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Resumo da Tese apresentada a COPPE/UFRJ comodpartequisitos necessarios
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UM AMBIENTE COMPUTACIONAL PARA PROTEOMICA

Paulo Costa Carvalho

Mar¢o/2010

Orientador: Valmir Carneiro Babosa

Programa: Engenharia de Sistemas e Computacao

O presente trabalho introduz novas metodologiaspatacionais para analisar
dados de prote6micgnotgun. A primeira, oPatternLab for proteomics, cria ambiente
computacional capaz de apontar proteinas diferemerde expressas entre perfis
protéicos, analisa dados protedmicos sob a |uZae Ontology, aponta tendéncias em
experimentos temporais, e gera facilmente diagrareas com areas proporcionais. A
segunda contribuicéo, intituladzharge Prediction Machine (CPM), infere a carga de
ions precursores com base no espectro de massaxderésolucdo em tandem (1000)
obtido por dissociacéo de transferéncia de elétr@mmnhecimento da carga é necessario
para a identificacdo protéica. O CPM utiliza albgem inovadora inspirada no
discriminante bayesiano; comparativamente, enquargsa abordagem acertou 98% da
carga dos precursores em um gabarito, a Unica wietpd existente (Charger, Thermo
Fisher, San José — CA) acertou 86%. A terceirdribogdo, intitulada YADA,
introduz algoritmo para deconvolucdo de especteosilth resolucdo e acuracia (<50
ppm). Quando comparado ao comercialmente dispofdv&itract da Thermo Fisher,
San Jose, CA), YADA mostrou-se 700% mais rapidaraemtou em 20% o numero de
peptideos identificados. Em seguida, introduzrea nova metodologia experimental /
computacional para aquisicdo de dados de prote@motgun intitulado Extended Data
Independent Analysis (XDIA). Quando testado em um lisado de levedawmentaram-
se em 250% os espectros identificados e 30% no noldee peptideos Unicos quando

comparado a metodologia estado da arte e largaradatadadata-dependent analysis.
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Paulo Costa Carvalho

March/2010

Advisor: Valmir Carneiro Barbosa
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This thesis contributes with methodologies for lgriag shotgun proteomic
data. Firstly, we introduce PatternLab for protexsna computational environment
that can pinpoint differentially expressed protemsen analyzing data from complex
peptide mixtures, leverage the Gene Ontology toimi@xperimental interpretation,
discriminate trends in time-course experiments, easlly generate approximately area
proportional Venn diagrams. Secondly, we introd@learge Prediction Machine
(CPM). CPM infers precursor ion charge based srlawv resolution tandem mass
spectrum (~1000) acquired using electron transissodiation; knowledge of the
precursor charge is necessary for protein ideatitm. CPM relies on a new approach
inspired in the Bayesian discriminant function;cibrrectly classified 98% of the
precursor charges in a test database while the aorpeting methodology (Charger,
Thermo Fisher, San Jose — CA) correctly classB@¥. Thirdly, we introduce YADA,

a new algorithm for deconvolution of high-resolatidigh-accuracy mass spectra (<50
ppm). When compared to the commercially availableteon (Xtract, Thermo Fisher,
San Jose, CA), YADA identified 20% more unique pigd and was 700% faster.
Lastly, we introduce a new experimental / compatetl approach for shotgun data
acquisition called Extended Data Independent Amal{XDIA). When tested on a
yeast lysate, the number of identified spectra amdue peptides increased by 250%
and 30%, respectively, as when compared to the-efahe-art and widely adopted

data-dependent analysis.
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1. Introdugao
1.1. O desafio

A evidenciacdo de padrdes diferenciais na expressdo de proteinas possibilita melhor
compreensdo de diversos fenémenos biolégicos. In vitro, destacam-se aplicabilidade no estudo
das respostas de células em cultura a farmacos, alteracdes do meio ou estimulos externos; in vivo,
a caracterizagdo de biomarcadores, na medicina personalizada para auxiliar diagndstico precoce, e
prognostico de patologias.

A proteOmica introduziu metodologias capazes de retratar diferenciais entre perfis
complexos de proteinas e, assim, permitiu o estudo em larga escala de milhares de proteinas de
uma so vez. Dentre estas metodologias, a proteGmica shotgun é considerada estado-da-arte; ela
utiliza cromatografia liquida acoplada a espectrometria de massa. Atualmente, é inconcebivel
analisar qualquer processo biolégico ou elaborar a criagcdo de novos painéis de proteinas
marcadoras para diagnéstico (biomarcadores) sem considerar o uso da prote6mica. Porém, os
dados gerados por esta tecnologia sdo numerosos e de interpretacdo dificil; isto implica a
necessidade do desenvolvimento de algoritmos especializados.

As primeiras referéncias sobre diagndstico de enfermidades por biomarcadores datam de
560 anos a.C. quando Hipdcrates propds que as modificacdes em liquidos organicos, dentre eles o
sangue, estavam associadas a patologias. A partir desta época, as doencas foram mais bem
caracterizadas pela busca de alteracdes em nossos “elementos constitutivos”. Ao final do século
XX e inicio do XXI, foram iniciadas pesquisas para definir a nossa “identidade molecular normal” e
as suas modificacOes devidas a doencas, visando aumentar o poder do diagnéstico. Cunhou-se o
termo “biomarcador” para qualquer molécula ou caracteristica bioldgica que possa ser detectada e
medida revelando os processos biolégicos normais, patogénicos ou a resposta farmacolégica apds
intervengao terapéutica. Desta forma, o biomarcador deve indicar alteragdes do estado fisiolégico
normal para o patoldgico ou de mudancas no ambiente corporal interno ou no meio ambiente. No
campo molecular as pesquisas focalizaram a atencdo sobre nossos genes, RNAs, proteinas e
moléculas ligadas ao metabolismo. Consequentemente, o conjunto destas moléculas foi

denominado respectivamente: genoma', transcriptoma’, proteoma’, e metaboloma para

1 . s . ,
Todo o material genético contido na célula.



relacionar os metabdlitos presentes em determinadas situacbes. Estas definicbes podem ser
usadas em relagdo a um organismo, um tecido, fluido corporal ou célula.

No ano de 2001 foi concluida e publicada a primeira versdao da sequéncia do genoma
humano (1). Em paralelo, inumeros laboratérios realizavam a busca para identificar as proteinas
expressas no organismo, tecido, fluido corporal ou célula humana e atribuir a essas moléculas uma
funcdo. A pretensdo de conhecer os genes, mRNAs, metabdlitos e proteinas da célula, em
determinadas condicdes, constitui um dos maiores desafios das ciéncias bioldgicas.

Sabe-se atualmente que a expressdo génica pode ser transcricional ou pos-
transcricionalmente regulada. Durante as ultimas décadas a andlise quantitativa de transcritos
génicos mostrou nao haver proporcionalidade direta entre o nivel destes e o nivel da proteina
presente na célula em resposta a um estimulo especifico ou estado patolégico (2). Isto se deve a
existéncia de numerosos mecanismos de controle da expressao génica que operam durante a
tradugdo (3-6). Em outras palavras, o quadro transcricional qualitativo e quantitativo da célula
pode ndo corresponder aquele encontrado para proteinas. Muitas espécies de mRNAs sdo
sintetizadas em resposta a perturbagdes especificas e possuem vida média curta; outras
populacbes podem estar presentes, porém podem ndo estar sendo traduzidas (7). Outros
problemas de mesma natureza decorrem das modificacbes pds-transcricionais experimentadas
pelos RNAs (splicing) e pds-traducionais sofridas por muitas proteinas. Na comparacdo direta entre
0 genoma e o proteoma a situagdo é ainda mais complexa, considerando os mecanismos de
splicing alternativo® que aumentam, em muito, a capacidade de codificagio de um determinado
gene (8). Consequentemente, as pesquisas foram direcionadas para conhecer o proteoma celular
na forma padrdo ou em situagdes onde as fungdes celulares foram perturbadas ou encontrem-se
em situagdes patoldgicas especificas.

Assim como o conhecimento do genoma se deve, praticamente, ao advento da engenharia
genética e as metodologias de sequenciamento de DNA, o conhecimento do proteoma foi

alavancado, principalmente, gracas ao aparecimento da eletroforese bidimensional (2D) de alta

’ Todos os transcritos de RNA.
0 conjunto de proteinas expressas.

4 . , o~ . ~ . .
Método pelo qual introns sdo removidos, e exons sdo unidos para formar o RNA mensageiro.
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resolucdo, a cromatografia liquida e as técnicas de espectrometria de massa capazes de ionizar e
analisar uma biomolécula sem degrada-la (9,10).

Nossa individualidade molecular implica o uso de multiplos biomarcadores na construgao
de modelos probabilisticos para diagnésticos diferenciados e personalizados. A identificagao de
painéis de biomarcadores desafia o campo da protedmica exigindo cada vez mais sensibilidade e
poder de quantificacdo que os das técnicas existentes (eletroforese em gel, cromatografia e
espectrometria de massa°). Esta problematica desafia também a ciéncia de inteligéncia artificial
no setor de reconhecimento de padrées. Outros fatores limitantes sdo: o custo dos equipamentos
e reagentes, o elevado nimero de parametros por amostra®, a grande variabilidade entre amostras
de mesma classe, as limitagdes na reprodutibilidade das técnicas protedmicas para deteccdo e
quantificagdo simultanea de milhares de proteinas e a falta de conhecimento de funcdes de
densidade de probabilidade que descrevam adequadamente a variacdo do nivel de expressao de
proteinas para o caso em estudo.

A identificagdo dos componentes de um sistema bioldgico, assim como a caracterizagao de
padrdes diferenciais se fazem necessarias para uma interpretacao holistica do sistema bioldgico.
Contudo, a elevada quantidade de informac3o gerada pelas técnicas “6micas’”, quando aplicadas a
analitos complexos (i.e. lisados celulares, soro e tecidos), “coloca em cheque” inclusive os
melhores especialistas da area. Um dos objetivos da protedmica é caracterizar os estados de um
sistema bioldgico através de alteragdes no perfil de expressdo de proteinas. InUmeros trabalhos
comparam perfis protedbmicos de amostras obtidas de pacientes com os de individuos do grupo de
controle. Uma atengdo especial é dada ao diagndstico precoce de neoplasias, no qual a técnica
parte da premissa que biomoléculas podem se originar em microambientes do tumor-hospedeiro
(biomarcadores especificos) ou na resposta do sistema imunolégico (marcadores inespecificos) a

patologia. O fato estabelece um novo paradigma, no qual a tecnologia dos “omas”® aliada a

5 N . . - . ,

O espectrometro de massa é um instrumento analitico capaz de converter moléculas neutras em ions na forma
gasosa e separa-las de acordo com a sua razdo massa/carga (m/z).
6 P . . A . . . r . r . ,

Em uma unica amostral de soro, certas técnicas prote6micas podem identificar e quantificar mais de 1.000 proteinas.

7 A . ~ .
Protedmica, gendmica, etc.

8 .
Genoma, proteoma, metaboloma, interatoma, etc.



metodologias de reconhecimento de padrdes podera trazer um impacto direto na clinica médica.

A necessidade de aumentar o numero de proteinas identificadas em misturas complexas
levou ao desenvolvimento da tecnologia multidimensional de identificagdo de proteinas; do inglés,
Multi-dimensional Protein Identification Technology (MudPIT) Resumidamente, o MudPIT utiliza
coluna de troca ibnica seguida de coluna de fase reversa diretamente acoplada ao espectrémetro
de massa. A cromatografia bi-dimensional realiza-se aplicando na eluicdo a funcdo degrau de
aumento de concentracdo salina liberando pacotes de peptideos da coluna de troca i0Gnica para a
coluna da fase reversa (RP). Cada eluato obtido da coluna de troca i6nica é posteriormente
submetido a gradiente hidrofébico na coluna RP e os peptideos identificados por MS/MS. A
técnica usa, geralmente, doze degraus de concentragdo salina produzindo doze corridas
cromatograficas de RP. Devido as condigdes empregadas na cromatografia liquida 2D (LC/LC), na
mesma amostra, peptideos de mesma classe podem nao eluir necessariamente no mesmo passo
salino. Isto torna o alinhamento cromatografico praticamente impossivel, tornando inviadvel a
aplicacdo das técnicas existentes de quantificacdo a dados de LC/LC/MS/MS.

Para contornar este problema, Liu et. al. (11) desenvolveu uma metodologia que permite a
qguantificacdo relativa de proteinas em dados de MudPIT, correlacionando as proteinas a seus
numeros de identificacbes MS/MS (ou contagem espectral); a técnica foi demonstrada através da
adicdo de proteinas marcadoras a amostras de lisados celulares. Contudo a técnica ainda precisava
mostrar-se suficientemente sensivel para utilizagdo em estudos de protedémica diferencial.

A introdugdo de espectrémetros de alta resolugéo (e.g., Orbitrap XL) e das metodologias para
dissociacdo de biomoléculas (e.g., dissociacdo por transferéncia de elétron (ETD) (12)) trouxeram
também novos desafios tecnoldgicos. Dentre eles, a necessidade de aperfeicoamento de
ferramentas de busca e novos algoritmos que permitam aproveitamento maximo de dados de alta
resolu¢ao na identificagdo proteica. Os algoritmos pré-existentes ndo estavam aptos a analisar
dados de ETD. O acoplamento “ETD-algoritmo” é fundamental na andlise de grandes moléculas
proteicas (maiores que as obtidas por digestdo triptica) e no estudo de modificagOes pds-

traducionais. Esse cendrio provocou o inicio dos trabalhos desta tese.



1.2. Metodologia de espectrometria de massa usada nesta tese

1.2.1 Espectrometria de massa para protedmica shotgun

O espectrometro de massa é um instrumento analitico capaz de converter moléculas
neutras em ions na forma gasosa e separa-las de acordo com a sua razdo/massa carga (m/z).
Basicamente, este instrumento é composto por uma fonte ionizante, analisador(es) e detector(es),
conforme esquematizado na Figura 1. Durante a operacdo, primeiramente, o analito é ionizado na
fonte e acelerado por campo elétrico, e transforma a sua energia potencial elétrica em energia
cinética. Na segunda etapa, o(s) analisador(es) separa(m) ions de acordo com sua razdo m/z para
obtencdo do perfil de massas (MS1), ou selecionam ions com m/z previamente escolhidos e os
submetem a fragmentacdo em um processo denominado “espectrometria de massa em tandem”
(MS2 ou MS/MS) (descrito adiante). O detector juntamente com o computador comp&em a etapa
final do processo, registrando e amplificando a corrente i6nica oriunda do analito e representando
o sinal do espectro de massa a ser interpretado pelo operador ou por programas de
bioinformatica. O espectro de massas é representado graficamente, empregando a abscissa para
quantificar a intensidade da corrente idnica e a ordenada evidenciando a razdo massa / carga dos

ions®.

Amostra ITonizagdo Analisador Detector Analise de

Dados

Pressdo: latm Recipiente com baixa pressdo

Figura 1 - Esquema simplificado de um espectrometro de massa

Atualmente existem inumeros modelos de espectrémetro de massa, cada um otimizado
para uma particularidade. As sec¢des subsequentes introduzem o Orbitrap XL (Thermo, San José,

Califérnia) (figura 2), que é considerado o estado-da-arte, e foi o equipamento utilizado nos

9 A . , , . .
Nos estudos de protedmica, “os ions” referem-se, quase sempre, aos peptideos ionizados.
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experimentos descritos nesta tese. Os algoritmos aqui desenvolvidos podem, em geral, ser

estendidos para outros espectrémetros capazes de analisar dados de protedmica shotgun.

X %l %H"'o
ol

= S

.

Figura 2 - Esquema de espectrometro de massa com fonte ionizante electrospray e analisadores do tipo
quadrupolo/armadilha de ions linear e Orbitrap (figura obtida do manual do espectrometro, Thermo
Fisher, San José CA).

O Orbitrap XL contém fonte ionizante electrospray (ESI), analisadores do tipo “armadilha de
ions” (linear-trap ou LTQ) e Orbitrap. O Orbitrap XL é capaz de realizar ensaios de espectrometria
de massa em tandem. A protedmica shotgun utiliza a espectrometria em tandem na identificacdo
de peptideos e proteinas. Inicialmente, o espectro de massas das moléculas injetadas no
espectrometro é gerado (MS1). Subsequentemente, a razdo/massa carga (m/z) correspondente
aos “peptideos ions” que se deseja identificar sdo obtidos do MS1. Em seguida, o espectrometro
isolara, separadamente, os ions com m/z de interesse, e os desassociard. Espera-se que a

III

informacdo do m/z do “ion parental” e do respectivo espectro de massa dos “ions filhos” (espectro
de massa em tandem obtido da dissociacdo do ion parental) permita identificar a molécula. A
figura 3 mostra um espectro de massa em tandem onde foi possivel elucidar a sequéncia de

aminoacidos a partir dos fragmentos da molécula precursora.
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Figura 3 - A sequéncia aminoacidica do peptideo FDNAM*L é elucidada com o MS2 acima pela diferenga
de massa entre “picos”.

O Orbitrap XL é capaz de dissociar moléculas por trés técnicas: dissociagao por colisdo
induzida (do inglés colision activated dissociation (CAD)), dissociagdo por transferéncia de elétrons
(do inglés Electron Transfer Dissociation (ETD) (12)), e dissociagdo por High Energy Dissociation
(HCD) no C-trap. O CAD ¢ uma das metodologias mais antigas e usadas em protedmica shotgun;
ela é extremamente eficaz para ions com carga +2 e +3. O ETD, recentemente criado, é indicado
para moléculas maiores que adquirem maior carga. Adicionalmente, o ETD é indicado para
estudos de moléculas com modificagcOes pds-traducionais por conservar a modificacdo na molécula

durante a sua dissociagao (figura 4).
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Figura 4 — Dissociagao por colisdo induzida e por transferéncia de elétron. Figura obtida de (13). A Figura
sugere o ETD como sendo mais eficiente do que o CAD para a anadlise de moléculas maiores ou com
modificagOes pds-traducionais.

Os analisadores LTQ e Orbitrap podem trabalhar em paralelo onde a configuracdo mais
utilizada é a obtencdo do MS1 no Orbitrap, e andlises subsequentes de MS2 no linear trap. Esta
configuracdo é eficiente, pois toma proveito da alta resolucdo do Orbitrap para determinar o m/z
de(s) ion(s) precursor(es) a serem dissociados, e usa a velocidade do LTQ para obter diversos MS2
de ions apontados no MS1. Geralmente, para cada MS1 adquirido no Orbitrap, seis espectros de
massa em tandem sdo analisados no LTQ. As sec¢Oes subsequentes detalham as partes do

espectrometro utilizado.



1.2.2 lonizagao por “spray de elétrons”

A ionizacdo por spray de elétrons, ou electrospray (ESI), foi aperfeicoada para estudos de
macromoléculas bioldgicas por John Fenn et al. em 1989 (14). Esta técnica transfere e ioniza
analitos da fase liquida para a gasosa permitindo anadlise por espectrometria de massa. Métodos
de ionizagdo anteriores, tais como, bombardeamento de atomos rapido (FAB) ou dessorgéo10 por
plasma, provocam a fragmentagdo do analito e a formacgdo de ions a partir de moléculas neutras,
limitando a sua aplicabilidade ao estudo de biomoléculas (15).

Na técnica ESI, solu¢ao contendo o analito e eletrélito™ em baixa concentragdo (~0,5%) é
introduzida na camara de ionizagao do espectrometro via capilar. A injecao é realizada por sistema
cromatografico de micro ou nanofluxo, ou por seringa acoplada a controlador. Uma voltagem de 1
a 5 kV é aplicada entre a extremidade do capilar na cdmera de ionizacdo e o orificio de entrada do

espectrometro, tornando-os dipolos de um campo elétrico (figura 5).

