina
(Salomoni, 2013). embriogénese, e é indiretamente associada

USP2. Promove a desubiquitinacdo de com a degradagéo de p53 por MDM2
MDM2, estabilizando-a e promovendo a

degradacdo de p53 (Stevenson etal, | [http://www.genecards.org]. Um aumento na
2007). Ainibicdodessa proteina leva a
;33’;)950(19 pS3invivo(Stevenson etal, | degradacdo de p53 afetaria a parada de ciclo

em G1/S e aumentaria a probabilidade de danos

ao DNA no feto. Neste sentido, em tecido pulmonar, ratos expostos a fumaca do
cigarro, e que carregavam mutacdes no gene de p53, mostraram ineficiéncia na
inducdo de genes pré-apoptéticos, e um aumento na expressdo de genes relacionados
a proliferacdo celular, resposta imune e informacdo (lzzotti et al., 2004). Evidéncia
também sugerem que inflamacgdo cronica causada por intoxicantes ambientais é ligada
a diferentes aspectos a tumorigénese e ao dano de DNA (Kamp et al., 2011), que se

torna consistente com as conexdes observadas entre TCs e p53 (Fig. 11B).
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4.2. Outras consideragoes sobre a atuacao do etanolno neurodesenvolvimento e na

progressdo da SAF

No artigo do capitulo Il nos focamos nos genes alterados em comum entre
todos os grupos de dados transcriptomicos, visando estudar quais genes seriam os
melhores alvos para o entendimento da SAF e como o etanol poderia afetar o
metabolismo de vitaminas, afetando o neurodesenvolvimento (Figura 12). Contudo,
algumas alteracBes na expressdo em diferentes dados transcriptomicos se sobressaem
e torna-se possivel observar outras consideracdes em relacdo ao etanol e sua atuacao
no neurodesenvolvimento, basicamente em altera¢des pontuais encontradas em cada

rede.
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Figura 12. Resumo da atuac¢ao do etanol no neurodesenvolvimento de acordo com os
dados do Capitulo Il. Os retangulos azuis indicam bioprocessos cujos genes associados
estavam com baixa expressdo nos dados analisados. J& os quadrados vermelhos
indicam bioprocessos cujos genes associados estavam com superexpressao. Os
retdngulos pretos indicam as redes em que esses bioprocessos foram encontrados. Em
(A) estd o resumo da atuacdo do etanol no metabolismo de acido retindico (AR) e na
homeostase de cdlcio. Em (B) se encontra o resumo da atuacdo do etanol no
metabolismo de folato e niacina. Por fim, em (C) estd o resumo da atua¢do do etanol

na degradacdo de vitamina D.

4.2.1. Gas7
Na PE-Network (onde ratas grdvidas foram expostas ao etanol nos dias
embrionarios 14 (E.14) e 16 (E.16), e o feto foi eutanasiado no dia E.16) foi observado

Gas7 entre os genes com baixa expressdo (S-

BOX8 Table 2 (Tabela S2), ver Material Suplementar 2).
Gas7. Ratos envelhecidos Gas7-
deficientes mostraram perda de Gas7 e suas variantes (hGas7-a que é homdloga
habilidades motoras devido a uma
diminuicdona quantidade de neurénios de Gas7-cb de ratos, e hGas7-b) é uma proteina
na coluna vertebral, e mudangas na
composi¢do das fibras musculares, expressa abundantemente em tecido cerebral,
causando perda de forga (Huangetal.,
2012). Inibicio desta proteina também fundamental para o crescimento dos lamelipodios
estd ligada a uma diminui¢do da
osteogénese e mineralizagdo dssea (Chao e filopodios em cultura celular de cerebelo
etal., 2013).

(Lazakovitch et al., 1999; Chao et al., 2005) e

vistos porém ser necessdria para o crescimentos de neuritos em neurbnios de
hipocampo (You & Lin-Chao, 2010). Da mesma forma, ela ja foi discutida por
potencializar a diferenciacdo neural e ser um potencial alvo para a reparacao de danos
cerebrais (Lortie et al., 2005). E interessante ressaltar que no LGEP-Network (onde
ratas gravidas foram expostas ao etanol nos dias E.14 e E.16, e o individuo adulto foi
eutanasiado pds-natal no dia 60) Gas7 ainda é vista com baixa expressao (Fig. 2D, ver
artigo; S-Table 2 (Tabela S2), ver Material Suplementar 2) ao contrario do EGEP-
Network (onde ratas gravidas foram expostas ao etanol nos dias E.8 e E.11, e o
individuo adulto foi eutanasiado pds-natal no dia 60) (Fig. 2C, ver artigo; S-Table 2
(Tabela S2), ver Material Suplementar 2). Essa observacdo indica que a baixa

expressdao de Gas7 causada pelo etanol sé causa danos a longo prazo no tecido
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cerebral caso o feto seja exposto ao etanol durante os estagios mais avangados da

gestacdo. O fato de que Gas7 é realmente afetada durante o desenvolvimento é que

no PSE-Network (onde ratos adultos foram expostos ao etanol nos dias 4 e 7, e o

individuo foi eutanasiado no dia 70) (Fig. 2B, ver artigo; S-Table 2 (Tabela S2), ver

Material Suplementar 2) Gas7 se encontra nao-diferencialmente expressa.

Como discutido previamente, SAF é uma doenca amplamente conhecida por

gerar problemas cognitivos sociais, motores e de aprendizado que podem se amplificar

progressivamente (O’Leary, 2004) e a atuacdo de Gas7 pode ser um importante alvo

para os estudos da acdo do etanol na progressao da patologia.

BOX9

FGF2. Um estudo reporta que a
expressdo anormal de Fgf2em E.11.5
(antes da neurogénese) induz a
deformac¢des no tamanho cortex e
neocortex (Rash et al., 2013).

FGF3.Em galinhas, FGF3 esta envolvida
na expressdo de marcadores de
desenvolvimento do rombencéfalo
(Weisingeretal., 2012). Em paulistinha e
galinha, essa proteina também esta
envolvida com o enervamento e
vascularizagdoda neurohipéfise (Liu et
al., 2013).

FGF4. Sua expressdo é relacionada a
diferenciagdo de células-tronco
embriondrias de ratos em linhagens
neurais (Huang et al., 2010).

FGF8. Fgf8 foi demonstrada por ser
essendal paraaorientagdodaformacéo
da cdpsula dptica e da estrutura
frontonasal (Griffin et al., 2013)

FGF9. Envolvida na osteogénese e
angiogénse do tecido 6sseo (Kizhner et
al., 2011; Behr et al., 2010)

FGF10. Assimcomo FGF3, em paulistinha
e galinha, essa proteina estd envolvida
com o enervamento evasculariza¢do da
neurohipéfise (Liu et al., 2013).

4.2.2. Familia Fgf

Dentre os genes observados por estarem
com baixa expressdao em todos os conjuntos de
dados destaca-se a familia fatores de crescimento
de fibroblastos (Fibroblast growth factor — Fgf) (S-
Table 2 (Tabela S2), ver Material Suplementar 2).
Consistente com nossos dados, as proteinas Fgf ja
foram vistas por serem afetadas pelo etanol em
Danio rerio (isto é, paulistinha ou zebrafish), onde
Fgf2 e Fgf8 ja foram vistos por terem seus mRNAs
alterados e Fgfl9 (Fgfl5 em M. musculus)/8
foram relacionados a defeitos na sinalizagao
GABAérgicas nas regibes prosencefalicas e no
cerebelo (Zhang et al., 2013). Interessantemente,
genes da familia Fgf, como Fgf2 e Fgfl4, foram
estudados por estarem com alta expressdo
durante o aprendizado de ratos (Cheung et al.,

2013), sendo que delecdo do gene Fgfl4d ja foi

vista por afetar a transmissao sindptica nos neurénios de Purkinje do cerebelo (Xiao et

al., 2013). Isso se torna um aspecto importante para ser observado, uma vez que

pacientes com SAF mostram problemas na coordenagao motora e no aprendizado ao

longo da vida (O’Leary, 2004). Ademais, a expressao de Fgf8 é vista durante o
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desenvolvimento do SNC e (Kataoka & Shimogori, 2008) defeitos no gene de Fgf8

causam diversas anomalias faciais em ratos (Macatee et al., 2003). Desta forma,

qualquer disfuncdo incidente na sinalizacdo de Fgf pode se tornar crucial para o

desenvolvimento de SAF.

BOX10

FGF14. Fgfl4 estd relacionada a
diminui¢do da excitabilidade em
neurdnios do hipocampo, onde uma
muta¢do que altera o gene de Fgfld
causauma diminuigdo a atividade de
canaisdevoltagem-dependentes de Na”*
(Laezzaetal., 2007). Da mesma forma,
essa proteina regula membros da familia
de canaisde Ca™* (CaV2),influenciando
impulsos pré-sinapticos (Yanetal., 2013).

FGF17. Envolvida na formacdo do
mesencéfalo (Zanni, et al., 2011).
Expressdaoreduzida de FGF17 em ratos é
reladonada anormalidades na vermis
cerebelar (Zanni, et al., 2011).
Interessantemente, ratos FGF177"
mostramdiminui¢do novolume cerebelo
e do cortex dorso-frontal, assim como
déficits de aprendizado social
(Terwisschavan Scheltinga et al., 2013).

FGF18. Envolvida com diferenciacdo
osteogénica e nacondrogénese (Hague
et al., 2007; Nagayama et al., 2013). Em
adicdo FGF18 é expressanotelencéfalo
de ratos (Borello et al., 2008).

FGF19 (FGF15 em M. musculus). Essa
proteina também estd envolvida no
controle da homeostasede acido biliar
hepatico, inibindosuasintese (Kir et al.,
2011). Envolvida na sintese de glicogénio
(Kiretal., 2011).

Nossas redes de interacdo também
revelaram outros genes com baixa expressao da
familia Fgf. Neste sentido, na rede onde ratas
gravidas foram expostas ao etanol nos dias E.14 e
E.16 e os fetos foram eutanasiados em E.16 (PE-
Network; Fig.2A, ver artigo) e na rede em que
ratas gravidas foram expostas ao etanol nos dias
E.14 e E.16 e o individuo adulto foi eutanasiado no
dia 60 (LGEP-Network; Fig.2D, ver artigo), foram
as que mostraram o maior nimero de membros
da familia Fgf com baixa expressao, como Fgf4, 9,
10, 15, 17 e 18. Ja na EGEP-Network, apenas Fgf3
e Fgfrlop foram observados (Fig.2C, ver artigo),
enquanto na PSE-Network, apenas os receptores
de Fgf, Fgfr2, 3 e 18, estavam presentes (Fig.2B,
ver artigo).
Esses resultados sugerem um modelo
onde os membros da familia Fgf sdo criticamente
mais tardios do

afetados nos estdgios

desenvolvimento e os efeitos negativos sdo mais

brandos nos estagios iniciais. Contudo, vale ressaltar que os resultados da PE- e LGEP-

Networks foram os mesmos, mostrando que os efeitos do etanol nas proteinas Fgf em

guestdao comecam no desenvolvimento e se estendem para a idade adulta. Da mesma

forma, as redes permitiram a identificacdo de novos membros de Fgf para serem

levados em considera¢ao no entendimento de SAF.
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4.2.3. Familia Hox

Outro importante resultado obtido pela andlise de biologia de sistemas foi a

observacdo de proteinas da familia Hox ente os genes com baixa expressdo nas PE-,

BOX11

HOXD8. Um estudo indica que esta
proteina esta envolvida com o

desenvolvimento das vértebras (van der
Akker et al., 2001).

HOXD9. Participa na formagdo dos
membros anteriores (Xu & Wellik, 2011),
e do sistema esquel ético (Gersch et al.,
2005).

HOXD10. Expressanaregido lombar da
medula espinhal e envolvida na formagio

EGEP- e LGEP-Networks (S-Table 2 (Tabela S2), ver
Material Suplementar 2).

Os genes Hox, em mamiferos, sdo uma
familia especial de genes agrupados em quatro
clusters distintos (HoxA-D), localizados nos
cromossomos 7, 17, 12, 2, respectivamente em
humanos e 6, 11, 15 e 2, respectivamente em

ratos (Daftary & Taylor, 2006). Eles codificam para

de enervagdes motoras (Choe et al,,

2006).

proteinas que controlam, de uma maneira

HOXD11. Envolvida na diferenciagdo de
condrécitos (Gross et al., 2012).
Mutagdes no gene de HOXD11 causa
infertilidade em machos e anomalias no
sistema esquelético (Boulet & Capecchi,
2002).

espaco-temporal, o estabelecimento do eixo

anteroposterior durante o desenvolvimento

embrionario, sendo responsaveis pela formacao

da estrutura bilateral e regionalizacdo dos

HOXD12. Foi estudado que HOXD12 esta
envolvida com ossificagdo, formagdo do
sistema esquelético e digitos em ratos
(Cho etal., 2008; Villavicencio-Lorini et

al., 2010).

membros e o6rgdos em formacgdo (Daftary &

Taylor, 2006; Favier & Dollé, 1997; Martinez &

Amemyia, 2002). Da mesma forma eles sdo
responsaveis pela transcricio de diversos genes, incluindo genes relacionados a
diferenciacdo celular (Daftary & Taylor, 2006; Ladam & Sagerstrom, 2013; Martinez &
Amemyia, 2002). Neste sentido, genes Hox sdo fundamentais para o desenvolvimento
da crista neural, assim como a regidao rombencefalica (Favier & Dollé, 1997).

O interatoma da PE-Network mostrou quatro genes do cluster HoxD com baixa
expressdo, Hoxd8, Hoxd9, Hoxd1l e Hoxd12 (S-Table 2 (Tabela S2), ver Material
Suplementar 2), enquanto a na LGEP-Network foi observado dois do cluster HoxD
(Hoxd10 e Hoxd12) e dois do cluster HoxA (Hoxal0 e Hoxall) (S-Table 2 (Tabela S2),
ver Material Suplementar 2). Por fim, a EGEP-Network mostrou apenas um gene Hox
com baixa expressao, Hoxall (S-Table 2 (Tabela S2), ver Material Suplementar 2).

Interessantemente, o cluster de HoxD, que é mais comumente ligado ao

desenvolvimento do sistema esquelético (Delpretti et al., 2012; Favier & Dollé, 1997,

Zakany et al., 2004), apareceu em nossas redes. Da mesma forma, Hoxd10 ja foi
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observada por estar presente na regido caudal do tubo neural e na medula espinhal
(Kelly et al., 2009). Em nossa andlise foi possivel detectar diversos genes do cluster
HoxD, incluindo Hoxd10 (na EGEP-Network). Essas relacdes implicam que o abuso do

alcool durante a gravidez pode gerar baixa

BOX12

expressdo de diversos genes HoxD no tecido

HOXA2. Essencial também para o L.
desenvolvimentoda orelha (Brownetal., cerebral dependendo do estagio do

2013). Da mesmaformaestd envolvida X X
com o desenvolvimento do telencéfalo desenvolvimento em que foi exposto. Neste

(Wolf et al., 2001). . N B B
sentido, a acdo do etanol durante o periodo pré-

HOXA3. Importante para o) ; . . . ~ .
desenvolvimento  da  glandula | natal é mais agressiva visto que ndo foi detectado

paratireoide (Kameda et al., 2004) e do
sistema arterial da carétida (Kameda, nenhum gene Hox na PSE-Network, e alguns

2009). .
genes HoxD pode continuar afetados caso a

HOXA10. Expressa no endométrio e s . .. .
ligada a gravidez de ratos (Godbole et al., exposicdo seja dada nos estagios mais avangados

2007). Ratos HOXA10” mostraram . .
anomalias cranianas (Daftary & Taylor, do desenvolvimento como visto na LGEP-Network.

2006).
Da mesma forma, alguns genes do cluster

HOXA11. Envolvida nadiferenciagdo de - .
condrécitos (Gross et al., 2012). Hoxa11 | HOXA foram detectados na formacgdo do tecido

estdintimamente ligada a proliferagédo, A .
diferenciacio e receptividade do neural. Ratos Hoxa2”" mostraram altera¢do na

endométrio (Daftary & Taylor, 2006; . .
Wang et al., 2004). formagdao dos rombomeros, estruturas que sao

responsaveis pela padronizacdo do rombencéfalo
(Gavalas et al., 1997). Expressdao de Hoxa3 também ja foi observada em rombomeros
durante o desenvolvimento neural de galinha (Kato et al., 1997).

Em nossa analise de biologia de sistemas foi possivel observar que Hoxal0 e
Hoxall estavam com baixa expressdao na EGEP- e LGEP-Networks (S-Table 2 (Tabela
S2), ver Material Suplementar 2), mostrando que outros genes Hox podem ser
alterados pelo etanol no tecido cerebral.

E importante ressaltar que o &cido retindico (AR), principal derivado da
vitamina A, é um dos principais sinalizadores de genes Hox durante o desenvolvimento
embrionario (Daftary & Taylor, 2006), e a baixa expressdo desses genes, como

observados em nossas redes, pode ser resultado do efeito do etanol no metabolismo

desse composto (como discutido no Capitulo Il).
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5. CONCLUSAO GERAL

As andlises desenvolvidas neste trabalho visam o avango na pesquisa bdsica
sobre o abuso de substancias téxicas durante o desenvolvimento embrionario, pois
essa area carece de informacdes sobre como esses compostos afetam o
desenvolvimento.

As andlises de quimio-biologia de sistemas, somadas as analises de
transcriptomas prospectadas nos interatoma, identificaram diversos genes para serem
levados em consideracdo para o entendimento das anomalias geradas pelos
compostos do cigarro. Neste sentido, genes e proteinas envolvidos com o metabolismo
de prostaglandinas e leucotrieno, assim como de sinalizacdo e diferenciagdo celular
(dependente de acido retindico e HOX) se mostraram afetados negativamente pelos
compostos do cigarro. Também foram identificados uma ampla gama de proteinas que
atuam na diferenciacdo osteogénica que sao negativamente reguladas pelo abuso de
substancias do tabaco.

Ja as quatros redes geradas para as analises para o abuso de etanol, que leva ao
guadro patoldgico de SAF, ajudaram a identificar proteinas envolvidas na biossintese e
metabolismo de acido retindico, vitamina D, acido ascérbico, a-tocoferol, niacina e
acido félico, como importantes alvos para o entendimento de SAF. Em adicdo, foi
possivel identificar que o etanol pode causar quadros de neuroinflamagao, problemas
em vias sinapticas e na via de glutamato.

Por fim, esses dados forneceram uma visdo global de bioprocessos e mddulos
proteicos que acrescentam importantes informagdes sobre esses quadros patolégicos.
Especialmente, nossos estudos mostram que ainda hd muitas conexdes que ndo foram
feitas ou exploradas no estudo dos efeitos toxicoldgicos de substdncias quimicas

durante a gravidez.
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6. CONCLUSOES ESPECIFICAS

e As redes relacionadas a andlise toxicoldgica relacionada ao abuso de
tabaco durante a gravidez permitiram observar quais compostos se
ligam a determinados mddulos e bioprocessos especificos.

e As analises de quimio-biologia de sistemas mostraram que os processos
gue causam aumento de inflamag¢do, como o acumulo de leucotrieno, e
a inibicdo da sintese de prostaglandina, afetam a implantagcdo do
embrido.

e Os dados indicam que a nicotina é capaz de afetar negativamente a
sinalizacdo de acido retindico e, consequentemente, a diferenciacdo
celular.

e Os compostos do cigarro diminuem a expressdao e inibem proteinas
relacionadas diretamente a mineralizacado e diferenciagcdo osteogénica.

e Os dados apontam para um modelo onde o cluster HOXD, que participa
no desenvolvimento do sistema esquelético, é afetado pelo pelos
compostos do cigarro.

e As analises transcritbmicas corroboraram grande parte das hipdteses
geradas.

e Os transcritdbmas analisados, visando analisar os efeitos do etanol no
neurodesenvolvimento, permitiram uma analise dos efeitos desse
composto durante o desenvolvimento do sistema nervoso a curto e
longo prazo e a identificacdo de genes que possam explicar o
desenvolvimento de SAF.

e Na andlise dos efeitos toxicolégicos do etanol no neurodesenvolvimento
foi observado que o abuso dessa substancia afeta criticamente o
metabolismo e biossintese de diversas vitaminas, principalmente de
acido retinodico, vitamina D, acido ascérbico, a-tocoferol, niacina e acido
folico.

e O etanol pode causar danos ao sistema nervoso através de um processo

de neuroinflamacao.
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Os dados apontam que o etanol possui um efeito negativo nos
processos de diferenciacdo celular, sinapse e via de glutamato, podendo
esses promover problemas na formacdo do cérebro e levar a disfungdes
cognitivas de aprendizado e coordenagao motora.

Alteragdes no ciclo circadiano e na sinalizacdo de Ca™ causados pelo
etanol podem interferir no sistema nervoso, causando danos.

Diversos alvos proteicos foram selecionados e listados, contribuindo
para um maior entendimento de como os compostos do cigarro e o
etanol afetam o desenvolvimento embriondrio foram selecionados e

listados.
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The knowledge available about the application and generation of induced pluripotent stem cells (iPSC) has
grown since their discovery, and new techniques to enhance the reprogramming process have been
described. Among the new approaches to induce iPSC that have gained great attention is the use of small
molecules for reprogramming. The application of small molecules, unlike genetic manipulation, provides for
control of the reprogramming process through the shifting of concentrations and the combination of
different molecules. However, different researchers have reported the use of “reprogramming cocktails”
with variable results and drug combinations. Thus, the proper combination of small molecules for successful
and enhanced reprogramming is a matter for discussion. However, testing all potential drug combinations
in different cell lineages is very costly and time-consuming. Therefore, in this article, we discuss the use of
already employed molecules for iPSC generation, followed by the application of systems chemo-biology
tools to create different data sets of protein—protein (PPI) and chemical-protein (CPI) interaction networks
based on the knowledge of already used and new reprogramming cocktail combinations. We further ana-
lyzed the biological processes associated with PPI-CPI networks and provided new potential protein targets
to be inhibited or expressed for stem cell reprogramming. In addition, we applied a new interference analy-
sis to prospective targets that could negatively affect the classical pluripotency-associated factors (SOX2,
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Introduction

Embryonic stem cells are derived from the inner cell mass of
the blastocyst and have the ability to generate all cells of the
organism, excluding the extraembryonic tissues." The capability
of self-renewal and the ability to differentiate into a wide variety
of cell types is unique among pluripotent stem cells (PSCs), which
not only makes them a good model to study many aspects of
development but also offers a clinical solution for the treatment
of many diseases, such as leukemia, osteoarthritis, schizophrenia
and Parkinson’s disease.””

