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O código do enovelamento, ou seja, as regras através das quais a estrutura tridimen-

sional de uma proteína está codificada em sua sequência de aminoácidos, permanece uma

das grandes questões ainda não resolvidas no problema do enovelamento proteico. Neste

trabalho buscamos contribuir para a compreensão do código do enovelamento partindo

da hipótese de que os enterramentos atômicos, definidos como a distância dos átomos até

o centro geométrico da estrutura, são o fator preponderante na codificação da estrutura

terciária na sequência primária de uma proteína.

Na primeira parte deste trabalho, através de simulações de dinâmica molecular

particularmente desenvolvidas para o estudo dos enterramentos atômicos, caracterizamos

um conjunto de proteínas em termos da resolução mínima necessária para a descrição

de suas conformações nativas através de potenciais derivados de enterramentos atômicos

discretizados em camadas equiprováveis. Obtivemos um valor de 3 a 4 camadas de enterra-

mento necessária para a descrição de algumas cadeias pequenas (de até 66 resíduos) e 4 a 5

camadas para cadeias médias (113 e 104 resíduos). Estes resultados mostram também que

esta divisão em camadas equiprováveis (mesmo número de átomos por camada) implica

que o número de camadas requeridas na descrição da estrutura terciária de uma proteína

cresce com o seu tamanho.
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Estimamos também a redundância da informação estrutural presente nas sequências

de enterramentos divididos desta forma, através da capacidade das estruturas de enovelarem

e se manterem estáveis ao fornecermos potenciais de enterramento errados. Estimamos

uma redundância de 75% a 80% para as proteínas analisadas, o que deve ser uma medida

também da proporção da informação estrutural que precisa ser efetivamente codificada na

sequência na forma de enterramentos atômicos.

Na segunda parte do trabalho propomos uma nova representação de enterramen-

tos atômicos baseada em tecnologias de codificação de sinais amplamente utilizadas na

indústria, a qual chamamos de representação diferencial dos enterramentos atômicos. Aqui

utilizamos ao invés de camadas as diferenças de enterramento entre átomos ou resíduos

adjacentes na cadeia, o que permite uma maior resolução nos sinais de enterramento, com

o uso de apenas 2 ou 3 símbolos no alfabeto da representação. Mostramos que é possível

realizar predições estruturais utilizando a representação diferencial e apresentamos também

um método de otimização por Monte Carlo dos sinais obtidos que permite combinar as

diferentes representações de enterramento apresentadas neste trabalho.
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The protein folding code, that is, the rules through which the three-dimensional

structure of a protein is encoded in its amino acid sequence, remains one of the largely

unanswered questions in the protein folding problem. In the present work we seek to

contribute to the understanding of the folding code, from the hypothesis that atomic

burials, defined as the distance between atoms and the structural geometric center, are

the ruling factor in encoding a protein’s tertiary structure in its primary sequence.

In the first part of this work, through a molecular dynamics methodology particularly

developed for studying atomic burials, we characterize a set of proteins in terms of the

minimal required resolution to describe their native conformations with folding potentials

obtained from atomic burials represented as equiprobable layers of burials. We have found

the value of 3 to 4 layers of burials required for the description of the smaller protein

chains (up to 66 residues) and 4 to 5 layers for the medium sized chains (113 and 104

residues). These results also show that such equiprobable layer (same number of atoms per

layer) representation implies that the amount of layers required to describe the tertiary

structure of a protein chain increases with its size.

We also estimate the structural information redundancy present in the burial

sequences divided in this way, by evaluating the structure’s ability to fold and to remain
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folded as we provide increasing fractions of incorrect burial potentials. We estimate

the redundancy to be 75% to 80% for the evaluated proteins, which should also be a

measurement of the proportion of structural information which must be effectively encoded

in the primary sequence in the form of atomic burials.

In the second part of this work we propose a new representation scheme for atomic

burials, based on signal encoding technologies widely used in telecommunications industry,

which we call the differential atomic burial representation. Here, instead of layers, we

use burial differences between adjacent atoms or residues in a chain, which allows for a

greater resolution in the recovered burial signals while only requiring 2 or 3 symbols in

the representation’s alphabet. We show that it is possible to make structural predictions

from sequence using the differential atomic burial representation and we also present a

Monte Carlo optimization method for the obtained signals, which allows us to combine

the various burial representation schemes available in this work.
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Capítulo 1

Introdução

1.1 O enovelamento proteico

As proteínas são macromoléculas biológicas que estão envolvidas na grande maioria

dos processos celulares, exercendo papéis que vão desde funções estruturais e de transporte

de moléculas até a catálise enzimática e controle de vias metabólicas. Para que possam

desempenhar adequadamente sua função as proteínas devem passar pelo processo de

enovelamento, processo através do qual uma proteína adquire uma conformação estável,

bem definida e biologicamente ativa, denominada de estrutura nativa. Devido a sua

ubiquidade e versatilidade, e visto que a função das proteínas está atrelada ao enovelamento,

o seu estudo apresenta grande interesse e potencial aplicação em diferentes áreas como na

biotecnologia, na agropecuária, na medicina e na indústria (1, 2).

Se por um lado temos que a função de uma proteína é determinada pela estrutura,

por outro temos que a estrutura de uma proteína é determinada pela sua sequência de

aminoácidos e a informação referente às sequências proteicas é codificada, armazenada

e transmitida geneticamente através de sequências de ácidos nucleicos. Watson; Crick

(3) propuseram a estrutura helicoidal da dupla fita de DNA, estabilizada por ligações de

hidrogênio entre os pares de nucleotídeos que a compõem: adenina com timina e guanina

com citosina. Através desse trabalho elucidou-se o pareamento das bases complementares,

que é um fator preponderante na formação da estrutura tridimensional do RNA e consiste

no mecanismo central dos processos de transcrição e tradução do DNA durante a síntese

proteica: a partir de uma cadeia de DNA é sintetizada diretamente, por pareamento de

1



2 CAPÍTULO 1. INTRODUÇÃO

bases, uma fita de RNA mensageiro (transcrição). Esta, por sua vez, é traduzida em

uma sequência de aminoácidos segundo um conjunto de regras conhecidas como código

genético (4) que mapeiam as trincas de nucleotídeos (códons) presentes no RNA mensageiro

nos aminoácidos que serão incluídos na cadeia proteica. Portanto, a física envolvida no

pareamento consiste na formação de ligações de hidrogênio entre purinas e pirimidinas

estabelecendo uma complementaridade entre as bases nitrogenadas que, quando associada

ao código genético permite, a determinação tanto do RNA transcrito quanto da sequência

proteica resultantes dos processos de transcrição e tradução puramente a partir da sequência

de DNA.

Neste contexto, passou-se a buscar também uma melhor compreensão dos mecanis-

mos envolvidos na determinação de estruturas proteicas e sua relação com as sequências

de aminoácidos. Os estudos acerca de estruturas proteicas remontam à década de 1950

com a resolução das primeiras estruturas cristalinas de proteínas globulares realizadas

por Kendrew et al. (5). Estes autores determinaram a conformação tridimensional da

mioglobina observando que, apesar da baixa resolução, tratava-se de um arranjo molecular

assimétrico e irregular, com grande teor de complexidade; resultados subsequentes (6,

7) permitiram análises mais detalhadas que vieram a corroborar também os modelos de

estrutura secundária propostos por Pauling; Corey; Branson (8). Esses estudos pioneiros

levantaram as principais questões sobre os princípios físicos subjacentes ao enovelamento

proteico, muitas das quais permanecem amplamente não resolvidas e têm sido citadas

como um dos temas científicos de maior importância na atualidade (9–11).

Um experimento particularmente relevante foi realizado por Anfinsen et al. (12),

no qual efetuou-se a completa desnaturação e redução das quatro pontes dissulfeto da

ribonuclease através de ureia e β-mercaptoetanol. Mostrou-se então que assim que esses

agentes desnaturante e redutor eram removidos do meio, a proteína tinha a capacidade

de recuperar sua atividade biológica. Uma vez que a atividade biológica está associada

à conformação nativa, o experimento, que foi posteriormente reproduzido para cadeias

peptídicas não sujeitas a modificações pós-traducionais intensas (13), evidenciou a es-

pontaneidade e reversibilidade do enovelamento para o estado nativo nessas proteínas.

Estes estudos constituíram a base do que posteriormente seria formulado como a hipótese

termodinâmica do enovelamento proteico (14), sugerindo que a conformação nativa

de uma proteína dentro de seu contexto fisiológico é inteiramente determinada por sua
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estrutura primária, tanto na forma de interações intramoleculares quanto de interações

com o solvente, que levam ao estado de menor energia livre de Gibbs dentro do espaço de

conformações disponível (13).

Em contrapartida, no ano de 1969 Levinthal (15) argumentou que uma cadeia

polipeptídica desnaturada não poderia se enovelar de forma aleatória dado o elevado grau

de liberdade existente na cadeia, ou seja, o tempo necessário para que ela encontrasse a

conformação de menor energia livre dentro do imenso espaço de conformações disponível

seria incompatível com a vida. No cenário mais otimista, onde cada resíduo pudesse ser

classificado como “correto” ou “errado” do ponto de vista conformacional, uma cadeia de

100 resíduos de aminoácidos precisaria explorar em média 2100 estados. Isto se traduz em um

tempo da ordem de 1010 anos para encontrar o estado nativo de forma aleatória, assumindo-

se uma duração de 1 picossegundo em cada conformação (13, 16). Esta suposta contradição

com a hipótese termodinâmica do mínimo de energia livre global ficou posteriormente

conhecida como o “paradoxo” de Levinthal (16, 17). Uma proposta de solução foi a

hipótese cinética do enovelamento proteico, segundo a qual a estrutura nativa de um

polipeptídio não seria determinada pela estabilidade, mas sim pela cinética do enovelamento,

onde o espaço de busca conformacional estaria confinado a uma via rápida de enovelamento

regida por restrições físicas locais. Ao final dela o estado nativo apareceria como um

mínimo de energia livre não necessariamente global (13, 18).

A dicotomia entre as hipóteses termodinâmica e cinética do enovelamento deu

margem à elaboração de modelos matemáticos desenvolvidos com o intuito de se avaliar os

possíveis perfis de energia associados ao processo. Dill (16) e Zwanzig; Szabo; Bagchi (17)

propuseram que a busca em todo o espaço conformacional não é relevante para se atingir o

mínimo global de energia quando consideramos um viés energético adverso à exploração de

configurações localmente desfavoráveis ao longo do enovelamento, o que permite o acesso ao

estado de menor energia em tempo hábil e implica que as barreiras cinéticas estão impostas

apenas sobre um espaço pequeno de conformações similares. Com isto estabeleceu-se as

bases da noção de paisagem de energia e de que o enovelamento é governando por um funil

energético (19), onde cada cadeia de uma população desenovelada corresponde a uma

conformação desnaturada diferente que se enovela através de mudanças conformacionais

entre estados geometricamente semelhantes que diminuem gradualmente a sua energia

livre até que se atinja o mínimo global,correspondente à estrutura nativa. Posteriormente,
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alterações foram propostas ao modelo, alterando sua forma para um funil “enrugado”

que melhor representa as armadilhas cinéticas presentes no espaço conformacional (13,

18, 20). A teoria do funil de energia uniu as hipóteses termodinâmica e cinética em um

arcabouço comum e permanece amplamente aceita como uma das representações que

melhor descrevem o processo do enovelamento proteico (10, 11).

1.2 Simulações computacionais de enovelamento

Historicamente, o estudo do enovelamento proteico andou em paralelo com o advento

de metodologias computacionais propostas para a investigação deste problema. Os primeiros

modelos de simulação computacional consistiram em representações simples, mas que

visavam modelar realisticamente a cadeia de resíduos de aminoácidos. Levitt; Warshel (21),

que receberam o prêmio Nobel em 2013, publicaram a primeira simulação computacional

de enovelamento, na qual utilizou-se uma representação da cadeia polipeptídica onde cada

resíduo de aminoácido correspondia a um par de esferas conectadas, uma para o Cα e

outra para o centroide da cadeia lateral. As ligações entre Cα adjacentes ao longo da cadeia

apresentavam certa liberdade de rotação e a simulação propriamente dita consistiu na

minimização da energia dos ângulos de torção destas ligações relativamente aos ângulos

obtidos a partir da conformação nativa, acoplada com vibrações térmicas e com estimativas

de interação com o solvente dadas pela solubilidade calculada experimentalmente para cada

resíduo de aminoácido (uma vez que a simulação foi realizada sem o solvente explícito).

Nesse estudo os autores conseguiram estruturas consideravelmente próximas da estrutura

nativa, com desvio quadrático médio (RMSD) entre 5 Å e 7 Å, embora em muitos casos com

a topologia incorreta. De todo modo, o experimento abriu as portas para a avaliação do

problema do enovelamento sob uma perspectiva computacional, estabelecendo os principais

elementos envolvidos em uma simulação: um modelo de representação molecular, uma

estratégia para a exploração do espaço conformacional (dinâmica molecular ou Monte

Carlo, por exemplo) e uma função de custo associada, na forma de uma função de energia

potencial ou de um campo de força.

Posteriormente, Taketomi; Ueda; Gō (22) e Gō; Taketomi (23) publicaram um

modelo ainda mais simplificado, onde uma proteína hipotética foi representada por uma

cadeia de nós conectados, com 49 unidades e sem distinção de cadeia lateral, dando origem
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aos chamados modelos minimalistas. Nesse estudo o espaço de conformações foi delimitado

por um reticulado (lattice model) bidimensional e a conformação nativa foi determinada

pelas interações entre pares de nós específicos em uma conformação compacta de dimensões

7×7. A exploração do espaço conformacional foi realizada através de um método de Monte

Carlo, onde a energia era favorável quando nós com interações nativas encontravam-se

adjacentes no reticulado bidimensional, de tal forma que o mínimo global de energia era

aquele em que todas as interações nativas estavam satisfeitas. Esse potencial energético,

explicitamente dependente da estrutura nativa, ficou conhecido como potencial Go (24) e

serviu como base para estudos posteriores onde foram utilizados reticulados tridimensionais

(cúbicos) para uma descrição abrangente das propriedades do espaço de conformações

e do espaço de sequências (24, 25). Os estudos com lattice models e potenciais tipo Go

permitiram uma compreensão básica de princípios gerais envolvidos no enovelamento

proteico.

Posteriormente foi proposto (26) o conceito de “energy gap”, onde evidenciou-se

que o estado nativo não apenas deveria situar-se no mínimo global de energia livre, mas

que também é necessário haver uma diferença significativa entre a energia da conformação

nativa e a energia da conformação não-nativa (“misfolded”) de menor energia. Esse conceito

foi então aprimorado por Bryngelson et al. (27) para acomodar o fato de que a conformação

nativa pode apresentar flutuações que não necessariamente comprometem estruturalmente

ou funcionalmente a proteína. Aqui argumentou-se que a diferença de energia livre deve

ser entre energia média no conjunto de conformações representando o estado nativo e

a energia média no conjunto de conformações de menor energia sem uma similaridade

notável com o estado nativo. Este conceito foi denominado de “stability gap”, e então

proposto que ele deve ser o principal fator determinante da estabilidade da conformação

nativa de uma proteína (24, 25, 28). Além disso, a existência de um “stability gap” seria

suficiente para que este estado seja acessível em uma dada temperatura, o que vai de

acordo com a hipótese termodinâmica do enovelamento, revelando que o enovelamento

é um processo cooperativo (24, 29) onde a estrutura rapidamente se dobra para uma

estado semi-compacto e passa a buscar no espaço conformacional um estado de transição

que permita o colapso para o estado nativo, em uma série de interações que favorecem

sucessivamente o acesso à conformação nativa à medida que os contatos entre os nós são

estabelecidos.
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1.3 Efeito hidrofóbico e código do enovelamento

Foi sugerido por Kauzmann (30) que um dos fatores mais importantes para a

estabilização da conformação nativa é a distribuição entre resíduos de aminoácidos com

cadeias laterais hidrofílicas, cuja tendência é de expor-se ao solvente aquoso, e resíduos com

cadeias laterais hidrofóbicas, que tendem a esconder-se do solvente, formando estruturas

semelhantes às micelas presentes em soluções com detergentes. Kauzmann propôs um

arcabouço termodinâmico com base em estudos acerca do efeito hidrofóbico (30, 31),

que dizem respeito ao comportamento de moléculas hidrofóbicas em água, e concluiu que

a estabilização da conformação nativa de uma proteína globular é especialmente mediada

pela entropia do sistema (proteína + água), onde espera-se um ganho de entropia de

20 ordens de grandeza para cada cadeia lateral hidrofóbica que deixa o meio aquoso.

Além disso, o autor aponta também para a desnaturação de proteínas em solventes

apolares e, consistentemente com o que se sabe sobre o aumento da solubilidade de solutos

hidrofóbicos em água a baixas temperaturas, para a menor estabilidade da estrutura nativa

em temperaturas reduzidas, como evidencias da importância do efeito hidrofóbico na

estabilidade das proteínas.

Durante muito tempo, entretanto, acreditou-se que não haveria uma força dominante

no enovelamento proteico e que o efeito hidrofóbico teria um papel secundário no processo,

sendo responsável apenas por direcionar a cadeia para uma configuração globular genérica e

inespecífico demais para determinar os detalhes mais finos da estrutura terciária. Portanto,

esta informação deveria ser transmitida através de interações específicas entre resíduos

próximos no espaço, tais como a formação de ligações de hidrogênio e restrições de

ângulos diedrais (24). Posteriormente, o advento dos modelos computacionais minimalistas

em reticulados tornou possível uma enumeração completa do espaço conformacional

e consequentemente uma investigação mais detalhada da termodinâmica de processos

relacionados ao enovelamento proteico. Dentre os modelos desenvolvidos, podemos citar

aquele conhecido como modelo HP, desenvolvido por Lau; Dill (32), onde as cadeias possuem

nós que podem ser apenas de dois tipos: “H” (representando aminoácidos hidrofóbicos)

ou “P” (representando os hidrofílicos, ou polares) e cujo objetivo é de se maximizar o

número de contatos entre os nós hidrofóbicos (contatos H-H) e com isso estudar a estudar

a importância do efeito hidrofóbico no dobramento de cadeias.
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Estudos subsequentes com modelos semelhantes (33) mostraram que cadeias gui-

adas por um potencial hidrofóbico inespecífico (onde a contribuição de cada monômero

para a energia de um contato não depende da identidade do outo monômero) podem exibir

nos reticulados um enovelamento cooperativo semelhante ao de proteínas. Entretanto, a

estrutura nativa alvo escolhida deve apresentar um alto grau de segregação estrutural

entre os resíduos enterrados e expostos, com monômeros hidrofóbicos tendendo a ocupar

posições completamente enterradas e hidrofílicos tendendo a ocupar posições completa-

mente expostas. Estes e outros resultados de trabalhos experimentais com enovelamento

de proteínas mutantes, onde resíduos foram substituídos com base em sua hidrofobicidade

(34), e estudos relacionados com o comportamento de polímeros em soluções (35) também

ajudaram a fortalecer a noção de que o enovelamento proteico pode ser principalmente

mediado por um colapso determinado pelo efeito hidrofóbico, sendo ele não apenas sufici-

ente, mas também o principal fator determinante da formação e estabilização da estrutura

secundária, ligações de hidrogênio e dos contatos presentes na estrutura nativa. Além disso,

ao contrário das restrições físicas locais independentes da sequência (ângulos diedrais,

formação de ligações de hidrogênio e restrições estereoquímicas), o efeito hidrofóbico é

um fenômeno dependente da sequência primária, o que aponta para o mesmo como o

fator dominante também em um possível código do enovelamento, que seriam as regras

através das quais a informação estrutural de uma proteína é codificada em sua sequência

primária. Alguns autores se referem ao código do enovelamento como a “segunda metade”

do código genético (24), entretanto, ao contrário deste, os detalhes precisos do código do

enovelamento permanecem uma das questões ainda a serem solucionadas no âmbito do

enovelamento proteico.

1.4 Enterramentos atômicos

Pela ação do efeito hidrofóbico, observamos a tendencia de resíduos hidrofílicos

encontrarem-se expostos ao solvente e resíduos hidrofóbicos encontrarem-se enterrados

na estrutura de uma proteína globular. Assim, a partir deste princípio simples, com o

objetivo de investigarmos um código do enovelamento, torna-se interessante desenvolvermos

uma medida quantitativa do grau de enterramento dos átomos de um modelo, a qual

nos possibilite estabelecer uma relação entre a sequência de aminoácidos e a estrutura
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tridimensional das proteínas. Neste contexto, é desejável que ela esteja correlacionada ao

efeito hidrofóbico e que, sob uma perspectiva informacional, satisfaça simultaneamente

duas condições: primeiro, a medida deve conter informação suficiente para codificar a

estrutura tridimensional daquela proteína; segundo, a medida precisa ser suficientemente

compacta de modo que a estrutura primária de uma proteína possa codificá-la. Nosso

grupo então propôs o uso das distâncias entre os átomos e o centro geométrico da estrutura

como uma forma de se quantificar seus enterramentos atômicos (Figura 1.1) e utilizaremos

a partir de agora esta definição de enterramento atômico.

Figura 1.1. O enterramento de um átomo é definido pela sua distância até o centro
geométrico da estrutura. Uma possível forma de se discretizar essas distâncias é a utilização
de camadas de enterramento. Nesta representação, a largura das camadas é propositalmente
desigual pois a divisão é feita de modo que cada camada contenha o mesmo número de
átomos (imagem de Linden et al. (36)).

Os enterramentos atômicos assim definidos foram utilizados em um trabalho inicial

(37) onde os átomos (exceto hidrogênio) de cadeias provenientes de um banco de dados de

estruturas globulares foram ordenados, agrupados e contados conforme seus valores de

enterramento atômicos (Ra) obtidos por

Ra =
√

(xa − x0)2 + (ya − y0)2 + (za − z0)2 (1.1)
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dada uma estrutura de N átomos com coordenadas (xa, ya, za) e centro geométrico

(x0, y0, z0). Isto possibilitou o ajuste de uma função de densidade de probabilidade que

descreve a distribuição dos enterramentos atômicos naquele banco de dados, definida por

P (r) = Ar2

1 + eβ(r−µ) (1.2)

que consiste no produto de Ar2, que representa a variação de volume das camadas esféricas

de raio r, com a função de densidade atômica de Fermi 1
1+eβ(r−µ) (38). Com os parâmetros

A = 1.73, β = 9.37 e µ = 1.17, ela é uma função de densidade de probabilidade de

enterramentos atômicos no intervalo 0 ≤ r ≤ 2, onde r = Ra
Rg

é o enterramento de um

átomo (Ra) normalizado pelo raio de giro (Rg) da estrutura (Figura 1.2), obtido por

Rg =

√√√√ 1
N

N∑
a=1

(xa − x0)2 + (ya − y0)2 + (za − z0)2 (1.3)

Esta distribuição representa razoavelmente bem não só o banco de dados total mas

também proteínas individuais, o que a torna particularmente útil para estudos envolvendo

os enterramentos atômicos como será apresentado nas partes apropriadas desta tese. Gomes

et al. (37) também analisaram as distribuições de enterramentos com base na identidade

dos resíduos aos quais os átomos pertencem, que revelou uma escala de hidrofobicidade

compatível, a despeito de algumas diferenças, com outras escalas de hidrofobicidade

disponíveis na literatura. Esses resultados corroboram o uso desta medida de enterramento

atômico como uma forma simples de aproximar a exposição ao solvente, que é diretamente

associada ao efeito hidrofóbico.