Figura 5 - No espectrometro Micromass Ultima, o injetor de analito (capilar) é localizado de tal forma que
o feixe de ions incida perpendicularmente ao orificio de entrada do espectrometro.

% Fendmeno de retirada de substancia(s) adsorvida(s) ou absorvida(s) por outra(s). (Diciondrio Houaiss)
' Condutor elétrico de natureza liqguida ou sdlida no qual cargas sdo transportadas por meio de ions. (Diciondrio

Houaiss)



Esta diferenca de potencial concentra ions na extremidade da gota da solugdo formada na ponta
do capilar por um processo conhecido como eletroforese’>. O aumento de carga altera a forma
esférica da microgota para a forma de um cone, denominado “cone de Taylor”. Conforme a
densidade de carga na gota aumenta, o campo elétrico entre o capilar e o contra eletrodo se
intensifica. Isto desestabiliza o menisco e causa ruptura do cone, transformando-o em um spray
eletrolitico” de microgotas altamente carregadas que viajam entre a ponta do capilar e o contra

eletrodo, sofrendo dessolvataggo™® (figura 6).
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Figura 6 — Microgotas sao expelidas do cone de Taylor localizado na ponta do capilar e viajam até a
entrada do espectrometro sofrendo dessolvatagao e fissao.

A aplicagdo de gas secante™ e energia térmica aceleram a evaporagdo do solvente, diminuindo o
raio da microgota e aumentando as forgas eletrostaticas repulsivas que nela atuam. Ao superar o
limite de Rayleigh®®, ocorre a “explosdo coulombiana”, ou fissio da micro-gota “parental”,
transformando-a em goticulas altamente ionizadas como exemplificado na figura 7(16). ions

analitos sdo ejetados das microgotas na forma gasosa, por repulsio eletrostatica.

2 processo de migracdo para os eletrodos de espécies que sdo carregados eletricamente em solugdo (Diciondrio
Houaiss).

Ba dessolvatacgdo caracteriza a separag¢do do analito com as moléculas do solvente.

" Normalmente nitrogénio é utilizado como gas secante para aumentar a taxa de evaporagdo do solvente.

> 0 limite de Rayleigh caracteriza o0 momento que a forga de repulsdo eletrostatica se iguala a forga da tensdo

superficial.
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Figura 7 - A) Micro-gotas carregadas sdao vaporizadas. B) O solvente evapora devido a energia térmica e
gas secante, diminuindo o raio da gota e aumentando as forgas de repulsdo eletrostaticas. C) Quando as
forgas eletrostaticas superam a forca de tensao superficial, ocorre a “explosao coulombiana”.

A repeticdo do processo evaporagado e fissdo ocorre, inUmeras vezes, simultaneamente durante o
trajeto das micro-gotas entre a ponta do capilar e o orificio de entrada do espectréometro (~ 2 cm),
vaporizando e ionizando o analito. A frequéncia com que o processo se repete é funcdo da
intensidade do campo elétrico, da tensao superficial do solvente e da condutividade da solugdo. A
“discretizacdo” deste sinal em pacotes iGnicos é necessdaria para que o analisador separe os ions, e

o detector registre o sinal.
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1.2.3 O analisador “quadrupolo/armadilha de ions”

fons oriundos da fonte de ionizac3o sdo selecionados e guiados até o ion trap (do inglés,
“armadilha de ions”), por campo elétrico quadrupolar originado de quatro varetas condutoras
paralelas, (figura 8). Cada par de varetas opostas é eletricamente conectada para estabelecer o
campo eletromagnético; enquanto um dos pares possui potencial +(U + V.sin(w.t + @)), outro
possui — (U + V.cos(w.t + @)). Nas equagdes, U representa um potencial fixo, V.cos(w.t + @)a
radiofrequéncia (RF) com voltagem V, e wa frequéncia angular (2rtf) do potencial de RF dado um
angulo inicial @. A variacdo senoidal de potencial no tempo entre bastGes opostos seleciona ions
gue possuam trajetoria estavel (i.e. sem a colisdo contra os polos) ao longo do filtro. A seletividade

do filtro é funcdo da m/z do ion, dos potenciais U, V, e da frequéncia w (figura 8).

bastdes quadrupolo

ions

ion com trajetdria
estavel

ion com trajetdria instavel
entrada

Figura 8 — O quadrupolo filtra e guia ions até a armadilha de ions. O ion representado pelo caminho azul
possui trajetdria instavel e colide com uma das varetas de onde o campo elétrico se origina.

A armadilha de ions utiliza campos eletromagnéticos para aprisionar ions gasosos. Ela é
composta por quatro varetas hiperbdlicas (figura 9). A dindmica das particulas em seu interior é

descrita conforme a equacao diferencial de segunda ordem de Mathieu (17).
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Figura 9 - A armadilha de ions é composta por quatro varetas com lateral hiperbdlica.

No espectrometro LTQ, o MS1 é obtido na armadilha pela separagdo dos ions de acordo
com sua razdo massa/carga por excitagdo ressonante. Resumidamente, ions sdo aprisionados em
Orbita ao longo do eixo central da armadilha gragas a campos eletromagnéticos de frequéncia
constante (Ex. 1,2 MHz), mas cuja intensidade cresce (Ex. 0 a 10.000 V) com o tempo. O uso de gas
hélio para desacelerar os ions que entram na armadilha; os potenciais nas extremidades ajudam no
aprisionamento pela radio frequéncia. Ao aumentar a intensidade do campo, ions com m/z de
ordem crescente entram em ressonancia com o campo e sdo expelidos da armadilha para o

detector (figura 10).
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Figura 10 - A ilustragdo acima é a reproduc¢ao de uma animacgao gentilmente cedida pela Thermo. A figura
retrata o interior da armadilha de ions linear. As esferas de diferentes cores representam ions com
diferentes m/z e os pontinhos azuis claro, o gas hélio que ajuda o campo elétrico (nuvem azul) a
aprisiona-los no centro da armadilha. A imagem retrata o instante em que a frequéncia/intensidade do
campo faz os ions da classe verde entrarem em ressonancia e serem expelidos. O lado inferior direito
demonstra a geracdo do espectro (intensidade versus m/z) a medida em que ions sdo expelidos da
armadilha.

O CAD pode ser realizado no linear trap aprisionando ions com m/z previamente escolhidos
e dissociando-os. Resumidamente, é aplicada uma distribuicio de frequéncia/intensidade
contendo todas as radiofrequéncias ressonantes, exceto a dos ions com m/z a serem analisados.
Consequentemente, apenas os ions de interesse permanecem na armadilha. Em seguida, a
dissociacdo por colisdo induzida é realizada aplicando frequéncia de ressonancia com intensidade
insuficiente para ejetar os ions de interesse da armadilha. A energia de colisdo entre ions de
mesma classe e com o gas hélio é suficiente para dissocia-los. Na proxima etapa, a radiofrequéncia

de ressonancia é aumentada progressivamente para expelir o produto de fragmentacdo dos ions.
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1.2.4 O analisador Orbitrap

O analisador Orbitrap (18) pode atingir alta acuracia (uma parte por milhdo (ppm) e
resolucdo de 200.000). Um esquema de sua geometria encontra-se na figura 11. Resumidamente,
ela é composta de um eletrodo externo (formato de barril) e um coaxial interno (formato de eixo).

Ill

Juntos, eles geram o campo eletrostatico com uma distribuicdo de potencial “quadro-logaritmica”
necessario para garantir uma oérbita estavel para os ions a serem analisados. Estes, por sua vez,
sdo injetados tangencialmente para dentro do campo produzido, ficando aprisionados, pois a
atracgdo eletrostdtica pelo eletrodo interno iguala-se a forca centripeta. Portanto, os ions seguem
uma oOrbita em torno do eletrodo central. A frequéncia desta oérbita pode ser facilmente
demonstrada a ser inversamente proporcional a raiz quadrada da m/z dos ions. Como ions de

diferentes m/z entram no analisador, a frequéncia orbital destes podem ser determinadas

aplicando a transformada de Fourier ao sinal que provém detector.

Figura 11 — Esta figura foi obtida no web site da Thermo Fisher e representa a geometria do analisador
Orbitrap. O anel em vermelho descreve o caminho dos ions durante a analise.
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1.2.5 Detector de ions

O detector é considerado o “olho” do espectrOmetro de massa por registrar a corrente
ibnica oriunda do analisador ao longo do tempo. A maioria dos detectores toma proveito do
fenbmeno de “emissdo secundaria” para amplificar o sinal de entrada. Este fendmeno é
propriedade de apenas alguns materiais condutores e é caracterizado pela emissdo de elétrons
apos a colisdo de um elétron com o material emissor. A “multiplicacdo de elétrons” denomina
emissOes secunddrias sucessivas, e estd exemplificada em um tubo capilar de um detector
microcanal (MCP) na figura 12. O MCP contém diversos microtubos internamente revestidos com
um material capaz de realizar emissGes secundarias. Quando o lado de captacdo do microcanal é
atingido por ions, inicia-se o efeito cascata de sucessivas emissGes secunddrias. Os ions captados e
os originados da multiplicacdo de elétrons sdo acelerados pela diferenca de potencial imposta
dentro do microcanal, e a corrente elétrica é registrada.
A analise de misturas complexas de proteinas (Ex. fluidos bioldgicos ou lisados celulares) gera
milhares de ions com diferentes razdes m/z. A eficiéncia do detector estd associada a sua
capacidade de recuperacdo, ou a taxa de decaimento do potencial, apds receber um sinal. Um
sinal intenso pode saturar o detector e mascarar o registro de ions menos abundantes.
Adicionalmente, em misturas complexas, ions de diferentes classes, mas com a mesma razdo m/z
representam um desafio para serem identificados. Para solucionar estes problemas, a mistura a

ser analisada pode ser pré-fracionada por técnicas de cromatografia liquida descritas a seguir.
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Figura 12 - llustra¢ao de amplificagcao de sinal pelo detector Multi Chanel Plate. Elétrons incidem no tubo
capilar iniciando a multiplicagdo de elétrons. Estes sao acelerados por potencial elétrico de
aproximadamente 1.500 V colidindo contra a parede do tubo e liberando novos elétrons (emissdo
secundaria). Este efeito se repete, amplificando o sinal de entrada do microtubo.
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1.2.6 Multi-dimensional Protein Identification Technology

A técnica Multi-dimensional Protein Identification Technology (MudPIT) tem por objetivo
identificar todos os constituintes de uma mistura complexa de peptideos. O MudPIT utiliza
cromatografia liquida de troca idnica (SCX) intercalada com cromatografia de fase reversa (RP)
diretamente acoplada a espectrometria de massa em tandem.

A cromatografia de troca i6nica separa proteinas de acordo com sua carga. Existem
diversas matrizes disponiveis comercialmente para este fim; elas sdo resinas contendo cargas
positivas ou negativas que permitem o fracionamento de proteinas de acordo com a distribuicao
de sua carga superficial. O inicio da separacdo consiste em aumentar gradualmente a
concentracdo ionica (Ex. concentracdo salina) durante a lavagem, permitindo eluicdo diferencial do
analito na ordem de menor para maior afinidade com a resina.

A cromatografia de fase reversa (RP) engloba qualquer método cromatografico que use
uma fase estaciondria apolar e uma fase mdvel polar. Neste método, a fase estacionaria é
empacotada com hidrocarboneto apolar (ex. C4, Cg, Cig); a fase movel, por sua vez, contém
solvente polares organicos (i.e., acetonitrila, butanol, etc.). Quando a mistura de analitos é
aplicada, as moléculas mais polares eluirdo primeiro, enquanto as menos polares permanecerao
ligadas a fase estaciondria. A eluicdo das demais moléculas serd alcancada com o aumento da
concentracdo do solvente organico, e o tempo de retencdo de um componente especifico sera de
acordo com o seu grau de hidrofobicidade (os mais hidrofébicos serdo os ultimos).

O MudPIT utiliza nanofluxo no capilar que contem em seu interior resina de SCX seguida de
RP. O MudPIT permite separar os componentes da mistura complexa para identifica-los por
espectrometria de massa em tandem (figura 13). Nesta técnica, a cromatografia de troca idnica
decorre aplicando-se durante a eluigdo uma fun¢do degrau de aumento de concentragdo salina
para liberar pacotes de peptideos da coluna de troca i6nica que ficardo retidos na coluna de fase
reversa. A cada degrau salino, a coluna RP é submetida ao gradiente hidrofébico, para eluir os
peptideos ao espectrometro de massa, e serem identificados por MS/MS. A técnica usa,
geralmente, doze degraus de concentracdo salina, produzindo doze corridas cromatograficas

LC/MS de RP (figura 14).
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Figura 13 - MudPIT engloba o processo de digestdo, separacdo e identificacdo dos constituintes de
mistura complexa usando cromatografia de nanofluxo com coluna de troca id6nica seguida de
coluna de fase reversa acoplada diretamente a espectrometria de massa em tandem.
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Figura 14— Cada eluato de um “passo salino” aplicado a coluna de troca idnica e seguidamente
“separado” por cromatografia liquida de fase reversa (RP). Durante a RP, o eluato é analisado a cada
fragcdao de segundo por MS, alternando entre o MS1 e o MS2 de cada um dos quatro ions indicados pelo
MS1. O quadro a esquerda representa o “enfileiramento” dos MS1’s obtidos durante um, dos doze
passos salinos (x representa m/z, y representa tempo de eluigdo, e z a intensidade do ion), e o quadro a
direita representa o MS/MS de uma das classes de ions indicadas como mais intenso pelo PMF para um
determinado instante.
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2 Objetivos e problemas abordados

Os subitens abaixo enumeram os objetivos especificos do presente trabalho e contém uma

breve descricdo da(s) justificativa(s) que levaram ao desenvolvimento de cada um.

2.1 Objetivo: Apontar biomoléculas diferencialmente expressas entre misturas

complexas de biomoléculas

Justificativa: O problema na identificagdo de proteinas diferencialmente expressas entre
misturas complexas € um dos cernes do estudo da protedmica. Do ponto de vista experimental, é
desafiador por ser manualmente trabalhoso e exigir equipamentos caros. Na area computacional,
implica no desenvolvimento de algoritmos multidisciplinares (espectrometria de massa,
bioquimica, reconhecimento de padrdes) geralmente “custosos”; nesta tese foi usado cluster com
500 nés contendo processadores Xeon de 2,4 GHz. Adicionalmente, é observada variabilidade na
identificacdo e quantificacdo proteica devido a natureza da técnica de shotgun (19). Devido ao alto
custo, as analises geralmente ficam restritas a triplicatas de cada estado bioldgico estudado; isto

torna o problema ainda mais desafiador do ponto de vista de reconhecimento de padrdes.
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2.2 Objetivo: Auxiliar na interpretacao bioldgica de experimentos de protedmica

shotgun

Justificativa: Experimentos de protedmica shotgun geram listas contendo milhares de
proteinas identificadas e quantificadas. A analise dos resultados é extremamente desafiadora,
mesmo para especialistas. Portanto, faz-se necessario o desenvolvimento de softwares para

auxiliar na interpretacdo dos dados.

2.3 Objetivo: Inferir a carga de ions precursores com base no MS2 obtido por ETD.

Justificativa: Do ponto de vista computacional, o primeiro passo para identificar um peptideo
por espectrometria de massa é restringir o espago de hipéteses aos candidatos mais provaveis; isso
é realizado selecionando-se, de um banco de dados, sequéncias que correspondem a peptideos
com massa aproximadamente igual massa do ion precursor. A selecdo da sequéncia mais provavel
é posteriormente realizada por aplicacdo de métrica de semelhanca entre os espectros tedricos
dos candidatos e o espectro proveniente da fragmentacdo do precursor obtido experimentalmente
(i.e., espectro de massa em tandem ou MS2). Contudo, o espectrOmetro de massa fornece
somente a m/z dos ions, consequentemente, para se conhecer a massa do precursor implica em
conhecer-lhe a carga.

A utilizacdo de analisadores de alta resolucdo (e.g., Orbitrap) possibilita inferir a carga do ion
precursor com base no seu envelope isotdpico conforme demonstrado na figura 15; a importancia
da resolucdo é demonstrada na figura 16. Entretanto, equipamentos de baixa resolucdo (e.g., LTQ),
ndo possuem poder suficiente para discernir picos de envelopes isotdpicos; logo, ndo permitem
estimar a carga de ions peptideos precursores.

A solucdo utilizada na identificacdo proteica, com dados de baixa resolu¢do, em experimentos
do tipo bottom-up™®, é realizar duas buscas (usando ferramentas como o SEQUEST (20), ProLuCID
(21), ou Mascot (22)), uma assumindo que o ion precursor obteve carga +2, e a outra +3. Espera-se
gue em uma segunda etapa, o(s) resultado(s) falso-positivo(s) serdo filtrados através de algoritmo

como o DTASelect (23). Existe uma forte correlacdo direta entre a massa da molécula e a carga

'® protedmica bottom-up objetiva analisar misturas complexas de proteinas digeridas com tripsina.
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adquirida durante sua ionizagdo; quanto maior a massa, maior a carga. A digestdo por tripsina
garante que o digesto sera constituido, em grande maioria, de pequenas moléculas que, assim,
adquirirdo uma carga baixa (i.e., +2 ou +3); consequentemente, a hipdtese de restringir a andlise as
cargas +2 e +3 é bastante plausivel. Vale ressaltar que a metodologia mais usada em protedmica

shotgun faz uso de analisador LTQ (que possui baixa resolucdo) e dissociacdo por CAD.
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Figura 15- O painel superior e inferior sdo espectros de massa obtidos com o Orbitrap XL em alta
resolugdo (60.000); o inferior é uma ampliagdo da regido em torno do ion com m/z de 582.32. Observa-se
um padrao caracteristico de um envelope isotdpico no painel inferior onde o ion monoisotdpico possui
m/z de 582.32. E possivel inferir a carga do ion pelo espacamento entre os picos dos isétopos; neste caso
de 0.5. Sabendo que a diferenga de massa entre cada isétopo deveria ser de aproximadamente 1 Dalton
(devido a presenga de carbono 13), fica facil deduzir que este ion adquiriu carga +2 dado que o eixo “X”
representa m/z.
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Experimentos do tipo protedmica middle-down®’ objetivam estudar biomoléculas maiores do
que as obtidas quando digerindo proteinas com tripsina. A protedémica middle-down tornou-se
possivel, em parte, gracas ao recente advento do ETD, que é mais eficiente na dissociagdo de
“moléculas grandes” do que o CAD; adicionalmente, o ETD é capaz de conservar modificacGes pds-
traducionais tornando-se uma ferramenta atraente para estudos, em larga escala, de modificacGes
pés-traducionais (e.g., fosfoproteébma, glicoproteéma, etc.). Em middle-down, é comum a
observacdo de ions precursores com carga variando de +2 a +7 ou mais. A geracao de maiores
possibilidades de estados de cargas dificulta o processo de identificagdo com dados de baixa
resolugdo. Conforme mencionado acima, cada hipdtese de carga geraria uma busca, inflando o
ndmero destas em um método custoso e aumentando a inclusdo de resultados falso-positivos.
Portanto o desenvolvimento de uma estratégia para predizer a carga do ion precursor em estudos
de protedmica middle-down utilizando espectrometros de massa de baixa resolucdo faz-se

necessario.

| ' J I ﬂ I S
2420 2424 2428
Figura 16 — Esta figura foi obtida do site da MatrixScience. Ela demonstra a visualizagao de um envelope
isotépico com uma resolugdo de 1.000 (azul), 3.000 (vermelho), 10.000 (verde), e 30.000 (preto). No
exemplo acima, fica impossivel discernir entre os is6topos quando analisando nas duas menores
resolugles.