Unfortunately, difficulties in obtaining PSCs due to ethical
and practical issues led to the search of new alternatives to
obtain embryonic-like cells. In this sense, somatic cells can be
reverted to a pluripotent state after the induction of specific
transcription factors, and the resulting cells are called induced
pluripotent stem cells (iPSCs).®
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NANOG, KLF4 and OCT4) and thus potentially improve reprogramming protocols.

The use of iPSCs has grown in recent years, and different
transcription factors have been discovered to enhance the self-
renewal and stability of iPSCs.” However, the genetic manipulation
of cells to express such transcription factors [e.g., by using
integrative vector insertion techniques (reviewed in ref. 8)] does
not provide high temporal control over the expression of a
protein and its function and is not reversible because the
exogenous genes are permanently integrated into the host cell
genome. Thus, new approaches that can be applied for iPSCs
generation have been developed.

Considering the different methods used for iPSC reprogramming,
the application of small molecules has been attracting the
attention of researchers. Small molecules are relatively easy to
use in cell cultures and can provide a high temporal control
over protein functions by varying only their concentration and
combination with other molecules.™*

It is interesting to observe that all new molecules discovered
for iPSC generation are involved in enhanced reprogramming,
prolonged iPSC survival or maintenance of pluripotency. Never-
theless, different experiments that present new compounds for
iPSC generation use wide varieties of molecule concentrations
and combinations, of exogenous gene insertions, and of different
growth media conditions. Testing such combinations is costly and
would not necessarily show the same effects when applied in
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different cell growth and/or maintenance conditions. Moreover,
the use of small molecules for iPSC generation has been widely
discussed.*?™* Considering that new molecules are continuously
being described for iPSC generation, there is no consensus about
what small compounds should be used and what best molecular
associations are to be employed for cell reprogramming. Although
new iPSC-generating molecules are described and screened
by high-throughput approaches,"*'*™** their combined use
in reprogramming cocktails has not yet been characterized.
Additionally, small molecules that are already being extensively
used in iPSC reprogramming are normally found in combi-
nation with other small molecules to generate iPSCs."*'"'¢ In
addition, the discovery of new molecules by high-throughput
techniques per se does not add any knowledge about the
biochemical mechanisms affected by these compounds leading
to iPSC generation. Because the use of small molecules appears
to be a breakthrough in cellular reprogramming, the combi-
nation of the most beneficial drugs to reprogram different
tissues demands an appropriate discussion and analysis of
how to create “reprogramming cocktails”. Therefore, the use
of in silico approaches could help to elucidate the mechanisms
underlying the effects of small molecules in SC reprogramming
and, at the same time, to discover new potential targets to be
inhibited for enhanced iPSC generation.

Systems chemo-biology and systems pharmacology tools
have been employed for drug discovery and biochemical pathway
analysis,"” ™ allowing the researcher to observe the major processes
that can be affected by small molecules. A clear example of the
potential use of systems pharmacology is the prospection of new
antitumoral drugs.* Similarly, these tools could also be applied for
the analysis and prospection of drugs for iPSC generation.

In this article, we critically discuss the uses of small mole-
cules for iPSC generation. Furthermore, drawing from specific
chemical and biological databases, we used prospective proteomic
and small molecule data to create protein-protein interaction (PPI)
and chemical-protein interaction (CPI) networks. By applying
cluster and centrality analyses, we indicated the potential best
combination of small molecules and prospected new protein
targets for iPSC generation. Gene ontology (GO) analysis was
performed to observe the most influenced biological processes
by small molecules, and we introduced new potential small
molecules for iPSC reprogramming by providing a list of new
proteins to be inhibited for successful reprogramming. Further-
more, using an analysis of interference, we also prospectively
selected proteins that might negatively affect the classical factors
involved in the pluripotency state.

Materials and methods

Interactome data mining and design of the chemo-biology
network associated with small compounds for iPSC
reprogramming

To design chemo-biology interactome networks and to identify
potential new protein targets for the iPSC-associated reprogramming
of small molecules, the metasearch engines STITCH 3.1 [http:/
stitch.embl.de/] and STRING 9.0 [http://string-db.org/[***2 were used.

View Article Online

In this sense, a list of all small molecules described in other
reviews and other high throughput original papers’*°'>' of
commonly used small-molecules in iPSC reprogramming were
used as the initial seeds for network selection in STITCH. The
STITCH software allows for the visualization of the physical
connections among different proteins and chemical compounds,
whereas STRING shows protein—-protein interactions. Each protein-
protein or protein-chemical connection (edge) shows a degree of
confidence between 0 and 1.0 (with 1.0 indicating the highest
confidence). The parameters used in STITCH software were as
follows: all prediction methods enabled, excluding text mining;
20 to 50 interactions; degree of confidence, medium (0.400); and a
network depth equal to 1. The results gathered using these search
engines were analyzed with Cytoscape 2.8.2.>° In addition, the
GeneCards [http://www.genecards.org/],”**® KEGG [http://www.gen
ome.jp/kegg/],® PubChem [http://pubchem.ncbi.nlm.nih.gov/] and
AmiGO 1.8 [http://amigo.geneontology.org/cgi-bin/amigo/go.cgi]*”
search engines were also employed, using their default parameters.

To select prospective protein—protein and chemical-protein
interactions (PPI and CPI, respectively), we entered each small-
molecule into the STITCH program. Molecules that were not
present in the STITCH database (or those that did not show any
protein connections) were excluded from the analysis.

Different small CPI and PPI networks were obtained (data
not shown), and these networks were further analyzed using
Cytoscape 2.8.2. Each network generated by STITCH and
STRING was combined into a large network using the Advanced
Merge Network function, which was fully implemented in the
Cytoscape software.

Module analysis of the CPI-PPI networks associated with small
compounds used in iPSC reprogramming

The large CPI-PPI network obtained from the initial search (Fig. 1)
was analyzed in terms of the major cluster or module composition
using the program Molecular Complex Detection (MCODE),*®
which is available at http://baderlab.org/Software/MCODE. MCODE
is based on vertex weighting by the local neighborhood density and
outward traversal from a locally dense seed protein to isolate the
highly clustered regions, according to given parameters stipulated
by the researcher (Bader and Hogue, 2003). The parameters for
cluster finding were as follows: loops included; degree cutoff,
2; expansion of a cluster by one neighbor shell allowed (fluff option
enabled); deletion of a single connected node from clusters (haircut
option enabled); node density cutoff, 0.1; node score cutoff, 0.2;
keore, 2; and maximum network depth, 100. Each cluster generates
avalue of “cliquishness” (C;), which is the degree of connection in a
given group of proteins. Thus, the higher the C; value, the more
connected the cluster.>®

Centrality analysis of CPI-PPI networks

Centrality analysis was performed using the program Centi-
ScaPe 1.2.%° In this analysis, the CentiScaPe algorithm evaluates
each network node according to the node degree, betweenness
and closeness to establish the most “central’” nodes (proteins/
chemicals) within the network. Thus, the most relevant node
for a determined biochemical pathway or module can be
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sr-CPI-PPI

Hubs-bottlenecks (HBs)

108
shared
nodes

Switches (SW)

Fig. 1 CPI-PPI network derived from 22 subnetworks containing small-molecules commonly used in SC reprogramming. (A) Major CPI-PPI network that was derived
from the merging of the 22 small molecules subnetworks. The network is composed of 858 nodes and 6653 edges. (B) Hubs-bottlenecks (HBs) that were extracted
from the major CPI-PPI network in the centrality analysis crosslinking the above average values of node-degree and betweenness. The HB network contains 124 nodes
and 1339 edges. (C) Switches (SW) that were also extracted from the major CPI-PPI network in the centrality analysis crosslinking the above average values of
closeness and betweenness. The SW network is composed of 108 nodes and 1161 edges.

obtained and further analyzed. In general terms, the closeness
analysis (1) indicates the probability that any protein/chemical
compound (node in our network) is relevant to another protein/
chemical compound (node) in a signaling network or its
associated network,*® as determined using eqn (1):

1

CIO(V) = Z we pdist(v,w) (1)

where the closeness value of node v (Clo(v)) is determined by
computing and totalizing the shortest paths among node v and

all other nodes (w; dist(v,w)) found within a network (1). The
average closeness (Clo) score was obtained by calculating the
sum of different closeness scores (Clo,) divided by the total
number of nodes analyzed (N(v)) (eqn (2)).

ZC]O,‘
Clo) = -
(Clo} =~ @

The higher the closeness value compared to the average
closeness score, the higher the relevance of the protein/chemical
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compounds to other protein nodes within the network/module.
In turn, the betweenness indicates the number of the shortest
paths that go through each node (eqn (3)):>**°
O-SW(V)

Bet(v) = 3)

stvgw 0w
where oy, is the total number of the shortest paths from node s
to node w, and oy,(v) is the number of those paths that pass
through the node. The average betweenness score (Bet) of the
network was calculated using eqn (4), where the sum of
different betweenness scores (Bet;) is divided by the total
number of nodes analyzed (N(v)):

Z Bet,-
(Bet) = -~

No, 4)

Thus, nodes with high betweenness scores compared to the
average betweenness score of the network are responsible for
controlling the flow of information through the network topology.
The higher a node’s betweenness score, the higher the probability
that the node connects different modules or biological processes;
such nodes are called bottleneck nodes.

Finally, the node degree (Deg(v)) is a measure that indicates
the number of connections (E;) that involve a specific node (v)

(eqn (5)):
Deg(v) = ) E; (5)

The average node degree of a network (Deg) is given by
eqn (6), where the sum of different node degree scores (Deg;) is
divided by the total number of nodes (N(v)) present in the
network:

Z Deg;

(Deg) = - Mo (6)

Nodes with a high node degree are called hubs*® and have key
regulatory functions in the cell.

Gene ontology analyses of the CPI-PPI networks

The CPI-PPI modules generated by MCODE were further studied
by focusing on major biology-associated processes using the Bio-
logical Network Gene Ontology (BiNGO) 2.44 Cytoscape plugin,*
available at http://www.cytoscape.org/plugins2.php#I0_PLUGINS.
The degree of functional enrichment for a given cluster and
category was quantitatively assessed (p-value) using a hypergeo-
metric distribution. Multiple test correction was also assessed by
applying the false discovery rate (FDR) algorithm,** which was fully
implemented in BiNGO software at a significance level of p < 0.05.
The most statistically relevant processes were taken into account
when developing the interaction model.

Interference analyses of the CPI-PPI networks

To analyze all possible proteins that could negatively affect the
activity of pluripotency-associated transcriptional factors, such
as Yamanaka and Thomson factors (e.g., SOX2, NANOG, OCT4
and KLF4), we used the Cytoscape plug-in Interference 1.0,
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which is available at http://www.cbmc.it/ ~ scardonig/interfer
ence/Interference.php.

This software generates virtual knockout events, in which
each node is deleted, and the betweenness is recalculated for
the entire network. To accomplish such an analysis, we developed
individual networks containing 200-210 proteins for each tran-
scriptional pluripotency-associated factor. The STRING search
parameters in this search were the same as those used for the
small-molecule networks. Only results that displayed more than
0.2 (20%) of interference were selected.

Results and discussion

Major network for stem cell self-renewal and plasticity
maintenance

The data gathered were used to create networks containing
small molecules associated with stem cell self-renewal and
increasing plasticity. The union of these networks allows the
generation of a network named the self-renewal CPI-PPI net-
work (sr-CPI-PPI network) (Fig. S1, see ESIT).

The sr-CPI-PPI network contains 863 nodes (proteins/small
molecules), 22 cell reprogramming small molecules that were
found in the STITCH database, and 6677 edges (interactions)
(Fig. 1A). To understand the modules present in our major CPI-
PPI network (Fig. 1A), we applied the Cytoscape plugin MCODE.
In addition to module discovery, we defined all small molecules
found in more than 4 modules as promiscuous, an important
concept in pharmacology, as promiscuous small molecules
could affect different biological processes'® and thus are potentially
more effective in iPSC reprogramming.

From this initial analysis, 14 significant clusters were found
(Fig. S2 to S15, see ESIt), of which the major promiscuous small
molecules are parnate (5 appearances in 14 clusters) (Fig. S2,
S5, S7, S11 and S15, ESIt), sodium butyrate (5/14) (Fig. S2, S3,
S5, S8 and S11, ESIT), Bayk8644 (5/14) (Fig. S3, S5, 7, S11 and
S12, ESIT), SB431542 (4/14) (Fig. S2-S4 and S15, ESIf), and
apigenin (4/14) (Fig. S5, S7, S10 and S15, ESIY).

Considering that major compounds act in different clusters
that, in turn, are associated with different biological processes,
we will discuss each small compound and its associated cluster
when relevant.

Small compounds that induce iPSC reprogramming — parnate

Parnate is a monoamine oxidase inhibitor used as an anti-
depressive.>® Studies have shown that parnate exhibits an
inhibitory effect on lysine-specific demethylase 1 (LSD1/
KDM1A) activity*® and increases the reprogramming efficiency
in human neonatal keratinocyte cells transduced with OCT4
and KLF4 and treated with the glycogen synthase kinase 3 beta
(GSK3) inhibitor CHIR99021.** Inhibitors of the GSK-3B [e.g.,
6-bromoindirubin-3’-oxime (BIO) and CHIR99021] (Table 1) are
also widely used for iPSC reprogramming. GSK-3f is inactivated
upon Wnt signaling pathway induction, resulting in the accu-
mulation of B-catenin and the activation of Wnt target genes.>*
This is an interesting procedure to generate iPSCs because the
genes related to the canonical Wnt pathway are found to be
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Table 1 List of all small molecules currently used alone or in combination for stem cell reprogramming. All of the molecules involved in promoting self-renewal,
maintenance of the pluripotent state or other mechanisms that could improve reprogramming efficiency are indicated. Molecules that only promote de-differentiation

towards a specific cell lineage were not included

Small molecule structure®

Name

Identity

Function in SC reprogramming Combinations”

4-Hydroxytamoxifen Estrogen receptor

(OHTM)

5-Azacytidine
(5’-azaC)

616452

A-83-01

AM580

AMD3100

Apigenin

(ER) inhibitor

DNA methylation
inhibitor

ALK5

ALK4/5/7 inhibitor

Retinoic acid
receptor (RAR)
agonist

CXC4 antagonist

Flavonoid that
induces E-cadherin

Stimulates Sox2 mRNA II:II?Sb (l)l metone,
expression and can replace Moclf),bemi de
Sox2 activity in MEFs"’ Ny
Corynanthine
Enhances MEF Dexamethasone

reprogramming®*

Enables reprogramming using
only OCT4 when in combination
with VPA, CHIR and Parnate'?

VPA, CHIR,
Parnate

Greatly enhances

reprogramming efficiency.”

Also described to promote PD0325901,
alkaline phosphatase (ALP) CHIR,

expression in EpiSC PD173074,
supplemented with LIF, NaB, PS48
generating colonies similar

to ESCs*’

Enhances reprogramming

in MEFs™* ND

Described to mobilize
hematopoietic stem cells®

Induces E-cadherin in MEFs
without exogenous pluripotency

ND
factors. It also decreases
Smad2 expression™’
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Table 1 (continued)
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Small molecule structure®

Name

Identity

Function in SC reprogramming Combinations”

HO OH
HO o e}
HO
/0
0
N CH,
\ N/>/_‘<CH3
S
\ N
CH,
L
PN

\
] Y
HN N
H
FsC
cl cl cl cl
o
S
I
o
cl OH HO cl

HO,
IN Br
O
H NH
0]

Ascorbic acid (AC)

B4

B8

B10

(+) Bayk8644 (BayK)

6-Bromoindirubin-
3’-oxime (BIO)

Naturally occurring
anti-oxidant
(vitamin C)

P38 MAPKa
inhibitor

Aurora kinase
inhibitor

Inositol-trisphos-
phate 3-kinase
(IP3K) inhibitor

p38a and p38P
inhibitor

L-type calcium
channel agonist

GSK-3 inhibitor

Enhances reprogramming by
diminishing ROS levels, induces

the expression of OCT4 and AP VPA
and promotes changes in the

DNA methylation status®”°

Enhanced reprogramming

in MEFs* B8, B6, B4

Enhanced reprogramming

in MEFs** B8, B6, B4

Enhanced reprogramming

in MEFs'* B8, B6, B4

Enhanced reprogramming BS. B6. B4
’ ’

in MEFs'*

BayK alone does not induce
self-renewal and pluripotency

in MEFs, but when combined BIX
with BIX, it increases
reprogramming efficacy”’

BIO can promote the

self-renewal of human and

mouse ESCs,*" expressing

NANOG, OCT3 and OCT4. ND
However, in HSCs, BIO can

either promote the expansion

of cell colonies or inhibit it*

BIX can reprogram cells without

H5CO . _ OCT4 in MEFs and could also
=N BIX01294 (BIX) gzntlfsetr(g;z i?lfltillla}i/ior induce reprogramming in cells BayK, RG108
= /\ transduced with only K1f4 and
H3CO N N Octa ¥’
KJN‘CH3
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Table 1 (continued)

Small molecule structure” Name Identity Function in SC reprogramming Combinations”

Induces reprogramming in

MEFs and, when combined A-83-01,
i i Parnate,
with Parnate, can induce PD0325901
CHIR99021 (CHIR) GSK-3 inhibitor reprogramming of human SBA31542 ,
neonatal keratinocytes.** Can ’
also promote self-renewal and SU5402,
PD184352

expansion of ESCs®’

Promotes engraftment,

N . Histone deacetylase expansion and maintains
H/*CH3 Chlamydocin (HDAC) inhibitor HSCs in the undifferentiated 0

N NH 98
@\ /SO/\/\/?]\/ state
o N OH

N
\ al-Adrenergic and  Enhanced reprogramming OHTM, Nabu-
N Corynanthine a2-adrenergic when combined with 4 other = metone, NiSO,,
H receptor antagonist molecules and lectin'® Moclobemide
H,CO0C OH

Naturally occurring Reported to enhance

Curcumin anti-oxidant reprogramming efficiency®® ND
Reported to induce
[ reprogramming of MEFs.'*
Dasatinib Ste f am ily kinase However, it induced true VPA
inhibitor .
successful reprogramming
when combined with VPA
Dipeptidylpeptidase Increased stem/progenitor
Diprotin A (DPP4/CD26) cell homing and HSC ND
inhibitor engraftment'®'%!
[¢]
COCH PGE, receptor, Reported to expand and
HsC CHs dmPGE2 activates the PGE,  modulate the formation ND
CH, pathway of HSCs'®
CHj
N
-
~ | Can promote human ESC
self-renewal by decreasing
bone morphogenic protein
A Dorsomorphin ALK2/3/6 inhibitor ~ (BMP) signaling'®® but it is SB431542
X N‘N/ described to induce neural
differentiation in combination
N\/\o with SB431542 '
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Table 1 (continued)
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Small molecule structure” Name Identity Function in SC reprogramming Combinations”
CH,
Reported to induce
s 59,100
HN g . . reprogramming of MEFs.>”
z EI-275 (PP1) Ste f am ily kinase However, it induced true VPA
SN inhibitor .
N ] successful reprogramming
\\\ y when combined with VPA
N CHs
he O

Fisetin

NH
N§N NH, 1Q-1
o 0
CHs
(0]
HN
Br
/ O Kenpaullone

LIy
H

OH

Ho o .
O | Luteolin
OH O

LY294002

2 Metformin

Fructose-2,6-biphos-
phate (Fru-2,6-BiP)

Sirtuin activator

Activates

phosphofructokinase

Wnt-signaling
pathway modulator

GSK-3 and cyclin-
dependent kinase
(CDK) inhibitor

Flavonoid that
modulates
E-cadherin
expression

IP3K inhibitor

AMP-activated
protein kinase
(AMPK) agonist

Mol. BioSyst.

Reported to enhance

reprogramming efficiency®® ND

Discussed to promote human
primary cell reprogramming ND
by modulating glycolysis®'®

Interacts with PP2A to modulate
the Wnt pathway. It is also
described to promote
proliferation and maintenance
of the pluripotency state of
ESCs without LIF. Together
with Wnt3a, it can promote
Oct4 and SOX2 expression'®®

ND

Described to substitute for
KIf4 activity in MEFs.
Enhanced reprogramming
by expressing NANOG'%®

ND

Similar to apigenin, luteolin
increased AP" colonies and
increased E-cadherin ND
expression in MEFs. It also
decreases SMAD2 expression*’

Reported to enhance
reprogramming efficiency.”
However, it is also described
to differentiate human ESCs'”

ND

Does not induce reprogramming
but can reduce the teratomic
potential of iPSCs by

diminishing Survivin and

OCT4 expression.”1%8 ND
Nevertheless, iPSCs treated with
metformin maintained their
pluripotency

139
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Table 1 (continued)

View Article Online

Small molecule structure” Name Identity Function in SC reprogramming Combinations”
0 (\o
N\) Enhanced reprogramming OHTM,
NN Moclobemide Mopqamlne oxidase when combined with 4 other Nflbumetone,
inhibitor . 15 NiSOy,
molecules and lectin .
cl Corynanthine
o
N Myoseverin does not promote
CH30 Nl)\j: \> the reprogramming of terminally
)\ Z~N Multinucleated differentiated cells, but in
HN N /k Myoseverin myotube fission muscle cells, it induces survival ND
HsC™ “CHg inducer by promoting the e.xp.ression of
anti-apoptosis, antioxidant and
detoxification genes'*
CHgO &
O~cH
: Non-steroidal Targets COX2 and er}hances OHTM, NiSOy,,
HyC L reprogramming efficiency. .
Nabumetone anti-inflammatory ; L. Moclobemide,
drug (NSAID) _Substltuges SOX2 activity Corynanthine
o in MEFs'?
CHj3
/ Reported to increase
n-Butylidenephtha- Jak2-Stat3 pathway JAK2-STAT3 signaling and ND
| o lide (BP) inducer OCT4 and SOX2 expression
in MEFs''°
o]
L
NE . OHTM,
- - Enhanced reprogramming Nabumetone
O—=—0 NiSO, Inorganic compound when combined with 4 other Ay
Il s Moclobemide,
o) molecules and lectin C .
orynanthine
@\’(NH Enhances reprogramming by
= Oct4-activating com- : activating OCT4 and inducing
o) @ pound (OAC1) OCT4 inducer the expression of NANOG and ND
N SOX2 expression in MEFs'"*
NH Enhances reprogramming by
| A\ OAC2 OCT4 inducer activating OCT4 expression in ~ ND
° N MEFs'"!
H
F
NH Enhances reprogramming by
OAC3 OCT4 inducer activating OCT4 expression in  ND
o N MEFs'"!
H
Increased the reprogramming
NH Monoamine oxidase efficiency in human neonatal  CHIR,
2 Parnate inhibitor keratinocyte cells only PD0325901,
transduced with OCT4 and SB431542
KLF4*
OCHg
Hacj N XY OCH3 FGF sienalin Expands mouse ESC colony CHIR,
HC. N Py PD173074 Chibior e and inhibits the growth of PD0325901,
SN \/\/\H N” °N” "NH CHgs differentiated cells®” A-83-01
o) N/’\ CHj3
H CH3
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Table 1 (continued)
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Small molecule structure” Name Identity Function in SC reprogramming Combinations”
(0]
NH Can promote self-renewal and
PD184352 MEK inhibitor expansion of ESCs if combined SU5402, CHIR

3

HO,C

Cl

é[ \©\ PD0325901

i ffx

2

Cl
OH

o)
\
N

\

o0 oH ©

Plurlpotln (sc1)

PS48

Quercetin

Rapamycin

RepSox (E-616452)

Resveratrol

RG108

MEK inhibitor

RasGAP and ERK1

dual inhibitor

3’-Phosphoinositide-
dependent kinase-1

(PDK1) activator

HIF pathway
activator

Mammalian target of
Rapamycin (mTOR)
pathway inhibitor

ALK4/5/7 inhibitor

Sirtuin activator

DNA methyltransferase

(DNMT) inhibitor

with SU5402, but not alone®’

Reported to enhance
reprogramming in different
studies!®37:112

Supports murine ESC
self-renewal and blocks
differentiation in the absence
of LIF**?

