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RESUMO

A regido promotora € uma sequéncia de DNA localizada anteriormente a uma
regido codificante e é responséavel por iniciar o processo de transcricdo. Deste modo,
atua como um elemento regulador. O estudo da regulacdo da expressdo génica
auxilia na compreensao da maquinaria vital dos seres vivos, no conhecimento sobre
a funcionalidade dos genes em diferentes espécies, na resposta celular frente as
mudancas ambientais, entre outras questdes. Embora os métodos computacionais
para a predicdo de genes possuam uma boa acuracia o mesmo ndo € conseguido
para os promotores. Esta dificuldade se deve ao tamanho reduzido do promotor e ao
padrdo pouco conservado, 0 que gera resultados com alto numero de falsos
positivos. Esta tese teve como objetivo a utilizagcdo de Redes Neurais Artificiais na
predicdo, caracterizacdo e reconhecimento de promotores de bactérias Gram-
negativas. Diferente de outros trabalhos, a predicdo realizada néo foi limitada
apenas aos promotores dos genes constitutivos; foi realizada também para as
demais classes de sequéncias promotoras. Além da abordagem classica utilizando a
composicdo de nucleotideos foram empregados os valores de estabilidade da
sequéncia. De modo a otimizar o aprendizado da Rede Neural e implementar uma
ferramenta propria para a predicdo de promotores, foram extraidas regras de
inferéncia (baseadas no conhecimento produzido durante o treinamento da rede)
gue foram ponderadas e implementadas em uma nova ferramenta, chamada BacPP.
Até o presente, os resultados obtidos com o BacPP foram satisfatorios e
comparaveis com a literatura. Os valores de exatiddo obtidos com o BacPP para os
fatores 0%, 0%, 0%, 0, 0> e ¢’ de E. coli foram, 86,9%; 92,8%; 91,5%; 89,3%;
97,0%; 83,6%, respectivamente. Quando a ferramenta foi aplicada em promotores
pertencentes a outras bactérias Gram-negativas, a exatiddo geral foi de 76%.
Considerando a importancia da predicdo de promotores e a auséncia de banco de
dados com informacgdes para outras bactérias, implementou-se o IntergenicDB, um
banco de dados com diversas informacdes sobre as sequencias intergénicas e o
valor de classificacdo destas para os diferentes fatores ¢ bacterianos, conforme os

resultados obtidos com o BacPP.
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ABSTRACT

The promoter region is located some few base pairs before a coding region. It
is responsible for initiating gene expression process, thus, it can plays a regulatory
role. The study about gene expression regulation can assist mainly in the
comprehension of complex metabolic network presented by several organisms and
cellular answer considering the environment changes. The computational methods to
gene prediction have a good accuracy, but this is not achieved in promoter prediction.
This difficulty occurs because of the length of the promoter and its degenerate
pattern. Those features can explain results with a great number of false positives
present in the literature. The present thesis has as its main goal the neural networks
applied to Gram-negative promoter prediction, recognition and characterization.
Beside the classical approach with the nucleotides of the sequence, the prediction
was also made by using stability values. Aiming at developing a own tool for bacterial
promoter prediction, the rules extraction was carried out and the results were
weighted and implemented. This tool, named BacPP, presents results comparable
with the related literature. Currently, the BacPP specific accuracy for 0?4, 6%, 0%, 0%,
o> and ¢ were 86,9%; 92,8%; 91,5%; 89,3%; 97,0%; 83,6%, respectively.
Furthermore, when challenged with promoter sequences belonging to other
enterobacteria BacPP maintained 76% accuracy overall. Currently, there is no
databases dedicated for other Gram-negative promoter than E.coli. For this reason,
IntergenicDB was modeled and implemented. This database was projected to collect
several pieces of information about the sequences and the organisms to which they

belong and, the classification results originated from BacPP for each sequence.
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1 INTRODUCAO

Os fenbmenos biolégicos sdo muito complexos e requerem a integragcédo de
muitas areas do conhecimento para a comprovacdo ou refutacdo de hipoteses. A
interface interdisciplinar mais antiga (e talvez a mais conhecida) entre a Biologia e as
Ciéncias Exatas € a Bioestatistica. Gradualmente nos ultimos anos, a Biologia tem
utilizado, as ferramentas proporcionadas pela Informatica e pela Mateméatica para a
resoluc@o de problemas nos mais diversos campos: desde a Genética até a Ecologia
(BARRERA et al., 2004).

Um dos maiores desafios da era pés-gendmica € a determinac¢do de quando,
onde e como 0s genes sao “ligados” e “desligados”. A diferenca entre duas espécies
estd muito mais relacionada com a transcricdo de seus genes do que com a
estrutura destes em si. Assim, o estudo da regulacdo génica contribui para a
construcdo do conhecimento a respeito da funcionalidade dos genes em diferentes
espécies, na questdo da diferenciacdo celular em organismos multicelulares, na
resposta celular frente as mudancas ambientais, entre outras questdes (HOWARD e
BENSON, 2003; COTIK et al., 2005).

Dentre as sequéncias de DNA que atuam como reguladoras da expresséo
génica estao incluidas as regides promotoras. De uma maneira simplificada, pode-se
dizer que estas localizam-se anteriormente a regido codificante e interagem com a
enzima RNA polimerase (RNAp), desencadeando o0 processo de transcricao
(LEWIN, 2008). Fazendo uma analogia, os elementos downstream (como 0s genes)
representam a memoria de um computador e os elementos upstream (como 0s
promotores) 0s programas que atuam nesta memoéria. Assim, o estudo dos
promotores pode prover modelos sobre a constituicdo do “programa” e de como este
opera (HOWARD e BENSON, 2003).



Em organismos procaridticos, a holoenzima RNAp é formada por cinco
subunidades e uma subunidade adicional (que se liga de forma transitéria) chamada
fator sigma (o). A colecdo de diferentes o € responsavel pela ligacdo da RNAp em
determinadas regides dos promotores e a consequente expressao de genes
especificos de resposta as mudancas ambientais. Os fatores o sdo nomeados
conforme seu peso molecular (0%, 0%, 0*, 0%, 0> e ¢’°) e estdo relacionados com
determinadas funcGes metabdlicas e/ou fisiologicas. Por exemplo, ¢* e ¢*
desempenham papel na resposta ao estresse por choque térmico, o?® esta
associado com a expressdo de genes produtores de cilios e flagelos, o> esta
envolvido na fixacdo de nitrogénio e o’ esta relacionado com a expressdo de genes
constitutivos (LEWIN, 2008).

A regido promotora possui locais especificos e com certo grau de
conservagao, que auxiliam no reconhecimento e na ligacdo da RNAp nesta regido.
Além destes locais, 0s promotores possuem algumas caracteristicas estruturais
préprias, diferentes das regibes ndo-promotoras, que podem ser incorporadas nos
estudos destes elementos, tais como a deformabilidade, estabilidade e a curvatura.
(KANHERE e BANSAL, 2005a; KOZOBAYAVRAHAM et al., 2008).

As técnicas moleculares para a identificacdo de promotores sdo custosas e
consomem muito tempo, 0 que permite que as abordagens in silico ganhem
aplicabilidade (TOWSEY, 2008). As mais variadas abordagens computacionais tém
sido empregadas para reconhecer estas regides e predizer se uma regiao é ou nao
promotora. Dentre estas técnicas, pode-se destacar Analise Probabilistica,
Reconhecimento de Padrbes e Aprendizado de Maquina (AM). Embora haja
progressos na predicdo e analise de promotores, estes ainda estdo longe de possuir
uma alta acuracia (RANI et al., 2006).

A maioria dos trabalhos relacionados sdo aplicados apenas as sequéncias
promotoras reconhecidas pelo fator ¢°. Esta tese tem como tema a aplicacdo de
Redes Neurais Artificiais (RN) na predicdo, reconhecimento e caracterizacdo de
regides promotoras procariéticas conforme o fator o que as reconhece. Além da
composicdo de nucleotideos (nt), suas propriedades estruturais (valores de

estabilidade) foram utilizadas no treinamento da RN.

A partir da analise dos resultados obtidos, com as simulacdes de RN, foi

realizada a extracdo de regras a partir das arquiteturas treinadas para cada fator o.



A extracao de regras é um elemento importante no levantamento de hipéteses pois
permite a visualizacdo de como ocorreu 0 processo de aprendizagem pela rede,
uma vez que verifica-se quais elementos da sequéncia possuem um papel
determinante no seu reconhecimento como promotora (ANDREWS et al., 1995). As
regras foram ponderadas e implementadas em um programa de predicdo de
promotores procariéticos, chamado de BacPP. Ao analisar uma determinada
sequéncia, o programa atribui um valor de classificacdo para os fatores o
bacterianos descritos neste trabalho. Considerando a falta de informagbes sobre
outras bactérias Gram-negativas, surgiu a necessidade da implementacdo de uma
base de dados relacionada (TOWSEY et al.,2008). O IntergenicDB foi modelado
para armazenar informacOes relevantes sobre a estrutura e bibliografia das
sequéncias intergénicas de bactérias Gram-negativas, além de armazenar 0s

valores de predicéo obtidos com a ferramenta BacPP.

O presente trabalho esta organizado em 4 secdes principais. A secdo 3 €
constituida de uma revisdo bibliografica geral, na qual sdo apresentados os
conceitos bioldgicos e computacionais relevantes para a compreensdo de como 0s
resultados foram obtidos. Uma visdo geral da metodologia é apresentada na secao
4, sendo que os detalhes da metodologia sdo apresentados nos capitulos da secéo
dos resultados. A secdo 5, mostra os resultados na forma de artigos cientificos

publicados e/ou a serem submetidos a publicacdo em periddicos cientificos.



2 OBJETIVOS

O objetivo geral deste trabalho é reconhecer, predizer e caracterizar regides
promotoras de diferentes bactérias gram-negativas, integrando dados fisico-
guimicos da molécula de DNA com a composi¢cao da sequéncia por meio de uma

abordagem de Redes Neurais Artificiais.

2.1 OBJETIVOS ESPECIFICOS

- Preparar os dados de entrada para a realiza¢ao do treinamento;

- Determinar a melhor arquitetura de RNs para a identificacdo de regides
promotoras de acordo com o fator o que reconhece a sequéncia, utilizando a

informacdo dos nt e/ou estabilidade da sequéncia;

- Extrair regras de cada RN treinada para compreensdo dos mecanismos

utilizados no reconhecimento de promotores;

- Desenvolver uma ferramenta prépria para a predicdo de promotores com

base no aprendizado da RN;

- Aplicar a ferramenta desenvolvida em regides intergénicas de bactérias

Gram-negativas;

- Criar de um banco de dados de possiveis promotores procariéticos utilizando

diferentes metodologias disponiveis;



3 REVISAO BIBLIOGRAFICA

O DNA ou é&cido desoxirribonucléico € a molécula universal mais empregada
no armazenamento da informacdo genética (DE ROBERTIS, 1993). Os genes séo
um segmento da molécula de DNA gue contém a informacdo necesséaria para a
codificacdo de seus produtos. Na maioria das vezes, estes produtos séo proteinas
gue realizam uma funcéo especifica na célula: estrutural, regulatéria ou catalitica. O
controle de qual gene deve ser expresso em um determinado momento compreende
um conjunto de mecanismos que torna este processo complexo até mesmo para
organismos unicelulares, como as bactérias. Este processo € conhecido como
regulacéo da expressao génica.

O estudo de promotores é um dos aspectos fundamentais para a
compreensao da expressao génica. Ainda que os promotores sejam de importancia
indiscutivel, a habilidade em identifica-los € menos desenvolvida que a de encontrar
regides codificantes. A maior dificuldade no seu reconhecimento in silico é que sua
sequéncia é muito curta e ndo apresenta-se completamente conservada (HOWARD
e BENSON, 2003; BURDEN, et al., 2005, KANHERE e BANSAL, 2005b;
SIVARAMAN et al., 2005).

As proximas secdes descrevem o processo de transcricdo dos genes em
organismos procariotos, o papel do promotor para o seu desencadeamento e as
abordagens in silico para a predicdo de sequéncias promotoras, sendo que esta
secdo foi submetida para publicacdo como capitulo de livro. Além disso, séo
apresentados os fundamentos sobre as RNs, ja que estas foram escolhidas como a

técnica de AM da metodologia deste trabalho.



3.1 OS PROMOTORES E A TRANSCRICAO DOS GENES

Quando um gene é expresso, sua informacao é copiada na forma de acido
ribonucleico (RNA) que por sua vez, dirige a sintese dos produtos elementares dos
genes. Este processo € denominado como dogma central da Biologia Celular, que

pode ser visualizado na Figura 3.1.

DNA

POOVOVHVHC
Replicagéo
a0

Transcrigdo QL, ,Vl'

f}%@f%ﬂ Dd

Tradugdo tRNA
mRANA

Rikossomo

mRMNA, Y

Prgtelra Desenvolvimento da cadeia de
aminoaddos da proteina

Figura 3.1: Dogma central da biologia molecular (LEWIN, 2008).

A iniciacdo da transcricdo dos genes inicia quando a enzima RNAp liga-se em
sequéncias especificas do DNA, denominadas de promotores. Em E. coli, a ligacao
da RNAp ocorre dentro de uma regido que se estende desde cerca de 70 pares de
base (pb) antes do sitio de inicio da transcricdo (TSS) até cerca de 30 pb além dele.
Por convencédo, os pb de DNA que correspondem ao inicio de uma molécula de
RNAmM recebem numeros positivos, sendo esta parte do DNA denominada de regido
downstream. Ja a regido upstream corresponde aos nt que precedem o sitio de

inicio da transcricao recebem numeros negativos (Figura 3.2).



Regizo promotora

------ OATIO- FRED - FOODE

-12 0 9 3

Regi%o upstream Regifo downstream

Figura 3.2: Representacao da regido promotora para uma unica fita de DNAem E.
coli. (BURDEN et al., 2005-modificado).

A enzima RNAp desempenha um importante papel no inicio da transcrigdo
como reconhecedora das sequéncias promotoras. Ela contém cinco unidades
basicas: duas subunidades a, uma subunidade (3, uma ' e uma subunidade w.
Essas cinco subunidades formam o core da RNAp. Além destas, h4 uma subunidade
designada fator g, que liga-se transitoriamente ao core e direciona a enzima para
sitios de ligacéo especificos do DNA. Quando o fator o esta associado a RNAp, ela
passa a ser chamada de RNAp holoenzima. Na Tabela 3.1, estdo as subunidades da
RNAp, seu gene codificante e sua funcdo no processo de transcri¢cdo e na Figura 3.3

encontra-se um esquema desta enzima.

Tabela 3.1: Descricdo das subunidades da RNA polimerase holoenzima de E. col.
(LEHNINGER et al., 2007).

Subunidades Func&o na RNAp

a Ligacao a proteinas regulatorias

Befp Atividade catalitica

o Reconhecimento do promotor e especificidade

Q Acréscimo na forca de associacdo entre as subunidades

Movimento da enzima
Ponto de —

reenrolamento Fita codificadora do DNA

Ponto de
\ desenrolamento

Fita de DNA molde
Sitio catalitico
Sitio de ligacao do RNA

Figura 3.3: Esquema da RNAp de organismos procariotos (LEWIN,2008).



Existem diferentes tipos de fatores ¢ (Tabela 3.2) que podem se ligar com o
core da RNAp, sendo cada um associado a uma classe de promotores que regulam
a expressao de um determinado conjunto de genes necessarios em um dado

momento celular.

Tabela 3.2: Fatores o de E. coli (LEWIN, 2008).

Fator 0 Nome do Gene Funcéo Consenso -35 separador -10*
28 fliA Producéo de cilios e flagelos CTAAA 15 pb GCCGATAA
32 rpoH Estresse por choque térmico CCCTTGAA 13-15pb CCCGATNT
38 rpoS Resposta a estresse TTGACA 16-18pb TATACT
54 rpoN Assimilacao de nitrogénio CTGGNA 6pb TTGCA
70 rpoD Sigma constitutivo TTGACA 16-18pb TATAAT
24 rpoE Estresse por choque térmico  GGAACTT 15pb GTCTAA
H sigH Estresse osmotico AGGANPUPu 11-12 GCTGAATCA

'Somente para 64, a regido consensual se localiza centrada nos nt -12 e -24. Na sequéncia consensual, N

significa qualquer nucleotideo e Pu significa nucleotideo de base purica.

Um promotor procaridtico tipico para ¢ é constituido de 3 regides
caracteristicas: uma sequéncia de 6 nt (hexamero) centrada em —35 do ponto inicial
de transcricdo (+1), outro hexamero centrado em —10 e a sequéncia que separa 0s

hexameros (espacador), conforme ilustrado na Figura 3.4.

Regido -35 Regido -10

TTGACA TATAAT
Figura 3.4: Promotor procariético reconhecido pelo fator "°(LEHNINGER et al., 2007).

Andlises e comparacdes das sequéncias da classe mais comum de
promotores bacterianos (reconhecidos pela RNAp holoenzima contendo ¢’°) revelam
semelhancas nos dois hexameros citados anteriormente. Embora as sequéncias nao
sejam idénticas para todos os promotores bacterianos, certos nt comuns em
determinadas posi¢cdes formam uma sequéncia consenso (Figura 3.5). O modelo
biologico padréo para estes promotores € a sequéncia TTGACA para a regiao -35,

TATAAT para a regido -10 e um espacamento entre estes hexameros de 16-18 nt.

Muitas linhas independentes de pesquisa atestam a importancia funcional das
sequéncias -35 e -10 (LEHNINGER et al., 2007; KALATE et al., 2003; KANHERE e

BANSAL, 2005a). O hexamero -35 funciona como sinal para reconhecimento pela



RNAp e o hexdmero -10 permite converter o complexo fechado em complexo aberto.
Além disso, a distancia entre eles parece ser relevante, apesar do tamanho variavel
e da falta de conservacao (LEWIN, 2008).

RMNA polimerase
({enzima cerne)

Transcrigao

% " Sigma | A Inicio do mRNA
7 '
s .
1 TTAACT GCA
2 TAGAGT A
3 A
4
5 ] TAGAAT Al
6 G
Sequéncia -35 “Pribnow box"
Consenso  [RECENE

Sequéncia promotora

Figura 3.5: Promotores tipicos de E. coli reconhecidos pela RNAp holoenzima ¢
(MADIGAN, 2010).

Variagbes na sequéncia consenso podem afetar a eficiéncia da ligacdo da
RNAp. Uma mudanga em apenas um pb pode diminuir a velocidade de iniciagdo em
varias ordens de grandeza. A sequéncia do promotor, desta forma, estabelece um
nivel basal de expressao dos genes, sendo considerado um promotor forte aquele
mais perto da sequéncia consensual e um promotor fraco aquele que possui mais de
trés nt diferentes do consenso (LEWIN, 2008). No entanto, alguns promotores
procaridticos permanecem funcionais mesmo na auséncia da regido -35. Estes
promotores possuem uma regido chamada -10 estendida (duas bases extra no
hexamero -10). Ainda é incerto se o hexamero -10 estendido € um antecessor do
promotor bipartido ou vice-versa. A explicacdo para a origem dos promotores
bipartidos ainda é desconhecida. A informacéo da regido -10 estendida € importante
para o bom funcionamento da RNAp e esta informacéo foi realocada na regido -35
(HOOK-BARNARD et al., 2006; SHULTZABERGER et al., 2007).

A transcricdo possui dois momentos principais, cada um com multiplas etapas.

O inicio do processo ocorre quando a RNAp holoenzima se liga ao promotor,
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formando um complexo fechado do promotor — RPc — no qual o DNA ligado esta na

forma de fita dupla. Apds, ha a formacdo do complexo aberto — RP  — onde o DNA

desta regido esta parcialmente desenrolado. Em seguida, inicia-se a transcricdo
deste complexo (etapa de transcricdo absortiva) e ap0s a insercdo dos dois
primeiros nt na molécula de RNA transcrita. O término da transcricdo ocorre quando
€ encontrada uma sequéncia de nt denominada de regido terminadora. Este

processo estd ilustrado na Figura 3.6.

Apesar da simplicidade com a qual os livros de Biologia Molecular (LEWIN,
2008; LEHNINGER et al., 2007) descrevem os promotores, percebe-se em trabalhos
experimentais como os de Naryshkin et al (2000), Burgess e Anthony (2001),
Murakami et al. (2002), Toulokhonov e Landick (2006), Borukhov e Nudler (2007),
gue a interacdo entre a enzima e a sequéncia promotora € um processo complexo,

gue envolve a interacéo de varios locais da RNAp com a sequéncia.

-35 -10 Inicio

1. A RNA polimerase inicialmente
contacta a sequéncia -35

2. O complexo fechado forma-se
sobre a regiao do promotor

3. A desnaturacao na regiao -10 converte
o complexo para a forma aberta

Figura 3.6: Etapas da iniciagdo da transcrigdo de E. coli (LEWIN et al., 2008).

Outros fatores além das pontes de hidrogénios e proteinas ligantes regulam o

reconhecimento da sequéncia alvo em promotores. Como sugestdes iniciais tém-se
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as propriedades fisicas do DNA, tais como susceptibilidade a DNasel,
deformabilidade, estabilidade e curvatura (GONI et al., 2007). Existem diferencas
estruturais entre as regides upstream (onde localiza-se a regido promotora) e
downstream (onde localiza-se a regido codificante) que podem ser consideradas
para melhorar a predicdo das sequéncias promotoras e caracteriza-las. E muito
dificil acreditar que apenas 0s motivos consensuais sejam 0S responsaveis pela
interacdo RNAp-promotor, ja que estes motivos sdo pequenos e ndo completamente
conservados. E possivel que as sequéncias vizinhas a estes motivos também
estejam envolvidas neste processo de interagdo RNAp-promotor (KANHERE e
BANSAL, 2005a; RAMPRAKASH e SCWARZ, 2007).