17 . . . . . , .
Entende-se por middle-down proteomics experimentos que utilizam enzimas que produzem moléculas maiores do

que as geradas pela tripsina.
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2.4 Objetivo: Deconvolugio'® e associagdo da massa monoisotépica dos

precursores aos respectivos MS2

Justificativa: A execugdo da espectrometria de massa em tandem exige o isolamento de ions
parentais (precursores) com my/z pré-determinado. O algoritmo que rege a sele¢do de ions
precursores no espectrometro durante a cromatografia usa para a tomada de decisGes os picos
presentes no MS1 e cujas m/z ndo se encontram na lista de exclusdo dinamica®®. Dado um m/z de
interesse, o espectrometro é capaz de isola-los e dissocia-los; geralmente por CAD ou ETD. Embora
traga problemas, a tolerancia de massa (~1 Da) na selegdo do ion parental traz vantagens; dentre
elas, a de permitir acumular o sinal dos isétopos do ion selecionado. Isto permitird o aumento do
sinal em relagdo ao ruido do espectro. Um ponto negativo seria 0 aumento da probabilidade de
selecdo de ions de diferentes espécies (oriundos de peptideos distintos com m/z aproximados).

As atuais ferramentas de busca, para identificacdo proteica, ndo estdo suficientemente
desenvolvidas. Consequentemente ndo permitem desfrutar todas as informacdes oferecidas pelos
espectros de alta resolucdo (e.g., obtidos com um Orbitrap); um exemplo é a alta resolucdo que
permitird maior reducdo no espaco de hipétese das sequéncias peptidicas candidatas. No MS2, a
massa do ion precursor reportada nem sempre é a monoisotdpica; contudo as ferramentas de
busca consideram apenas a massa monoisotdpica das sequéncia peptidicas no banco de dados.
Para contornar esta limitacdo, as ferramentas de busca sdo obrigadas a considerar diversas
possibilidades de massas monoisotdpicas a partir do precursor informado (geralmente 6). Este

espaco de busca “inchado” eleva o custo computacional e a possibilidade da inclusdo de falso-

'® Entende-se por deconvolugdo de espectro de massa o processo de transformar um espectro de massa que contém
ions em diversos estados de carga (e.g., +2, +3, ...,+n) em um espectro onde todos os ions contem carga +1.

Yo processo normal de experimento shotgun é uma repeticdo de MS1 seguido de varios (~6) MS2 durante a
cromatografia. O MS1 tem como objetivo prelecionar razdes m/z a serem submetidos ao MS2. Os ions de maior
intensidade sdo favorecidos pelo algoritmo de escolha. Ao ser submetido ao MS2, 0 m/z escolhido é incluido em uma
lista de exclusdo dindmica onde ali ficard por um tempo predeterminado pelo usuario e ndo sera submetido a um novo
MS2 enquanto permanecer nesta lista. Portanto esta técnica tem como objetivo permitir a analise de ions de menor

intensidade.
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positivos. Adicionalmente, ferramentas de busca ndo estdo preparadas para identificar um

espectro MS2 multiplex®.

2.5 Objetivo: Aumentar o numero de peptideos identificados e a confiabilidade de

quantificagao nos experimentos shotgun.

Justificativa: Aumentar o numero de peptideos identificados e a confiabilidade de
quantificacdo é objeto de constante pesquisa em protedmica.

Apesar das técnicas existentes serem capazes de identificar milhares de constituintes de
misturas complexas, os resultados estdo aquém de atingir o numero verdadeiro de constituintes de
misturas complexas, principalmente por dois motivos:

1) Desafio: A grande quantidade de constituintes é desafiadora por que a identificacdo de
cada classe de ions requer uma andlise de MS2. Limitagdo: Muitas vezes o espectrometro
de massa ndo é capaz de obter MS2 a tempo de cada uma das diferentes classes de ions
gue coeluem da corrida cromatografica.

2) Desafio: A ampla diferengca na ordem de grandeza (10712) na quantidade com que os
constituintes estdo presentes na amostra. Limitagdo: O sinal de ions presentes em maior
guantidade mascara o sinal dos ions presentes em menor quantidade.

A quantificacdo é comumente obtida por integracdo do cromatograma de ions ou por
contagens espectrais. E facil demonstrar que quanto mais a molécula for identificada em uma
analise MudPIT, maior sera a confiabilidade da sua quantificacdo.

Concluindo, devido ao grande numero de moléculas coeluindo durante uma analise MudPIT, o
pesquisador deve assumir um compromisso entre numero de identificacGes Unicas e a

confiabilidade na quantificacdo.

0 espectro multiplex é gerado pela co-fragmentacdo de dois ou mais ions de diferentes espécies.
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3. Metodologia e resultados

Os resultados desta tese encontram-se apresentados na forma de artigos publicados. As
secOes abaixo tém a finalidade de introduzir os artigos que abordam os objetivos especificos
propostos, respectivamente. No caso dos artigos de livre acesso, estes se encontram reproduzidos

na integra. Para os demais, foi reproduzido apenas o resumo.

3.1 Apontar biomoléculas diferencialmente expressas entre misturas complexas de

biomoléculas

Os resultados de experimentos MudPIT geram listas contendo milhares de proteinas
identificadas e quantificadas. Os primeiros experimentos desta tese voltaram-se a avaliagao de
métodos estatisticos para apontar proteinas diferencialmente expressas entre misturas complexas
analisadas por MudPIT. Para isso, foi criado um experimento real, mas controlado, onde foram
adicionadas proteinas marcadoras em solugdo com lisado de levedura. Os marcadores foram
adicionados em diferentes concentragdes em diversos lisados, criando assim conjuntos de
validacdo ou gabaritos onde sabe-se, de antemdo, quais sdo as proteinas diferencialmente
expressas. Estes gabaritos foram usados para avaliar se metodologias de reconhecimento de
padrdes seriam capazes de apontar quais os marcadores quando comparados dois lisados onde os
marcadores encontravam-se em diferentes concentragdes. Os marcadores utilizados foram: soro
albumina (ALB), fosforilaze b (PHS2), inibidor de tripsina (ITRA) e anidrase carbonica (CAH) da Bio-
Rad. Estes foram adicionados a quatro aliquotas iguais de lisados de levedura (400 pg cada) em
concentragdes relativas de 25%, 2,5%, 1,25% e 0,25% do lisado. As amostras foram digeridas com
endoproteinase Lys-C e tripsina.

No primeiro conjunto de validagao, rotulamos como classe +1 as trés leituras (de MudPIT) das
amostras contendo 25% de proteinas marcadoras em relacdo a massa proteica do lisado de
levedura. As outras leituras, referentes as concentracdes 2,5%, 1,25% € 0,25%, foram rotuladas —1
(+25, | =2,5, -1,25, —0,25). O segundo conjunto rotula os dados das concentragGes de 25% e 2,5%
como +1 e os restantes como -1 (+25, +2,5 | —1,25, —0,25). Finalmente, o terceiro conjunto rotula
apenas os dados da concentragdo de 0,25% como pertencentes a classe negativa (+25, +2,5, +1,25

|-0,25). As metodologias computacionais avaliadas para apontar as proteinas diferencialmente
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expressas e os resultados deste experimento estdo descritas no Artigo | (“Identifying differences
in protein expression levels by spectral counting and feature selection”) do anexo.

Os algoritmos criados para a realizagao do Artigo | sdo de facil aplicabilidade e grande utilidade
para uso em laboratérios de protedmica. Motivado pela aplicabilidade, criou-se ambiente com
interface grafica que reunia os parsers, metodologias de normalizacdo, e de reconhecimento de
padrdes utilizadas. Este ambiente foi denominado de PatternLab for proteomics.

O PatternLab logo ganhou dois mdédulos com novas func¢des de reconhecimento de padrdes. O
primeiro médulo, intitulado nSVM (de natural support vector machines) combina algoritmo
genético (AG) com maquinas de vetor de suporte (SVM). O seu objetivo é apontar um conjunto
minimo de proteinas que estdo diferencialmente expressas entre misturas complexas de tal forma
a otimizar uma fungao classificadora. Este conjunto minimo seria as proteinas mais indicadas para
a construgdo de kits de diagndsticos.

Algoritmos genéticos (AG) sdo métodos computacionais, inspirados na natureza, que
buscam o ponto 6timo para uma fungdo matematica (fungdo objetivo) simulando processos
naturais de evolugdo. O AG inicia-se criando populagdo aleatdria de “cromossomos” (estruturas de
dados representando possiveis solucGes ao problema) que “evoluem” até satisfazer o critério de
convergéncia pré-estabelecido. Aqui se compreende por “evolucdo” a selecdo de genitores com
probabilidade proporcional a sua aptidao (definido pela funcdo objetivo), que gerardo sucessor(es)
através de cruzamento. Os sucessores sofrerdo mutagdes, em seu genoma, que poderdo ser
transmitidas aos seus descendentes. Espera-se que, a cada nova geracao, os individuos tornem-se
mais aptos a fornecer melhores solugdes a fungao objetivo. No AG classico, ao atingir o critério de
convergéncia, a solugdo encontra-se codificada no cromossomo do individuo mais apto.

No nSVM, cada “cromossomo” (individuo) constitui um vetor de bits*! e representa uma
solugdo no espaco de hipSteses®® de um conjunto de caracteristicas (proteinas) diferencialmente
expressas entre os grupos de amostras (classes). A ligacdo entre o AG e a problematica da busca

dos marcadores é realizada pois o bit (/6cus) de argumento n de um cromossomo representa a

21 . .
O bit pode assumir apenas os valores zero ou um.
22 . s . . ~ ;
O espago de hipdteses representa todas as possiveis combinagdes de proteinas detectadas como sendo as

. . , . . ~ . , 1000
diferencialmente expressas. Caso 1.000 proteinas forem detectadas, o nimero de combinagGes existentes é 27 .
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expressdo diferencial (bit = 1) ou nio (bit = 0) da proteina de indice n em sua solu¢do. E observado
que o numero de loci (bits) em cada individuo se iguala ao total de proteinas identificadas por
MudPIT. Na solugdo 6tima (6timo global), apenas os bits correspondentes aos indices das proteinas
diferencialmente expressas assumem o valor unitdrio. Entende-se por 6timos locais as solucdes
gue atingiram o critério de convergéncia, que contudo ndo representam corretamente as proteinas
diferencialmente expressas na solug¢do a ser analisada. Durante a geracdo de nova populagdo, os
sucessores herdardo cada /ocus com probabilidade de 50%. A introdugdo de nova(s) mutagoe(s)
tem como objetivo garantir maior varredura do espaco de hipdteses e evitar convergéncia
prematura do AG para 6timos locais. A mutagdo é efetuada através da alternancia aleatdria do(s)
valor(s) de bit(s) nos novos individuos.

A aptidao é determinada pelo cémputo da fungdo objetivo. O valor numérico da aptiddo de
cada individuo do AG é calculada a partir dos dados normalizados de quantificacdo relativa das
proteinas apontadas pelo cromossomo artificial correspondente (/6cus / bits de valor 1). Estes
dados mapeiam os vetores de entrada de um conjunto de validacdo para um espaco de
caracteristicas; neste, s3o avaliados: o risco empirico®® (medido pelo método de validago cruzada
leave-one-out (LOO)), a dimensdo Vapnik-Chervonenkis®* (VC ou h), nimero de vetores de suporte
(nSV)) necessarios para definir o hiperplano separador de mdxima margem entre classes e a

dimensionalidade da solugdo (nAl). A fungdo aqui usada para calculo da aptidao (A) foi

A=C*L00+Cyx (1-3)+ C=(1- =)+ ¢, *nal

onde C;, C;, C3 C4 sdo constantes. Como quatro proteinas foram adicionadas ao lisado, espera-se
gue a solucdo dtima se encontre em espaco de caracteristicas com quatro dimensdes e, estas
ultimas, correspondam aos indices dos marcadores adicionados. A estimativa de quantos

marcadores estavam na amostra era avaliada através de uma lista de duas colunas onde a primeira

> Algumas vezes referido na literatura como erro de treinamento, o risco empirico mede o erro intrinseco do conjunto
de dados. Este é geralmente calculado empregando metodologia de validagado cruzada.

4 Resumidamente, a dimensdo VC é uma medida de complexidade da disposicio dos dados no espago de
caracteristicas, diretamente relacionada com a capacidade de generalizagdo tedrica de uma fungdo classificadora. No
caso dos classificadores SVM, a estimativa da dimensdo VC é funcdo do raio da menor hiperesfera que circunscrever os

vetores de suporte, da margem separadora entre classes, tamanho amostral e um fator de certeza.
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representa o indice das proteinas e a segunda a frequéncia no genoma dos mais aptos. Esta lista
era ordenada de forma decrescente de frequéncia (segunda coluna). O numero de marcadores foi
estimado em dois passos:

1. Localizagdo das duas fileiras consecutivas que apresentam maior diferenca entre valores

das frequéncias dos marcadores.

2. A estimativa do numero de marcadores serd igual ao numero de linhas acima do ponto

estabelecido no item anterior.
Quando o nSVM foi aplicado ao gabarito gerado para o estudo anterior, ele foi capaz de apontar
guais e quantos foram os marcadores adicionados no lisado de levedura.

O segundo mddulo adicionado ao PatternLab, intitulado ACFold, fornece um “diagrama de
expressao proteica global”. Este mapeia proteinas a um grafico de acordo com a alteragao na
quantificagdo da expressao, o valor do teste estatistico AC (24), e valor do estimador tedrico de BH
para falso-positivos(25). O ACFold pode ser empregado para comparar analises MudPIT (tem como
vantagem ndo requerer analises replicatas de cada classe).

Uma descri¢ao do PatternLab dando énfase a estes dois novos mddulos encontra-se descrito
nos Artigo Il (“PatternLab for proteomics: a tool for differential shotgun proteomics”) e Artigo Il
(“PatternLab for differential shotgun proteomics”) do anexo.
Com o passar do tempo, o PatternLab comegou a ser adotado por grupos externos ao nosso, e com
isso, surgiram sugestdes de novos maédulos. Dentre as sugestdes, as mais pedidas foram para criar
um modulo capaz de gerar diagramas Venn com drea proporcional e um médulo para analise de
“experimentos temporais”. Para atender aos pedidos, criamos trés novos modulos; o
“Approximate area proportional Venn diagram” (AAPVD), o TrendQuest, e o XFold. O TrendQuest
tem como objetivo agrupar proteinas que obtiveram padrdo de expressao similar durante um
experimento temporal. O XFold estende o conceito do ACFold e do TFold®>; ele agrupa proteinas
gue se encontram diferencialmente expressas em intervalos de tempo comuns; por exemplo,

proteinas que foram consideradas diferencialmente expressas nos instantes 1, 5, e 13 de um

experimento temporal seriam agrupadas. Demonstramos a utilizacdo destes novos mdédulos em

0 TFold segue os mesmos principios do ACFold mas utiliza o teste t ao invés do AC; ele é recomendado para quando

se tem leituras replicatas de cada classe
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estudo, onde analisamos os efeitos de um quimioterapico, o alcool perilico, em cultura de células
de glioblastoma multiforme. O experimento, resultados e descricdio dos novos maddulos
encontram-se descrito no Artigo IV (“Dynamic overview of glioblastoma cells exposed to perillyl

III

alcohol”) do anexo. O Artigo V (“Analyzing shotgun proteomic data with PatternLab for
proteomics”) do anexo serve como “manual de referéncia” do PatternLab, além de discutir
sugestdes de varidveis a serem utilizadas nos diversos métodos e fornecer explicacbes de como
interpretar os resultados. O Artigo VI (“PYR/PYL/RCAR family members are major in-vivo ABI1
protein phosphatase 2C-interacting proteins in Arabidopsis”) do anexo tem enfoque puramente
biolégico; ele encontra-se citado nesta secdo como exemplo do uso do PatternLab para apontar

proteinas de interesse (i.e., diferencialmente expressas). Este artigo foi realizado em colaboragdo

durante a elaboragdo desta tese.
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3.2Auxiliar na interpretagao bioldgica de experimentos de protedmica shotgun.

Experimentos de protedmica shotgun geram listas contendo milhares de proteinas
identificadas e quantificadas de dificil interpretacdo. Para auxiliar especialistas na analise destes
resultados, criamos um maédulo para o PatternLab intitulado “Gene Ontology Explorer” (GOEx). O
GOEXx utiliza os dados de anotacdo do Gene Ontology (26) para agrupar proteinas por processos
biolégicos, componentes celulares, ou fungdes moleculares. O algoritmo é capaz de mapear dados
experimentais ao GO e localizar termos do GO que se encontram estatisticamente sobre-
representados.

O Gene Ontology Consortium (GO) é um grande projeto que envolve diversos centros
académicos com o objetivo de fornecer um conjunto de vocabuldrios estruturados (termos) usados
para descrever produtos de genes em um organismo. Existem trés subontologias no GO associadas
a produtos de genes; sdo eles: processos bioldgicos, componentes celulares, e funcdes
moleculares. Cada subontologia e composto de termos onde cada um pode estar associado a um
ou mais termos seguindo a estrutura de um grafo aciclico direcionado. Uma importancia pratica do
GO é conter milhares de termos com anotacdes para dezenas de organismos.

O GOEXx é o primeiro algoritmo a utilizar o GO para auxiliar na interpretacao biolégica de dados
guantificados por proteébmica shotgun. Uma descricdo do algoritmo e exemplo de sua utilizagado
para auxiliar na interpretacdo dos efeitos do alcool perilico em células de glioblastoma encontram-
se descritos no Artigo VIl (“GO Explorer: A gene-ontology tool to aid in the interpretation of

shotgun proteomic data”) do anexo.
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3.3 Inferir a carga de ions precursores com base no MS2 obtido por ETD.

A inferéncia da carga do ion precursor é necessaria para a identificacdo proteica. Existe relacdo
direta entre o tamanho da molécula e a carga adquirida no processo de ionizacdo. Os
experimentos de protedmica middle-down objetivam estudar moléculas maiores do que as geradas
apoés tripsinizagdo. Por isso sdo utilizados eletivamente no estudo de modificagdes pds-
traducionais; contudo, por envolver moléculas maiores, os estados de carga também sdo maiores
do que quando comparados aos estudos de protedmica bottom-up.

Em espectros de baixa resolucdo, a carga de ions precursores ndo pode ser inferida, no MS1,
pelo envelope isotdpico (ex., obtidos com o LTQ); consequentemente, o desafio para a
identificacdo do espectro, especialmente em dados de middle-down, é considerdvel. Para
solucionar este problema, aqui é apresentada nova abordagem computacional capaz de inferir a
carga do precursor a partir do espectro de massa em tandem de baixa resolucdo (~1000) obtido
por ETD. O método, denominado Charge Prediction Machine (CPM), utiliza a técnica de
“aprendizagem supervisionada” que permite ao algoritmo realizar “aprendizagem estatistica dos
padrdes” utilizando exemplos de um gabarito. O CPM aprende a inferir a carga com base em trés
caracteristicas do MS2: os precursores de carga reduzida®®, os ions complementares®’ e as perdas

neutras®®. O gabarito para aprendizagem supervisionada foi criado a partir de lisado celular, com

® Em MS2 obtidos por ETD, é comum observar precursores de carga reduzida. Por exemplo, supomos que o ion
precursor obteve carga +4 e m/z de 1000. No MS2, esperariamos encontrar um pico com m/z igual como se o
precursor tivesse obtido carga +3 (~1333 m/z) , outro com +2 (~1999 m/z) , e outro como +1 (~3997 m/z).
Provavelmente, devido a configuragdo do espectrémetro de massa, o precursor de carga reduzida de +1 ndo seria
observado no espectro de massa pois o intervalo m/z analisado é geralmente entre 500 m/z ate 2000 m/z.

%’ Entende-se por ions complementares os pares de ions de um espectro em tandem cuja soma das massas iguala-se a
do ion precursor.