Promotes human keratinocyte
reprogramming by shifting
mitochondrial oxidation to
glycolysis™®

Reported to promote human
primary cell reprogramming
by modulating hypoxia**®

Enhances reprogramming
in MEFs”

Can induce reprogramming
in MEFs and replace SOX2
expression®’

Reported to enhance
reprogramming efficiency®®

Reported to improve
reprogramming in MEFs"’

A-83-01,
CHIR99021,
SB431542,
PS48, NaB

A-83-01, NaB,
PD0325901

ND

VPA

ND

BIX
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Table 1 (continued)
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Small molecule structure” Name Identity Function in SC reprogramming Combinations”
o SB431542 increased
< reprogramming in mouse
Y fibroblasts transduced with
N . Klf4, OCT4 andlc-MS;g gene‘s.59 VPA,
| N SB431542 ALK4/5/7 inhibitor 5431342 was also efficlent In 55, 5907
N generating iPSCs from human .,
X N keletal blasts.*! 1 Dorsomorphin
| H NH, skeletal myoblasts.”" However,
— SB431542 can induce the
differentiation of human ESCs
H and iPSCs to neural lineages®*®!
N
Y, . Monoamine ) Induces ex v'ivo cord blood
HO NH, Serotonin neurotransmitter HSC expansion'"* ND
NH .
M Sodium butyrate Histone deacetylase f:;fcriltc; Z\f:rll)rv(v)I%Zini(mlfilnir PD0325901,
HaC ONa (NaB) (HDAC) inhibitor MYC s absent!®40 PS58, A-83-01
HoN K Reported to enh
2NN IO, Spermidine Autophagy inducer cported to enhance 9 ND
reprogramming efficiency
OH
NH
Ne= StemRegenin ‘;13; }g ;ir(;c}izlgl)mn Promotes engraftment and ND
N (SR1) pror | expansion of human HSCs''?
= N / ) antagonist
VA=W
HyC” “CH,
CHj
HO,C
7\ Together with PD184352, it
N . . maintained the undifferentiated
/ H SU5402 FGF s'1gna11ng state of mouse iPSCs and can L P184352,
inhibitor . CHIR
o) expand through multiple
N passages®’
H
o
J NH Rho-associated Improved survival through
NH_< | . . coiled-coil contain-  inhibition of ROCK and
Thiazovivin . e . . ND
7\ ing protein kinase  increased the expression of
N (ROCK) inhibitor ~ E-cadherin in human ESCs'"®
N:/
CHj
. RepSox,
Valproic acid s Described to‘enl}ance . SB431542,
HDAC inhibitor reprogramming in multiple
(VPA) experi 59,67,70,100 EI-275,
periments inib
HeC CO,H Dasatinib, Ac
N | o)
N Y-27632 ROCK inhibitor Promotes the suryival ND
o of human ESCs'®'*”
3
NH,

“ Molecular structures were drawn using the program ADC/ChemsSketch 12 Freeware [http://www.acdlabs.com/resources/freeware/chemsketch/].
b Small molecules already tested in combination with a given molecule. The molecules names in bold font indicate synergistic effects (successful
reprogramming when used together), whereas the molecules in bold italic font indicate that their combinations showed unwanted effects on iPSC

generation. ND, not described.
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expressed in undifferentiated cells.** However, a study shows
that activation of the Wnt pathway, using inhibitors of GSK-38,
such as CHIR99021, can induce cardiomyocyte differentiation,
a point that should be addressed in generating iPSC from
cardiac tissues.>® Additionally, suppression of the canonical
wnt signaling was also related to increased self-renewal of
human ESC.*°

The increased efficiency in iPSC reprogramming by parnate
may be due to the inhibition of H3K4.* Interestingly, low H3K4
trimethylation may result in the lack of binding of OCT4, SOX2
and KLF4 in their target genes,* thus blocking cell reprogramming.
Parnate has also been described to induce the reprogramming of
cells derived from the post-implantation stage epiblasts (EpiSC)
back to similar state of murine embryonic stem cells (ESC)*’ in a
LIF-supplemented medium.

Small compounds that induce iPSC reprogramming - valproic
acid and sodium butyrate

The gene ontology (GO) analysis of the sr-CPI-PPI network
allows the identification of proteins related to oxidative
demethylation processes, such as the alkylation repair homologs
2 and 3 (ALKBH2-3) (Table S1, see ESIT).

ALKBH1 is a histone dioxygenase that acts specifically on
histone H2A.>® Murine ALKBH1 '~ embryonic stem cells (ESCs)
achieved a prolonged expression of the genes involved in
pluripotency maintenance, such as NANOG and OCT4, and
presented delayed differentiation.*® These changes in stem cell
markers may be due to the interaction of ALKBH1 with the
histone demethylase KDM2B, which cooperates with OCT4
in cell fate determination.*® In addition, ALKBH1 interacts
with Mrj (DNAJB6) in trophoblastic cells.*® Interestingly, Mrj
mediates gene repression by recruiting class I HDACs, blocking
cell reprogramming. However, the full role of ALKBH1 in iPSC
generation is not clear, and further investigations of the role of the
ALKBH family in cell reprogramming would be of great interest
(Table 2).

Considering HDACs as targets to be inhibited for enhanced
reprogramming, many inhibitors, including valproic acid (VPA)
and sodium butyrate (NaB), have been designed and tested
to inhibit HDACs. Valproic acid was described to enhance
reprogramming,”'® as well as NaB, a naturally occurring fatty
acid.’®*° The effects of NaB in iPSC generation appear to be
positively or negatively modulated when in combination with
histone acetyltransferase (HAT) or HDAC inhibitors. For example,
mesenchymal stem cells (MSCs) treated with C646 (a HAT
inhibitor) diminished the basal reprogramming efficiency and
the reprogramming effect of NaB.*® In the same study, it was
observed that the reprogramming capacity of NaB is enhanced
when KLF4 or ¢-MYC is absent and when the small molecule
BIX01294 (BIX), a G9a histone methyltransferase inhibitor, is
present.*’

NaB was also reported to efficiently reprogram human
skeletal fibroblasts, especially when combined with SB431542,
a small compound that inhibits activin receptor-like kinase 4/5/7
(ALK4/5/7) in feeder-free conditions.”’ NaB also showed high
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reprogramming efficiency when combined with SB431542 and a
MEK-ERK inhibitor (PD0325901).**

Considering the sr-CPI-PPI network (Fig. 1A), NaB was
found to be connected to proteins related to the apoptotic
pathway, such as BAX, BCL2 and CASP3. In this sense, NaB
induces the following: (i) the activation of CASP3 and the death-
associated protein kinase (DAPK1/2) in human gastric cancer
cells;** (i) CASP7 expression followed by underexpression of
the BCL2 and BCLX genes in prostate cancer cells;** (iii) cell
cycle arrest, CASP3 cleavage, NOTCH1 signaling and apoptosis
in rat pheochromocytoma cells;*> and (iv) CASP3 and CASP9
activity in human colon carcinoma cells.*® In addition, the
apoptotic effect of NaB in those studies indicates that its effects
are dose-dependent. NaB appears to be more efficient at low
doses to promote cell reprogramming, and appears to be more
efficient in combination with other small molecules.

Small compounds that induce iPSC reprogramming - Bayk8644

Bayk8644 (BayK) is an L-type calcium channel agonist’*®'®

that does not exert direct effects on DNA structure or induce
histone modifications; however, it seems to act at a cell
transduction level by promoting signaling cascades that result in
post-translational modifications and gene expression events.*’

When OCT4/KLF4 transduced-mouse embryonic fibroblasts
(MEFs) were treated with BayK, no visible reprogramming was
detected.”” However, the combined use of BayK with BIX led to
an increase in the number of colonies and their sizes.*
A possible biochemical mechanism that correlates with the
combined effect of BayK with BIX in inducing cell reprogramming
is CREB activation through intracellular Ca** influx, where the
CREB binding protein (CREBBP) is present in the sr-CPI-PPI
network (Fig. 1A). Interestingly, CREBBP"~) mice were unable
to maintain the self-renewal of hematopoietic stem cells (HSCs).**
Remarkably, the process of Ca** homeostasis appears to be a
significant biological process associated with the sr-CPI-PPI net-
work, indicating that further studies on proteins related to Ca**
homeostasis could be of interest in iPSC reprogramming
(Table S1, see ESIT).

Small compounds that induce iPSC reprogramming - apigenin

Another small molecule that had a high occurrence among the
clusters was apigenin (Fig. S7, S10 and S15, ESIT). Apigenin is a
natural flavone compound that induces E-cadherin expression
in MEF cells, a hallmark of reprogramming, even if these cells
were not previously transduced with reprogramming factors.*’
However, apigenin does not increase iPSC proliferation.*’
Apigenin has also been associated with an anti-apoptotic
effect on rat kidney cells by lowering the expression of TGFp.>°
Small molecules that inhibit the TGF signaling pathway (e.g.,
SB431542, RepSox, and A-83-01) are consolidated as successful
reprogramming compounds (Table 1)."*%'® The TGFp signaling
pathway is responsible for the epithelial-to-mesenchymal transi-
tion (EMT), a process that gives rise to all mesenchymal cells in
early embryogenesis.’® During iPSC generation, cells undergo
the mesenchymal-to-epithelial transition (MET), a biological
process that leads to pluripotency.”® Therefore, inhibition of
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Table 2 Potential targets to be inhibited by small molecules for enhanced reprogramming selected from hub-bottlenecks (HBs), switches (SW) and clusters present in

the sr-CPI-PPI network

Protein Function Inhibitors Notes Ref.
OH
N o
Ho Upregulated by p16. It also
E2F1 Transcription factor o downregulates AUF1. Downregulation 118 and 119
of NANOG causes E2F1 expression.
HO
OH
Tetrahydrouridine
p16 (INK4a) Cyclin-dependent ND* Inhibition of p16 causes an increase in ~ 120-122
kinase NANOG, SOX2 and OCT4 expression in
breast cancer. Suppression of the
INK4a/AFR locus also increases
reprogramming. p16 also upregulates E2F1.
CTGF Growth factor Curcumin (Table 1) Differentiates MSCs into fibroblast cells. 81, 123 and 124
== NH,
Histone /H HOT o Ny Required for proper proliferation after
DOT1L methyltransferase HsG HN differentiation but is not required for 88 and 89
HyC sohili
:3 ?\Q\NH /l\o ESC viability
SGC0946
N—NH
|
O
SP600125 Not required for embryonic stem cell
Serine/threonine- self-renewal or proliferation but is
JNK1 protein kinase GHs required for the differentiation of 125-128
N, O embryonic stem cells.
Z
07 OINTT NN Y
kcm
JNK Inhibitor VIII
H o H OH O H OH ©
~ N N OH . A
Lo . H H Found to induce electrophysiological
Vasoactive intestinal O o o PR o .
VIP entide activity in differentiating embryonic 129
pep . stem cells.
Acetyl-Pepstatin
cl
Cl -
DY
N o
QY
Cl
Calmidazolium Wnt5/calmodulin signaling pathway
CALM1 Kinase activates the dlfferent.latlon of . 130 and 131
NHCH2(CHz)4CHoNH mesenchymal progenitor cells in
0=8=0 mesenchymal stromal cells.
L) o
cl
W7
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Table 2 (continued)
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Protein Function Inhibitors Notes Ref.
OCH3
OCHg
0
N
. . e
SMAD2/3 Transcriptional Related to the induction of EMT. 51, 132 and 133
modulators X
| A\ + HCI
o
N"N
ERK2 Serine/threonine Inhibits KLF4 in mouse ESCs together 134
kinase with ERK1, promoting differentiation.
FR180204
ALKBH1/2/3 Dioxygenases ND Mouse Alkbh1~'~ ESCs showed 38
prolonged expression of pluripotency
maintenance genes and delayed
differentiation
LATS1/2 Kinases ND LATS1 and LATS2 can decrease the 52 and 54
transcriptional activity of TAZ, which
increased self-renewal in hESCs
CBT-1
N
é H;,C/
o _CHy
e Known to induce multi-drug resistance
ABCB1(MDR) P-glycoprotein Tariquid ° (MDR) through the regulation of the 74 and 76
ariquidar intracellular drug concentration.
CHy OCH,
O/Y @OC%
CHg CH;
1416
KGN1 Inhibitor of thiol ND In lung fibroblasts, KNG1 is able to 77 and 78
protease induce TGFP1 expression and cause the
cell to differentiate into a myoblast.
KGN1 is also correlated with TGFf1
secretion in adipose tissue-derived MSC
NCOA3 G-protein ND NCOA3 is essential for mouse ESC 79
pluripotency maintenance
o} SK : .
\n/ FOS protein also shows a synergistic
Nuclear effect with the NF-kB inhibitor (PDTC)
FOS (c-FOS) phosphoprotein S in mouse ESCs to promote ERK1/2 80 and 135
D609 signaling and, therefore, differentiation
FAM38A (P38IP) p38 interacting B10 (for p38a/f) (Table 1) FAMA48A is related to EMT induction 14 and 82
protein by downregulating E-cadherin during
gastrulation of mouse embryos
FOX]J3 Transcription factor ND Induces neural differentiation 83
DSCAM Immunoglobulin ND Induces neural differentiation 84
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Table 2 (continued)
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Protein Function Inhibitors Notes Ref.
S100A2 Ca”* binding ND Is a direct target of p53 during 85
protein keratinocyte differentiation
XPO4 Exportin ND Transports SMAD3 to the cytoplasm, 90

where it can play a role in the TGFf
signaling pathway
XPO1 Exportin ND Related to export proteins of the MAPK 91

% ND, not determined.

genes and proteins related to EMT, such as the SMADs and
TGF-associated proteins, is currently being pursued.

Considering that apigenin inhibits the TGFp pathway, the
EMT process could be consequently stimulated, a process
already observed in our GO analysis (Table S1, see ESI}). In
our GO analysis, we identified the presence of tafazzin (TAZ), a
protein regulated by the Hippo pathway, which influences
proliferation and apoptosis in various tissues. In the Hippo
pathway, the activation of two kinases, LATS1 and LATS2, can
decrease TAZ transcriptional activity.’> TAZ appears to induce
connective tissue growth factor (CTGF) protein expression by its
interaction with the transcription factor TEA domain family
member 1 (TEAD).>

Interestingly, a study has shown that synthesized hydrogels
made from polyacrylamide displaying glycosaminoglycans
(GAGS) increased iPSC formation by stimulating YAP/TAZ acti-
vation.>® GAGs include cell-surface polysaccharides that were
already linked to reprogramming.’*

If the main role of TAZ is in promoting self-renewal, rather
than simply inducing differentiation through CTGF expression,
small molecules that target LATSs could be of interest for stem
cell maintenance (Table 2). It is also interesting to observe that
apigenin is a potent neurogenic inducer, promoting adult
neural stem cell differentiation in mice.”>”® Similarly to NaB,
low levels of apigenin showed non-toxic effects on MSC, but in
high concentrations, apigenin enhances apoptosis in cells
treated with LPS.>”

Small compounds that induce iPSC reprogramming - SB431542

SB431542 is a potent molecule inhibitor of TGFP signaling,
acting on activin receptor-like kinase (ALK5) (TGFP type I
receptor), activin type I receptor (ALK4) and the nodal type I
receptor (ALK7).>® SB431542 has already been related to
increased reprogramming in mouse fibroblasts transduced
with the KLF4, OCT4 and ¢-MYC genes, indicating that it can
partially replace SOX2 activity by inhibiting TGFp signaling.>
SB431542 was also efficient in generating iPSCs from human
skeletal myoblasts.*' However, high doses of SB431542 can
induce the differentiation of human ESC and iPSC to neural
lineages.®%¢*

sr-CPI-PP network centrality analysis

A centrality analysis was performed in the sr-CPI-PPI, and each
node of the network was evaluated in terms of node degree,
betweenness, and closeness to establish the most topologically

family

relevant nodes (proteins/small molecules) within the network.
This type of analysis allows us to observe which proteins/small
compounds could be a relevant target for iPSC reprogramming.

In general terms, closeness analysis indicates the probability
that a protein/small molecule is relevant to other proteins/
small molecules (nodes) in a signaling network.*® In turn,
betweenness indicates the number of shortest paths that go
through each node. Thus, nodes with higher betweenness
scores, when compared to the average betweenness score of
the network, are responsible for controlling the flow of infor-
mation through the network, thus characterizing the so-called
bottleneck nodes. Finally, node degree is a measure that
indicates the number of connections that involve a specific
node. Nodes with a high node degree are called hubs®® and
have key regulatory functions in the cell. Finally, the network
was scanned for hub-bottleneck (HB) nodes, which combine
the bottleneck function (controlling the information flow
within the network) and the hub property (number of connec-
tions above the average node degree value calculated for the
network) into a scale-free biological network, the most impor-
tant nodes of which are the so-called hub-bottlenecks.®* Hence,
the most relevant node for a determined biochemical pathway
or module can be obtained and further analyzed.

In this sense, we created two centrality datasets with differ-
ent aims. First, we analyzed the sr-CPI-PPI network for HBs. We
obtained 124 HB nodes, of which 6 were small molecules
(Fig. 1B) [4-hydroxytamoxifen (OHTM), quercetin, ascorbic acid
(AC), BayK, VPA and SB431542]. Moreover, we performed a
centrality analysis to see which nodes had the highest close-
ness, betweenness and node degree scores when compared to
the average score of each of the selected properties in the
network. These nodes were given the names ‘“‘switches” (SWs)
(Fig. 1C). This last analysis differs from the HBs because it
contains the values of closeness as well. HB proteins have a
great number of connections and control the flow of informa-
tion in the network, but they do not necessarily impact the
activity of other proteins.”® Thus, the activities of proteins with
a high closeness value are more likely to impact the function of
other proteins.

In this sense, we identified 108 SWs, among which the 6
small molecules (BayK, AC, VPA, SB431542, quercetin and
OHTM) gave identical results to those observed for HBs
(Fig. 1C).

These results indicate that BayK, AC, VPA, SB431542, quercetin
and OHTM (Table 4) should be considered for the formulation of

This journal is © The Royal Society of Chemistry 2013
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a reprogramming cocktail, by taking into account the biological
processes affected by these compounds.

Potential drugs for iPSC generation when in
combination - quercetin

Little is known about the role of quercetin in stem cell
reprogramming, although it has been discussed that this small
molecule can stimulate glycolysis and enhance cell reprogram-
ming."* The use of quercetin alone has been associated with the
induction of apoptosis in cancer cells.® In addition, cancer stem
cells treated with quercetin showed a loss of self-renewal and a
loss of stem-like characteristics.®>*> Interestingly, a decreased
expression of OCT4 and NANOG was observed in head- and
neck-derived cancer stem cells.® It was also found that quercetin
inhibited proliferation and promoted the osteogenic differentia-
tion of human adipose tissue-derived stromal cells.®®

Although quercetin was previously discussed as a repro-
gramming agent in only one work,” and in the sr-CPI-PPI
network, it is present in 3/16 clusters (Fig. S2, S3 and S12, see
ESIT) with high centrality values, the use of quercetin combined
with other reprogramming molecules has not been described
until now.

Potential drugs for iPSC generation when in combination -
ascorbic acid (vitamin C)

It was described that ascorbic acid (AC) itself appears to greatly
enhance reprogramming in MEFs.®” AC is a naturally occurring
anti-oxidant, and during MEF reprogramming (previously
transfected with Sox2, Oct4 and Klf4), a lowering in reactive
oxygen species (ROS) formation and the promotion of OCT4-
GFP" colonies were observed.®” ROS formation can lead to cell
senescence during reprogramming and constitutes one of the
“reprogramming barriers” that should be overcome during
iPSC generation. AC also increased the OCT4-GFP' colonies
more efficiently than VPA;®” the authors also describe that VPA
and AC act via different mechanisms and have a synergistic
effect on increasing OCT4-GFP" colonies. Moreover, AC can
promote DNA demethylation and enhance reprogramming in
human ESC.°® The mechanisms underlying the role of AC in
reprogramming have already been reviewed.®

Although the role of AC in enhancing reprogramming does
not depend only on its anti-oxidative properties,’”” ROS for-
mation can lead to precise cell senescence in iPSC generation,
and anti-oxidant enzymes should be taken into account to
enhance cell reprogramming. In this sense, responses to oxi-
dative stress and senescence processes were observed in the GO
analysis of the sr-CPI-PPI network (Fig. 1A) (Table S1, see ESIT).
In addition, it was observed that MAP2K1 (MEK1) connects
both oxidative stress and senescence processes.