A importancia destas propriedades para os promotores e para 0 processo de

transcricdo esta relacionado com a formacéo do RP,, que envolve a separacdo das

fitas de DNA. Esta separacdo € um processo termodinamicamente desfavoravel e
ocorre sem nenhuma ajuda energética de fonte externa. Aqui, a pouca estabilidade
da sequéncia promotora pode auxiliar no inicio de separacdo das fitas. Trabalhos
como os de, Jauregui et al. (2003), Kanhere e Bansal (2005a, 2005b) e Ramprakash
e Scwarz (2007) mostram que as regides promotoras S80 menos estaveis que as
regides génicas. Outra propriedade, como a curvatura, pode ser definida como a
dupla fita curvada em um axis helicoidal. Muitas sequéncias, de organismos
eucariotos e procariotos mostram que as regides upstream sdo mais curvadas que
as regides codificantes (BORUKHOV e NUDLER, 2008). Ja a deformabilidade,
refere-se ao afrouxamento com o qual a molécula pode realizar uma curva em
alguma direcdo. Sabe-se que a deformabilidade é importante para a ligacdo de
fatores de transcricdo e evidéncias experimentais sugerem que a sequéncia
promotora se enrola ao redor da RNAp (KANHERE e BANSAL, 2005a, 2005b;
RAMPRAKASH e SCHWARZ, 2007; KOZOBAY-AVRAHAM et al., 2008). Muitos
estudos mostram que a deformabilidade e a curvatura tem papel no mecanismo de
transcrigcao, entretanto estes mecanismos ainda nao séo totalmente compreendidos.
Na analise de promotores, algumas questdes permanecem sem respostas com
respeito a curvatura do DNA: a curvatura € um componente essencial e integral dos
promotores? Ela pode ser usada como caracteristica discriminante entre promotores
e outras sequéncias?(PANDEY e KRISHNAMACHARI, 2006).

A flexibilidade da fita de DNA é outra caracteristica fisica da sequéncia. O
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trabalho de Thiyagarajan et al. (2006) verificou que na regido consensual dos
promotores de E. coli ha dois nt flexiveis entre dois néo flexiveis, sendo esta uma
caracteristica determinante da regido -10 para determinar a forca de expressao de
um determinado promotor, talvez pela influéncia de formagé&o do complexo aberto do

promotor.

Apesar destas evidéncias em relacdo a estrutura da sequéncia promotora,
estas informacdes ndo sdo amplamente utilizadas na predicdo e reconhecimento
dos promotores, conforme descrito nas proximas sec¢des, que apresentam o0s
principais trabalhos referentes a analise de promotores procarioticos in silico. A
literatura apresenta muitas abordagens para o reconhecimento e predicdo de
promotores. Dentre estas pode-se citar: (i) metodologia baseada em sinal, que opera
no reconhecimento de sinais relativamente conservados através de alinhamento e
homologia entre promotores previamente identificados; (i)) AM, que usa conjunto de
informacgdes estruturais e funcionais disponiveis sobre as sequéncias promotoras
para “aprender” a reconhecé-los automaticamente e produzir hipoteses relevantes
sobre estas sequéncias. Aqui, encontram-se as metodologias de RNs e Support
Vector Machines (SVM).

A seguir, estdo apresentados o0s principais métodos computacionais
encontrados na literatura de predicdo de promotores acompanhados da discussdo
das implica¢des que tornam este campo de pesquisa ainda latente.

3.2 RECONHECIMENTO BASEADO EM SINAL

A metodologia de reconhecimento de promotores baseado em sinal emprega
principalmente a comparacéo do conteudo de diferentes sequéncias promotoras. Os

trabalhos classicos e alguns mais recentes estao apresentados a seguir.

3.2.1 Matriz de Posi¢cdes Ponderadas

A metodologia de matriz de posi¢cdes ponderadas (MPP) consiste em alinhar
um conjunto de sequéncias identificadas previamente como promotoras e pesquisar
por regides conservadas em seu conteldo. Conforme Hertz e Stormo (1999), as
matrizes de posi¢cdes ponderadas assumem que cada linha corresponde a um dos
nt e cada coluna a um alinhamento. Os elementos da matriz sdo os pesos utilizados

para pontuar uma sequéncia teste, conforme uma medida que quantifica a aderéncia
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ao modelo. A pontuacdo é dada pela soma dos pesos de cada letra alinhada em
cada posicao (Figura 3.7).

a) Matriz de Alinhamento b) Matriz de Pesos
AATTGA
AGGTOCZC
AGGATG
AGGCGT

1 2 3 4 5 6 (ni ¥ P‘) f(N +1) fi 1 2 3 4 5 6

alt 1010 1]0 shn—, [12] 0 -16 0 -16 0

clo o o 1 1 1 F Pl' C |16-16-16 0 0 [0

Glo 3 3 0 21 =~ G |-1.6[56)[56]-1.6[39] o

TJo 0o 1 2 1 1 T J16-16 0 [59 0 0
Cikigerisa; A 9 QT SN SequénciaTeste: A ¢ ¢ T ¢ C

Figura 3.7: Exemplo da transformacdo da matriz de alinhamento para a matriz
de posi¢cOes ponderadas para a sequéncia teste AGGTGC.

A transformacéo ilustrada na Figura 3.7, foi criada a partir da formula 3.1:

(ny + pi) /(N +1) i fij

Di Di

, 3.

No exemplo mostrado (Figura 3.7), em (@) estd uma tabela de alinhamento
para os 4 hexameros localizados no topo da figura. Embaixo da matriz esta a
sequéncia consenso correspondente ao alinhamento (N indica que néo ha
nucleotideo preferencial). Apés a aplicacdo da formula 3.1, foi gerada a matriz de
pesos (b), derivada da matriz de alinhamento (a). Os numeros destacados sdo 0s
responsaveis pela pontuacao global da sequéncia (Hertz e Stormo, 1999).

Jaques et al. (2006), desenvolveu uma nova abordagem de predicdo de
promotores com base nas matrizes de representacdo da distribuicdo gendmica de
hexanucleotideos. Esta metodologia foi utilizada para dez organismos procariéticos
(Tabela 3.3). A sensibilidade das matrizes geradas para cada organismo variou de
29.4% (C. glutamicum) a 90,9% (B. japonicum), conforme mostrado na Tabela 3.3.

Para a matriz gerada para E. coli , a sensibilidade apresentada foi de 42,4%.

Quando os resultados deste trabalho sdo comparados com a literatura,
percebe-se que a sensibilidade da predicdo de promotores de E. coli ndo é
melhorada. No entanto, ele demonstra os recentes esfor¢os para ampliar a predicao

para outras bactérias e, além disso, mostra que a distribuicdo genbmica dos
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elementos regulatérios € significativamente diferente dos elementos néo-

regulatorios.

Tabela 3.3: Resultados obtidos pela metodologia de Jacques et al. (2006)

Organismos Contetdo de GC (%) Sensibilidade (%)

E. coli 50,8 42,4
B. subtilis 43,5 56,8
C. glutamicum 53,8 29,4
M. pneumoniae 40,0 43,3
M. tuberculosis 65,6 57,1
S. coelicolor 72,1 58,8
H. pylori 38,9 47,1
C. jejuni 30,5 42,9
B. japonicum 64,1 90,9
S. aureus 32,9 37,5

A MPP foi utilizada, também, no software Virtual Footprint (MUNCH et al.,
2005). Esta ferramenta tem o objetivo de reconhecer padrbes em sequéncias de
DNA e esta disponivel no site http://prodoric.tu-bs.de/vfp/index2.php (acessado em
29 de julho de 2010). A ideia central do trabalho baseia-se no principio que 0s
promotores sdo mais representados nas regides intergénicas do que no resto do
genoma. O valor de classificacdo foi calculado na semelhanca entre a matriz de
representacdo da distribuicdo gendmica dos promotores encontrados na literatura e

a matriz de representacao da distribuicdo de provaveis promotores.

Uma variagcdo da MPP foi desenvolvida por Li e Lin (2006) que obteve
sensibilidade de 91% e especificidade de 81% usando 683 sequéncias
experimentalmente identificadas como promotores de E. coli reconhecidos pelo fator
¢’®. A matriz desenvolvida por eles foi chamada de “Matriz de Valores Posicéo-

Correlacdo” e baseia-se na medida da conservacao das sequéncias.

Quando compara-se a MPP com o simples alinhamento de sequéncias,
percebe-se que a ponderacdo melhora os resultados obtidos. A importancia e o
pioneirismo deste trabalho sdo indiscutiveis para a analise dos promotores, ja que
existem recentes publicagbes que mostram um certo grau de conservacado dos
motivos (Cotik et al., 2005; Sivaraman et al., 2005). No entanto, somente a analise
dos nt da sequéncia para a descoberta de novos promotores é uma abordagem
limitada, ja que: (i) a variacdo dos nt € grande; (i) assume a independéncia entre

bases adjacentes; (i) ndo permite a presenca de multiplos elementos dos
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promotores, inser¢des, delecbes ou espaco variavel entre os elementos e (iv) o

resultado pode variar de acordo com o método de alinhamento (SONG et al., 2007).

3.3 ANALISE POR APRENDIZADO DE MAQUINA

Nesta secdo sao descritas as metodologias de SVM e RN ja que estas séo as
metodologias as mais empregadas na predicdo de promotores e mostram resultados

promissores.

3.3.1 Maquinas de suporte vetorial - (Support vector machines)

O algoritmo das Maquinas de Vetor de Suporte ou Maquinas de Suporte
Vetorial foi proposto por Boser et al. (1992) e pode ser utilizado para classificacdes
de padrbes e regressao linear. Basicamente, as SVM sdo uma maquina linear com
algumas propriedades muito interessantes. No caso das classificacdes, a idéia
principal é construir um hiperplano como superficie de decisdo, de tal forma que a
margem de separacdo entre exemplos positivos e negativos seja maxima (Figura
3.8). As SVMs podem fornecer um bom desempenho de generalizagdo em
problemas de classificacdo de padrdes, apesar de ndo incorporarem conhecimento
do dominio do problema e apresentam limitacées com a escolha do kernel (HAYKIN,
1999).

o
WN=O~=NW

(a) (b)

Figura 3.8: Treinamento de SVM (RUSSEL e NORVIG, 2003).

Em (a) treinamento de duas dimens8es com os exemplos positivos representados pelos circulos
pretos e os exemplos negativos pelos circulos brancos. Em (b) o mesmo conjunto de dados apés
mapeamento em um espaco tridimensional.
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Polat e Glnes (2007) usaram uma combinacédo de selecdo de caracteristicas
e LSSVM (least square support vector machine), conforme ilustrado na Figura 3.9.
Esta metodologia mostra uma acuracia de 84,6%, sensibilidade de 90% e
especificidade de 80%. Apesar destes indices serem elevados, ressalta-se que
neste trabalho foram empregadas apenas 57 sequéncias promotoras. Este pequeno
namero ndo abrange todas as caracteristicas do universo de sequéncias promotoras
disponiveis, que sdo de aproximadamente 740 para as sequéncias reconhecidas
pelo fator 0’ de E. coli. Se todo o conjunto disponivel fosse considerado, é possivel
gque mais de 57 atributos fossem selecionados como caracterizadores das

sequéncias e, provavelmente, os valores de desempenho diminuiriam.

Conjunto de dados de promotores e genes de E. coli que
possuem 57 atributos

'

Reducao das caracteristicas usando algoritmo de selecao

‘

Classificacao
Least Square Support Vector Machine {LSSVM)

y

Resultados da Classificacdo
Promotores ou Ndo-promotores

Figura 3.9: Fluxograma que ilustra a metodologia desenvolvida pelos autores Polat
e Gunes (2007).

Gordon et al. (2003) usaram uma SVM com nucleo de uma funcdo de
alinhamento. Neste trabalho, foram tomados dois conjuntos de dados: (1) promotores
e regibes codificadoras e (i) promotores e regides intergénicas. A metodologia
empregada por eles mostra uma meédia de erro de 16,5% e de 18,6%,

respectivamente aos conjuntos de dados usados.

A SVM foi também utilizada para a predicdo in silico da TSS e seus
promotores constitutivos associados em E. coli por Gordon et al. (2006). O método
conseguiu uma acuracia de acordo com o estado da arte (erro médio de 11,6%).
Mais tarde, 0 mesmo grupo de pesquisa (TOWSEY et al., 2008), usou a SVM
treinada anteriormente em outras sequéncias procarioticas (B. subtilis e Chlamydia

trachomatis). Os valores de performance (acuracia, precisdo, sensibilidade ou
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especificidade) ndo sdo apresentados no trabalho. No entanto, os autores ressaltam
gue sua metodologia foi capaz de encontrar outras informacgdes relevantes além dos
motivos consensuais -10 e -35, sendo descrito um motivo localizado na regiao +15
ao +25.

Para verificar a existéncia de alguma correlacdo entre o grau de conservacao
da sequéncia promotora e a expressdo do seu respectivo gene, Kiryu et al. (2005)
utilizou as SVMs e, como resultado, estes autores ndo encontraram correlagéo entre

a sequéncia promotora e o nivel de expressao génica.

3.3.2 Redes Neurais

As RNs sédo um sistema de AM inspirado no funcionamento de redes neurais
biolégicas. Pode-se afirmar que as RNs aprendem a partir dos exemplos e
apresentam alguma capacidade de generalizacédo do conjunto de treinamento (WU e
MCLARTY, 2000).

As primeiras aplicagbes de RNs na predicgdo de promotores, como
apresentados nos trabalhos de Demeler e Zhou (1991) e O’Neill (1991), apesar da
arquitetura simples, obtiveram uma alta acuracia, mas um numero de falsos
positivos igualmente alto. Outras abordagens foram apresentadas por Mahadevan e
Ghosh (1994) que usaram uma combinacdo de duas RNs para a identificacdo de
promotores de E. coli. Todos os promotores deste trabalho tinham espagamento
entre 15-21 nt entre os hexameros caracteristicos. A primeira RN predizia os
hexameros consensuais, enquanto a segunda foi designada para o reconhecimento
da sequéncia inteira (65 nt), sendo o espaco entre os hexameros variavel. Uma vez
usada a informacgédo da sequéncia inteira ocorreu dependéncias entre as bases em
varias posicoes. Isto refletiu em um treinamento pobre e uma predicao realizada por

duas redes sem neurdnios na camada oculta.

Pedersen e Engelbrecht (1995) predisseram a TSS e identificaram novos
sinais caracteristicos correlacionados com o local de inicio da transcricdo. Para isso,
foram usados dois diferentes esquemas de codificacdo, um com janelas 1 até 51 nt
e outro com uma janela de 65 nt. Uma ideia interessante, neste trabalho, foi a
medida do contetdo de informacado relativa dos dados de entrada, pelo uso da
habilidade da RN para aprender corretamente, como avaliado pelo coeficiente de

correlacdo do teste maximo.
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Uma ferramenta disponivel na internet e baseada em RNs é o Neural
Networks Promoter Prediction (NNPP). Burden et al. (2005) incorporou a rede a
informacédo sobre a distancia entre o sitio de inicio de transcricdo (TSS) e o sitio de
inicio da traducdo — TLS — (primeiro nucleotideo da regido codificadora). Com um
conjunto de dados de 771 promotores, eles conseguiram uma precisdo de 54% e

uma sensibilidade de 86%.

Askary et al. (2009) descrevem uma arquitetura de RN chamada de N4, capaz
de predizer a TSS de promotores de E. coli reconhecidos pelo fator . A
sensibilidade e a precisdo da rede foram superiores a 94%. Esta rede neural
recebeu os valores de estabilidade das sequéncias convertidos em codificacédo
ortogonal (Figura 3.10). Assim, a camada de entrada possuiu 6608 neurdnios (413
grupos x 16 combinacdes de valores de estabilidade). Esta rede possuiu duas
camadas de neurdnios ocultos, totalizando 402 neurdnios e um neurdnio na camada
de saida. Apesar da complexidade da arquitetura apresentada (o0 que torna a rede
computacionalmente pesada), este trabalho mostra o potencial de utilizacdo dos
valores de estabilidade das sequéncias como parametro de classificacao.
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Figura 3.10: Codificacdo ortogonal para os valores de estabilidade, empregado por
Askary et al. (2009).

Utilizando a informacdo da quantidade de dinucleotideos da sequéncia
promotora, Rani et al. (2006) treinaram uma RN. Neste trabalho foram utilizados
promotores ¢’® de E. coli como exemplos positivos e quatro conjuntos diferentes de
exemplos negativos: (i) sequéncias codificantes, (i) sequéncias codificantes e
intergénicas, (iii) sequéncias aleatérias com 60% de AT e (iv) sequéncias aleatorias

com 50% de AT. Os resultados de especificidade e sensibilidade obtidos estéo
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apresentados na tabela 3.4.

Tabela 3.4: Resultados obtidos pelo trabalho de Rani et al. (2006)

Conjunto de dados Sensibilidade  Especificidade
Promotores + sequéncias codificantes 80% 79%
Promotores + sequéncias codificantes e intergénicas 63% 88%
Promotores + sequéncias aleatérias com 60% de AT 93% 88%
Promotores + sequéncias aleatérias com 50% de AT 95% 99%

Estes valores podem ser explicados pela quantidade grande de dinucleotideos
AT nos promotores reconhecidos pelo ¢, conforme os resultados mostrados no
capitulo 1l dos resultados desta tese. Quando esta metodologia for aplicada em
sequéncias reconhecidas por outros fatores o, que possuem conteddo AT mais

baixo, estes mesmos valores podem n&o ser alcan¢ados.

A vantagem das RNs em relacdo a outras técnicas de AM é que elas podem
aprender a reconhecer padrbes degenerados, imprecisos e incompletos, os quais
sdo caracteristicos dos promotores. Além disso, permitem rapido desempenho em
grandes sequéncias gendémicas (COTIK et al., 2005). Como desvantagem, pode-se
citar a subjetividade da escolha dos parametros e da arquitetura da rede, uma vez
que ha falta de recomendacdes tedricas sobre estes e também sobre o tamanho do

conjunto de treinamento.

3.4 METODOLOGIA UTILIZANDO A VALORES DE ESTABILIDADE

Kanhere e Bansal (2005b) desenvolveram uma metodologia baseada nas
diferencas de estabilidade (AG°) entre as regides promotoras e codificantes (Figura
3.11). Esta ferramenta foi modificada e melhorada por Rangannan e Bansal (2007).
Eles calcularam a energia livre (estabilidade) entre duas regides do genoma de um
organismo, conforme as equacdes (3.2), (3.3), (3.4) e (3.5). Os resultados obtidos
por eles mostram que a estabilidade € uma medida melhor que os motivos

conservados para diferenciar regides promotoras e ndo-promotoras.
D(n)=E1(n)—E2(n) (3.2)

onde,
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n+99

D (3.3)

E1(n) :—n100

n+119
AG°

n—+49

ZAGO (3.5)

El’(n) =nT

onde, n é o nucleotideo da sequéncia promotora.

Assim, E1(n) e E2(n) representam a média de energia livre em uma janela de
100 nt comecgando de n com uma vizinhanca de 100 nt. E1’(n) representa a média
de energia livre em uma regido de 50 nt. E1’ é usado no lugar de E1 no ciclo de
refinamento dos falsos negativos. O valor de D representa a diferenca de energia
livre em duas regifes vizinhas. Uma sequéncia de DNA é designada como portadora
de um promotor somente se a média da energia livre da regido de 100 nt (E1) e a
diferenca (D) na energia livre forem maiores que o E-cutoff e D-cutoff escolhido,
respectivamente. A metodologia desenvolvida pelos autores para a analise e

predicdo de promotores esta esquematizada na Figura 3.11.

Esta metodologia consegue uma sensibilidade de 98%, mas uma preciséo de
55% (numero de verdadeiros positivos/(nUmero de verdadeiros positivos + namero
de falsos positivos)). Uma desvantagem desta metodologia é que ela se aplica
somente em grandes sequéncias (do nucleotideo -150 até o nucleotideo +50) e
foram analisadas 251 sequéncias, 0 que representa aproximadamente um terco do

total das sequéncias disponiveis para ¢’° da E.coli.
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Leia seqiiéncia com 1000 pb com a TSS
(-500 até +500)

Calcular a energia livre de cada posicéo n
por meio de uma moving-window de 15
pb com incremento de 1 pb por vez.

!

Calcular D(n). E1(n) e E2(n) para cada
posigdo n

Em uma sequéncia de 1001
nucleotideos se nédo ha posicdo que
satifaca o critério E1 = E-cutoff a
D(n) = D-cutoff. é considerado
como sinal negativo.

A sequéncia tem El(n)
> E-cutoff ¢ critério
D(n) > D-cutoff

Todas as posi¢des n consideradas positivas ou
promotoras.

!

A TSS esta no segmento
predito?

Este segmento esta com 200
mucleotideos compreendidos
entre as regides -150 e +507

T

O segmento predito ultrapassa os S
200 nucleotideos compreendidos
entre as regides -150 e +50?

v

| Conte como FP | | Conte como VP |

Figura 3.11: Fluxograma da metodologia descrita por Rangannan e Bansal (2007).
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3.5 FUNDAMENTOS DE REDES NEURAIS ARTIFICIAIS

Conforme Baldi e Brunak (2001), as RNs foram originalmente desenvolvidas
com o0 objetivo de modelar o processamento de informacédo e aprendizagem do
cérebro. Trata-se de um modelo computacional aplicavel a uma ampla variedade de
areas, como Engenharia, Economia e Biologia. Nesta ultima, principalmente em
problemas de andlise de sequéncias e reconhecimento de padrées. Nas demais
areas, por exemplo, as RNs podem ser aplicadas na sintese e reconhecimento de
fala, interface adaptativa entre humanos e sistemas fisicos complexos, aproximacéao

de funcgdes, entre outros.

Esta secédo apresenta conceitos fundamentais sobre as RNs que auxiliam na
compreensao da metodologia empregada e possibilitam uma melhor discussao dos

resultados obtidos.