Posteriormente foi mostrado que podemos derivar potenciais baseados nos enter-

ramentos atômicos da estrutura nativa de uma proteína. Quando associados a restrições

baseadas na formação de ligações de hidrogênio, os potenciais de enterramento são su-

ficientes para se determinar a conformação nativa destas proteínas em simulações de

computacionais de Monte Carlo (39) e de dinâmica molecular (40) partindo de confor-

mações desnaturadas. Aqui os enterramentos nativos também foram discretizados em

camadas equiprováveis, ou seja, de tal forma que cada camada continha o mesmo número

de átomos (Figura 1.1) e ainda assim os potenciais derivados de camadas de enterramentos

permaneceram suficientes para determinar a estrutura nativa, desde que a divisão fosse

feita em 3 ou mais camadas. Nesses estudos, os potenciais de enovelamento contavam

apenas com termos de energia baseados nos enterramentos atômicos e restrições físicas
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Figura 1.2. Curva de distribuição dos enterramentos atômicos com
parâmetros A = 1.73, β = 9.37 e µ = 1.17, para os quais a curva
se comporta como uma função de densidade de probabilidades no
intervalo 0 ≤ r ≤ 2, onde r = Ra

Rg
é o enterramento de um átomo

(Ra) relativo ao raio de giro (Rg) da estrutura. As distâncias em
angstroms podem ser obtidas multiplicando-se r por Rg. Esta curva
pode ser usada na definição dos limites de camadas de enterramento,
já que a integral desta curva nos fornece a probabilidade de uma
camada delimitada pelo intervalo de integração.

apropriadas, ou seja, ligações covalentes e ligações de hidrogênio. O fato de que nenhuma

outra informação estrutural nativa foi fornecida para as simulações é um indicativo de que

os enterramentos atômicos não somente contêm a informação necessária para a descrição

da estrutura nativa, como também é possível, obtermos a estrutura nativa de uma proteína

em simulações caso conheçamos seus enterramentos atômicos (Figura 1.3, item 3).

Com isto temos uma medida correlacionada ao efeito hidrofóbico e que satisfaz a

condição de conter informação suficiente para que a estrutura nativa seja corretamente

determinada. Resta avaliarmos se a estrutura primária pode de fato codificar a informação

estrutural através dos enterramentos atômicos. De um ponto de vista quantitativo é

razoável pensarmos que se isto for verdade, então a entropia da sequência primária, uma

medida proposta por Shannon (41) relacionada com a quantidade de informação produzida

por uma variável, deve ser um limite para a quantidade de informação estrutural disponível

para ser obtida por meio de um esquema de predição de enterramentos a partir da sequência.

Realizamos então uma análise (artigo em anexo (42)) baseada na Teoria da Informação

acerca das correlações entre a sequência de aminoácidos e a sequência de enterramentos

associados em um banco de proteínas não redundante (43). Nesse estudo mostramos

primeiramente que a quantidade de informação por símbolo nas sequências de enterramento,
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Figura 1.3. (1) Os mecanismos pelos quais a estrutura primária codifica a estrutura
terciária, ou seja, o código do enovelamento não é plenamente conhecido. (2) Propomos
então que a estrutura primária codifica a informação referente aos enterramentos atômicos,
aqui representados como uma sequência de duas camadas de enterramento. (3) A partir dos
enterramentos atômicos, podemos chegar na estrutura terciária de uma proteína através de
simulações de dinâmica molecular.

ou seja, sua densidade de entropia (41, 44), é de aproximadamente 0.62 bits/resíduo ou

0.93 bits/resíduo quando consideradas, respectivamente, representações em 2 ou 3 camadas

equiprováveis para os Cα. Estes valores são significativamente menores do que a densidade

de entropia estimada para sequências de aminoácidos, que é de 4.2 bits/resíduo (45), o

que inicialmente já confere à estrutura primária a capacidade de codificar por completo ao

menos os enterramentos referentes aos Cα nessas representações de enterramento.

Nesse estudo também propusemos um método de predição de enterramentos a partir

da sequência primária baseado em Modelos Ocultos de Markov (Hidden Markov Models

- HMM), que são modelos estatísticos que encontram diversas aplicações em análises de

sequências biológicas como predições estruturais de ácidos nucleicos, de estrutura secundária

de cadeias proteicas e alinhamento de sequências(46). O programa é uma generalização

do algoritmo de predição de estrutura secundária proposto por Crooks; Brenner (45) e

pode ser usado para realizar predições de sequências de símbolos associados a cadeias

de resíduos de aminoácidos, com especial suporte para representações de enterramentos

atômicos. Essas predições não utilizam nenhuma informação adicional além da própria

sequência de aminoácidos, o que as torna particularmente úteis na análise do papel dos

enterramentos no contexto aqui apresentado. A partir de algumas das predições derivamos

potenciais de enovelamento que foram posteriormente utilizados em simulações de dinâmica

molecular (artigo em anexo (36)). Notamos aqui que as melhores predições foram capazes
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de gerar potenciais que descreveram com sucesso a estrutura nativa de suas cadeias. Esses

resultados mostram que não somente é possível que os enterramentos estejam codificados

na sequência de aminoácidos como também, no caso das melhores predições, é possível

extrair informação estrutural a partir da sequência de resíduos de aminoácidos a fim

de caracterizar a estrutura terciária nativa destas sequências através dos enterramentos

atômicos.

Neste contexto, enfrentamos atualmente o desafio de desenvolver esquemas capazes

de prever de maneira mais eficiente a sequência nativa de enterramentos a partir da

sequência primária de aminoácidos. Sabemos que há um grande volume de proteínas para

as quais a predição dos enterramentos atômicos não é acurada, de tal forma que os potenciais

de enterramento gerados a partir delas não é suficiente para obtermos a estrutura nativa em

simulações de enovelamento. É razoável pensarmos que, ao fornecermos potenciais errados

em uma simulação, estamos fornecendo uma quantidade menor da informação estrutural

daquela cadeia. Portanto, neste trabalho buscaremos quantificar uma medida que nos

possibilite estimar a quantidade de informação de enterramentos atômicos necessária para

caracterizarmos com sucesso a estrutura terciária de proteínas. Proporemos também um

novo esquema de representação de enterramentos atômicos que possibilite a realização de

predições mais precisas. Esperamos com este trabalho não só avançar os conhecimentos

acerca do papel dos enterramentos atômicos no enovelamento proteico, mas também

contribuir para a compreensão do código do enovelamento como um todo.

1.5 Objetivos

Objetivo geral

O objetivo geral deste trabalho é contribuir para a compreensão do código do

enovelamento e seu papel no contexto do problema do enovelamento de proteínas, uma

vez que esta permanece uma das frentes amplamente não resolvidas deste problema.

Utilizaremos para este fim a hipótese de que os enterramentos atômicos são o fator central

na codificação da informação estrutural na sequência primária, dentro da perspectiva de

que eles contêm predominantemente a informação dependente da sequência que é necessária

e suficiente para a descrição da estrutura tridimensional de cadeias proteicas.
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Objetivos específicos

1. Corroborar a generalidade da suficiência da informação sobre enterramentos atômicos,

na forma de distâncias ao centro geométrico discretizadas em um pequeno número

de camadas, para a determinação da estrutura terciária de proteínas de diferentes

tamanhos e classes estruturais.

2. Verificar a resolução necessária, expressa em número de camadas, e uma possível

dependência com o tamanho e/ou classe estrutural para a descrição da estrutura

terciária através dos enterramentos.

3. Verificar a acurácia necessária para a descrição da estrutura através dos enterramentos

atômicos, através da redundância detectável imposta pelas restrições independentes

da sequência presentes no modelo proteico utilizado.

4. Estimar a fração de proteínas para as quais as predições de enterramento a partir da

sequência apresenta a acurácia necessária para uma resolução apropriada. Para este

fim, utilizaremos predições obtidas a partir de um algoritmo baseado em um Hidden

Markov Model (HMM) previamente proposto.

5. Explorar a possibilidade de se utilizar uma representação diferencial dos sinais de

enterramentos para se obter uma maior resolução na descrição dos enterramentos,

correspondendo a um número maior de camadas, o que deve ser particularmente

relevante para proteínas de tamanho médio e grande, sem aumentar o número de

símbolos da descrição.





Capítulo 2

Resolução e redundância

Neste capítulo descreveremos brevemente os experimentos realizados em conformi-

dade com os objetivos propostos nos itens de 1 a 4 deste trabalho. A metodologia utilizada

e os resultados obtidos estão descritos detalhadamente no artigo intitulado Information

and redundancy in the burial folding code of globular proteins within a wide range of

shapes and sizes (47) incluso neste capítulo, publicado em 2016 como parte da pesquisa

desempenhada no desenvolvimento deste estudo.

Nesta parte do trabalho, queremos quantificar a resolução necessária para que uma

dada representação de enterramentos atômicos discretizada em camadas equiprováveis

descreva com sucesso a estrutura terciária de uma cadeia proteica. Para tanto caracterizare-

mos, em termos de estabilidade e de acessibilidade, um conjunto de proteínas selecionadas

de modo a abranger diferentes classes estruturais e faixas de tamanho. Definimos estabili-

dade como a capacidade de uma estrutura se manter na conformação nativa em simulações

cujo estado inicial é a própria conformação nativa e definimos acessibilidade como a

capacidade de uma cadeia atingir a conformação nativa em simulações cujo estado inicial

é uma conformação desnaturada. Em outras palavras, buscaremos quantificar o menor

número necessário Lmin de camadas de enterramento na representação de uma estrutura

para que o estado nativo de uma proteína seja acessível e estável. Como a largura das

camadas diminui com o número de camadas utilizadas na representação, teremos com isto

uma medida da resolução requerida para que uma sequência de camadas de enterramento

resulte no dobramento correto de uma dada estrutura.

Em seguida quantificaremos a redundância da informação estrutural fornecida pelos

15
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enterramentos atômicos na forma do erro tolerado pelas estruturas quando fornecemos

informação incompleta ou errada. Caracterizaremos também em termos de estabilidade

e de acessibilidade, o comportamento das estruturas ao serem simuladas com frações

crescentes de erro nos potenciais de enovelamento fornecidos, expressas na forma de

potenciais removidos ou potenciais inconsistentes com o enterramento nativo para um

número crescente de átomos na cadeia. A quantidade de erro tolerado pela estrutura, ou seja,

a fração máxima de potenciais errados fornecidos para as simulações em que a estrutura

ainda é capaz de se atingir e se manter estável no estado nativo nos dá uma estimativa

direta do quanto da informação estrutural dada pelos enterramentos é redundante e

já decorre de fatores não dependentes da sequência como restrições físico-químicas nos

sistemas proteicos.

2.1 Metodologia das simulações de enovelamento

Esta parte do trabalho depende em grande parte da realização de simulações de

enovelamento através de um algoritmo de dinâmica molecular o qual descreveremos em

detalhes nesta seção pois ele apresenta termos de energia particularmente desenvolvidos

para abordar a questão dos enterramentos atômicos no processo de enovelamento. O

algoritmo de dinâmica descrito a seguir foi implementado por Whitford et al. (48) na

linguagem Fortran. Os termos específicos para o tratamento dos enterramentos atômicos

foram adicionados posteriormente por Pereira de Araujo; Onuchic (40), conforme descrito

no trabalho onde esta metodologia foi primeiramente descrita. O algoritmo modificado

foi denominado MDBury e também foi um dos objetos da publicação (36) e da tese de

doutorado de Linden (49), que foi o principal mantenedor do código durante o período do

desenvolvimento de seu projeto.

Em uma simulação de dinâmica molecular, os átomos são representados como um

conjunto de corpos pontuais em um espaço cartesiano. A partir de uma função de energia

potencial, deriva-se as forças atuantes sobre os átomos em cada iteração, fazendo com que

o sistema explore o espaço conformacional com o objetivo de se atingir uma configuração

de energia potencial reduzida. A função de energia potencial implementada pelo MDBury

não visa ser uma função fisicamente realista, mas sim permitir a aplicação do conceito

dos enterramentos atômicos, de tal forma que o mínimo de energia seja suficientemente
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próximo da conformação nativa da cadeia proteica simulada. Com isto, pretende-se tanto

reduzir o tempo de processamento computacional quanto possibilitar uma separação bem

definida entre termos de energia independentes da sequência primária e termos dependentes

da sequência.

Os termos independentes da sequência modelam o conjunto mínimo de forças neces-

sárias para que se mantenha a geometria de estruturas proteicas de forma genérica, sendo

incapazes de permitir uma distinção entre sequências diferentes e entre uma configuração

nativas ou não nativa. Por outro lado, o termo de energia dependente da sequência é

derivado dos enterramentos atômicos os quais, pela hipótese principal deste trabalho, estão

diretamente associados à estrutura primária de uma cadeia proteica. Sendo assim, esta

separação nos permitirá, por sua vez, uma validação desta hipótese no que tange ao papel

dos enterramentos no código do enovelamento. A função de energia potencial utilizada

pelo MDBury é composta pela soma dos seguintes termos independentes:

V = Vligações + Vângulos + Vdiedrais + Vrepulsão + Vhidrogênio + Venterramentos (2.1)

Os dois últimos termos destacados foram aqueles desenvolvidos especificamente

para o algoritmo MDBury (dinâmica usando enterramentos atômicos), enquanto os ou-

tros apresentam características similares a termos de energia comumente utilizados em

simulações convencionais (exceto diedrais, como veremos adiante).

Termos ligantes Os três primeiros termos da energia potencial são Vligações, Vângulos

e Vdiedrais visam manter uma geometria realista com base nas ligações covalentes entre

os átomos da proteína onde as entidades são como massas pontuais unidas por molas

(potenciais de Hooke). Formalmente, os termos são:

Vligações =
∑

ligações
kd(d− d0)2 (2.2)

Vângulos =
∑

ângulos
kθ(θ − θ0)2 (2.3)

Vdiedrais =
∑

diedrais
kχ(χ− χ0)2 (2.4)

onde d é a distância entre um par de átomos, θ é o ângulo formato entre três átomos e

χ é o ângulo diedral formado entre quatro átomos (Figura 2.1). Os mínimos de energia

destes termos se localizam nas conformações estruturais em que estas distâncias e ângulos
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se encontram em seus valores ótimos, d0, θ0 e χ0, obtidos pelo programa a partir do

observado em estruturas estendidas padronizadas. As constantes de mola têm os valores

kd = 100εÅ−2, kθ = 20εrad−2, kχ = 10εrad−2 onde ε é a nossa unidade de energia. Estes

valores são definidos de modo que quando as distâncias ou ângulos desviarem dos valores

ótimos, o custo energético seja consistentemente alto em relação aos outros termos do

potencial.

Figura 2.1. (a) Termos ligantes presentes no algoritmo. (b) Forma do potencial
Vligações, que mantém uma distância ótima nas ligações covalentes, neste caso 1.5 Å.
Os outros dois termos ligantes têm uma forma análoga (49).

Os termos ligantes são aplicados apenas em conjuntos de átomos cuja configuração

relativa se deseja manter aproximadamente constante ao longo da simulação: a equação 2.2

é aplicada a todos os pares de átomos unidos covalentemente; a equação 2.3 é aplicada a

todos os vértices formados por três átomos unidos covalentemente; por fim, a equação 2.4

é aplicada aos ângulos diedrais que precisam permanecer fixos, como a ligação peptídica,

os grupos planares das cadeias laterais dos resíduos aromáticos e nos diedrais formados

pelos átomos N , Cα, C e Cβ, de modo a manter a quiralidade correta da cadeia lateral.

Em particular, entretanto, nenhuma força é aplicada diretamente aos ângulos φ e ψ a fim

de se forçar qualquer configuração referente à conformação nativa.

Termo de repulsão atômica A repulsão entre orbitais de átomos próximos no espaço

(repulsão de Pauli) é modelada pela seguinte equação:

Vrepulsão =
∑

pares de átomos
εrep

(
σrep

d

)12
(2.5)

onde d é a distância entre dois átomos e εrep = 1.0ε. Esta equação corresponde à parte

repulsiva do potencial conhecido como Lennard-Jones, tipicamente utilizado em dinâmica

molecular para modelar a repulsão de Pauli (Figura 2.2). A implementação não inclui a
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parte atrativa desse potencial, que seria utilizada para modelar a atração de van der Waals

entre pares de átomos não ligados covalentemente.

Figura 2.2. Forma do potencial Vrepulsão, que
modela a repulsão de Pauli entre átomos próxi-
mos (49).

O termo de repulsão atômica é aplicado a todos os pares de átomos que estão

separados por mais de duas ligações covalentes e não pertencem ao mesmo diedral. A

constante σrep corresponde ao raio atômico e tem o valor σrep = 2.5Å para todos os átomos,

exceto no caso da repulsão entre carbonos Cβ e o oxigênio da carbonila da cadeia principal,

onde o valor é de σrep = 3Å. Esse último ajuste foi necessário para impedir o surgimento

de algumas estruturas secundárias não realistas, formadas em simulações nas quais todos

os átomos tinham o mesmo raio atômico.

Termo das ligações de hidrogênio Os modelos utilizados nas simulações de dinâmica

molecular realizadas neste trabalho não incluem as moléculas do solvente no qual as

proteínas estariam presentes e tampouco os átomos de hidrogênio nas moléculas das

próprias cadeias proteicas. Contudo, as interações entre a proteína e o solvente e a

formação de ligações de hidrogênio entre átomos de sua cadeia principal são essenciais

tanto na compactação da cadeia quanto no surgimento e na estabilização de estrutura

secundária durante o enovelamento, de modo que sem elas os enterramentos atômicos

são insuficientes para que as cadeias simuladas dobrem corretamente, implicando que as

ligações de hidrogênio não possam ser ignoradas nas simulações. Portanto, aqui as ligações

de hidrogênio são modeladas como forças que atuam diretamente sobre os átomos de

oxigênio e nitrogênio da cadeia principal.
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A ruptura de ligações de hidrogênio com o solvente é modelada como um potencial

que aplica uma penalidade de εhb (medida em ε, nossa unidade de energia) para todos

os pares de potenciais doadores (N) e aceptores (O) da cadeia principal se eles estiverem

enterrados a uma distância menor que µr do centro da estrutura sem formar ligações de

hidrogênio. Formalmente, este termo é definido por:

Vhidrogênio =
∑

doadores/aceptores
εhbf(r,Λ) (2.6)

f(r,Λ) =


F (r)(1− Λ) para Λ ≤ 0.95

0 para Λ > 1.05
(2.7)

com uma região quadrática intermediária entre 0.95 < Λ ≤ 1.05 a fim de se manter

a diferenciabilidade em todo o intervalo, Λ é o número total de ligações de hidrogênio

formadas por um determinado átomo doador ou aceptor e F (r) é uma função de Fermi

dependente do enterramento atômico r definida como:

F (r) = 1
1 + eβr(r−µr) (2.8)

que varia abruptamente de 1 para 0 em um intervalo controlado por βr em torno de r = µr.

Aqui, utilizamos βr = 10Å−1 e µr = 15Å (Figura 2.3-a).

Figura 2.3. Componentes do potencial Vhidrogênio, aplicado sobre um átomo enterrado
a uma distância r menor do que µr do centro da estrutura sem formar ligações de
hidrogênio (49). (a) Forma da função F (r) para βr = 10Å−1 e µr = 15Å. (b) O
critério para a determinação da formação de uma ligação de hidrogênio depende das
coordenadas atômicas e dos vetores formados pelas posições relativas entre os átomos
envolvidos.
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O número de ligações de hidrogênio (Λi) formadas por um doador i é calculada

por:

Λi =
∑
j

F (hj)F (ηj)F (θj) (2.9)

para todos os possíveis aceptores j. Aqui, os valores h, η e θ são definidos em termos

das coordenadas atômicas de cinco átomos participantes da ligação: o oxigênio aceptor

da carbonila (r1), o nitrogênio doador (r2), os dois átomos de carbono adjacentes a este

nitrogênio (r3, r4) e o átomo de carbono adjacente ao oxigênio (r5), conforme mostra a

Figura 2.3-b. Essas coordenadas definem três vetores, v1 = r2 − r1, v2 = r3 + r4 − 2r2 e

v3 = r1 − r5. Definimos então h = |v1|, a norma de v1, η é o ângulo entre v1 e v2 e θ é o

ângulo entre v1 e v3.

Nas simulações aqui realizadas, quando a estrutura inicial é a estrutura desnaturada,

é aplicado um procedimento de annealing, onde o valor εhb varia de 0ε até 5ε ao longo

de toda a trajetória. Isto é feito com o objetivo de se evitar a formação prematura de

estrutura secundária, prendendo a cadeia em um mínimo local. Nas simulações em que

a estrutura inicial é a conformação nativa, o annealing não é feito e εhb = 5ε em toda

a trajetória. Não foram incluídos nas simulações os doadores e aceptores presentes nas

cadeias laterais dos aminoácidos.

Termo dos enterramentos atômicos O termo dos enterramentos atômicos é dado

pela seguinte equação:

Venterramentos =
∑
i

B(ri) (2.10)

onde ri é o enterramento do átomo i, ou seja, sua distância até o centro geométrico da

estrutura. A função B(ri) tem valor zero quando o enterramento do átomo se aproxima de

um intervalo de tolerância de tamanho 2δi em torno de seu valor esperado de enterramento

r∗i , e cresce linearmente quando o átomo sai do intervalo de tolerância, que é dado por

(r∗i − δi, r∗i + δi). Além disto, uma pequena região de quadrática δq de tamanho δq = 0.5Å

é aplicada em torno desse intervalo a fim de se manter a diferenciabilidade da função em

todos os pontos. Desta forma, átomos que estão dentro de seu intervalo especificado não

sofrem nenhuma força oriunda deste termo, enquanto aqueles que estão fora sofrem uma
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força constante de 1εÅ−1 em direção a r∗i . A função B(ri) é definida como:

B(ri) =



−a1r
2 + b1 para r ≤ r1

−a2r + b2 para r1 < r ≤ r2

a3(r − r3)2 para r2 < r ≤ r3

0 para r3 < r ≤ r4

a4(r − r4)2 para r4 < r ≤ r5

a5r − b5 para r > r5

(2.11)

com r1, ..., r5, a1, ..., a5, b1, ..., b5 ≥ 0 definidos em termos de r∗i , δi e δq para diferentes

átomos i.

Figura 2.4. (a) Forma do potencial
Venterramentos. Aqui está exemplificado as
formas do potencial para átomos classificados
em 4 camadas de enterramento equiprováveis.

A Figura 2.4 mostra a forma deste potencial no caso em que os átomos são

classificados em 4 camadas de enterramento equiprováveis. Neste exemplo, os tipos possíveis

de classificação são os seguintes pares de valores normalizados
(
r∗i
Rg
, δi
Rg

)
: (0.378, 0.378) para

a camada mais interna, (0.859, 0.103), (1.051, 0.089) e (1.570, 0.430) para a camada mais

externa. Estes valores são obtidos a partir da Equação 1.2 (Figura 1.2) e correspondem aos

intervalos de integração da curva
(
r∗i−δi
Rg

,
r∗i +δi
Rg

)
sem sobreposição que resultam no valor de

0.25 (para 4 camadas). O denominador Rg é o raio de giro da conformação nativa daquela

estrutura.
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As simulações presentes no artigo a seguir envolvem a manipulação deste termo

da energia potencial de diferentes maneiras. Utilizar um número diferente de camadas

significa modificar estes valores para o número respectivo, de forma que ainda seja mantida

a propriedade de equiprobabilidade das camadas. Nos experimentos em que o potencial de

enterramento de alguns átomos é apagado significa que estes átomos recebem o par de

valores (0, 2) e portanto não sofrerão força alguma proveniente deste termo de energia dentro

dos limites determinados pelo dobro do raio de giro da estrutura nativa. Nos experimentos

em que o potencial de enterramento de alguns átomos é embaralhado, significa que estes

átomos são reclassificados ao acaso para algum dos outros tipos disponíveis conforme

aquele número de camadas. Em todos os casos, a temperatura média do sistema é mantida

constante e igual a 1ε através de um termostato de Berendsen (50).