MEK/ERK inhibitors (e.g., PD184352, PD0325901, and pluripotin)
and FGF inhibitors (PD173074 and SU5402) are also commonly
used molecules for iPSC reprogramming that are known to inhibit
the mitogen-activated protein kinases (MAPK), the extracellular
signal-regulated kinases (ERK) and fibroblast growth factor
signaling pathways, thus promoting the differentiation of
embryonic stem cells.***

View Article Online

In this sense, PD0325901 is efficient in inducing reprogram-
ming;* the addition of this drug together with AC may be beneficial
for cellular reprogramming. PD0325901 is present in only 2 clusters
of the sr-CPI-PPI network (Fig. S12 and S13, see ESIf), but when
closeness analysis was performed alone, it appeared as one of the
molecules with above average closeness, together with nabumetone
(Table 1) and apigenin (Table 4), indicating that it has a strong
action in influencing the activity of other nodes.

Potential drugs for iPSC generation when in combination -
4-hydroxytamoxifen (OHTM)

Another interesting small molecule found in the HB and SW
results was 4-hydroxytamoxifen (OHTM) (Fig. 1B and C). There
is only one study that shows the role of OHTM in cell repro-
gramming."® However, the results are particularly promising.
MEFs transfected with OCT4, KLF4 and c-MYC were treated
with OHTM and showed high reprogramming efficiency,
indicating that OHTM can replace SOX2 activity through an
unknown mechanism."® The same authors also observed that
OHTM can stimulate endogenous SOX2 mRNA expression.
OHTM is used in chemotherapy for breast cancer treatment
by blocking the estrogen receptor (ER) via its metabolites, but
the authors did not observe ER expression in MEFs." In our GO
analysis, we found the response to estrogen stimulus among
the bioprocess listed (Table S1, see ESIf). Although ER is not
expressed in MEFs, it is expressed in a broad range of somatic
tissues [www.genecards.org]; thus, the use of OHTM should not
be discarded. In the GO analysis, we also observed that featuring
among the proteins in the response to estrogen stimulus are
many TGFs (TGFBR1, TGFB3, TGFB1). It is possible that OHTM
could regulate reprogramming through its role in TGF signaling.

Potential drugs for iPSC generation when in
combination - valproic acid and lithium

VPA is widely used in stem cell reprogramming”*° and can
enhance reprogramming in primary human fibroblasts trans-
fected with OCT4, KLF4 and SOX2, as well as those transfected
with only OCT4 and SOX2.”° Interestingly, VPA is applied as an
anti-psychotic drug like lithium. Lithium is used as an anti-
psychotic drug,”" and an interesting study showed that VPA
together with lithium can delay the differentiation and increase
the self-renewal capacity of mice HSCs.”” In addition, it was
observed that lithium alone can enhance reprogramming in
MEFs, but not cell proliferation.”* The authors also report that
lithium doubled the reprogramming efficiency in OCT4-infected
human umbilical vein endothelial cells that were treated with the
small molecules A83-1 (present in our CPI-PPI network), NaB, PS48,
CHIR99021 and PD0325901. Lithium has also been reported to be a
GSK3B inhibitor,” indicating its potential role in reprogramming.
Thus, the use of lithium in reprogramming cocktails appears to be
promising due to its synergistic effect with other drugs.

Potential drugs for iPSC generation when in combination -
ABCBI inhibitors and bradykinin

In the HB and SW networks (Fig. 1B and C), we observed the
ATP-binding cassette, sub-family B, member 1 (MDR/ABCB1)
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and bradykinin (KNG1), an inhibitor of thiol proteases.
Remarkably, the ATP-binding cassette (ABC) family is known
to induce multi-drug resistance (MDR) through the regulation
of intracellular drug concentrations.”* ABCB1 is reported to
detoxify antitumoral drugs from tumoral cells, including HDAC
inhibitors.”*

The inhibition of ABCB1 protein by small compounds, such
as CBT-1 and tariquidar, is related to a lower efflux of anti-
tumoral drugs.”* Interestingly, aggressive tumors and embryo-
nic cells share many similarities concerning their proliferative
capacity and the expression of genes related to pluripotency
maintenance, and many pathways appear to converge between
the two cell types.””> Thus, the inhibition of ABCB1 (Table 2)
could be important in overcoming the multi-drug resistance
that could be created by the combined use of small molecules
in reprogramming.

Despite the beneficial effect of inhibiting ABCB1 proteins to
lower multi-drug resistance, ABCB1 is also associated with
important processes related to cell survival, such as the activa-
tion of anti-apoptotic pathways and DNA repair.”® However,
another drug named 1416 displayed a successful inhibitory
effect on ABCB1 proteins, blocking the drug efflux but not
ABCB1 gene expression.”® ABCB1 is expressed in a broad range
of somatic tissues [http://www.genecards.org], and the role of
its inhibition in iPSC generation is promising and has not yet
been explored.

KNG1 is a member of the kinin peptide family and partici-
pates in various biological processes, such as inflammation,
muscle contraction and vasodilatation.”” In lung fibroblasts,
KNG1 is able to induce TGFB1 expression and cause the cell to
differentiate into a myoblast.”® Interestingly, KGN1 is also

View Article Online

correlated with TGFB1 secretion in adipose tissue-derived
MSCs.””

Moreover, we also conducted a careful search in the literature
for each of the HBs, SWs and the proteins in each cluster to
understand their probable roles in stem cell physiology and
reprogramming. We selected the more relevant targets plus the
ones already discussed in this work and divided them into protein/
genes “to be inhibited” and protein/genes “to be expressed”
(Table 2 and Table 3), respectively. We also summarized our
topological results for the main small molecules (Table 4). The
further discussed targets that were observed in the interference
analysis are also included in Table 2. Due to the fact that some
proteins have more specific roles in stem cell differentiation (e.g.,
differentiation into bone tissues or neurogenic potential), we
generated another dataset, containing targets to be inhibited in
different types of somatic tissue for more specific reprogramming
(Table S2, see ESIf).

sr-CPI-PP network merged data

Our systems chemo-biology data discussed so far seem to
indicate that those four molecules (BayK, OHTM, quercetin, and
SB431542) are the most influential drugs in the reprogramming
network. Therefore, we merged the four small molecule networks
(Fig. 2) to see what common mechanisms they may share. The
merged network, termed the BOQS-network (Fig. 2A), displayed 41
HBs (Fig. 2B).

Both SB431542 and OHTM share the nuclear co-activator 3
(NCOA3). Consistent with the importance of HBs in our analysis,
a recent study showed that NCOA3 is essential for maintaining
mouse ESC pluripotency through binding to the Nanog (but not
OCT4 or SOX2) promoter, which increases the levels of histone

Table 3 Potential targets to be expressed or used for enhanced reprogramming, selected from the hub-bottlenecks (HBs), switches (SW) and clusters present in the

sr-CPI-PPI network

Protein Function Notes

Ref.

AUF1 (HNRNPD) Nuclear ribonucleoprotein

AUF1 is downregulated by p16 when p16 induces E2F1 (see Table 2) 118

IL6 Cytokine Supplementation of serum-free medium with IL6 and IL6R chimera (IL6RIL6) was 136-138
related to increased pluripotent state in ESCs. IL6 also induces the expression of
STAT3, which was expressed in equine iPSCs in the absence of c-MYC

CDK4 Cyclin dependent kinase Is expressed by LIN28, which also appears to promote CDK4 translation 139

BIRCS5 (Survivin) Inhibitor of apoptosis Involved in murine ESC survival. Is induced by OCT4 140

PARP1 Poly(ADP-ribose) polymerase PARP1 expression causes an increase in SOX2 expression by inhibiting FGF4 141

CDK2 Cyclin dependent kinase Involved in the maintenance and survival of pluripotent stem cells 142 and 143

NOV Insulin-like growth factor Involved in the regulation of the undifferentiated state of human HSCs 144

Table 4 Small molecules that showed the most preeminent topological results in our sr-CPI-PPI network

Closeness versus Clustering
Small molecules SW HB Closeness betweenness occurrence Pathway affected
Parnate No No No No 5/14 Methylation and MAO
Sodium butyrate (NaB) No No No Yes 5/14 Histone modification
Bayk8644 (BayK) Yes Yes No No 5/14 Calcium signaling
Apigenin No No Yes No 4/14 E-cadherin
SB431542 Yes Yes No No 4/14 TGF
4-Hydroxytamoxifen (OHTM) Yes Yes No No 3/14 COX2
Quercetin Yes Yes No No 3/14 Glycolytic pathway
Ascorbic acid (AC) Yes Yes No No 2/14 DNA methylation

and antioxidant

Valproic acid (VPA) Yes Yes No No 2/14 HDAC

This journal is © The Royal Society of Chemistry 2013
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Paper Molecular BioSystems

quercetin

SB431542

Fig. 2 BOQS (BayK, OHTM, Quercetin and SB431542) network merged data. (A) Red bordered nodes (Bayk8644); green nodes (Quercetin); diamond shaped nodes
(4-hydroxytamoxifen); and large nodes (SB431542). The merged network is composed of 339 nodes and 2901 edges. (B) HBs related to the merged networks.

acetylation and histone arginine methylation by recruiting CBP and  upregulates the differentiation markers, such as NESTIN (ectoderm),
CARM1.”” The same authors also showed that the downregulation ~SOX77 (endoderm), HAND1, NKX2.5 and T (mesoderm), and Cdx2
of NCOA3 impairs SOX2, OCT4 and NANOG expression and (trophectoderm).”” The action of NCOA3 seems to be dependent on
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LIF activity; however, the combined use of PD0325901 and
CHIR99021 appears to upregulate Ncoa3 expression, even in
the presence of LIF.”®

In addition to NCOA3, FOS and JUN proteins were found to
be present in three simultaneous subnetworks (Fig. 2A). Differ-
entiation was shown to be promoted in mouse ESC when NF-xB
proteins were inhibited by pyrrolidine dithiocarbamate (PDTC),
promoting ERK1/2 signaling and, therefore, differentiation.*’
In this situation, the authors described that FOS protein was
also present. This relation suggests that the presence of FOS and the
inhibition of NF-«B are inadequate for cellular reprogramming. This
result is consistent with a report that indicated that the NF-xB
pathway may be required to enhance reprogramming,®" whereas
Toll-like receptor 3 (TLR3) is required for the induction of pluripo-
tency genes by altering their chromatin structure to a more open
state near the promoters of OCT4 and SOX2. The same authors also
discuss that any of the five classes of pathogen recognition receptors
have been shown to signal in ways similar to TLR3, where TLR3 may
engage NF-«kB by TRIF, when the latest is induced by retroviral RNA
or mRNA. Unfortunately, the roles of FOS (Table 2) and JUN proteins
in iPSC reprogramming are not clear.

Another protein that featured among the HBs is FAM48A
(P38IP) (Table 2) that is connected to OHTM (Fig. 1B). Remark-
ably, FAM48A is related to EMT induction by downregulating
E-cadherin during the gastrulation of mouse embryos.*

Consistent with our results, the inhibition of p38 by p38a
and the p38p inhibitor (named B10) enhanced the reprogramming
capacity of MEFs."* The authors also describe that B10 has
synergistic effects when combined with the inhibitors of IP3K
(B8), the aurora kinase inhibitor (B6) and the activin receptor-like
kinase 4 and p38 MAPKo inhibitor (B4). AURKA and AURKB are
present in the sr-CPI-PPI network (Fig. 1A). It is interesting to
highlight that, in the same study, AURKA was shown to enhance
the AKT1-mediated inhibition of GSK3B. AKT1 is present in the HB
from the BQOS-network (Fig. 2B).

Another important protein target is prostaglandin synthase
2 (PTGS2/COX2), a HB protein present in the BOQS-network
(Fig. 2B). Nabumetone is a non-steroidal anti-inflammatory
drug (NSAID) inhibitor of COX2, which has been previously
reported to greatly enhance the reprogramming of MEFs expres-
sing OCT4, SOX2 and KLF4, suggesting that it can replace c-MYC
function."” The authors also showed that nabumetone efficiently
substitutes for SOX2 function during the reprogramming of MEFs.
However, COX1 inhibitors, such as indomethacin, did not display
any significant improvement in reprogramming efficiency.” The
authors report that Celecoxib and NS-398, both COX2 selective
inhibitors, showed similar effects on iPSC generation. Given the
role of COX2 inhibition in iPSC generation, it would be interesting
to see if other NSAIDs that target COX2 could also affect repro-
gramming, such as Diclofenac (which selectivity targets COX2).

Interference analysis of the sr-CPI-PPI network

To identify new potential targets to be inhibited for more
successful reprogramming, we developed individual networks
for each transcription factor (Fig. S16, see ESIf) and used
the program Interference to produce virtual knockout events.

View Article Online

The betweenness centrality index was chosen to be recalculated
after each node deletion. In this sense, there are two types of
interference: (i) positive interference (—n), which means that
the absence of a given node decreases the centrality value of the
target node. Thus, the betweenness score for target nodes is
affected by the absence of the given node; and (ii) negative
interference (n), which indicates that the knockout of a given
node increases the centrality value of the target node [http://
www.cbme.it/~scardonig/interference/Interference.php]. Thus,
the interference is positive for a target node when a given node
is not present.

We focused on the scores of negative interference because
those values indicate proteins that could downregulate the
pluripotency-associated factors and could, therefore, be inhibited
by small molecules.

Interestingly, among the proteins that interfered with OCT4
(Table S3, see ESIT), we found FOX]J3, a member of the forkhead
transcription factors.** FOXJ3 is expressed during embryogenesis
during neural tube development and throughout the neuro-
ectoderm.®® It could be interesting to understand the role of FOXJ3
during the reprogramming of neural cells. Additionally, another
protein, the immunoglobulin DSCAM, is also related to neural
development® and has been found to interfere with OCT4 (Table
S3, see ESIT). Moreover, we also identified the calcium binding
protein S100A2 (Table S3, see ESIT). Remarkably, S100A2 appears
to be a direct transcriptional target of p53 during keratinocyte
differentiation.*® Because p53 inhibition is already correlated with
successful reprogramming,®® S100A2 could play an important role
in iPSC generation.

To corroborate the importance and the potential application
of the interference analysis in identifying prospective new
targets in a PPI network, one of the proteins that showed high
interference (58%) (Table S3, see ESIf) with OCT4 was the
chicken ovalbumin upstream promoter transcription factor 2
(NR2F2, also known as COUP-TFII). COUP-TFII is already
correlated with increased reprogramming because NR2F2
is inhibited by mir-302, a micro-RNA involved in inducing
endogenous OCT4 expression and promoting embryonic self-
renewal and pluripotency.?” Furthermore, a study has shown
that the absence of DOT1L, a histone methyltransferase, is
related to impaired proliferation in mouse ESCs right after
differentiation; however, it is not required for ESC viability.*®
Because DNA methylation inhibitors, such as 5’-azaC, and
other compounds that change the methylation status, such as
AC, are already employed for iPSC generation, the use of small
molecules that can promote the inhibition of DOT1L, such as
SGC0946 * (Table 2), could be of interest.

Finally, the proteins that caused negative interference in the
SOX2 network were both exportins (XPO1 and XPO4) (Table 2
and Table S3, see ESIf). Although these proteins were not
correlated with reprogramming or inducing pluripotency,
XPO4 has been described to export SMAD3 to the cytoplasm,
where SMAD3 can play a role in the TGFp signaling pathway.*°
This finding is interesting because both SMADs and the TGF
signaling pathway are related to the EMT process and should be
inhibited for successful reprogramming. Moreover, XPO1 has

This journal is © The Royal Society of Chemistry 2013
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been described to export proteins of the MAPK family,”* which are
also related to blocking reprogramming. The evaluation of XPO4 or
XPO1 inhibitors might be of interest for iPSC generation.

Conclusions

Using chemo-systems biology tools, we generated PPI and CPI
networks and applied clustering, centrality and GO analysis to
provide insights into what could be the best “reprogramming
cocktails” for use in cell reprogramming. However, it is known
that some small molecules, such as PD0325901, VPA, SB431542,
CHIR99021, and others, which were not present in our networks
due to the lack of data in the STITCH database (e.g., RepSox and
Pluripotin), can induce successful reprogramming in all cases
studied so far. Nevertheless, identifying prospective new possible
combinations is necessary for continuing progress in this field.
Our centrality data combined with the merged data of the
CPI-PPI networks highlighted small molecules (BayK, SB431542,
quercetin and OHTM) that might have more synergistic effects when
used together because they appear to have wide topological roles.
Moreover, finding new targets to enhance cell reprogramming
is also a difficult task in the field. Our centrality, interference and
clustering data listed potential targets to be inhibited or expressed
during reprogramming, and their inhibition by the described drugs
or other methods should be explored. These proteins, such as
XPO4, XPO1, DOT1L, E2F, ABCB1, and p16, appear to be promising
targets to enhance the self-renewal and pluripotency of iPSCs.
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Capitulo de Livro: Biologia de Sistemas

"Pensar a complexidade - esse é o maior
desafio do pensamento contemporaneo, que
necessita de uma reforma no nosso modo
de pensar."”

Edgar Morin & Jean-Louis Le Moigne
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consiste em reduzir o todo a
suas partes componentes. Por |
exemplo, entendemos o]
funcionamento de um organismo
como fruto da acdo de Orgdos.
Estes por sua vez, séo gﬁ
compostos por tecidos, que sdo
compostos por células. As
células tém como componentes moléculas
que, por fim, sdo compostas por &tomos.

Esta abordagem, especialmente
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Bruno César Feltes
Fernanda Rabaioli da Silva
Diego Bonatto

importante e difundida na area bioldgica, é
fruto das idéias introduzidas pelo filésofo
René Descartes em meados do século XVII,
indicando que cada problema encontrado
deve ser dividido em tantas pequenas partes
quanto for necessario para resolvé-lo de
maneira mais parcimoniosa.

E neste contexto que emerge a divisdo
disciplinar no estudo da natureza. Desde os
tempos da escola até a universidade, o
conhecimento a ser ensinado manifesta-se na
separacdo das disciplinas. Por exemplo, no
meio académico observamos a biologia
compartimentada em boténica, zoologia,
ecologia, genética, biologia celular e essas,
por sua vez, subdivididas em outras areas.
Como aspecto positivo, o estudo das partes
forma especialistas e divide o trabalho,
facilitando o entendimento de suas partes
componentes. Contudo, neste
processo tem-se uma reducao
da complexidade caracteristica
" dos fenbmenos naturais, 0 que
" pode comprometer nossa

capacidade de entendé-los.
De fato, a complexidade é
inerente a biologia, ao

funcionamento do NoOSSso
organismo e a natureza. Ha a
necessidade, assim, da

construgdo de uma abordagem
gue inclua esta complexidade, de
forma sistémica; que interligue
as diversas interagfes presentes
e que, ao confronta-las, consiga encontrar
relagbes mais informativas e completas.

A partir desta premissa, emergem na
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7. Biologia de Sistemas

década de 50 as primeiras concepcdes sobre
a Biologia de Sistemas (BS). Essa area,
pautada nos conceitos de sistema e de
complexidade, envolve um estudo sistematico
de interacbes em um sistema bioldgico.

O conceito de sistema € entendido
como um conjunto de partes ou elementos
que possuem relagbes entre si, relagbes
estas que diferem-se daquelas realizadas
com outros elementos, fora do sistema. J4 a
idéia de complexidade é definida como a
condicdo de elementos de um sistema e a
relacdo entre esses elementos em um
determinado momento.

Um sistema complexo, por
conseguinte, € um sistema composto de
partes interconectadas que, como um todo,
exibe uma ou mais propriedades que néo
seriam observadas a partir das propriedades
dos componentes individuais, possibilitando
assim a observacdo de novos fenémenos.
Portanto, a BS é um campo que investiga as
interagbes entre o0os componentes de um
sistema biolégico, buscando contribuir no
entendimento de como estas interagbes
influenciam a funcdo e o comportamento do
sistema.

A busca da compreensao da biologia
em nivel de sistema é um tema recorrente na
comunidade cientifica. Norbert Wiener, em
1948, foi um dos proponentes da abordagem
sistematica que levou ao nascimento da
cibernética, ou biocibernética, consolidada
com o0s estudos do meédico neurologista,
William Ross Ashby (1903-1972). A partir de
1959, Robert Rosen, sob orientagdo do
professor Nicolas Rashevsky, prop6s uma
metodologia baseada na “biologia relacional”,
onde o mais importante na biologia era o
estudo da vida em si. Apos 20 anos, Ludwig
von Bertalanffy (1901-1972) criou a teoria
geral dos sistemas, tornando-se o precursor
da BS. Em 1966 foi formalizado o estudo da
BS, com o langcamento da disciplina “Teoria e
Biologia de Sistemas” pelo tedrico de
sistemas Mihajlo Mesarovic (1928).

A partir do trabalho destes
pesquisdores, a teoria geral dos sistemas
pode ser definida como a area que estuda a

organizagdo  abstrata de  fendmenos,
investigando todos o0s principios comuns a
todas as entidades complexas (ndo somente
biol6gicas) e os modelos que podem ser
utilizados para a sua descrigéo.

Com o avanco da biologia molecular nas
décadas que se seguiram, juntamente com o
nascimento da gendmica funcional, grandes
guantidades de dados tornaram-se
disponiveis e o0s bancos de dados e
ferramentas de andlise adaptaram-se ao
volume crescente de informagdes, permitindo
construir modelos mais amplos, capazes de
lidar com aspectos e fendmenos inacessiveis
até entdo. Assim em 2000, quando o Instituto
de Biologia de Sistemas foi fundado, a biologia
de sistemas emergiu como um campo
proprio, estimulado pelo aumento de dados
“Omicos” e pelos avancos da parte
experimental e da bioinformética visando o
entendimento sistematico da biologia. Desde
entdo, grupos de pesquisas dedicados a BS
tém sido formados em todo o mundo.

Para tal, a BS depende de ferramentas
interdisciplinares para obter, integrar e
analisar diversos tipos dados, exemplificados
na Tabela 1. Essa abordagem requer novas
técnicas de analise, ferramentas de
informatica, métodos experimentais e uma
nova postura metodoldgica, articulando
partes normalmente estudadas separada-
mente.

2. Biologia de Sistemas

Em suas analises, a BS relaciona partes
individuais de um sistema como
representacdes gréaficas de conjuntos de nos
ou vértices (V), conectados entre si por
conectores ou arestas (E, do inglés edge). Os
nés podem representar individuos, proteinas
ou mesmo lugares, enquanto que o0s
conectores representam a conexao que esté
presente entre cada par de nés. Esta
representacao grafica € denominada de rede.