3.5.1 Arquitetura das Redes Neurais

As RNs, conforme Wu e McLarty (2000), consistem de grupos ou camadas
(layers) de unidades de processamento com (ou algumas vezes sem) conexdes
entre 0s grupos. A unidade basica de uma camada € um neurdnio artificial. Estas
unidades, como 0s neurdnios reais, tém conexdes de entrada (dendritos) e
conexdes de saida (axdnios). Também como neurbnios reais, as unidades da rede
neural também tém alguma forma de processamento interno, que cria um sinal de
saida como uma funcdo do sinal de entrada. Entretanto, diferentemente dos
neurbnios reais, o neurdnio artificial tem como saida um ndamero e apresenta

mudangas somente em um intervalo discreto de tempo, conforme é ilustrado na
Figura 3.12.

. SINAL DE SAIDA
Axdnio
Dendritos ;}Q—~ Salda
Discreta l ““I l | |
Neurdnio Bioldgico Tempo Continuo
Saidas
Entrada >O< Safda E
Continua
MNeurdnio Artificial Tempo Discreto

Figura 3.12: Analogia entre neurdnios biologicos e artificiais. (WU e MCLARTY, 2000).
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Uma RN é caracterizada pelo (i) padrdo de conexdes entre os neurbnios
(chamado de arquitetura), (i) método de determinacdo de pesos nas conexdes
(chamado de treinamento ou aprendizagem) e (iii)) sua funcdo de ativacdo. Esses

parametros estao descritos ao longo desta e das préximas secoes.

Os neurdnios (Figura 3.13) sdo conectados por vinculos orientados. Assim,
pode-se representar uma RN como um grafo direcionado com peso ou arquitetura
(MOUNT, 2000). Um vinculo da unidade j para a unidade / serve para propagar a
ativacao a; desde j até i. Cada vinculo também tem um peso numérico W associado
a ele, o qual determina a intensidade e o sinal da conexdo. Especificamente, um
sinal a; na entrada da sinapse i conectada ao neurdnio j € multiplicada pelo peso
sinaptico W; (HAYKIN, 1999; RUSSEL e NORVIG, 2003).

Peso do Bias

do= -1 m (’j:g(j”i)
”\~ 17 - = /

G
([}- —_—

_—

Links de
Entrada

Funcdo de Func¢dode Saida Links de
Entrada  Ativacdo Qaira

Figura 3.13: Modelo de um neur6nio artificial (RUSSELL e NORVIG, 2003).

n
A ativacio da saida da unidade é a, = 9 ;="

onde a € ativacdo de saida da unidade j e Wji € 0 peso no vinculo da unidade j até essa unidade.

Apoés, cada unidade i calcula inicialmente uma soma ponderada de suas

entradas:
n
inl- = ZWJICIJ . (36)
Jj=0

Entéo ela aplica uma funcéo de ativacdo g a essa soma para derivar a saida:
e H

a; = g(ini) = gDz Wjiaj 0 (37)
[ [
=0 [

E importante ressaltar que ha a inclusdo de parametro externo do neurdnio
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artificial, um bias Wy (Figura 3.12) conectado a uma entrada fixa ao= -1. O termo W

define o limite real para a unidade, no sentido de que a unidade é ativada quando a

soma ponderada de entradas “reais” z';:le‘iaf excede Wy A funcdo de
ativagcdo g € projetada para atender duas aspiracdes: primeiro, a unidade de estar
“ativa” (proxima de +1) quando as entradas positivas forem recebidas e negativas
(préxima a 0) quando as entradas “erradas” forem recebidas. Em segundo lugar, a
ativagdo precisa ser nao-linear, caso contrario a RN inteira entrara em colapso,
tornando-se uma funcéo linear simples (HAYKIN, 1999; RUSSEL e NORVIG, 2003).

Uma arquitetura com melhor capacidade de generalizacdo constitui-se de
redes com multiplas camadas, chamadas de Multilayer Perceptron (MLP), sendo o
caso mais comum aquelas que envolvem uma Unica camada oculta, conforme
ilustrado na Figura 3.14. Segundo Hornik (1989), as RNs com uma unica camada
oculta sdo aproximadores universais, pois aproximam qualquer funcdo com preciséo
arbitraria. A funcéo dos neurénios ocultos € intervir entre a entrada externa e a saida
de maneira util. A vantagem de adicionar camadas ocultas € que ela aumenta o
espaco de hipoteses que a rede pode representar e, assim, € capaz de extrair
estatisticas de ordem elevada. Isto € particularmente valioso quando o tamanho da

camada de entrada é grande.

a; Neurdnio de saida

w;

i)
a; Neurdnios ocultos

W

ay

Figura 3.14: Rede MLP com trés camadas (RUSSELL e NORVIG, 2003).

Redes com muitas camadas ocultas sdo menos eficientes pois requerem
maior tempo de computacdo e apresentam menor capacidade de generalizacéo
guando comparadas as redes com uma camada oculta. Além disso, a extra¢do das

regras da rede se torna mais dificil.

24



3.5.2 Treinamento de Redes Neurais

Segundo Wu e MclLarty (2000) a ideia fundamental do aprendizado ou
treinamento, para todas as arquiteturas de RN, é atribuir valores a um conjunto de
pesos (inicializado normalmente de forma aleatéria), aplicar os dados de entrada a
rede e verificar como esta responde a determinados conjuntos de pesos. Se o
desempenho nao for satisfatério, entdo os pesos devem ser modificados pelo
algoritmo especifico da arquitetura e repetir o procedimento. Este procedimento

deve ser repetido até que algum critério de parada pré-especificado seja atingido.

A passagem de todos os vetores dos dados de entrada através da rede €&
chamado de época. Alteracbes nos pesos podem ser feitas a cada padréo
processado (treinamento on-line) ou ap6s uma época inteira (treinamento em lote),
sendo esta Ultima o procedimento mais utlizado. O objetivo do treinamento é
encontrar o conjunto de parametros (nUmero de camadas, numero de neurdnios nas
camadas e pesos entre as camadas) que minimize a diferenca entre os valores de
saida da rede e os valores desejados. No entanto, se a rede tiver uma arquitetura
com muitas camadas ocultas ou for treinada por muitas épocas (a quantidade de
épocas neste caso varia de acordo com os dados a rede envolvida), ela sera capaz
de memorizar todos os exemplos. Isto € chamado de overtraining, ja que a rede
forma uma extensa tabela de busca mas n&o realiza boas generalizacbes para

entradas que nao foram vistas antes.

Uma das maneiras de testar a exatiddo da rede é tentar varias arquiteturas e,
com a técnica de validacéo cruzada, verificar qual apresenta os melhores resultados.
A técnica de validacdo cruzada, ou k-fold-cross-validation (k-FCV), consiste em
particionar aleatoriamente o arquivo de padrbes em k partes de mesmo tamanho.
Assim, ocorre a geracdo dos arquivos para treinamento e validacdo. As etapas de
treinamento e validagdo s&o repetidas k vezes, sendo utilizados para treinamento
k-1 arquivos e para validagao o k-ésimo arquivo ndo utilizado no treinamento. A cada

iteracdo, o arquivo de validacdo possui um k diferente.

Outros métodos de validacdo que podem ser citados séo: holdout e jackknife.
O método holdout consiste em separar, de forma aleatoria, o arquivo de padrées em
dois arquivos. O de treinamento tipicamente contera dois ter¢cos dos dados e o de
validacdo o um terco restante. Ja o método jackknife, conhecido com leave-one-out,

€ semelhante ao k-FCV, mas k é igual ao numero de linhas do arquivo de padrdes.
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Com isto, cada arquivo de validacdo contera somente uma linha em cada etapa do

processo.

O procedimento utilizado para realizar o processo de aprendizagem é
chamado algoritmo de aprendizagem, e sua funcdo é modificar os pesos sinapticos
de forma a alcancar o objetivo desejado. Os algoritmos de aprendizado podem ser
supervisionados ou ndo-supervisionados, embora aspectos de cada um possam co-
existir em uma dada arquitetura. O treinamento supervisionado é acompanhado pela
apresentacdo de uma sequéncia no vetor de treinamento associada com um vetor
de saida alvo. Um ingrediente essencial neste tipo de aprendizado € a
disponibilidade de um “professor” externo. Em termos conceituais, podemos pensar
gue o professor tem o conhecimento da saida desejada. O conhecimento disponivel
pelo professor é entdo transferido a RN através de ajustes iterativos para minimizar
o erro de acordo com o algoritmo de aprendizado (WU, 1997). Como exemplo, os
algoritmos: Back-propagation (BP), Resilient Proapagation, Cascade Correlation,
Kohonen e Quickprop. A principal diferenca entre eles esta, principalmente, no modo
COmMo 0s pesos da rede sao ajustados.

Um algoritmo de aprendizado supervisionado tem o objetivo de minimizar a
diferenca entre o valor de saida da rede e o valor desejado. Uma tipica funcdo de

erro a ser minimizada é:

n 2

E= bi=hlx) (3.8)

i=1

onde n é o numero de padrdes de entrada, y; € a saida da rede (para um dado
conjunto de parametros w) e hu(x) o valores esperado de saida. Se uma rede possui
mais que uma unidade na camada de saida, entdo a equacéao 3.8 se torna:

zz bondl @9

onde k € o niumero de unidades na camada de saida (WU e McLARTY, 2000).

O treinamento nao-supervisionado ou aprendizado auto-organizavel nao
possui um professor externo para verificar o processo de aprendizado. O algoritmo

7

normalmente € guiado pela medida de similaridade sem um vetor alvo de
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especificacdo. As redes auto-organizaveis modificam 0s pesos até que os vetores
mais similares sejam designados ao mesmo grupo de saida (clusterizacdo), o qual €
representado por um vetor-exemplo. Como exemplo de algoritmo de aprendizado
ndo-supervisionado, pode-se ser citados 0s mapas auto-organizaveis de Kohonen e
a teoria da ressonancia adaptativa (ART) (WU, 1997).

Rumelhart et al. (1986) criaram um método intuitivo que aprende rapidamente,
revolucionando o campo das RNs. O método foi chamado de BP porque o erro é
propagado da saida para a entrada da rede, ou seja, a propagacao do erro pode ser
efetuada da camada de saida para a camada oculta e desta para a camada de
entrada. O erro nas camadas ocultas parece misterioso, porque os dados de
treinamento n&o informam que valor os neurdnios ocultos devem ter. O processo de
propagacéo de retorno emerge diretamente de uma derivacédo do gradiente de erro
global e da aplicacdo da regra da cadeia (WU e McCLARTY, 2000; RUSSELL e
NORVIG, 2003).

Uma RN multicamadas tem trés caracteristicas distintas:

1. O modelo de cada neurdnio da rede inclui uma funcdo de ativacdo nao-

linear, como a funcéo logistica.

2. A rede contém uma ou mais camadas de neurdnios ocultos, que ndo sao
parte da entrada ou da saida da rede. Estes neurdnios capacitam a rede a aprender
tarefas complexas extraindo progressivamente as caracteristicas mais significativas

dos vetores de entrada.

3. Arede exibe um alto grau de conectividade, determinado pelas sinapses da

rede.

Estas caracteristicas conferem o poder computacional da MLP, mas também
sdo responsaveis pelas deficiéncias na compreensao do comportamento da rede
(HAYKIN, 1999).

3.6 EXTRACAO DE REGRAS

A metodologia de RNs possui uma grande aplicabilidade nos mais diversos
problemas, mas uma de suas desvantagens € que o conhecimento adquirido por
elas ndo é diretamente acessivel. Com objetivo de diminuir esta dificuldade, muitos

algoritmos para extracdo de regras a partir das RNs treinadas tém sido
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desenvolvidos. Assim, as redes tornam-se mais atrativas que outras técnicas de AM
ja que fornecem uma explicacdo de como cada decisédo é feita (ODAJIMA et al.,
2007).

3.6.1 Extracao de Regras a Partir de Redes Neurais

Uma das caracteristicas mais atrativas das RNs é que elas ndo requerem um
conhecimento prévio da aplicacdo do problema para a construcdo do modelo. Assim,
para tornar esta metodologia realmente compreensivel ao usuario, é desejavel
extrair conhecimento a partir de redes treinadas (WU e MCLARTY, 2000). Muitas
vezes, as RNs sdo denominadas de “caixa preta”, em particular por ndo fornecer ao
usuario nenhuma informacdo sobre o conhecimento adquirido. Embora isto
geralmente seja verdadeiro, especialmente para redes multicamadas, existem
métodos para analisar RNs e extrair regras ou caracteristicas. Estas regras incluem:

regras de inferéncia (if-then-else), arvores de decisao, regras difusas, entre outras.

Conforme Andrews et al. (1995), a extracdo de regras pode oferecer alguns

beneficios listados a seguir:

- descoberta de novos relacionamentos e/ou caracteristicas importantes a

partir das regras extraidas;
- expressao do conhecimento de modo formal;

- capacidade de gerar explicacdes para as decisfes tomadas internamente

pela RN, de modo que facilite a aceitacdo do uso da rede pelos usuarios;

- integracdo com sistemas simbdlicos e a possibilidade de descobrir em que

situacOes a rede pode cometer erros de generalizacéo;

- identificacdo de regides no espaco de entrada que nédo se fizeram

representar no conjunto de treinamento.

Além disso, as regras extraidas a partir das RNs podem ser apresentadas
para analise de um especialista. Assim, as regras corretas podem ser usadas para
gerar padrOes de treinamento adequados, os quais podem melhorar a capacidade
de generalizacdo (CLOETE e ZURADA, 2000). Uma vez que este trabalho visa
extrair regras a partir de RNs, a proxima secdo descreve brevemente alguns tipos de

regras, com énfase maior as regras do tipo if-then.
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3.6.2 Tipos de regras

A extracdo de regras a partir de RNs € baseada no comportamento dos
neurdnios, sendo a relagdo entre as entradas e as saidas usualmente analisada
(CLOETE e ZURADA, 2000; HUANG e XING, 2005). Conforme Andrews et al.
(1995), ha muitos tipos de regras que podem ser extraidos das RNs, mas o
desenvolvimento de técnicas de extracdo de regras tem sido mais direcionado a
apresentacdo da saida como um conjunto de regras expressas, usando a forma

convencional de légica simbdlica na forma if...then...else....

Neste tipo de regra, a parte SE especifica um conjunto de condicbes sobre
valores de atributos previsores e a parte ENTAO especifica um valor previsto para o
atributo de saida. Os atributos previsores sdo as premissas da regra que devem ser
obedecidas, para assim obter um atributo classe.

IF < condicdo> THEN <conclusao> (<confianca>)

A “condicao” é, tipicamente, uma expressado l6gica que contém variaveis
relevantes das quais os valores podem ser inferidos a partir das bases de fatos ou
fornecidos pelo usuario. A “conclusdo” determina o valor de alguma variavel que
corresponde a “condicdo” ser satisfeita. O grau de certeza ou validade da regra é
expressa pelo seu percentual de confianca (CLOETE e ZURADA, 2000). A extracéo
de regras é realizada através da interpretacdo dos pesos da rede neural.

As regras do tipo if-then podem ser utilizadas posteriormente em um sistema
de inferéncia logica para a resolucdo de problemas. Um segundo uso destas regras
pode ser a geracao de regras para um sistema baseado em conhecimento. Deve-se
observar, também, que quanto mais curtas as regras (em termos de numeros de
clausulas) melhor, pois regras curtas geralmente podem ser aplicadas a mais
situacbes (CLOETE e ZURADA, 2000).

3.6.3 Regras obtidas a partir dos neurénios da camada oculta

Para a obtencdo de regras a partir dos neurbnios da camada oculta da RN
treinada, o programa denominado FAGNIS (CECHIN, 1998), analisa o valor de
ativacdo dos neurdnios na camada oculta e os classifica em trés regides, conforme
ilustrado na Figura 3.15. Aqui, encontra-se uma breve explicacdo desta ferramenta.
Uma descricdo mais detalhada pode ser encontrada no capitulo Il dos resultados

desta tese.

29



Regido 1 Regiao 2 Regiao 3

Figura 3.15: llustracdo das trés regibes definidas na funcédo sigmoide para
andlise dos dados de entrada e extracéo de regras.

A ferramenta FAGNIS, verifica em qual das regifes a ativacdo dos neurdnios
ocultos se enquadram para cada entrada da rede, O nUumero maximo de
combinacdes possiveis € 3n, onde n simboliza o nimero de neurdnios na camada
oculta. No entanto, nem todas estas combinacbes ocorrem e, somente as
combinac¢Bes mais frequentes sdo consideradas, pois melhor representam os dados.
Como resultado, temos o protétipo da regra, o qual é definido como a média das
entradas de cada grupo (combinacéo das regifes). Assim, a escrita formal da regra
possui a forma de uma equacao linear: “SE X = protétipo ENTAO Y = constante da
equacdo linear + (os coeficientes da equacao linear) * X.” Aqui, X é o exemplo de
entrada; Y corresponde a saida da RN e os coeficientes da equacdo linear

representam a influéncia dos exemplos na saida da RN.

3.7 CONSIDERACOES ADICIONAIS

Os promotores séao importantes reguladores da expressao génica e, a revisao
bibliografica sobre o estado da arte mostrou os esforcos realizados para melhorar a
acuracia da predicdo e a importancia de estender o estudo para outras espécies
bacterianas além de E. coli. Nesta se¢édo ndo ha descri¢do de trabalhos relacionados
com a extragdo de regras a partir de RNs aplicadas a predi¢cdo de promotores, pois
ndo foi encontrado nenhum artigo até o término da revisdo bibliografica. Este
trabalho pretende extrair regras de inferéncia das RNs treinadas para compreender
0 processo de classificacdo e, a partir das regras criar uma ferramenta préopria para

a predicao de promotores de bactérias Gram-negativas.
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4 METODOLOGIA

Nesta secdo, uma visdo geral da metodologia desenvolvida é descrita. Para
facilitar a compreenséo dos procedimentos realizados, apresenta-se um fluxograma
(Figura 4.1) com todas as etapas da metodologia. A descricdo das etapas

apresentadas na Figura 4.1 sédo descritas nos capitulos | a IV dos resultados.

4.1 ORGANISMOS ESTUDADOS

Os organismos escolhidos foram as bactérias E. coli, as do género Shigella,
Pseudomonas, Salmonella e Aeromonas. Assim, abrange-se uma ampla variedade
de representantes das bactérias Gram-negativas. Salienta-se que neste estudo, as
bactérias Gram-positivas ndo foram consideradas por apresentarem diferentes
caracteristicas em relacdo as Gram-negativas, no que diz respeito a composicao
guimica, estrutura e permeabilidade da parede celular, além de diferencas

fisiologicas, de metabolismo e patogenicidade.
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Figura 4.1: Estrutura da metodologia proposta para o uso de RN no
reconhecimento e predi¢cdo de promotores.

4.2 BANCOS DE DADOS

As regides promotoras, as regifes intergénicas e os dados relacionados as
caracteristicas dos promotores foram retirados de bancos de dados bioldgicos e de

artigos cientificos. Os bancos de dados publicos utilizados foram:
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- CMR: banco de dados de genomas procarioticos (PETERSON et al., 2001).
Nele se encontram dados de genomas completos, de regides especificas (genes,
promotores, regifes intergénicas, homologias), entre outras ferramentas. As
informacdes estdo disponiveis no endereco de internet: http://cmr.jcvi.org/cgi-
bin/CMR/CmrHomePage.cgi

- NCBI: maior base de dados publica de sequéncias genéticas. Desta podem-
se extrair sequéncias de genes, proteinas, genomas completos, dados de homologia
e expressao génica, além de possuir informagdes sobre os artigos relacionados a
cada descoberta genética (WHEELER et al., 2008). As informacfes estao

disponiveis no endereco de internet: http://www.ncbi.nim.nih.gov.

- RegulonDB: base de dados que contém informag8es acuradas sobre a rede
regulatéria de E. coli com conhecimento experimental. Ha dados sobre a
organizacdo de operons, promotores e seu fator sigma associado, entre outros
(GAMA-CASTRO et al., 2008). As informacdes estdo disponiveis no endereco de

internet: http://regulondb.ccg.unam.mx/index.html.

4.3 FERRAMENTAS

As principais ferramentas computacionais utilizadas foram:

- Python: linguagem de programacao escolhida para desenvolver programas
gue automatizem a preparacdo de dados para as etapas de treinamento e teste
(PYTHON SOFTWARE FOUNDATION, 2009).

- R: software para manipulacdo e analise de dados. Este software permite a
realizacdo de analise estatistica, treinamento de RNs, extracdo de regras, entre
outras funcdes (R DEVELOPMENT CORE TEAM, 2005).

- SPSS: software para andlise estatistica. Permite a realizacdo de graficos e
outras funcdes (SPSS).

- Tisean: software de dominio publico que realiza a suavizacdo de dados

atraves de um filtro passa-baixa — LowPass — (HEGGER et al., 1999).

- WEBLOGO: aplicacdo da web (de uso livre) para a geracdo de sequencias
logo. Estas sdo uma representacdo grafica de aminoacidos ou acidos nucleicos de
multiplos alinhamentos. Cada logo consiste em empilhamento dos simbolos, um

para cada posicédo da sequéncia. O tamanho geral dos empilhamentos indica o grau
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de conservacao da sequéncia em determinada posi¢cao, enquanto que o tamanho do
simbolo indica a frequéncia relativa do aminoacido ou nucleotideo em cada posicéo
(CROOKS et al., 2004).

4.4 CRIACAO DE BANCO DE DADOS DE REGIOES INTERGENICAS

A criacdo do banco de dados se faz necessaria uma vez que nao existem
repositérios publicos de dados sobre os promotores pertencentes a outras bactérias
Gram-negativas que néo E. coli. Assim, desta necessidade, implantamos uma base
de dados com as regides intergénicas. Esta base dados arquiva as sequéncias
intergénicas e outras informacgfes associadas, como porcentagem de GC, genes
associados, tamanho, localizacdo na fita de DNA, entre outras informacdes. Esta
base de dados foi desenvolvida em conjunto com professores e alunos do Centro de
Computacéo e Tecnologia da Informacao e esta descrita no capitulo IV.
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5 RESULTADOS

Esta secdo apresenta os resultados obtidos na forma de artigos cientificos,

sendo organizada em cinco capitulos, nos quais sdo apresentados:

Capitulo I- Rules extraction from neural networks applied to prediction and

recognition of prokaryotic promoters.