% 550 “perdas neutras”, quando uma molécula perde um fragmento que ndo contém carga. Geralmente esta perda é
uma molécula de dgua, amdnia, ou alguma outra molécula de baixo peso molecular. Na problematica desta tese, uma
ao observar um pico de precursor de carga reduzida de +2, esperariamos ver um pico com aproximadamente 9 m/z’s a
menos que corresponderia a uma perda neutra de H,0 (massa molecular de ~18 Da). A diferenca de 9 Da entre o pico
da perda neutra e o de precursor de carga reduzida é sugestiva de que o precursor de carga reduzida, de fato, contém

carga +2.
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uso do Orbitrap para obtencdo dos MS1 (de alta resolucdo) e do LTQ (com dissociacdo por ETD)
para adquirir os MS2 (de baixa resolugdo). Os dados do Orbitrap garantem a determinagdo da
carga do ion precursor.

O CPM possui em seu cerne um classificador baseado em fungdo discriminante bayesiana, com
um “parametro de relaxagdo”, por nds introduzido, visando atender o problema adjacente. Para
demonstrar este parametro de relaxacdo, o seguinte exemplo é fornecido: nele, o espaco de
hipdtese de cargas é de +2 a +7 e existem 1.000 espectros em tandem e a carga dos precursores
precisam ser estimada. A resolucdo do problema implicaria 6.000 buscas, caso todos os estados de
carga fossem considerados pela ferramenta de busca; o numero “inflado de buscas” demandara
grande poder computacional e aumentara a chance de falso-positivos.

Visando reduzir o espaco de busca e solucionar este problema, os dados s3ao processados
através do CPM antes do inicio das buscas; isto atribuird aos espectros apenas a(s) carga(s) mais
provaveis. Nesta etapa, o CPM utiliza o classificador bayesiano para atribuir uma pontuagao a
cada estado de carga de cada espectro; quanto menor a pontuagao, mais provavel a veracidade do
estado de carga. Em seguida, estas pontuagdes serdo recalculadas em cada espectro onde a de
menor valor assumird o valor zero, a de segundo menor valor, assumird a diferenca entre seu valor
e o do original de menor valor, e assim sucessivamente. Cada espectro tera, consequentemente,
um estado de carga onde o de pontuacdo zero serd o mais provavel. Na segunda etapa, o
algoritmo ira agrupar na meméria do computador 6.000 estruturas de dados, doravante referidas
como objetos, onde cada um possuira informagao de seu estado e pontuacdo de carga, com a
respectiva referéncia espectral. Esta lista de objetos é ordenada por pontuagao de forma ndo
decrescente implicando que os primeiros 1.000 objetos possuam referéncias espectrais distintas.
A pontuacdo da menor diferenca global entre os dois estados de carga de menor valor,
pertencentes ao mesmo espectro, é atingida no objeto de nimero 1001. A partir dai, é esperado
gue este objeto referencie o espectro onde o CPM teve maior “dificuldade” de atribuir a carga e
inclui a segunda hipétese de carga mais provavel para este espectro.

Caso o usudrio determine valor 1 ao parametro de relaxamento, o CPM usara os primeiros
1.000 objetos da lista para atribuir estado de carga aos espectros; cada espectro recebers,
implicitamente, uma hipdtese de estado de carga. Se o usudrio atribuir o parametro de relaxagao

igual a dois, o CPM atribuira 2.000 hipdteses de carga aos 1.000 espectros; cada espectro receberia
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ao menos uma hipétese, contudo neste exemplo, devido a natureza do algoritmo, este nimero
poderd variar até seis. Isto introduz visao holistica de otimizacdo ao processo de atribuicdo de
hipdteses de carga. Como é esperado que hipdéteses erradas serdo filtradas em etapa posterior
(por abordagem ortogonal como o DTASelect) serd valido admitir que o CPM atribua multiplas
hipdteses de carga a cada espectro.

Nossos resultados mostram que a reducdo no espaco de hipéteses gerada pelo CPM diminui o
numero de identificacdes falso-positivas levando a diminuicdo drastica do trabalho computacional
para identificacdo proteica. Foi mostrado também que a introducdo do parametro de relaxacdo na
abordagem permitiu identificar espectros multiplex.

Além dos atributos descritos acima, a comparacao do CPM com o Unico método existente
(Charger, Thermo Fisher, San José — CA), mostrou acerto de 98% do primeiro em um gabarito
gentilmente cedido pelo laboratério do Dr. Joshua Coon, enquanto o Charger alcangou apenas
86%. A descricdao minuciosa do algoritmo do CPM e dos resultados obtidos encontra-se no Artigo
VIII (“Charge Prediction Machine: A Tool for Inferring Precursor Charge States of Electron

Transfer Dissociation Tandem Mass Spectra”) do anexo.
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3.4 Deconvolugdao e associagdo da massa monoisotopica dos precursores aos

respectivos MS2.

Algoritmos para deconvolucdo de espectros de alta resolucdo constituem a base para criacdo
de ferramentas especializadas em espectros de alta resolucdo; os poucos disponiveis ndo
disponibilizam seu cédigo fonte. Nesta se¢do é introduzida uma ferramenta, por nds desenvolvida,
intitulada YADA. Esta ferramenta possui um algoritmo de deconvolugdo (DA), importante para
reprocessar dados do MS2, garantindo que somente a massa monoisotdpica do(s) seu(s) ion(s)
precursor(es) seja(m) informada(s). Esta inovagdo permitird a redugdo do espago de busca das
ferramentas de identificagdo proteica. A consequéncia direta serd encurtamento do tempo de
identificacdo espectral de proteinas e diminuicao de resultados falso-positivos. A redugdo do
espaco de busca é especialmente critica em estudos de protedmica middle-down e top-down por
envolverem “moléculas maiores” e, consequentemente, envelopes isotépicos com maior nimero
de picos.

Resumidamente, o algoritmo YADA deconvolui espectros seguindo as etapas abaixo:

1) Os picos espectrais oriundos de “ruido quimico” sdo eliminados usando a estratégia

demonstrada na figura 17.
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Figura 17 — A intensidade dos picos do MS1 é modelada conforme mistura de duas fun¢des de densidades
de probabilidades Gaussianas por algoritmo de Expectation Maximization. Em seguida, o classificador
6timo Bayesiano é calculado (X1). Picos com intensidade inferior a X; serdo classificados como oriundos
de ruido quimico e serao eliminados.
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2) A lista de envelopes isotépicos candidatos é obtida. Para isso, cada candidato é
caracterizado por grupos de picos que se distanciam, seguindo um padrdo de
distancias; exemplificando, para um ion de carga 1 as distancias serdo 1/1,007, de carga
2,1/(2* 1,007), e assim sucessivamente.

3) Envelopes isotdpicos candidatos que ndo apresentarem perfil de intensidades
condizentes serdo eliminados. Estes sdo caracterizados por exibirem menos de 3 picos
ou {(a,b) < c onde ||la|| = 1, ||b|| = 1; a, representa distribuicdes de intensidade; b, a
intensidade do modelo Averagine predita para a massa em questdo e ¢, uma variavel
estabelecida pelo usudrio. Vale ressaltar que a distribuicdo da intensidade dos picos do
envelope é fungdo da massa do “ion peptideo” e, que esta distribuicdo pode ser
teoricamente calculada de acordo com o algoritmo Averagine (27). A figura 18
exemplifica como o numero e intensidades dos picos de um envelope isotdpico variam
em relagdo a massa molecular.

4) Para cada envelope isotdpico da lista, é inferida uma carga respectiva de seus ions.

5) Os envelopes da lista sdo recalculados para que todos os ions exibam carga +1.

Finalmente, o espectro deconvoluido é elaborado; neste, os envelopes da lista serdo

representados apenas pelo m/z de seu monoisotdpico e com intensidade igual a integral de seu

sinal.
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Figura 18 — Painel A mostra envelope isotdpico tedrico com resolugdo de 10.000, do “ion peptideo” de
massa 1.000 Daltons com carga +1 obtido segundo o algoritmo Averagine. O Painel B mostra envelope
isotdpico teodrico de “peptideo ion” com massa 5000. Vale observar que no envelope de menor massa, o
pico mais intenso é o do monoisétopo diferentemente do de maior massa. Observa-se também maior
numero de picos no envelope de maior massa. Para massas maiores ainda, o pico monoisotdpico pode
ficar abaixo da sensibilidade de deteccdo do espectrometro de massa. Para massas maiores ou ions com
cargas mais elevadas, faz-se necessaria maior resolugao para discernir entre os picos provenientes dos
isétopos.

Como o cOmputo de um modelo Averagine é custoso, para acelerar nosso algoritmo, foi criado
vetor de 25 interpoladores do tipo Akima Spline; este ultimo permite modelagem eficiente de
mudangas abruptas dos dados (e.g., uma fung¢do que transita de um valor constante para uma
fungdo logaritmica). Para isso, primeiramente, foram calculados modelos Averagine para massas
variando de 500 a 35.000 Da com intervalos de 500. As intensidades do primeiro pico do envelope
tedrico foram utilizadas na construcdo do regressor que predird a intensidade do pico 1; as do
segundo pico, para a do regressor que predird as do pico 2, e assim sucessivamente. Assim, sera
possivel predizer a intensidade dos 25 primeiros picos do envelope isotépico para uma dada
massa. Nossos resultados evidenciaram que o vetor de interpoladores é capaz de predizer
distribuicdes isotopicas aproximadamente 1000% mais rapido do que o algoritmo Averagine. Em
experimentos do tipo middle-down as moléculas presentes ndo sdo suficientemente grandes para
justificar a presenca de vetor contendo mais de 25 regressores.
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O YADA também é capaz de reconhecer sobreposicdo de envelopes isotépicos permitindo
apontar os MS2 multiplex e registrar os seus respectivos ions precursores. A consequéncia é a
possibilidade de realizagao de buscas multiplas para cada espectro multiplex; cada busca é restrita
a um espaco de hipoteses determinado pela massa monoisotdpica de um ion parental.

A comparacdo do YADA ao Xtract (Thermo Fisher, San José), mostrou que o primeiro é 700%
mais rapido na velocidade de deconvolugdo. A andlise de dados pds-processados por YADA a partir
de experimento middle-down mostrou aumento do nimero de espectros identificados em quase
20%; isto se deve a maior sensibilidade na deteccdo de envelopes isotdpicos, buscas (para
identificacGes espectrais) com espacos de hipdteses reduzidos e consideracdo de espectros
multiplex. Os resultados do YADA encontram-se detalhados no Artigo IX (“YADA: a tool for taking

the most out of high resolution spectra”) do anexo.
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3.5 Aumentar o numero de peptideos identificados e a confiabilidade de

qguantificacao nos experimentos shotgun.

Este trabalho propde nova maneira de aquisicdo de dados por espectrometria de massa aqui
denominada como extended data independent analysis (XDIA). O XDIA combina MS1 de alta
resolucdo com espectros multiplex de MS2 adquiridos por CAD e/ou ETD. Os dados sdo entdo
processados por software desenvolvido neste trabalho denominado de XDIA Processor, que usa
sub-rotinas do DA descrito no item anterior. Quando verificado em dados de prote6mica middle-
down, aumentamos em ~250% o numero de espectros identificados e em ~30% o de peptideos
Unicos quando comparados a dados adquiridos usando o tradicional data-dependent aquisition e a
dissociacdo de ions por ETCaD. O aumento no numero de espectros implica em maior confianca na
qguantificacdo de dados. O aumento no nimero de peptideos Unicos implica em maior “cobertura
da sequéncia proteica”. Os resultados do XDIA e maiores detalhes sobre o algoritmo e o método
de aquisicdo de dados encontram-se descritos no Artigo X (“XDIA: improving on the label free
data-independent analysis”) do anexo. Vale ressaltar que estamos atualizando o XDIA Processor
para também analisar labeled data (e.g., SILAC (28)). Acreditamos que, devido ao grande
melhoramento sobre a presente técnica estado-da-arte, o XDIA poderd levar a uma alteracdo no

paradigma de como os experimentos de protedmica shotgun sdo realizados.
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4 Discussao e conclusoes

O estudo de protedmica shotgun permite analisar milhares de proteinas; assemelha-se a uma
orquestra, cuja grandeza, ndo pode ser vislumbrada pela apreciacdo isolada de cada musico. Em
contrapartida, cada musico é altamente especializado na funcdo que |lhe compete. Em “Getting
closer to the whole picture”, publicado recentemente na Science (29), Sauer U. et. a. relatam o
impacto que esta classe de técnicas poderd trazer a clinica médica e na criacdo de novos farmacos.
Resumidamente, os autores definem este ramo da ciéncia como a combinacdo de: modelagem
computacional, matematica e experimentos quantitativos para descrever processos celulares. Os
autores também enfatizam a caréncia de abordagens digitais para este propésito. A importancia
deste tipo de pesquisa reside compreender patologias ao nivel molecular e fornecer ao médico
painéis de alteracdes moleculares da patologia, possibilitando executar terapias individualizadas,
acompanhar evolucdo e progndstico através de marcadores especificos. Isto é exemplificado na
observacdo de alteracdes “pré-malignas” que possibilita ao clinico antecipar condutas Uteis para
cada individuo.

Nesta tese, apresentamos um ambiente computacional para analise de dados proteémicos
gue estende a capacidade das técnicas atuais. Introduzimos um algoritmo de deconvolug¢do que
serviu de base para a criacdo do XDIA. Este ultimo, introduz um novo paradigma na forma de
aquisicdo de dados de proteémica shotgun que permite maior precisdo na quantificacdo de
proteinas em misturas complexas aumentando, consideravelmente, o numero de peptideos
identificados. Os resultados mostram, claramente, a superioridade do XDIA sobre a metodologia
atual conhecida como data-dependent analysis. No presente trabalho foi também foi introduzido
o CPM; este algoritmo possibilita a identificacdo de proteinas em experimentos do tipo middle-
down executados em espectrometros de baixa resolu¢ao. Na analise dos dados, foi introduzido o
PatternLab com abordagens estatisticas para apontar proteinas diferencialmente expressas e
auxiliar na interpretacdo dos resultados experimentais sob a luz do Gene Ontology. As ferramentas
aqui introduzidas podem intercambiar dados, criando-se assim, um ambiente computacional para
protedmica. O uso da computacdo aliada a biologia constitui novo ramo da ciéncia, a

bioinformatica, que nos capacita, cada vez mais, a vislumbrar como é regida a orquestra da vida.
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Abstract

Background: A goal of proteomics is to distinguish between states of a biological system by
identifying protein expression differences. Liu et al. demonstrated a method to perform semi-
relative protein quantitation in shotgun proteomics data by correlating the number of tandem mass
spectra obtained for each protein, or "spectral count", with its abundance in a mixture; however,
two issues have remained open: how to normalize spectral counting data and how to efficiently
pinpoint differences between profiles. Moreover, Chen et al. recently showed how to increase the
number of identified proteins in shotgun proteomics by analyzing samples with different MS-
compatible detergents while performing proteolytic digestion. The latter introduced new
challenges as seen from the data analysis perspective, since replicate readings are not acquired.

Results: To address the open issues above, we present a program termed PatternLab for
proteomics. This program implements existing strategies and adds two new methods to pinpoint
differences in protein profiles. The first method, ACFold, addresses experiments with less than
three replicates from each state or having assays acquired by different protocols as described by
Chen et al. ACFold uses a combined criterion based on expression fold changes, the AC test, and
the false-discovery rate, and can supply a "bird's-eye view" of differentially expressed proteins. The
other method addresses experimental designs having multiple readings from each state and is
referred to as nSVM (natural support vector machine) because of its roots in evolutionary
computing and in statistical learning theory. Our observations suggest that nNSVM's niche comprises
projects that select a minimum set of proteins for classification purposes; for example, the
development of an early detection kit for a given pathology. We demonstrate the effectiveness of
each method on experimental data and confront them with existing strategies.

Conclusion: PatternLab offers an easy and unified access to a variety of feature selection and
normalization strategies, each having its own niche. Additionally, graphing tools are available to aid
in the analysis of high throughput experimental data. PatternLab is available at http://pcarvalho.com/

patternlab.
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Background

A goal of proteomics is to distinguish between states of a
biological system by identifying protein expression differ-
ences [1]. Shotgun proteomics is a large-scale strategy for
protein identification in complex mixtures that involves
pre-digestion of intact proteins followed by peptide sepa-
ration, fragmentation in a mass spectrometer, and data-
base search. Its name is derived from DNA shotgun
sequencing, which in turn follows the analogy of a shot-
gun's quasi-random firing pattern and dispersion to
ensure the target is hit.

Multi-dimensional Protein Identification Technology
(MudPIT) is a shotgun proteomics technique capable of
identifying thousands of proteins in proteolytically
digested complex mixtures [2,3]. MudPIT separates pep-
tides according to two independent physicochemical

h MudPITSim

http://www.biomedcentral.com/1471-2105/9/316

properties using two-dimensional liquid chromatography
(LC/LC) online with the ion source of a mass spectrome-
ter. This separation relies on columns of strong cation
exchange (SCX) and reversed phase (RP) material, back to
back, inside fused silica capillaries. The chromatography
proceeds in cycles, each of which consists of increasing
salt concentration to "bump" peptides off the SCX fol-
lowed by a hydrophobic gradient to progressively elute
peptides from the RP into the ion source. This process
identifies mixture components by tandem mass spectrom-
etry (MS/MS). For didactic purposes, a simplified and
interactive MudPIT simulator is available at the project's
web site; its interface is described in Figure 1.

Computational approaches for LC/MS-based differential
proteomics usually involve in silico chromatogram align-
ment followed by pattern recognition strategies [4]. How-

MudPITSIim

TunLc1cor)

Seconds after each SCX

Figure |

MudPIT simulator. The image displays the graphical user interface of the MudPIT simulator available on the project's web-
site for didactic purposes. The simulator allows one to specify MudPIT parameters and then see the two-dimensional liquid
chromatography simulation proceed on the fly. This is a simplification of reality; therefore, the timescale and many other fea-
tures are not faithful representations. The green and pinkish structures in the upper part of the simulator represent the strong
cation exchange and the reverse phase material packed in the capillary (yellow structure). The semi-conical structure repre-
sents the mass spectrometer nozzle (entrance) and the structure below is an X-Ray of a quadrupole ion trap.
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ever, because of the more complex nature of MudPIT's LC/
LC method and the alternating acquisition of mass spectra
and tandem mass spectra, chromatographic alignment is
more complicated than for LC/MS data. A milestone that
eventually allowed differential MudPIT analysis was set
with the development of alternative protein quantitation
methods that use features from the tandem mass spectra
(e.g., peptide hits, protein sequence coverage, spectral
counts) as surrogate measures of protein abundance [2,5-
7]. An important step was taken when Liu et al. demon-
strated that the number of tandem mass spectra obtained
for each protein, or "spectral count", correlates linearly
with protein abundance in a mixture for two orders of
magnitude [8]. These advances allowed LC/LC/MS/MS to
produce semi-quantitative data on mixtures; however,
two issues have remained open: how to normalize spec-
tral count data for profile comparisons and how to statis-
tically identify bona fide differences between samples
(feature selection). Heretofore, differential proteomics by
MudPIT spectral counting has relied on repeating assays
to increase the number of identified proteins, improve
protein coverage, and enable traditional statistical meth-
ods to pinpoint differences between biological states.
Studies have shown Student's t-test, Fisher's exact test, and
the G-test to be trustworthy for composing putative differ-
ential marker tallies when three or more replicates are
available [9].

Recently, Chen et al. increased peptide and protein identi-
fications in complex protein mixtures by re-analyzing
samples digested in the presence of different MS-compat-
ible detergents [10]. Moreover, the improved proteolytic
digestion protocols potentially increased identification of
less abundant proteins. However, the experimental design
described by Chen et al. introduced additional data anal-
ysis challenges, since replicate readings are not acquired.