Muitos exemplos de rede podem ser
citados, como redes de cadeia alimentar, am-
plamente aplicadas na ecologia, redes neurais
e de interagdo protéica usadas na biologia e
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7. Biologia de Sistemas

Tabela 1: Ferramentas utilizadas no estudo da BS.

Bioinformatica
Genbmica
Transcriptébmica
Protebmica
Interatébmica

Interferédmica/
microRNOomica

Epigendmica
Metabolbmica
Fluxémica
Bidbmica
Glicbmica
Farmacogendmica
Nutrigendmica

Toxicogendmica

Imundmica

Area Tipo de analise

Funcdes bioldgicas por meio de ferramentas da informatica
Sequéncias de DNA
Transcritos
Proteinas
Interagdes protéicas

RNAI/miRNA

Modificacbes na cromatina e no DNA
Metabolitos
Alteracdes dindmicas de moléculas dentro de uma célula ao longo do tempo
Bioma
Totalidade de carboidratos
Genes que definem o comportamento da droga
Relacéo entre a dieta e os genes individuais

Estrutura e atividade do genoma e os efeitos biolégicos adversos na
exposicao a xenobioticos

Funcdo molecular associada aos transcritos de RNAm relacionados a

ciéncias médicas, além da propria World Wide
Web, que representa uma das maiores redes
funcionais no mundo da comunicacao e infor-
matica.

A analise matematica de redes €
denominada de teoria de grafos, e consiste
em um dos principais objetos de estudo da
matematica discreta. Desta forma, o termo
“rede” representa as interagfes funcionais de
um sistema, enquanto que o termo “grafo”
enfatiza as analises matematicas deste
sistema. Neste capitulo, contudo, usaremos
ambos o0s termos como sinénimos.

Historicamente, a teoria de grafos foi
desenvolvida em 1736 pelo matematico suico
Leonard Euler na resolugéo do problema das
sete pontes de Konigsberg, atualmente
conhecida como Kaliningrado, na Russia. A
cidade de Konigsberg é atravessada pelo Rio
Pregel e consiste de duas grandes ilhas que

157

resposta imune

eram conectadas entre si e com as margens
opostas por sete pontes (Figura 1A). O
problema apresentado a Euler consistia em
descobrir como caminhar pela cidade
atravessando cada ponte apenas uma vez. A
técnica desenvolvida pelo mateméatico suico
foi adaptar o mapa de Konigsberg,
transformando as margens e ilhas em nés e
as pontes em conectores (Figura 1B). Euler
submeteu a rede que desenvolveu a analises
matematicas, porém ndo encontrou solugéo
para o problema. Contudo, a metodologia de
analise de Euler foi um marco histérico na
analise de problemas combinatdérios, aléem de
estabelecer o conceito de topologia que é
usado em BS (ver adiante).

O emprego da teoria de grafos e suas
aplicacbes tém apresentado um crescimento
explosivo devido a sua multidisciplinaridade e
ao seu conceito de modelo que permite
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C

Figura 1. (A) Representacdo parcial do mapa
de Konigsberg e suas setes pontes. (B)
llustracéo da rede desenvolvida por Euler.

estudar um  objeto  especifico sem
negligenciar o0 meio em que este objeto se
encontra. Por exemplo, € possivel estudar
determinado  farmaco considerando a
atividade que diversos compostos e enzimas
poderiam exercer sobre ele. Nesses estudos
pode-se construir uma rede onde 0s nos
representam compostos e enzimas e 0sS
conectores representam se ha ou nédo relacédo
entre eles, permitindo analisar:
I) a conectividade dos compostos ou
enzimas, ou seja, que tipo de relacdo
duas moléculas aleatdrias podem
apresentar na rede;
i) a centralidade, que caracteriza as
moléculas que apresentam maior
influéncia sob a acdo do farmaco em
guestao.

Conceitos basicos de grafos

Considerando-se a estreita relagéao
entre a BS e a teoria de grafos, alguns
conceitos matematicos podem nos ajudar a
entender e empregar esta area do
conhecimento com maior dominio e
propriedade. Assim, prosseguiremos com
uma breve introdugéo sobre teoria de grafos
e estrutura de rede, apresentando alguns
descritores matematicos frequentemente
empregados em BS.

Uma rede (ou grafo) G = (V, E)
representa uma combinagcdo de nds (V) e
conectores (E) que ligam os ndés. Em uma
rede, o conjunto de seus nos é denotado por
V(G), enquanto o conjunto de seus conectores
por E(G). Dessa forma, o niumero total de nés
em G é representado por n, e 0 numero total
de conectores é representado por m:

n(G) = [V(G)| e m(G) = |E(G)|

Adicionalmente, conforme apresentado
na Figura 2A, um conector E deve apresentar

A

Figura 2: Em (A) a representacédo da interacao
de dois nés vizinhos (V = a, b) conectados
pelo conector E(a, b). Em (B) a rede pode ser
descrito como V = {a, b, ¢, d, e} e E = {ab, bc,
cd,de},comn=5(Bnésde aae)em=4(4
conectores de la 4).
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Proteina

Proteassoma

Peptideos

Figura 3: (A) Rede direta; (B) Representacgéo da via de degradacgéo ubiquitina-proteassoma, um
dos inumeros tipos de rede direcionadas encontradas em sistemas biol6gicos.

suas extremidades ligadas aos nés ae b (a
Veb V), sendo chamado eab, E(a, b) ou
apenas ab. Este conector pode ser
representado da seguinte forma:

E={(@ab)lab V}
As redes podem apresentar conectores

diretos, ou seja, um conector orientado em
determinada direcdo (exemplo a-b, b-c),

ou digrafos (Figura 3A). Nos conectores E =
(a, b) e E = (b, ¢c), podemos dizer que a é
antecessor a b, e b é antecessor a c. Da
mesma forma, b é sucessor de a e ¢ €
sucessor de b. Um digrafo é definido por G =
(V, E, f), sendo f uma funcédo que associa cada
elemento E a um par ordenado de nés em V.
Uma rede representando os mecanismos de
degradacdo ubiquitina-proteassoma de uma
determinada proteina pode ser um exemplo

sendo assim chamadas de redes direcionadas de rede direta apdés 0 reconhecimento da

A
B
Adenosina monofosfato
HoN
=N
0 E \ /) Adenosina difosfato
p N HN
HO—-P—-0O N 2
o o : N
) Adenosina trifosfato
owon 9 9 L My
HO-P-0-P-0 NN S Hg
& ko = =
N
o o o Y
OHOH  Ho-P-0-P-0-P- N
| | | o
o
OHOH

Figura 4: (A) Rede nédo direcionada; (B) Reacdo reversa de fosforilacdo e desfosforilacdo de
adenosina difosfato, representando um exemplo de redes ndo direcionadas em sistemas
bioldgicos.
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7. Biologia de Sistemas

proteina ubiquitinada por proteassomas, uma
vez que ndo é possivel reverter a degradacao
da proteina (Figura 3B).

Podem também existir redes né&o
direcionadas (Figura 4A), que apresentam
conectores orientados em ambas as direcdes
(@ob, beoc), ndo sendo possivel assim
estabelecer antecessor ou sucessor. Um
exemplo tipico seria a reacdo reversivel de
um substrato A para um substrato B em uma
via metabdlica como, por exemplo, a
formacéo de diferentes moléculas
fosforiladas de adenosina conforme a reagéo
AMP — ADP - ATP (Figura 4B).

Em alguns casos, podem existir dois ou
mais conectores que ligam os mesmos nés
na rede. Esse tipo de interagdo é chamado
multiconector, onde diferentes informacoes
sdo representadas por cada conector,
caracterizando assim um multidigrafo (Figura

Figura 5: Multidigrafo G = (V, E), onde V = {a, b,
c,d} e E={ab, ac, ca, cb, cd}.

Observa-se, assim, que as redes apresentam
interacdes entre 0s nos e que essas interagdes sdo
delimitadas pelos conectores. Portanto, se E = (a, b),
logo os nés a e b sdo vizinhos ou adjacentes, e E(a, b) é
incidente aos nos a e b, lembrando que E(a, b) se refe-
re ao conector.

Uma das formas de representar e descrever
tais interacOes entre os nés de uma determinada rede
envolve o uso de matrizes. Assim, se considerarmos
uma rede G contendo os nos v,, ... v, a matriz que
descreve os elementos adjacentes em G é dada por:

1seviv; € E(G)
= { 0 se 1‘11‘; g E(G)

As tabelas representadas na Figura 6 sdo um

mecanismo visual para compreender como a matriz de

uma rede ¢é elaborada, tanto para redes nao
direcionadas (Figura 6A) quanto direcionadas (Figura
6B).

Para as redes ndo direcionada (Figura 6A) e
direcionada (Figura 6B), as matrizes sé@o representadas

abaixo:
0 0 00 01 0 0
0 0 0 O 1.0 1 0
M=1100 M=0 10 1
0010 0 010

Rede direcionada Rede ndo direcionada

Ao analisarmos uma matriz devemos considerar
cada n6 como uma coluna e uma linha distinta. Na
analise da primeira matriz iremos interpor o né
representado na linha 1 (n6 a) com o né representado
na coluna 1 (n6 a) da mesma forma que as tabelas
representadas na Figura 6, e como néo hé interacao de
a com a, nos referimos como 0. Da mesma forma, se
consideramos a linha 1 (n6 a) e a coluna 2 (n6 b), ha
conexdo, sendo representado por 1. Perceba que as
matrizes sdo diferentes na rede direcionada e né&o

A Rede néao direcionada
o e NOS| a | b | ¢ | d
a 0 1 0 0
° b 1 0 1 0
c 0 1 0 1
a d 0 0 1 0

B Rede direcionada

° o NOS| a | b | ¢ | d
a 0 0 0 0
e b 0 0 0 0
c 1 1 0 0
d 0 0 1 0

Figura 6: (A) Rede ndo direcionada G = (V, E),
onde V={a, b, c d} eE={ab, bc, cd} ou E =
{ba, cb, dc}, representados também na tabela
pelo nimero 1, que indica a presenca de um
conector entre dois nés, exemplo E = {ab, ba}
= 1. A auséncia do conector entre dois nés €
representada por O. (B) Rede direcionada G =
(V, E), onde V = {a, b, ¢, d} e E = {ca, cb, dc}.
Neste caso, a tabela de interacbes muda
devido ao direcionamento das conexdes, por
exemplo E = {ca} =1, mas E ={ac} =0.
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direcionada devido a atribuicio de uma conexao
direcionada. Na matriz direcionada, tanto b esta
conectado a ¢ quanto ¢ esta conectado a b. Contudo, na
matriz ndo direcionada, somente c esta conectado a b.
Também podemos definir uma rede como completa
se E(G) = V(G)®, isto é, se dois nbés selecionados
aleatoriamente na rede G s&o adjacentes. Assim, uma
rede completa tem n nés e é representada por K,
sendo o numero de conectores em K. representado
n
por(z).

O conjunto de nds e conectores de uma
rede pode ser apresentado em uma
representacdo mais complexa e informativa,
agregando pesos (atributos) associados aos
nés e conectores (Figura 7). Redes que
apresentam nos e conectores com atributos
sdo chamadas de redes ponderadas (G, w),
onde G = (V, E) ew =V, E-R, sendo R o
conjunto dos numeros reais e W
correspondente a fungdo atributo. Por
exemplo, pode-se representar uma rede
neural onde o atributo indica a distancia que
um sinal neural deve percorrer em relacéo ao
local de origem. Assim, se P é uma trajetoria

Figura 7: Representagdo de uma rede
ponderada descrevendo: i) diferentes tipos de
nés,onde cada cor representa diferentes
familias de proteinas (por exemplo, os nés
verdes representam serina/treonina cinases,
nés azuis representam cinases dependentes
de ciclinas e ndés laranja representam as
tirosina cinases); ii) diferentes tamanhos de
nés, com atributo w(a), representando o
namero de artigos w que citam a proteina a; e
iii) a espessura do conector y, representando
a fidelidade w da interagcdo entre duas
proteinas distintas.

na rede, w(P) é considerada a extensdo de P.
Redes ponderadas sdo amplamente usadas
na bioinformatica, onde , ,(a, b) pode
representar a quantidade e a fidelidade de
informagbes armazenadas em bancos de
dados a respeito da interacdo entre a e b
(Figura 7).

Também podemos nos referir a uma
rede como bipartida (Figura 8) onde, em G =
(V, E), V pode ser dividido em V, e V. Assim,
cada n6 de V, € adjacente aos vertices de V.
Desta forma, se consideramos E (a, Db)
significaque a V,, enquantoqueb V,oua
V,eb V. Aaplicacéo de redes bipartidas na
modelagem de redes biolégicas pode ser vista
em Vvarios contextos, desde a anélise de
genotipos e SNPs (single-nucleotide
polymorphism) em diferentes populacdes até
a representacdo de conexdes ecoldgicas e
reacoes enzimaticas em vias metabolicas.

O modelo de redes visto até agora, na
gual um conector se liga a dois nés, apesar de
amplamente utilizado na avaliagdo da
conectividade de redes bioldgicas, pode ser

C}

O

E. coli 7181 E. coli C3888

Figura 8: Representacdo de uma rede
bipartida, onde o ndés cinzas e brancos
representam diferentes grupos de uma
andlise. Por exemplo, cada grupo pode
representar duas linhagens diferentes de E.
coli. Para avaliar a eficiéncia de
transformacgéo das linhagens, estas foram
divididas em quatro amostras (representadas
pelos nds) e cada amostra foi incubada com
diferentes plasmideos. Os conectores
apresentam os plasmideos que obtiveram
sucesso na transformacdo e sdao comuns
entre as duas linhagens.
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7. Biologia de Sistemas

uma representacao simplista quando se trata
de redes metabdlicas. A organizacao biologica
gue caracteriza as redes metabdlicas em um
contexto bioquimico consiste de complexas
interagbes,  frequentemente  envolvendo
diversos substratos e produtos. Para melhor
representar a complexidade de reacgbes
bioquimicas, usam-se redes conhecidas como
hipergrafos (Figura 9).

Os hipergrafos sdo caracterizados pela
presenca de hipervértices, que conectam
mais de dois nds com propriedades distintas
(Figura 9). Assim, o0s hipergrafos séo
frequentemente usados em organizacdes
bioquimicas, devido a interseccdo de
componentes com atividades em diferentes
rotas metabolicas.

Figura 9: Representagédo de um hipergrafo. As
regides destacadas em varias cores
caracterizam as diferentes propriedades ou
atividades bioquimicas representadas na rede.
Assim, cada cor estaria representando
diferentes vias metabdlicas (A, B e C). Os nés
da rede indicam componentes presentes em
cada uma das vias metabdlicas e/ou
participando de vias distintas nas regides
intersectadas.

Geralmente, as redes biol6gicas sao
extensas, apresentando um grande numero
de nos. Contudo, analises estatisticas indicam
gue, dentro de uma rede maior (Figura 10A),
podem existir redes menores que participam
da composicdo geral e possuem maior
conectividade entre si quando comparados a
rede maior (Figura 10B). Essas subredes de G

162

Figura 10: (A) Rede de interagbes proteina-
proteina representando em laranja a subrede,
o qual foi destacada em (B).

= (V, E) nada mais séo que uma rede G, = (V,,
E,),ondeV, VeE, E.

3. Estrutura de redes

Uma das caracteristicas de uma rede é
sua conectividade (também referida como
grau de nd), sendo a conectividade total de
uma rede definida por C=E/N (N - 1), onde E
representa o nimero de conectores e N o
namero total de nos.

Considere os nos V, e V, de uma rede.
Representamos como um dos possiveis
caminhos de V, a V, os vertices V,, V. e V,,
formando um conector a cada dois vértices
sucessivos, caracterizados por E;, E;, E,, E,
(Figura 11). O n6 que originou o caminho é
chamado de n6 inicial, enquanto que o ultimo
ndé do caminho é chamado de né final. Um
caminho onde o nd inicial coincide com o né
final, sem repeticbes de conexdes
intermediarias, € chamado de circuito. Usando
a mesma rede da Figura 11, <d, b, c, e, d>
formam um circuito. O comprimento de um
caminho ou circuito consiste do numero de

Figura 11: Esquema representando uma rede,
ondeV={a b,cd e}eE={E,E,E;E,E,
Eq E,. Eg}.


Silvia
Text Box
162

Silvia
Rectangle
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conectores que pertencem ao caminho (ou
circuito) ou, no caso de uma rede ponderada,
pela soma dos atributos (ou pesos) dos
conectores.

Um caminho de comprimento k tem exatamente
k + 1 nés, enquanto que um circuito de comprimento k
tem k = v nés. Se calcularmos o comprimento de V, a V,,
com caminho E;, Ey, E,, E, temos k = 4 conectores com
4 + 1 nos. Para o circuito <d, b, c, e, d> que tem como
caminho Eg, Eg E; E, temos k = 4 conectores, com
guatro nos diferentes.

Uma importante anélise em uma rede
consiste em caracterizd-la conforme sua
distribuicho de caminhos geodésicos. Um
caminho geodésico é definido como a via mais
curta dentro de uma rede entre dois nés
guaisquer (i e j), sendo representado por & (i,
j) em G. Um bom exemplo disso € o
experimento realizado por Stanley Milgram
em 1960, onde cartas foram enviadas a
individuos aleatoriamente. A missdo de cada
individuo era enviar a sua carta a alguém que
considerasse capaz de fazer com que as
cartas chegassem ao seu destino final. Essa
experiéncia relativamente simples conclui que
existem aproximadamente seis graus de
separacdo entre dois individuos quaisquer no
mundo. Da mesma forma, esse experimento
foi a primeira demonstragéo significativa do
efeito "mundo pequeno™ (ou do inglés, small
world), que estabelece que as redes
apresentam nés conectados entre si
formando um caminho mais curto entre
todos os nos.

O comprimento médio de caminhos entre 0s nos
(i, J) é definido pelo valor médio de conectores entre os
noés e pode ser calculado por:

§=—° A T

N(N—1) &i=1&j=1Ymind j

, assumindo-se que d;, (i, j) € o caminho mais
curto entre os nés i e j, sendo N o numero total de nés.
Adicionalmente, o diametro da rede ¢é definido como:

D = max 8 (i, ))
ij

e representa o maior comprimento entre dois
nés. Estudos recentes tém revelado que redes

biomoleculares, sociais e tecnoldgicas apresentam
valores de comprimento médio de caminhos e
didmetro relativamente pequenos se comparados ao
tamanho da rede, apresentando ordem de grandeza log
(n) ou menor quando o tamanho da rede é n. Da mesma
forma, a densidade de uma rede é calculada com base
no nimero de conexBes que cada nd possui, sendo
definida como:

2m

= n(n—-1)

Avaliar a densidade de uma rede
representa avaliar o nivel de conectividade,
tornando-se muito importante na definicdo de
suas propriedades, como veremos adiante.
Por exemplo, ao analisarmos a rede de
interacdo de uma doenca contagiosa, a
possibilidade desta doengca até entdo
controlada tornar-se uma epidemia depende
principalmente de duas variaveis: o tipo de
agente infeccioso e a alta densidade de
conexbes (rotas de transmissdo). O
procedimento de quarentena (isolamento)
guando um determinado individuo apresenta
os sintomas da doenca € justamente reduzir a
conectividade da rede de transmisséao.

Alguns modelos de rede (como as redes
de livre escala e hirarquica, discutidas adiante
em 5. Tipos de Rede) podem apresentar
clusterizagdo, isto é, os nos tendem a se
agrupar. Isso significa que se um no A se liga
ao n6 B, e o n6 B se liga ao n6 C, entdo ha
grandes chances de A se ligar a C também.
Assim, a rede é composta de centenas de
triangulos, ou seja, grupos de trés nos
conectados entre si, onde cada lateral de um
triangulo pode pertencer a outro triangulo.

Podemos quantificar a fracdo de triplos nés que
apresentam um terceiro conector preenchendo um
tridngulo pelo coeficiente de clusterizacéo:

3 X ntmero de tridangulos na rede

numero de nés triplamente conectados

Na equacdo, 0 numero trés presente no
numerador é devido ao fato que cada lateral de um
triangulo contribui com outros trés triplos nés, além de
garantir que C seja 0 < C < 1. Dessa forma, o coeficiente
de clusterizacdo avalia a probabilidade dos nés i e j
serem vizinhos, ja que ambos sdo vizinhos do né h.
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Assim, o coeficiente de clusterizacdo local de um né i
pode ser determinado por:
2e

k(k—1)

, onde um no i tem k vizinhos com e conexdes
entre eles. Contudo, pode-se também atribuir o
coeficiente de clusterizacdo média para a rede total,
sendo definido por:

1
C :N_VZiC:

Ao analisarmos uma rede de processos
biolégicos, notamos que esta apresenta um maior
coeficiente de clusterizagdo média quando comparado
a uma rede aleatoria. Isso possivelmente se deve ao
fato de processos celulares ocorrerem de forma
dependente da organizacdo de diversos subconjuntos
(clusters) de biomoléculas.

Em uma rede consideramos como sendo o grau
de um nd o nimero de conectores k que incidem a este
né. Assim, a distribuicdo do grau P(k) é definida por ser
uma fracdo de ndés com grau k dentro de uma rede.
Entdo sendo k = 0, 1, 2,... P(k) indica a probabilidade de
determinado no6 ter grau k. A distribuicdo de grau é
definida por:

P(k) ==

, onde temos n nés na totalidade da rede e n,
representa a quantidade de n6s com grau k.

Uma rede aleatéria que apresenta n noés
conectados ou ndo com probabilidade p, tem uma
distribuicdo binominal de grau com pardmetros N-1 e p:

P(k;=k) = Cy_, p*(1—p)" ¥

Outras redes, no entanto, tem distribuicdo de
grau bem diferente. Redes de livre escala (como a
maioria das redes biologicas) apresentam distribuicao
do grau que segue uma Lei de Poténcia P(k) ~kV, y >1
(ver adiante neste capitulo 5.Tipos de redes).

Outra estimativa numérica pode ser feita, a
funcdo de distribuicho cumulativa avalia a
probabilidade de um n6 ter um grau maior do que k:

Py, = Z Pr
K=k

Agora, 0 que aconteceria se, por acaso,
resolvermos excluir alguns poucos nés da
rede? Certamente iriamos alterar o
comprimento de alguns caminhos e circuitos
da rede de forma pouco significativa.