Capitulo Il - BacPP: Bacterial promoter prediction - A tool for accurate

sigma-factor specific assignment in enterobacteria.

Capitulo lll- Neural Networks applied to bacterial promoter prediction based
on DNA stability.

Capitulo IV- Banco de dados IntergenicDB.
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5.1 CAPITULO | - RULES EXTRACTION FROM NEURAL
NETWORKS APPLIED TO PREDICTION AND RECOGNITION OF
PROKARYOTIC PROMOTERS

Este capitulo apresenta o artigo “Rules extraction from neural networks
applied to the prediction and recognition of prokaryotic promoters”, publicado na
revista Genetics and Molecular Biology. Esta revista possui fator de impacto 0,08
(para os ultimos 3 anos, conforme informacdo disponivel no web site da revista

http://statbiblio.scielo.org//stat_biblio/index.php?

state=19&lang=en&country=scl&issn=1415-

4757&CITED[|=GENETICS+AND+MOLECULAR+BIOLOGY&YNG[]=2011) e €
classificada pela CAPES como B1 na area de avaliagcado Interdisciplinar. O trabalho
pode ser acessado on-line pelo doi dx.doi.org/10.1590/S1415-47572011000200031.
Este artigo descreve os resultados das simulacfes de RNs utilizando a codificacao

ortogonal e os valores de estabilidade e mostra as regras extraidas de cada

arquitetura.
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Rules extraction from neural networks applied to the prediction
and recognition of prokaryotic promoters
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Abstract

Promoters are DNA sequences located upstream of the gene region and play a central role in gene expression.
Computational techniques show good accuracy in gene prediction but are less successful in predicting promoters,
primarily because of the high number of false positives that reflect characteristics of the promoter sequences. Many
machine learning methods have been used to address this issue. Neural Networks (NN) have been successfully
used in this field because of their ability to recognize imprecise and incomplete patterns characteristic of promoter
sequences. In this paper, NN was used to predict and recognize promoter sequences in two data sets: (i) one based
on nucleotide sequence information and (i) another based on stability sequence information. The accuracy was ap-
proximately 80% for simulation (i) and 68% for simulation (ii). In the rules extracted, biological consensus motifs were

important parts of the NN learning process in both simulations.

Key words: neural network, promoter, rule extraction.

Received: March 26, 2010; Accepted: January 11, 2011.

Introduction

The determination of how and when genes are turned
on and off is a challenge in the post-genomic era. Differ-
ences between two species are often more related to gene
expression and regulation than to their structures (Howard
and Benson, 2002). An adequate comprehension of the
complex metabolic networks present in various organisms,
including cellular differentiation and cellular responses to
environmental change, can be facilitated by studying of
promoter sequences, i.e., short sequences located before the
transcription start site (TSS) of a gene (Jauregui et al.,
2003; Pandey and Krishnamachari, 2006).

Promoters act as gene expression regulators through
their ability to interact with the enzyme RNA polymerase,
thereby initiating transcription. The ¢ factor moiety of the
RNA polymerase, of which there are several types, are in-
volved in the recognition and primary interaction with the
promoters. Various bacterial ¢ factors interact with differ-
ent promoter sequences that are characterized by particular
consensus motifs and properties. Most prokaryotic promot-
ers have two consensus hexameric (six nucleotides) motifs:
one centered at position -35 and another centered at posi-
tion -10 relative to the TSS. For factor ¢'°, the pattern se-
quences for these motifs are ‘TTGACA’ and TATAAT’ for

Send correspondence to Scheila de Avila e Silva. Instituto de Bio-
tecnologia, Universidade de Caxias do Sul, Rua Francisco Getulio
Vargas 1130, 95070-560 Caxias do Sul, RS, Brazil. E-mail:
scheila.as @gmail.com.

positions -35 and -10, respectively, and are separated by
~17 non-conserved nucleotides (Lewin, 2008).

As an analogy, the downstream sequences (genes)
represent the “computer memory” while the upstream se-
quences (promoters) represent the “computer program”
that acts on this memory. The study of promoters can pro-
vide new models for developing computer programs and
for explaining how they operate (Howard and Benson,
2002). Despite the importance of promoters in gene expres-
sion, the shortness of their sequences, many of which are
not highly conserved, makes them difficult to detect when
compared to genes sequences. This characteristic limits the
accuracy of in silico methods because many nucleotide al-
terations may not be significant in terms of promoter func-
tionality (Howard and Benson, 2002; Burden et al., 2005;
Kanhere and Bansal, 2005b).

There are many machine learning approaches for pro-
moter recognition and prediction, including Hidden Mar-
kov Models — HMM (Pedersen et al., 1996), Support
Vector Machines — SVM (Gordon ef al., 2003) and Neural
Networks — NN. The earliest NN used for promoter predic-
tion had a simple architecture (Demeler and Zhou, 1991;
O’Neill, 1991). In these papers, the prediction had good ac-
curacy but the number of false positives was high. Maha-
devan and Ghosh (1994) used two NN: one to predict
motifs and another to recognize the complete sequence.
The Neural Networks Promoter Prediction (NNPP) pro-
gram was implemented by Oppon (2000) and improved by
Burden et al. (2005), who included information about the
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distance between TSS and the first nucleotide translated,
thereby decreasing the number of false positives.

Apart from consensus motifs, promoters have certain
physical features, such as stability, curvature and benda-
bility, that make them different from gene sequences, i.e.,
they are less stable, more curved and more bendable (Ka-
nhere and Bansal, 2005a). The latter authors subsequently
used promoter stability information to develop a procedure
that recognizes promoters in whole sequences (Kanhere
and Bansal, 2005b). However, despite the importance of
these physical features, they have not been widely used in
NN promoter prediction.

Neural networks are suitable for promoter prediction
and recognition because of their ability to identify degener-
ated, imprecise and incomplete patterns present in these se-
quences. In addition, NNs perform well when processing
large genome sequences (Kalate ez al., 2003; Cotik ef al.,
2005). A further feature is that there is no need for prior
knowledge when building a suitable model. An important
procedure in NN methods is rule extraction from trained
networks that can assist the user in identifying biological
rules from the input data (Andrews et al., 1995). In this pa-
per, we describe the use of a NN to predict and recognize
prokaryotic promoters by comparing two data sets: (7) nu-
cleotide sequence information and (i) stability sequence
information of E. coli promoters, regardless of the ¢ factor
that recognizes the sequence.

Material and Methods

The promoter sequences used were obtained from the
January 2006 version of the RegulonDB database (Gama-
Castro et al., 2008). Nine hundred and forty promoters and
940 random sequences were used to train and test the NN.
The promoters and sequences represented positive and neg-
ative examples, respectively. The random sequences were
generated with a probability of 0.22 for guanine (G) or cy-
tosine (C) nucleotides and 0.28 for adenine (A) or thymine
(T) nucleotides, based on the distribution of these nucleo-
tides in real promoter sequences (Kanhere and Bansal,
2005a). The examples were shuffled and allocated to one of
ten files in order to generate the train and test set. Two sim-
ulations were done, one based on nucleotide sequences and
the other on stability information. The procedures are de-
scribed below.

Avila-Silva et al.

Simulation based on nucleotide sequences

In the simulation using nucleotide sequences (re-
ferred to as the sequence-based simulation) the promoters
and random sequences were initially aligned with the soft-
ware ClustalW (Thompson et al., 1994) to accommodate
the variable sequence length between the motifs. Without
this initial alignment, the NN does not provide good accu-
racy. The alignment introduced gaps in the sequences, rep-
resented by a short line (-). The gaps were inserted where
necessary (at the beginning, middle or end of a sequence)
(Figure 1). The short line (-) was removed from the begin-
ning and end of the sequence to avoid incorrect learning by
the NN. Consequently, the resulting promoter sequences
contained 72 nucleotides. After alignment, the nucleotides
and gaps were encoded using a set of four binary digits as
described by Demeler and Zhou (1991): A = 0100,
T=1000, C=0001, G = 0010 and “-” = 0000.

The architecture used to classify the sequences had
288 input neurons (72 bp x four digits for each nucleotide),
two neurons in the hidden layer and one neuron in the out-
put layer (Figure 2a). The presence of a large number of
neurons in the hidden layer or in the output layer did not in-
crease the accuracy of the procedure.

Simulation using promoter sequence stability

The stability of DNA molecules can be expressed in
terms of their free energy (AG), which in turn depends on
the mononucleotide and dinucleotide composition (San-
taLucia and Hicks, 2004). The stability of a DNA duplex
can be predicted from its sequence based on the contribu-
tion of each nearest-neighbor interaction (Santalucia and
Hicks, 2004; Kanhere and Bansal, 2005a). The contribution
of each dinucleotide is described in SantaLucia and Hicks
(2004).

To do the simulation using the free energy informa-
tion, denoted as the stability-based simulation, AG was cal-
culated using the following formula, described in SantaLu-
cia and Hicks (2004) and Kanhere and Bansal (2005a):

AG'=AG; (1)

where AGO[j is the standard free energy change for
dinucleotides of type ij. The original formula described in
Kanhere and Bansal (2005a) was modified to adjust its ade-
quacy to the goals of this paper. The best architecture ob-

------------- CATCTATCATCTAAAAAACC-AGAAAAACAAATAAC-ATCATGT—--mmmsmmmmn- hycA
------ TTAAAAATCTCTTTAATAACAATAAAT--TAAAAGTTGGCACAA-AAAATGC -------- rpsUp3
--------- CGGTGCTTTACAAAGCAGCAGCAATTGCAGTAAAATTCCGCACCATTTTGA--- fusAp
----------- GATAAATCCATGGCTCTGCGCCTGGCGAACGAACTTTCTGATGCTGCA ---- gugpp2
--------------- TTCCCTCACCCACGCCGTCACCGCCTTGTCATCTTTCTGACACCT ---menenm purH

Figure 1 - Examples of promoter sequences aligned by ClustalW software.
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Figure 2 - (a) Architecture of the best NN used to classify promoter sequences in the sequence-based simulation. There were 288 neurons in the input
layer, two neurons in the hidden layer and one neuron in the output layer. (b) Architecture of the best NN used to classify promoters in the stability-based
simulation. There were 81 neurons in the input layer, four neurons in the hidden layer and one neuron in the output layer.

tained to classify the sequences had 81 neurons in the input
layer, four hidden neurons and one output neuron (Figu-
re 2b).

Training and analysis procedures

Both simulations were done in the R Environment (R
Development Core Team, 2005). The algorithm back-pro-
pagation (BP) was chosen because it is the most popular al-
gorithm for training feedfoward networks (Kalate et al.,
2003). NNs based on the BP training algorithm have been
successfully used for various applications in biology in-
volving non-linear input-output modeling and classifica-
tion (Mahadevan and Gosh, 1994; Kalate et al., 2003;
Burden et al., 2005). The ten-fold cross-validation method
was used to obtain statistically valid results. The k-fold
cross-validation (k-FCV) technique consists in randomly
sharing the examples’ archive in k equal portions. The train
and validation were repeated & times, using k-1 archives to
train and k2 archives for validation. In each interaction, the
validation archive had a different & (Polate and Giines,
2007).

The accuracy (A), specificity (S) and sensitivity (SN)
were calculated from the number of true positives (TP), true
negatives (TN), false positives (FP) and false negatives
(FN). The TP were promoter sequences classified as pro-
moters, TN were random sequences recognized as
non-promoters, FP were random sequences classified as

promoters and FN, promoters classified as non-promoter
sequences. The formulas used are given below:

TP +TN

= ()
TN +TP+FN + FP
sV o)
TN + FP
No TP @
TP +FN

An input sequence was classified as a promoter if its
output lay between 0.5 and 1.0. Otherwise, it was consid-
ered as a non-promoter (Kalate ef al., 2003).

Rule extraction

Neural networks are applicable to many different
problems, but the learning process is complex (Andrews et
al., 1995). How a NN classifies a given sequence as pro-
moter or non-promoter can be understood based on rule ex-
traction. Here, we extracted rules using two approaches:

(1) Rules based on hidden neurons: The sigmoid
function was divided into three regions (Figure 3). For each
input, the region of the sigmoid function corresponding to
the best fit of the activation function of the hidden neurons
was identified. The maximum number of combinations was
3", where 7 is the number of neurons in the hidden layer.
However, all of the possible combinations do not occur,
and only the more frequent combinations were considered
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Figure 3 - The three regions defined in the sigmoid function to analyze the
input data and to extract rules from the trained NN.

since they best represented the input data. The result of this
approach was a rule prototype, which we defined as the in-
put data set average. The rule can be written as a linear
equation: “If x = prototype then y = constant of a linear
equation + (coefficients of the linear equation)”. Here, x is
an input example, y corresponds to the NN output and the
coefficients of the linear equation are the nucleotides of the
sequence. This approach is referred to as FAGNIS, accord-
ing to Cechin (1998). Rule extraction was done in the R En-
vironment (R Developed Core Team, 2005).

(2) Rules by a decision tree: These rules were ob-
tained using the software Weka with the algorithm J-48
(Witten and Frank, 2005). The decision tree is an analytical
tool to find rules and relations by subdividing information
in the data analyzed. The tree consists of nodes that repre-
sent attributes and arches from the nodes that were assigned
possible values for these attributes. The first node corre-
sponds to the root from which the other nodes were derived.
These derived nodes are referred to as leaf-nodes and repre-

[
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SpecificitySequence -

AccuracyStability 4 |:[-|
SpecificityStability - }—I::I—l
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0.5 0.6 0.7 0.8 0.9 1.0

Figure 4 - Box plot for accuracy, specificity and sensitivity in the ten-fold
cross-validation for both simulations.
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sent the distinct classes of each training set. The possible
ways of running the tree can be written in an if-¢then rule for-
mat.

Results and Discussion

Classification analysis

Analysis of the results initially involved a root mean
square (RMS) evaluation. Figure 5 shows the RMS plot of
the best NN architecture for both simulations. In the se-
quence-based simulation, the lowest RMS was achieved
with 30 train epochs, i.e., this number of epochs yielded the
best accuracy, which was 0.8 (80%) with a standard devia-
tion of 0.04 (4%). For the stability-based simulation, the
best NN yielded an RMS with 40 train epochs (Figure 3), an
accuracy of 0.68 (68%) and a standard deviation of 0.023
(2.3%).

The quality of the classification is shown by the con-
fusion matrix for both simulations (Table 1). The specific-
ity and sensitivity of the results for the sequence-based
simulation was 0.9 (90%) and 0.65 (65%), respectively. For
the stability-based simulation, the values for these two pa-
rameters were 0.7 (70%) and 0.67 (67%), respectively.

The box plot (Figure 4) shows the distribution of the
values for accuracy, specificity and sensitivity in the ten-
fold cross-validation. The central line represents the me-
dian, the base of the rectangle is proportional to the number
of cases, and the lower and upper boundaries of the box
show the lower and upper quartiles, respectively. The
length of the box therefore corresponds to the inter-quartile
range, which is a convenient and popular measure of the
spread. For both simulations, the small length of the boxes
indicated low variation in accuracy and sensitivity; speci-
ficity showed the greatest variation.
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==+ RMSTestSimulation]
= = RMSTrainSimulation2
== RMSTestSimulation2
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Figure 5 - Plot of the RMS for 300 train epochs. The RMS train showed a
slow decrease in both simulations. In this test, the lowest RMS value was
observed at epoch 30 in the sequence-based simulation and epoch 40 in the
stability-based simulation.
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Table 1 - Confusion matrix for the NN architecture described in the text. The sequences were classified as promoters and non-promoter (random) se-

quences.
Sequence-based simulation Stability-based simulation
Classified as promoter  Classified as non-promoter Classified as promoter  Classified as non-promoter
Promoter 66 28 63 31
Non-promoter 9 85 28 66

The classification results showed that the NN pro-
vided a good generalization for the input data in the se-
quence-based simulation. The NN classified random se-
quences more correctly than it did promoter sequences
(Table 1). This fact probably reflected the incomplete con-
servation of the consensus hexameric sequence of the pro-
moters and the presence of several consensus promoter se-
quences for each o factor (Lewin, 2008). The NN was
unable to learn a single pattern for the input data because of
different motifs present in the ¢ factor family, e.g., the con-
sensus sequences for 624 are ‘CTAAA’ for the -35 region
and ‘GCCGATAA’ for the -10 region. Consequently, the
NN created a general classification rule based on similar
features for all promoter sequences. For this reason, the
sensitivity observed here was lower than that observed in
other papers. This finding was reflected in the low number
of epochs necessary for learning, an indication that the in-
put data had noise typical of biological data (Losa et al.,
1998). In contrast, the results from the stability-based simu-
lation showed that the NN was unable to correctly classify
the random sequences (Table 1). This finding can be ex-
plained by the lack of data synchronization since it was not
possible to pre-align the sequences. Sequence alignment
was not feasible because it was impossible to obtain stabil-
ity values for the gaps inserted during alignment.

The results for the sequence-based simulation were
very similar to those reported by others (Table 2). Burden et
al. (2005) reported a specificity of 0.6 (60%) and sensitivity
0f 0.5 (50%) for their NN-based analysis. The usefulness of
this tool (referred to as NNPP) was improved when the esti-
mated probability that a given sequence was a true pro-
moter was reduced by 60%. Gordon et al. (2003) developed
an SVM-based approach using a sequence alignment kernel
and reported an accuracy of 0.84 (84%), a specificity of
0.84 (84%) and a sensitivity of 0.82 (82%). Web tools such

as BPROM claim an accuracy of 0.8 (80%). The papers or
web tools described are only for 6”° promoter sequences
whereas our NN used all known promoter sequences. In ad-
dition, in most previous studies the number of sequences
used was lower than that used here. The results of the stabil-
ity-based simulation were poor, but this simulation can be
useful for subsequent predictions and can expand the range
of tools for promoter prediction.

Rule extraction in the sequence-based simulation

In this simulation, five rules were extracted by the
FAGNIS method. The decision tree was obtained by using
the J-48 algorithm (Figure 7). To facilitate comprehension,
only promoter rules will be discussed. The rules from
FAGNIS yielded the promoter prototype shown in Figure 6
and identified the nucleotides that were most important in
the learning process.

All of the nucleotides underlined in Figure 6 were the
most important for the learning process. The nucleotides lo-
cated in regions -35 and -10 (read left to right) are indicated
in bold. The similarity of the nucleotides identified by the
prototype with the consensus biological sequence was clear
since most of the sequences belonging to the data set were
recognized by ¢’’. In addition to these consensus nucleo-
tides, there are other nucleotides that are crucial for NN but
they are not located in regions of known biological impor-
tance. The nucleotides in parentheses all have equal impor-
tance for NN. The pattern shown here was also observed
with the decision tree discussed below.

The ten-fold-cross-validation method was used to ob-
tain statistically valid results for the extraction rule based
on the decision tree. The resulting tree had 31 nodes and 25
leaves (Figure 7a). The frequency of correctly classified se-
quences was 63% and the promoter precision was 68%. The
trees showed nucleotide 25 (located in the -35 region) as the

Table 2 - Comparison of different methods used to calculate accuracy, specificity and sensitivity.

Procedure Accuracy Specificity Sensitivity Author
Sequence-based simulation 0.8 0.9 0.65 This paper
Stability-based simulation 0.68 0.7 0.67 This paper
Sequence alignment kernel 0.84 0.84 0.82 Gordon et al. (2003)
NNPP N.I 0.6 0.5 Oppon (2000)
NNPP 2.2 0.49 N.I N.I Burden et. al (2005)

The numbers in bold indicate the highest scores for each parameter. N.I. = no information.
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If Promoter then

1 2 3 4 5 6 1

8
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9 10 11 13 13 14 15 16

T (TA) T A T (AT) (AT) A A A A (AT) (AT) T T T

17 18 19 20 21 22 23 24 25 26 27 28 29

T (ATG) (AT) (AT) (AT) A A (AT) (AT) AT) T T T
30 31 32 33 34 35 36 37 38 39 40 41 42 43 44

(ATC) A A A (TG) T T (AT) A T T (ATC) (AC) T A

45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61

T ATC) AT A TATTATAATT (AT) A

62 63 64 65 66 67 68 69 70 71 72

T (AT) (AT) TG (AT) ((AT) AT) A T A A

Figure 6 - Rule prototype for promoter sequence obtained from NN learning.

root. The presence of guanine at this position was sufficient
to identify a given sequence as a non-promoter. The other
nucleotides present in the rules were located in the -10 re-
gion that included nucleotides 46 to 54, approximately.
Some of the rules identified by this approach included:

a) If Promoter then nucleotide 25 = A, nucleotide 45
=T and nucleotide 46 =A or G

b) If Promoter then nucleotide 25 = T and nucleo-
tide 47=AorT

¢) If Promoter then nucleotide 25 = T and nucleo-
tide 47 = C and nucleotide 50=A or T

d) If Promoter then nucleotide 25 = C and nucleo-
tide 45=T

These rules shared many similarities with the proto-
type obtained with the trained NN. Clearly there is a strong
relationship among the nucleotides located in the biological

motifs. Despite the incomplete conservation of these
motifs, they are still an important feature used by NN for
learning. The rules generally agreed with current biological
knowledge.