Alguns aspectos da metodologia de simulação foram descritos nesta Seção uma vez

que se trata de uma metodologia de dinâmica com componentes não convencionais e que

não está totalmente especificada no artigo a seguir. A metodologia específica desta parte

do trabalho e os resultados decorrentes destes experimentos estão descritos por completo e

serão agora apresentados no artigo científico incluído a seguir, e publicado como parte da

pesquisa desempenhada ao longo deste projeto.
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ABSTRACT

Recent ab initio folding simulations for a limited number of small proteins have corroborated a previous suggestion that atomic

burial information obtainable from sequence could be sufficient for tertiary structure determination when combined to

sequence-independent geometrical constraints. Here, we use simulations parameterized by native burials to investigate the

required amount of information in a diverse set of globular proteins comprising different structural classes and a wide size

range. Burial information is provided by a potential term pushing each atom towards one among a small number L of equiprob-

able concentric layers. An upper bound for the required information is provided by the minimal number of layers Lmin still

compatible with correct folding behavior. We obtain Lmin between 3 and 5 for seven small to medium proteins with

50�Nr� 110 residues while for a larger protein with Nr 5 141 we find that L� 6 is required to maintain native stability. We

additionally estimate the usable redundancy for a given L� Lmin from the burial entropy associated to the largest folding-

compatible fraction of “superfluous” atoms, for which the burial term can be turned off or target layers can be chosen ran-

domly. The estimated redundancy for small proteins with L 5 4 is close to 0.8. Our results are consistent with the above-average

quality of burial predictions used in previous simulations and indicate that the fraction of approachable proteins could increase

significantly with even a mild, plausible, improvement on sequence-dependent burial prediction or on sequence-independent

constraints that augment the detectable redundancy during simulations.

Proteins 2016; 84:515–531.
VC 2016 Wiley Periodicals, Inc.

Key words: protein folding; structure prediction; computer simulation; hydrophobic potential; atomic burial.

INTRODUCTION

Statistical mechanics of coarse-grained polymer models

have contributed significantly to our general understand-

ing of protein folding, as extensively reviewed.1–3 An

important insight is that random heteropolymers are not

expected to display protein-like folding behavior because

global energy minima resulting from random interac-

tions would not be sufficiently deep to provide thermo-

dynamic co-operativity nor stability at a temperature

sufficiently high for kinetic accessibility. Evolution is nor-

mally assumed, therefore, to have acted on possible

amino acid sequences to select a nonrandom subset with

large global stability when compared with unfolded local

minima, that is, sequences displaying minimal energetic

frustration.4,5 This expectation has been corroborated by

simulations of minimalist lattice models with pairwise

contact potentials with native-dependent sequence

design6,7 and geometrically realistic models with

structure-based, native-dependent, G�o-type potentials.8,9

Application of this simple idea in the development of

sequence-dependent potentials with transferable parame-

ters among different sequences, as required for simula-

tions of sequences with unknown structures, turned out

to be far from trivial, however. A possible source of

Diogo C. Ferreira and Marx G. van der Linden contributed equally to this work

and should be considered first authors.
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complication is that real protein sequences tend to look

random10–12 and potentials parameterized in terms of a

finite set of atomic types reflecting sequence directly will

also look random and incompatible with protein-like

folding behavior. Attempts to cope with this problem in

the context of knowledge-based parameterization tend to

increase the number of atomic types and/or interactions,

as exemplified by the “as G�o as possible” contact l-

potential13 or the exposure-dependent effective energies

of water-mediated contacts in associative memory fold-

ing hamiltonians.14 Although easier to be accommo-

dated favorably in any finite collection of structural

examples, a larger number of types might have as an

undesirable effect a substantial increase in the number of

possibilities from which parameter values must be effec-

tively chosen by any particular amino acid sequence.

From an informational perspective, conversely, the

apparent randomness of protein sequences might seem

less surprising. Shannon’s theorems for discrete communi-

cation channels imply that long messages of a quite gen-

eral class, possibly constrained by internal correlations,

can be made to look arbitrarily close to random as seen

from the channel by efficient encoding.15–17 The number

of probable signals, or channel states, can then increase

up to the largest value compatible with the alphabet of a

noiseless channel, or to a possibly smaller value that opti-

mizes the number of non-confusable signals in the pres-

ence of noise, adjusting in any case the rate of

information transmission to the maximum provided by

the channel capacity. It appears natural, in this context, to

consider specific protein sequences just as signals being

transmitted through a communication channel. The fact

that they are hard to distinguish from random sequences

suggests an efficient encoding of structural messages with

the appropriate average information content, or entropy,

resulting in a rate of input information close to the maxi-

mal for 20 uncorrelated symbols distributed according to

observed amino acid frequencies, that is �4.1 bits/resi-

due12,18 or �0.5 bits/atom. It is a reasonable possibility

that an appropriate folding potential could be parameter-

ized in terms of these hypothetical nonrandom structural

messages that, even though encoded in sequences, would

be more directly correlated with tertiary structures. The

resulting number of atomic types could even appear to be

large, in the sense that equivalent atoms in different

occurrences of the same amino acid could be perceived

differently by the resulting potential depending on

sequence context,19 but the number of parameters to

choose from would be small, reflecting the sequence-

compatible entropy of structural messages.

We have been exploring the possibility that atomic bur-

ials, as quantified by central distances, could constitute

such messages.18,20–22 In terms of a simple analogy with

human communication, which is actually similar to the

one discussed in Ref. 11, we investigate if the set of viable

burial sequences could constitute a “language” capable of

expressing structural “ideas” while satisfying the

“grammar” of sequence-independent constraints and

being encodable in the “script” generated by the alphabet

of amino acids.21 In this direction, native-like conforma-

tions were obtained in folding simulations guided by bur-

ial potentials pushing each atom toward its native central

distance, either regarded as a continuous parameter20 or

discretized into a small number L of equiprobable burial

layers.21 This result suggested that atomic burials could

indeed be regarded as a practical uniquely decodable code

for tertiary structures, at least for the limited number of

small proteins that had been investigated. The average

information content of burial sequences, estimated from

burial local correlations in small globular proteins for

small L, was additionally found to be comparable to the

entropy of protein sequences and therefore sufficiently

small to be at least in principle further encoded in them.

Burial information was later shown to be actually extract-

able from sequence by simple statistical prediction

schemes, providing an estimated average reduction in

burial uncertainty around 15% for 2 or 3 burial layers of

Ca or Cb atoms,18 suggesting that the resulting sequence-

dependent burial predictions could be appropriate for

folding simulations if the burial folding code turned out

to be sufficiently redundant. Recent ab initio simulations

using discrete burial information obtained directly from

sequence with a burial prediction algorithm based on a

Hidden Markov Model (HMM),18 which was adapted

from an algorithm for secondary structure prediction,23

have been encouraging in this respect. Native-like confor-

mations were obtained and identified for three small

globular proteins, comprising all three structural classes,

with an above average burial prediction accuracy around

56% for L 5 4 burial layers.22 If this approach for ab ini-

tio folding simulations using sequence-dependent burial

propensities happens to be more general, and therefore

applicable to a significant fraction of monomeric globular

proteins, it could become a powerful scheme for tertiary

structure prediction. More importantly, however, it would

provide strong support for the underlying assumption

about the general encoding of tertiary structures in amino

acid sequences exclusively through burials.

A comparison with available prediction schemes might

be instructive, since our simulations resemble previous

schemes that minimize a simplified heuristic energy

function containing both sequence-dependent and

sequence-independent terms. As emphasized in previous

reports,20–22 however, they stand out in assuming that

burial propensities constitute the only information to be

obtained from sequence. In particular, there are no

sequence-dependent terms to favor specific tertiary inter-

actions as in most previous schemes, for example, Refs.

13,14,24, nor any sequence-dependent bias on backbone

dihedral angles as in popular schemes involving libraries

of backbone fragments, for example, Ref. 24. Our scheme

involves therefore a significantly smaller amount of

D.C. Ferreira et al.
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sequence-dependent information, implying that

sequence-dependent parameters are, on one hand, more

likely to be obtainable from sequence but, on the other

hand, less restrictive with respect to tertiary structure

determination. It could be noted that a modest improve-

ment of ab initio, “template-free,” prediction algorithms

along two decades of CASP experiments, contrasting to

more successful modeling based on homologous tem-

plates, as recently reviewed,25 is indeed consistent with

the hypothesis that previous schemes have attempted to

obtain more information from the primary sequence

than is actually available. Furthermore, mathematical

decompositions of “knowledge-based” parameters

intended to extract specific, “high information,” pairwise

contact preferences from the statistics of known struc-

tures, for example, Refs. 26,27, have suggested a domi-

nance of unspecific, “low information,” hydrophobic/

polar burial propensities.27,28 Recent interest in improv-

ing contact prediction using presently available large, suf-

ficiently “deep,” multiple sequence alignments29,30

further supports the notion that such a restrictive piece

of information is not obtainable from single sequences.

The dominance of unspecific burial propensities in

statistical pairwise parameters is consistent with the

established notion that hydrophobicity constitutes a

major physical factor in protein folding.31 Burial pro-

pensities obtained from HMM predictions, formally con-

sidered as “knowledge-based,” are also likely to reflect

mainly the distribution of amino acid hydrophobicities

in sequence fragments around each residue. It is note-

worthy that sequence-dependent approximate traces of

Ca central distances can actually be obtained from a

purely analytical polymer model that takes into consider-

ation nothing more than amino acid hydrophobicities,

chain connectivity and excluded volume.32,33 To com-

pensate for the intrinsically small amount of sequence-

dependent burial information, however, sufficiently

restrictive sequence-independent constraints acquire cru-

cial importance in the burial folding scheme, as particu-

larly emphasized by the requirement of hydrogen bond

formation by buried backbone polar atoms, independ-

ently of partner. This is again physically reasonable, since

the enforcement of backbone hydrogen bonds has long

been known to provide a dramatic reduction in the con-

formational space of a polypeptide, as observed already

by Pauling more than six decades ago.34 The whole

approach turns out to be consistent, therefore, with the

simple physical picture of protein folding resulting from

minimization of exposed hydrophobic surface with con-

comitant satisfaction of hydrogen bond restraints.35

Accordingly, our restrictive sequence-independent hydro-

gen bond term, as previously detailed,22 is actually reminis-

cent of Pauling’s original work. Our burial term, however, is

different in some possibly relevant informational aspects

from similarly inspired burial terms, and burial layers, that

have been used in previous prediction schemes, for example,

Refs. 14,27. Regarding the specific piece of structural infor-

mation assumed to be related to burials, central distances are

possibly more restrictive about tertiary structures when com-

pared with structural parameters more directly associated to

hydrophobicity such as solvent accessibility, or even local

contact densities or contact numbers, since central distances

contain global instead of local structural information. This

can be easily realized from the observation that the central

distance of each atom depends on the whole structure and

not just on its local environment. It should be noted, never-

theless, that contact numbers have been shown to be suffi-

ciently restrictive at least in the context of lattice

models.36,37 Probably more important, however, is the

manner in which individual atomic burial propensities, and

therefore the specific burial layer towards which each atom

will be pushed, are assumed to be obtainable from sequence.

HMM predictions depend on local sequence and might well

assign different layers, or “burial types,” to atoms that could

be considered of the same “atomic type” in previous

schemes, such as “Ca of Leucine” or “Cg of Valine.” Addi-

tionally, as discussed above, the number of possible layers to

be chosen from is small, implying that a large number of

atoms of different “atomic types” must turn out, conversely,

to be perceived as the same “burial type” by the burial fold-

ing potential.

In any case, it is apparent that the fraction of proteins to

which this general approach might be applicable should

increase both with the quality of the burial prediction

scheme, or the amount of burial information obtainable

from sequence, and of sequence-independent constraints

that filter out protein-unlike conformations and increase the

detectable redundancy in our simulations. Here, we investi-

gate this interplay between required information and avail-

able redundancy in a diverse set of globular proteins,

comprising all structural classes and a wide size range from

�50 to�140 amino acid residues. We use molecular dynam-

ics simulations with a varying amount of native burial infor-

mation as provided by a potential term pushing each atom

toward one among a small number L of equiprobable con-

centric layers, as in previous investigations. Sequence-

independent information is again provided by geometrical

constraints on covalent structure and hydrogen bond forma-

tion. An upper bound for required burial information is pro-

vided by the minimal number of layers, Lmin , still

compatible with correct folding when all atoms are pushed

to their native layers with our current sequence-independent

constraints. Redundancy q(L) for a given L � Lmin is simi-

larly estimated from the largest folding-compatible fraction

of “superfluous” atoms, for which the burial term can be

turned off or target layers can be chosen randomly. While

log 2L quantifies the required prediction precision, or the

restriction to be imposed on each atom, the redundancy

q(L) reflects the tolerable inaccuracy, imposing a lower limit

for the quality of burial prediction required for appropriate

folding behavior and structural determination. Presently esti-

mated redundancy can therefore be compared directly to the

Information and Redundancy in the Burial Folding Code
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relative uncertainty provided by any burial prediction

scheme, as will be done here for the HMM used in our previ-

ous simulations.

THEORETICAL BACKGROUND

Redundancy in burial information for a given number

of layers, q(L), can be estimated directly from the maxi-

mal fraction f max
1 ðLÞ of atoms for which the burial

potential term can be “turned off” while folding behavior

is preserved in our simulations, or

q1ðLÞ5f max
1 ðLÞ: (1)

This is analogous to estimate the redundancy of writ-

ten text from the maximal fraction of randomly erased

letters that can be successfully restored by a reader, as

described by Shannon,15 which is actually an ingenious

procedure that provides a lower bound for the redun-

dancy of the written language, or an upper bound for its

entropy, relying solely on grammatical rules known

unconsciously by the reader, bypassing therefore explicit

consideration of such rules, or the resulting probability

distribution of grammatical sentences generated by such

rules that ultimately underlies both informational meas-

ures. Successful restoration for a given fraction f1 of

erased symbols indicates that the correct message is the

only N-long sequence of L symbols recognized as

“meaningful” by the receiver within the group of X1ðN ;
L; f1Þ5LNf1 possibilities that are compatible with the cor-

rupted signal. Considering the total number X0ðN ; LÞ5
LN of possible sequences we have that

f15
log 2X1ðN ; L; f1Þ

log 2X0ðN ; LÞ
5

H1ðL; f1Þ
H0ðLÞ

(2)

equals the ratio between the entropy associated to the num-

ber of “meaningless” sequences from the receiver perspec-

tive, H1ðL; f1Þ, where H1ðL; f Þ5f log 2L is the entropy per

symbol of uniformly distributed sequences compatible with

a corrupted signal from which a fraction f of symbols has

been erased, and the entropy per symbol of uniformly dis-

tributed all possible sequences, H0ðLÞ5log 2L.

In other words, each “meaningful” N-long sequence,

whose total number is X(N,L), lies within a region in

sequence space containing additional X1ðN ; L; f1Þ21

“meaningless,” but recognizably close, companions. Since

the total number of “meaningful” and “meaningless”

sequences in the combination of all such mutually exclu-

sive regions cannot be larger than the total number of

sequences, X0ðN ; LÞ5LN , it is clear that

XðN ; LÞX1ðN ; L; f1Þ � X0ðN ; LÞ; (3)

or

HðLÞ1H1ðL; f1Þ � H0ðLÞ (4)

for all f1 � f max
1 , and

H1ðL; f1Þ
H0ðLÞ

� H1ðL; f max
1 ðLÞÞ

H0ðLÞ
� H0ðLÞ2HðLÞ

H0ðLÞ
; (5)

or

f1 � f max
1 ðLÞ5q1ðLÞ
� �

� qðLÞ: (6)

Accordingly, q1(L) provides indeed a lower bound for

qðLÞ � 12HðLÞ=H0ðLÞ, the actual redundancy as defined

by Shannon,15 where H0ðLÞ5log 2L is the the maximal

entropy per symbol, corresponding to uniformly distrib-

uted sequences, and H(L) is the actual entropy per sym-

bol, corresponding to “meaningful” or, more formally,

typical long sequences satisfying whatever constraints

happen to determine the underlying probability distribu-

tion. The only assumption is that this distribution

should satisfy the general asymptotic equipartition prop-

erty,15,16 implying that for large N the sequence ensem-

ble is dominated by a number close to XðN ; LÞ52NHðLÞ

of approximately equiprobable typical sequences. While

q(L) corresponds to the maximal fraction of erasures

that could be restored by a hypothetical perfectly reliable

receiver, q1(L) provides the expected restorable fraction

by the available receiver, that is, folding simulations with

sequence-independent constraints. Here we initially use

f151=2, 3/4, 7/8, and 15/16 and randomly choose the

Nf1 atoms for which the burial term is turned off.

Note that f max
1 ðLÞ is different from the maximal toler-

able inaccuracy in a given burial prediction scheme.

Since the receiver of a long sequence of predicted burials

containing a fraction f2 of errors does not know the posi-
tions of these errors, the number of possible sequences

that must be recognized as meaningless is now larger

than before. The associated entropy of sequences com-

patible with a corrupted signal with a fraction f of errors,
with each error uniformly distributed among L21 wrong

possibilities, becomes

H2ðL; f Þ52f log2f 2ð12f Þlog2ð12f Þ1f log2ðL21Þ; (7)

with contributions from the uncertainty about error

positions and from possible errors given a set of posi-

tions. The usable redundancy to preserve folding behav-

ior in this context can then be estimated by

q2ðLÞ5
H2ðL; f max

2 ðLÞÞ
log2L

(8)

where f max
2 ðLÞ is now the largest fraction of atoms that

can be pushed toward a wrong target layer, randomly

chosen from the L – 1 possibilities, while preserving
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folding behavior. To facilitate the comparison with q1(L),

we randomly choose Nf2 atoms with different f2 values

in such a way that H2ðL; f2Þ=log 2L51=2, 3/4, 7/8, and

15/16, as well as the negative control H2ðL; f2Þ5log 2L. In

a more realistic prediction scenario wrong symbols

would not be equally likely when L> 2 because reasona-

ble prediction schemes, when mistaken, are expected to

choose wrong layers that are close to the correct native

layer and the entropy of sequences compatible with a

corrupted signal would be smaller than H2ðL; f Þ, satisfy-

ing the so called Fano’s inequality.16 The minimal

required redundancy to resolve the remaining burial

uncertainty after a prediction with a given inaccuracy,

that is, a given fraction f of incorrectly predicted burials,

should therefore be clearly larger than H1ðf ; LÞ=H0ðLÞ5f

but somewhat smaller than H2ðf ; LÞ=H0ðLÞ.
If an available burial prediction scheme happens to

provide probabilities for each atom to occupy different

burial levels then the negative average log-likelihood

of observed burials,18,23 2hLLi52hlog 2Paðb�LÞia, where

Paðb�LÞ is the predicted probability for atom a to occupy

its native burial layer b�L, can be used as an estimate for

the remaining burial uncertainty after prediction and

also, as a consequence, for the minimal required redun-

dancy to resolve this uncertainty. We should have there-

fore in this case

f < 2
hLLi
log2L

�
H2ðL; f Þ

log2L
; (9)

and folding behavior could be expected if

2
hLLi
log2L

< q3ðLÞ � q2ðLÞ; (10)

or

IpðLÞ
log2L

> 12q3ðLÞ � 12q2ðLÞ; (11)

where q3(L) is the usable redundancy, detectable by our

folding simulations, to correct for mistakes in sequences

of burial symbols with the noise structure generated by

our burial prediction scheme, which is assumed to be

reasonably close to q2(L). Note that q2(L) is presently

estimated by our simulations with noisy potentials and is

independent of any particular burial prediction scheme

while the relative prediction uncertainty, 2hLLi=log 2L,

and the related prediction information,

IpðLÞ5log 2L1hLLi, reflect the quality of the given burial

prediction independently of folding simulations. These

measures of prediction quality are more general than the

prediction accuracy, 1 – f, since they depend on the

whole distribution of predicted burials. High predicted

probabilities for observed burials increase prediction

quality, as expected, since they contribute to decrease

prediction uncertainty 2hLLi increasing prediction infor-

mation Ip(L). Predicted probabilities for observed burials

close to 1/L, conversely, correspond to poor predictions

indistinguishable from a random burial choice independ-

ent of sequence, in which case 2hLLi � log 2L and

IpðLÞ � 0. Additionally, if most observed atoms would

happen to have predicted probabilities smaller than 1/L

then the prediction would be even worse than random,

resulting in 2hLLi=log 2L > 1 and Ip(L)< 0.

We finally note that we are currently interested in

comparing the available redundancy with the remaining

uncertainty on burial prediction obtained from single

sequences, which is most relevant for the general under-

standing about the genetic encoding of tertiary struc-

tures. A similar analysis, however, could also be

performed to any kind of additional burial knowledge

that happens to be available, such as evolutionary burial

information possibly detectable in multiple sequence

alignments,38 which are becoming an increasingly reli-

able source of various kinds of evolutionary structural

information,5,29,30,39 or even experimental information.

RESULTS

We investigate eight globular proteins, whose native struc-

tures are shown in Figure 1, ranging in size from Nr 5 54 to

Nr 5 141, comprising all structural classes and including

particularly complex topologies. Molecular dynamics simu-

lations, using geometrically realistic models with all nonhy-

drogen atoms represented as single beads of unit mass were

performed as in previous investigations,21,22 with a pro-

gram adapted from a Fortran code previously used in simu-

lations with structure-based Ca models40 and modified

afterwards to handle all atoms. As detailed in Ref. 22, the

potential contains simple terms on bond lengths, angles,

rigid dihedrals and pairwise repulsion, with non-standard

terms for burials and hydrogen bond formation, and was

derived from the all-atom structure-based model described

in Ref. 41, with removal of the native-dependent contact

and dihedral energy terms and the addition of terms for

hydrogen bonds and atomic burials. The hydrogen bond

term is annealed linearly during each folding trajectory, a

convenient procedure to avoid kinetic trapping at the

expense of realistic modeling of path-dependent features of

the process, as previously discussed.22 No annealing is per-

formed in unfolding trajectories, which begin from the

native structure with full hydrogen bonds. The intervals in

central distances defining each burial layer are presently

adjusted to accommodate the same number of atoms in

each layer, while the radius within which hydrogen bond

formation is enforced is still derived from the radius of gyra-

tion for each protein estimated from its number of residues,

as in our previous simulations. All size-independent param-

eters are also the same as in this previous investigation.22

Total simulation time is however 10 times smaller, or 2 3
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108 instead of 2 3 109 time steps, to viabilize both the

required large number of simulations for the estimates of

available redundancy in small proteins as well as the small

number of significantly more demanding simulations for

the larger proteins.

We estimate Lmin for these eight proteins as the lowest

value of L for which the native state is both accessible

and stable during our simulations with all atoms being

pushed to its correct layer. Stability is indicated by final

conformational ensembles in all unfolding trajectories

dominated by low Ca-RMSD structures while a similarly

native-like final conformational ensemble for at least one

folding trajectory indicates accessibility. Figure 2 shows

trajectories beginning from the native structure (left) and

from an extended initial conformation (right) with

L 5 2, 3, and 4 and a perfectly accurate burial potential

Figure 1
Structures used in this investigation. The lowest energy conformation among the last 10% of folding trajectories is shown in blue, superimposed to

the native structure shown in red, for 1enh (a), 3fil (b), 1shf (c), 3zr8 (d), 1c9o (e), 2hsy (f), and 1ifr (g). For 1oz9, we selected the structure with
largest fraction of secondary structure from the folding trajectory with lowest hRMSDi. It is shown side by side with the native structure, native to

the left, with a colour code indicating position along the sequence from red to blue (h). The number of burial layers in the folding trajectories
from which the simulated structure was selected was L 5 4, except for 2hsy and 1oz9 in which case L 5 5 and L 5 8, respectively, were used instead.