Contudo, se formos excluindo mais nads,
progressivamente, veremos que a
comunicacdo da rede fica cada vez mais
esparsa, até se tornar desconectada. A
capacidade de uma rede de tolerar a delecéo
de noés é chamada de resiliéncia.

Em 2000, um estudo conduzido por
Albert-LaszI6 Barabasi e colaboradores
mostrou que a Internet pode ser altamente
resiliente na remocdo de nos aleatdrios. Isso
se deve ao fato de que a quantidade de nés
com baixo grau de interacdo € maior em uma
rede do que nés com alto grau de interagao.
Em compensacdo, se a remocao iniciar a
partir dos ndés com mais alto grau de
interacdo, a alteracdo sera brusca. Neste
caso, observa-se um aumento da distancia
entre os nos, de forma que apenas poucos
nés precisam ser removidos para destruir a
comunicagdo da rede. Assim, fica claro que a
Internet apresenta baixa resiliéncia na
remocdo de nés com alto grau, tornando-se
vulneravel a ataques de hackers. Outro
exemplo seriam as redes de interacao
proteina-proteina. Estas redes geralmente
apresentam muitas proteinas com poucas
interacbes e algumas proteinas possuindo
muitas interacdes (chamadas de hubs, ver
adiante). Desta forma, redes de interacao
proteina-proteina sdo resilientes a delecao de
noés aleatérios, porém extremamente
vulneraveis a ataques em proteinas hubs.

Os nO6s de uma determinada rede
podem apresentar tendéncias de conexdo. Em
outras palavras, duas redes completamente
diferentes topologicamente podem
apresentar a mesma distribuicdo do grau.
Assim, em uma rede é preciso considerar o
padrdo de correlacdo do grau dos nos, onde a
conectividade de um noé reflete nas suas
possibilidades de ligacgéo.

A tendéncia de conexdo que uma rede
apresenta  pode ser chamada  de
assortatividade e desassortatividade. A
assortatividade significa que os nés de uma
rede apresentam uma tendéncia a
interagirem com outros nés semelhantes, por
exemplo, n6s do tipo A interagem
preferencialmente com nés também do tipo A
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(Figura 12A). Vértices com alto grau tendem a
interagir com  vertices que também
apresentam alto grau. No entanto, chamamos
de desassortatividade se os nés de uma rede
interagem  preferencialmente com nés
diferentes dele mesmo, por exemplo, nés do
tipo A tendem a interagir com nés do tipo B.
Neste caso, um ndé com alto grau tem
tendéncia a interagir com nés que apresentem
baixo grau (Figura 12B).

A correlacdo de grau dos nés i e j é feita por
distribuicdo de probabilidade conjunta P(k;, k) = P(k)
P(k). Podemos ainda calcular a assortatividade ou
desassortatividade da rede como um todo, conside-
rando:

 Xeil — ¥ ab;
- 1- ¥,ab,

Se r = 1 a rede é considerada assortativa,
enguanto que se r = -1, a rede é completamente desas-
sortativa.

Caracteristicamente, redes assortativas
sdo mais resilientes e apresentam hubs bem
conectados, enquanto que redes
desassortativas sdo redes mais vulneraveis

B

com noés conexos a hubs esparsos (Figura 12).

A conectividade de uma rede também
pode ser avaliada pela teoria da percolacéo.
Essa teoria tem por objetivo estudar a
conectividade da rede pela avaliacdo de sua
arquitetura, caracterizando a distribuicdo do
tamanho dos clusters e descrevendo como
ocorre a transferéncia de informacgdes, por
exemplo, de A para B.

Redes aleatdrias caracteristicamente
apresentam baixa tendéncia em possuir
pequenos clusters isolados e uma grande
probabilidade em formar um componente
conectado gigante. Como visto anteriormente,
determinadas redes sdo altamente resilentes
a delecdo aleatoria de nos. A variagdo na
fracdo dos nos no maior componente da rede
(componente gigante) é a forma mais facil de
calcular a resiliéncia. Imagine dois nos
conectados na rede. Se estes nds pertencem
a um componente gigante, ha grande
probabilidade de se comunicarem com uma
extensa proporcdo de nos da rede. No
entanto, nds que participam de pequenos
componentes comunicam-se apenas com
uma parte reduzida da rede. Essa capacidade
de comunicacdo € responsavel pela forma

Figura 12: llustragdo representando em (A) uma rede assortativa com nds bem conectados que
apresentam conexfes com outros nés também fortemente conectados. Em (B), uma rede
desassortativa, onde 0s poucos nés que apresentam mais conexdes interagem com nds menos
conectados, resultando em uma rede menos densa.

165


Silvia
Text Box
165

Silvia
Rectangle


12

7. Biologia de Sistemas

Percolagéo local

Figura 13: (A) Redes de percolacéo local e de
ligacdo, onde os nos sélidos estdo ocupados
ou funcionais, enquanto que os nés brancos
sao desocupados ou falhos. (B)
Representacdo do componente gigante. Apos
o surgimento de nés e conectores falhos, sua
proporcdo € alterada e, por conseguinte, as
possibilidades de transferéncia de
informacoes.

como a informacéao é transferida de um ponto
a outro. Dessa forma, associamos a
resiliéncia com a percolacédo local (refere-se
aos noés), enquanto que a percolagdo de
ligacdo (refere-se aos conectores) esté
relacionada ao processo de disperséo (Figura
13A). Também podemos considerar os nés de
uma rede como ocupados (funcionais) ou
desocupados (falhos), dependendo da sua
funcionalidade. A probabilidade de um né
estar ou ndo ocupado pode ser uniforme ou
pode depender do grau do nd, sendo que 0s
nés funcionais da rede formam o componente
gigante em um modelo de percolagéo. Assim,
0s nos ou conectores falhos ndo participam
da transferéncia de informacéao, e igualmente,
nao participam do componente gigante
(Figura 13B). Dessa forma, ao observar a
propriedade de percolagdo de um cluster,
considerando uma probabilidade de ocupacéo
variavel, podemos determinar que isso afeta
diretamente a conectividade de uma rede,

tornando-a altamente resiliente ou néo.
Porém, ao combinarmos a percolacao local e
de ligagdo, teremos um modelo robusto
contra falhas de nGs ou conectores.

Os modelos de percolacéo séo utilizados
em muitas redes, porém um dos modelos
mais interessante é o da dispersdo de uma
doenca. Nesse modelo, cada né representa o
hospedeiro e 0s conectores representam a
capacidade de transmissdo da doenca entre
um hospedeiro e outro. O ndé (individuo
hospedeiro) esta ocupado se for suscetivel a
doenca, enquanto que um nd que representa
um individuo que tomou a vacina seria
considerado como desocupado. Da mesma
forma, os conectores sdo considerados
ocupados se ha possibilidade de transmisséo
(Figura 14). Levando em conta este modelo, o
inicio de uma epidemia representa a transicao
de percolagéo.

Apesar de ter sido originalmente
desenvolvida com o objetivo de responder as
perguntas em quimica organica, os modelos
de percolacdo tém sido usados com sucesso
para estudar diversos fenGmenos, como
transferéncia de sinal em neurdnios e
condutividade elétrica. Em 1987, Robert H.
Gardner foi um dos primeiros pesquisadores a
usar a teoria de percolacdo na Ecologia da
Paisagem, sendo Gtil também na avaliacdo de
corredores ecolégicos e redes de incéndios
florestais.

4. Propriedades de rede

Diversas propriedades séao
regularmente empregados na andlise de
redes bioldgicas, cada uma fornecendo
informagdo sobre as interagbes e/ou
componentes de um determinado sistema.
estas propriedades podem ser referente a
nds individuais, isto é, grau de ndé ou node
degree, ou podem contemplar a rede como
um todo como é, por exemplo, o caso da
modularizacdo e do diametro da rede.

Em uma analise de biologia de sistemas,
a andlise estatisticas destas propriedades
possui papel critico na geracdo de dados
conclusivos e confiaveis, constituindo-se
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Figura 14: Modelo simplificado de disperséao
de uma doenca considerando um grupo de
trabalho em uma empresa. Suponhamos que
o individuo central contraiu uma doenca viral
de facil transmissdo, como a gripe simples.
Assim, todos os individuos com os quais ele
entrou em contato neste periodo também
contrairam a doenca (nos azuis), com excegao
daqueles que foram vacinados (nds brancos).
Neste caso, além de ndo contrairem a doenca,
também ndo a dispersaram. Os conectores
pontilhados indicam que n&o houve interagéo
fisica durante o periodo passivel de contrair a
doenca entre o individuo saudavel com o
contaminado. Desta maneira, os individuos
representados pelo né verde claro, apesar de
ndo terem sido vacinados, ndo contrairam a
doenga por ndo entrarem em contato com
individuos contaminados.

assim em redes capazes de descrever com
alto grau de fidelidade um determinado
modelo bioldgico, de identificar alvos
proteicos critcos na rede ou no
desenvolvimento de caminhos moleculares.

Modularidade

Uma das principais caracteristicas
guando nos referimos a propriedades da
topologia de redes é a chamada modularidade
ou clusterizacdo. O conceito de modularidade
€ antigo e ja amplamente usado em outras

areas do conhecimento, como nas ciéncias
sociais. Dentro das ciéncias bioldgicas, é um
conceito comum nas areas da biologia
evolutiva, biologia molecular, biologia de
sistemas e biologia do desenvolvimento.

Todas as ideias de modularidade giram
em torno do conceito de padrbes de
conectividade, onde seus elementos
constituintes estao agrupados em
subconjuntos altamente conectados.

De forma geral, a modularidade é um
principio de unido entre diferentes tipos de
elementos e conexdes naturalmente formado
no meio bioldgico, como na interacdo entre
individuos de mesma espécie. Um exemplo € a
Pollenia rudis, uma espécie de mosca
conhecida como cluster fly em decorréncia de
seu habito de se agrupar com individuos da
mesma espécie.

Este principio € visto em todos os
lugares, seja na nossa tendéncia de formar
sociedades e grupos preferenciais de
interacdo interpessoais ou na nossa tendéncia
de organizar objetos por seu tipo, funcdo e
cores, dentre outros. Em nivel molecular é
visto, por exemplo, em elementos que atuam
num mesmo processo bioldgico, como
conjuntos de moléculas de RNA responsaveis
pela degradacéo e sintese de acidos nucleicos
ou grupos de proteinas que atuam num
mesmo processo biolégico como a replicacao
de DNA e a transcricao génica.

Existem dois tipos distintos de médulos:
i)  Modulo Variacional: apresenta
caracteristicas que variam entre seus
componentes e sado relativamente
independentes de outros maddulos,
porém possuem um namero
consideravel de ligagbes com outros
maodulos;

i) Modulo Funcional: possui elementos

gue normalmente atuam juntos em

alguma funcéo fisiolégica distinta e séo
semiautdonomos (quasi-autonomous) de
outros moddulos. Esses mddulos
compreendem a maioria dos médulos
vistos em redes bioldgicas.
podem  ser

Médulos  variacionais
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exemplificados na Figura 15B e C,
representando a formacdo de uma mandibula
de rato. Apesar de se tratar da diferenciacido
de um tecido, podemos uséa-la como modelo
variacional devido ao fato de diferentes
proteinas e genes serem responsaveis pela
formacéo de uma unidade estrutural Unica (o
ramo ascendente e da regido alveolar). Desta
maneira, € uma unidade estrutural (um Unico
0Ss0) que se origina de diferentes maédulos.
Assim, o modulo variacional consiste uma
integracdo de varios de genes que dividem
efeitos pleiotropicos entre si e que possuem
poucos efeitos pleiotropicos com outros
clusters, sendo praticamente independente.
Modulos de genes de desenvolvimento
embrionério, relacionados a diferenciagdo ou
formacao de padrdes corporais, tendem a ser
quase independentes de outros maédulos, uma
Vez que erros na sua expressao ou atuagao
podem ser letais para o embrido. Por isso,
esses modulos de desenvolvimento tendem a
depender de elementos dentro do proéprio
grupo para sua expressdo. Podemos
visualizar um exemplo de um mddulo

funcional na Figura 15A.

Figura 15: Exemplos de uma rede com
diferentes moddulos representados. Os
modulos variacionais B (azul) e C (verde) se
encontram praticamente independentes do
moédulo A (vermelho), porém possuem
proteinas em comuns entre si. Contudo, o
modulo A pode ser considerado funcional,
uma vez que possui apenas uma conexao com
cada outro modulo, sendo praticamente
independente.

Ao determinarmos a quantidade e o tipo
de mddulos presentes em uma rede devemos
levar em consideragcdo o coeficiente de
agrupamento (C,) ou clusterizagdo. O
coeficiente analisa a tendéncia de um né de se
associar com seus Vvizinhos (“cliquishness”),
onde “clique” é definido como um grafo
maximamente conectado.

Como mencionado anteriormente, a
clusterizacéo é dada pela formula C;=2n/k;(k.-1), onde k;
€ o tamanho da vizinhanca de vértices (n6s) do vértice
i, € n € 0 numero de conectores na vizinhanga. Assim,
guanto maior o coeficiente de clusterizacdo, mais
conectado é o cluster. Evolutivamente, as proteinas
gue compdem moédulos altamente agrupados tendem a
ser conservadas ou perdidas juntamente, caso haja
uma variacdo dentro do grupo.

Outro conceito essencial para entender
a formacdo de um cluster em um sistema
biologico € a presenca de hubs. Os hubs
podem ser classificados em dois grupos:

i) party hubs, proteinas altamente
ligadas dentro do seu préprio médulo
(intra-médulo), ou seja, ligadas no
mesmo tempo e/ou espaco,
ii) date hubs, que sdo hubs que se ligam
a diferentes proteinas em diferentes
modulos  (inter-modulo), ou  seja,
diferentes tempo e/ou  espagos,
consequentemente apresentando um
papel global na rede (Figura 16). Estes
termos podem ainda receber
denominacdes especificas no contexto
do conteito de centralidades (ver adian-
te).

Os party hubs sdo componentes
classicos de médulos funcionais, uma vez que
estes sdo quase independentes de outros
modulos, enquanto date hubs séo
fundamentais para modulos variacionais, pois
estes se ligam a outros modulos.

Assim, uma mutacdo em um party hub
vai afetar principalmente as proteinas
referentes ao seu préoprio mdédulo, enquanto a
mutagdo em um date hub (Figura 16) pode
afetar varios médulos. Contudo, ndo existe
diferenca de importéancia entre party ou date
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hub. A delegcdo de um hub em um modulo
funcional pode ser tédo letal quanto a delecéo
em um madulo variacional.

Baseado em dados estruturais, os hubs
podem ser ainda classificados em singlish
(com uma ou duas interfaces) e multi-
interface (com mais de duas interfaces). Hubs
com interface singlish somente se ligam a
outras proteinas de maneira alternada e
transitéria, enquanto hubs multi-interface se
ligam a diferentes proteinas concomitante-
mente.

Ontologias Génicas

Nos ultimos anos, o desenvolvimento e
uso de técnicas de analise como

microarranjos, ChIP-chip e espectrometria de

Moédulo 1

Médulo 3
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Figura 16: Diferentes tipos de centralidade em
uma rede bioldgica. Em verde sdo apresenta-
das proteinas envolvidas em party hubs e en-
contradas em modulos. Em amarelo
encontram-se as proteinas néo-hub/néo-
gargalo, que sdo aquelas que ndo possuem
alto valor de grau de n6é ou betweenness,
sendo consideradas componentes funcionais
dos médulos. Em azul estdo as proteinas hub-
gargalo (date-hub) que possuem alto valor de
grau de ndé e de betweenness, sendo
consideradas fundamentais para 0
funcionamento de redes. Em vermelho estéo
identificadas as proteinas do tipo gargalo,
com alto valor de betweenness e essenciais
na ligacdo entre modulos e processos
biolbgicos.

massas e suas aplicagcdes no estudo de cada
vez mais organismos gerou um grande
acumulo de dados genémicos e protedmicos.
A leitura e interpretacdo simples e concisa
destes vem requerindo o desenvolvimento de
novas abordagens, contexto no qual, em
1990, foi criado o chamado Gene Ontology
Project.

Ontologia génica refere-se ao produto
de um determinado gene e a funcdo ele
desempenha na maquinaria celular. Sao
classificadas em trés niveis hierarquicos:

i) Componente celular, descrevendo a

localizagéo da proteina na célula;

i) Processo bioldgico, referindo-se a

série de eventos realizados por uma ou

mais funcgdes celulares;

iil) Funcdo molecular, descrevendo a

atividade que uma dada proteina

desempenha no meio celular.

Essas informagfes sédo guardadas em
forma de “anotagdes ontoldgicas”, onde cada
uma possui um namero de identificacdo e se
encontram disponiveis em bancos de dados
como www.geneontology.org.

Da mesma forma, essas anotagbes nao
sdo restritas a humanos, mas abrangem
diversos organismos modelo como Mus
musculus, Gallus gallus, Saccharomyces
cerevisiae, Caenohabditis elegans e
Escherichia coli, além de outros organismos
ndo-modelo mas que ja possuem alguma
anotacao.

De um modo geral, a ontologia génica
tem como fungédo, em uma rede de interagao
proteina-proteina, agrupar proteinas que
facam parte de um mesmo processo
biol6gico. Em biologia de sistemas 0 emprego
de ontologias génicas pode se mostrar muito
atil para direcionar a anédlise da rede,
possibilitando a verificagdo dos tipos de
processos bioldgicos existentes na rede e das
proteinas presentes. Um modelo hipotético de
como uma rede poderia se apresentar em
termos de ontologias génicas se encontra na
Figura 17, onde diferentes n6és poderiam estar
relacionados a diversos processos.

A Figura 18 mostra um exemplo de
aplicacdo de ontologias génicas em uma rede
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Figura 17: Modelo hipotético da presenca de
ontologias génicas em uma rede. Na figura
acima, cada cor representa um processo
identificado. E importante ressaltar que uma
proteina pode estar presente em mais de uma
ontologia. Da mesma forma, uma ontologia
pode estar dentro de outra. Como por
exemplo, o0 quadrado amarelo poderia
significar transcri¢cdo, enquanto o quadrado
azul claro (inserido no amarelo) poderia
significar apenas o complexo de iniciacdo da
RNA polimerase II.

biolégica. Nessa analise foi utilizado o
programa Biological Network Gene Ontology
(BINGO) 2.44, um plug-in do programa
Cytoscape. E possivel, assim, identificar
proteinas ou genes com efeitos pleiotropicos,
saber: a proteina Tp53, a proteina breast
cancer 1 (BRCAlL) e a proteina bloom
syndrome protein (BLM), as quais se
encontram nas trés ontologias da rede
(reparo de DNA, regulagcdo positiva da
transcrigéo e ciclo celular).

Centralidades para nos

Como vimos até entdo, a grande
vantagem da biologia de sistemas é permitir a
visualizacdo dos componentes moleculares
de um sistema bioldgico de forma dindmica e
global. Contudo, quando falamos de uma
rede, temos que levar em consideracao todas
suas estruturas, como hubs e moédulos. Deste
modo, o objetivo da analise de centralidades €
procurar o elementos mais importantes na
topologia geral da rede.

Grau de no
Um dos parametros basicos de anélise

Figura 18: Exemplo de uma rede analisada
pelo plugin BINGO 2.44, o qual analisa as
principais ontologias génicas. A rede mostra
trés processos biolégicos (GOs): i) Regulacao
do ciclo celular (nés de cor laranja); ii)
Regulacdo positiva da transcricdo (nés de de
formato quadrado); iii) Resposta a dano de
DNA (nés com a linha azul). E possivel
observar que mais de um ndé compde
diferentes GOs.

topolégica é o parametro de grau de nd (ou
node degree) é referente a quantidade de nés
adjacentes (diretamente conectados) a outro
determinado né.

Esses nOGs que apresentam uma grande
quantidade de conexbes sdo chamados de
hubs, os quais sdo conectados a outros hubs
ou ndés com menos conexdes (Figura 16).
Como veremos posteriormente, uma rede de
livre escala é definida por uma lei de
potenciacdo, o que significa que essa rede
tera poucos nos altamente conectados. O
grau de no é referente ao valor distribuicdo de
nd, P(k), que informa a probabilidade de um
né ter k conexdes, conforme visto em Estru-
tura de redes.

Numa visdo biolégica, podemos
exemplificar um hub como uma proteina que
se liga a varias outras e acaba possuindo uma
funcdo regulatoria importante na rede.
Normalmente, proteinas consideradas apenas
hubs se encontram dentro de modulos. A
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perda de conexdes de uma proteina hub pode
Ihe tirar esta condicdo modular. Sua delecéo
em uma rede de interacdo proteina-proteina
poderia afetar a acdo de diversas proteinas
vizinhas e até mesmo na formacdo de
maodulos.

Betweenness

O parametro denominado betweenness
é definido como o niumero de caminhos mais
curtos que passam por um unico no,
estimando a relacdo entre eles. Por exemplo,
para calcular o valor de betweenness um no n
é calculado o numero de caminhos mais
curtos entre i e |, e a fragdo deste caminhos
gue passam pelo né n. Deste modo, um né n
pode ser atravessado por diversos caminhos
alternativos, que ligam iej.

Matematicamente, o valor de betweenness é
dado pela seguinte férmula:

Bet(n) = Z L(n)
iznzjev Oy
onde o; representam caminhos geodésicos en-
treosndsiej, e 0;;(n) € o total destes caminhos mais
curtos que passam por n.

Por exemplo, uma proteina com alto
valor de betweenness apresentaria uma
elevada capacidade de interacdo e/ou
siinalizacdo com outras proteinas, processos
biolégicos ou clusters. Uma proteina com tais
caracteristicas é chamada de bottleneck ou
gargalo. Na Figura 16, temos dois exemplos
de uma proteina com alto valor de between-
ness.

Ndo existe uma maneira Obvia de se
encontrar proteinas gargalo. Porém, é
possivel que rotas de sinalizacdo possuam
grande incidéncia de proteinas gargalo, uma
vez que S&80 necessarias para sinalizagdo
entre compartimentos e processos bioldgicos
distintos. Contudo, proteinas gargalo nao
necessariamente possuem um grande
nuamero de interagcdes com outras proteinas.