Rule extraction in stability-based simulations

For this simulation, rule extraction using FAGNIS
generated seven rules, of which only one classified se-
quences as a non-promoter (rule 1). The prototypes of the
rules are shown as plots for better comprehension (Figu-
re 8). In four promoter prototypes (rules 4 to 7) there was a
decrease in the AG values in the -10 region (located be-
tween nucleotides 45 and 52). These rules were valid for
135 promoter sequences, which were classified based on
these rules. The two promoter prototypes that accounted for
the majority of promoter sequences (total of 533) showed

nucleotide_25 = A

| nucleotide_45 = A: NP (72.0/18.0)

| nucleotide_ 45=T

| | nucleotide_46 = A: P (45.0/18.0)

| | nucleotide_46 = T: NP (22.0/9.0)

| | nucleotide_46 = C: NP (23.0/3.0)

| | nucleotide_46 = G: P (41.0/15.0)

| nucleotide_45 = C: NP (75.0/14.0)

| nucleotide_45 = G: NP (68.0/7.0)

nucleotide_25 =T

nucleotide_47 = A: P (125.0/54.0)

nucleotide_47 = T: P (324.0/58.0)

nucleotide_47 =C

| nucleotide_50 = A: P (45.0/10.0)

| nucleotide_50 = T: P (42.0/8.0)

| nucleotide_50 = C: NP (33.0/13.0)

| nucleotide_50 = G: NP (31.0/11.0)

nucleotide_47 = G: NP (112.0/44.0)

nucleotide_25=C

| nucleotide_45 = A: NP (90.0/28.0)

| nucleotide_45 = T: P (222.0/64.0)

| nucleotide_45 = C: NP (102.0/42.0)

| nucleotide_45 = G: NP (95.0/34.0)

nucleotide_25 = G: NP (309.0/97.0)
(a)

nucleotide_49 <= -1
nucleotide_51 <=-1.28

nucleotide_49 > -1

| nucleotide_53 <=-1.3

I | nucleotide_7 <=-1.28: NP (121.0/57.0)
I | nucleotide_7 > -1.28: P (84.0/21.0)

| nucleotide_53 > -1.3: P (296.0/41.0)

nucleotide_51 > -1.28

nucleotide_55 <= -1.28: NP (608.0/149.0)
nucleotide_55 > -1.28

| nucleotide_27 <=-1.45: NP (105.0/32.0)
| nucleotide_27 > -1.45

| | nucleotide_17 <=-1.3: NP (92.0/38.0)
| | nucleotide_17 >-1.3: P (92.0/37.0)

nucleotide_49 <= -1.84: NP (108.0/45.0)
nucleotide_49 > -1.84

| nucleotide_32 <=-1.3

| | nucleotide_16 <=-1.3: NP (100.0/41.0)
| | nucleotide_16 >-1.3: P (86.0/26.0)

| nucleotide_32 > -1.3: P (189.0/43.0)

(b)

Figure 7 - Decision tree based on the J-48 algorithm. (a) Decision tree for the sequence-based simulation data. (b) Decision tree for the stability-based

simulation data.
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Stability
v 1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79
= = = «Rule 1 —%— Rule 2 —--—- Rule3 —o— Rule4
——=——Rule 5 e Rule 6 Rule 7

Figure 8 - Plot for the stability-based simulation data. This plot represents the rule prototype obtained with the FAGNIS method for rule extraction. Only
rule 1 is for non-promoter sequences; the other rules are for prototype promoter sequences.

no evident decrease in this region. Four patterns of promot-
ers were identified in the plots, in contrast to NN learning,
and this explains the poor rate of correct sequence classifi-
cation.

The rules obtained using the J-48 algorithm were ex-
tracted from the decision tree shown in Figure 7b. The
ten-fold cross-validation method was also used. The result-
ing tree had 21 nodes and 11 leaves. The success rate for
correctly classified sequences was 66.8% and the promoter
precision was 68%. The rules that classified a sequence as a
promoter are shown in Figure 7b. These rules showed that
there was a relationship between the two consensus motifs
of promoters. The root of the tree was nucleotide 49 (lo-
cated in the -10 region), but there were other important nu-
cleotides in the -10 and -35 regions. Some nucleotides (7,
13, 16, 17 and 32) occurred at positions with no known bio-
logical function. This analysis also revealed the stability
low value of the nucleotides and the absence of guanine at
position 49. This fact can explain the high AG value that
this nucleotide has when it occurs as a neighbor of another
nucleotide.

In conclusion, the usefulness of NN for promoter pre-
diction and recognition was assessed using two data sets.
The accuracy of the sequence-based simulation was
0.80 + 0.04 while that of the stability-based simulation was
0.68 = 0.02. These results were comparable to those re-
ported in the literature. The rules extracted from NN learn-
ing can help to identify the most important nucleotide pro-
moter patterns. The pattern obtained is representative of all
sequences, despite the o factor that recognizes each pro-
moter. The data obtained by this approach can help in pro-
moter prediction and increase our knowledge of the biolog-
ical role of promoters. Generally, NN-based methods and

machine learning techniques for promoter prediction rely
on the stability of promoter sequences less frequently than
on nucleotide sequence information. The confusion matrix
showed that NN could differentiate promoters and random
sequences based on nucleotide information, but this was
not the case when stability information alone was used. The
results of this study indicate that the use of nucleotide se-
quence and structural characteristics as input data may help
to improve the prediction of bacterial promoters. This find-
ing should provide a stimulus for developing more efficient
algorithms for predicting such promoters.
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5.2 CAPITULO Il - BACPP: BACTERIAL PROMOTER PREDICTION - A
TOOL FOR ACCURATE SIGMA-FACTOR SPECIFIC ASSIGNMENT
IN ENTEROBACTERIA

Este capitulo apresenta o artigo cientifico “BacPP: Bacterial promoter
prediction - A tool for accurate sigma-factor specific assignment in enterobacteria”.
Nele, ha a descricdo da metodologia de implementacao da ferramenta apresentada
no capitulo anterior e os resultados obtidos. O artigo foi publicado na revista Journal
of Theoretical Biology, periodo com fator de impacto 2,371 e classificado pela
CAPES como qualis A1 na area de avaliacao interdisciplinar. Este documento pode
ser acessado pela internet pelo doi:10.1016/j.jtbi.2011.07.017. Este software tem o
depdsito de patente realizada no United States Patent and Trademark Office. Os

formularios e o codigo-fonte da ferramenta encontram-se no apéndice 1.
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ABSTRACT

Promoter sequences are well known to play a central role in gene expression. Their recognition and
assignment in silico has not consolidated into a general bioinformatics method yet. Most previously
available algorithms employ and are limited to ¢70-dependent promoter sequences. This paper
presents a new tool named BacPP, designed to recognize and predict Escherichia coli promoter
sequences from background with specific accuracy for each o factor (respectively, 024, 86.9%; 728,
92.8%; 032, 91.5%; 038, 89.3%, 654, 97.0%; and 670, 83.6%). BacPP is hence outstanding in recognition
and assignment of sequences according to ¢ factor and provide circumstantial information about
upstream gene sequences. This bioinformatic tool was developed by weighing rules extracted from
neural networks trained with promoter sequences known to respond to a specific ¢ factor. Further-
more, when challenged with promoter sequences belonging to other enterobacteria BacPP maintained

76% accuracy overall.

© 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Prediction and recognition of transcription sites in silico from
the overwhelming bulk and diverse background genomic
sequence is an active research topic in molecular biology and a
challenge in bioinformatics. This knowledge essentially defines
our ability to generate hypotheses in the context of the funda-
mental topic of bacterial gene function and regulation. Promoters
are cis-acting sequence elements located upstream of the tran-
scription start site (TSS) of open reading frames (ORF). These
elements choreograph the initiation of gene expression through
their recognition by RNA polymerase (RNAP). In bacteria, RNAP
holoenzyme consists of five subunits (2 «, f, f, ) and an
additional sigma (o) subunit factor (Borukov and Nudler, 2003).
A small collection of different ¢ subunits act as key regulators of
bacterial gene expression by dictating the RNAP sequence-specific
binding at the level of the promoter where melting of the DNA
double strand occurs (Borukov and Nudler, 2003; Li and Lin,
2006). Bacterial cells use alternative o factors for subsets of
promoters, endowing them ability of adapting gene expression
to environmental changes (Borukov and Nudler, 2003). In the
model enterobacterium Escherichia coli the most prevalent o

* Corresponding author. Tel.: +55 54 3218 2100x2075.
E-mail addresses: sasilvab@ucs.br (S. de Avila e Silva),
selaguna@ucs.br (S. Echeverrigaray), gunther_lew@yahoo.com.br (G.J. Gerhardt).
1 Tel.: +55 543218 2100x2607.

0022-5193/$ - see front matter © 2011 Elsevier Ltd. All rights reserved.
doi:10.1016/j,jtbi.2011.07.017

subunit are labeled by molecular weight: 624, 028, ¢32, 038,
054 and ¢70. Each ¢ factor subfamily has been assigned a global
functional role and are characterized by their recognition of a
distinct consensus promoter sequence. For example, ¢32 plays a
role in heat-shock response, 628 is associated with expression of
flagellar genes during normal growth and the better known ¢70 is
the major factor responsible for the bulk housekeeping transcrip-
tional activity in standard laboratory conditions (Borukov and
Nudler, 2003; Lewin, 2008). Regardless of the ¢ factor in question,
all promoters can be dissected into two functional recognition
sites, known as the —35 and —10 regions upstream of the TSS
codon. These sequence motifs are poorly conserved and differ
widely among the promoter different ¢ factor which recognizes
them. Furthermore, the consensus motifs recognized by ¢24 and
038 have not been reported owing to low conservation and/or the
limited number of confirmed promoters. The canonical consensus
for known -35 and -10 regions and the number interspacing
nucleotides are (Lewin, 2008)

032-5-CCCTTGAA 13-15bp CCCGATNT-3'
028—-5-CTAAA 15bp GCCGATAA-3'
070—-5-TTGACA 16-18bp TATAAT-3’

054-5-CTGGNA 6bp TTGCA-3'

The variation among consensus sequences recognized by each
o factor, in particular the relative positions of the conserved
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motifs, limits the efficacy of prediction by a global analysis
approach. A limited analysis of a putative promoter sequence by
comparison with the 670 promoter consensus motif can lead to
an unacceptable rate of false negatives and incorrect assignments.
Hence, global promoter prediction requires separate in-depth
analysis for each o-dependent promoter sequences.

Promoter databases have allowed the development of bioin-
formatic tools which predict the location of promoter regions on
the basis of homology to consensus sequences or a reference list
of promoters (Polate and Giines, 2007). The classical approach for
promoter prediction involves the development of algorithms that
use position-weight matrices (PWMs). This methodology yields
results by aligning examples of reference sequences and estimat-
ing the base preference at each position of a matrix (Li and Lin,
2006; Gordon et al., 2006).

In recent years, Machine Learning approaches have been
applied for promoter recognition and prediction. Among these,
applications of Support Vector Machines (SVM) and Neural Net-
work (NN) have produced promising results. The SVM methods
use a training algorithm and can represent complex nonlinear
functions, with the objective of separating the dataset into two
classes by a hyperplane (Polate and Giines, 2007). The SVM can be
applied to identify important biological elements including pro-
tein (Chen et al., 2009; Zakeri et al., 2011; Zeng et al., 2009),
promoters (Polate and Giines, 2007), transcription start sites
(Gordon et al., 2006), among others.

The NNs are computational tools with complex nonlinear func-
tions. They have been applied to many bioinformatic tools including
promoter prediction (Demeler and Zhou, 1991; Burden et al., 2005;
Rani et al., 2007), gene expression (Janga and Collado-Vides, 2007)
and protein analysis (Gama-Castro et al., 2008). The NNs are
particularly adequate for promoter prediction and recognition due
to their ability to identify degenerated, imprecise and incomplete
patterns merged within those sequences, and can achieve high
performance when processing extended genome sequences (Cotik
et al,, 2005). Moreover, the NN methodology allows rule extraction
from trained networks, which can assist to derive biologically-
relevant concepts from the input data (Andrews et al., 1995).

Herein we propose a bacterial promoter prediction tool,
denoted as BacPP, not limited to exclusively employing ¢70
sequences for the prediction of all promoters. BacPP is based on
rules derived from NN learning process for 24, 628, 32, 638,
654 and 670 dependent promoter sequences. The information
obtained from the rules was weighted to maximize promoter
prediction and classify them according to o factor which recog-
nize the sequence.

2. Methods
2.1. Dataset

E. coli promoter sequences obtained from the RegulonDB
database (Gama-Castro et al., 2008) (version available in April,
2009) were used as positive examples for NN training. A total of
1034 sequences, subdivided according to their o factor were
employed (Table 1). As negative examples for NN training an
equal number of random sequences was generated with a prob-
ability of 0.28 for nucleotides adenine (A) and thymine (T) and
probability of 0.22 for cytosine (C) and guanine (G), according to
(Kanhere and Bansal, 2005). To confirm the specificity of BacPP, a
set of 1034 randomly chosen intergenic regions (>80 bp
upstream) were also used as negative examples.

As elucidated in a recent comprehensive review (Chou, 2011),
to avoid homology bias and remove the redundant sequences
from the benchmark dataset, a cut-off threshold of 25% was

Table 1
Number of sequences employed in the simulation
for each ¢ factor.

o factor Number of promoters
sequences
024 69
028 21
032 71
038 99
054 38
70 740

imposed in (Chou and Shen, 2010) to exclude those proteins from
the benchmark datasets that have equal to or greater than 25%
sequence identity to any other in a same subset. However, in this
study we did not use such a stringent criterion because the
currently available data do not allow us to do so. Otherwise, the
numbers of promoter sequences for some subsets would be too
few to have statistical significance.

Promoter sequences from other Enterobacteriaceae were obtained
from available literature, since currently the only web databases
resources are for E. coli and Bacillus subtilis. Thus, a collection of 82
promoter sequences belonging to Citrobacter, Enterobacter, Klebsiella,
Proteus, Salmonella, Shigella, Yersinia genera were also employed
(Ching and Inouye, 1986; Kutsukake et al., 1990; Mares et al., 1992;
Tobe et al.,, 1993; Smith and Somerville, 1997; Sulavik et al., 1997;
Beach and Osuna, 1998; Wdsten and Groisman, 1999; Penfound and
Foster, 1999; Castellanos et al., 2000; Hu et al., 2000; Ibanez-Ruiz
et al., 2000; Ramirez-Santos et al., 2001; Aldridge et al., 2006;
Maxson and Darwin, 2006; Skovierova et al., 2006; Yang et al., 2008;
Perez and Groisman, 2009).

2.2. Neural network simulation

NN simulations were carried out for each o dependent pro-
moter sequences. The nucleotides were encoded by four binary
digits: A=0100, T=1000, C=0001 and G=0010 (Brunak et al.,
1991). An input sequence was classified as presumptive promoter
if its output lay value was between 0.5 and 1.0, according to the
o-dependent promoter sequence. Otherwise, it was considered as
a non-promoter.

The simulations were carried out in the R Environment
(R Development Core Team, 2008). We selected the back-propaga-
tion (BP) algorithm with a k-fold-cross validation, in order to
obtain statistically valid results. In this technique the dataset
was divided into k subsets. At each iteration one of the k subsets
was used as the test-set and the others formed a training set. The
average error across all k trials was then computed (Polate and
Gilines, 2007). The k values determined by the number of
promoter sequences available were 10 for ¢70 promoters; 2 for
028 and 054 promoters; 3 for 624, 632 and ¢38 promoters.

Among the independent dataset test, sub-sampling (e.g., 2, 5 or
10-fold cross-validation) test, and jackknife test, which are often
used for examining the accuracy of a statistical prediction method
(Chou and Zhang, 1995), the jackknife test was deemed the most
objective that can always yield a unique result for a given
benchmark dataset, as elucidated in (Chou and Shen, 2008) and
demonstrated by Eq. (50) of (Chou and Shen, 2007). Therefore, the
jackknife test has been increasingly and widely adopted by
investigators to test the power of various prediction methods
(Chen et al., 2009; Zakeri et al., 2011; Zeng et al., 2009;
Kandaswamy et al.,, 2011; Lin et al.,, 2009; Mohabatkar, 2010;
Nanni and Lumini, 2009; Xiao et al., 2008; Xiao et al., 2009; Xiao
et al, 2011a; Xiao. et al., 2011b) as well as a long list of references
cited in a recent review (Chou, 2011). However, to reduce the
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computational time, we adopted the k-fold cross-validation in
this study as done by many investigators with NN as the
prediction engine.

The results were evaluated comparing the parameters accu-
racy (A), specificity (S) and sensitivity (SN) calculated from
Egs. (1)-(3), respectively,

TP+TN
A= TN+TP+FN-+FP M
N
S=IN P 2)
TP
N=Tp N 3

where, TP (true positive) are promoter sequences classified as
promoter; TN (true negative) are random sequences recognized as
non-promoters; FP (false positive) are random sequences classi-
fied as promoter and FN (false negative) are promoters classified
as non-promoter sequences. The same formulas were used for
analyzing BacPP simulations, described in the next section.

The NN is applicable to a variety of problems, but the learning
process is complex (Andrews et al., 1995). How NN learns to
classify sequences as promoter or non-promoter can be under-
stood by rules extraction and the explanation of how each NN
decision is made increases the knowledge about the sequences
themselves (Andrews et al., 1995). In this paper, we extracted the
rules based on the value of the hidden neurons by the Fuzzy
Automatically Generated Neural Inferred System (FAGNIS) tech-
nique. A brief explanation about FAGNIS is provided and further
explanation and details would be obtained in Battistella and
Cechin (2004).

This technique consists in segmenting a sigmoid function in
three regions. For each input, it is verified in which region of the
sigmoid the hidden neurons would fit. Because of peculiarities of
data generally the activation functions ( f4) works on a small
input range. The maximum number of combinations is 3", where
n is a number of neurons in the hidden layer. Nevertheless, all the
possible combinations do not occur and only the more frequent
combinations are considered, which are the best representation of
the input data. FAGNIS is based in to substitute the activation
functions for a set of linear segments. The value of f4 can be
approximated by a set of linear segments, using a relationship as
demonstrated in

fal@) ~ Zi[Fi(a)(pia;+qy)) “4)

where f 4(a;) is the original nonlinear function, g; is the activation
signal (weighted sum of the input vector), Fi(a;) is a function that
links each value of a; to correspondent linear segment(s), and
piaj+q; are linear segments. To improve the precision of the
approximation, Fi(a;) must be a fuzzy number.

Therefore, the results are conveniently presented by a rule
prototype, which we defined as the average model of the input
dataset. The rule can be written as a linear equation: “If
x =~ prototype then y=constant of linear equation+(coefficients
of the linear equation)”. Here, x is an input example, y corre-
sponds to the NN output and the coefficients of the linear
equation are the nucleotides of the sequence.

This methodology has been successfully used to extracted
rules from other biological problems by using NNs (Battistella
and Cechin, 2004).

2.3. BacPP implementation
The BacPP tool was implemented in Python programming

language. An overview of this approach is given in Fig. 1. The
objective of this tool was to weight the score obtained from NN

NN learning

Rule extraction

Replace of prototype
values from MHN rules

extraction by an integer
number

WEIGHTING

A

Determination of cut-off

!

Analysis of the sequences

!

Sequence score
> cut-off value

Itisa

Itisa

promoter non-promoter

Fig. 1. The flow chart of BacPP approach.

Table 2
The best weighting set to BacPP classification results.

Score from NN rule Integer number

prototype replace it
Upon 0.6 +6
0.5-0.59 +4
0.4-0.49 +2
0.3-0.39 +1
0.2-0.29 0
0.1-0.19 -1
Lower 0.1 -3

prototypes of rules extracted for each o-dependent promoter
sequences. Thereafter, we used these scores as models to deter-
mine and classify promoters according to ¢ factor which recog-
nize them. Several weighing schemes were evaluated. The
weights were defined using integer numbers between —10 and
+10. For a given nucleotide, if the prototype score lied above
0.3 or below 0.2, the values were replaced by a positive or
negative number, respectively. If the prototype score lied
between 0.29 and 0.2, the prototype values were replaced by
zero. The best weights are presented in Table 2. The cut-off values
were determined by the intersection of the histogram plot. The
values of this plot are the scores obtained from BacPP for the
promoters and non-promoter sequences. For these reasons, each
o factor presents a different cut-off value.
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3. Results

In the NN simulation, the architecture that best classified the
input set of sequences for each o-dependent promoter is pre-
sented in Table 3. A greater number of neurons in the hidden
layer did not significantly increase accuracy, specificity or
sensitivity.

Using the best architecture for each o-dependent promoter,
the NN achieved an average accuracy of 71.67%, a specificity of
71.08% and a sensitivity of 72.98%, with low variation among ¢
factors (Table 4). The similarity between the specificity and
sensitivity values within each ¢ is an indicative of the consistence
of the NN learning process. The accuracy, specificity and sensi-
tivity values obtained for ¢70 are lower but comparable with
those previously reported using NN methodologies (Demeler and
Zhou, 1991; Burden et al., 2005; Rani et al., 2007; Askary et al.,
2009). The ROC curve is presented in Fig. 2.

The prediction validity is often examined by observing its ROC
curve (receiver operator characteristic curve), which shows the
trade-off between sensitivity and specificity. The definition and
theory of ROC has been described in the literature. The ROC curve
is a plot of the sensitivity against the specificity for different cut-
off points. Each point on the ROC curve represents a sensitivity/
specificity pair corresponding to a particular decision threshold
(Xu et al., 2010). Fig. 2 shows the classification of the best NN
simulation for all o-dependent promoter sequences. The most
evident characteristic is observed for ¢70 results, which passes
through the upper left corner. The results for the others
o-dependent promoter sequences are very similar.

The NN prototypes were extracted from the trained NN by the
FAGNIS algorithm. This procedure was carried out for each
og-sequence dependent and the results are shown as a frequency
plot in Fig. 3 (Crooks et al., 2004).

The prototype obtained for ¢24 (Fig. 3a) did not show any
conserved motifs, but as most promoters, it is characterized by a
high prevalence of AT nucleotides (Lewin, 2008). As far as we
know, no conserved motifs have been described for 624 promo-
ters. Conversely, the 628 promoter prototype (Fig. 3b) exhibited
two conserved motifs, one between —15 and —7, TGCCGATAA,
and the other between —33 and —25, TAAAGTTT, that match
those previously described (Song et al., 2007).

Table 3
The best architecture for every ¢ factor family simulation.

o factor Number of Number of Number of
neurons in neurons in neurons in
input layer hidden layer output layer

024 324 4 1

028 324 2 1

032 324 2 1

038 324 2 1

54 324 2 1

a70 324 5 1

Table 4

The best results for every ¢ factor family in NN simulation.