We also show for each protein its number of residues, the RMSD of the selected conformation and, in parenthesis, the lowest RMSD observed in

folding trajectories.
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Figure 2
Folding and unfolding trajectories for the all-a engrailed homeodomain, PDB code 1enh. RMSD is shown as function of simulation time step for
folding trajectories, beginning from an extended initial conformation (a, c, and e), and unfolding trajectories, beginning from the native structure

(b, d, and f), with a native burial potential with L 5 2 (a and b), L 5 3 (c and d), and L 5 4 (e and f). The hydrogen bond term increases linearly
during folding trajectories and remain constant in unfolding trajectories. Twenty five independent trajectories are shown in each plot. [Color figure

can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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for the a-helical engrailed homeodomain, pdbcode 1enh,

where Ca root mean square deviation from the native

structure (Ca-RMSD, or simply RMSD) is shown as a

function of simulation time for 25 trajectories in each

plot. RMSD remains low most of the time for all unfold-

ing trajectories with L 5 3, around 3 Å, while for L 5 2

abrupt interconversions are observed between two nar-

row RMSD ranges, corresponding respectively to native-

like conformations around 4 Å and previously described

mirror-like structures20,21 around 11 Å. The minimal

number of layers required to preserve the stability of the

native structure for this protein, with our current

sequence-independent constraints, is therefore L 5 3.

Additionally, low RMSD conformations dominate the

final conformational ensemble at least in some of the

folding trajectories with L 5 3, indicating that an ensem-

ble of native-like conformations is also kinetically accessi-

ble during our simulations. We use this double criterion

of native-like ensemble stability and accessibility to con-

sider that Lmin 53 for 1enh, as previously reported.21

Note however that even for L 5 2 the chain is already

constrained within just two narrow and symmetrically

related conformational ensembles. The native-like ensem-

ble is accessible but not stable. The dominant conforma-

tional ensemble for L 5 3 still increases slightly in

abundance and similarity for L 5 4, remaining both sta-

ble and accessible. Trajectories for 1enh are conveniently

summarized in Figure 3(a) by a folding/unfolding double

plot of the average RMSD along the last 10% steps in

folding or unfolding trajectories, hRMSDi, further aver-

aged over the 25 trajectories in each plot, hhRMSDii, as

a function of L with standard deviation of the second

average represented by error bars with minimal and max-

imal individual hRMSDi values represented by circles.

Stability is indicated therefore by a low maximal unfold-

ing hRMSDi while accessibility is conversely indicated by

a low minimal folding hRMSDi.
Accordingly, instability for L 5 2 is indicated by a

maximal unfolding hRMSDi � 11 Å while the minimal

folding hRMSDi < 5 Å indicates accessibility if we con-

sider this value as a sufficient indication for ensemble

native-likeness. For L 5 3, the maximal unfolding

hRMSDi < 5 Å indicates that the native ensemble is now

stable during our simulation time while the minimal

folding hRMSDi � 3 Å shows that it remains accessible

and actually more uniformly similar to the native confor-

mation. A large maximal folding hRMSDi � 11 Å corre-

sponds to the single trajectory that converged to the

mirror ensemble. For L 5 4 stability and accessibility are

maintained and now the maximal folding hRMSDi < 5

Å reflects the observation that no trajectory was trapped

in the mirror ensemble. The concentration of incorrectly

folded trajectories around a mirror image of the native

structure becomes more evident in Figure 3(b) where

RMSD values in each trajectory were computed both

with respect to the native structure and a single mirror

conformation and averages were taken over the combina-

tion that retained the smaller of these two values for

each conformation. The combined ensemble is seen to be

stable for L 5 2 to within �5Å RMSD from one of the

two references, as indicated by low maximal unfolding

hRMSDi, and is highly accessible, as indicated not only

by low minimal but also maximal folding hRMSDi.
Analogous folding/unfolding double plots for other small

proteins, the a/b 3fil (c), all-b 1shf (d), all-a 3zr8 (e)

and all-b 1c9o (f), are also shown in the same figure

and can be interpreted similarly. For the a/b 3fil we

observe instability and inaccessibility for L 5 2 while for

Lmin 53 and L 5 4 the native ensemble is both stable and

accessible, as determined by both the maximal unfolding

and minimal folding hRMSDi < 5 Å. The all-b protein

1shf, conversely, is both unstable and inaccessible for

L 5 2, stable but inaccessible for L 5 3, and both stable

and accessible only for Lmin 54. The native ensemble of

all-a 3zr8 is again both unstable and unaccessible for

L 5 2, becomes accessible but remains unstable for L 5 3

and, finally, is both stable and accessible for Lmin 54. The

all-b 1c9o is the only protein in this collection for which

the native ensemble could almost be considered stable

and accessible with our present constraints for L 5 2,

since both maximal unfolding and minimal folding

hRMSDi are just above 5Å. Both values decrease percept-

ibly, to �3Å, as L increases to 3 or 4 and we decide to

maintain the sharp threshold and consider Lmin 53 for

1c9o.

Concomitant stability and accessibility during our sim-

ulations, as presently estimated, might be affected by

kinetics and could depend on total simulation time in

addition to the number of attempted trajectories. Longer

trajectories, or slower annealing protocols, are expected

to increase the probability of reaching the lowest energy

conformational ensemble while avoiding kinetic traps.

Accordingly, if native-like ensembles happen to be kineti-

cally inaccessible during short trajectories but lower in

energy than unfolded alternatives as computed with the

same potential, that is, if they are energetically distin-

guishable, they should eventually become accessible in

sufficiently long trajectories. Increasing the number of

trajectories for a given simulation time, conversely,

increases the number of folding attempts and, therefore,

the probability of a folding event being observed by

chance in at least one trajectory. If obtained native-like

ensembles are energetically indistinguishable, however,

their observation would accordingly have even lower

probability in longer simulations. Furthermore, energeti-

cally indistinguishable native-like ensembles obtained by

chance as kinetic traps could not be identified without

previous knowledge of the native structure. It is relevant

for the present analysis, therefore, that present Lmin esti-

mates would not be greatly affected if energetic distin-

guishability were applied as a more stringent criterion

for protein-like folding behavior.
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Energetic distinguishability for the noiseless potentials

might be suggested by a low hRMSDi for the folding tra-

jectory with lowest average energy, which is shown in

Figure 3 by a filled circle superimposed to the bar repre-

senting the distribution of folding hRMSDi values. The

accessible and almost native-like ensemble for 1c9o with

Figure 3
Folding and unfolding trajectories with a noiseless burial potential for small proteins. Each bar indicates the hhRMSDii for the final 10% of unfold-
ing (UNF) and folding (FLD) trajectories for small proteins 1enh (a and b), 3fil (c), 1shf (d), 3zr8 (e), and 1c9o (f), with a native burial potential

with L 5 2, L 5 3, and L 5 4 burial layers, as indicated. The double average corresponds to an initial RMSD average in each trajectory, hRMSDi,
further averaged over 25 independent trajectories. Error bars represent the standard deviation of this second average. Minimal and maximal indi-

vidual hRMSDi values are indicated by open circles. A large filled circle indicates the hRMSDi for the folding trajectory with minimal final average
energy. Averages shown in (b) are based on RMSD values both from the native structure and from a single mirror conformation, whichever is

smaller for any given sampled conformation. Each bar in each plot condensates relevant information from a whole group of trajectories that would

occupy a whole plot if presented as in Figure 2. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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L 5 2, for example, corresponding to the lowest folding

hRMSDi close to 5Å, as discussed above, turns out to be,

anyway, energetically indistinguishable since at least one

other ensemble with lower average energy, that is, the

lowest energy final ensemble, was found to have high

hRMSDi � 11 Å. For Lmin 53, however, the lowest energy

final ensemble corresponds to a low, native-like,

hRMSDi. A particularly ambiguous result is provided by

concomitant stability and inaccessibility, as observed for

1shf in 25 folding and unfolding trajectories with L 5 3,

since it is apparent that longer and/or more simulations

should eventually detect either instability or accessibility.

Accordingly, accessibility was indeed observed in an addi-

tional round of 50 folding trajectories (not shown) which

could suggest a smaller Lmin for this all-b protein but

the obtained native-like ensembles turned out to be ener-

getically indistinguishable. In any case, we find that

native-like ensembles are stable, accessible and distin-

guishable for all these small proteins when L 5 4, which

is a sufficiently small number of layers to be directly

attacked by our current discrete burial prediction

scheme. Distinguishability is particularly emphasized by

native-like conformations shown in Figure 1 superim-

posed to the native structure for each of these five pro-

teins, with RMSD between 2 and 4 Å as indicated, which

were obtained as the lowest energy conformation within

the last 10% of all their folding trajectories with L 5 4,

while the lowest obtained RMSD is inside parenthesis.

Consistent estimates for Lmin resulting from the simpler

criterion for protein-likeness justifies its use in our esti-

mates for usable redundancy based on simulations with

noisy potentials in which case the stricter criterion is not

applicable since, as described further below, each trajec-

tory is governed by a different potential.

Figure 4 shows folding/unfolding plots for two larger

proteins, the all-b globular tail of nuclear lamin 1ifr (a),

and the a/b bacterial thyorredoxin 2hsy (b), indicating

that the sufficiency of a modest amount of burial infor-

mation to make the native sate both stable and accessible

extends beyond the previously investigated small size

range. Interestingly, Lmin 54 was found to be sufficient

to provide stability and accessibility for the particularly

complex all-b Ig-like fold,42 with Nr 5 117, while for the

somewhat smaller and apparently simpler a/b domain,43

with Nr 5 103, the native ensemble was stable but not

accessible with L 5 4 in 25 folding attempts. Further-

more, for Lmin 55 a single folding trajectory converged

to a low RMSD ensemble, with hRMSDi < 5 Å, but the

resulting b-sheet topology turned out to be incorrect. In

an additional round of 50 folding trajectories, however,

some trajectories did converge to native-like ensembles

with the correct topology with Lmin 55 but not L 5 4.

The conformation with lowest energy in the final folding

trajectories for 1ifr with L 5 4 and 2hsy with L 5 5 are

shown in Figure 1 superimposed to their native struc-

tures. For the largest investigated protein, the a/b 1oz9

with Nr 5 141 residues, L 5 6 layers were required to

maintain unfolding trajectories below the hRMSDi < 5 Å

threshold we have been using as a pre-condition for

native-likeness, as shown in Figure 5(a). Regarding acces-

sibility, however, we did not obtain any folding trajectory

converging to this low hRMSDi range even when increas-

ing the number of layers to 7 and 8 or in an additional

round of 50 trajectories with L 5 8 (not shown). An

energetic consideration of final folding and unfolding

ensembles becomes therefore particularly relevant for this

larger protein. Figure 5(b) shows final hRMSDi plotted

against average final energy for different folding and

unfolding trajectories for 1oz9 with L 5 8, showing that

average final energies in the observed folding attempts

are higher than average native energies obtained from

unfolding trajectories, with a reasonable correlation

between hRMSDi and average energy, strongly suggesting

that the stable and distinguishable native-like ensemble

should become accessible in sufficiently longer folding

trajectories. It is also encouraging to note that the final

folding ensemble with lowest hRMSDi � 7 Å is in the

lower energy range of folding trajectories and adopts an

a/b conformation differing from the native topology by

a single exchange between two strands in the b-sheet,

namely, the second and third strands along the sequence,

as shown in Figure 1 by the conformation from this tra-

jectory with the largest fraction of standard secondary

structure displayed beside the native structure.

Folding and unfolding simulations for three of the

small proteins with a varying amount of noise added to

the burial potential term with L 5 4 are summarized in

Figure 6. Each bar in each plot corresponds again to

hhRMSDii in 25 trajectories with minimal and maximal

hRMSDi indicated by circles. Each plot corresponds to a

given protein, that is, 1enh (a), 3fil (b), and 1c9o (c).

The first group of bars in each panel represents unfold-

ing simulations with different fractions f1 of atoms for

which the sequence-dependent burial potential term is

“turned off” and the atom is simply pushed to a com-

mon burial well comprising all layers. The second group

in each panel also represents unfolding simulations but

with a fraction f2 of atoms for which the target layer is

chosen randomly. As described in the theoretical back-

ground section, f2 values in the second group are chosen

in such a way that H2ðf2Þ5f1, according to Eq. (7), for f1

values used in the first group and noise levels added in

both groups are therefore expected to probe similar levels

of available redundancy, as given by f1. Note that f1 5 0

and f2 5 0 correspond to the same noiseless condition

and represented hRMSDi values are the same already

shown for unfolding trajectories in Figure 3. Finally, the

third group in each panel represents folding simulations

with the same fractions f2 of atoms for which target

layers are chosen randomly and values for f2 5 0 are the

same already shown in Figure 3 for folding trajectories.

Differently from the averages shown in Figure 3,
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however, which are taken over different trajectories

with the same potential, averages for non-zero values

of noise are taken over individual trajectories governed

by different burial potentials, each generated from a

different realization of noise. We now use hhRMSDii
itself instead of maximal hRMSDi to probe for stability,

considering hhRMSDii < 5 Å as a rough indication that

the native structure might remain stable for about half

of these realizations of burial potential, while accessi-

bility in folding trajectories is still indicated by at least

one trajectory converging to a native-like ensemble.

Stability might be therefore overestimated by this pro-

cedure, since longer unfolding trajectories could

increase the fraction of unfolding events and the value

of hhRMSDii, but accessibility is conversely underesti-

mated since a single folding event would be more likely

to be observed if a larger number of simulations were

attempted.

It is apparent from the first group of bars in each

panel of Figure 6 that the available redundancy to pre-

serve stability against erasures according to these criteria

is larger than 3/4 but smaller than 7/8 for 3fil (b) and

1c9o (c), considering that hhRMSDii is smaller and

larger than 5 Å, respectively, for these two fractions of

erased burials. For 1enh (a) hhRMSDii is just above the

threshold already for the smaller fraction, suggesting a

somewhat smaller redundancy but still close to the lower

end of the previous range, around 3/4. From the second

group of bars in each plot we observe that the available

redundancy to preserve stability against scrambling also

appears to lie between 3/4 and 7/8 for 1enh and 3fil,

while for 1c9o our present procedure provides a higher

value, between 7/8 and 15/16. Lower limits for the esti-

mated redundancy to preserve accessibility for the same

scrambling noise scheme, obtained from the last group

of bars in each plot, also lies between 3/4 and 7/8 for 3fil

and 1enh. For 1c9o, however, the estimated value is very

low since we did not observe folding events for f2> 0 in

these collections of 25 trajectories. The resulting combi-

nation of high upper limit for stability with low lower

limit for accessibility in the estimates for scrambling

redundancy for 1c9o might reflect a significant kinetic

barrier between folded and unfolded ensembles for this

all-b protein. We obtain therefore, based on the results

for 1enh and 3fil, 3=4 � q2ðL54Þ < 7=8 as an initial

estimate for the available redundancy to preserve folding

behavior. Note that this range is not inconsistent with

our present results for 1c9o, although a similarly precise

estimate in this particular case would require longer sim-

ulations and not be practical. We then attempt to narrow

down the estimated range for 1enh and 3fil performing

additional folding and unfolding simulations with noisy

potentials probing additional intermediate levels of

redundancy against scrambling, that is, 4/5, 5/6, and 6/7.

We note from the double plots shown in Figure 7 that

both proteins remain stable and accessible for H2ðf2Þ54=
5 while for H2ðf2Þ55=6 we already have unfolding

hhRMSDii at 5 Å for 1enh and larger than this threshold

for 3fil. We suggest therefore that a usable redundancy

close to 0.8, or q2ðL54Þ � 4=5, is provided by our cur-

rent sequence-independent constraints for small proteins

with L 5 4.

We now observe that the quality of atomic burial pre-

dictions obtained from a Hidden Markov Model that

were used in our previous ab initio folding simulations

are also consistently described in terms of the relations

between inaccuracy and uncertainty provided by Eqs. (7)

and (9). Prediction accuracy, 1 – f, for L 5 4 in a group

of 278 small globular proteins with Nr � 80 was found

Figure 4
Folding and unfolding trajectories with a noiseless burial potential for

two larger proteins. Each bar indicates the hhRMSDii for the final 10%
of unfolding (UNF) and folding (FLD) trajectories for two somewhat

larger proteins, 1ifr (a) and 2hsy (b), with a native burial potential with
2 � L � 5 burial layers, as indicated. The double average corresponds

to an initial RMSD average in each trajectory, hRMSDi, further aver-

aged over 25 independent trajectories. Error bars represent the standard
deviation of this second average. Minimal and maximal individual

hRMSDi values are indicated by open circles. A large filled circle indi-
cates the hRMSDi for the folding trajectory with minimal final average

energy. The extra bars for 2hsy in L 5 4 and L 5 5, labeled FLD1,
correspond to an enlarged collection of folding simulations with 50

additional trajectories. [Color figure can be viewed in the online issue,

which is available at wileyonlinelibrary.com.]
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to range from as low �0.25 to �0.6 with an average �
0:4460:07 and successful folding simulations were

observed for three proteins with above average prediction

accuracy around 0.56.22 As shown in Figure 8(a) for 223

proteins from that group, with 50 � Nr � 80, prediction

uncertainty 2hLLi for L 5 4 is indeed somewhat smaller

but follows the trend provided by the expression of

H2(f) for the large majority of these predictions when

the inaccuracy f is distinctively smaller than

ðL21Þ=L50:75, or accuracy ð12f Þ > 1=L50:25, with

relative uncertainty 2hLLi=log 2L increasing from less

than 0.75(3/4) for the best predictions with inaccuracy f

�0:45 to around 0.875(7/8) for close to average inaccur-

acy f �0.55. For poor, random-like, predictions with

inaccuracy f � ðL21Þ=L50:75, conversely, no correlation

is apparent between f and 2hLLi=log 2L, with many

examples of the latter assuming values larger than 1, an

indication of “worse than random” predictions. The frac-

tion of small proteins whose relative uncertainties for

L 5 4 are expected to be sufficiently small to be corrected

during folding simulations by a detectable redundancy

around 4/5, as presently estimated, is therefore small,

corresponding the fraction of proteins for which

2hLLi=log 2L < 0:8, or just above 20% (46/223), as

more clearly observed in the histogram of frequencies

shown in Figure 8(b). Note that the fraction of

approachable proteins could increase significantly if the

detectable redundancy becomes closer to to 7/8 with

eventually improved sequence-independent constraints in

our simulations, since more than 50% (115/223) of the

observed predictions would require a redundancy

between 0.8 and 0.9.

Figure 5
Folding and unfolding trajectories with a noiseless burial potential for the large a/b 1oz9. (a) Each bar indicates the hhRMSDii for the final 10%
of unfolding (UNF) and folding (FLD) trajectories with a native burial potential with 2 � L � 8 burial layers, as indicated. The double average cor-

responds to an initial RMSD average in each trajectory, hRMSDi, further averaged over 25 independent trajectories. Error bars represent the stand-
ard deviation of this second average. Minimal and maximal individual hRMSDi values are indicated by open circles. A large filled circle indicates

the hRMSDi for the folding trajectory with minimal final average energy. (b) Average final energy and average final RMSD, with standard devia-
tions represented by error bars, for the 25 folding (FLD) and unfolding (UNF) trajectories for this large protein, with L 5 8. [Color figure can be

viewed in the online issue, which is available at wileyonlinelibrary.com.]
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DISCUSSION

Our present simulations with noiseless burial poten-

tials demonstrate that the sufficiency of a small amount

of burial information to generate energetically distin-

guishable native-like conformational ensembles, when

Figure 6
Folding (FLD) and unfolding (UNF) trajectories with increasingly noisy
burial potentials with L 5 4 layers. Each bar represents hhRMSDii in 25

trajectories with minimal and maximal hRMSDi indicated by circles.
Each panel corresponds to a given protein, that is, 1enh (a), 3fil (b),

and 1c9o (c). The first group of bars in each panel represents unfolding
simulations with different fractions f1 of atoms for which the native-

dependent burial potential term is “turned off” or “removed” (REM).

The second group of bars represents unfolding simulations with a frac-
tion f2 of atoms for which the target layer is chosen randomly, or

“scrambled” (SCR), with f2 values chosen in such a way that H2ðf2Þ5f1,
according to Eq. (7), for f1 values used in the first group. The third

group represents folding simulations with the same fractions f2 of
scrambled atoms. Noise levels added for each group in all panels are

expected to probe similar levels of available redundancy, as given by f1,

that is, 0, 1/2, 3/4, 7/8, 15/16, and 1. [Color figure can be viewed in the
online issue, which is available at wileyonlinelibrary.com.]

Figure 7
Folding (FLD) and unfolding (UNF) trajectories with noisy burial poten-
tials with L 5 4 layers probing for redundancy between 3/4 and 7/8 for

1enh(a) and 3fil (b). Each bar represents again hhRMSDii with minimal

and maximal hRMSDi indicated by circles. The fraction f2 of scrambled
atoms, for which the target layer is chosen randomly, with H2ðf2Þ53=4, 4/

5, 5/6, 6/7, and 7/8, according to Eq. (7), is indicated below each bar. Aver-
ages shown for f2 5 0.35 and 0.47, or H2ðf2Þ53=4 and 7/8, respectively, are

the same already shown in Figure 6 and were computed from 25 trajectories
while for the additional intermediate values of f2 5 0.40, 0.43, and 0.45, or

H2ðf2Þ54=5, 5/6, and 6/7, in this order, averages were computed from 50

trajectories. [Color figure can be viewed in the online issue, which is avail-
able at wileyonlinelibrary.com.]
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combined to physically motivated sequence-independent

constraints, extends beyond a minute group of small or

particularly simple examples. Furthermore, there is no

apparent correlation between the amount of required

information and structural class for proteins of similar

sizes, as indicated by the small Lmin � 4 for all five small

proteins with Nr � 80. A notable distinction is observed,

however, in that the native ensemble of a-helical proteins

for L < Lmin can be accessible but unstable during our

simulations while for b-sheets there is a tendency for the

native ensemble to become stable before becoming acces-

sible as L < Lmin increases. This discrepancy is consistent

with a larger kinetic barrier between folded and unfolded

ensembles in the latter case, which is most likely to arise

from the requirement of energetically expensive hydrogen

bond disruptions during a spatial rearrangement of b-

strands, but not of a-helices, inside the hydrophobic

core. It is also interesting that the associated interconver-

sion between symmetrically related ensembles for the a-

helical proteins for L < Lmin , that is, 1enh with L 5 2 or

3zr8 with L 5 3, generates a combined ensemble that

could be described as having native-like secondary struc-

ture in the absence of rigid tertiary interactions. This is a

well-known defining feature of molten globules, which

might be experimentally observed under weak denaturant

conditions.44 While sufficient burial information could

explain how ensembles dominated by a single conforma-

tion arise under native conditions, this additional obser-

vation indicates that a sub-optimal amount of burial

information could similarly explain, at least qualitatively,

preeminent features of enlarged conformational ensem-

bles induced by weak denaturants. Actually the whole

structural continuum englobing the so-called “trinity”

formed by ordered tertiary conformations, molten glob-

ules and intrinsically disordered chains, whose last mem-

ber tends to arise from low complexity sequences with

an insufficient number of apolar residues,45 could be

similarly described in terms of different amounts of bur-

ial information.