The contributions by Liu et al. and Chen et al. serve as
foundations for this work. Here, we introduce a simple to
use, yet efficient and panoptic, software for differential
shotgun proteomics that addresses the data analysis issues
of the experimental designs mentioned above. Our soft-
ware, PatternLab for proteomics, or just PatternlLab as
referred to throughout, achieves its goal by featuring two
new data analysis methods in addition to other widely
adopted statistical approaches. The first method, ACFold,
addresses experiments with less than three replicates from
each state (class) or having data acquired by different pro-
tocols, as described by Chen et al. ACFold uses a com-
bined criterion based on expression fold changes and the
AC test [11]; its importance is demonstrated here with
experimental data. The other method addresses experi-
mental designs that comprise multiple replicates from
each state and is referred to as nSVM (natural support vec-
tor machine) because of its roots in evolutionary comput-

http://www.biomedcentral.com/1471-2105/9/316

ing and statistical learning theory [12]. We benchmarked
nSVM against the widely adopted Student's t-test over a
spiked marker dataset and identified its niche. A detailed
description of ACFold, nSVM, and PatternLab's overall
architecture is given, and critical issues of each method
and how they were addressed are provided in the Imple-
mentation section.

Implementation

PatternLab's current version is optimized for LC/LC/MS/
MS data using spectral counts. Its architecture comprises
four core modules (parsing MS data, data normalization,
feature selection, and analysis). These modules can be
operated programmatically or through the graphical user
interface (GUI) that also provides specialized graphing
tools to aid interpretation. Details of each module and a
walkthrough of PatternLab, including the two new feature
selection procedures ACFold and nSVM, are described
below.

Parser module

Let "project" refer to one's experimental data from all
MudPIT assays of all biological samples from both control
and case states. PatternLab relies on the parser module to
translate a project's MS data into an index file and a sparse
matrix file. The index file lists all identified proteins
within the project and assigns each one a unique Protein
[Dentification (PID) integer. As for the sparse matrix, each
oW follows the schema: (class
label)(PID):(value)...(PID):(value). In the latter, (class label)
€ {-1, +1} is used to identify a biological state (e.g., +1 for
control and -1 for case); (PID) and (value) correspond,
respectively, to a protein identification index in the
project's index file and to the spectral count verified for
that protein during the corresponding MudPIT analysis.
So, for example, the row "+1 1:3 2:5 3:6" specifies an anal-
ysis from the positive class having spectral count values of
3,5,and 6 for PIDs 1, 2, and 3, respectively, all other PIDs
having value 0.

There are various softwares that identify proteins by
matching tandem mass spectra according to a database of
peptide sequences, such as SEQUEST [13] and MASCOT
[14]. The current parser can address both SEQUEST fol-
lowed by DTASelect [15] and MASCOT having results
exported to the DTASelect format. To use the parser, one
should place the DTASelect results from the control and
case analyses in different folders and then simply indicate
their paths in the GUI.

Normalization module

One or more normalization methods can be applied to
the sparse matrix. PatternLab currently implements: In
(natural logarithm), Z [16], Total Signal, Maximum Sig-
nal, and Row Sigma. The In normalization is obtained by
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taking the natural logarithm of every value and aims at
increasing the signal of the PIDs with low spectral counts
with respect to the more abundant PIDs. The Z normali-
zation is achieved by subtracting from each original value
the mean of all values of the corresponding PID and
dividing the result by the standard deviation of all values
from the same PID; the mean then becomes 0 and the
standard deviation 1. The Total Signal normalization is
achieved by dividing each value by the sum of all values
in the respective row. The Maximum Signal normalization
is obtained by dividing each value by the largest value in
its row; an underlying assumption is that, in each MudPIT
analysis, peptide identifications were obtained at or near
the capacity of the tandem MS instrument. The Row
Sigma normalization is achieved by calculating the mean
and standard deviation of all values in a row and then
dividing each value by the mean plus three standard devi-
ations. The latter is introduced in this work as a variation
of the Maximum Signal normalization that better handles
assays that obtained an exceedingly high maximum value
for a protein; further advantages are addressed in the
Results and discussion section.

ACFold feature selection

The ACFold analysis introduced in this paper is intended
to evaluate data from projects having less than three rep-
licate assays per class or assays obtained using different
mass spectrometry protocols as described by Chen et al.
[10]. The ACFold analysis takes advantage of two accepted
criteria in proteomics to pinpoint differences between
samples: the generalized AC Test [11] and expression fold
changes [9]. The algorithm first parses the project's data as
described in the Parser module section. The sparse matrix
is then compressed into two rows, one representing each
class. The new rows' values for each PID are obtained by
averaging the original values of the corresponding PIDs
within their classes. But given the nature of the experi-
ment at hand, it is likely that low-probability events (such
as PIDs that obtained a spectral count of 1 in only one
assay of one of the two classes) will not always be
observed; this would result in a calculated average of 0
and imply a probability of 0 that is not justifiable by evi-
dence according to Cromwell's rule. To avoid the zero-fre-
quency problem [17] and make fold-change calculations
possible, a pseudo spectral count of 1 is then added to
each PID value of the two resulting rows, including the
unobserved PIDs, following the process known as
Laplace's rule of succession. PatternLab then calculates the
AC test probabilities and the expression fold changes
according to one of the user-specified normalization
methods: Total Signal, Row Sigma, or None.

Finally, a false-discovery rate (FDR) is estimated by the
Benjamini-Hochberg procedure [18] for a given fold-
change cutoff. Let m be the number of identified proteins
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minus the number of proteins that failed to pass the fold-
change cutoff test. For 1 <i < m, let H? be the (null)
hypothesis that the ith protein is not differentially
expressed, and p;its p-value. Assuming p, <p,<...<p,, (ties
are broken so that no lower-fold protein ranks ahead of

another having the same p-value), and o the minimum
FDR at which a test can be called significant, let

k=max{i:piﬁia}.
m

The null hypotheses H} are then rejected (i.e., the corre-

sponding proteins are declared differentially expressed). If
no such i exists, no hypothesis is rejected.

The user can define stringency levels aided by a distribu-
tion plot and supplementary information offered by the
GUI indicators. The stringency is performed by specifying
a minimum fold-change cutoff, an AC test p-value cutoff,
and the FDR a. We refer to Figure 2 to demonstrate how
the results are presented. Lastly, the final report can be
exported to text.

nSVYM feature selection

nSVM is a feature selection algorithm introduced in this
work and used here to pinpoint differences in protein
expression profiles when multiple replicates of each class
are available. The algorithm begins by parsing the
project's data as described in the Parser module section.
nSVM then uses the structural risk minimization (SRM)
principle from statistical learning theory [12] to drive the
convergence of a genetic algorithm (GA). Briefly, a GAis a
stochastic optimization technique inspired in evolution-
ary biology which imitates inheritance, selection, crosso-
ver, and mutation to evolve a population of abstract
genomes (individuals) [19]. Each individual represents a
candidate solution (set of differentially expressed PIDs)
and is coded as an array of bits (1 or 0); the nth bit value
hypothesizes that either the protein whose PID value is n
is differentially expressed (1) or not (0). The general aim
of a GA is to evolve an initial population of randomly gen-
erated individuals so that, after a number of generations,
the solution will be encoded in the genome of the histor-
ically fittest individual.

The GA works by generating successive populations on the
premise that the average individual fitness (quality of the
solution) will increase for each new population. Each new
solution from nSVM is produced by first selecting parents
according to their quadratically normalized fitnesses. For-
mally, let S denote the set {i,, i, ..., i, ;} of individuals,
ordered by nondecreasing fitness. Let j and k be two ran-
domly chosen numbers in the range from 0 to n2- 1. The
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ACFold's graphical user interface. The interface above displays results from real experimental data. The plot on the right
shows the distribution of the identified proteins according to log,(fold change) on the ordinate (y) and — log,(1- (AC test p-
value)) on the abscissa (x). The plot tab indicates that 104 proteins (blue dots) were differentially expressed because they sat-
isfied both the AC test and fold-change cutoffs specified by the user. 23 proteins (orange dots) did not meet the fold-change
cutoff but were indicated as statistically differentially expressed, therefore deserving a second look. 267 proteins (green dots)
met the fold-change cutoff; however, the AC test indicated that this happened by chance. 2293 proteins (red dots) were pin-
pointed as not differentially expressed between classes because they failed both the AC test and the fold-change cutoffs. The
GUI also lists an AC FDR indicating that all blue dots satisfy the established user-selected FDR of 0.1.

two individuals chosen to mate will be the ones in S
indexed by the greatest integers no greater than the square
roots of j and k (i.e., the square roots' "floors"); if the same
individual is chosen twice, this process is repeated.
Clearly, fitter individuals have significantly higher
chances of being selected. During the mating process, a
uniformly random crossover operator is used, so the sin-

gle offspring receives each gene (bit value) from either one
of its parents with equal chances. The GA then performs
mutations on the newly produced offspring according to
a user-specified mutation index. For example, a mutation
index of 2 allows the GA to perform up to two mutations
in the offspring's genome. The mutation is performed by
switching the values of randomly chosen bits with a bias
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towards mutating them to 0 (specifically, a 60% chance
for 0 and 40% for 1). We recall that 0 and 1 represent
excluding or including a feature, respectively. This bias
accelerates the GA in finding solutions with fewer fea-
tures. In addition, a fine-tuning parameter termed
mutlnd1After can be set through the GUI. This parameter
stands for "Mutation Index 1 After", so after the algorithm
has reduced the initial set of candidate proteins to a
number below the one the parameter specifies, the muta-
tion index is reduced to 1. This allows the GA to search
within the remaining combinations with a lower proba-
bility of making great shifts away from the local optimum
it is approaching. The processes of mating, crossover, and
mutation are repeated until a population of the same size
as the initial one is formed for use in the next iteration of
the algorithm. The user can also configure the GA to allow
"elitism", permitting a specified fraction of the fittest indi-
viduals to continue on to the new population. The algo-
rithm terminates when a user-specified number of
generations has elapsed without the appearance of an
individual that is fitter than the fittest found so far.

Fitness evaluation is certainly one of the most important
aspects of a GA. As far as we know, this is the first time a
GA takes advantage of the SRM principle [12] to drive its
convergence. Briefly, the SRM principle allows the evalua-
tion of how well data points are separated in a feature
space by a classification function, according to an empiri-
cal error measure on known examples and an upper
bound on the function's error when generalizing for
unknown examples [12]. The SRM principle is the basis of
the SVM pattern recognition method, which searches for a
classification function with the "best" trade-off between
empirical error and worst-case generalization error. The
upper bound on the generalization error grows monoton-
ically with the machine's so-called VC dimension, so
lower VC dimensions are preferred. Additionally, another
upper bound on the generalization error depends on the
machine's number of support vectors in a way that a small
number of such vectors is also preferred [12]. We use this
other bound as well. In the remainder of this section we
refer to each row of the sparse matrix as an input vector.

Each individual's fitness is evaluated by how well the
input vectors are "separated" in the feature space defined
by the individual. First, the input vectors are mapped onto
the feature space taking into consideration only the pro-
teins whose PIDs have value 1 in the individual. Secondly,
an SVM model is generated and the empirical error is eval-
uated by the leave-one-out approach [20]. The VC dimen-
sion, the number of support vectors, and the number of
bits having value 1 in the individual are also recorded.
Finally, the fitness score for an individual is calculated as
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fitnessScore = C;LOO + C,| 1 - 1 +C;s| 1- 1 + C,nG
h nSV

where LOO is the SVM leave-one-out error, h is the VC
dimension, nSV is the number of support vectors, nG is
the number of bits with value equal to 1, and C, through
C, are user-specified constants having default values set to
100, 100, 10, and 0.1, respectively. Clearly, the lower the
score, the fitter the individual. We note that the first three
parameters are calculated using SVM light [21]. Figure 3
summarizes the nSVM process up to this point.

nSVM relies on the island model to keep population
diversity and to better address the issue of a large search
space. This approach works with a user-specified number
of populations that evolve independently. Individuals
will migrate, from time to time, according to a user-speci-
fied time parameter. The migration proceeds as follows.
First the GA randomly chooses two populations from its
pool and pauses their computations after the fitness eval-
uation step. Secondly, a random number is picked (con-
forming to a user-specified upper bound) to indicate the
number of individuals to be exchanged between the two
populations. Thirdly, individuals are selected (as for mat-
ing, described above) and are exchanged between the
populations. Finally, the GA continues to evolve both
populations from where they were stopped. PatternLab
takes advantage of the recent multi-core processors by
having each population "live" in a different computing
thread. Thus, a computer with a certain number of cores
can manage as many populations concurrently without
sacrificing performance.

The features for the final classification model are selected
by executing nSVM multiple times (e.g., 20). For every
nSVM execution, each time the fittest individual is
replaced its genomic information is saved in a text file
(history file). After multiple nSVM executions, several his-
tory files are available and a ranking of the features can be
established according to the frequency of occurrence of
each PID in the history files. Furthermore, a number of
minimal discriminative features can be estimated by gen-
erating a two-column list having PIDs ordered by their
ranks in the first column and their achieved frequencies in
the second. The set of discriminative features is then esti-
mated by locating, in this list, the two consecutive rows
that present the greatest difference in frequency values.
The number of features is then computed by counting
how many features have scores above or equal to this
gap's upper limit.
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3.4 Sparse Matrix File

nSVM's workflow. MudPIT is applied to acquire mass spectrometry data from a biological system in different states (1). The
data are subsequently identified by SEQUEST and filtered by DTASelect (2). nSVM is applied to pinpoint differences in the pro-
tein expression profiles by using a GA (3.2). Each individual's genome is an array of bits (3.3) that corresponds to a set of pro-
teins (3.1 and 3.2) that will be selected from the dataset (3.4) to be evaluated as a solution (3.5) according to their spectral

counts.

Other available statistical inference methods and the
result analyzer module

PatternLab offers several additional feature selection
methods that are widely adopted by the proteomics com-
munity. These methods include: SVM recursive feature
elimination (SVM-RFE) [22], forward SVM (the weighting
used in the first step of SVM-RFE), Golub's index [23], and
Student's t-test [11]. It is beyond the scope of this manu-
script to detail these methods since they are well docu-
mented in the literature. Figure 4 exemplifies PatternLab's
GUI to access the feature selection methods and a result

analyzer. In a future version of PatternLab, we intend to
add new components to the result analysis module. Figure
5 exemplifies nSVM's interface.

Results and discussion

Two main issues characterize feature selection challenges
in bioinformatics: the large input dimensionality and lim-
itations in the dataset size. To deal with these problems,
various feature selection techniques have been designed
by experts from the machine learning and data mining
fields. The philosophy behind PatternLab is that there is
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Figure 4

Replicate experiment analyzer's graphical user interface. This graphical user interface offers various normalization and
feature selection methods (A). After applying the methods, the user can view the features ranked according to their scores.
The expression from the selected feature can be graphed in the result analyzer (B).

Page 8 of 14

(page number not for citation purposes)



BMC Bioinformatics 2008, 9:316 http://www.biomedcentral.com/1471-2105/9/316

i ] N S | P e P IO e
r PatternLab for proteomics

- [Blx]

— Parsers Mormalization Select Analyze Help

Q@ & A © ea

ACFold | Golub's Index Student's ttest Sy RFE Swb-F nSyM

|Lim... = Feahure Selection / Replicate Samples F]

li 3V: T

[ nSvM Parameters |nSVM Followup |

fileDB : DBt migration

migrationParameters
nolnd2higrate |5

noThreadsTollse |4 populationSize (3

loadParams
saweFarams

conversionAttempts g noBestTokeep |

rutationlndex 3 cSeed 50 secBetweent 2000 LoadDefaults
mSprint it et og Fitness Farameters

manangerFarams LOO 1000 | nSv [10
Times to run GAT 1 [] delegateZMaestro WC Dim (0.1 genomesize D

Log

[ Start Stop

Fesume

Idle

Figure 5

nSVM's graphical user interface. Every aspect of nSVYM's GA can be customized in its graphical user interface or program-
matically. A detailed explanation of each parameter can be obtained at the project's website.

no single, universally optimal feature selection technique
[24]; additionally, the existence of more than one subset
of features that discriminates the data equally well [25]
should be considered. We believe that each feature selec-
tion strategy has its own niche, so it is important to know
its idiosyncrasies, when to effectively apply it, and also to
be aware of its limitations. For example, while the output
provided by univariate feature rankings can be more intu-
itively grasped because they analyze each feature inde-
pendently, protein subgroups that could possibly interact

can only be detected through multivariate techniques (but
requiring far more effort).

Row Sigma normalization

Methods with ease of interpretation tend to be more read-
ily accepted, which is in line with the possibility of intui-
tive interpretation that is one of the goals of the Row
Sigma normalization strategy introduced in this work.
This strategy joins the robustness of the Total Signal nor-
malization (by using a measure that considers the entire
profile through the sum of all values) with the ease of
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interpretation of the Maximum Signal normalization (by
characterizing the proteins as percentages of an estimated
most abundant protein). This is achieved by dividing the
expression value of each protein by the mean plus three
times the standard deviation taken inside its row in the
sparse matrix. When compared to the Maximum Signal
normalization, which relates all proteins solely to the
most abundant one, Row Sigma normalization is seen to
help avoid misleading conclusions that might be reached
should the most abundant protein have a large variance
associated with it.

Suggestion of when to apply ACFold

ACFold combines the AC test with fold changes to pin-
point differentially expressed proteins between classes;
this is important because conclusions drawn only from
fold changes could be equivocated. For example, suppose
spectral counts of 3 (6) and 30 (60) were observed for pro-
tein x (y) during the control (case) assay. Both x and y
have a twofold up-regulation from the control to the case
assay, but it is much likelier that the fold change for pro-
tein x happened by chance. The conditional probability of
finding a spectral count of x, in biological state 2 given
that a spectral count of x; was found in biological state 1
can be estimated by the AC test.

The AC test outputs a p-value related to testing a single
hypothesis. In large-scale proteomic strategies, such as
MudPIT, thousands of hypotheses are tested simultane-
ously, requiring an appropriate error rate control instead
of relying solely on p-values. The most well-known strat-
egy to deal with multiple hypotheses is the Bonferroni,
but it is in some ways too conservative and this has led to
the proposal of new ones [18,26]. The solution we pro-
pose to this massive multiple-hypothesis test problem is
to analyze the data from an FDR perspective instead of
that of p-values. The FDR is defined as the expected pro-
portion of false positives among the results declared sig-
nificant [18]. For example, by specifying an FDR of 0.1, it
is expected that no more than 10% of the results declared
significant (p-value < cutoft) be false positives. This con-
trol, however, cannot be obtained with the p-value alone.

Label-free shotgun proteomics currently uses a random
sampling process to estimate the relative quantitation of
thousands of proteins. For this reason, determining the
true number of differentially expressed proteins, which
would require precise quantitation instead, has remained
an open challenge. Due to the lack of a training set with
known answers, our approach relies on a theoretical FDR
estimator to cope with imprecise quantitation. One strat-
egy to evaluate the effectiveness of FDR approaches is to
spike protein markers with known concentrations into
complex protein mixtures (e.g., lysates) to perform real,
but controlled, experiments, which are therefore verifia-
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ble. For example, Zhang et al. [9] compared replicate LC-
MS/MS assays of the S. cerevisiae lysate plus six protein
markers (accounting for 1.25% and 2.5%, thus twofold,
of the total protein content in the different classes) and
observed that the true FDR of the AC test, when compar-
ing two assays, varied from ~1% to ~13%, depending on
the marker. Furthermore, the authors concluded that
Fisher's exact test, the G-test, and the AC test all "give rea-
sonable false positive rates even with limited sampling
numbers from a single replicate." In view of these results,
our choice to rely on a theoretical estimator instead of
physical measurements seems justified.