¢ factor Accuracy Specificity Sensitivity
24 71.6 69.1 73.9
28 70.2 66.6 73.8
032 724 714 734
38 67.7 68.5 66.8
54 73.5 73.2 73.8
a70 77.0 76.7 77.2

1.0
0.8-
0.64
%‘ Sigma Factor
2 ° 70
7]
(73]
04 L [ ] 54
e 38
0.24 A 32
b 28
0-0 L L T T g 24
0.0 0.2 04 0.6 0.8 1.0
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Fig. 2. The ROC curve for the best NN simulation for each -dependent promoter
sequences.

The prototype obtained for the ¢32 promoters (Fig. 3c) was
characterized by the presence of two partially conserved motifs.
One from —7 to — 15 with a consensus sequence CYCYAWWWW,
and one from —28 to —35 with YTKRWWW sequence. According
to IUPAC code, the letters Y, W, K, R represents: Cor T, Aor T, G or
T, A or G, respectively. These motifs are similar to those described
by (Wang and deHaseth, 2003). On the other hand, no conserved
motifs were obtained for ¢38 promoters (Fig. 3d). However, a
W-rich region could be identified in the first 11 nucleotides, with
a highly conserved T at —7. Low conservation and W-rich motifs
on 038 promoters were reported by Typas et al. (2007).

The prototype obtained for ¢54 promoters (Fig. 3e) showed
two conserved motifs: WWCGTT between —10 and —15, and
ACGGT between —22 and —26. These motifs are similar to those
described by Barrios et al. (1999). In Fig. 3f, the 670 promoter
prototype was characterized by a high A/T/W content (88%)
compared with the other promoters, which varied between 30%
(032) and 58% (538). High AA, AT and TT dinucleotide frequency
was reported by Kanhere and Bansal (2005) for E. coli 670
promoters. However, the typical —10 and —35 conserved motifs
were not evident on the prototype extracted from the NN. This
fact can be rationalized due to the variation on the number of
nucleotides between the +1 and the first motif, as well as among
motifs of 670 promoters (Shultzaberger et al., 2007).

In general, the prototype rules extracted from the NN showed
the conserved motifs previously described for each og-dependent
promoter sequences, indicating that the NN learning has biologi-
cal relevance.

Considering the efficiency of the NN learning, the rules were
weighted and used to develop a prediction tool for bacterial
promoter sequences, separated by ¢ factor.

As it can be observed in Tables 4 and 5, BacPP showed higher
accuracy, specificity and sensitivity than the original NN using
random sequences as negative controls. Moreover, there are no
significant differences between the BacPP results presented
employing either random or intergenic regions as negative
examples. Using BacPP, the accuracy obtained for ¢54, ¢28 and
032 were all above 90%. These g-dependent promoter sequences
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Table 5
The best results for every ¢ factor family in BacPP simulation.

¢ factor Accuracy (%) Specificity (%) Sensitivity (%)
BacPP NNPP? BacPP NNPP? BacPP NNPP?
*RS *IR *RS “IR *RS *IR
24 86.9 86.1 67.2 95.6 94.2 60.8 78.2 78.0 50.7
028 92.8 97.1 68.2 90.4 98.1 75 95.2 96.2 50
032 91.5 923 68.4 929 94.0 60.5 90.1 90.7 64.7
38 89.3 86.6 68.2 83 80.8 62.6 93.9 924 64.6
054 97 95.2 67.8 100 96.6 60 94.1 93.8 48.5
70 83.6 80.5 744 85.4 80.8 68.7 81.8 80.3 80
*RS=random sequences as negative examples, *IR=intergenic region as negative examples.
? Tested with random sequences as negative examples.
Table 6
Sensibility values of the cross-test for promoter sequences.
Tested tester 624 628 632 638 654 670
A S SN A S SN A S SN A S SN A S SN A S SN
624 869 956 782 708 712 704 584 535 633 570 454 686 573 64.7  50.0 58.1 21.7 945
628 63.7 623 652 928 904 952 669 760 57.7 590 494 686 36.7 294 441 59.1 59.5 58.6
632 623  68.1 565 714 619 809 915 929 901 722 686 757 720 64.7 794 66.1 65.6  66.6
38 695 695 695 642 619 666 746 816 676 893 83 939 647 64.7 647 729 736 721
654 673 768 579 785 714 857 704 760 647 61.6 494 737 97 100 9411 684 63.1 73.7
670 652 739 565 547 714 380 69.0 59.1 788 757 616 89.8 720 58.8 85.2 836 854 8138

higher specificity was obtained when a ¢ factor models were
applied on other o promoter sequences (Table 6) compared to
random sequences (Table 5). This is indicative of the degree of
kinship among promoter sequences beyond ¢ factor and explains
the relative efficiency of prediction models based only on 670 to
adventitiously identify of other ¢ promoter sequences (Burden
et al,, 2005; Gordon et al., 2003).

We carried out a comparison of BacPP with previously reported
machine-learning based programs. To our satisfaction, the perfor-
mance average in terms of accuracy (90.2%), specificity (91.0%) and
sensitivity (89.5%) of BacPP is highly competitive and comparably
exceeds the parameters of the most efficient approaches published
thus far in the context of ¢70 promoters. For example, (Oppon,
2000) reported a neural network promoter prediction program
(NNPP) that exhibited 60% specificity and 50% sensitivity for 70
promoters, noting later improvements in specificity (Burden et al.,
2005). Secondly, SVM based approach using Sequence Alignment
Kernel obtained an accuracy of 84%, specificity of 84% and sensitivity
of 82% (Gordon et al., 2003). Furthermore, (Polate and Giines, 2007)
reported least-square support vector machines which obtained an
accuracy of 84.6%, sensitivity of 90.9% and specificity of 80%.

A noteworthy NN method which uses dinucleotide pairs as
input can achieve an accuracy of 96%, specificity of 98% and
sensitivity of 93% for 670 promoters using negative examples of
AT-rich (60%) sequences (Rani et al, 2007). Although this
approach is highly efficient it is limited to the AT-rich sigma
sequences like ¢70. Similarly, Rangannan and Bansal (2007) used
DNA duplex stability to predict promoter sequences and obtained
modest accuracy of 52.2% with sensitivity of 98%. By using
stability promoter information in a NN simulation, (Askary
et al., 2009) presents stability and sensitivity values of 94%. NN
based on SIDD (stress-induced duplex destabilization) (Bland
et al, 2010) showed better sensitivity (F-score—62.3) than
threshold based methods (F-score—56.8).

A position-correlation scoring matrix (PCSM) applied to E. coli
070 showed 81% specificity and 91% sensitivity (Li and Lin, 2006).

A combination of position correlation score function and increment
of diversity with modified Mahalanobis Discriminant used for
eukaryotic and prokaryotic promoter prediction resulted in 91.4%
specificity and 84.9% sensitivity for E. coli 670 (Lin and Li, 2011).
Finally, when evaluated in the context of a set of 82 promoter
sequences of diverse enterobacterial species, BacPP exhibited an
accuracy of 80.5%, with 86% sensitivity and 75% specificity,
indicating that BacPP is reliable for promoter prediction and
classification beyond the model Gram-negative organisms.

4. Conclusions

In this work, we have presented a novel and valuable approach
for prediction and classification of bacterial promoters based on
weighting promoter prototypes obtained from rules extracted
from NNs. By separating the promoter sequences according their
o factor which recognize them, we have demonstrated that the
current boundaries of prediction and classification of promoters
can be dissolved. The finished bioinformatic tool, BacPP has
reliable accuracy parameters across the ¢ families of E. coli
promoter sequences (624, 628, 632, 638, 654 and ¢70 accuracies
of 86.9%, 92.8%, 91.5%, 89.3%, 97.0% and 83.6%, respectively).
Furthermore, when applied to a set of promoters from diverse
enterobacteria, the accuracy of BacPP was 76%, indicating that this
tool can be reliably extended beyond the Gram-negative model.

In contrast to tools previously reported in the literature, BacPP
is not only capable of identification of bacterial promoters in
background genome sequence, but is designed to provide prag-
matic classification according to ¢ factor—a piece of knowledge of
equal importance. We anticipate BacPP will endow researchers of
diverse fields with a reliable bioinformatics tool for in silico
generation of hypotheses beyond what has been previously
possible.

Further improvements and implementation of BacPP within a
user-friendly platform are under progress. BacPP tool box is not
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available in the web yet. Since user friendly and publicly acces-
sible web-servers represent the future direction for developing
practically more useful models, simulated methods or predictor
(Chen et al., 2009), we shall make efforts in our future work to
provide a web-server for the method presented in this paper. This
tool is under patent process in the U.S Patent and Trademark
Office.
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5.3 CAPITULO Illl - NEURAL NETWORKS APPLIED TO BACTERIAL
PROMOTER PREDICTION BASED ON DNA STABILITY

Este capitulo apresenta o artigo “Neural Networks applied to bacterial
promoter prediction based on DNA stability” que sera submetido para publicagdo em
revista cientifica relacionada a area de Computagéo Aplicada. Neste artigo € descrita
a metodologia de simulagao de RN utilizando os dados de estabilidade da sequéncia
promotora de acordo com o fato o que a reconhece. Além da predicao, foi realizada
a extracdo de regras e este conhecimento sera incorporado a implementagao da

ferramenta BacPP, melhorando a predigédo para as outras bactérias Gram-negativas.
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1 Introduction

The first and key step in gene expression process is the promoter sequence recognition by RNA
polymerase enzyme (RNAP). These sequences are elements located before the transcription start site
(TSS) of open reading frames (ORF) and they can play a regulatory role [1,2]. The proper regulation
of transcription is crucial for a single-cell prokaryote since its environment can change dramatically
and instantly [1,2,3]. In bacteria, RNAP holoenzyme consists of five subunits (2 a, B, B’, ®) and an
additional sigma (o) subunit factor. A collection of different ¢ subunits is responsible for lead RNAP
binding on specific promoter regions and consequent activation of genes in response to environmental
changes. The ¢ factors are labeled according to their molecular weight (¢*, 6, 6%, 6**, ¢** and ¢"°).
Each o factor has been assigned to a global function role, for instance, 6** and 6** play a role in heat-
shock response, 6 is associated with the expression of flagellar genes during normal growth, ¢ is

involved in nitrogen metabolism and ¢” is the factor responsible for the bulk housekeeping

transcriptional activity [3,4].

The canonical prokaryotic promoter has two consensual hexamers located before the first nucleotide
transcripted (TSS): one centered at approximately 35 nucleotides (called -35 region) and another

centered at 10 nucleotides (called -10 region or Pribnow Box), except for 6*. These hexamers have
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different consensual sequences, according to the o factor which recognizes them. For instance, ¢, 6*2,
o® and o™ has as consensus, respectively: TTGACA and TATAAT separated by 16-18 bp;
CCCTTGAA and CCCGATNT separated by 13-15pb; CTAAA and GCCGATAA separated by 15pb;

CTGGNA and TTGCA separated by 6pb [1,4].

The correct classification of a given DNA sequence as promoter or non promoter is an attractive
research area in Bioinformatics because it improves genome annotation and allows generating
hypotheses in the context of the bacterial transcription initiation process and gene function [5]. In
silico promoter prediction techniques are attractive because they require less time and they are not so
demanding when compared with molecular techniques [6]. Promoter compilation and analysis have
led to computer programs which predict promoter sequences on basis on their homology or consensus
sequences. Unfortunately, the predictive power of these algorithms is reduced due the frequent
variations in consensus sequences position and nucleotide composition [2]. Many currently promoter
prediction methods, many of which are applied just to 6"°-dependent promoter sequence, decide if the
sequences are promoter or not by using Position weight matrices [4,7], SVM [2,6,8] or NN
[9,10,11,12]. Besides the prediction, another interesting procedure is rule extraction from NN trained
because it gives an explanation of how each decision is made [13]. Despite the importance of this

procedure, it is not carried out by the NN approaches previously described [9,11,12].

Considering the role of the promoter in the open complex formation [3], structural features, such as
stability, bendability and curvature are expected to distinguish promoter sequences from other
genomic sequences. It is known that the eukaryotic promoter and prokaryotic ¢’°-dependent promoter
sequences have lower stability, higher curvature and lesser bendability than gene sequences [14].
Consequently, DNA stability is considered a promising parameter for promoter recognition [14, 15].
The relative stability of a DNA duplex depends on the identity of the nearest-neighbor bases [16,17],

and different bioinformatic approaches using DNA duplex stability have been described [14,18,19].

In this paper, E. coli promoter sequence duplex stability was applied as input data in NN
simulations. The approach carried out can be briefly described as follows: the stability was calculated

by applying the Nearest Neighbors for the prediction of free energy, and the values obtained were
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filtered using moving average. This data set was used for NN learning, and differently from previous
reports, the simulations were carried out separately for six o-dependent promoter of E coli: ¢”°, 6%, 6*%,
o™, 6%, and 6. After the classification analysis, rule extractions were carried out to finding significant

knowledge learned by the best NN architecture simulated for each ¢ factor promoter set.
2 Methods

2.1 Data Set

The positive examples were obtained from RegulonDB database [20] in its version available on
April, 2010. A total of 1035 promoter sequences belonging to different E. coli ¢ factors were
employed. Therefore, for 6%, 6%, 6*2, 6%, 6°4 and ¢’° were obtained 69, 20, 69, 99, 38 and 740
sequences, respectively. The negative examples were randomly chosen from E. coli non-promoter
intergenic regions in the same number and length of positive examples.

In order to carry out NN simulation the following procedure [14,17] was used:
n-1
4G° = AGOinHAGOsymZ AGY%+1 (1)
=
According to [14], the terms AG°ini and AG°sym were not considered. The stability scores of all
observed di- , tri-, tetra-, or dodeca- nucleotides in sliding overlapping windows (one nucleotide step)

were calculated and averaged in order to evaluate the mean scores of individual promoter and non-

promoter sequences [15].

The data sets were smoothed with a moving average using the software Low121 [21]. Aiming at
finding the optimal number of iterations in the moving average, semi empirical test were carried out

using four smoothing values: 3, 5, 8 and 12 degree.
2.2 Neural Network Simulation

The NN architecture used was a multi layer perceptron (MLP) with three layers: an input layer, a
hidden layer, and an output layer. For each ¢ dependent-promoter sequence set, different architectures

with the cross combination of the following parameters were tested:
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1. Number of neurons in input layer: 80, 79, 78, 76, and 70. These numbers were obtained

according to the size of the window (2, 3, 4, 6 and 12) applied on formula 1.
2. Number of neurons in hidden layer: 1 to 8.
3. Number of neurons in output layer: 1

R environment was used to carry out NN simulations [22]. The approach made use of a
backpropagation algorithm [11].The k-fold cross-validation methodology was chosen because it
provides statistically valid results. At each iteration one of the k subsets was used as the test-set and
the others formed a training set. The average error across all & trials was then computed [2]. The &
values were 10 for ¢”° promoters; 2 for ¢*® and ¢ promoters; 3 for ¢*, ¢** and ¢*® promoters,

according to the number of promoter sequences available from the data set.

2.3 Results analysis

In this study, a known sequence predicted correctly was considered as true positive (TP) if it was a
promoter, or as true negative (TN) if it was a non-promoter sequence. Incorrect predictions were
denoted as false positive (FP) or false negative (FN). A promoter classified as non-promoter sequence
was considered FN, and a non-promoter sequence classified as promoter, as FP. The cut-off value
which classifies a sequence as promoter or non-promoter was determineted by ROC curve analysis
(Receiver Operator Characteristic curve). The ROC curve is a plot of sensitivity against specificity for
different cut-off points. ROC curve is widely used because it provides a visual as well as numerical

summary of a predictor’s behavior [23,24].

The analysis of the results used the performance measures: Accuracy (A), Specificity (S) and

Sensitivity (SN), which were calculated according to the following formulae:

_ TP+TN )
TN +TP+FN + FP
g—_IN
TN + FP (3)
TP
N:—
TP+ FN (4)

Specificity is the proportion of negative test sequences which are correctly classified, sensitivity is
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the proportion of positive test sequences which are correctly classified, and accuracy is the proportion

of correctly classified sequences of the entire data set [12].
2.4 Rule extraction

NN have been used during the last few decades in a wide variety of applications [11]. When their
application is a decision support, such as in classification or clustering problems, it is often desirable
to understand how the NN determines their own decision. The rule-extraction attempts to address this

problem by making explicit the relationships between the input and output data [13,25].

The rules were extracted based on the value of the hidden neurons by the FAGNIS technique (Fuzzy
Automatically Generated Neural Inferred System). This methodology has been successfully used to

extracted rules from promoters prediction [10], and from other biological problems by using NNs [26].

Briefly, FAGNIS technique is based on the idea that the activation functions (f ,) work on a small
input range due to peculiarities of data. FAGNIS substitutes the activation functions for a set of linear
segments. The value of f, can be approximated by a set of linear segments, using a relationship as

demonstrated in Equation 5:
falaj) = ZilFita; )0 (o *aj+q)] (5)

Where f A(aj) is the original non-linear function, a; is the activation signal (weighted sum of the
input vector), F(a ]) is a function that links each value of a, to a correspondent linear segment(s), and

pl.*aj+ql. are linear segments. To improve the precision of the approximation, F',(a ]) must be a fuzzy

number.

The results are conveniently presented by rule prototypes, which are defined as the average model
of the input data set. The rule can be written as a linear equation: “If x = prototype then y = constant of
linear equation + (coefficients of the linear equation)”. Here, x is an input example, y corresponds to
the NN output and the coefficients of the linear equation are the nucleotides of the sequence. Further

explanation and details of FAGNIS can be obtained in [26].

3. RESULTS AND DISCUSSION

In the NN simulation, among all architectures tested, those which best classified the input data set
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for each o-dependent promoter are presented in Table 1. A greater number of neurons in the hidden

layer did not increase accuracy, specificity or sensitivity values.

Table 1. The best architecture trained for each NN trained with the promoters according to the o factor
which recognize the sequence.

o factor Number of neuwrons in Number of iterations on Number of newrons in hidden Number of nemrons in
input layer Lowl21 layer output layer
c 24 80 ] 3 1
G 28 80 3 4 23
G 32 80 12 3 1
o 38 80 12 5 Al
o 54 80 3 3 1
g 70 80 5 4 1

The ROC curve for the best NN simulated for each o-dependent promoter sequences is presented
in Figure 2. It is possible to perceive the same mathematical behavior for all data set used. The ROC
curves obtained did not show a typical behavior [23,24]. Nevertheless, the performance measures
(Table 2) obtained with the chosen cut-off values (0.6 for 6** and 0.5 for the other o-dependent
promoter sequences) showed satisfactory values when compared with the NN prediction literature

[9,10,19]. The cut-off values chosen by ROC curve observation were.
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Figure 1. The ROC curve for the best architecture for each NN trained with the promoters according
to the o factor which recognize the sequence.

The best NN architecture for each o-dependent promoter achieved the lower accuracy value of

56.52% for ¢** and the highest value of 80% for 6** (Table 2). The specificity and sensitivity values
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varied throw 59.74% (c**) to 77.64% (c™*), and 53.3% (c**) to 83% (o), respectively. As an efficient
classification tool, it is expected to recognize promoter as well non-promoters, the similar specificity
and sensitivity values obtained for each o-dependent promoter sequences are indicative of the
consistence of the NN learning process. A comparison of the performance values obtained with NN
simulations using stability and orthogonal input data (Table 2) showed that stability simulations were
more efficient to predict 6**, 6°* and ¢** dependent promoters. The ¢”°-dependent promoters exhibited
almost the same accuracy, specificity and sensitivity values for with both input data. Conversely, the
performance values for 6** and ¢** were lower than those obtained with orthogonal simulations. The
low values obtained for by 6** and ¢** cannot be explained by the NN prototypes (Figure 1) or motifs
content, since there is no relation between the consensual regions or stability profiles presented by
these sequences [4]. In general, the results obtained point out the importance of the ¢ factor separation
in prediction approaches, since the overall accuracy for both stability (71%) and orthogonal data

(72%) were lower than those obtained for individual 6-dependent promoter sequences.

Table 2. The performance measures for the best NN architecture presented in Table 1. In bold the best
results when compared with the orthogonal simulation presented by [10].

o factor Accmracy (%) Specificity (%0) Sensitivicy (%0)
Stability Orthegonal Stability Orthogonal Stability Orthogonal
codification codification codification codification codification codification
G 24 56.5 71.6 597 69.1 533 739
G 28 80.2 70.2 83.0 66.6 7.4 73.8
32 64.1 724 52.5 714 75.5 734
G 38 70.52 67.7 75.19 68.5 71.04 66.8
G 54 78.82 T35 80.0 73.2 77.64 73.8
¢ 70 76.8 77.0 73.6 76.7 80.2 FiE

The literature presents many efforts to solve the bacterial promoter prediction problem. We carried
out a comparison of the results achieved with previous approaches using DNA stability information.
To our satisfaction, the NN results are comparable to related papers published thus far in the context of
o°-dependent promoter sequences, once these papers are applied just for these sequences.

Ranganann and Bansal [14] developed their own method for promoter prediction by using DNA
duplex stability and obtained modest accuracy of 52.2% with sensitivity of 99%. Promoters stability
values were also used by [18, 19] as NN input data. Askary et al. [18] used an orthogonal codification

for stability values on their predictions of ¢’’-dependent promoters, and achieve 94% for sensitivity
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and specificity. Using the nearest neighbors stability values for all the promoters from the RegulonDB,

[19] obtained accuracy, specificity and sensitivity of approximately 70%.

As the performance parameter obtained by NN indicated good precision, the NN prototypes
were extracted by the FAGNIS algorithm, in order to understand the most important features used
during the learning process. This procedure was carried out for each o- dependent sequence, and the
results are shown in Figure 2. Rules were extracted for both promoter and random sequences. Except

for 67, only one rule was extracted for each o- dependent promoters.
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Figure 2. The prototypes extracted for each NN trained with the promoters according to the ¢ factor
which recognize the sequence.