Our present results for the three larger proteins

strongly suggest that globular size does not impose any

intrinsic limitation on the obtainability of tertiary struc-

tures from a small amount of atomic burial information,

with apparently just a mild increase of Lmin with chain

length as indicated by probable 6 � Lmin � 8 no more

than twice as large for 1oz9 when compared with the

small proteins about half its length. Burial prediction for

these larger values of L will require some adaptation of

our current prediction scheme, since a direct increase of

L in our HMM could increase the number of hidden

states beyond the limit imposed by statistical saturation

in a finite training set.18 A possible approach to generate

burial predictions for larger values of L would be to use

our current predictions for small L to estimate a contin-

uous burial probability density determined by a small

number of adjustable parameters46 from which the pre-

diction for any number of layers could be derived. The

resulting quality of this approach must still be investi-

gated. A major additional limitation for our present

approach to tackle large proteins in general appears to

be, however, the total simulation time. For larger pro-

teins direct simulations with our present code could

become impractical and alternative approaches to sample

conformational space more efficiently might become nec-

essary. In any case, sequences of atomic L-burials with a

rather small number of layers L � Lmin appear to be

Figure 8
Relative uncertainty for available burial predictions. Relative prediction
uncertainty, 2hLLi=log 2L, is plotted as a function of prediction inac-

curacy, f, for burial predictions with L 5 4 of 223 small globular pro-
teins with 50 � Nr � 80 obtained by a Hidden Markov Model as

described elsewhere.22 Each point corresponds to a protein. The curve
represents H2(f) as provided by Eq. (7). Dashed lines mark relative

uncertainty values of 0:5ð1=2Þ; 0:75ð3=4Þ and 0.875 (7/8). A redun-

dancy not smaller than the relative uncertainty would be required to
correct for prediction mistakes and, since L54 > Lmin , to result in cor-

rect folding behavior. Prediction mistakes for a small fraction of pro-
teins could be appropriately corrected by a redundancy of 0.75 while

0.875 would be sufficient for most proteins, as more clearly observed in
the histogram of frequencies obtained from the same data shown in

(b). [Color figure can be viewed in the online issue, which is available

at wileyonlinelibrary.com.]
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indeed sufficient to determine the tertiary structure of

monomeric globular proteins in general and it becomes

most relevant to investigate to what extent L-burial

sequences could actually be encoded in, and obtainable

from, amino acid sequences.

Sequences of atomic L-burials could be encoded in

amino acid sequences, and reliably decoded in our simu-

lations, if a sufficiently large amount of sequence-

independent, redundant, information resulting from cor-

relations present in actual burial sequences could be

detected by our sequence-independent constraints. The

amount of required non-redundant information could

then become smaller than sequence entropy and eventu-

ally compatible with the more restrictive threshold pro-

vided by actual burial predictions from sequence. In

other words, the possibility of a reliable encoding of

atomic L-burials in amino acid sequences is intrinsically

dependent on burial redundancy. In his classic exposition

of information theory Shannon described how the

redundancy of ordinary English had been estimated to

be around 0.5 from several independent observations,

including the entropy computed from frequencies of

short blocks of letters in written text and the maximal

fraction of erased letters that could be successfully

restored by an anglophone reader. These two approaches

are analogous, respectively, to our previous estimate for

the entropy of burials in blocks of adjacent atoms in

globular proteins and to our current estimate for the

usable burial redundancy in folding simulations. In our

case, however, the two estimates are not coincident. The

entropy of L-burial sequences obtained from L-burial

fragments of adjacent backbone atoms in a collection of

small proteins was found to be �0.4 and �0.6 bits/atom

for L 5 2 and L 5 3, respectively,21 corresponding to a

redundancy of �0.6 independently of L, that is,

120:4=log 22ð Þ or 120:6=log 23ð Þ. This is smaller than

our present estimate for the available redundancy to cor-

rect for inaccurate burials in folding simulations, that is

4=550:8 > 0:6. It is apparent, therefore, that burial cor-

relations extending beyond short fragments of adjacent

atoms are detectable by sequence-independent constraints

in our simulations and that the amount of non-

redundant information required to specify a particular

sequence of atomic burials is actually smaller than previ-

ously suggested. While for a redundancy of 0.6 the corre-

sponding entropy of L-burial sequences is smaller than

the primary sequence limit of �0.5 bits/atom for L 5 2

but not L 5 3, as discussed above, L 5 4 burial layers

become entropically compatible with amino acid sequen-

ces if the redundancy is 0.75, since

ð120:75Þ3log 2450:5. The number of compatible layers

further increases to L 5 5, or possibly L 5 6, for the pres-

ently estimated detectable redundancy around 0.8, since

ð120:8Þ3log 2550:46 and ð120:8Þ3log 2650:52. We

had previously noted that a limited number of protein

shapes imposes a strong constraint on possible burial

sequences providing a large amount of sequence-

independent burial information, both local and non-

local.22 This is equivalent to a large burial redundancy

that could eventually be used, if detectable, to correct for

predicted burial inaccuracy. Our present results, there-

fore, demonstrate that at least a fraction of this burial

redundancy originated from non-local information is

actually detectable by our current simulations.

The entropy of primary sequences is expected to be

somewhat larger than the theoretical limit imposed on

burial predictions by the mutual information between

sequences and central distances, since a significant num-

ber of different sequences might be compatible with a

given tertiary structure,47,48 and therefore with given set

of distances. Furthermore, it is useful to consider directly

a more pragmatic limit imposed by the quality of actual

predictions as quantified by prediction information, that

is, the reduction in burial uncertainty due to prediction,

Ip5log 2L1hLLi or, equivalently, by the (relative)

remaining burial uncertainty on prediction

2hLLi=log 2L, which are both derived from the average

log-likelihood of burials observed in available structures

according to predicted probabilities. The quality of burial

predictions obtained from a Hidden Markov Model

(HMM) on a large collection of globular proteins with

different sizes was previously found to provide an aver-

age reduction in burial uncertainty close to 15% for

L 5 2 and L 5 3 layers of Ca or Cb atoms,18 or a relative

burial uncertainty close to 85%. The suggested required

redundancy of at least 0.85 is slightly above our present

estimate for the redundancy detectable in our simula-

tions around 4/5 5 0.8. If we restrict ourselves to small

proteins and consider predictions for different proteins

individually, we also find that 0.8 is smaller than

required to compensate, for most proteins, the inaccur-

acy provided by our burial prediction scheme extended

to all atoms with L 5 4. The distribution of prediction

uncertainties shown in Figure 8 is actually consistent

with our previous successful ab initio simulations with

sequence-dependent burial potentials for proteins with

above-average burial predictions22 and suggests that the

fraction of approachable proteins would indeed be signif-

icantly enlarged if detectable redundancy could become

closer to 0.9. As detectable redundancy depends on

sequence-independent constraints in our simulations it is

possible that a more careful treatment of these con-

straints could increase the fraction of proteins approach-

able by our general scheme. No redundancy could be

sufficient for correcting all predictions in this collection,

however, since our worst predictions do not provide any

burial information at all. Alternatively, a larger fraction

of approachable proteins could also arise from an

increase in average burial prediction quality, that is, a

reduction in prediction uncertainty that could bring

more points below the detectable redundancy threshold.
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CONCLUSION

The obtainability of the tertiary structure of globular

proteins from a small amount of atomic burial informa-

tion is not limited to small chains or particularly simple

topologies. Furthermore, there is no obvious correlation

between the number of required burial layers and struc-

tural class, or complexity, for proteins with similar size.

The major practical limitation for larger proteins appears

to arise from overall slower kinetics and a high computa-

tional cost for the required longer simulations for these

larger systems and not from any intrinsic difficulty in

the general scheme connecting sequence to structure

through atomic burials. Burial redundancy detectable

during our folding simulations for small proteins is sug-

gested to be sufficient for correcting for burial inaccura-

cies from actual predictions for a small fraction of

proteins, which is consistent with our previous ab initio

successful simulations. The fraction of approachable pro-

teins could increase significantly with a plausible

improvement on sequence-dependent burial prediction

or on sequence-independent constraints that augment

the detectable redundancy during simulations.
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Capítulo 3

Representação diferencial

3.1 Representação diferencial dos enterramentos

atômicos

Em uma analogia, podemos visualizar a sequência de enterramentos atômicos ao

longo de uma cadeia proteica como um sinal analógico sendo transmitido ao longo do

tempo (Figura 3.1). Os enterramentos atômicos, bem como a informação estrutural de

uma proteína, estão definidos dentro de um espaço contínuo (analógico) de possibilidades,

ou seja, todas as possíveis distâncias entre o centro geométrico de uma estrutura até um

determinado átomo, ou todas as suas possibilidades de coordenadas atômicas. Contudo

a informação estrutural de uma proteína é transmitida através de um canal discreto e

com capacidade limitada: a sequência de aminoácidos. Podemos pensar que ao longo do

tempo as sequências proteicas tenham sido selecionadas de modo que esta informação seja

transmitida de forma eficiente, codificando o sinal estrutural de uma maneira que ele seja

compatível com a sequência de aminoácidos e que possa ser posteriormente recuperado.

A representação de sinais analógicos através de sinais digitais é extensivamente

empregada em diversos contextos de engenharia, tal como transmissão de voz, codificação

de áudio, armazenamento de dados e no uso de dispositivos que envolvem circuitos digitais

de forma geral, como computadores. Uma técnica frequentemente utilizada na digitalização

de sinais analógicos é a modulação por código de pulsos e suas variações, dentre as quais a

modulação por código de pulsos diferencial (Differential Pulse-Code Modulation), proposta

por Cassius C. Cutler em 1950, que utiliza as diferenças entre valores amostrados, ao invés

41
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Figura 3.1. (a) Enterramentos atômicos de Cα ao longo da cadeia de resíduos de uma
estrutura e (b) sinal de áudio digital ao longo do tempo, digitalizado através de técnicas
de modulação por código de pulsos.

dos valores absolutos, como método de codificação de um sinal(51). A digitalização de

sinais analógicos é interessante no contexto das telecomunicações, visto que ela permite

compressão sem perdas dos dados, e o uso de diferenças de sinais possibilita que sua

transmissão seja feita sob altas taxas de compressão, dada a menor entropia devido à

quantidade reduzida de símbolos na codificação (41, 52).

Até então, temos utilizado o modelo que representa os enterramentos atômicos

na forma de camadas equiprováveis de enterramento (Figura 3.2). Este é um meio de se

digitalizar o sinal estrutural proveniente dos enterramentos atômicos onde, para cada átomo,

é associada uma camada de enterramento dentro de um espaço finito de possibilidades (o

número de camadas considerado para a estrutura em questão). Esta representação, que

denota a posição absoluta de cada átomo na sequência, nos permite, por exemplo, realizar

as predições baseadas em HMM apresentadas anteriormente e tem mostrado resultados

interessantes no contexto do problema do enovelamento. Entretanto, a representação por

camadas possui algumas limitações: a escolha do número de camadas é arbitrário e pode

não ser adequado ao tamanho da estrutura com a qual se está trabalhando. A largura

de cada camada pode variar, por definição, dependendo do tamanho da proteína e o

número de camadas necessárias para a descrição da estrutura aumenta com o tamanho da
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sequência. Consequentemente, ao avaliarmos estruturas cada vez maiores precisaremos

também de cada vez mais símbolos para sua descrição, o que resultará inevitavelmente no

comprometimento da estatística e está limitado pela capacidade computacional disponível.

Apresentaremos nesta seção uma nova forma de representação dos enterramentos

atômicos, inspirada em tecnologias de processamento de sinais amplamente adotadas,

a qual denominaremos de representação diferencial dos enterramentos atômicos.

Esta metodologia consiste em associarmos à sequência de átomos da cadeia avaliada

uma sequencia de símbolos, também escolhidos dentre um alfabeto finito, que denote a

posição relativa entre dois átomos desta cadeia, ou seja, uma sequência de símbolos que

expressam se um átomo está mais ou menos enterrado que o anterior (Figura 3.2). A

partir da sequência de diferenças de enterramento (posições relativas) também é possível

recuperarmos uma segunda sequência contendo os níveis de enterramento dos átomos da

cadeia (posições absolutas), que se trata de uma descrição dos enterramentos análoga à

sequência de camadas utilizada anteriormente.

Figura 3.2. Esquema de representações de enterramentos atômicos. A representação por
camadas equiprováveis quantifica as distâncias absolutas e são divididas de forma que cada
uma tenha o mesmo número de átomos. A representação diferencial quantifica as distâncias
relativas entre dois átomos, indicando se um átomo está mais enterrado ou mais exposto
do que um átomo vizinho.

Exporemos agora as definições e o algoritmo em termos formais. Seja A =

(a1, . . . , an), ai ∈ Q uma cadeia finita de átomos formando uma sequência de n elementos

definida no alfabeto Q de tipos de átomo. Seja B = (b1, . . . , bn), bi ∈ R a sequência dos



44 CAPÍTULO 3. REPRESENTAÇÃO DIFERENCIAL

respectivos enterramentos atômicos de A expressos na forma de distâncias ao centro

geométrico da estrutura, definidos no conjunto dos números reais.

Queremos obter uma sequência de diferenças D = (d1, d2, . . . , dn−1), di ∈ D cujos

símbolos estão definidos no alfabeto D, de tal forma que di seja um descritor da diferença

entre dois átomos adjacentes, bi−1 e bi. A partir de D, deve ser possível recuperarmos

uma sequência S = (s1, . . . , sn), si ∈ R de níveis de enterramento atômico definidos no

conjunto dos números reais de modo que si seja um descritor do valor de bi. Chamaremos

o processo de construção da sequência D de modulação e será realizado por um algoritmo

que será detalhado posteriormente.

Por fim, o processo de geração da sequência S a partir de D será chamado de

demodulação, e consiste simplesmente na acumulação dos valores de D ao longo da

sequência. Se escolhermos D ⊂ Z, então, os elementos de S serão dados por

si =


0 para i = 1

si−1 + di−1 para 2 ≤ i ≤ n

(3.1)

É importante ressaltar que o valor inicial s1 pode ser atribuído arbitrariamente

uma vez que a escolha de valores diferentes acarreta apenas em uma transformação linear

da sequência S deslocando-a para cima ou para baixo. Inclusive, é necessário aplicar tal

transformação para que a sequência S seja expressa na mesma escala que os enterramentos

atômicos a partir dos quais ela foi gerada.

Apresentaremos agora a descrição detalhada do algoritmo de escolha dos símbolos

da sequência de diferenças. Sejam D2 = {−1, 1} e D3 = {−1, 0, 1} os alfabetos nos quais

discretizaremos as diferenças de enterramento, onde o valor −1 representa que um átomo

está mais enterrado que o anterior, 0 representa que está tão enterrado quanto e 1 representa

que está mais exposto. O algoritmo é dado por

di =


−1 se bi+1 ≤ b1 + ksi

1 se bi+1 > b1 + ksi

(3.2)

no caso do alfabeto de 2 direções, e por

di =



−1 se bi+1 < b1 + ksi − t

0 se (b1 + ksi − t) ≤ bi+1 ≤ (b1 + ksi + t)

1 se bi+1 > b1 + ksi + t

(3.3)
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no caso do alfabeto de 3 direções. As constantes k e t controlam, respectivamente, o

tamanho de cada incremento na representação e a proporção dos pares de átomos que

serão considerados igualmente enterrados. Neste trabalho estudaremos a sequência de

átomos dada pelos Cα, onde o maior valor possível de diferenças de enterramento é de 3.8Å.

Portanto, utilizaremos os valores k = 3.8
2 = 1.9 e t = 3.8

3 = 1.267, que são os valores que

resultam em uma distribuição aproximadamente equiprovável dos símbolos dos alfabetos

de direções nos bancos de dados avaliados. Por fim, para colocarmos S novamente na

escala da proteína em questão, realizaremos a seguinte operação sobre os elementos si de

S:

s′i = k · si + (Re ·Rm) (3.4)

onde Re = 2.7 3
√
n é uma estimativa do raio de giro de uma proteína de tamanho n,

descrita por Gomes et al. (37) e Rm = 0.96 é uma estimativa da mediana dos valores de

enterramento atômico normalizados entre 0 e 2 descrita no mesmo artigo. Para compararmos

os resultados obtidos com a representação diferencial e os resultados anteriores provenientes

da representação por camadas, escolhemos algumas estruturas especialmente selecionadas

a fim de abrangermos diferentes faixas de tamanho e classes estruturais. Estas estruturas

são apresentadas na Figura 3.3.

1c9o-A 1ifr-A 1oz9-A

2i9h-A 3fil-A 3tim-A
Figura 3.3. Estruturas para as quais apresentamos o
sinal de enterramentos obtido a partir da representação
diferencial e seus respectivos códigos PDB e identificadores
da cadeia.
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Apresentamos na Figura 3.4 uma comparação entre os sinais obtidos por meio da

representação diferencial de enterramentos, o sinal dos enterramentos nativos e a represen-

tação em 4 camadas equiprováveis, para a proteína 1ifr-A. Como forma de compararmos

a qualidade dos sinais de enterramento nativo obtidos pelas diferentes representações,

calculamos o desvio quadrático médio (RMSD) entre o sinal de enterramento real e aquele

proveniente de cada uma das representações.

Figura 3.4. Proteína 1ifr-A. Sinais de enterramento atômico obtidos através da
(a) representação por 4 camadas equiprováveis, RMSD=2.5Å, (b) representação
diferencial com 2 direções, RMSD=1.4Å, e (c) representação diferencial com 3
direções, RMSD=1.4Å.

O sinal proveniente da representação por camadas equiprováveis apresenta um

RMSD de 2.5 Å com o sinal real e necessita de 4 símbolos no alfabeto. Embora uma

resolução maior poderia ser obtida utilizando-se mais camadas, o tamanho do alfabeto

aumenta linearmente com o número de camadas na representação. Por outro lado, os sinais

provenientes das representações diferenciais obtiveram ambas um RMSD de 1.4 Å com

os enterramentos reais utilizando apenas 2 e 3 símbolos no alfabeto da sequência. Este

ganho de resolução também é observado nas outras proteínas analisadas, conforme mostra

a Tabela 3.1.
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Tabela 3.1. Desvio quadrático médio (RMSD) entre o sinal de enterramento nativo e
os sinais provenientes das diferentes representações de enterramento atômico para as
proteínas apresentadas.

Código PDB RMSD / Å
4 camadas Diferencial (2 símbolos) Diferencial (3 símbolos)

1c9o-A 2.122 1.902 2.036
1ifr-A 2.482 1.362 1.387
1oz9-A 2.437 2.342 2.027
2i9h-A 2.516 1.845 1.615
3fil-A 1.742 1.489 1.352
3tim-A 3.151 2.142 1.877
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3.2 Predições de enterramento

Uma vez definida esta nova forma de representarmos os enterramentos atômicos,

podemos utilizá-la para realizar predições de estrutura a partir da sequência. As predições

apresentadas nesta seção foram feitas através do software HMMPred, publicado por

van der Linden em seu trabalho de 2013(49). O algoritmo consiste em duas etapas:

uma etapa de treinamento, na qual as matrizes de transição são preenchidas com as

probabilidades inferidas a partir de um banco de dados, e uma etapa de predição, na qual

as probabilidades de cada símbolo do alfabeto dos estados escondidos são calculadas para

uma dada a sequência de resíduos avaliada.

Para a realização da etapa de treinamento, foi utilizada a lista de sequências obtida

a partir do PDBSelect(43) de 2009, que consiste em um banco de estruturas selecionadas do

Protein Data Bank - PDB(53) que tem como objetivo minimizar repetições nas sequências

de aminoácidos, selecionando-se apenas sequências representativas com menos de 25%

de identidade na estrutura primária. Além disso também foram executados os seguintes

tratamentos adicionais sobre a lista obtida: aplicado o filtro de identidade (30%) fornecido

pelo próprio PDB através da ferramenta BLAST/BLASTClust (54), removidas as proteínas

de membrana, removidas as proteínas não globulares (37) e removidas as cadeias cuja

sequência primária estivesse incompleta, ou seja, faltando as coordenadas do Cα para

algum resíduo (possuem “gaps”). Por fim , as cadeias foram posteriormente separadas em

dois grupos conforme o tamanho: entre 50 e 120 resíduos, totalizando 386 cadeias; entre

120 e 250 resíduos, totalizando 442 cadeias. Estes foram os conjuntos de fato utilizados na

etapa de treinamento do algoritmo. O filtro que removeu as sequências com “gaps” foi o

que causou a maior redução no tamanho dos conjuntos de treinamento, porém este filtro é

necessário para que possamos calcular efetivamente as diferenças de enterramento entre os

resíduos.

As predições foram feitas a partir da estrutura primária das cadeias avaliadas,

considerando-se apenas o enterramento do Cα para cada resíduo. A representação das

sequências de enterramento atômico associadas a cada sequência de resíduos foi feita

através de símbolos da representação diferencial dos enterramentos atômicos, onde os

seguintes modelos foram testados: representação com 2 direções de enterramento (mais

ou menos enterrado) e representação com 3 direções de enterramento (mais, menos, ou
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igualmente enterrado). Cada direção na representação diferencial compõe uma relação entre

dois resíduos adjacentes, mas o programa HMMPred requer que a sequência de símbolos

de enterramento tenha o mesmo tamanho que a sequência primária, o que potencialmente

resultaria em uma escolha assimétrica na atribuição dos símbolos aos resíduos, ou seja,

atribuir a cada resíduo ou a direção em relação ao anterior, ou em relação ao próximo; essa

assimetria também incute na necessidade de se descartar os dados referentes aos resíduos

de uma das extremidades da cadeia, dependendo da escolha, uma vez que não haveria

uma direção de enterramento para com a qual ele poderia ser pareado. Para se resolver

esta questão, foi utilizado um alfabeto em que cada símbolo denota tanto a direção de

entrada quanto a de saída para cada resíduo (Figura 3.5). Para fins de comparação, foram

realizadas também predições de camadas utilizando as seguintes configurações: 2 camadas

de Cα, 3 camadas, 4 camadas, 2 camadas e direção do Cβ, 3 camadas e direção do Cβ, 4

camadas e direção do Cβ.

Figura 3.5. Para as predições, a fim de se manter a simetria, os resíduos foram associados
a símbolos que compreendem tanto a direção de entrada quanto a direção de saída. Na
imagem, o átomo 2 é associado a d1 e d2, e o átomo 3 é associado a d2 e d3.

Para a análise dos resultados, as probabilidades obtidas a partir das predições de

direção foram marginalizadas com relação à direção relativa ao resíduo anterior,

Pa(δ) = Pa(δa) + Pa(δa+1) ∀δ ∈ D (3.5)

onde Pa(δ) é a probabilidade de um átomo a de Cα ser classificado com a direção δ em
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um alfabeto D de direções, Pa(δa) é a probabilidade predita da direção ao seu antecessor e

Pa(δa+1) é a probabilidade predita da direção ao seu sucessor na cadeia.

Da mesma forma, as probabilidades obtidas a partir das predições de camadas com

orientação do Cβ foram marginalizadas, para cada átomo, com relação à camada do Cα,

Pa(`) =
∑

direções de Cβ
Pa(`) ∀` ∈ L (3.6)

onde Pa(`) é a probabilidade de um átomo a de Cα ser classificado na camada ` em

um alfabeto de L camadas. Ou seja, somamos, para cada átomo, as probabilidades

probabilidades das diferentes predições de orientação do Cβ. As predições de camadas sem

orientação do Cβ não foram marginalizadas.

A qualidade das predições foi avaliada em termos de acurácia, informação da

predição absoluta e relativa, coeficiente de correlação linear e desvio quadrático médio

(RMSD) com os enterramentos observados. No caso das predições de camadas, consideramos

como corretamente atribuída quando a camada de maior probabilidade predita coincide

com a camada observada na estrutura nativa. A acurácia (fc) então é dada pela razão

entre o número de camadas corretamente atribuídas a cada resíduo (nc) e o número total

de resíduos (n),

fc = nc
n

(3.7)

e no caso das predições de direções, consideramos como corretamente atribuída quando a

direção de maior probabilidade predita entre um par de resíduos adjacentes coincide com

a direção observada na estrutura nativa, e a acurácia é dada pela razão entre o número de

direções corretamente atribuídas e o número total de direções,

fc = nc
n− 1 (3.8)

As medidas de informação da predição são calculadas através de uma estimativa da

incerteza do conjunto de probabilidades obtida pelo log likelihood médio (〈LL〉), conforme

descrito por Moddemeijer (55), segundo a fórmula:

〈LL〉 = −
∑n
i=1 log2 pprd(bnat(i))

n
(3.9)

onde pprd(bnat(i)) é a probabilidade predita do descritor observado na estrutura nativa na

posição i da sequência. A informação relativa da predição é definida pelo complemento da
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razão entre 〈LL〉 e o valor máximo da entropia no alfabeto do descritor utilizado, dada

por 1 − 〈LL〉
log2 |B|

, onde |B| é o tamanho do alfabeto e a informação absoluta é dada por

log2 |B| − 〈LL〉. Na Tabela 3.2 estão sumarizados os para as predições no banco de cadeias

entre 50 e 120 resíduos e na Tabela 3.3 para as predições no banco de cadeias entre 120 e

250 resíduos. As estimativas de erro apresentadas nesta Seção foram obtidas através de

bootstrapping (56) com 50 reamostragens.