Closeness
O valor de closeness pode ser entendido
como o caminho mais curto entre um né n e

Figura 19: Caracterizagdo de nds com
diferentes valores hipotéticos de closeness.
Os n6s em roxo, dado as suas maiores
conectividades com a rede no geral, possuem
um valor maior de closeness, enquanto que
0s nés em verde, por possuirem poucas
conexdes com a rede, apresentam baixo valor
de closeness.

todos os outros nés da rede, uma tendéncia
de aproximagdo ou isolamento de um né
(Figura 19). Um alto valor de closeness indica
gue todos os outros nés estdo préximos do
né n, enquanto que um baixo valor indicaria
gue os outros nés encontram-se distantes.

Este parametro € dado pela formula:
1

Clo(l‘) = Z w € ld:st'r‘n"

onde o valor de closeness de um né v [Clo(v)] é
determinado através do calculo e somatério dos
caminhos mais curtos entre um né v e todos outros
nés w [dist(v,w)] dentro da rede.

Uma proteina com alto valor de
closeness poderia ser considerada relevante
para muitas proteinas, porém irrelevante para
outras. Em termos bioldgicos, ela seria
importante na regulacdo de muitas proteinas,
porém sua atividade pode ndo influenciar
outras. Ao compararmos essas informacoes
com mobdulos podemos dizer que uma rede
com uma media de closeness alta € mais
provavel de estar organizada como um
modulo funcional, enquanto uma com baixo
valor de closeness é mais provavel de estar
organizada como um maodulo variacional.

Diametro
O diametro pode ser considerado um
dos primeiros parametros referentes a
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Figura 20: Em (A) uma rede com alto
diametro e em (B) rede com baixo diametro.
Pelo fato dos ndés da figura A estarem mais
interligados entre si, a rede é considerada

mais “compacta”, pois seus nos mais
facilmente podem influenciar uns aos outros.
Entretanto, em B, a rede possui muito menos
conexdes, portanto a delecdo de um no ira
afetar a rede de um modo mais sutil.

“compactacdo”, isto é, proximidade dos nés
da rede. Ele indica a distancia entre os dois
nés mais afastados entre si de uma rede.
Sendo assim, definimos que uma rede possui
um alto didmetro quando a distancia geral
entre 0s nés é muito ampla. Quando a
disténcia entre os nds é pequena, entdo o
didmetro é baixo. Deste modo, uma rede com
baixo didmetro € considerada mais completa,
uma vez que suas proteinas estdo mais
interligadas entre si.

Um baixo diametro pode indicar que as
proteinas de uma determinada rede possuem
uma maior facilidade de se comunicar e/ou
influenciar umas as outras, apontando para
uma relagdo funcional co-evolutiva (Figura
20).

Os parametros de centralidades podem
ser alterados com a adicao ou delecéo de nos
ou conexdes na rede (Figura 21). Como ja
mencionado, em um sistema molecular, a
perda de uma conexao pode ser considerada a
mudanc¢a de um dominio, impedindo a ligacao
de duas proteinas ou a mudanca de um
produto génico, criando proteinas anormais
gue ndo mais fardo as mesmas conexodes.
Contudo, mudancgas topoldgicas nas redes
bioldgicas sdo processos normais durante a
evolucdo. A delecédo e a duplicacdo de um
gene, assim como a perda de interacoes,
sejam pela mudancga estrutural ou de fungéo,
sdo processos muitas vezes selecionados e
necessarios para sobrevivéncia celular.
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Figura 21: Modificagbes na topologia de rede
podem alterar as centralidades. Devido a
perda de conexdes com noés fora do maddulo,
0s n6s marcados pelos quadrados foram
transformados em party-hubs (nés verdes),
deixando de ser hubs-gargalos (nds azuis).
Porém, marcados pelos quadrados pontilha-
dos, ha nds que além de ganharem conexdes,
passaram a se ligar a outros médulos, saindo
do estado de ndo-hub/nédo-gargalo para hub-
gargalo (n6és amarelos). Marcados por circu-
los, os nds antes gargalos (n6s vermelhos),
agora pela perda de uma conexao, se tornam
ndo-hubs/ndo-gargalos. Por fim, os nds
marcados pelos circulos pontilhados, devido a
perda de muitas conexdes (n6 central) e ao
ganho de uma conexao (n6 acima), se tornam
gargalos, perdendo os status de hub-gargalo
e de ndo-hub/néo-gargalo respectivamente.

Centralidade para conectores

Os elementos mais informativos de uma
rede de interacdo podem ser avaliados
através da analise da centralidade. Dentre as
possiveis centralidades avaliadas, 0
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betweenness de um conector pode medir a
influéncia de certos conectores no fluxo de
informagdes entre os componentes da rede.

O betweenness de um conector e é
simplesmente o nidmero de caminhos mais
curtos entre pares de nés que percorrem e.
Se uma rede contém mdbdulos que sédo
conectados por poucos conectores
intermodulares, entdo o0s caminhos mais
curtos entre os diferentes modulos devem
passar por estes poucos conectores. Assim,
os conectores unindo modulos terdo altos
valores de edgebetweenness (Figura 22).

Neste caso, os pares de nds unidos
pelos conectores serdo de diferentes
modulos. Se o valor de edgebetweenness de
um conector € baixo, esse conector
provavelmente fard parte do modulo, uma
vez que dentro do modulo os nés sdo mais
interligados entre Si. Portanto,
edgebetweenness é a frequéncia de um
conector que se coloca sobre os caminhos
mais curtos entre todos os pares de nds. Em
uma rede proteica, um conector com alto
valor de betweenness provavelmente
representa o0 caminho mais curto de
comunicacao entre dois processos biologicos.

Como conectores com altos valores de

Figura 22: Representacao de
edgebetweenness. Conectores em vermelho
apresentam valores altos de betweenness,
pois representam o caminho mais curto do
fluxo de informacdo entre os trés modulos
representados.

173

betweenness sdo mais provaveis por
posicionarem-se entre modulos, a remocao
sucessiva destes conectores pode
eventualmente isolar estes mesmos
modulos. Essa desordem na rede, conforme
sera visto adiante, é conhecida como
perturbacéo de conector.

5. Tipos de redes
Rede Aleatdria

Os matematicos Paul Erdds e Alfréd
Rényi iniciaram seus estudos sobre redes
aleatdrias em 1960. Este modelo de rede tem
impulsionado o0 interesse de diversos
cientistas ao longo dos anos por ser um dos
primeiros modelos de rede descoberto.
Porém, apesar de amplamente estudadas,
redes aleatdrias ndo capturam a realidade de
um sistema biolégico (Figura 23).

Essas redes consistem de N nds, com
cada par de nos conectados (ou ndo) com
probabilidade p, gerando uma rede de
conexdes aleatérias com aproximadamente
pN . (N-1) / 2. Dessa forma, o grau dos noés
segue uma distribuicdo de Poisson com

llustracdo de uma rede aleatéria

Figura 23:
consistindo de 109 proteinas. A rede
apresenta P(k) 3,8. Observe que as conexdes
de cada n6 sdo valores proximos a 4, o0 que
esté de acordo com k = <k>.
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maxima em <k> e a maioria dos nos
apresentando aproximadamente o mesmo
namero de conexdes k = <k>, com grau
proximo ao da média da rede. Raramente
surgem nos que apresentam mais ou menos
conexoes que <k>.

Adicionalmente, redes  aleatérias
apresentam a propriedade “mundo pequeno”
e distribuicdo de grau exponencial, sendo
estatisticamente homogéneas.

Rede de livre escala

O modelo de rede de livre escala foi
introduzido por Barabési e Albert em 1999
onde se observa que redes complexas, como
as redes de citacbes de artigos cientificos,
redes metabdlicas, redes socais e a World
Wide Web apresentam distribuicdo de grau
gue segue uma lei de poténcia P(k) ~kvV, y >1.
Essas redes sdo consideradas como livres de
escala (Figura 24) pois a lei de poténcia néo
permite uma escala caracteristica.

Diferentemente da rede aleatéria que
apresenta um numero fixo de N nés, as redes
de livre escala apresentam uma ordem
dindmica de estruturacdo que permite o
crescimento da rede pela adicdo de novos
nés. Assim, a rede aleatéria consiste de um
sistema aberto que inicia com um pequeno
grupo de nés e aumenta de tamanho
exponencialmente no tempo devido a insergao
de novos nds. A probabilidade deste novo n6
se conectar a nés com grande numero de
conexdes é maior, sendo chamada de conexao
preferencial. Por exemplo, imagine que vocé
esta buscando um artigo sobre determinado
assunto na Internet. Certamente os artigos
gue vocé encontrard mais facilmente serdo
publicagbes com alto grau de conexao por
serem mais conhecidos e bem citados quando
comparadas a publicagbes pouco citadas e,
conseguentemente, menos conhecidas.

Estes dois mecanismos, crescimento da rede e
conexdo preferencial originaram o algoritmo do
modelo Barabasi-Albert, que estabelece que o
crescimento inicia-se como uma pequena rede, sendo
gue a cada instante de tempo um novo n6é com m

conexdes € adicionado, onde a probabilidade do novo
né se conectar ao nd i que estad previamente presente

depende de k; (grau de i):
e e
[1(ki) = 5,5
Esse crescimento gera uma rede de livre escala
com expoente de grau y = 3. Apos t instantes de tempo,

temos uma rede com N =t + m, e m, conectores.

As caracteristicas da rede de livre
escala a tornam uma rede que apresenta um
pequeno numero de nés altamente
conectados (hubs), o que frequentemente
determina suas propriedades. Como ja
mencionado, falhas na rede (ou remocéao de
nés aleatorios) apresentam poucas
consequéncias, enquanto que o ataque aos
nés altamente conectados tornara a rede
fragmentada. Em sistemas bioldgicos, uma
rede biogquimica apresenta alta resiliéncia
contra mutagdes aleatdrias, enquanto que 0s
hubs podem ser usados como candidatos
importantes para alvo de farmacos. Um ex-
emplo disso seria a proteina EF-Tu. Esta pro-

Figura 24:
escala consistindo de 109 proteinas, na qual o
grau de distribuicido segue uma lei de
poténcia. Neste tipo de rede, as proteinas
hubs (n6s laranja) tem papel essencial na
manutencao da integridade da rede.

llustracdo de uma rede de livre
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teina tem papel essencial durante a elongacéo
da sintese proteica,sendo inibida pelo antibi6-
tico quirromicina, que impede que o complexo
EF-Tu-GDP seja liberado do ribossomo.

Rede Hierarquica

Como j& vimos anteriormente, uma rede
pode ser avaliada pelo grau de agrupamento
(clusterizacdo) de seus nés. Na maioria das
redes baseadas em um sistema real (chama-
das de redes reais), como por exemplo, parte
de uma via metabdlica, como o coeficiente de
clusterizacdo é significativamente maior se
comparado a redes aleatérias. Da mesma
forma, ocorre a coexisténcia da propriedade
de livre escala e clusterizacdo nas redes reais,
como redes metabdlicas e de interagdo
protéica. Contudo, grande parte dos modelos
propostos para representar estas redes nao
consegue descrever a livre escala e a
clusterizagéo simultaneamente.

Adicionalmente, muitas redes reais
apresentam modulos, ou seja, a rede é
composta de subredes funcionalmente
separaveis. Esses componentes separaveis
apresentam densa conectividade entre os
seus préprios nds, com conectividade mais
dispersa em relagdo a componentes de
outros moddulos. Isso ocorre porque cada
moédulo apresenta a capacidade de executar
uma tarefa identificavel, diferente de outro
maodulo. Contudo, essa “separacdo” de tarefas
nao significa que um madulo é independente
de outro, mas sim que tem fungdes distintas.

Dessa forma, € necessario combinar a
propriedade de livre escala, o alto grau de
agrupamento e a modularidade de uma forma
interativa, gerando a rede hierdrquica. A
estrutura hierarquica é convencionalmente
representada por um dendrograma ou uma
arvore e atua relacionando os nés mais
proximos na rede, conforme Figura 25. Essas
redes podem ser formadas basicamente pela
duplicacdo de clusters e repetidas
indefinidamente, integrando uma topologia
livre de escala com alta modularidade,
resultando em um coeficiente  de
clusterizagéo independentes do tamanho do

el

Figura 25: llustracdo de uma rede hierarquica
consistindo de 55 proteinas em modelo de
dendrograma onde é possivel observar sua
modularidade intrinseca.

sistema. Muitas vezes, em redes reais, a
modularidade ndo apresenta um limite claro,
sendo reconhecida principalmente por nés
altamente conectados entre si e conectados a
outros modulos.

A principal caracteristica dessas redes
gue ndo é compartilhada por redes aleatérias
ou de livre escala é a hierarquia intrinseca,
sendo representada também na sua
arquitetura. Essa caracteristica hierarquica
pode ser, ainda, analisada quantitativamente,
como observado por Dorogovtsev et al.
(2002), que construiu um grafico de livre
escala deterministico, na qual o coeficiente de
clusterizacdo de um n6 que possui k conexdes
segue a lei de escala C(k) ~k.

Portanto, o modelo de rede hierarquico
integra uma topologia livre de escala com alta
modularidade, resultando em um coeficiente
de clusterizacdo independentes do tamanho
do sistema.

6. Perturbacdo e tipos de conecto-

res

Como visto anteriormente, um grafo
consiste de um conjunto de nds e um conjunto
de conectores que conectam esses nos.
Portanto, os ndés sdo as entidades de
interesse e 0s conectores representam as
relacdes entre as entidades.

Quando tratamos de sistemas
bioldgicos, podemos levar em consideracao
diferentes entidades como, por exemplo,
DNA, RNA, metabdlitos, pequenas moléculas
e/ou proteinas. Estes componentes bioldgicos
nao atuam isoladamente, mas sim dependem
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Figura 26: Representacédo de um conector nao
direcionado e um direcionado.

Conector nao
direcionado
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da interacdo com outros componentes. E para
que ocorra essa interacdo (comunicacdo) €
necessaria a presenga de conectores.

Conectores podem ser interaghes
fisicas, bioquimicas ou funcionais. Por
exemplo, em redes metabdlicas, conectores
podem ser reagfes que convertem um
metabdlito em outro ou enzimas que
catalisam essas reacOes; em redes de
regulacdo  génica, conectores podem
representar a ligacdo fisica de um fator de
transcricdo nos elementos regulatdrios; em
redes de doencas, conectores podem
representar as mutacgdes genéticas
associadas a doenca; e em redes proteicas, 0s
conectores podem ser ligacGes fisicas entre
as proteinas.

Como apresentado anteriormente, as
redes podem ser direcionadas e nao
direcionadas. Esse comportamento da rede
depende da natureza da interacdo e,
obviamente, da direcionalidade dos
conectores  (Figura 26). Em  redes
direcionadas, a interacdo entre dois nés tem
uma direcdo bem definida que representa, por
exemplo, a direcdo do fluxo do substrato ao
produto em uma rede metabdlica. Em redes
ndo direcionadas, a ligagdo ndo tem uma
direcdo definida, tal como a interacao fisica
entre proteinas.

176

Na abordagem da biologia de sistemas
tdo importante quanto conhecer os nos que
interagem entre si em uma rede é
compreender, por exemplo, que tipo de
interagdo pode ocorrer na rede em questao,
guais conectores sao mais relevantes a rede e
qual o impacto da perturbagcdo de um
conector. Nesta secédo iremos discutir os tipos
de conectores entre diferentes componentes
de uma rede envolvendo proteinas e as
consequéncias da ruptura nestas conexoes.

Interacao entre proteina-proteina

A interagdo proteina-proteina € comum
e crucial a varios processos celulares, tais
como na ligagdo enzima-inibidor e na
interagdo antigeno-anticorpo.

Os diferentes tipos de complexos
protéicos tém sido definidos na literatura
como obrigatorios e ndo obrigatérios. No
complexo obrigatorio, as proteinas nao
podem funcionar separadamente, diferindo do
complexo ndo obrigatério onde as proteinas
associam-se e dissociam-se dependendo de
fatores externos, podendo também exercer
fungbes fora do complexo.

De acordo com a estabilidade e o
mecanismo de formacdo do complexo,
incluindo o tipo de conexdo entre as proteinas,
as interacdes podem ser conceitualmente
separadas em dois grupos: aquelas que séo
permanentes e aquelas que sdo temporarias.
E, embora ndo exista um limite bem definido
para essa separacdo, tendéncias tém sido
observadas em relacdo a suas propriedades
bioldgicas (Figura 27).

Em relacdo a estrutura, por exemplo,
interagdes temporarias sdo caracterizadas
por interfaces proteicas pequenas, enquanto
gue as interfaces de proteinas interagindo
permanentemente séo maiores.
Consequentemente, complexos proteicos com
interfaces maiores tendem a apresentar um
maior grau de mudanca conformacional apés
a ligacdo. Além disso, componentes de
complexos permanentes tendem a ser co-
expressos e mais estaveis. Esta estabilidade
gera uma pressao seletiva maior e em funcao
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disso, uma taxa evolutiva mais lenta.

Como serd j& discutido, interagdo
transitéria tende a ser date, isto &, as
proteinas podem se conectar em diferentes
tempos e a interagdo permanente tende a ser
party, isto é, conexdo proteica forte e cons-
tante.

As proteinas com conectores
permanentes existem somente em sua forma
complexada e sdo muito estaveis, enquanto
aquelas com  conectores  transitérios
possuem a capacidade de associacdo e
dissociacdo in vivo. Dentre as proteinas com
conectores transitérios, ha aquelas em que a
associagdo/dissociacdo é resultante de uma
conexdo com baixa afinidade, porém
constante (interacdes temporarias fracas) e
aquelas em que a associacdo/dissociacdo €

desencadeada por um processo ativo
(interacbes temporarias fortes) como, por

I

n

t

e

r

a

: 7. Fraca
o | Temporaria

P \—[Forte |
r

o

t

e

i

n

a

1

P

r

o |t [Permanere]

t

e

i

n

a
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Interagéo date

exemplo, uma mudanga conformacional
ocorrida em consequéncia de um fator
ligante.

A diferenca entre as interagbes acima
citadas € distinguida puramente pelas
propriedades da estrutura da interface pro-
teica, isto é, da superficie de contato das
proteinas. Essas propriedades conferem
afinidade e especificidade, e sdo determinadas
principalmente por forcas intermoleculares
como complementaridade estérica, forca
eletrostética, interacdo hidrofobica e ligagbes
de hidrogénio.

A complementaridade estérica otimiza
as interagcbes de van der Waals entre o
complexo. Normalmente, estas interacdes de
fraca energia ocorrem em funcdo da
polarizacdo transiente de ligagbes carbono-
hidrogénio ou carbono-carbono e, apesar de
fracas, sdo extremamente importantes para

Complementaridade estérica
Afinidade de ligagédo

Tamanho da interface

Hidrofobicidade
Mudanca conformacional apos ligagao
Interagéo party

Presséao seletiva

Co-expressao

Figura 27: Modelo esquemético representando os diferentes tipos de interacdes proteina-
proteina e as propriedades bioldgicas relacionadas. Quanto maior o tamanho da base e a
intensidade da cor do tridngulo, maior € a relacdo entre o modo de interacdo protéica e a

propriedade biolégica.

177


Silvia
Text Box
177

Silvia
Rectangle


24

7. Biologia de Sistemas

0 processo de reconhecimento intermolecular
pois crescem em intensidade com a area de
interagdo.  Complexos com  conexdes
permanentes exibem alta complementaridade
estérica nas proteinas em contato, enquanto
complexos com conexdes temporérias
demonstram baixa complementaridade.

Como as interagcbes de van der Waals,
as interacdes hidrofobicas sdo pontualmente
fracas e ocorrem em funcdo da interagéo
entre cadeias ou subunidades apolares. Os
complexos com conexdes permanentes
normalmente persistem no estado ligado,
sendo a forcga hidrofébica mais significativa. Ja
em conectores transitérios, a alta
hidrofobicidade se torna desfavoravel, pois
esses complexos permanecem ligados por
menos tempo.

As forcas de atracdo eletrostaticas séo
aquelas resultantes da interagdo entre
dipolos e/ou ions de cargas opostas e
representam forca significativa na interacao
proteina-proteina, podendo definir o tempo de
vida do complexo.

Dentre as forcas intermoleculares
discutidas acima, o fator dominante da
interacdo  permanente entre  proteinas
consiste nas interacbes  hidrofdbicas,
enquanto varias forcas participam de
interacdes temporarias entre proteinas. Além
disso, proteinas interagindo de forma
temporaria possuem interfaces que sé&o
menores em tamanho do que as interfaces de
proteinas permanentes, os aminoacidos que
compdem a interface e a proporgcdo de
residuos hidrofobicos nao diferem
drasticamente do resto da superficie proteica
e as interfaces sdo levemente ricas em
grupos polares neutros e em agua.

O tipo de interacdo também confere
graus diferentes de restricdo (pressdo
seletiva) na evolucdo da proteina. Proteinas
com interagdo permanente tendem a evoluir
em uma velocidade menor comparada a
proteinas que formam complexos
temporarios, bem como possuir pressao
seletiva maior e menor plasticidade em sua
sequéncia.

Evidéncias sugerem que o modelo

duplicacdo-divergéncia aplica-se a evolucao
das redes proteicas. Uma das predicdes é que
na duplicacdo das proteinas algumas ou todas
as conexdes podem ser herdadas da proteina
ancestral. Consistente com esta hipotese,
proteinas paralogas tendem a compartilhar
padroes de interagdo em uma frequéncia
maior do que a esperada ao acaso. No
entanto, tem sido proposto que depois que a
duplicacdo génica ocorre, as interacoes entre
as proteinas sdo rapidamente perdidas.
Portanto, duplicagcbes recentes sdo mais
provaveis por compartilhar interacdes,
comparadas a duplicagbes mais ancestrais.

Outra distincdo a cerca da interacao
proteica refere-se a interagdo funcional e
interacdo fisica. A interacdo funcional pode ou
ndo corresponder a uma interagdo fisica
direta em algum processo bioldgico. Assim,
na interacgéo fisica, a proteina A conecta-se a
proteina B e, na interagdo funcional, a proteina
A atua com a proteina B. Como exemplo de
interagdo funcional podemos imaginar dois
produtos génicos que interagem em uma
mesma via em um processo bioldgico, mas
ndo se conectam fisicamente.

O tipo de interacdo tem um papel
importante na determinacéao do
comportamento das proteinas. Como ja vi-
mos, hubs sdo proteinas envolvidas em um
grande numero de interagbes (altamente
conectadas) dentro de uma rede proteica.
Algumas proteinas hub sdo altamente co-
expressas com outras proteinas do modulo, o
qgque implica na existéncia de complexos
estaveis (permanentes). Outras proteinas
possuem expressao independente, sugerindo
a ligagdo com proteinas em diferentes
tempos, de modo transitorio. Esses hubs sé@o
classificados como party e date hubs,
respectivamente.