Considering the stability profiles presented by the rules extracted from NN (Figure 2), it is possible
to perceive, some similarities and differences in the promoter sequences. In general, a clear difference

was detected between promoter and non-promoter prototypes. Moreover, each o- dependent promoter
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gave a particular profile. For instance, some sequences presented several regions with high stability
variation across the sequence (6%, 6*® 6> and rule 1 of "), whereas others (6%, ** and rules 2 and 3
of ¢’°) showed highlighted lower stability in specific regions along the sequence. Despite these
differences, most prototypes exhibited lower stability values near the conserved motifs (-25 and -10
region), as previously reported by [14]. The low stability around -10 region is expected, since this is
the DNA melting region where transcription bubble is formed [1,3].In order to extract information
from the prototypes, principal components analysis (PCA) was carried out (Figure 3). A jointly

analysis of Table 3, and Figures 2 and 3, was used to explain the stability features of the prototypes.
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Figure 3. The PCA analysis for the promoter sequences belonging for the prototypes.

The first PCA component (which explained 38.6% of the variance) allowed to separate 6** from the
other sequences, and grouped the sequences belonging to rule 2 and 3 of ¢”. This separation was
associated to high and low stability values in the -12 to -16 region of ¢** and ¢’ (rules 2 and 3),
respectively. The peculiar stability properties of the region that precedes the -10 consensual motif may
be implicated in promoters recognition by ¢** and ¢”° factors.

The second component (22.5% of the variance) separated the 6** and 6™ (rule 3) prototypes from
the others. These sequences were characterized by high stability in the -41 to -44 region, intermediate
values for the -31 to -35 and +9 to +12 regions, and low stability in the -8 to -11 region, the consensual
motif [4]. The third PCA component (18.2% of the variance) separated 6** prototype from the others,

and was associated to high stability (-1.55) of 6** promoters on the -23 to -27 region (Table 3). This
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finding is in accordance to biological background since, this high stability region matchs one of the

consensual motifs (defined as -24) of ¢** promoters [27].

Table 3. The average stability values for the most important regions according to the PCA analysis.

Component 1 Component 2 Component 3

o Factor Stability of  Stability of = Stability of  Stability of  Stability of  Stability of  Stability of -
-12t0 -16 -46 to -51 -41 to -44 -31 to-35 -8t0-11 +9to +12 23 t0 -27

c24 -1.36 -1.32 -1.36 -1.37 -1.29 -1.35 -1.34
28 -1.51 -1.41 -1.25 -1.21 -1.11 -1.36 -1.34
c32 -1.41 -1.32 -1.41 -1.24 -1.18 -1.31 -1.34
c38 -1.26 -1.27 -1.31 -1.31 -1.18 -1.37 -1.34
¢ 54 -1.26 -1.29 -1.33 -1.19 -1.22 -1.33 -1.55
a 70 rule 1 -1.27 -1.29 -1.34 -1.32 -1.23 -1.47 -1.3
¢ 70 rule 2 -1.13 -1.23 -1.24 -1.2 -1.04 -1.31 -1.34
G 70 rule 3 -1.15 -1.37 -1.26 -1.29 -1.07 -1.12 -14

4. Conclusions

In this paper, we have presented an approach for prediction and classification of E. coli promoters
based on NN trained with the stability of the sequence. By separating the promoter sequences
according the ¢ factor which recognize them, we have demonstrated that the stability values can be
used for prediction and classification of promoters. The boundaries classification obtained were (6%,
o, 6*%, 6%, 6* and 6™ accuracies of 56.5%, 80%, 61.9%, 70.8%, 78.8% and 76.5%, respectively). In
contrast to the most of tools previously reported in the literature, this paper is not only applied to
identification of 6’°-dependent promoters, but it is carried out to promoter classification according to
its related o factor. The satisfactory performance values obtained in the present work, indicates that the
information generated by the NN learning (rules extracted from NN trained) can be used to increase
accurary, specificity and sensitivity of promoter prediction programs based on sequence data, as
BacPP tool [10].
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5.4 CAPITULO IV - BANCO DE DADOS INTERGENICDB

Este capitulo apresenta o banco dados modelado pelo aluno de graduacéo do
curso de Bacharelado em Ciéncia da Computagao, Aurione Molin, sob a orientagao
da professora Dr?. Helena Graziottin Ribeiro e co-orientagdo de Scheila de Avila e
Silva. Este banco de dados teve sua interface implementada pela aluna de
graduacao do curso de Bacharelado em Ciéncia da Computag¢ao Vanessa Davanzo,
sob a orientacao do professor Msc. Daniel Luis Notari e co-orientagcdo de Scheila de
Avila e Silva. Os professores atuam como pesquisadores no Nucleo de Pesquisa em
Bioinformatica da Universidade de Caxias do Sul e estdo vinculados ao Centro de

Computacgao e Tecnologia da Informacao.

1 BANCO DE DADOS: “INTERGENICDB”

O banco de dados "Intergenicdb" foi criado para auxiliar no estudo de
sequéncias promotoras de DNA de organismos procariotos. Para que isso fosse
possivel, fez-se necessaria a criacdo de um banco de dados para o armazenamento
das regides intergénicas identificadas como promotoras. Atualmente ndo ha um
banco de dados disponivel na comunidade cientifica que atenda aos requisitos
solicitados pelos pesquisadores do nucleo de pesquisa de Bioinformatica da

Universidade de Caxias do Sul.

Os requisitos do banco de dados foram coletados por MOLIN (2009). Os
dados armazenados no banco foram retirados de Banco de Dados de Biologia
Molecular (BDBM) e artigos cientificos. Os BDBMs utilizados no projeto sdo o CRM,
o NCBI e o RegulonDB. As informag¢des extraidas foram armazenadas em um

arquivo de texto e, posteriormente carregados no banco de dados "promotoresdb”.

A partir das necessidades apresentadas foi feita a modelagem do protétipo do

banco de dados. Os requisitos levantados foram os seguintes (MOLIN, 2009):

* Cada regiao promotora esta ligada a um organismo, que possui uma

classificagao bioldgica de acordo com o NCBI

» Cada gene possui um nome, um simbolo, um numero de posigao (conforme
NCBI) que indica o seu de inicio e um para seu fim, uma fungao e uma quantidade

percentual de CG.

66



» Cada regiao intergénica possui um numero para a posigao inicial e final na
sequéncia, um tamanho, sua sequéncia de nt.

* A regido intergénica de teste é uma fonte de dados usada para predicdo que

define se a sequéncia € ou nao candidata a ser promotora.

* Um método preditor € um algoritmo usado na predigado das chances de uma
regido ser ou nao promotora, e possui um nome, um percentual de uma cadeia

analisada e uma descrigao de suas caracteristicas de funcionamento.

* Uma publicagdo é um documento relacionado a area de estudo de
promotores, que possui um autor, um titulo, uma data de publicagdo, um instituto ao
qual esta vinculado, uma cidade e um pais, um endereco web e um espacgo para

informacgdes adicionais.
1.1 Modelo Conceitual e Esquema Légico do Banco de Dados

A llustracdo 1 mostra o modelo conceitual criado para representar os

requisitos em entidades, atributos e relacionamentos.

Geneld
Orgarssmid (FK)

Organismld ame
|—O Hame |—O TapeSAdress
in .
Kingdom {—| i possui
apeladres:
Family {_— Organism (1.1) contém (.n) Gene I-_ ne = o
3 GCPercentage
InaMolecule {C—-{ Symbol
. —'.' Roleld
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IntergenicRegionIdid (FK)
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Sequence
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llustragéo 1: Modelo Conceitual do “intergenicDB”
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A partir do modelo conceitual, foi criado o modelo logico (llustracdo 2). As

tabelas e seus atributos foram construidos da seguinte forma:

» Tabela Organism
o Organismld € um namero inteiro e é a chave primaria da tabela

Kingdom é uma string de tamanho 32, com valor ndo nulo
Family € uma string de tamanho 64, com valor ndo nulo

o

o

o Name é uma string de tamanho 100, com valor nao nulo
o DnaMolecule é uma string de tamanho 100, com valor ndo nulo

» Tabela Gene
o Geneld é um numero inteiro e € a chave primaria da tabela

o Organismld € um numero inteiro e € a chave estrangeira que estabelece o
relacionamento com a tabela Organism

o Name é uma string de tamanho 100, com valor ndo nulo

o Symbol € uma string de tamanho 45, com valor nao nulo

o MainRole é uma string de tamanho 45, com valor nao nulo

o Tapeb5Adress é um numero inteiro, com valor nao nulo

o Tape3Adress € um numero inteiro, com valor ndo nulo

o GCPercentage € um numero do tipo float, com valor ndo nulo

» Tabela IntergenicRegion
o Geneld é um nuamero inteiro e é a chave primaria da tabela, estabelece o
relacionamento com a tabelam Gene

o TapebAdress é um numero inteiro, com valor ndo nulo

o Tape3Adress é um numero inteiro, com valor ndo nulo

o Sequence é uma string de tamanho 7000, com valor ndo nulo
o Length € um numero inteiro, com valor ndo nulo

o Status é um char, com valor ndo nulo

» Tabela IntergenicSlice
o IntergenicSliceld € um numero inteiro e é a chave primaria da tabela

o Geneld é um numero inteiro e é a chave estrangeira que estabelece o
relacionamento com a tabela IntergenicRegion

o Sequence é uma string de tamanho 60 (minimo), com valor n&o nulo

» Tabela PredictorMethod
o PredictorMethodld € um numero inteiro e € a chave primaria da tabela

o Name é uma string de tamanho 100, com valor nao nulo
o HitPercentage ¢ um numero do tipo float, com valor nao nulo
o Info é uma string de tamanho 500, com valor n&o nulo

» Tabela PreditorMethor_IntergenicSlice

o PredictorMethodld ¢ um numero inteiro e é faz parte da chave primaria
composta que estabelece o relacionamento entre as tabelas IntergenicSlice e
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PredictorMethod

o IntergenicSliceld € um numero inteiro e é faz parte da chave primaria composta
que estabelece o relacionamento entre as tabelas IntergenicSlice e PredictorMethod

» Tabela Publication
o Publicationld € um numero inteiro e € a chave primaria da tabela

o PredictorMethodld € um numero inteiro e € a chave estrangeira que estabelece
o relacionamento com a tabela PredictorMethod

o Author é uma string de tamanho 100, com valor ndo nulo

o Title € uma string de tamanho 200, com valor n&o nulo

o Year é do tipo data, com valor ndo nulo

o Institute € uma string de tamanho 300, com valor ndo nulo

o City € uma string de tamanho 50, com valor ndo nulo

o Country é uma string de tamanho 45, com valor ndo nulo

o Link é uma string de tamanho 255, com valor ndo nulo

o Complementaryinfo € uma string de tamanho 500, com valor nao nulo
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llustragdo 2: Modelo Légico do “IntergenicDB”
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2 MODELAGEM DO PORTAL “INTERGENICDB”

1.2 Requisitos do Sistema

O sistema “IntergenicDB” surgiu da necessidade de uma ferramenta que
interagisse com o banco de dados “intergenicDB”. O objetivo do sistema é realizar
buscas eficientes no banco de dados como também permitir que o usuario faca
download e upload de arquivos de forma simples e intuitiva. Apds a coleta de
requisitos, foi possivel a criagdo de um diagrama de caso de uso, que € mostrado na

llustragcao 3.

UCO01: Busca por
regido intergénica
UC02: Busca por gene
i UCO3: Busca por fatia
de regido intergénica
Usuario
UC04: Busca por
organismo publicagdes do
PubMed
UCO05: Download de \
arquive de resultados

Sistema

UCO07: Importagéo de

UC06: Upload de
arquivo de regido
intergénica

X

Visitante

llustragdo 3: Diagrama de Caso de Uso do “IntergenicDB”

O diagrama de caso de uso mostra trés atores: o usuario, o visitante e o

sistema. O ator usuario podera realizar as seguintes operagdes:

» Buscar por regido intergénica: o usuario podera efetuar buscas no sistema
por regido intergénica, sendo possivel buscar por tamanho, faixa de tamanho e

posicao na fita;

» Buscar por gene: o usuario podera efetuar buscas no sistema por gene,

sendo possivel buscar por nome, simbolo, fungéo prinicipal, e porcentagem de GC,;
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e Buscar por organismo: o usuario podera efetuar buscas no sistema por

organismo, sendo possivel buscar por nome, reino e familia;

» Download de arquivo do resultado: o usuario podera efetuar downloads dos

resultados de suas buscas em arquivos no formato TXT, XML e HTML.

O préximo ator é o visitante, que também é um usuario, mas que possui
permissdo para fazer o upload de arquivos. Essa diferenciacdo foi feita para que
apenas usuarios cadastrados possam executar essa acao. Por fim, o ator sistema

podera fazer a importagao de publicagdes do portal PubMed para o “IntergenicDB”.
1.3 Protétipo de Interface

A partir dos requisitos e do diagrama de caso de uso, foi montado o protétipo
de interface. Sua navegacao é feita por abas, sendo elas “Home”, “Busca”, “Ajuda” e
“Sobre”. Se o usuario for cadastrado para executar uploads, uma quinta aba é
adicionada, a aba “Uploads”. A llustracdo 4 mostra o protétipo de tela na aba

“Busca”, que mostra as opg¢des conforme os requisitos de busca (Davanzo, 2010).

Intergenic DB

Regides Intergénicas dos Procariontes

Home ,TH Ajuda H Sobre

Organismo

Nome | |
Reino | [+7] Familia | |
Gene

Nome | 1
Simbolo | | % cal \

Main Role | \

Regido Intergénica

Tamanho | Tamanho de | | até | |
Fita: |:|Fc:rward D Reverse Posigéo na fita

Sequéncia Fatiada D

[ Buscar J [ Limpar J

llustragdo 4: Protdtipo de interface do “IntergenicDB”
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1.4 Modelagem Conceitual do Projeto de Interface

O “IntergenicDB” foi modelado de acordo com padrdes de projeto largamente
utilizados, como o Model-View-Controller (MVC), Abstract Factory e Data Gateway
(llustracado 5). O Model-View-Controller € um o padrao utilizado o desenvolvimento
de interfaces ha pelo menos 30 anos, sendo escolhido para o desenvolvimento das
paginas do “IntergenicDB (Davanzo, 2010). O MVC surgiu no final dos anos 1970,
em um framework desenvolvido por Trygve Reenskaug para a plataforma SmallTalk,
mas sofreu diversas adaptagdes ao longo do tempo (FOWLER et al., 2002). No
entanto, sua principal caracteristica segue inalterada: o MVC consiste em trés tipos
de objetos. O Model (Modelo) é o objeto da aplicagéo, a View (Visualizagéo) € a
representacéo do Model na tela e o Controller (Controlador) define a forma em que a

interface reage aos estimulos do usuario (GAMMA et al., 1995).

T e A > Organism
1
. - <=PK>== Organismld : int
SearchView + =<property=> Kingdom : string
+ =<property== Family ; string
Vo IDataModel  IDataModel| | <<property=> Mame * string

1 + ==property== Dnakoleculs © string

IntergenicController

[}
| N
I
I
1
I
L

+ Searchitype : string, query - string) . ActionResult
+Home() - ActionResult OrganismGateway
+ Download(id : Guid) . ActionResult
+ About) - ActionResult

+Help() : ActionResult

+ Upload() : ActionResult

IDataGateway IDataGateway!|

TSRS

DataGatewayFactory

+ GetDataGateway(entity™ame © string) | IDataGateway

| T=Datahode! |
<<interface== Esta interface serve para
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: uma entidade de dados. T:I)nf NE'IjC?T

+Crealel) T _ Poderdo ser criados —— alavece
+ Find{predicale | Predicale=<T=) : IEnumerable<T= "Extension Methods" para ela
+Save(obj: T) vold se necessario
+Delefefohj . T)  void

llustragao 5: Sintese dos padrées de projeto utilizados

No “IntergenicDB”, o Model foi concebido usando dois outros padrdes de

projeto: o Abstract Factory e o Data Gateway. O primeiro provém uma interface para

72



a criagédo de familias de objetos sem especificar suas classes concretas (GAMMA et
al., 1995), permitindo o desacoplamento do Controller do modelo de dados. Para
tanto, a Factory recebe um parametro que identifica o tipo de operagcado a ser
executada e retorna um objeto que respeita uma interface conhecida pelo Controller:

IDataGateway.

A interface IDataGateway implementa o padrao de projeto Data Gateway:
define as operagdes de criagdo, leitura, salvamento e remogéo de registros na base
de dados e centraliza as rotinas de acesso a dados em seu interior, permitindo a facil
localizagao, substituicdo e manutencao das rotinas de acesso a dados (FOWLER et
al.,, 2002). O uso de padrdes nao é importante apenas para resolver problemas
conhecidos, mas também para definir claramente as atribuicdes de cada um dos

objetos e criando grupos funcionais facilmente distinguiveis.
1.5 Arquitetura do Sistema

A arquitetura do sistema necessita de uma maquina servidora com um
servidor Web com a linguagens ASP.NET e o SGBD (Sistema de Geréncia de Banco
de Dados) MySQL. O servidor recebera as requisicoes de servigos, as encaminhara
para o Controller, que consultara o Model (modelo de dados) e retornara a pagina
em que o usuario ira interagir com as informagdes armazenadas no banco de dados,

a View.
1.6 Componentes do Sistema

O sistema “IntergenicDB” foi divido em uma pagina inicial e cinco grupos de

navegagao. Os grupos sao:

» Busca: nesta pagina o usuario podera fazer buscas no portal. A pagina
“‘Busca” contém todas as possibilidades de busca que o sistema oferece. Através
desta pagina o usuario chegara a pagina de resultados, onde ele tera a opg¢ao de
download em formato TXT e XML;

e Ajuda: nesta pagina o usuario podera obter informagdes sobre o

funcionamento do sistema e como utiliza-lo;

» Sobre: nesta pagina o usuario podera obter informagdes sobre o projeto em

gue esse sistema esta inserido, a instituicdo de ensino e etc;
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» Cadastro: nesta pagina o usuario podera se cadastrar no site para poder

posteriormente fazer upload de arquivos;

» Logon: nesta pagina o usuario podera efetuar o logon no sistema caso ele
fornega usuario ou senha errados na pagina inicial. Depois de feito o logon, o

usuario tera acesso a pagina de upload.

A pagina inicial do “IntergenicDB” teve um menu do tipo abas, que permitira o
acesso aos grupos citados acima. Além disso, os campos de usuario e senha
estardo no topo da pagina, permitindo que o usuario faca o logon no sistema. A

llustragdo 6 mostra o modelo de navegacéo do site.

)

[ Busca j [ Ajuda j [ Sobre j [Cadaslro) [ Logon ]
I
Resultados

Download

Legenda:

E_!_}I Dinwnload tlirnrc;ulw:-] ﬁl Faguer | ngt:-ll—l

llustragdo 6: Modelo de navegagéo do “IntergenicDB”

1.7 Implementacgao

A tecnologia escolhida para a implementagdo do sistema foi o ASP.NET,
utilizando a linguagem C#, pois esta combinacdo de linguagem e plataforma
possibilita ganho de produtividade. A plataforma prové ferramentas de
desenvolvimento poderosas, como o Visual Studio 2010 (interface de
desenvolvimento) e o LINQ (Language Integrated Query) que integra as rotinas de
pesquisa e manipulacdo dos dados do SGBD a partir de estruturas da prépria
linguagem.

O sistema é compativel tanto com o .NET framework desenvolvido pela

Microsoft, quanto com o frameworkde codigo aberto Mono, desenvolvido pela Novell

74



e compativel com Linux e Mac. No primeiro cenario, a aplicagao foi executada sobre
o IS (Internet Information Services), o servidor Web distribuido com o Windows
Server. No segundo cenario, o sistema foi executado sobre o servidor Apache,
utilizando os modulos do Mono para a execugédo das paginas .NET em ambiente
Posix (Linux, BSD, Unix e Mac OS X).

O SGBD utilizado no sistema foi o MySQL, pois € um banco de dados de
codigo aberto, possui mecanismos de consulta de alto desempenho, capacidade de
insercdo de dados de forma rapida e suporte para fungcdes Web especializadas
(MOLIM, 2009). O MySQL possui uma versao gratuita que atende aos requisitos do
sistema “IntergenicDB”, além de poder ser executado tanto na plataforma Windows

quanto nas plataformas Posix.

A interface da aplicacao foi desenvolvida utilizando HTML 5 e CSS 3, padrbes
internacionalmente aceitos e regulados pelo W3C (World Wide Web Consortium) e
jQueryUl que provém um conjunto amplo de ferramentas para o desenvolvimento de
cédigo JavaScript (executado no navegador do cliente), a fim de proporcionar uma

experiéncia de navegag¢ao mais rica para o usuario.
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6 CONSIDERAGOES FINAIS

A metodologia de RNs possibilitou (por meio da extragéo de regras a partir das
arquiteturas treinadas) o desenvolvimento de uma nova ferramenta, chamada
BacPP. Diferentemente dos trabalhos previamente descritos na literatura, esta
ferramenta fornece a classificagdo de uma determinada sequéncia como promotora
e a probabilidade de ser reconhecida pelos diferentes fatores o de E. coli. Ou seja,

esta ferramenta ndo se restringe apenas aos promotores reconhecidos pelo fator .

Os resultados mostrados pelo BacPP utilizando as sequéncias promotoras de
E. coli foi melhor que a predicao realizada pelas RNs que originaram os protétipos
implementados na ferramenta. Além disso, quando comparados os resultados do

BacPP com a literatura, os resultados sao satisfatorios e competitivos.

Além da abordagem utilizando a codificacdo ortogonal, foram realizadas
simulagdes nas quais os parametros de entrada para a RN foram os valores de
estabilidade da sequéncia. Considerando os seis grupos de promotores, 0s
resultados obtidos foram melhores do que aqueles apresentados pelas simulagdes
utilizando codificacdo ortogonal. Os valores de sensibilidade foram melhores para
cinco grupos (apenas as sequéncias reconhecidas pelo 6% ndo mostraram melhora)
e, a especificidade e acuracia foram melhores para trés grupos (sequéncias
reconhecidas pelos fatores 0%, 0%, 0°). Estes resultados mostram o potencial de
utilizacdo das propriedades fisicas da sequéncia (estabilidade, curvatura,
maleabilidade) como parametro de classificagdo. Além disso, percebeu-se que as
abordagens empregadas podem ser utilizadas em combinagdo e melhorar a

predicao realizada pelo BacPP.