Tabela 3.2. Resultados das predições no banco de cadeias entre 50 e 120 resíduos para os
diferentes alfabetos de enterramento considerados. Os dados estão agrupados conforme o
número de símbolos em cada representação.

Representação Acurácia / % Informação Informação relativa
dos enterramentos da predição / bits da predição / %

Diferencial (2 símbolos) 70.6± 0.3 0.186± 0.005 18.6± 0.5
2 camadas 70.8± 0.3 0.188± 0.005 18.8± 0.5

2 camadas + direção Cβ 71.3± 0.3 0.199± 0.005 19.9± 0.5

Diferencial (3 símbolos) 55.6± 0.3 0.261± 0.007 16.5± 0.4
3 camadas 54.2± 0.4 0.252± 0.008 15.9± 0.5

3 camadas + direção Cβ 54.6± 0.4 0.260± 0.008 16.4± 0.5

4 camadas 43.7± 0.4 0.284± 0.007 14.2± 0.4
4 camadas + direção Cβ 44.1± 0.4 0.283± 0.008 14.1± 0.4

Tabela 3.3. Resultados das predições no banco de cadeias entre 120 e 250 resíduos para os
diferentes alfabetos de enterramento considerados. Os dados estão agrupados conforme o
número de símbolos em cada representação.

Representação Acurácia / % Informação Informação relativa
dos enterramentos da predição / bits da predição / %

Diferencial (2 símbolos) 68.5± 0.2 0.149± 0.003 14.9± 0.3
2 camadas 68.2± 0.3 0.143± 0.003 14.3± 0.3

2 camadas + direção Cβ 68.8± 0.2 0.149± 0.004 14.9± 0.4

Diferencial (3 símbolos) 53.9± 0.3 0.219± 0.004 13.8± 0.3
3 camadas 51.6± 0.3 0.197± 0.004 12.4± 0.3

3 camadas + direção Cβ 51.4± 0.3 0.195± 0.004 12.3± 0.3

4 camadas 41.3± 0.3 0.220± 0.004 11.0± 0.2
4 camadas + direção Cβ 40.9± 0.3 0.213± 0.005 10.7± 0.2

Observamos que, tanto em termos de acurácia quanto em termos de informação

e incerteza, a qualidade das predições é comparável entre as diferentes representações,

quando utilizados o mesmo número de símbolos. A qualidade das predições com orientação

de Cβ para 2 camadas evidencia também a importância de incluirmos informação sobre as
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cadeias laterais, que não foram consideradas nas predições de direções. Há, contudo, certas

limitações ao se utilizar alfabetos com um número grande de símbolos decorrentes tanto da

complexidade do algoritmo, o que se reflete na capacidade computacional, quanto do espaço

amostral dos bancos de dados usados para o treinamento do programa. Este é o caso da

saturação na estatística das predições de 4 camadas e orientação de Cβ, cujo alfabeto usado

na predição possui 8 símbolos. Embora a representação de 3 direções utilize 9 símbolos

na predição, este efeito é atenuado pois os símbolos são altamente correlacionados, mas

o impacto da complexidade do algoritmo permanece, impossibilitando a adição de mais

descritores nestas predições. De todo modo estes resultados mostram que não há limitações

no uso deste algoritmo de predição para a representação diferencial.

A predição de diferenças de enterramento, entretanto, não deve ser a predição

final do sinal. Estamos interessados em recuperar a partir dela a sequência de níveis

que expressa o valor de enterramento absoluto dos átomos na cadeia. No caso do sinal

observado isso é feito de maneira trivial, uma vez que só há uma direção relativa associada

a cada resíduo. Contudo, no caso das predições temos para cada resíduo uma distribuição

de probabilidades dentre os possíveis símbolos do alfabeto utilizado. Um primeiro teste

seria simplesmente considerar a direção de maior probabilidade para construirmos um

traço de níveis de enterramento para cada cadeia, da mesma forma que é feito quando

realizamos predições com camadas de enterramento, e que foi o critério utilizado no cálculo

das acurácias das predições. A construção do traço S é feita da mesma forma que o sinal

quando tratamos dos enterramentos nativos, dada por

si =


0 para i = 1

si−1 + di−1 para 2 ≤ i ≤ n

(3.10)

Calculamos em seguida os coeficientes de correlação linear e o RMSD entre a

sequência de enterramentos nativos e o sinal predito para cada cadeia. Nas predições de

camadas, o sinal é dado pelo centro das camadas de maior probabilidade de cada resíduo.

A distância do centro das camadas até o centro geométrico da respectiva estrutura é

estimada através da curva de distribuição dos enterramentos atômicos, conforme descrito

por Gomes et al. (37) e por Linden et al. (36) e também discutido na introdução desta

teste (Equação 1.2). Os resultados estão sumarizados na Tabela 3.4.

Observamos que as predições com menor RMSD, e portanto aquelas cujos sinais de
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Tabela 3.4. Correlação e RMSD médios entre os enterramentos reais e o traço
obtido da predição para os diferentes alfabetos de enterramento considerados.

Representação Tamanho / resíduos
dos enterramentos 50 a 120 120 a 250

Correlação

Diferencial (2 símbolos) 0.31± 0.01 0.225± 0.009
2 camadas 0.483± 0.006 0.428± 0.005

2 camadas + direção Cβ 0.492± 0.007 0.436± 0.005

Diferencial (3 símbolos) 0.33± 0.01 0.234± 0.009
3 camadas 0.532± 0.007 0.470± 0.005

3 camadas + direção Cβ 0.534± 0.007 0.465± 0.005

4 camadas 0.544± 0.007 0.480± 0.007
4 camadas + direção Cβ 0.539± 0.008 0.466± 0.007

RMSD / Å

Diferencial (2 símbolos) 5.06± 0.09 7.2± 0.1
2 camadas 5.36± 0.03 6.98± 0.04

2 camadas + direção Cβ 5.33± 0.04 6.94± 0.04

Diferencial (3 símbolos) 4.53± 0.06 6.7± 0.1
3 camadas 4.87± 0.04 6.49± 0.05

3 camadas + direção Cβ 4.87± 0.04 6.53± 0.04

4 camadas 4.65± 0.05 6.26± 0.04
4 camadas + direção Cβ 4.68± 0.04 6.34± 0.04

enterramento mais se aproximam dos sinais reais são aquelas realizadas com a representação

diferencial de 3 símbolos sobre o conjunto de proteínas pequenas, conjunto este que

apresenta maior taxa de acerto nas predições em geral. Notamos, entretanto, que esta

não é a melhor maneira de recuperarmos o sinal de enterramento a partir das predições,

como evidenciado pela correlação reduzida com os enterramentos nativos. As predições

realizadas com a representação diferencial são muito sensíveis a erros, o que faz com

que erros pontuais nas atribuições das direções reduzam drasticamente a qualidade das

predições. Isso se deve ao fato de que a construção do traço é feita de maneira sequencial

e os níveis de enterramento de todos os resíduos além do primeiro são função do nível do

resíduo anterior. Sendo assim, a escolha da direção para um dado resíduo afeta a atribuição

dos níveis de enterramento para todos os resíduos subsequentes na cadeia (Figura 3.6).

Podemos evidenciar este efeito acontecendo no conjunto inteiro de proteínas se

filtrarmos os resultados removendo aquelas cadeias cujas predições têm baixa correlação

com o sinal de enterramento nativo. Na Tabela 3.5 mostramos os resultados para as

cadeias em que o sinal predito e o sinal real apresentam correlação linear superior a 0.3
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Figura 3.6. Sinal recuperado a partir das direções de maior probabilidade (linha contínua)
para a proteína 2i9h-A, apresenta correlação com os enterramentos nativos (linha vermelha)
de 0.38 e RMSD de 5.42Å. Se a predição tivesse atribuído corretamente as direções indicadas
pelas setas, obteríamos um sinal com correlação de 0.60 e RMSD de 3.25Å (linha tracejada).

simultaneamente na predição diferencial de 3 símbolos e na predição com 4 camadas e

direção da cadeia lateral. O valor de 0.3 foi escolhido de modo que aproximadamente

metade do conjunto de proteínas permanecesse na análise.

Tabela 3.5. RMSD entre os enterramentos reais e o traço obtido da predição
para os melhores alfabetos de enterramento considerados. Aqui foram analisadas
apenas as cadeias cuja correlação entre o sinal predito e o sinal real foi superior a
0.3 em ambos os métodos simultaneamente.

Representação RMSD / Å
dos enterramentos Sem filtro Com filtro

50 a 120 resíduos Diferencial (3 símbolos) 4.53± 0.06 3.91± 0.06
4 camadas + direção Cβ 4.68± 0.04 4.46± 0.04

120 a 250 resíduos Diferencial (3 símbolos) 6.7± 0.1 5.22± 0.09
4 camadas + direção Cβ 6.34± 0.04 5.97± 0.07

Aqui fica claro que o filtro afeta positivamente mais as predições da representação

diferencial do que as predições por camadas, reforçando a ideia de que esta representação

é especialmente sensível a erros. A representação diferencial apresenta, no entanto, maior

potencial para a obtenção de um sinal mais preciso caso possamos tratar adequadamente

estes erros pontuais, como evidenciado pela melhor resolução, das predições de boa

qualidade. Surge, portanto, a necessidade de que a atribuição das direções seja compatível

com toda a distribuição de probabilidades preditas, não só em cada resíduo, mas na
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sequência inteira. Neste contexto, a recuperação do sinal a partir da sequência de diferenças

passa a ser um problema de minimização que pode ser tratado por meio de um algoritmo

de otimização numérica, cujos resultados serão apresentados na Seção 3.3.

3.3 Otimização das predições

A recuperação do sinal de enterramento é um passo sensível às atribuições de

direções realizadas ao longo da cadeia, dada a sua natureza recursiva, e um erro em uma

determinada posição na sequência se propaga para todos os resíduos subsequentes. A

utilização de um algoritmo de otimização matemática nos possibilitará buscar no espaço

de traços de enterramento um sinal compatível com toda a distribuição de probabilidades

obtida das predições, diminuindo a arbitrariedade na atribuição das direções preditas.

Além disto, o uso de um algoritmo deste tipo também permitirá combinarmos resultados

de diferentes predições, devido ao potencial efeito sinergético entre descritores distintos,

conforme observado nos resultados de predições de 2 camadas com orientação do Cβ

(Tabelas 3.2 e 3.4).

Implementamos para este fim um método de Monte Carlo que permitirá explorar

este espaço de traços de enterramento através de simulações rápidas. Utilizamos como

termos de energia a ser minimizada funções dependentes das distribuições de probabilidades

obtidas diretamente das predições apresentadas. O programa foi implementado com a

possibilidade de aceitar mais de uma função de energia simultaneamente, permitindo que

seja possível combinar o resultado de predições diferentes para uma dada proteína.

O seguinte algoritmo foi utilizado: iniciamos com um estado inicial do sinal dado

por S = (s1, . . . , sn). Este estado possui uma sequência de diferenças, ou direções, dada

por D = (d1, . . . , dn−1) = (s2 − s1, . . . , sn − sn−1), di ∈ D. A cada iteração, escolhemos

ao acaso 3 posições w1, w2 e w3, 1 ≤ w < n, tal que D = (. . . , dw1 , . . . , dw2 , . . .). Então

geramos uma sequência D′ segundo os passos

D′ = (d′1, . . . , d′n−1)←D inicialmente D′ = D (3.11)

d′w1 ← dw2 atribuímos dw2 para d′w1 (3.12)

d′w2 ← dw1 atribuímos dw1 para d′w2 (3.13)

d′w3 ← δ com δ ∈ D escolhido ao acaso (3.14)
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essencialmente trocando os valores entre duas posições na sequência de diferenças e então

modificando uma terceira posição para um valor aleatório, conforme ilustrado na Figura

3.7. Todas as escolhas ao acaso seguem a distribuição uniforme.

Figura 3.7. (a) Estado inicial, proveniente da predição pelo
HMM. (b) Primeira modificação da sequencia de diferenças: duas
posições ao acaso, w1 e w2 têm seus valores trocados entre si
(Equações 3.12 e 3.13). Este movimento não altera a proporção
de símbolos no sinal, uma vez que se as posições escolhidas
tiverem o mesmo símbolo, nenhuma modificação será feita. (c)
Segunda modificação da sequencia de diferenças: uma terceira
posição w3 tem seu símbolo trocado ao acaso (Equaçãos 3.14).
Este movimento altera a porporção de símbolos na sequência
de diferenças. O sinal associado a (c) é o sinal submetido aos
cálculos de energia (Equação 3.17 e Equações 3.18, 3.19 e 3.20) e
pode ou não ser aceito para a próxima iteração do algoritmo.

Cada sequência de diferenças modificada também possui um sinal associado

S′ = (s′1, s′2, · · · , s′n) (3.15)

= (0, s′1 + d′1, . . . , s
′
n−1 + d′n−1) (3.16)
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que é submetido aos cálculos de energia após todos os passos de modificação da sequência

de diferenças. A Figura 3.7 ilustra como o algoritmo é aplicado sobre uma sequencia de

diferenças e como isso se reflete no sinal de enterramento associado a ela. Calculamos

então a energia dos estados, onde a energia total de cada estado é dada pela soma de todos

os termos de energia (utilizados na simulação) daquele estado

E = E1 + E2 + · · · (3.17)

Três termos de energia foram desenvolvidos para este trabalho, dois dos quais

apresentamos a seguir:

El = −
n∑
i=1

ln(pprd(si)) energia das camadas (3.18)

Ed = −
n∑
i=1

ln(pprd(di)) energia das direções (3.19)

onde pprd é a probabilidade computada pelo HMM para um dado símbolo, e um terceiro

que será apresentado posteriormente. Por fim, aplicamos o critério de Metropolis (57) para

aceitar ou rejeitar o novo estado:

• se E ′ ≤ E, então S ← S′

• se E ′ > E, então S ← S′ com probabilidade e−
(E′−E)

T , e T é um fator de temperatura

que pode ser controlado.

Selecionamos algumas cadeias com as quais já trabalhamos anteriormente para

submetermos às simulações Monte Carlo, de forma que diferentes tamanhos e classes

estruturais estejam representados. As cadeias escolhidas foram (código PDB - cadeia):

1c9o-A, 1ifr-A, 1oz9-A, 2i9h-A, 3fil-A, 3tim-A. Otimizamos as probabilidades das predições

diferenciais com 2 direções e das predições com 2 camadas com direção de Cβ, uma vez

que estas foram as predições que apresentaram a maior informação relativa, indicando que

o conjunto de probabilidades nestas condições deve descrever de maneira mais adequada os

enterramentos nativos. Também testamos a aplicação de um termo adicional que procura

aproximar a distribuição de enterramentos do sinal à distribuição global dos enterramentos

atômicos no banco de dados conforme publicado por Gomes et al. (37). A energia deste

termo global é proporcional à divergência de Kullback-Leibler (58, 52) entre a distribuição
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global descrita pela função de densidade de probabilidade dos enterramentos atômicos

(Equação 1.2, Figura 1.2) e a distribuição dos níveis no sinal em uma determinada iteração:

Eg = n ·DKL(L||P ) (3.20)

= n ·
max(S)+1∑
r=min(S)

l(r) ln l(r)
g(r) (3.21)

onde L é a distribuição de frequências l(r) de níveis de enterramento r em um sinal S de

tamanho n. Esta distribuição de frequências é inicialmente aquela que provém diretamente

da predição por HMM, mas pode mudar ao longo das iterações. P é a distribuição global

dos enterramentos atômicos (Equação 1.2, Figura 1.2) e p(r) é a probabilidade do nível r

obtida a partir dela:

p(r) =
∫ 2(r+1)

max(S)+1

2r
max(S)+1

P (r)dr (3.22)

As cadeias foram submetidas a 20 simulações em cada uma das configurações, com

temperatura T = 1. O número de iterações nas simulações foi de 2500n, e como sinal

predito foi considerada a média dos decis de menor energia obtidos para cada simulação.

Apresentamos os coeficientes de correlação entre o sinal predito e os enterramentos nativos

na Tabela 3.6. Nesta tabela também apresentamos, para fins de comparação, os coeficientes

das predições de maior correlação nos bancos de dados sem o uso do método Monte Carlo,

que são as predições de 4 camadas (Tabelas 3.2 e 3.2).

Tabela 3.6. Correlação entre os enterramentos reais e o traço obtido das simulações Monte
Carlo para as diferentes proteínas avaliadas usando diferentes combinações de funções de
energia minimizadas. TG: termo global dos enterramentos atômicos; D: termo proveniente
das predições diferenciais de 2 direções; L: termo proveniente das predições de 2 camadas;
as três últimas colunas contem as correlações com as predições não otimizadas, obtidas
diretamente do HMM conforme apresentado na Seção 3.2. 2D: diferencial com 2 direções;
2L+Cβ: 2 camadas e orientação do Cβ; 4L: 4 camadas.

Código
Coeficiente de correlação

Sem TG Com TG Somente HMM
D+L D L D+L D L TG 2D 2L+Cβ 4L

1c9o-A 0.69 0.54 0.65 0.66 0.64 0.62 0.10 0.62 0.69 0.74
1ifr-A 0.83 0.68 0.72 0.81 0.74 0.79 0.00 0.51 0.73 0.71
1oz9-A 0.81 0.74 0.67 0.79 0.77 0.69 0.08 0.56 0.66 0.73
2i9h-A 0.54 0.31 0.41 0.61 0.57 0.50 0.14 0.38 0.54 0.54
3fil-A 0.64 0.50 0.43 0.59 0.57 0.61 -0.02 0.32 0.53 0.40
3tim-A 0.35 0.34 0.12 0.47 0.31 0.43 -0.06 0.22 0.45 0.58

As simulações utilizando somente o termo global (TG) dos enterramentos foram rea-

lizadas como controle, a fim de se mostrar que este termo não pode ser independentemente
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responsável por qualquer melhora nas predições. De fato, estas simulações resultaram

em sinais não correlacionados com os enterramentos nativos. Este termo caracteriza uma

restrição independente da sequência que ocorre naturalmente nos enterramentos nativos

devido a restrições físicas relacionadas ao volume dos átomos e à globularidade das es-

truturas e sua aplicação pode ser útil na redução de ruído dos sinais preditos a partir da

sequência, o que fica evidenciado pelo aumento correlações dos sinais de alguns grupos

de predição, conforme mostrado na Tabela 3.6, especialmente naqueles cujo sinal predito

também é pouco correlacionado com os enterramentos nativos.

Analisando, por outro lado, os dados referentes às predições da representação

diferencial, observamos que, especialmente quando acopladas ao TG, a otimização resulta

em sinais mais correlacionados do que aqueles obtidos diretamente do HMM que consideram

apenas a direção de maior probabilidade. Estes dados são compatíveis com a hipótese de

que podemos extrair mais informação das predições ao considerarmos todo o conjunto

de probabilidades na obtenção do sinal, e que essa informação deve ser necessária na

recuperação do sinal a partir das direções, dada a natureza recursiva do algoritmo. O

mesmo padrão não foi observado nas predições de camadas para estas proteínas, exceto

nos casos da 1ifr-A e da 3fil-A acoplados ao TG, onde o sinal otimizado de 2 camadas com

direção se mostrou mais correlacionado com os enterramentos nativos até mesmo que na

predição direta de 4 camadas.

Em todos os casos, contudo, verificamos um efeito sinergético na determinação do

sinal ao acoplarmos as predições de diferenças com as predições de camadas, uma vez

que o sinal otimizado a partir das predições em conjunto se mostrou mais correlacionado

com os enterramentos nativos do que o sinal otimizado a partir das predições individuais

para cada cadeia. Podemos atribuir este efeito ao fato de estarmos conjugando conjuntos

de dados cuja informação não é redundante: um deles diz respeito à localização espacial

dos átomos na cadeia, e o outro diz respeito à orientação dos átomos ao longo da cadeia.

Apresentamos os sinais otimizados para a cadeia 1ifr-A e uma comparação com o sinal

não otimizado decorrente da melhor predição anterior por camadas (4 camadas) na Figura

3.8. Apresentamos também uma comparação entre os sinais para as outras proteínas na

Tabela 3.7.

Ressaltamos que mesmo nas situações em que o sinal otimizado é menos correla-
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Figura 3.8. Proteína 1ifr-A. (a) Sinal otimizado com os potenciais provenien-
tes da predição diferencial (2 direções), predição com 2 camadas e direção da
cadeia lateral e o potencial da distribuição global dos enterramentos atômicos.
(b) Sinal obtido a partir da predição direta de 4 camadas. As linhas vermelhas
são referentes ao sinal real de enterramento e as linhas azuis são referentes às
predições.

Tabela 3.7. RMSD e correlação dos enterramentos reais com os sinais oti-
mizados a partir das simulações Monte Carlo combinando a predição pela
representação diferencial de 2 direções, a predição por 2 camadas com direção
da cadeia lateral e o termo global da distribuição dos enterramentos atômicos,
para as diferentes proteínas avaliadas e uma comparação com os resultados
obtidos a partir da predição direta de 4 camadas.

Código Correlação linear RMSD / Å
4 camadas Sinal otimizado 4 camadas Sinal otimizado

1c9o-A 0.74 0.66 3.81 2.87
1ifr-A 0.71 0.81 4.83 2.20
1oz9-A 0.73 0.79 4.64 2.75
2i9h-A 0.54 0.61 4.73 2.96
3fil-A 0.40 0.59 4.40 2.69
3tim-A 0.58 0.47 6.50 4.66

cionado com os enterramentos reais do que a predição por camadas, como é o caso das

cadeias 1c9o-A e 3tim-A, obtemos um sinal de melhor resolução como evidenciado pelo

menor RMSD desse sinal em todos os casos. Na cadeia 3tim-A, inclusive, o sinal otimzado

apresentou um erro crítico entre os resíduos 60 a 90 (Figura 3.9). A predição por camadas
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não comete este erro mas possui uma flutuação considerável nesta região, o que resultou

na otimização ineficiente desta parte da cadeia. Contudo, ainda assim obtivemos uma

melhora notável no RMSD desta predição em relação à predição anterior.

Figura 3.9. Proteína 3tim-A. (a) Sinal otimizado com os três potenciais
desenvolvidos. Observamos que houve um erro neste sinal na região entre
os resíduos 60 e 90, o que não ocorre no sinal obtido a partir da predição
direta de 4 camadas (b). As linhas vermelhas são referentes ao sinal real de
enterramento e as linhas azuis são referentes às predições.

Desta forma, o método aqui proposto se apresenta como uma técnica mais robusta

e mais tolerante a falhas, capaz de explorar um espaço contínuo de distâncias, em contraste

com uma quantidade fixa de camadas discretas, o que nos dá uma perspectiva de maior

resolução no sinal das predições de enterramento também para outras cadeias aqui não

abordadas. Além disto, vimos anteriormente que um número pequeno de camadas é

insuficiente para descrevermos a estrutura tridimensional de proteínas grandes, implicando

que a estrutura terciária de cadeias longas necessita de alfabetos de representação cada

vez maiores (muitas camadas) para obtermos predições de camadas adequadas. O uso

da representação diferencial, por sua vez, aliada aos métodos de otimização propostos

nesta seção devem nos habilitar a desenvolver potenciais de enovelamento com resolução

suficiente para a descrição da estrutura de proteínas globulares independentemente de

seu tamanho. Por fim, ressaltamos que embora estas predições não tenham sido validadas
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por simulações de dinâmica molecular, a obtenção de sinais de enterramento predito mais

próximos dos sinais observados nas cadeias reais nos dá a perspectiva de predições de com

maior qualidade para o uso em futuras simulações.