Figure 2 exemplifies the ACFold analysis on experimental
data. The aim was to identify as many proteins as possible
in a glioblastoma cell culture when exposed (or not) to a
chemotherapeutic agent during 1.5 h [27]. To maximize
protein identification, different MS-compatible detergents
were used during each MudPIT assay as described by Chen
et al. [10]. Experiments that do not acquire replicate read-
ings such as the latter or that have very few readings for
each class (one or two) fall within ACFold's niche. As
shown in Figure 2, 2687 proteins were identified, of
which 104 were pinpointed as being differentially
expressed according to ACFold (using a minimum fold-
change cutoff of 2.5, an AC test p-value of 0.05, and an
FDR of 0.1). The fold-change cutoff was empirically
selected to maximize the number of hypotheses approved
by the FDR criterion. For example, by specifying a cutoff
of 2.0, the number of differentially expressed proteins
according to the AC test was raised to 105; however,
because of a great increase in the number of hypotheses
tested, the FDR indicated only 88 as differentially
expressed. When a cutoff of 3.0 was specified, both the
number of differentially expressed proteins according to
the AC test and the FDR were reduced to 85. We note,
finally, that the FDR estimation is conservative for mas-
sively-multiple hypothesis testing [28] and that a high
stringency on false positives can imply an increase in the
number of false negatives; whence the choice of our FDR
of 0.1.

Suggestion of when to apply nSVM

Our observations suggest that nSVM's niche comprises
projects targeting the selection of a minimum set of pro-
teins (features) that nevertheless allows the highest rate of
correctness to be achieved on unseen samples in classifi-
cation problems. This selection entails the solution of the
difficult bioinformatics combinatorial problem of choos-
ing one out of the 2" sets into which 7 identified proteins
can be combined. Two widely adopted classes of method-
ologies to solve this problem are the filter and the wrapper
approaches. Briefly, the filter approach relies on a proba-
bilistic method to eliminate or rank features, similarly for
example to our use of the t-test. However, according to
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Cover and Van Campenhout [29], no ordering of error
probabilities is guaranteed to produce the optimal feature
subset or subsets. Moreover, feature sets can be algorithm-
dependent to achieve good results. On the other hand,
wrapper methods handle the problem by relying on the
classification algorithm during the feature selection proc-
ess, but the algorithm becomes more prone to overfitting.

nSVM is a wrapper feature selection approach that couples
a nature-inspired optimization technique (a GA) with the
state-of-the-art classifier (an SVM) to address the overfit-
ting problem. This hybrid approach is justifiable because,
even though SVMs efficiently generalize on noisy datasets,
they have no internal feature relevance evaluation; there-
fore, noisy features can degrade their performance. Conse-
quently, feature selection plays a key role prior to SVM
classification, especially for complex datasets as in shot-
gun proteomics. Our GA is a stochastic heuristic that deals
with massive resampling to handle the idiosyncrasies of a
dataset as related to a classifier to avoid overfitting. Addi-
tionally, the feature sets selected by our GA are optimized
for classification by an SVM because our GA's fitness func-
tion considers the same principles that drive the SVM clas-
sifier (i.e., the empirical error, the VC dimension, and the
number of support vectors). Accordingly, we showed that
nSVM efficiently dealt with the overfitting problem on a
high-dimensional and noisy dataset by correctly pin-
pointing the relevant features (spiked proteins) and out-
performing the t-test filter approach, as described below.

We demonstrate nSVM's niche using data from a real
(veast lysate replicates), yet controlled, experiment (pro-
tein markers were spiked to simulate differences), which
is therefore verifiable. The dataset was obtained from four
aliquots of 400 g of a soluble yeast total cell lysate that
were mixed with Bio-Rad SDS-PAGE low range weight
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standards containing phosphorylase b (PHS2), serum
albumin (ALB), carbonic anhydrase (CAH), and trypsin
inhibitor (ITRA) at relative levels of 25%, 2.5%, 1.25%,
and 0.25% of the final mixtures' total weight. Four Mud-
PIT assays were acquired for each aliquot as described by
Liu et al. [8]. Finally, we generated three sparse matrices to
simulate three benchmarking scenarios; in the first sce-
nario, the input vectors originating from the 25% protein
spiking were labeled as belonging to the positive class and
all the rest as to the negative class. On the second scenario,
the 25% and the 2.5% input vectors were labeled as from
the positive class and the rest as from the negative class.
Finally, the third scenario labels the 25%, 2.5% and
1.25% input vectors as belonging to the positive class and
the remaining 0.25% as belonging to the negative class.

Each sparse matrix was normalized according to the Z
method and nSVM was applied to predict which and how
many markers were spiked in the first matrix (scenario 1)
using the linear SVM kernel and varying some parameters
of the GA (Table 1). Almost all parameter combinations
correctly top-ranked the spiked markers, and pinpointed
how many markers were spiked in the lysate. The dataset
used for testing originated from a 12 salt step MudPIT of
awhole cell yeast lysate having more than 1800 identified
proteins; this is far more complex than the average pro-
teomic experiment. Therefore, more combinatorial possi-
bilities were available, increasing computation time.
Given these facts, nSVM is expected to perform faster in
less complex studies (with fewer features). The island
mode and mutation index play a key role in the GA; while
apparently there are no great changes in execution time,
runs using a mutation index of 2 with the island mode
turned on yielded better results in our dataset. We then
opted to use the island model and a mutation index of 2
to evaluate nSVM over the other two scenarios; the

Table I: Evaluation of nSVM results on the spiking dataset using different parameters

Elitism Mutation Islands No. Feat. Avg. No. Subst. Time PHS2 ALB CAH ITRA
0 2 0 6 290 49+9 | 3 5 4
0 2 250 4 380 50+8 | 2 4 3
0 3 0 5 400 54+6 2 I 3 5
0 3 250 4 415 519 | 3 5 6
I I 250 4 280 497 4 I 2 3
I 2 0 6 360 567 | 2 4 3
I 2 250 4 410 59+3 | 3 4 2
I 3 0 5 416 545 5 3 4 7
I 3 250 6 423 527 | 6 3 2

nSVM was executed 20 times for each of the 8 specified conditions. PHS2, ALB, CAH, and ITRA stand for the spiked protein markers, and the
numbers in the respective columns indicate the ranking. The Elitism column stands for how many individuals of the population were allowed to
remain untouched for the following generation. The Islands column indicates how many seconds were required before a migration could even
occur; a zero indicates that the island model was not applied. The No. Feat. column indicates what nSVM suggested as the minimum set of optimal
features. The Avg. No. Subst. column indicates how many times the fittest individual was substituted. The Time column indicates the average time
and standard deviation of | nSVM run. These results were obtained for scenario | as described in the Suggestion of when to apply nSVM section.

Due to the stochastic nature of the method, results may vary.
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method correctly predicted which markers were spiked in
both cases (Table 2).

The Z normalization was chosen because one of the steps
for estimating the VC dimension, according to the SVM
light algorithm [21], is based on approximating the radius
of the smallest hyphersphere that encompasses all input
vectors by the norm of the largest support vector. After
applying the Z normalization, the new mean for each PID
becomes 0 and the data points become "evenly" distrib-
uted around the origin; this makes the VC dimension esti-
mate more accurate. However, if the changes between
samples are expected to be minimum, applying nSVM on
"unnormalized" data can also be considered.

The widely adopted Student's t-test was then applied to
check if we could rank the spiked markers as the topmost
in the three scenarios after Z and Total Signal normaliza-
tion. These results are listed in Table 3. By comparing the
results from nSVM (Tables 1 and 2) against the t-test
results (Table 3), it can be noted that the latter was unable
to correctly rank the markers for some scenarios (all mark-
ers should have rank at most 4) and therefore did not
reveal the optimal set. On the other hand, nSVM correctly
ranked the spiked markers from all sparse matrices, which
justifies the extra computation time it required. Recall that
nSVM encompasses multiple executions (e.g., 20), and
therefore more time to terminate (~1 h on an Intel Core 2
duo at 2.1 GHz). The limitations of the t-test seem to be
that it relies on estimates of the mean and variance that do
not necessarily reflect the true values when only a few
samples are available [30]. nSVM's stochastic nature, com-
bined with the various executions, makes it less prone to
overfitting, but we note that it was unable to obtain the
global optimum in any of the three matrices with only a
single execution.

We recommend the t-test over nSVM for experiments
where many changes are expected. Table 2 shows that
even though the optimal result was not always achieved,
very satisfactory results were obtained. Therefore, the t-test
can offer a quick "bird's eye" view over changes through-
out the entire experiment. On the other hand, nSVM
works its way down to a minimum set of features, opti-
mized for classification purposes, and therefore is proba-
bly not advisable for a holistic view.

Table 2: nSVM results in the spiking dataset (scenarios 2 and 3)

Scenario PHS2 ALB CAH ITRA
2 4 | 3 2
3 2 | 3 4

PHS2, ALB, CAH, and ITRA stand for the spiked protein markers, and
the numbers in the respective columns indicate the ranking according
to nSYM.

http://www.biomedcentral.com/1471-2105/9/316

Table 3: Student's t-test results for the spiking experiment

Normalization Method PHS2 ALB CAH ITRA

scenario |

z 3 | 25 2

Total Signal 2 18 187 30
scenario 2

zZ 10 | 2 3

Total Signal | 2 4 3
scenario 3

Z 11 2 | 5

Total Signal 5 2 | 4

PHS2, ALB, CAH, and ITRA stand for the spiked protein markers, and
the numbers in the respective columns indicate ranking according to
Student's t-test applied to the sparse matrix normalized by Z or Total
Signal normalization.

Differently than traditional GAs, nSVM offers a new strat-
egy to estimate which proteins are differentially expressed.
Our approach is a variation of the one used by Li et al. [31]
to select differentially intensified mass spectral peaks from
Surface Enhanced Laser Desorption lonization - Time Of
Flight proteomic profiles. Briefly, the authors repeatedly
executed their GA rooted in k-nearest neighbor, a non-
parametric pattern recognition method, to obtain rela-
tively small subsets of discriminative mass spectral peaks
between classes of specimens. Then peak appearance fre-
quencies in the solutions were calculated and the authors
showed that the most frequently selected peaks were the
most discriminative. The efficiency of the algorithm was
then proven on a validation set. The heuristics behind
nSVM are far more computationally expensive than the
one described by Li et al., so multiple executions (e.g.,
1000) would invalidate its applicability. However, nSVM
adopts a strategy that allows it to converge to very satisfac-
tory solutions within only a few runs (e.g., 20).

Prior attempts at performing feature selection based solely
on some function of the VC dimension [32] have been
reported. However, our GA is based on the SRM principle
that combines such a function with empirical error meas-
ures. Furthermore, we take advantage of a second theoret-
ical error bound related to the number of support vectors
to make nSVM converge faster (data not shown). We com-
pared nSVM's performance with and without computing
the empirical error measures; the former achieved better
results on our dataset (data not shown).

Conclusion

The identification of trustworthy protein markers is not an
easy task, since mass spectrometry based proteomics is
still in development and spectral counting effectiveness
can vary on the experimental setup, including mass spec-
trometry type and data-dependent analysis configuration.
PatternLab implements several existing strategies and
adds two new tools to the proteomic data analysis arsenal,
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each one having its own niche. Our results showed that
even in simple scenarios, where the spiked concentrations
can be considered relatively high, the data can still play
tricks on well-founded feature selection methods. This is
due to the dataset's high dimensionality, sparseness, and
lack of a known a priori probability distribution. In even
more realistic and complex scenarios, markers might be
present in extremely low concentrations. Modification in
the experimental designs to isolate sub-proteomes is a
solution; however, these separations are many times not
straightforward if protein content is to be disturbed only
minimally. Therefore, even with all the advances in pat-
tern recognition techniques, a set of bona fide markers
requires experimental and computational validation in
unseen samples to ensure the model is not a result of over-
fitting.

Awvailability and requirements
¢ Project name: PatternLab for proteomics

¢ Project home page: http://pcarvalho.com/patternlab

e Operating system(s): Windows XP or VISTA. Pattern-
Lab is expected soon to run under Linux and Macintosh,
thanks to the Mono project [33].

¢ Programming language: C#
e Other requirements: .NET 3.5
e License: GNU

e Any restrictions to use by non-academics: license
needed
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ABSTRACT

PatternLab for proteomics is a one-stop shop computational environment for analyzing
shotgun proteomic data. Its modules provide means to pinpoint proteins/peptides that
are differentially expressed and those that are unique to a state. It can also cluster the
ones that share similar expression profiles in time-course experiments, as well as help
in interpreting results according to Gene Ontology. PatternLab is user-friendly, simple,
and provides a graphical user interface. Curr. Protoc. Bioinform. 30:13.13.1-13.13.14. ©
2010 by John Wiley & Sons, Inc.

Keywords: shotgun proteomics e label-free proteomic analysis e label-based proteomic
analysis.

INTRODUCTION

Shotgun proteomics is a powerful approach for analyzing complex peptide mixtures.
The overall strategy comprises the digestion of proteins followed by peptide separation,
fragmentation, and protein identification (Washburn et al., 2002). Tandem mass spectra
are acquired to enable protein identification, which is commonly achieved by comparing
experimental with theoretically generated spectra and pinpointing the most likely match
via search engines such as SEQUEST (see unit13.3; Eng et al., 1994), ProLuCID (Xuetal.,
2006), or Mascot (Perkins et al., 1999). The identifications are then filtered according to
quality scores and a false-discovery rate is estimated. SEQUEST or ProLuCID followed
by DTASelect (see unit 13.4; Cociorva et al., 2007) are the search engines and filtering
program, respectively, used in the protocols listed herein.

Proteins are quantitated according to label-free or label-based (e.g., SILAC; Ong et al.,
2002) strategies. For example, spectral counting is a label-free method that works with the
numbers of identified spectra matched to a protein (Liu et al., 2004); it is simple and has
been shown to be successful on controlled experiments with spiked proteins (Carvalho
et al., 2008b). Label-based strategies yield higher confidence for relative quantitation;
nevertheless, they are more expensive and laborious. The latter are performed by com-
paring a peptide to an internal, chemically identical standard enriched with a heavy stable
isotope; the ratios informing relative abundance are then obtained computationally with
a program such as Census (see unIT 13.12; Park et al., 2008).

In general, protein identification and quantitation constitute the tip of the iceberg for
analyzing shotgun proteomic data. Questions such as “Which proteins are differentially
expressed?”’, “Which are unique to a state?”, “Which share similar expression profiles
in a time-course experiment?”’, and even more specific questions, such as, “Which pro-
teins originate from the mitochondria?” are all very common. PatternLab for proteomics
(Carvalho et al., 2008a) is a one-stop shop for answering these types of question. Pattern-
Lab provides tools for analyzing shotgun proteomic data quantitated by spectral counting
(output from DTASelect) or by the label-based (output from Census). Its modules provide
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Abstract

Background: Spectral counting is a shotgun proteomics approach comprising the identification
and relative quantitation of thousands of proteins in complex mixtures. However, this strategy
generates bewildering amounts of data whose biological interpretation is a challenge.

Results: Here we present a new algorithm, termed GO Explorer (GOEx), that leverages the gene
ontology (GO) to aid in the interpretation of proteomic data. GOEx stands out because it
combines data from protein fold changes with GO over-representation statistics to help draw
conclusions. Moreover, it is tightly integrated within the PatternlLab for Proteomics project and,
thus, lies within a complete computational environment that provides parsers and pattern
recognition tools designed for spectral counting. GOEXx offers three independent methods to query
data: an interactive directed acyclic graph, a specialist mode where key words can be searched, and
an automatic search. Its usefulness is demonstrated by applying it to help interpret the effects of
perillyl alcohol, a natural chemotherapeutic agent, on glioblastoma multiform cell lines (A172). We
used a new multi-surfactant shotgun proteomic strategy and identified more than 2600 proteins;
GOEx pinpointed key sets of differentially expressed proteins related to cell cycle, alcohol
catabolism, the Ras pathway, apoptosis, and stress response, to name a few.

Conclusion: GOEx facilitates organism-specific studies by leveraging GO and providing a rich
graphical user interface. It is a simple to use tool, specialized for biologists who wish to analyze
spectral counting data from shotgun proteomics. GOEx is available at http://pcarvalho.com/

patternlab.
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Background

Shotgun proteomics is a strategy capable of identifying
thousands of proteins in complex mixtures. Its methodol-
ogy comprises the pre-digestion of proteins followed by
peptide separation, fragmentation in a mass spectrometer,
and database search [1,2]. Multi-dimensional Protein
Identification Technology (MudPIT) is a shotgun pro-
teomics technique capable of identifying thousands of
proteins in proteolytically digested complex mixtures
[2,3]. MudPIT separates peptides according to two inde-
pendent physicochemical properties using two-dimen-
sional liquid chromatography (LC/LC) online with the
ion source of a mass spectrometer. This separation relies
on columns of strong cation exchange (SCX) and reversed
phase (RP) material, back to back, inside fused silica cap-
illaries. The chromatography proceeds in cycles, each of
which consists of increasing salt concentration to "bump"”
peptides off the SCX followed by a hydrophobic gradient
to progressively elute peptides from the RP into the ion
source. This process identifies mixture components by
tandem mass spectrometry (MS/MS). Relative protein
quantitation can be obtained through tandem mass spec-
tral features (e.g., peptide hits, protein sequence coverage,
spectral counts) [1,3-5]. For example, Liu et al. demon-
strated that the number of tandem mass spectra obtained
for each protein, or "spectral count", linearly correlates
with its abundance in a mixture by two orders of magni-
tude [6]. Currently, spectral counting is a widely adopted
approach to characterize different states of biological sys-
tems according to protein expression differences.

Acquiring a holistic understanding over a large set of pro-
teins is not a simple task, but first insights can be obtained
by searching the Gene Ontology (GO) [7] annotations for
over-represented terms. GO is a standard for functional
annotation and consists of structured and controlled
vocabularies to classify terms into the following root cate-
gories (namespaces): molecular function, biological proc-
esses, and cellular components. Its structure follows that
of a directed acyclic graph (DAG); each term is a more spe-
cific child of one or more parents (i.e., directed edges
point in the direction of increasing specificity). In this
way, a convention named true path rule states that when-
ever a gene is annotated with a term, it is also implicitly
annotated with all (less specific) ancestors of that term.

Currently, there are several GO-based tools; some exam-
ples are: DAVID [8], GOMiner [9], and GoFish [10]. We
refer the reader to http://www.geneontology.or

GO.tools.shtml for a more comprehensive listing. Even
though such tools are frequently used to analyze microar-
ray data, the ones specific for proteomics amount to very
few [11]. Moreover, most existing GO-based tools for pro-
teomics overlook expression fold changes and, as far as we
know, are not specialized in directly handling data from
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differential proteomic spectral counting experiments. One
exception with relation to the use of fold changes is GESA
(Gene Enrichment Analysis) [12], which ranks genes
according to expression quantitation data and then corre-
lates them to search for enriched GO terms. However, lim-
iting the search to enriched terms can hide very subtle
results elucidated by individual proteins. In this respect,
we note that GOEx provides several exploratory methods
that are not bound to finding terms that are necessarily
enriched but could be related even to one single protein.

In this work we present a new GO-based tool, named GO
Explorer (GOEx), which is optimized to work with spec-
tral counting data from shotgun proteomics. This is
achieved, in part, because GOEx is natively integrated into
the PatternLab for Proteomics project [13] so it leverages
existing parsers, data normalization, and feature selection
algorithms designed to work with spectral counts. GOEx
allows one to explore data using several new approaches
as described in the Implementation section.