As partir da analise das regras extraidas das RNs treinadas foi possivel

verificar que, em geral, muitos prototipos obtidos em ambas simulagdes (codificagao
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ortogonal e com valores de estabilidade) apresentam informacéo compativel com o
conhecimento bioldgico ja estabelecido para os motivos -35 e -10. No entanto,
percebeu-se que nado € possivel agrupar todos os promotores em um mesmo
conjunto de treinamento porque os perfis de estabilidade e a composi¢do de nt

apresentaram grande variacdo conforme o fator ¢ que reconhece as sequéncias.

Procurando ampliar a informacdo para outras bactérias Gram-negativas,
modelou-se e implementou-se um banco de dados com informacbdes sobre a
estrutura e/ou composi¢cdo das sequéncias intergénicas, bem como os valores de
predicao obtidos com o BacPP. Este banco, procura diminuir a falta de dados de

promotores para outras bactérias Gram-negativas, além de E. coli.
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APENDICE 1 - PATENTE INTERNACIONAL DA
FERRAMENTA BACPP

Este apéndice apresenta a documentacado do depdsito de patente realizada no
United States Patent and Trademark Office. Como a descricdo de como a ferramenta
foi implementada é feita no capitulo Il, aqui sdo apresentados os formularios e o

codigo-fonte.

1. Documentacao referente ao depodsito de patente
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Doc Code: OATH

Document Description: Oath or declaration filed PTO/SB/O1 (10-08)
Approved for use through 06/30/2010. OMB 0651-0032

U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

Under the Paperwork Reduction Act of 1995, no persons are required to respond fo a collection of information unless it contains a valid OMB control number.

Attorney Docket

DECLARATION FOR UTILITY OR Number 049954.002
DESIGN FirstNamed Inventor | 4o Avila e Silva
PATENT APPLICATION ~ COMPLETE IF KNOWN

(37 CFR 1.63) Application Number 12/855366

Declaration Declaration Filing Date 12 August 2010
Submitted OR Submitted after Initial . :
With Initial Filing (surcharge Art Unit TBA
Filing (37 CFR 1.16 (f)) i
\ required) Examiner Name TBA

| hereby declare that: (1) Each inventor's residence, mailing address, and citizenship are as stated below next to their name;
and (2) | believe the inventor(s) named below to be the original and first inventor(s) of the subject matter which is claimed and
for which a patent is sought on the invention entitled:

METHOD, SYSTEM AND APPARATUS TO PREDICT AND/OR RECOGNIZE AND/OR CLASSIFY
BIOLOGICAL SEQUENCES

(Title of the Invention)
the application of which

D is attached hereto

OR
was filed on (MM/DD/YYYY) [08/12/2010 as United States Application Number or PCT International
Application Number (12/855366 and was amended on (MM/DD/YYYY) (if applicable).

I hereby state that | have reviewed and understand the contents of the above identified application, including the claims, as
amended by any amendment specifically referred to above.

1 acknowledge the duty to disclose information which is material to patentability as defined in 37 CFR 1.56, including for
continuation-in-part applications, material information which became available between the filing date of the prior application
and the national or PCT international filing date of the continuation-in-part application.

Authorization To Permit Access To Application by Participating Offices

D If checked, the undersigned hereby grants the USPTO authority to provide the European Patent Office (EPO), the Japan
Patent Office (JPO), the Korean Intellectual Property Office (KIPO), and any other intellectual property offices in which a
foreign application claiming priority to the above-identified application is filed access to the above-identified patent
application. See 37 CFR 1.14(c) and (h). This box should not be checked if the applicant does not wish the EPO, JPO,
KIPO, or other intellectual property office in which a foreign application claming priority to the above-identified application is
filed to have access to the application.

In accordance with 37 CFR 1.14(h)(3), access will be provided to a copy of the application-as-filed with respect to: 1) the
above-identified application, 2) any foreign application to which the above-identified application claims priority under 35 USC
119(a)-(d) if a copy of the foreign application that satisfies the certified copy requirement of 37 CFR 1.55 has been filed in the
above-identified US application, and 3) any U.S. application from which benefit is sought in the above-identified application.

In accordance with 37 CFR 1.14(c), access may be provided to information concerning the date of filing the Authorization to
Permit Access to Application by Participating Offices.

[Page 1 of 3]

This collection of information is required by 35 U.S.C. 115 and 37 CFR 1.63. The information is required to obtain or retain a benefit by the public which is to file
(and by the USPTO to process) an application. Confidentiality is governed by 35 U.S.C. 122 and 37 CFR 1.11 and 1.14. This collection is estimated to take 21
minutes to complete, including gathering, preparing, and submitting the completed appiication form to the USPTO. Time will vary depending upon the individual
case. Any comments on the amount of time you require to complete this form and/or suggestions for reducing this burden, should be sent to the Chief Information
Officer, U.S. Patent and Trademark Office, U.S. Department of Commerce, P.O. Box 1450, Alexandria, VA 22313-1450. DO NOT SEND FEES OR COMPLETED
FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450, Alexandria, VA 22313-1450.

If you need assistance in completing the form, call 1-800-PT0-9199 and select option 2.



PTO/SB/01 (10-08)

Approved for use through 06/30/2010. OMB 0651-0032

U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB control number.

[ DECLARATION — Utility or Design Patent Application ]

Claim of Foreign Priority Benefits

| hereby claim foreign priority benefits under 35 U.S.C. 119(a)-(d) or (f), or 365(b) of any foreign application(s) for patent,
inventor's or plant breeder’s rights certificate(s), or 365(a) of any PCT international application which designated at least one
country other than the United States of America, listed below and have also identified below, by checking the box, any foreign

application for patent, inventor's or plant breeder’s rights certificate(s), or any PCT international application having a filing date
before that of the application on which priority is claimed.

Prior Foreign Application Foreign Filing Date Priority Certified Copy Attached?
Number(s) Country (MM/DD/YYYY) Not Claimed YES NO

[] [] [ ]
[ ] [ []
[] L] []
[ ] L L]

L__] Additional foreign application numbers are listed on a supplemental priority data sheet PTO/SB/02B attached hereto.
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PTO/SB/01 (10-08)

Approved for use through 06/30/2010. OMB 0651-0032

U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB controt number.

DECLARATION — Utility or Design Patent Application

Direct all The address 25,461 OR D Correspondence
correspondence to: associated with address below

Customer Number:

Name
Laurence P. Colton
Address
City State ZIP
Country Telephone Email
404-815-3681 Icolton@sgriaw.com
WARNING:

Petitioner/applicant is cautioned to avoid submitting personal information in documents filed in a patent application that may contribute to
identity theft. Personal information such as social security numbers, bank account numbers, or credit card numbers (other than a check or
credit card authorization form PTO-2038 submitted for payment purposes) is never required by the USPTO to support a petition or an
application. [f this type of personal information is included in documents submitted to the USPTO, petitioners/applicants should consider
redacting such personal information from the documents before submitting them to the USPTQ. Petitioner/applicant is advised that the record
of a patent application is available to the public after publication of the application (unless a non-publication request in compliance with 37
CFR 1.213(a) is made in the application) or issuance of a patent. Furthermore, the record from an abandoned application may also be
available to the public if the application is referenced in a published application or an issued patent (see 37 CFR 1.14). Checks and credit
card authorization forms PTO-2038 submitted for payment purposes are not retained in the application file and therefore are not publicly
available. Petitioner/applicant is advised that documents which form the record of a patent application (such as the PTO/SB/01) are placed
info the Privacy Act system of records DEPARTMENT OF COMMERCE, COMMERCE-PAT-7, System name: Patent Application Files.
Documents not retained in an application file (such as the PTO-2038) are placed into the Privacy Act system of COMMERCE/PAT-TM-10,
System name: Deposit Accounts and Electronic Funds Transfer Profiles.

| hereby declare that all statements made herein of my own knowledge are true and that all statements made on information
and belief are believed to be true; and further that these statements were made with the knowledge that willful false
statements and the like so made are punishable by fine or imprisonment, or both, under 18 U.S.C. 1001 and that such willful
false statements may jeopardize the validity of the application or any patent issued thereon.

NAME OF SOLE OR FIRST INVENTOR:

I:I A petition has been filed for this unsigned inventor

Given Name (first and middle [if any]) Family Name or Surname
Scheila de Avila e Silva

Inventor's Signature Date
Residence: City State Country Citizenship
Caxias do Sul BR BR

Mailing Address
Rua Visconde de Pelotas, 2205/22, Pio X

City State Zip Country
Caxias do Sul 95020-500 BR
Additional inventors or a legal representative are being named on the supplemental sheet(s) PTO/SB/02A or 02LR attached hereto.
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DECLARATION

\.

PTO/SB/02A (02-07)
Approved for use through 02/28/2007. OMB 0651-0032
U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

ADDITIONAL INVENTOR(S)
Supplemental Sheet

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB control number.

Page 4 of 4

Name of Additional Joint Inventor, if any

[ A petition has been filed for this unsigned inventor

Given Name (first and middle [if any])

Family Name or Surname

Sergio Echeverrigaray

Laguna

Inventor's
Signature

Date

Residence: City Paysandu

State

Country

Citizenship

Rodrigues Alves, 1763
Lourdes

Mailing Address

City Paysandu State

ZIP

95076-670

Country

Name of Additional Joint Inventor, if any

[ A petition has been filed for this unsigned inventor

Given Name (first and middle [if any])

Family Name or Surname

Gunther Johannes Lewezuk Gerhardt

inventor's

Signature Date
Residence: City Porto Alegre State Country BR Citizenship BR
Travessa Ferreira de Abreu, 22/05

Santana

Mailing Address

City Porto Alegre State Zip 90040-260 Country BR

Name of Additional Joint Inventor, if any

[1 A petition has been filed for this unsigned inventor

Given Name (first and middle [if any])

Family Name or Surmame

Inventor’s

Signature Date
Residence: City State Country Citizenship
Mailing Address

City State Zip Country

This collection of information is required by 35 U.S.C. 115 and 37 CFR 1.63. The information is required to obtain or retain a benefit by the public which
is to file (and by the USPTO to process) an application. Confidentiality is governed by 35 U.S.C. 122 and 37 CFR 1.14. This collection is estimated to
take 21 minutes to complete, including gathering, preparing, and submitting the completed application form to the USPTO. Time will vary depending
upon the individual case. Any comments on the amount of time you require to complete this form and/or suggestions for reducing this burden, shoutd
be sent to the Chief Information Officer, U.S. Patent and Trademark Office, U.S. Department of Commerce, P.O. Box 1450, Alexandria, VA 22313-
1450. DO NOT SEND FEES OR COMPLETED FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450, Alexandria,

VA 22313-1450.



Fatent Electronic Filing Page | of 2

Acknowledgement Receipt
The USPTO has received your submission at 16:22:58 Eastern Time on 12-AUG-2010 .

$ 527 fee paid by e-Filer via RAM with Confirmation Number: 2609,

eFiled Application Information

EFS ID B208240
Application Number 12855366
Confirmation Mumber 2740

METHOD, SYSTEM AND
APPARATUS TO PREDICT

Title ANDYOR RECOGNIZE
ANDYOR CLASSIFY
BIOLOGICAL SEQUENCES

First Mamed Inventor Scheila de Avila e Silva

Customer Number or :

Correspondence Address 25461

Filed By Laurence Peter Cofton

Attorney Docket Number 049954002

Filing Date

Receipt Date 12-AUG-2010

Application Type i{:.latility under 35 UsC 111

Application Details

Submitted Files g:::t Document Description File Size  Warnings

E‘E;?;‘ﬁf"ﬂh’ 4 hpplication Data Sheet 237909 bytes A WARNINGS

This is not an USPFTO supplied ADS fillable form

pta-ar-fucs-04 9954 -

002-1.pdf 27 1324120 bytes @ PASS
Document Description Page Start Page End
Specification 1 19
Claims 20 23
Abstract 24 24
Crawings-other than black and white line 2t 27
drawings

fee-info. paf 2 Fee Warksheet {PTO-B75) 36854 bytes @ PASS

This Acknowledgement Recelpt evidences receipt on the noted date by the USPFTO of the indicated
documents, characterized by the applicant, and induding page counts, where applicable, It serves as
avidence of receipt similar to 2 Post Card, as described In MPEP 503,

Applicati r

If a new application is being filed and the application includes the necessary components for a filing date (see
37 CFR 1.53(b}-{d) and MPEP 506), a Filing Receipt {37 CFR 1.54) will be issued In due course and the date
shown on this Acknowledgement Receipt will establish the filing date of the application.

hitps://sportal uspto.gov/secure’PA_EFSWeb_ Reg/efsweh/jsplefs0-4-6-1-0.jsp 8/12/2010



Patent Electronic Filing Page 2 0f 2

Mational £ i i

If a timely submission to enter the national stage of an International application is compliant with the
conditions of 35 U.5.C. 371 and other applicable requirements a Form PCT/DOSEQ 903 indicating acceptance
of the application as a natlonal stage submission under 35 US.C. 371 will be issued in addition to the Filing
Feceipt, in due course.

Wew International Application Filed with the USPTO as a Receiving Office

If a new intermational application is being filed and the international application includes the necessary
components for an international filing date (see PCT Article 11 and MPEP 1810), a Notification of the
Intermational Application Number and of tha Internaticnal Filing Date (Form PCT/ROS105) will be issued In
due course, subject to prescriptions concarning national security, and the date shown an this
Acknowledgement Receipt will establish the international filing date of the application.

IF yvou need help:

s Call the Patent Electronic Business Center at (B66) 217-9197 (toll free) or e-mail EBC@uspto.gov for
specific questions about Patent e-Filing.

s Send general guestions aboul USPTO programs o the USPTO Caontact Cenber {UCC) .

s IF you experience technical difficulties or problems with this application, please repart them via e-mail
to Electronic Busingss Support or call 1 800-786-9159,

hitps://sportal.uspto. pov/secure/PA_EFSWeb Reg/efsweb/jsp/efs0-4-6-1-0.jsp R/12/2010



Electronic Patent Application Fee Transmittal

Applicathon Number:
Filing Drate:
. METHOD, SYSTEM AND APPARATUS TO PREDICT ANDYOR RECOGMNIZE AMDY
FHih Rty s Oft CLASSIFY BIOLOGICAL SEQUENCES
First Named Inventor/Applicant Name: Schella de Avila e Silva
Filer; Laurence Peter Colton

Attorney Docket Number: | 49954002

Filed as Small Entity

Utility under 35 USC 111(a) Filing Fees

Description Fee Code Quantity Amount 5":':;‘;: n
Basic Filing: -
Utility fling Fee [Electranic filing) &011 1 a2 82
Litility Search Foe 2111 1 - 270 i i 270
Unility Examination Fee - 2311 1 110 1a
Pages: B
Claims: -
Mizcellaneous-Filing:
Late fifing fes {or oath ar declaration 2051 1 E &5

Petition:




Sub-Total in
Description Fee Code Quantity Amiount USDIS)

Patent-Appeals-and-Interference;

Post-Allowance-and-Post-lssuance:

Extension-of-Time:

Miscellaneous:

Total in USD ($) 527




2. Cddigo-fonte do BacPP

###% Esta parte do programa usa 02 arquivos com as ponderacoes gerados anteriormente FEFFFFF
## para dizer se uma sequencia ch ou nao promotorafiFEERRRRRREERRRRERERARARRRRERERE AR A

FFFFFFFFFFFFF Funcao gue conta guantas vezes um valor de ponderacaoc aparece FFRFFFFssssssss
def contador(cont):

if cont in dicSeq:
dicBeg[cont]=dicSeq[cont]+1
lae:

dicSeg[cont]=1

pRdzEdsi szt dd stz etz d i sddds izt td iRz td iz s s i sddds stz itttz

FEFFFFFAFF Funcao gue ordena o dicionario da funcao anterior FFFffrFRdssssrrrsasssanssssssss
lista={]
def ordena():

lista=dicSeq.items|()
lista.sortc|()

return lista
AR AR AR AR A A AR AR A A A A AR AR AR AR A AT A AR AR AR A A AR AR AR A TR AR AR AR A RARAAAFAAAAFAAF

FETRSSSSSST Funmcao gue determina o score de uma Feguencla FRITTTIRRRRRIIIIIRIRIETTEEEERRERT
def soma {lin):
linha res=0

for i in range(0,quant segl-1):

linha prob=dados entl[i].split(delimiter)

if ({linha[i]=='t'} cr (linha[i]=='T'"}}:
lipha res=linha res+fleoat(linha probi0]}
contador{linha prob[0])

if ((linhaf[i]=='2') cor (linha[i]=='2')}:

linha res=linha res+fleoat(linha prob[1]}
contador{linha prob[l])

if ({linh&[i]=—'g@"') cr (linha[i]—"'G'})):
linha res=linha res+float {linha prob[2])

if ({linha[i]="c') ocr {linha[i]=="C'}}:
1inha_res=linha_res+flnat:linha_prnb[E].splitt'in'}{D]}
contador(linha prob{3])

bR i i ti i i it ti it iss ittt sii ittt sttt ittt
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TR IRI R ITT RTINS TN NAN AN ARSI ATAIAAIAITAIAAE A AN A A
delimiter=' '
delimiter2='Y¢'

print ["\n")
print ["\n")

Print ("HEEEEEEEEEEEERRRRERRRERERRREEHEMERE IR IR IR R I )
Drint ("HEFEEEEEEEEEEEEEEISIEEREEEEEEEE I HIFEEEEEEEEE I HEREERR R IO

print [("#%% 77"
print ("#%% Seja bem-vindo ao programa BacPP $837)
print ("#+## Este programa foi desenvelvido pelo grupo de Bioinformatica ")
print ("### de Universidade de Caxias do Sul e classifica uma determinada FEE")
print ("### seguencia como promotora ou nao de um gene e fornece a probalidade ###")
print ("##% da sequencia ser reconhecida por um determinado fator sioma ¥5E™)
print [("#%# £537)

b R b b b e Rt Lt ittt et et e e e L R i e ]
print ("$REFEidEREERE iRt bR
print ("\n")
print ["\n")

arg ent=raw input("Digite o nome do arguivo de entrada:"}#% le o arquivo com as =zequencicas a
#zerem analisadas

ent=open(arg ent,'r'} #% le 0 arguivo com as 2equencicas a serem analisadas

dados ent= ent.readlines()

dados ent = [line3.strip() for lined in dados ent]

iidsdsdsiiiiadsdsdsdiitdddsasisdiiisssdssadiiiddtadsssitifitiddsssdsiiisdisssiiiiidatadsiasiis

s s i s it sttt sdst it sisisdsisdsisdtitititdsdtisdtisdtisdtiadts st ittt siss
ent3 = [24,28,32,38,54,70]

aleat = [-1;5,-2,-1,2,2]

minimo = [4,48,7,2,41,5]

maximo = [39.105.42.20.81.221

TR R RR AR IR AR NIRRT AR RR ARSI IARITIIAITIRIAATI RIS
probabi=[]
out=gpen | 'Result prevePROB '+ arq_gnt+'_xegrasNewINTERGENIC&4&49.txt','w'}# gera o arguivo de saida

2aida = =str(out)

tddssidssissiisaiissdisiississiistiittitatitaidsiiatiiatiaiisatdsaiasiiat ittt aisiissiiss
tidsss it t ittt s ss it s it tatsss it ittt s s s i ittt tatsssiiiiiitatsssiiiiiiiatsssiiiiiistsssiiiiits

for sigma in range (0,6): # laco gue le o2 valores de sigma e substitui no arguivo
z= str(ent3[sigma])

ent2=open ('new preve prom'+z+' regrasilew'+z+4'.txt’,'r'}§le o argquivo com a regra ponderada
# para todos o= zigmas

resultado=[]

dadoz_ent2=entd.readlinesz(}
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FREFTFAEEFSSTASY CALCULA O VRLOR DA SEQUENCIA FHFFffffsfisdarraasrssisaarrnaarssssassrrsssss
for linha in dados ent:

guant segl=int (len(linha}-1})

a=[1

linha res2=0

dicSeq={}

elem=ordena ()
resultado. append {soma {1linha) )

FEFETTFSrTsSrsss CALCULR R PROBREILIDADE DA SEQUENCIA 33rssirisirssirsssrassrsssrassrsssrsssss

probabl aux=[]
for linha? in resultado:
if ({(linha? <= aleat[sigma])} or (linha? < minimo[sigmal])}:
probabilidade = 0
if (linhaZy=minimo[sigmal):
if (linhaZ»maximo[sigmal]):
probabilidade =599
e:
probabilidade = (linha2#*100) /maximo[zigma]
probabl aux.append(int (probabilidade))
probabi.append (probabi aux)

# Listas de probabilidades para cada 3
m=probabi [0]#probabilidades do sigma 2
n=probabi[l]#probabilidades do sigma 2
o=probabi[2]#probabilidades do sigma 3
p=probabi[3]#probabilidades do =sigma 3
g=probabi[4]#probabilidades do sigma 54
r=probabi [5]#probabilidades do sigma 70

out.write("324"+delimiter24+"528+deliniter24 552 "4deliniter2+" 538 +deliniter24 554 "4delimiter2+ 3704+ \n")
for. i in range (0,len(m)}:
out.write(str(dados ent[i])+delimiterd)
out.write{str (m[i] }+delimiterd+str (n[i] }+deliniter?+str (o[i]}+delimiterd+str (p[i] ) +delimiter2+str (g[i]}
out.write(delimiterZ+str(r[i]}+"\n")

print
print

ilacag terminada”)

i
Procure o arcguivo de saida”)

[rr
[rr

ent.cloze()
ent2.cloze()
out.close ()
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