Na construcdo de redes proteicas, a
diferenciacé@o entre complexos permanentes e
transitorios tem importantes implicacdes. Por
exemplo, na prospeccédo de novos farmacos, a
alteragcdo do padrédo de interacdo entre
proteinas  temporarias por modulacdo
farmacolégica ocorre mais facilmente em
comparacdo a proteinas que formam
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complexos permanentes. Portanto, uma rede
de interacdo proteica ndo € um processo
estitico,b, mas sim corresponde a um
constante fluxo de informagdes. Por
conseguinte, na analise de dados de interagdo
proteina-proteina a  discriminacdo  das
caracteristicas da interacdo e/ou o0 uso de
centralidades de conectores € fundamental
para obter modelos mais realisticos.

Interacao entre proteina-acidos nu-
cléicos

Proteinas que se ligam a &cidos
nucléicos tém um papel central em todos os
processos regulatorios que controlam o fluxo
de informacdo genética. Por exemplo,
proteinas podem inibir, ativar e coordenar a
transcricdo do DNA, auxiliar e manter o
empacotamento e o rearranjo do DNA e o
processamento do RNA, coordenar a
replicacdo do DNA, promover a sintese de
proteinas e sinalizar o reparo do DNA, entre
outros.

Esses possiveis papéis fisioldgicos sao
determinados pela afinidade e especificidade
da interacdo DNA-proteina, que é a habilidade
da proteina em distinguir seu sitio de ligagdo
do restante do DNA. Estas propriedades
dependem de interacOes precisas entre a
sequéncia de aminoécidos da proteina e os
nucleotideos do sitio especifico de ligacdo do
DNA.

As proteinas que se ligam a acidos
nucléicos podem ser, de forma simplificada
separadas em trés grupos de acordo com a
funcao:

1) enzimas, onde a principal funcdo da

proteina é modificar a organizacdo do

acido nucléico, como no caso das
endonucleases, glicosiltransferases,

glicosilases, helicases, ligases,
metiltransferases, nucleases,
polimerases, recombinases,
topoisomerases, translocases e

transposases, entre outras;

i) fatores de transcricdo, onde a
principal funcdo da proteina é regular a
transcricdo e a expressao génica como

179

por exemplo, TFIIA, TFIIB, TFB, entre
outros;
iii) proteinas estruturais que liga 0 DNA,
gue tém como principal fungdo suportar
a estrutura e a flexibilidade do DNA ou
agregar outras proteinas, por exemplo,
proteinas  centroméricas, proteinas
envolvidas no empacotamento e na
manutencao/protecao do DNA,
proteinas de reparo, proteina envolvidas
na replicagdo e proteinas teloméricas,
entre outras.

A interacdo proteina-proteina também
€ necesséria para uma eficiente interacao
entre proteinas e &cidos nucléicos. A interacao
proteina-proteina com o DNA pode ocorrer de
trés modos de acordo com a dire¢do e o eixo
da dupla hélice do DNA (Figura 28):

i) a direcdo da interacdo entre as

proteinas e o eixo da dupla hélice é

perpendicular;

ii) a direcdo da interacdo da proteina é

paralela ao eixo da dupla hélice;

iii) ambos os modos de interagdo sao

observados a0 mesmo tempo.

Assim como na formacéo de complexos
protéicos, discutido anteriormente, a
formacdo de complexos DNA-proteina ou
RNA-proteina também envolve forgas in-
termoleculares, tais como van der Walls,
forca eletrostatica, interacdo hidrofobica e
ligagOes de hidrogénio.

A regido da proteina que reconhece a
sequéncia do &cido nucléico € denominada
motivo da proteina. Os motivos hélice-volta-
hélice, dedo de zinco e ziper de leucina sdo os
mais comuns encontrados nas proteinas que
interagem com &cidos nucléicos.

O motivo hélice-volta-hélice € um dos elementos
normalmente encontrados nos fatores de transcricéo
e nas enzimas de procariotos e eucariotos, sendo
formado por duas a-hélices conectadas por uma volta.
O motivo liga-se a cavidade maior do DNA e, em muitos
complexos, o contato direto é feito entre a cadeia de
aminoacido e a sequéncia de bases do acido nucléico.

J& o motivo dedo de zinco é encontrado
principalmente em fatores de transcricdo de
eucariotos. Um dedo de zinco é composto por duas
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Figura 28: Modos de interacdo proteina-proteina com a dupla hélice do DNA. A) perpendicular;
B) paralela e C) ambas as direcdes sédo observadas.

folhas B-pregueadas antiparalelas e uma a-hélice,
sendo o fon zinco fundamental para garantir a
estabilidade deste tipo de dominio. Subunidades
proteicas contém multiplos dedos de zinco que se
enrolam no DNA formando uma espiral, inserindo a o-
hélice na cavidade maior do DNA.

Fatores de transcricho de eucariotos e
procariotos também podem conter o motivo ziper de
leucina, encontrado em proteinas regulatorias. Esse
motivo é formado por duas a-hélice paralelas unidas
por residuos de leucina.

A estrutura do ziper de leucina pode ser
dividida em duas partes: a regido de dimerizagdo e a
regido de ligacdo ao DNA. A dimerizacdo é mediada
pela formacdo de uma estrutura enrolada na regido
carboxi-terminal de cada hélice com sete residuos de
leucina. A regido que se liga ao DNA, também
conhecida como regido basica, € encontrada na regiao
amino-terminal da hélice que se projeta na cavidade
maior do DNA. Embora motivos de diferentes familias
de DNA sejam similares estruturalmente, pouca
homologia é observada fora do motivo. Ha pouca
similaridade entre motivos de diferentes familias de
proteinas e esta variagdo permite, portanto, o
reconhecimento de diferentes conjuntos de sequéncias
de DNA. Além disso, a posicdo do dominio dentro da
cavidade maior do DNA também varia, refletindo a
necessidade funcional e estrutural de cada proteina.

A afinidade e a especificidade na ligagéo
de proteinas ao DNA ndo podem ser
enderecados somente a alguns residuos de
aminoacidos, mas o envolvimento de toda a
proteina deve ser considerado. Por exemplo, a

maioria das proteinas que se ligam ao DNA
possuem dominios desordenados que
contribuem para o reconhecimento do DNA
em varios niveis.

Proteinas com dominios desordenados sao
proteinas que ndo apresentam estrutura secundaria e
terciaria sob condicbes fisioldgicas e na auséncia de
ligantes naturais. Essas proteinas possuem alta
especificidade e baixa afinidade na interacdo, sé&o
capazes de interagir com mais de uma proteina e alvos
de modificagbes pos-traducionais, possuindo a
capacidade de manter sua funcdo mesmo em
ambientes extremos. Na interacdo com o DNA, o
dominio desordenado da proteina ndo é crucial a
formacdo do complexo, mas pode influenciar o
reconhecimento da sequéncia do DNA, conferindo
seletividade e afinidade de ligac&o.

Além da caracteristica das cavidades na
molécula de DNA, da presenca de motivos
especificos nas proteinas ou ainda da
ocorréncia de dominios desordenados, outros
fatores podem influenciar a interagdo do
DNA-proteina, tais como a flexibilidade e a
afinidade da proteina pelo DNA e presenca de
agua no meio.

Muitas proteinas séo flexiveis ao ponto
de alterar sua conformacdo quando se ligam
ao DNA, enquanto outras sédo conhecidas por
alterar a conformac@o do DNA ap0és a ligacéo.
A afinidade da interacdo entre o DNA e uma
proteina tende a estar relacionada a
relevancia funcional da proteina. Por exemplo,
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a afinidade de um fator de transcrigcdo por
seu sitio de ligacdo é proporcional a ativacdo
que ele exerce. Ainda, alguns contatos
mediados por agua foram observados entre
proteinas e o DNA, participando de redes de
ligacbes de hidrogénio que conferem
estabilidade ao complexo.

Interagdo entre proteinas e pequenos
compostos

Considerando-se que a interagao
proteina-proteina  normalmente  envolve
superficies relativamente grandes, pode-se
imaginar que moléculas menores ndo seriam
efetivas na modulacdo da ligacdo dos
complexos por apresentarem areas menores

e, por conseguinte, interacbes menos
intensas. Contudo, ao empregarmos
estruturas guimicas diferentes de

aminoacidos, podemos ndo sO compensar
esta reducdo na &rea de contato mas produzir
moléculas com afinidade maior do que os
proprios ligantes fisiologicos envolvidos do
processo de interesse.

Adicionalmente, estas moléculas de
baixa massa molecular tendem a apresentar
muitas vantagens terapéuticas em relagéo a
proteinas, dentre as quais se destaca sua
maior estabilidade metabdlica e consequente
maior  biodisponibilidade. @~ Podem  atuar
diretamente - via inibicdo da interface
proteina-proteina — ou indiretamente — via
ligacdo a um sitio alostérico que induz uma
mudanc¢a conformacional do alvo da proteina
ou da molécula associada.

A busca de novos farmacos deve levar
em conta o tipo de complexo protéico alvo. A
formacdo de complexos permanentes pode
ser considerada uma continuagdo do
enovelamento da proteina, sendo o
dobramento final das subunidades parte
deste processo. Assim, esse tipo de complexo
é menos propenso a modulacao
farmacolégica, sendo mais interessante
explorar o processo de dobramento em si
como alvo de pequenos compostos. Ja as
interfaces das proteinas de complexos
temporarios sdo alvos efetivos ao
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Figura 29: Dois principais mecanismos de
modulacdo da interacdo proteina-proteina
utilizando pequenos compostos. Diferentes
proteinas sdo apresentadas em preto e

amarelo. Pequenos compostos séo
apresentados em vermelho.

planejamento  de moduladores
terapéuticos.

Para que pequenas moléculas modulem
a interacdo proteica, estratégias tém sido
estabelecidas e dois principais mecanismos do
controle regulatério tém sido utilizados: a
inibicdo e a estabilizacdo (Figura 29). Das
estratégias mais exploradas, destaca-se a
inibicao da interacdo proteina-proteina.

O modo de acdo da maioria dos
inibidores de interagdo proteica é baseado na
ligacdo direta de uma pequena molécula a
superficie de interacdo da proteina ligante,
interferindo diretamente nos hot spots
criticos da interface e competindo com a
proteina original. Esse tipo de inibicdo é
conhecido como ortostérica. Na inibicdo
alostérica, pequenos compostos ligam-se a
sitios  diferentes, causando  mudanca
conformacional suficiente para interferir na
ligacdo da proteina ligante (Figura 28).

Pequenas moléculas estabilizadoras da
interagao proteina-proteina também
demonstram dois modos gerais de acao
Primeiro, um estabilizador pode ligar-se a
uma unica proteina, no qual aumenta a
afinidade de ligacdo mutua das proteinas do
complexo de um modo alostérico. Segundo, a
molécula estabilizadora liga-se a superficie do
complexo protéico, fazendo contato com
ambas as proteinas ligantes e aumentando a
afinidade de ligagdo mutua entre elas. Assim,

novos
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a inibicdo estabilizadora pode ser denominada
alostérica (ligada a uma proteina) ou direta
(ligada ao menos a duas proteinas).

A ativagcdo por pequenos compostos €,
normalmente, um processo mais intrincado pois, além
da ligacéo, € necessario o correto desencadeamento da
cascata de ativacdo. Compostos que induzem a
interacdo proteica sdo chamados de dimerizadores.
Inimeras vias de sinalizacéo celular iniciam a partir da
dimerizagdo proteina-proteina. A principal ideia do uso
de dimerizadores € a inducéo de interacao entre duas
proteinas por pequenas moléculas que levam a
ativacdo da via de sinalizacdo celular. Na literatura
cientifica foi observado que dimerizadores podem
induzir proliferacdo celular, transcri¢cdo e apoptose.

Perturbacdo dos conectores

Perturbacdes podem ocorrer em todos
0s sistemas, e em sistemas bioldgicos nao é
diferente. Nos interatomas, essas
perturbacdes podem variar desde a remocao
de um ou mais noés até a remocao de
conectores. Desta forma, as consequéncias
na estrutura e na funcdo do sistema irdo
diferir drasticamente dependendo do tipo de
perturbacédo ao qual a rede foi exposta. Como
exemplo, podemos imaginar uma rede de
proteinas que confere um fendtipo especifico
(Figura 30).

A remogdo do né ndo somente
incapacita a funcdo deste, mas também a de

Sem perturbagao Perturbagao no né6 6

outros nés, causando a ruptura nas vias de
todos os noés vizinhos. Uma perturbacdo no
conector, que remove uma oOu poucas
interacbes mas deixa o restante da rede
intacta e funcionando, pode ter efeitos mais
sutis no sistema, na&o necessariamente
alterando o fendtipo. Contudo, a consequéncia
do desarranjo da rede apds a remocao de nos
ou de conectores depende da importancia do
né e do conector a rede. Essas informacdes
de conectores e nés mais informativos de
uma rede podem ser obtidas, por exemplo,
pela andlise da resiliéncia e percolacdo da
rede, vista anteriormente.

A distincdo entre modelos de remocéo
de ndé e perturbacdo de conectores -
alteracdo interacdo-especifica e conector-
especifica  (edge-specific ou “edgetic”),
respectivamente - pode providenciar novas
pistas nos mecanismos basicos de doencas
humanas, tais como diferentes classes de
mutagbes que levariam a modos dominantes
ou recessivos de herancga genética.

Em uma rede proteica, a remocao de
um nd pode representar a remog¢do de uma
proteina, causado por uma mutacao critica no
gene que desestabiliza a estrutura da
proteina. J& a remocdo de um conector pode
representar uma mudanca especifica em
distintas intera¢Ges bioquimicas e biofisicas,
preservando certos dominios da proteina.

Em relagdo a genes envolvidos em
multiplas doencas, foi demonstrado que

Perturbacao no conector X  Perturbagéo no conector Y

D0 6® @ © @f
S
Yo Yo Ve g
¢ v ¢ v

Fenétipo selvagem Fenétipo 1

Fenoétipo 2 Fendtipo selvagem

Figura 30: Rede hipotética de proteinas relacionada a um fendtipo especifico representando
diferentes tipos de perturbacgédo e suas consequéncias. Neste exemplo o n6 5 e o conector entre
0s noés 5 e 1 sdo essenciais a manutencao do fenétipo selvagem.
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alelos edgetic responsaveis por diferentes
doencas consistem em distintas perturbacoes
edgetic que, por sua vez, tendem a estar
localizados em diferentes dominios de
interacdo proteica, conferindo fendtipos
diferenciados.

Pesquisadores analisaram cerca de 50.000 alelos
mendelianos associados a doencas genéticas
hereditarias e observaram que aproximadamente a
metade foi potencialmente edgetic. Nesta analise
foram consideradas delecbes e mutacdes truncadas
dentro dos dominios da proteina que grosseiramente
desestabilizaram a estrutura da proteina, como
remocédo de no; e mutagbes com alteragdo em quadro
de leitura que afetaram sitios de ligacdo especificos e
mutagdes truncadas que preservaram certos dominios
da proteina como perturbacdo edgetic. Alelos
truncados foram menos propensos a expressar
proteinas estaveis em comparacdo a alelos que
alteraram o quadro de leitura, podendo diferir doengas
hereditarias mendelianas envolvendo remogdo de né
versus perturbacéo edgetic.

Um alelo edgetic pode ser identificado pela falta
de um subconjunto de interacBes, quando possuem
defeitos nas interacdes provavelmente devido a
mudancas especificas dentro ou préximo a sitios de
ligagao da proteina ou quando fenétipos in vivo diferem
daqueles causados por perturbacdes nulas (genotipos
nulos).

Dependendo da rede, o fenbmeno de
perturbacdo de um Unico conector pode ser
mais provavel do que da remocdo de um no.
Dependendo do conector rompido, o impacto
a rede pode ser maior, pois diferentes
conectores (interacdes) tém diferentes niveis
de importéncia (vulnerabilidade). Conectores
com alto valor de edgebetweenness podem
causar fragmentacdo da rede em
componentes desconectados, caso sejam
rompidos, como por exemplo no caso de
conectores entre clusters. Esse tipo de
conector é assim chamado de cut-edge. Ja

conectores com baixo valor de
edgebetweenness, quando eliminados da
rede, podem ser substituidos por vias

alternativas, como por exemplo no caso de
conectores dentro de clusters. Assim,

conectores interclusters tendem a ser mais
vulneraveis quando comparados  aos
conectores intraclusters em uma
determinada rede.

7. Conceitos-chave

Assortatividade: tendéncia de nds interagirem com ndés
similares a ele mesmo.

Betweenness: pardmetro que estima a relacdo entre
dois nés, ou seja, leva em consideracdo a
guantidade de caminhos mais curtos que passa
entre eles.

Biologia de sistemas: area da bioinformatica que estuda
sistemas moleculares complexos e como as
moléculas interagem entre si.

Caminho: seqiiéncia consecutiva de n6s em um grafo
sem repeticdes, estando cada né adjacente
interligado por um conector.

Caminho geodésico: definido pela via mais curta dentro
de uma rede entre dois nds quaisquer.

Circuito: sequéncia de nos sem repeticdo com um
conector entre cada par de nos adjacentes na
sequéncia, onde o nad inicial coincide com o no fi-
nal.

Clique: é definido como um grafo com alta conectivida-
de entre seus elementos integrantes. Sendo as-
sim, clique também ¢é considerado um sinénimo
de cluster.

Closeness: valor que indica os caminhos mais curtos
entre um n6 n e todos os outros nds da rede,
uma tendéncia de aproximacgdo ou isolamento
de um no.

Complexo protéico: grupo de proteinas formado pela
associagdo de duas ou mais cadeias
polipeptidicas.

Comprimento do caminho: definido pelo ndmero de
conectores que definem o caminho, ou entdo,
pelo nimero de ndés da sequéncia menos um.
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Conector Cut-edge: conector que quando rompido
causa fragmentacéo da rede.

Date hubs: sdo hubs que se ligam a diferentes
proteinas em diferentes moddulos (inter-
modulo), ou seja, diferente tempo e/ou espaco,
consequentemente, apresentado um papel
global na rede.

Desassortatividade: tendéncia de nés interagirem com
nos diferentes dele mesmo.

Diametro: indica a distancia entre os dois nds mais
afastados entre si de uma rede. Sendo assim,
definimos que uma rede possui um alto
diametro quando a distancia geral entre os nés é
muito ampla. Quando a distancia entre os nos é
pequena, entdo o diametro é baixo.

Dimerizacgao: corresponde a unido de dois mondmeros,
formando um dimero. Ou seja, é a formacédo de
uma molécula a partir de duas moléculas
menores.

Dimerizadores: compostos que induzem a dimerizacéo,
neste caso a interacéo proteica.

Distribuicdo de Poisson: distribuicao aplicada a proba-
bilidade de ocorréncia de um evento em deter-
minado intervalo de tempo.

Edgebetweenness: parametro que indica o nimero de
caminhos mais curtos entre pares de nos que
percorrem um determinado conector.

Edgetic: perturbagdo causada em um conector
especifico, portanto em uma interagao
especifica na rede.

Forcas intermoleculares: forca que mantém as

moléculas unidas durante a interacéo.

Gargalo (bottleneck): proteina que apresenta alto grau
de betweenness.

Grau de no (node degree): parametro referente a
guantidade de noOs adjacentes (diretamente
conectados) a outro determinado né.

Hipergrafo: rede caracterizada pela presenca de
hipervertices.

Hipervertices: Conectores que interligam ndos que
apresentam propriedades distintas nos hiper-
grafos.

Hot spot proteico: locais essenciais da interface com
alta afinidade de ligacao.

Inibicdo alostérica de uma proteina: na inibigdo
alostérica, pequenos compostos ligam-se a
sitios diferentes, causando mudanca
conformacional suficiente para interferir na
ligacdo da proteina ligante.

Inibicdo ortostérica de uma proteina: inibicdo causada
pela ligacdo direta de uma pequena molécula a
superficie de interacdo da proteina ligante,
interferindo diretamente nos hot spots criticos
da interface e competindo com a proteina
original.

Interface proteica: area através da qual as

macromoléculas se comunicam e exercem sua

funcionalidade.

Modularidade (clusterizacao): padrdes de
conectividade, onde seus elementos
constituintes estdo agrupados em subconjuntos
altamente conectados.

Motivo proteico: associacdo de estruturas secundarias
da proteina formando estruturas terciarias

Multiconector, interagdes: quando ha dois ou mais
conectores ligando os mesmos nés na rede em
redes direcionadas

Multidigrafo: rede direcionada com a presenga de
multiconectores.

“Mundo pequeno”, efeito: define que existe um caminho
minimo entre um né de origem e um no de
destino.

Ontologia génica: tipo de analise que tem como funcéo,
em uma rede de interacdo proteina-proteina,
agrupar proteinas que fagcam parte de um
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mesmo processo bioldgico

Party hubs: proteinas altamente ligadas dentro do seu
proprio médulo (intra-moédulo), ou seja, ligacdo
no mesmo tempo e/ou espaco.

Pleiotropico, efeito: proteinas pleiotropicas séo aquelas
gue apresentam multiplos efeitos em um siste-
mas biologico.

Rede: representacao grafica da interacdo entre nés por
meio de vértices.

Rede bipartida: existe uma particdo da rede, por
exemplo, particdo A e particdo B, sendo os nés
presentes na particdo A adjacentes apenas a nés
da particéo B, e vice-versa.

Rede direcionada: apresentam conectores que
direcionam o fluxo da informacdo em uma
direcéo.

Rede ndo direcionada: os conectores desta rede nao
apresentam uma direcéo orientada.

Rede ponderada: sdo redes que se caracterizam pela
presenca de atributos associados a conectores e
nos.

Resiliéncia: capacidade de uma rede a tolerar a delecéo
de seus nos por falha ou ataque.

Taxa evolutiva: medida das mudancas ocorridas numa
entidade (gene, proteina, organismo, populacéo)
evolutiva ao longo do tempo.

Teoria da Percolacdo: tem por objetivo investigar o
comportamento das propriedades de

conectividade de uma rede.

Topologia de redes: estrutura e disposicdo de conexdes
entre 0s nos.

Vulnerabilidade do conector: grau de importancia do
conector.
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