We demonstrate GOEx by using proteomic data acquired
from human glioblastoma multiform (GBM) cell lines
(A172) both before and after applying perillyl alcohol
(POH) to their medium. Briefly, POH is a naturally occur-
ring monoterpene found in lavender, cherries, and mint,
and is a promising chemotherapeutic agent. In human
cancer cells, POH has shown cytostatic and cytotoxic
effects [14-16], inducing apoptosis on lung [17], leukemia
[18], prostate [19], and breast [20] cancer cell lines. POH
is also under evaluation in several clinical trials, including
an ongoing phase I comprising GBM patients treated by
intranasal delivery that has shown promising results [21].

Experimental: preparation of the A172-POH
dataset

Materials

Invitrosol™ and RapiGest™ SF acid-labile surfactant were
purchased from Invitrogen (Carlsbad, CA) and Waters
Corp. (Milford, MA), respectively. PPS Slient surfactant
was provided by Dr. Norris from Protein Discovery, Inc.
(Knoxville, TN). The proteases endoproteinase Lys-C and
trypsin (modified, sequencing grade) were obtained from
Roche. Human malignant glioma cells (A172) were
obtained from the American Type Culture Collection.
POH and other laboratory reagents were purchased from
Sigma-Aldrich (St. Louis, MO), unless noted otherwise.

Cell culture and POH treatment

The A172 cells were grown as monolayers in 25 cm? tissue
culture flasks in Dulbecco's modified Eagle medium sup-
plemented with 0.2 mM non-essential amino acids, 10%
fetal calf serum, penicillin (60 xg/mL), streptomycin (100
ug/mL), and amphotericin B (fungizone, 2.5 mg/mL). For
sub-cultivations, confluent monolayers were gently
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washed with phosphate-buffered saline (PBS 1x) pH 7.2,
and after short trypsinization the cells were suspended in
culture medium. Three subcultures were treated with 1.8
mM POH (Sigma-Aldrich, 96%) during 1.5 h and three
other subcultures received no POH treatment; the cellular
morphology analyzed by an optical phase-contrast micro-
scope (Zeiss Axioplan, Thornwood, NY) and the cells were
photographed. The medium from all cultures was dis-
carded and the cells were rinsed twice with PBS (1x). The
cells were detached from the flask by exposing them dur-
ing 2 min in a solution of 0.25% trypsin-EDTA (1x). Then
the cells were re-suspended in the medium and a pellet
was obtained by centrifugation during 10 min at 500 RCF.
This procedure was performed three times. Proteins were
extracted from the cell pellets using the total protein
extraction kit from Biochain (Hayward, CA) according to
manufacturer's instructions.

Protein solubilization with MS-compatible detergents and
trypsin digestion

Each protein pellet was re-suspended, independently,
with one of the following MS-compatible detergents: 5 xL
of Invitrosol (5x stock), RapiGest SF (1% stock), or 10 uL
of PPS (1% stock). We recall that these detergents are
called MS-compatible because they do not interfere with
the mass spectral acquisition, increase proteolytic effi-
ciency, and peptide and protein identifications in com-
plex protein mixtures analyzed by shotgun proteomics
[22]. The concentration of each detergent used in this
study was determined based on the maximum recom-
mended concentration suggested by the manufacturers.
Then the proteins were incubated at 60°C for 5 min and
completed with solvent (PPS reconstituted in the same
buffer, RapiGest reconstituted in 50 mM ammonium
bicarbonate, Invitrosol is already sold in solution) to a 50
4L final volume. All samples were sonicated for 2 h in a
water bath and digested with trypsin (1:50) for 16 h at
37°C.

Post-digestion

Following digestion, all reactions were acidified with 90%
(v/v) formic acid (2% final) to stop the proteolysis. Sam-
ples with RapiGest SF and PPS were acidified and incu-
bated at 37°C for additional 4 h to facilitate the hydrolysis
of the detergents. Then samples were centrifuged for 30
min at 14,000 rpm to remove insoluble material. The sol-
uble peptide mixtures were collected, dried by a Speed
Vac, reconstituted in 10 L of buffer A (95% H,O (v/v),
5% acetonitrile (v/v), and 0.1% formic acid (v/v)), and
analyzed by MudPIT[1].

Protein identification by MudPIT

Approximately 70 ug of the digested peptide mixture were
loaded onto a biphasic (strong cation exchange/reversed
phase) capillary column and washed with a buffer con-
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taining 5% acetonitrile, 0.1% formic acid diluted in HPLC
grade water. The two-dimensional liquid chromatography
separation and tandem mass spectrometry conditions
were as described by Washburn et al. [1]. The flow rate at
the tip of the biphasic column was 300 nL,/min when the
mobile phase composition was 95% H,0O, 5% ace-
tonitrile, and 0.1% formic acid. The ion trap mass spec-
trometer, Finnigan LCQ Deca XP (Thermo Finnigan, San
Jose, CA), was set to the data-dependent acquisition mode
with dynamic exclusion turned on. One MS survey scan
was followed by four MS/MS scans and 12 salt steps were
performed. Mass spectrometer scan functions and HPLC
solvent gradients were controlled by the Xcalibur data sys-
tem (Thermo Finnigan, San Jose, CA).

Tandem mass spectra were extracted from the raw files,
and a binary classifier, previously trained on a manually
validated dataset, was used to remove the low-quality MS/
MS spectra [23]. The remaining spectra were searched
against the Homo sapiens protein plus common contami-
nant proteins; all sequences were downloaded as FASTA-
formatted from the EBI-IPI protein database (database
version 3.23, released on November 2, 2006) [24]. To cal-
culate confidence levels and false-positive rates, a decoy
database that contained the reverse sequences of the orig-
inal dataset appended to the target database was used
[25], and the best matching sequences from the combined
database were indicated by SEQUEST [26]. The searches
were done on a cluster of Intel Xeon 80 processors run-
ning the Linux operating system. The peptide mass search
tolerance was set to 3 Da. No differential modifications
were considered. For the aqueous digestion, the mass of
the amino acid cysteine was statically modified by +57 Da
due to the carboxyamidomethylation of the sample. No
enzymatic cleavage conditions were imposed on the data-
base search, so the search space included all candidate
peptides whose theoretical mass fell within the 3 Da mass
tolerance window, regardless of their tryptic status.

The validity of peptide/spectrum matches was assessed in
DTASelect 2 [27] according to the SEQUEST cross-correla-
tion score (XCorr) and the SEQUEST normalized differ-
ence in cross-correlation score (DeltaCN). The search
results were grouped by charge state (+1, +2, and +3) and
tryptic status (fully tryptic, half-tryptic, and non-tryptic),
resulting in 9 distinct subgroups. In each of the sub-
groups, the distribution of XCorr and DeltaCN values for
the direct and decoy database hits was obtained, and the
two subsets were separated by quadratic discriminant
analysis. Outlier points in the two distributions (for
example, matches with very low XCorr but very high Del-
taCN) were discarded. Full separation of the direct and
decoy subsets is not generally possible; therefore, the dis-
criminant score was set such that a false-discovery rate of
5% was determined based on the number of accepted
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decoy database peptides. This procedure was independ-
ently performed on each data subset, resulting in a false-
positive rate independent of tryptic status or charge state.
In addition, a minimum sequence length of 7 amino-acid
residues was required, and each protein on the list was
supported by at least two peptide identifications unless
specified otherwise. These additional requirements, espe-
cially the latter, resulted in the elimination of most decoy
database and false-positive hits, as these tended to be
overwhelmingly present as proteins identified by single
peptide matches. After this last filtering step, the estimated
false-discovery rate was reduced to below 1%.

Selecting differentially expressed proteins with
PatternLab's ACFold

ACFold is part of the PatternLab for Proteomics project
[13] and considers information from protein fold
changes, the AC test [28], and a false-discovery rate (FDR)
estimator [29] to pinpoint differentially expressed pro-
teins. We recall that the AC test can be used to calculate
the conditional probability of finding a spectral count of
x, in biological state 2 given that a spectral count of x, was
observed in biological state 1. The ACFold method was
chosen because it is designed to search for differential pro-
tein patterns in shotgun proteomic data and can be
applied even if the assays are not technical replicates, as in
our multi-surfactant shotgun proteomic approach
[13,22].

ACFold is effective because drawing conclusions using
only a fold change cutoff can shadow information from
low-level protein changes that might be important. To
account for such, ACFold relies on the AC test to fish out
proteins that, despite not having achieved a theoretical
optimal fold-cutoff, do nevertheless exhibit a difference in
spectral counts between states that is statistically signifi-
cant. Such proteins are put in evidence to be re-considered
in the final analysis or for further experimental validation.

We refer to Figure 1 to illustrate the output of PatternLab's
ACFold graphical user interface and also further details of
an ACFold analysis. We also remark that, additionally,
PatternLab incorporates the TFold method, in which the t-
test substitutes for the AC test, for use when 3 or more rep-
licate readings for each state are available.

In this work, PatternLab's parser was used to convert the
DTASelect files from all MudPIT assays into the unified
PatternLab format before loading them to the ACFold
tool. An FDR g-value of 0.1 and an AC test p-value of 0.05
were specified. The Row Sigma normalization [13] was
chosen for computing the fold changes. The fold change
cutoff of 2.5 was empirically specified so as to maximize
the number of proteins that satisfy both the FDR and the
AC test criteria. We note that higher fold change cutoffs
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reduce the number of verified hypotheses, usually increas-
ing (decreasing) the number of proteins approved by the
FDR (AC test). Finally, a report listing the proteins that
satisfied all criteria (ACFoldReport) was exported to text
format. This report is also the input to the GOEx analysis.
We refer the reader to Figure 1 to illustrate PatternLab's
ACFold graphical user interface output of the identified
proteins' distribution.

Implementation

GO Explorer

GOEx was coded using C# 3.5 and carried a graphical user
interface for improved user experience. GOEx requires the
downloading of two files: the latest GO ontology (OBO
v.1.2 format), freely available at http://www.geneontol
ogy.org/GO.downloads.ontology.shtml, and the GOA
(gene ontology annotation) association file containing
the non-redundant, species-specific annotation, freely
available at http://www.ebi.ac.uk/GOA/goaHelp.html.
The latter is necessary to convert the IPI's (international
protein indexes), obtained during protein identification,
into the GO terms. In this work, we used the
gene_ontology_edit.obo (Feb. 08, 2008) and the
gene_association.goa_human (Feb. 03, 2008) files. From
then on, GOEx parses both files and performs various pre-
computations (e.g., mapping all terms descending from a
specific term) and associations to speed up the user's expe-
rience when analyzing data. All information is then com-
pacted into a binary representation, in a process known as
serialization, and saved to disk for quick retrieval during a
future use.

Finally, the GOEx panel is unlocked and the GO root
terms are listed in the interactive directed acyclic graph
(iDAG) interface. The user can then load a report of the
differentially expressed proteins (e.g., ACFoldReport) to
be analyzed in any of the GOEx study modes: iDAG-
driven, specialist-driven, and automatically driven. For
convenience, henceforth we refer to the proteins reported
in the ACFoldReport as "reported proteins”.

Calculating the over-representation p-value

First the accession number listed in the "reported pro-
teins" file are converted into their equivalent GO terms.
This conversion entails a mapping that can occur at differ-
ent levels of the GO hierarchy (not only at the leaves) and
sometimes a protein can be mapped onto more than one
GO term. While the conversion takes place, tags are main-
tained for each term indicating which proteins were
mapped onto it.

The over-representation p-value of term termed as S rela-
tive to the namespace of source (least specific term) G is
computed as follows. Let g denote the total number of GO
terms in the namespace of source G and let s - 1 be the
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Fold change vs AC test probability plot
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Fold change versus AC test probability plot. This plot was obtained using PatternLab's ACFold algorithm and displays the
results obtained with the multi-surfactant shotgun proteomic approach when comparing the Al172 cell lines before and after
the treatment with perillyl alcohol. Each protein (represented as a dot) was mapped according to its log,(fold change) on the
ordinate (y) axis and -log,(1-(AC test p-value)) on the abscissa (x) axis. A total of 104 proteins (blue dots) were selected as dif-
ferentially expressed because they satisfied both the AC test and the FDR g-value specified cutoffs. 23 proteins (orange dots)
did not meet the fold change cutoff but were indicated as statistically differentially expressed, therefore deserving further anal-
ysis. 267 proteins (green dots) met the fold change cutoff, but the AC test indicated that this happened by chance. 2293 pro-
teins (red dots) were pinpointed as not differentially expressed between classes because they failed both the AC test and the
fold change cutoffs. The number of dots does not match the number of identified proteins due to the many overlaps.

number of GO terms that descend from S-thus s includes
S itself and its descent. The overrepresentation p-value of
S must be computed so as to reflect the distinct proteins
that were mapped onto the s terms. Counting the number
of such proteins from the tags maintained during the
mapping process is not enough because, in principle, the
result may amount to more than s. Letting ¢(S) be this
number of distinct proteins, the count we actually use is
then k = min{s, ¢(S)}. The probability of observing these
k distinct proteins for a randomly selected S can now be
estimated by the hypergeometric distribution: if X is the
corresponding random variable, then

t Y gt
s—k

k
g ’
s
where t = min{g, ¢(G)}, following the same reasoning that
led to the definition of k. This given, we express the over-
representation p-value of term S as the probability of

observing k or more distinct proteins mapped onto the s
terms, that is,

P(X=k)=
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Clearly, the lower this p-value the greater the probability
mass that lies strictly below k.

Data Analysis

a) The GOEx iDAG-driven mode

This strategy is designed to help guide one's biological
questions by leveraging the GO through the iDAG cou-
pled with graphing tools. By clicking on an iDAG term, its
child terms appear listed below it; for each child, its over-
representation p-value (described above) and the sum of
the protein fold changes reported for it are computed.
Terms having no relation to the reported proteins are
automatically deleted to keep the biological questions on
track. A "distribution pie chart" (Figure 2A) and a "fold
change versus over-representation plot" (Figure 2B) of the
displayed iDAG leaf terms are presented. A report table
discriminating all calculations and the reported proteins
related to each term is also made available. All this infor-
mation can aid in choosing which term to explore next, if
any, thus helping drive one's biological questions. In gen-
eral, terms having low p-values and/or high-magnitude
fold changes are good candidates, but there are important
exceptions. For example, while exploring for putative
molecular functions of our reported proteins, we noted
that the "molecular transducer activity" GO term pre-
sented a significant fold change (fold = 12) but was not sta-
tistically over-represented (p = 0.97). Even so, by further
expanding it and examining its child terms, GOEx
revealed the "G-protein coupled receptor activity" term
(fold = -8, p = 0.89) to be associated with our reported pro-
teins, which is only as expected according to previous
work related to the effects of POH on tumor cells [21].
This example illustrates that it is possible to draw the
important conclusions from fold change data only. GO
tools, however, tend to overlook this, being generally lim-
ited to taking into account over-representation p-values
exclusively.

b) The GOEx specialist-driven mode

This mode allows an expert to pose questions and retrieve
answers in the light of the GO and the reported proteins.
For example, it is known that the Ras signaling pathway
has a key role in the pathogenesis of GBM by acting as a
primary switch that mediates external signals to numer-
ous intracellular signaling pathways [30]. It is also known
that POH affects the levels of Ras-related proteins and Ras
isoprenylation, thereby altering cellular physiology [31].
Entering the key word "Ras" to the search facility of the

http://www.proteomesci.com/content/7/1/6

GOEx specialist-driven mode produced, in a log file, a list
of all GO terms containing the key word in their names or
descriptions. Terms related to the reported proteins
(either through fold change or over-representation) were
analyzed, plotted, and added to the report table. The
result pointed to the "Ras protein signal transduction”
term as being related to our dataset despite not quite qual-
ifying as statistically over-represented (p = 0.06 against a
p-value cutoff of 0.05). This example indicates that, even
though a term's over-representation may not be indisput-
ably significant (and thus the term might not be detected
during an automatic search, as in most GO tools), that
term may nevertheless embody the correct answer. In the
case at hand, the literature gives plenty of supporting evi-
dence to corroborate the hypothesis of alterations in the
Ras pathway. This is further addressed in the Results and
discussion section.

¢) The GOEx automatic mode

The automatic mode (search all) performs an extensive
analysis by searching for relations between the reported
proteins and each and every GO term. This method
requires the user to specify the desired minimum number
of proteins related to a GO term, a minimum GO depth,
and an over-representation p-value and optionally a false-
discovery rate [29]) cutoff. We define GO depth as the
shortest path from a term to its root. From then on, GOEx
will evaluate all GO terms. The ones bearing relation to
the reported proteins will be listed in the report table
(described in section d) and plotted in the "distribution
pie chart" and "fold change versus over-representation
plot". This mode is optimized for multi-core processors
and relies on concurrent computation to speed up its task.

d) The GOEx report table

All GOEx query methods provide the already mentioned
complementary report table that can be dynamically
sorted according to convenience. The table headers
include: GO ID, Term Name, Namespace, Absolute Fold
Change, Fold Change, HypeGeo P, Study Set, Population,
Identified in Study Set, Identified in Population, Proteins
IPI's and Folds, GO depth, and Description. GO ID and
Term Name specifies the unique GO identifier and its
name as given in the GO. Namespace points to which GO
namespace the selected term belongs to (molecular func-
tion, cellular component, or biological process). Absolute
Fold Change is the sum of the absolute values of the fold
changes of all proteins mapped onto a given GO term.
Similarly, Fold Change is the sum all their fold change val-
ues. Current gene ontology tools usually do not report
fold change information. HypeGeo P is an abbreviation
for the term's over-representation p-value. Study Set refers
to all the terms that descend from a given term. Popula-
tion stands for all the terms contained within the specified
term's namespace. Identified Proteins indicates how
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Figure 2

The GOEXx graphical user interface. A) A pie chart showing the distribution of the identified proteins as mapped onto
selected cellular component GO terms is displayed on the right. The level of specificity was chosen according to the iDAG in
the left panel. B) The GO terms related to the iDAG terms specified on the left are plotted according to the overrepresenta-
tion p-value and absolute fold change calculated for them from the identified proteins. The mouse is currently hovering over
one term and its GO description is provided in a balloon. A detailed report table can be accessed by clicking on the Graph
Data tab. C) Detailed information on the displayed results can be accessed by clicking on the Graph data tab. The table can be
dynamically sorted by clicking on the column of interest. A detailed description of each column is addressed in The GOEx
report table section. D) The automatic search pop-up window appears when one clicks on the Search all button in the main
interface. The user can then select several stringency values to search for statistically overrepresented terms.

many of the proteins discriminated in the ACFoldReport
were mapped onto the specified term. Proteins IPI's and
Folds discriminates all the proteins, and respective fold
changes, mapped onto the selected term. Finally, Descrip-
tion refers to the term's GO description.

Results and discussion
We refer the reader to Figure 3 for an illustration of the
main steps that led to the results we now present.

Protein identification by the multi-surfactant shotgun
proteomic approach

Protein solubility varies in different buffers and in the
presence of different types of detergents. Therefore, pro-
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Figure 3

Workflow. Key steps in the workflow, ranging from the
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tein solubilization by different MS-compatible detergents
can provide complementary data [22]. In this way, our
multi-surfactant proteomic approach can potentially
cover a larger portion of the proteome than the traditional
technical replicate approach, and improve the GO analy-
sis [22]. Our proteomic methodology identified a total of
2687 proteins during all six MudPIT runs and PatternLab's
ACFold selected 104 of them as differentially expressed.
An additional 23 proteins that did not satisfy our fold cut-
off but had a very low AC test p-value (the ACFold orange
group) were independently evaluated and included in our
list.

As far as we know, our A172-POH dataset is the largest
one concerning GBM A172 cells. Such repository, together
with the DTASelect files and the reported differentially
expressed proteins, is available for download at the Pat-
ternLab for Proteomics project website and can be a valu-
able source to test future GO approaches. Taken together,
the proteins identified in the present study can also pro-
vide important fundamental information about the cellu-
lar response to POH treatment.