Capítulo 4

Conclusões e perspectivas

Neste trabalho estabelecemos algumas medidas que nos permitem estimar a quan-

tidade de informação estrutural, em termos de enterramentos atômicos, que precisa ser

fornecida para que uma estrutura acesse o estado nativo nas nossas simulações de dinâmica

molecular. Obtivemos das análises realizadas no artigo que o mínimo de camadas necessário

é de 3 a 4 camadas para descrevermos as cadeias pequenas (com até 66 resíduos) e 4 a

5 camadas para descrevermos as cadeias médias (113 e 104 resíduos). A proteína de 141

resíduos se mostrou estável com 6 camadas de enterramento e, embora tenha permanecido

inacessível até com as simulações de 8 camadas, seu perfil energético destaca que esta

pode ter sido uma questão do tempo total das simulações. Em todo caso, os resultados

evidenciam a correlação entre o tamanho da cadeia com o número crescente de camadas

necessário para a descrição de sua estrutura. Isto se traduz no fato de que há uma resolução

mínima necessária, que pode ser independente do tamanho, para que os enterramentos

caracterizem corretamente a estrutura. Em outras palavras, como o tamanho das camadas

aumenta com o tamanho da sequência, precisamos de mais camadas para mantermos a

resolução requerida em estruturas maiores.

Este princípio nos habilitou então a quantificar o erro tolerado pelas estruturas

quando fornecemos informação incompleta ou errada acerca dos enterramentos atômicos.

Caracterizamos, também em termos de estabilidade e de acessibilidade, o comportamento

das estruturas ao serem simuladas com frações crescentes de erro nos potenciais de enovela-

mento fornecidos, expressas na forma de potenciais removidos ou potenciais inconsistentes

com o enterramento nativo para um número crescente de átomos na cadeia. Estimamos que,

para as proteínas pequenas analisadas, entre 75% a 80% da informação dos enterramentos

63
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dos átomos, quando fornecida na forma de 4 camadas equiprováveis, é composta por infor-

mação redundante e que 20% a 25% dos enterramentos atômicos (cerca de 1 enterramento

por resíduo) já é suficiente para que as estruturas nativas destas proteínas sejam acessíveis

e mantenham-se estáveis. Em outras palavras, assumindo que toda a informação estrutural

de uma proteína está contida em sua sequência primária, então para ser capaz de distinguir

entre estruturas diferentes, o modelo efetivamente precisa de somente entre 20% a 25% da

informação estrutural dependente da sequência primária, neste caso, fornecida na forma

de enterramentos atômicos. O restante da informação estrutural dependente da sequência

nas cadeias analisadas pode ser apagado, indicando que esta informação já está presente

no sistema, através das restrições físicas independentes da sequência existentes no modelo,

como volume de exclusão, ângulos diedrais, ligações covalentes e ligações de hidrogênio.

Nesta primeira parte do trabalho quantificamos, de forma geral, uma medida tanto

da resolução necessária para uma representação de enterramentos atômicos como descritores

estruturais quanto da tolerância do modelo quanto a erros na representação. Estas medidas

nos permitem também avaliar de forma mais objetiva a adequação de predições estruturais

de enterramento atômico a partir da sequência para o uso em simulações de enovelamento,

uma vez que já estabelecemos um limiar para a quantidade de erros na classificação dos

átomos provenientes destas predições.

No capítulo subsequente discutimos uma nova metodologia de representação dos

enterramentos atômicos, não pela distância absoluta de cada átomo ao centro geométrico

da estrutura, mas sim pelas distâncias relativas entre pares de átomos adjacentes ao

longo da cadeia. Exploramos algumas maneiras de se codificar o sinal de enterramento

atômico através desta representação, mostrando que podemos trivialmente decodificar

esse sinal de tal forma que ele descreva adequadamente os enterramentos atômicos. A

grande vantagem da representação diferencial dos enterramentos sobre a representação

por camadas está em sua escalabilidade, uma vez que é possível descrevermos com os

enterramentos de estruturas de qualquer tamanho utilizando alfabetos de apenas 2 ou 3

símbolos na codificação. Embora, no caso das predições utilizamos alfabetos com 4 e 9

símbolos a fim de mantermos a simetria da representação, os símbolos destes alfabetos

são altamente correlacionados nas sequências produzidas: condicionalmente ao símbolo

de um átomo na sequencia, o símbolo do átomo seguinte está restrito a apenas 2 ou 3

símbolos, respectivamente, resultando em uma sequência onde o alfabeto efetivo (dado
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pela densidade de entropia por símbolo) da representação é de 2 ou 3 símbolos.

As predições realizadas a partir desta representação apresentaram, de forma geral,

uma qualidade comparável às predições com camadas, mas a reconstituição do sinal de

enterramento a partir das predições pode não ser tão direta, dado que uma variação pontual

na direção da cadeia altera a forma geral do sinal em toda a sequencia. Propusemos então

uma metodologia de otimização do sinal a partir das predições, que também permite

combinarmos resultados de predições obtidas por representações diversas. Obtivemos assim,

através da otimização das predições de direções combinadas um sinal cuja correlação com

os enterramentos é superior à correlação obtida a partir das melhores predições diretas de

camadas para 4 das 6 estruturas testadas. Os traços de enterramento atômico obtidos a

partir desta otimização, além disso, nos permitem expressar a sequência de enterramentos

dentro de um espaço contínuo de distâncias ao centro das cadeias, mesmo que as predições

tenham sido feitas com alfabetos de apenas 2 símbolos. Isto confere maior resolução aos

sinais preditos, tornando viável a predição de enterramentos para fins de simulação de

enovelamento também em proteínas grandes, uma vez que não estamos mais limitados

pelo número de camadas da predição. Vale ressaltar também que o uso da representação

diferencial, por construção, confere às predições, além da informação dos enterramentos,

parte da informação independente da sequência na forma das distâncias fixas entre os

átomos denotando sua conectividade. Esta informação muitas vezes é perdida nas predições

de camadas, o que resulta em resíduos adjacentes na cadeia serem preditos em camadas

não consecutivas.

Assim, colocamos como perspectivas de aplicação destas predições a derivação

de potenciais que possam ser utilizados propriamente em simulações de enovelamento

proteico, da mesma forma como já foi realizado com predições puras de camadas em

estudos anteriores. É interessante notar também que parte das limitações das predições

de diferenças de enterramento se devem ao fato de que esta representação resulta na

propagação de erros pontuais ao longo da cadeia predita. O HMM é um algoritmo capaz

de capturar apenas correlações locais dentro de uma sequência mas é possível que existam

correlações de longa distância em proteínas globulares que não são detectadas por um

HMM e que possam contribuir para a correção de parte desses erros. Deste modo o uso da

representação diferencial dos enterramentos atômicos pode ter também aplicações ainda

mais impactantes em predições que sejam capazes de explorar essas possíveis correlações
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de longa distância através de tecnologias mais sofisticadas de processamento de dados e

análise de sequências.
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ABSTRACT

Motivation: It has been recently suggested that atomic burials, as

expressed by molecular central distances, contain sufficient informa-

tion to determine the tertiary structure of small globular proteins. A

possible approach to structural determination from sequence could

therefore involve a sequence-to-burial intermediate prediction step

whose accuracy, however, is theoretically limited by the mutual infor-

mation between these two variables. We use a non-redundant set of

globular protein structures to estimate the mutual information between

local amino acid sequence and atomic burials. Discretizing central

distances of C� or C� atoms in equiprobable burial levels, we estimate

relevant mutual information measures that are compared with actual

predictions obtained from a Naive Bayesian Classifier (NBC) and a

Hidden Markov Model (HMM).

Results: Mutual information density for 20 amino acids and two or

three burial levels were estimated to be roughly 15% of the uncon-

ditional burial entropy density. Lower estimates for the mutual

information between local amino acid sequence and burial of a

single residue indicated an increase in mutual information with the

number of burial levels up to at least five or six levels. Prediction

schemes were found to efficiently extract the available burial infor-

mation from local sequence. Lower estimates for the mutual infor-

mation involving single burials are consistently approached by

predictions from the NBC and actually surpassed by predictions

from the HMM. Near-optimal prediction for the HMM is indicated by

the agreement between its density of prediction information and the

corresponding density of mutual information between input and output

representations.

Availability: The dataset of protein structures and the prediction im-

plementations are available at http://www.btc.unb.br/ (in ‘Software’).

Contact: aaraujo@unb.br

Supplementary information: Supplementary data are available at

Bioinformatics online.
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1 INTRODUCTION

It has been a common statement in biology that amino acid

sequences contain sufficient information to determine protein

tertiary structures. Fulfilment of the implied possibility of struc-

ture prediction from sequence is actually considered one of the

most important unsolved problems of molecular biophysics, as

reviewed by different groups (Dill et al., 2008; Onuchic and

Wolynes, 2004; Shakhnovich, 2006). Such an intrinsically infor-

mational assertion, however, has only more recently been exten-

sively investigated within the context of Shannon’s information

theory. Although informational concepts have been used in al-

gorithms for secondary structure prediction from local sequence

since the 70s (Garnier et al., 1978), for example, the limit

imposed on prediction by the mutual information between

these two quantities was estimated only a few years ago

(Crooks and Brenner, 2004). Incidentally, an informational ana-

lysis of backbone dihedral angles has also exposed the unfeas-

ibility of tertiary structure determination from an even perfect

three-state secondary structure prediction (Solis and Rackovsky,

2004). The recurrent utilization of statistical potentials in com-

putational biology has also been interpreted explicitly in infor-

mational terms (Solis and Rackovsky, 2007). A particularly

relevant example is the analysis of pairwise contact potentials,

which revealed a surprisingly modest mutual information be-

tween contact partners (Cline et al., 2002; Crooks et al., 2004).

General distance constraints have also been investigated, at least

in the context of minimalist protein models (Sullivan et al., 2003).
Contrasting with secondary structure, atomic burials appear

to encode sufficient information for structural determination.

Contrasting with pairwise contacts, they have a much better

chance of being adequately estimated from sequence informa-

tion. Monte Carlo simulations of geometrically realistic protein

models using native burial information, as expressed by atomic

distances from the molecular center, have successfully recovered

the tertiary structure of small globular proteins (Pereira de

Araújo et al., 2008). A simple computational experiment combin-

ing Molecular Dynamics of similar models with discretized burial

levels has additionally provided an upper bound for the amount

of required burial information. It actually turned out to be

comparable to, and therefore encodable by, the information

(entropy) of local protein sequences (Pereira de Araújo and

Onuchic, 2009). The observed discriminatory difference between

*To whom correspondence should be addressed.
yThe authors wish it to be known that, in their opinion, the first two
authors should be regarded as joint First Authors.

� The Author 2012. Published by Oxford University Press. All rights reserved. For Permissions, please e-mail: journals.permissions@oup.com 2755
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burial and secondary structure representations does not arise

therefore from a trivial difference in precision. A very precise

representation of all backbone dihedral angles can clearly

encode tertiary structures, even using a small amount of infor-

mation, or number of letters, in �-helical regions and possibly

�-strands, but requiring a large, sequence-incompatible, number

of letters in intervening loops. The distinction appears to be more

basic and related to different types of information encoded in the

two local representations. While secondary structure is a local

representation of purely local structure, burials include global

structural information in a local representation, as is evident

from the fact that the whole tertiary structure is required for

determination of burials, but not secondary structure, of any

short fragment of amino acids.

The possibility of structural determination from sequence-

dependent burial information, when combined to appropriate

sequence-independent constraints, is consistent with the percep-

tible previous success in native fold recognition from the arrange-

ment of hydrophobic and polar residues (Huang et al., 1995). It

has also been further supported recently by a purely analytical

model which was able to recover native-like burial traces from

sequence hydrophobicity information combined to simple con-

straints on chain connectivity and overall globular size (England,

2011). A potential approach to tertiary structure prediction could

therefore involve a sequence-to-burial intermediate prediction

step. It must be noted that theoretical encodability, as provided

by entropy compatibility, is necessary but not sufficient to dem-

onstrate actual encoding. The accuracy of any burial prediction

from sequence must be further limited by the observed correl-

ation between burials and sequences, as conveniently quantified

by the mutual information between these two quantities. In this

study, we estimate the mutual information between burials and

local amino acid sequence in globular proteins. The resulting

fraction of sequence entropy actually involved in burial encoding

provides theoretical limits to which prediction algorithms should

be compared. We additionally investigate the efficiency of simple

statistical prediction schemes, namely, a Naive Bayesian Classi-

fier (NBC) and a Hidden Markov Model (HMM), in extracting

the available burial information from local sequence.

2 METHODS

In this study, we estimated probabilities from frequencies observed in a

dataset of representative globular structures derived from PDBSELECT

(Hobohm and Sander, 1994). From the list made available in November

2009, we selected structures determined by X-ray crystallography with

resolution better than 2.5 Å and excluded chains not satisfying the globu-

larity criterion given by the expected relation between radius of gyration

and the number of residues, Rg � 2:9N1=3
r Å (Gomes et al., 2007).

Membrane proteins were also excluded, simply by removing PDB files

containing the word ‘MEMBRANE’. The resulting collection, from now

on simply referred to as the databank, is composed of 1499 chains, with a

total of �263000 residues. Statistical errors on computed probabilities

and entropies were estimated, and systematic biases corrected for, by a

bootstrap procedure using 50 randomly generated replicas of the data-

bank (Crooks and Brenner, 2004; Efron and Tibshirani, 1993). In add-

ition to the complete alphabet of 20 amino acid identities, we have also

used the reduced alphabets HP and HPN. Hydrophobic and polar resi-

dues were grouped in the HP alphabet as H ¼ fA,C,F,G, I, L,M,

V,W,Yg and P ¼ fD,E,H,K,N, P,Q,R, S, Tg, respectively. In HPN

a third, ‘neutral’, class includes residues from both HP groups,

N ¼ fA,G,H, S, Tg. Burials, b, were obtained from the atomic distances

from the molecular center, r, of C� orC� atoms, normalized by the radius

of gyration, Rg, or b ¼ r=Rg, and grouped in approximately equiprobable

burial levels, resulting in a collection of burial alphabets f�Lg, where � is

either � or �, representing the atomic type for which burials are defined,

and L is the number of burial layers. Cutoff burial values for different

burial levels were obtained from the estimated burial distribution ob-

tained by Gomes et al. (2007). We usually use superscripts to indicate

block size and integer subscripts to indicate position within the block,

with ‘0’ representing the central block position by convention. If neces-

sary, however, we also indicate particular alphabets as subscripts in our

notation, such as HðQN
HPÞ, hðB�5Þ, IðQ

N
20;B

N
�2Þ.

N-block entropies for residue identities, HðQNÞ, and burials, HðBNÞ,

were computed according to Shannon’s basic equation

HðXNÞ ¼ �
X

xN

pðxNÞ log2 pðx
NÞ;

where the sum is over all blocks of N adjacent letters, xN, either identities

or burials, and probabilities are estimated from corresponding frequen-

cies in the databank. A linear dependence of the estimated entropy on

block size in the range m5N5m0,

HðXNÞ ¼ NhðXÞ þ EX: ð1Þ

is consistent with a Markovian process of order m, where h(X) is the

entropy density and EX is the N-independent excess entropy, which indi-

cates the uncertainty resolved by local correlations. Deviation from lin-

earity for N5m arises from these local correlations between letters while

for N4m0 frequencies in the databank become poor estimates for actual

probabilities and the estimated entropy converges to an alphabet-

independent value that depends on the overall size of the databank, a

situation we refer to as ‘saturation’. Estimates for h(X) and EX can there-

fore be obtained from the observed dependence of HðXNÞ on N if the

order of the underlying Markov process is sufficiently small and the

dataset is sufficiently large so that m� m0 and the linear region can be

clearly identified.

For the mutual information between blocks of identities and burials,

QN and BN, a limiting linear behavior is also expected, or

IðQN;BNÞ ¼ HðQNÞ �HðQNjBNÞ ¼ NiðQ;BÞ þ EQ;B: ð2Þ

and an estimate for the corresponding mutual information density, i(Q;

B), a quantity of much interest that imposes an upper limit on any pos-

sible prediction of the local sequence of burials from the local sequence of

identities, could again be obtained from N-block entropy estimates. In

this case, however, because the number of different blocks increases more

sharply with block size, saturation should occur at a much shorter block

length. We use therefore an approximation,

iðQ;BÞ � lim
N!1

IðQ0;B
NÞ � IðQ0;B

1Þ: ð3Þ

that is valid when the letters in one of the sequences are statistically

independent both unconditionally and conditionally to the other se-

quence, as it turns out to be the case for identities with respect to burials.

The density of mutual information is estimated accordingly by extrapo-

lation of the dependence on N of IðQ0;B
NÞ, the mutual information be-

tween N-blocks of burials, BN, and the identity of the central residue in

the block, Q0,

IðQ0;B
NÞ ¼ HðQ0Þ �HðQ0jB

NÞ: ð4Þ

where HðQ0Þ is the single identity entropy, obtained with probabilities

estimated directly from corresponding frequencies, and HðQ0jB
NÞ is the

conditional entropy of central residue identity conditional to burial block.

This procedure was used by Crooks and Brenner (2004) to estimate the

mutual information density between sequences of amino acid residues

and corresponding sequences of secondary structure assignments.
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Underlying conditional probabilities were obtained from correspond-

ing frequencies, or pðQ0jB
NÞ ¼ nðQ0,B

NÞ=nðBNÞ, only for the HP alpha-

bet, since statistics turned out to be sufficient. For the other alphabets

conditional probabilities were estimated as

pðQ0jB
NÞ ¼

nðQ0,B
NÞ þ ð20� pðQ0jB0ÞÞ

nðBNÞ þ 20
; ð5Þ

using 20 ‘pseudo-counts’ with prior probability pðQ0jB0Þ in an attempt to

minimize artifacts from low-frequency events. Due to pseudo-counts, the

estimated mutual information turns out to be increasingly smaller than its

actual value as N becomes large. While the actual mutual information

must increase monotonically withN, its estimate will decrease for large N,

providing again a simple signature of databank saturation. For the HP

alphabet, pseudo-counts were not used and saturation manifests itself as

an abrupt increase in estimated mutual information causing an upward

inflection in the estimated curve. Data points were fitted, before satur-

ation, to a single exponential fðxÞ ¼ a� b expð�x=cÞ, with limiting be-

havior provided by adjusted parameter a, or to a symmetrically inflected

sigmoid fðxÞ ¼ a
ð1�expð�bðx�cÞÞÞ þ d, with limiting behavior provided by

aþ d. Fitting to an asymmetric Gompertz function provided similar es-

timates but with larger errors, reflecting the larger number of adjustable

parameters (not shown).

In addition to IðQ0;B
1Þ, we are also interested in the converse quan-

tity, IðQ1;B0Þ, since it provides a limit for the prediction of individual

burial values given the local sequence of identities. Saturation might again

become a problem for large alphabets of identities, in which case it is

useful to consider the following lower bound:

XN

i¼1

IðQi;B0Þ ¼
XN

i¼1

HðQiÞ �HðQijB0Þ½ 	 � HðQNÞ �HðQNjB0Þ

¼ IðQN;B0Þ,

ð6Þ

with limiting behavior

IðQ1;B0Þ
�
� lim

N!1

XN

i¼1

IðQi;B0Þ � IðQ1;B0Þ ð7Þ

Each of the N ‘positional’ mutual information terms betweenQi and B0 is

computed from the same number of possible combinations, independ-

ently of N. The results for the tractable HP alphabet and two burial

levels, shown in the Supplementary Information, indicate that Equation

(3) is indeed a good approximation while a strict inequality is expected in

Equation (7).

In order to compare our mutual information estimates with actual

predictions, we implemented two simple statistical schemes for predicting

discrete atomic burial levels from amino acid sequence in globular pro-

teins: a NBC and a HMM. Both methods are supervised learning algo-

rithms, i.e. they employ a learning step, in which they gather data from a

training set to generate some statistical model, followed by a prediction

step, in which they use the model to predict new data. We have used the

same dataset of structures as for the informational analysis, now ran-

domly divided in training and testing subsets. Statistical errors and biases

were again estimated by bootstrapping resampling with 50 replicas. While

the NBC estimates the probability for different burial levels of a given

residue simply from a local ‘window’ of identities in the primary se-

quence, neglecting most correlations between adjacent residues, the

HMM considers explicitly the correlations between ‘fragments’ of

hidden variables, including burials, which are modeled as producing the

observed primary sequence. Both algorithms are described in detail in the

Supplementary Information, as well as the procedures to obtain the cor-

responding prediction information, Ip, and prediction information den-

sities, ip, to be compared with the mutual information estimates

IðQ1;BÞ� and i(Q; B), respectively.

3 RESULTS

Figure 1 illustrates the statistical behavior of local sequences of

C� burials, as determined from central distances normalized by

radius of gyration. N-block entropy is shown as a function of

block size N. Different curves correspond to different alphabets,

ranging from two to five equally probable burial levels.