The GOEXx specialist mode results

The "Ras protein signal transduction” term was linked to
two proteins: transforming protein RhoA (IP100478231)
and  Rho-related = GTP-binding  protein ~ RhoB
(IPI00000041). RhoA is involved in regulating the signal
transduction pathway between the plasma membrane
receptors for the assembly of focal adhesions and actin
stress fibers. Yan and collaborators have reported RhoA's
expression to positively correlate with the degree of malig-
nancy in astrocytomas and that its expression is increased
in various neoplasias. The authors also suggest important
implications of RhoA in both the clinical prognosis and
the biology of these neoplasms, and even suggest using it
as a prognostic biomarker [32]. Our results showed a
down-regulation of ~3x for RhoA after the POH treat-
ment, showing POH to be effective as a chemotherapeutic
agent.

RhoB was also down-regulated (~4x) after the POH treat-
ment. RhoB is linked with endothelial cell survival during
angiogenesis and has been hypothesized to have a role in
TNFalpha-induced angiogenesis through the regulation of
Akt activation, being therefore important for tissue repair
during acute inflammatory responses [33]. Thus, the fact
that POH is an angiogenesis inhibitor is in agreement
with our results [34]. Moreover, the authors also report
that inhibiting the farnesylation of RhoB is a strategy for
treatment. Indeed, one of the key effects of POH is to
inhibit the farnesylation of Ras proteins, preventing them
from docking in the plasma membrane and initiating sig-
nal transduction [21].
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The GOEx automatic search result

The GOEx automatic mode can provide complementary
results to the specialist when compared to the iDAG-
driven mode, as exemplified in the Implementation sec-
tion. We performed an automatic search on our dataset
using an FDR of 0.05 and eliminating terms that had each
only one protein assigned to it. The results pointed mostly
to terms related to cell cycle, alcohol catabolism, the Ras
pathway, apoptosis, and stress response. Examples of
terms belonging to the molecular function namespace
and selected as overrepresented include, but are not lim-
ited to: purine nucleotide binding, hydrolase activity-act-
ing on acid anhydrides-in phosphorus-containing
anhydrides, structural molecule activity, and cytoskeletal
protein binding. Similarly, terms belonging to the cellular
component namespace include, but are not limited to:
membrane-bound vesicle, actin filament bundle,
cytoskeletal part, and cytosolic part. Finally, terms from
the biological process namespace include, but are not lim-
ited to: microtubule-based process, actin filament-based
process, regulation of apoptosis, alcohol metabolic proc-
ess, and GTP metabolic process. Indeed, apoptosis,
changes in morphology, and most of the terms listed were
only expected, according to previous work [16,20,21];
microscopy images of the cells can be found in Figure 4.

The GOEx methodology

There are several methods to compute an over-representa-
tion p-value; examples are: the hypergeometric [35], bino-
mial, »2 (chi-square), and Fisher's exact [36] tests; their
differences have been reported not to be dramatic for the
GO overrepresentation problem [37]. Most GO-based
tools are limited to what is equivalent to the GOEx auto-
matic search in terms of limiting the search to finding sta-
tistically over-represented terms. To speed up their
analyses, they usually do not offer over-representation cal-

Figure 4
Microscopy images of the A172 cells. These microscopy images (200%) show the A172 cell line before (A) and after treat-
ment with POH during |.5 h. The cellular morphology changes and the cells become rounder after the POH treatment.

http://www.proteomesci.com/content/7/1/6

culation using the hypergeometric distribution and/or use
GO-slim, a reduced version of GO. However, analyses
according to the latter are restricted to the higher GO lev-
els, which contrast sharply with our approach, which
takes into account all levels and every term. This limita-
tion could lead to missing differences that are detectable
only at more refined levels. With the advent of faster
microprocessors, the time to complete a full GO search
has dramatically decreased, so what was once considered
an issue to worry about has been downshifted. Neverthe-
less, GOEx also takes advantage of the new multi-core
chips to perform concurrent computing to accelerate the
automatic search.

Even though variations on how to find over-represented
terms can be proposed, there is no reference standard on
how to properly measure the gains. So comparisons
between methods are bound, to some extent, to be dis-
puted [38]. GOEx stands out among other methods
because it lies within a complete workflow to analyze
shotgun proteomic experiments that rely on spectral
counting. Most importantly, its reports combine informa-
tion from fold changes with statistics. As we exemplified,
these two types of information are complementary, yet
most existing GO tools do not take this fact into account.
In any given biological phenomenon, different genes are
regulated to different extents. The data providing informa-
tion about differential protein expression can be useful in
assigning different weights to the corresponding biologi-
cal processes involved and aid in inferring which biologi-
cal process is more relevant [37]. Certainly, the greatest
limitation of GOEx, and of all existing GO-based tools as
well, is that GO, the IPI database, and the mappings, all of
which serve as foundations for such tools, are not com-
plete, which evidently affects the results they yield. Such
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limitation is inevitable but tends to become less impor-
tant as these databases are expanded.

In all, GOEx provides several strategies to explore how the
proteins of interest are distributed among GO terms. Dif-
ferently than the automatically driven methods of previ-
ous software, GOEx embodies flexible exploratory tools.
For example, as terms are expanded in the iDAG, child
terms onto which any identified protein is mapped are
kept even if not statistically enriched. This retains terms
that could contain a single protein and yet be crucial for
drawing conclusions. Thus, GOEx's iDAG or specialist
mode can determine both whether GO categories are sta-
tistically over-represented and whether there are signifi-
cant changes for individual proteins.

It seems to be a consensus that web-based tools are more
liable because the researcher can be assured to be using
the software's latest version: maintaining a stand-alone
installation represents one more chore to the user. How-
ever, the GOEx installation has been designed to be
straightforward; in fact, it can be done with one single
click of the mouse. If the application needs upgrades or
detects any missing components, they are automatically
downloaded. Nevertheless, if a major change has been
deployed but the user is unsatisfied, a rollback (restore)
can be done in one single step, differently than the web-
based case, in which one is forced to use the available ver-
sion. In this way, GOEx provides benefits in a locally
installed distribution, besides not forcing the user to share
sensitive data with an unknown and remote server. In
conclusion, GOEx facilitates organism-specific searches
using GO through a rich graphical user interface. It is a
useful, friendly, and simple to use tool, specialized for
biologists who wish to analyze spectral counting data
from shotgun proteomics.

Awvailability and requirements

GOEx is available for download at http://pcarvalho.com/
patternlab and is free for academic use. It was pro-
grammed in C# and requires .NET 3.5 framework (can be
automatically installed) and a windows (VISTA or XP)
personal computer.
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ABSTRACT

Summary: YADA can deisotope and decharge high-resolution
mass spectra from large peptide molecules, link the precursor
monoisotopic peak information to the corresponding tandem mass
spectrum, and account for different co-fragmenting ion species
(multiplexed spectra). We describe how YADA enables a pipeline
consisting of ProLuCID and DTASelect for analyzing large-scale
middle-down proteomics data.

Availability: http://fields.scripps.edu/yada

Contact: paulo@pcarvalho.com

Supplementary information: Supplementary data are available at
Bioinformatics online.

1 INTRODUCTION

High-resolution, high-mass-accuracy (<10p.p.m. error) mass
spectrometry allows highly charged peptide isotopic peaks to
be distinguished from one another, thus enabling the calculation
of their precise charge states and monoisotopic masses. This
is crucial for confident protein identification, especially when
dealing with large molecules, such as the ones usually obtained
from transmembrane protein digests. Other key advantages when
analyzing large molecules include an increased identification
coverage and the possibility of assessing relationships among
multiple modifications in the same molecule (e.g. histone; Chi et al.,
2007). These motivations have given rise to a new proteomics
platform, termed middle-down (MD) proteomics, which focuses
on large molecules usually obtained through proteases other than
trypsin or by modifying the digestion protocols (e.g. short-time
trypsin digests; Forbes et al., 2001).

Traditional protein identification search engines [e.g. SEQUEST
(Eng et al., 1994) and Mascot (Perkins et al., 1999)] cannot take full
advantage of high-resolution mass spectra, especially those of large
molecules, mainly because of three reasons: (i) The specific peak
in an isotopic envelope being selected for fragmentation can have a
significant difference in mass as compared with its monoisotope; this
can lead the search engine astray. (ii) Fragmenting highly charged
precursors results in highly charged daughter ions. If the charge
states of the latter are unknown, all charge state hypotheses should
be considered for protein identification, resulting in a combinatorial

*To whom correspondence should be addressed.

explosion that can burden the search engine severely and decrease
chances of a successful identification. (iii) Approximately 10% of
all tandem spectra from complex mixtures are composed of different
ion species that are co-fragmenting; only one of these ion species is
searched (Carvalho et al., 2009).

In order to overcome these limitations, we introduce YADA, a tool
that can deconvolute (i.e. deisotope and decharge) high-resolution
spectral data of peptide ions having charges up to +18 or masses
up to 20kDa. Because deconvolution entails the assignment of a
charge state and the recalculation of the m/z’s as if the charge were
+1 (decharging), the combinatorial explosion problem mentioned
above is automatically eliminated. YADA can also update the MS2
to reflect the fragmented precursor monoisotopic mass by locating
its corresponding isotopic envelope in the MS1 and replacing its m/z
with the monoisotopic m/z. Accordingly, multiple precursors can be
considered when peaks from different isotopic envelopes are found
within the precursor isolation bounds; this enables the accounting
for multiplexed spectra. As far as we know, no other freely available
deisotoping and decharging tools offer both features.

We describe a freely available pipeline to address large-scale
MD studies consisting of YADA; ProLuCID, a protein identification
search engine that is ready to efficiently handle deconvoluted spectra
(Xu et al., 2006); and DTASelect, which controls and estimates the
false discovery rates (Cociorva et al., 2007). Again, we are aware
of no freely available solution for such in the context of MD. Our
pipeline is evaluated on a short-time trypsin digest of a yeast lysate.
The results are compared with those obtained by replacing YADA
with Xtract (Thermo, San Jose, CA, USA), a software for decharging
based on the THRASH algorithm (Horn er al., 2000), which is
also present in a commercial solution for MD analysis [Thermo’s
ProsightPC v2.0 (Boyne et al., 2009)].

2 ALGORITHM

2.1 Peak filtering

YADA filters noise peaks and peaks that can be eliminated without
compromising isotopic envelope recognition. Filtering increases
speed (by up to 40%), reduces RAM requirements and improves
charge assignment (by ~5%; data not shown). It is accomplished in
two steps, as follows.

The first step eliminates peaks that fall below an intensity
threshold. The threshold can by default be a user-specified hard

© The Author(s) 2009. Published by Oxford University Press.
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cutoff, or else be automatically determined for each spectrum
(recommended for top-down datasets). The latter is accomplished by
treating each mass spectrum as a two-component probability mixture
model. The premises are that the noise peaks have intensities that
follow a normal distribution; and that peptide-derived peaks have
considerably higher intensities which, though to a lesser extent than
the noise peaks, can also be assumed to follow a normal distribution.
Given these, the well-established expectation—-maximization (EM)
algorithm is employed to maximize the likelihood of the observed
intensity histogram under the assumed bimodal normal distribution.
The two EM seeds (starting points) are chosen by sorting the
intensities of all peaks and choosing the ones that, globally, rank
at 10% and 90%. Given the two normal distributions provided by
EM, the threshold is equal to that of the optimal Bayesian classifier.

The second step discards peaks that do not contribute to charge
determination. The premise in this case is that the intensities of peaks
derived from a peptide ion isotope will monotonically increase until
alocal maximum is achieved, at which point they will monotonically
decrease. The algorithm proceeds as follows. Mass spectral peaks are
sorted by increasing m/z and an empty result array is created. Then,
for every peak, if its intensity is greater than that of the previous peak
and the two differ in m/z by less than a given p.p.m. tolerance (e.g.
30 p.p.m.), then the current peak replaces the latest peak included in
the result array; otherwise the peak is simply included in the result
array. Then the spectral peaks are sorted by decreasing m/z and the
process is repeated.

2.2 Detecting and decharging an isotopic envelope

All peaks are candidate seeds for an isotopic envelope. Briefly, for
a given peak, first a peak-finding algorithm is employed to integrate
peak intensities by stepping a distance of 1.0024 divided by a
charge state hypothesis, for several charge state hypotheses (e.g. +1
through +21). Second, only the charge state hypothesis to have found
the greatest number of sequential peaks and having the greatest
accumulated intensity is retained. The observed profile is normalized
to 1 and its dot product with a normalized averagine theoretical
profile for the estimated mass (obtained using a kernel regressor)
is computed. If the dot product is above a given threshold, the
envelope is stored. The candidate envelope is discarded if verified to
be part of an existing envelope of the same charge or one that would
produce an overlapping envelope (e.g. +4 and +2). The algorithm is
not subtractive and is capable of identifying overlapping envelopes.

2.3 Decharging, clustering and accounting for
multiplexed spectra

It is common to observe the same peptide ion species with different
charge states in the same spectrum. After deconvolution, these
peptides yield peaks that are very close (e.g. <0.2Da apart for a
given resolution) to one another. YADA automatically coalesces
them by averaging their masses and summing their intensities.
Also, in complex samples, it is common to have more than one
ion species in the same isolation window to be fragmented when
generating a tandem mass spectrum. YADA uses isotopic envelope
information from the preceding MS1 to assign a monoisotopic
precursor mass to the MS2 spectrum and to consider multiple ion
species within the isolation window bounds (multiplexed spectra).

Table 1. Results

Xtract Y Y with Corr
Number of identified spectra 898 996 1071
Fraction of identified spectra 74 75 1

with non-monoisotopic
precursor assigned (%)

Y stands for YADA, Corr for monoisotopic correction and multiplexing.

3 RESULTS

A 30min trypsin digest of a yeast lysate was analyzed with
a 2h LC-MS run, acquiring one high-resolution MS1 (60000
resolution at 400 m/z) followed by three high-resolution ETD-MS2
scans on the Orbitrap (Makarov, 2000) in data-dependent mode
(10071 spectra). The spectra were extracted using RawExtract
(McDonald et al., 2004) and processed by YADA (with and without
monoisotopic correction and multiplexing), ProLuCID (protein
identification) and DTASelect. The latter ensures a peptide false
discovery rate <1% against a decoy database. An example of a
multiplexed spectrum solved by YADA (Supplementary Fig. S1) and
further details regarding the search parameters and false discovery
rate estimation are presented in the Supplementary Material. For
evaluation purposes, an in-house script was created to use Xtract
to deconvolute the data and replace YADA in our pipeline. The
results are presented in Table 1. YADA turned out to be ~600%
faster than the commercial software during deconvolution (YADA:
6’ 31”; Xtract: 42’ 24”; both on a 1 GHz Athlon with 1 GB RAM).

4 FINAL CONSIDERATIONS

While previous tools (Chen and Yap, 2008; Horn et al., 2000) are
devoted solely to deconvolution, YADA’s hallmark is its ability
to maximize the results of large-scale experiments by quickly
deconvoluting highly charged MD MS2 spectra and accounting for
multiple precursors (multiplexed spectra).

We also note that, although it has been shown that assigning
monoisotopic precursor masses to MS2’s increases protein
identification confidence (Mayampurath et al., 2008), MD poses a
new challenge. This is so because large molecules (>12 kDa) often
have the monoisotopic peak intensity below the detection sensitivity.
Previous strategies have relied only on detected peaks, but YADA
can predict a large molecule’s undetected monoisotopic peak by
considering its three most intense envelope peaks and estimating
the monoisotopic mass according to an averagine model.

We have also described a freely available pipeline for analyzing
high-resolution tandem mass spectra of large peptide molecules. The
pipeline can be used for datasets containing high-resolution MS1 and
MS?2 spectra, or only a high-resolution MS1. In the case of the later,
the MS2 cannot be deconvoluted; however, identification results can
still be improved by assigning monoisotopic masses. The key steps
are listed in Figure 1.

YADA is coded in C# and requires a PC with Windows XP SP2
or later and .NET 3.5. It installs under the directory PatternLab for
proteomics (Carvalho et al., 2008). The windows version can be
downloaded at our web site (http://fields.scripps.edu). A command-
line version (requires MONO; http://mono-project.com), executable
on Windows or Linux, is available upon request.
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Pipeline for middle-cdown proteomic analysis

Rawextract Parsing & peak filtering.

|dentify candidate isotopic
envelopes.

Predict undetected
monoisotopic peaks.

Decharge the spectrum.

Assign monoisotopic precursor

PatternLab for proteomics
Jiagrams, etc ) informationto the MS2.

Fig. 1. The key steps of the proposed pipeline for middle-down proteomic
analysis.

YADA'’s current version is not recommended for the analysis
of isotopically labeled datasets, since in these cases the isotopic
distribution patterns may differ from the theoretically predicted.
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1 Description of the strategy used for false discovery rate estimation

Tandem mass spectra were extracted from the raw files; the spectra were searched against the
yeast protein database plus common contaminant proteins; all sequences were downloaded as FASTA-
formatted from the EBI-IPI protein database. To calculate confidence levels and false-positive rates, a
decoy database that contained the reverse sequences of the original dataset appended to the target
database was used (Peng et al., 2003), and the best matching sequences from the combined database
were indicated by ProLuCID. The searches were done on a cluster of Intel Xeon 80 processors running
the Linux operating system. The peptide mass search tolerance was set to 3 Da. No differential
modifications were considered. For the aqueous digestion, the mass of the amino acid cysteine was
statically modified by +57 Da due to the carboxyamidomethylation of the sample. No enzymatic
cleavage conditions were imposed on the database search, so the search space included all candidate
peptides whose theoretical mass fell within the 3 Da mass tolerance window, regardless of their tryptic
status.

The validity of peptide / spectrum matches was assessed in DTASelect 2 (Tabb et al., 2002)
according to the ProLuCID cross-correlation score (XCorr) and the ProLuCID normalized difference in
cross-correlation score (DeltaCN). The search results were grouped by charge state (+1, +2, ..., +21) and
tryptic status (fully tryptic, half-tryptic, and non-tryptic), resulting in distinct subgroups. In each of the
subgroups, the distribution of XCorr and DeltaCN values for the direct and decoy database hits was
obtained, and the two subsets were separated by quadratic discriminant analysis. Outlier points in the
two distributions (for example, matches with very low XCorr but very high DeltaCN) were discarded. Full
separation of the direct and decoy subsets is not generally possible; therefore, the discriminant score
was set such that a false-discovery rate of 1% was determined based on the number of accepted decoy
database peptides. This procedure was independently performed on each data subset, resulting in a
false-positive rate independent of tryptic status or charge state. In addition, a minimum sequence length
of 7 amino-acid residues was required, and each protein on the list was supported by at least two
peptide identifications. These additional requirements, especially the latter, resulted in the elimination
of most decoy database and false-positive hits, as these tended to be overwhelmingly present as
proteins identified by single peptide matches. After this last filtering step, the estimated false-discovery
rate was reduced to below 1%.
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Figure S1: The top panel shows a zoomed-in viewaafegion of an MS1 spectrum containing
overlapping isotopic envelopes. The two lower pgsbow the corresponding tandem mass spectra. As
can be noted, two distinct peptides were configad#ntified with high ZScore’s, as shown in red.
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SUMMARY: XDIA is a computational strategy for analyzing multiplexed spectra acquired using electron transfer
dissociation and collision-activated dissociation; it significantly increases identified spectra (approximately 250%) and
unique peptides (approximately 30%) when compared with the data-dependent ETCaD analysis on middle-down,
single-phase shotgun proteomic analysis. Increasing identified spectra and peptides improves quantitation statistics
confidence and protein coverage, respectively. AVAILABILITY: The software and data produced in this work are freely
available for academic use at http://fields.scripps.edu/XDIA CONTACT: paulo@pcarvalho.com SUPPLEMENTARY
INFORMATION: Supplementary data are available at Bioinformatics online.
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