Deviation from linearity for large N results from saturation of

the databank as all curves converge to the same alphabet-

independent saturated limit behavior. Deviation from linearity

for small N and, more perceptively, a positive intercept with the

ordinate axis reflect the expected local correlations between

adjacent burial levels. These results suggest a low-order marko-

vicity, with m not higher than 2 or 3. Analogous results for C�
burials, shown in the Supplementary Information, indicate a

qualitatively similar behavior. For identities, on the other

hand, as also shown in the Supplementary Information, it is

apparent that HðQNÞ increases linearly from the origin for all

alphabets, being consistent with zero-order markovicity, m¼ 0,

or equivalently, statistical independence between amino acid

identities along the sequence. Accordingly, as shown in

Table 1, residue entropy density h(Q) is very close to the

single letter entropy, HðQ1Þ, increasing from essentially 1

for HP sequences, hðQHPÞ � HðQ1
HPÞ � 1 bit/residue, to

hðQ20Þ � HðQ1
20Þ � 4:18 bits/residue for 20 amino acid letters

while mutual information between adjacent identities is close to

zero. Entropy densities of correlated burials, however, are sig-

nificantly lower than corresponding single burial entropies, with

a positive mutual information between adjacent burials, such as

hðB�2Þ � 0:625HðB�2Þ � 1 bit/residue and IðB;Biþ1Þ � 0:34 bit

for two C� burial levels. C� burials consistently display larger

entropy densities, such as hðB�2Þ � 0:73 and hðB�3Þ � 1:1 bits/

residue for two and three burial levels, respectively, to be com-

pared with hðB�2Þ � 0:62 and hðB�3Þ � 0:95 bit/residue for C�
burials.
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Fig. 1. N-block sequence entropy estimates as a function of block size N

for different alphabets of C� burial levels. Both the entropy density

(inclination) and excess entropy (intersect with the ordinates) are

obtained from straight lines fitted to the linear region, which is clearly

identified for L¼ 2 and L¼ 3. Deviation from linearity for small N is

indicative of local correlations while deviation at large N is due to data-

bank saturation. Analogous results for amino acid identities and C�
burials are shown in the Supplementary Information
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The dependence on N of the estimates for mutual information

between N-blocks of burials and central residue identities,

IðQ0;B
NÞ, is shown in Figure 2 for two and three levels of C�

burials. Analogous results for C� burials are shown in the

Supplementary Information. Mutual information density,

iðQ;BÞ � IðQ0;B
1Þ, was obtained by extrapolation from expo-

nential or sigmoidal fits to the points before saturation, as indi-

cated by solid lines and shown in Table 2. Mutual information

density is always larger for C� burials when compared with C�
burials with the same alphabet combination, such as

iðQ20;B�2Þ � 0:095iðQ20;B�2Þ � 1:13 bits/residue. As could be

anticipated, it tends to increase with alphabet size either of amino

acid identities or burials such as, in the case of C� atoms, from

iðQHP;B�2Þ � 0:07 bit/residue for the HP alphabet and L¼ 2

burial layers, to iðQ20;B�3Þ � 0:18 bit/residue, for 20 amino

acid letters and L¼ 3 layers. Databank saturation prevented re-

liable density estimates for L43.
Positional mutual information values, IðQi;B0Þ, are shown in

Figure 3a for 20 amino acid letters and different numbers of

burial levels of C� atoms. Positional mutual information is es-

sentially 0 for burial and identity pairs separated by more than 15

residues. We therefore use the sum
PN

i¼1 IðQi;B0Þ with N¼ 31 as

a reasonable approximation of IðQ1;B0Þ
�
�
P1

i¼1 IðQi;B0Þ

which, as indicated in the Supplementary Information, is ex-

pected to be a lower bound for IðQ1;B0Þ. We were also able

to explore the effect of many burial levels on IðQ1;B0Þ
�. As

shown in Figure 3b, IðQ1;B0Þ
� for C� increases significantly

from two layers to five layers, approximately from 0.13 to

0.18bit, but only slightly for additional layers with asymptotic

limit close to 0.2bit. Qualitatively similar results were obtained

for C� atoms but mutual information between single burials and

local sequence tends again to be smaller in this case when com-

pared with C� atoms, although the difference is smaller than for

mutual information density, as also seen in Table 2. We also

show for comparison in the same table the mutual information

between single letters, I(Q; B).
The performance of two-layer C� burial prediction is summar-

ized in Figure 4. Analogous results for C� burials are shown in

the Supplementary Information. Prediction accuracy, A (a,b),

and prediction information, Ip (c,d), as determined by

Equations (S9) and (S10) of the Supplementary Information,

are plotted as a function of window size for the NBC (a,c) and

as a function of fragment size for the HMM (b,d). In addition to

the complete alphabet of 20 amino acids, tests were also per-

formed using the HP and HPN-reduced alphabets. For the

NBC, we report results for the simpler variation provided by

Equation (S4) of the Supplementary Information, NBC1

(non-shaded symbols), and also for the variation using positional

probabilities conditional to central residue identity, as provided

by Equation (S5) of the Supplementary Information, NBC2

(shaded symbols). Both accuracy and information increase sig-

nificantly as the window grows from one to nine residues, but not

perceptibly for longer windows. Overall performance is higher

for C� than for C� atoms. For 20 amino acids, accuracy increases

from �61% to above 65% for C� atoms and from around 63%

to above 66% for C�. These few percentage points in accuracy

improvement actually correspond to around 100% increase in

prediction information, from around 4 to above 10 centibits and

 0

 0.05

 0.1

 0.15

 0.2

 2  4  6  8  10

M
u
tu

a
l 
in

fo
rm

a
ti
o
n
 (

b
it
)

Block length (Cβ  atom)

Cβ, 2 levels

HP
HPN

20 letters

 0

 0.05

 0.1

 0.15

 0.2

 2  4  6  8  10

M
u
tu

a
l 
in

fo
rm

a
ti
o
n
 (

b
it
)

Block length (Cβ atom)

Cβ, 3 levels

HP
HPN

20 letters

(a) (b)

Fig. 2. Estimates for the mutual information, IðQ0;B
NÞ, between a single

central amino acid identity,Q0, andN-blocks of burials, BN, as a function

of block size N, for two (a) and three (b) levels of C� burials. Different

sets of points correspond to different alphabets of amino acid identities.

Lines represent exponential or sigmoidal fits to the data before saturation

from which limiting values iðQ;BÞ � IðQ0;B
1Þ are obtained. Saturation

for L¼ 2 occurs at N � 11 and is not perceived in the displayed range,

while for L¼ 3 it occurs N � 8, as observed in (b). Analogous results for

C� burials are shown in the Supplementary Information

Table 2. Inter-sequence analysis

L I(Q; B) i(Q; B) IðQ1;B0Þ
�

C� C� C� C� C� C�

2 HP 0.0297(6) 0.0472(9) 0.050(3) 0.068(2) 0.059(3) 0.070(3)

HPN 0.0420(9) 0.062(1) 0.068(3) 0.092(2) 0.089(7) 0.100(4)

20 0.046(1) 0.067(1) 0.091(7) 0.13(1) 0.113(5) 0.124(5)

3 HP 0.0357(9) 0.054(1) 0.066(4) 0.088(2) 0.075(4) 0.086(4)

HPN 0.051(1) 0.075(1) 0.091(4) 0.117(3) 0.114(5) 0.125(5)

20 0.0570(9) 0.081(2) 0.130(6) 0.176(6) 0.149(7) 0.159(6)

Mutual information between single letters, I(Q; B) in bits, mutual information dens-

ity, i(Q; B) in bits/pair, as obtained in Figure 2 and Supplementary Information, and

the lower estimate for the mutual information between single burial and local se-

quence of identities, IðQ1;B0Þ
�, as obtained in Figure 3, for C� and C� atoms are

shown for different combinations of identity alphabet and number of burial layers,

as indicated in the first two columns. Error in the last significant digit is shown in

parentheses.

Table 1. Single sequence analysis

H(X) IðXi;Xiþ1Þ h(X) EX

HP 1.00000(9) 0.00072(8) 0.9969(2) 0.0096(7)

HPN 1.5806(4) 0.0009(1) 1.5734(7) 0.018(3)

20 4.185(2) 0.005(7) 4.176(4) 0.010(5)

�2 0.99974(6) 0.342(3) 0.619(1) 0.513(9)

�3 1.5796(3) 0.574(3) 0.933(4) 0.91(2)

�2 0.9988(1) 0.211(3) 0.724(2) 0.46(2)

�3 1.5804(2) 0.377(4) 1.075(6) 0.92(4)

Letter entropy, H(X), and mutual information between adjacent letters, IðXi;Xiþ1Þ,

are in bits. Entropy density h(X), in bits/letter, and corresponding excess entropy

EX, in bits, were obtained from data fits shown in Figure 1 or in the Supplementary

Information. Each line corresponds to a different alphabet of amino acid identities

or burials, as indicated in the first column. Error in the last significant digit is shown

in parentheses.
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from around 6 to above 11 centibits for C� and C�, respectively,

for NBC1. Further improvement provided by NBC2, although

hardly perceptible in the accuracy measure, is consistently

observed for prediction information, accounting for more than

1 centibit of additional information for 20 amino acids while

sampling error is of the order of millibits. For the HP and
HPN alphabets, both NBC1 and NBC2 predictions agree,
within sampling error, with the corresponding lower limits pro-

vided by IðQ1;B0Þ
� while for 20 amino acids this is the case for

NBC2.
For the HMM, tested fragment lengths ranged from 3 to 9,

but some configurations could not be tested due to hardware
constraints related to computer memory usage with many
hidden variables. It is clear in the plots of Figure 4b and d
that the fragment length has a direct correlation with the quality

of results for HMM prediction, especially when the full 20-letter
alphabet is used to represent amino acid sequences. The connec-
tions between burial levels and secondary structures (shaded

symbols) and between burial levels and two possible side chain
orientations (obtained from the comparison between C� and C�
burials and represented as half-shaded symbols) were also inves-

tigated by incorporating the corresponding hidden variables into
the HMM states. Both approaches were successful in improving
the prediction of burial levels, and the usage of secondary struc-

tures was slightly more effective than that of side-chain orienta-
tions. Incidentally, it was found that not only the prediction
accuracy of burial levels but also that of secondary structures

is improved when both features are considered together (data not
shown). Our most accurate results for burial prediction were
around 67.5 and 68.5% of correctly classified residues, respect-

ively, for C� and C�. Corresponding prediction information
values of �0.13 and 0.14 bit are higher than the lower limits
provided by IðQ1;B0Þ

�, as was consistently observed for the

HMM algorithm, particularly with the configurations that em-
ployed additional descriptors to the hidden variables and frag-
ment sizes of at least six to seven residues. As with the NBC,

prediction of C� was generally better than that of C�.
Since the HMM algorithm works with relative probabilities of

fragments of burial levels, it is meaningful to estimate the density

of prediction information, ip, according to Equation (S12) of the
Supplementary Information, i.e. the amount of new prediction
information discovered for each new residue once the previous

burials have already been established. Figure 5 shows
hNðBjBðQÞÞ (a) Equation (S14) of the Supplementary Informa-
tion, for the various HMM prediction schemes for C� burials, as

well as corresponding values of hNðBÞ, Equation (S13) of the
Supplementary Information, computed from block entropies
shown in Figure 1. The difference between these quantities is

the estimate for the prediction information density, ip, Equation
(S12) of the Supplementary Information, which is shown in (b).
Our results can be compared with the corresponding estimates

for the mutual information density between sequences and bur-
ials, iðB;QÞ, from Table 2, also displayed in (b) as dotted hori-
zontal lines, which should act as effective upper limits on

prediction quality. Analogous results for C� burials are shown
in the Supplementary Information. Since ip for N 
 7 agrees
within sampling error with iðB;QÞ, it is suggested that our

best overall results for two burial levels are extracting virtually
all of the burial information that is available in local sequences.
Figure 6 compares the prediction information achieved when

the NBC and HMM methods are applied to predict discrete C�
burials into more than two layers. Analogous results for C� are
shown in the Supplementary Information. In all cases, it is clear

that the quality of prediction is improved when the number of

(a) (b)

(c) (d)

Fig. 4. Prediction accuracy A (a,b) and prediction information Ip (c,d) for

two levels of C� burials with different identity alphabets. Plots in the first

column (a,c) show results for NBC predictions; the second column (b,d)

refers to the HMM results. The NBCmethod is bounded, within error, to

the limits established by corresponding IðQ1;B0Þ
� estimates (dotted

horizontal lines), while the same limits are surpassed by the HMM

method (d). In all plots, unshaded symbols represent the simplest version

of each algorithm (NBC1 or HMM with nothing but burial levels

encoded into the hidden variables) and shaded symbols represent im-

proved versions (NBC2 or HMM with secondary structures). For

HMM, half-shaded symbols represent the version that used side-chain

orientations

(a) (b)

Fig. 3. Positional mutual information IðQi;B0Þ between amino acid iden-

tity at position i, Qi, within the N-block of identities QN, and central C�
burial, B0, for 20 amino acid letters and various numbers of burial levels

(a) and limiting behavior for the sum of positional mutual information

terms, obtained with fixed block size N¼ 31, as a function of the number

of burial levels for C� and C� atoms (b)
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layers is increased up to a number of 4. The rise in quality for

five or six layers, however, is less significant, suggesting an upper

limit for the number of layers into which it is useful to split a

protein for burial-level prediction. As already observed for two

burial layers, prediction information tends to be larger for C�
when compared with C� atoms. Furthermore, IðQ1;B0Þ

� values

are also approached by NBC and surpassed by HMM

predictions.

4 DISCUSSION

In this study, we estimate by extrapolation, neglecting long range

correlations, the mutual information density between local

sequence of amino acid identities and corresponding burials,

iðQ;BÞ � IðQ0;B
1Þ. It must be noted that the underlying prob-

ability distributions, estimated from local block statistics, are

much simpler than distributions of whole amino acid sequences

and tertiary structures. In particular, they are consistent with

markovicity and a linear dependence of entropy, and mutual

information, on block length, as shown in Figure 1. Meaningful

densities of entropy and mutual information can be estimated for

this simplified statistical scheme with different reduced alphabets.

Additionally, and most importantly, resulting estimates for i(Q;

B) provide upper limits for the quality of prediction associating

local sequences of burials and identities, a clearly attemptable

task with established learning algorithms. Prediction of single

burial values from local sequence, on the other hand, should

be limited simply by the mutual information between local se-

quence and single burial, IðQ1;B0Þ, which is difficult to estimate

for 20 amino acid letters due to databank saturation. We provide

therefore a lower bound, IðQ1;B0Þ
�5IðQ1;B0Þ, further neg-

lecting local correlations between amino acid identities condi-

tional to single central burial. For the tractable HP alphabet,

the difference between IðQ1;B0Þ and IðQ1;B0Þ
� is a single cen-

tibit, as shown in the Supplementary Information.

Single sequence statistical behavior, as summarized in Table 1,

is qualitatively similar to what was previously observed for sec-

ondary structure by Crooks and Brenner (2004). While amino

acid identities in local sequences appear to be statistically inde-

pendent, short-range correlations are detected for the

one-dimensional structural descriptor, either secondary structure

or burial. Correlations between burials are stronger for C� than

for C� atoms, as evidenced by smaller entropy density and larger

mutual information between adjacent letters in the first case.

This observation is likely to be at least partly associated to a

longer distance along the sequence between adjacent C� when

compared with C� atoms. As shown in Table 2, local sequence

appears to be more informative about C� than C� burials, as

indicated by larger values of IðQ1;B0Þ
� and i(Q; B) in the first

case. Nevertheless, the proportional contribution to mutual in-

formation from local sequence beyond single residue identity

appears to be larger for C� when compared withC�, as suggested

by larger values for IðQ1;B0Þ
�=IðQ;BÞ for the backbone atom.

Our estimates for the mutual information density, i(Q; B), in-

dicate that the uncertainty about burials that is resolvable from

local sequence, already considering the reduction provided by

sequence-independent burial local correlations, can be as small

as 9 centibits/residue, as for two levels of C� burials, and also at

least as large as 18 centibits/residue, observed for three levels of

C� burials. These values are comparable to estimates involving

secondary structure (16 centibits/residue; Crooks and Brenner,

2004), and are around 15% of the corresponding burial entropy

density. Estimates for i(Q; B) tend to be larger than for corres-

ponding estimates for IðQ1;B0Þ
�, particularly for C� atoms, in

which case the difference is consistently between 1 and 2 centi-

bits. It is suggested, therefore, that a couple of centibits of extra

burial information might be extracted from sequences, in this

case, when local burial correlations are accounted for. The

effect on C� atoms is smaller, again indicating a milder depend-

ence of burial behavior from the side-chain atom on adjacent

residues, either through their identities or burials.

(a) (b)

Fig. 5. For HMM results, the density of prediction information, ip, can

be calculated as the difference between an N-dependent estimate for the

entropy density of burial levels, hNðBÞ, Equation (S13) of the

Supplementary Information (shown as a solid line in a), and an analo-

gous estimate for the entropy density conditional to prediction,

hNðBjBðQÞÞ, Equation (S14) of the Supplementary Information (shown

as points in a). Resulting differences are plotted in (b) in comparison to

the upper limit provided by the observed existing mutual information

density between burials and sequences, iðB;QÞ (horizontal dashed

lines). The results for C� predictions are shown here. Analogous results

for C� predictions are shown in the Supplementary Information. Point

symbols are encoded similarly to Figure 4
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�
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Presently investigated burial levels, defined by equiprobable
layers of central distances, display some qualitative similarity
with burial levels defined from accessible surface areas, as

reported by Crooks et al. (2004). Oscillations in positional
mutual information observed in Figure 3, reflecting secondary
structure exposure periodicity, are also observed in analogous

plots involving burials in that previous investigation, although
not for identities or secondary structure assignments. Notably,
however, single amino acid identities appear to be more inform-

ative about accessible surfaces than about central distances.
While single residue mutual information between identity and
two bins of burials reported by Crooks et al. (2004), is 0.15bit,

our presently estimated value for IðQ20;B�2Þ is only 0.07 bit, or
about half of the corresponding density, iðQ20;B�2Þ, as shown in
Table 2. Correlations between adjacent central distances, on the

other hand, appear to be larger, as shown by larger values of
IðBi;Biþ1Þ in Table 1 when compared with values reported in
that previous investigation.
These discrepancies might be partly associated to different

procedures for determination of burial levels. While levels of
accessible surfaces were explicitly determined from mutual infor-
mation maximization, our levels of central distances simply

maximize unconditional uncertainty. It is possible, nevertheless,
that intrinsic physical differences between the two measures are
also involved. Although correlated in globular proteins (Pereira

de Araújo et al., 2008), it is apparent that accessible surface area
should be affected more directly by residue hydrophobicity while
being somewhat less dependent on adjacent residues. It is not

presently clear how much information could be expected from
actual predictions of accessible areas from local sequence, since
mutual information densities have not been reported. Weaker

correlations when compared with central distances, however,
are indicative of a less pronounced increase in prediction infor-
mation with additional local environment beyond single residue.

In any case, even if eventually more predictable than central
distances, it remains to be shown if accessible areas can be as
efficient in tertiary structure determination.

Our prediction results indicate that most of the burial infor-
mation shared by local sequences is easily captured by simple
statistical prediction schemes based on HMM or, to a lesser

extent, NBC. Interestingly, IðQ1;B0Þ
� is approached by the

NBC algorithm, which neglects most identity correlations condi-
tional to single burials, and actually surpassed by the HMM

algorithm, which appropriately accounts for such correlations.
Furthermore, near-optimal prediction for HMM algorithms is
indicated by the corresponding mutual information density ap-

proaching our present estimate for i(Q; B). From the results with
reduced identity alphabets, it is apparent that only about half of
the burial information extractable from local sequence using all

20 amino acid letters is still extractable when the HP-reduced
alphabet is used instead. The significant improvement provided
by the HPN alphabet, with just a single additional letter, indi-

cates however that judiciously chosen reduced alphabets might
still be useful in actual prediction, particularly in situations in
which the size of the training set might become a limiting factor.

In the opposite situation, when the training set is sufficiently
large, prediction could be improved by increasing the number
of burial levels, as indicated by Figure 6, or by including more

hidden variables in the HMM.

In any case, independently of the size of the databank, burial
prediction information is unavoidably restricted within a small
fraction of the unconditional burial uncertainty, as provided by

the density of mutual information between identities and burials,
i(Q; B). Even considering the possibility of judicious partitioning
of the databank, such as according to chain size or structural

class, the basic situation is unlikely to change significantly. As
has been previously noted (Crooks and Brenner, 2004), a small
amount of mutual information between local sequence and struc-

tural descriptors, when compared with the descriptor entropy
density, indicates that local structure, as reflected in secondary
structure or burials, must be largely determined by non-local

information. It is useful, however, to distinguish between
sequence-dependent and sequence-independent non-local infor-
mation. After all, a large amount of structure-determining infor-

mation is provided by sequence-independent constraints,
analogous to grammatical rules of human languages (Pereira
de Araújo and Onuchic, 2009). The information to be obtained
from sequences, corresponding in the same analogy to the actual

literature codified in written texts, should actually be much smal-
ler. The distinction between sequence-dependent and sequence
independent information is already apparent locally. The uncer-

tainty of 1 bit for two burial levels of a single C� atom, for ex-
ample, diminishes to 0.6bit due to sequence-independent local
information, or a reduction of 0.4 bit, while around 0.1bit is

resolvable by sequence-dependent local information. A particu-
larly interesting possibility, from the predictor’s perspective,
would correspond to sufficient sequence-dependent information

for tertiary structure determination being exclusively local, while
non-local information would be sequence-independent.
A large amount of sequence-independent non-local structural

information is actually inferred from the small expected total
number of protein shapes, �s, which has been estimated by dif-
ferent groups to be in the order of several thousands (Chotia,

1992; Govindarajan et al., 1999; Koonin et al., 2002; Zhang and
DeLisi, 1998). If �s is assumed to be 10 000, for example, the
corresponding entropy would be limited from above by log2 �s

and could not be more than around 13 bits per structure, or only
0.05bit/residue for a putative typical length of 260 residues
(0.1bit/residue for 130 residues). This would be the uncertainty

about whole structures, and therefore burials, to be resolved
from sequence. The large remaining single burial uncertainty,
e.g. � ð1� 005 ¼ 095Þ bits/residue for two C� burial levels,

must therefore be resolvable by sequence-independent informa-
tion, both local (� 0:4 bits/residue, as discussed above) and
non-local (� 0:55 bits/residue, as a consequence). Note that

even if the total effective number of structures turns out to be
larger or smaller by up to two orders of magnitude, the estimated
amount of sequence-dependent structural information could not

change by more than a couple of centibits/residue. It is interest-
ing that an independent argument, based the thermodynamic
stability of globular proteins, provided a compatible entropy es-

timate, � 10–30 bits per macromolecule (Crooks et al., 2004).
This small amount of sequence-dependent information (litera-

ture), when compared with the large amount of sequence-

independent constraints (grammar), is an unavoidable
consequence of a modest total number of structures when
compared with possible sequences. It is also clearly consistent

with the sound elusiveness of possible solutions for the problem
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of ab initio protein structure prediction, contrasting to signifi-

cant success in homology modeling. Note that the entropy of

whole amino acid sequences must indeed be much larger than

structural entropy since many sequences fold to each single

structure (Koehl and Levitt, 2002; Larson et al., 2002), although

smaller, and less trivial, than estimated from local statistics.

Long-range sequence correlations have been detected

(Pande et al., 1994) and must produce deviations from marko-

vicity, contributing not only to reduce the entropy but also to

destroy its linear dependence on chain length. Crucially, in any

case, the presently reported small information for burial predic-

tions can still turn out to be sufficient for structural determin-

ation when combined to appropriate sequence-independent

constraints.

5 CONCLUSION

Knowledge about atomic burial levels has been previously shown

to be both sufficient for structural determination of small globu-

lar proteins and entropically compatible with amino acid

sequences. Our present results, however, indicate that only a

fraction around 15%, at least for C� and C� atoms, of burial

uncertainty is resolvable by local amino acid sequence. On the

bright side, most of this sequence-dependent burial information

is easily extractable by simple prediction schemes, such as the

presently implemented NBC and HMM. Most importantly,

these predictions provide parameters for future folding simula-

tions completely independent of knowledge about the native

structure. The possibility of structural prediction of globular pro-

teins from amino acid sequence using atomic burials as informa-

tional intermediates, including a possible combined improvement

of sequence-independent constraints and burial prediction

schemes, can now be investigated directly.
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1 STATISTICAL SCHEMES FOR BURIAL
PREDICTION

1.1 Naive Bayesian Classifier (NBC)
Given a protein sequence, Q = {q1, · · · , qN}, corresponding
discrete burials, B = {b1, · · · , bN}, and the “alphabets” Q =
{χ1, · · · , χLQ} and B = {β1, · · · , βLB} of residue identities and
burial levels, qi ∈ Q and bi ∈ B, it is possible to estimate for
each position i the probability for the different burial levels β ∈ B,
conditional to the sequence of a local window of 2w+1 amino acids
centered at position i, p(bi = β|Qw), or p(β|Qw) for short, with
Qw = {qi−w, · · · , qi, · · · , qi+w} and

∑
β p(β|Qw) = 1 (Fig.

1-a). From Bayes’ rule, we have

p(β|Qw) = p(Qw|β)p(β)
p(Qw)

=
p({qi−w, · · · , qi+w}|β)p(β)

p({qi−w, · · · , qi+w})
. (1)

In a Naive Bayesian Classifier (NBC) it is assumed that residue
identities in the window can be considered statistically independent
both unconditionally, i.e.

p({qi−w, · · · , qi+w}) =
∏

j

p(qi+j), (2)

and also conditionally to the burial level of the central residue, i.e.

p({qi−w, · · · , qi+w}|β) =
∏

j

p(qi+j |β) =
∏

j

p(qi+j , β)

p(β)
, (3)

where the index j indicates the position in the window, from −w to
w. Equation 1 then becomes:

p(β|{qi−w, · · · , qi+w}) = p(β)
∏

j

(
p(qi+j , β)

p(qi+j)p(β)

)

= p(β)
∏

j

(
p(χj , β|j)
p(χj)p(β)

)
, (4)

∗These authors contributed equally to this work
†to whom correspondence should be addressed

where p(β) is the unconditional burial probability of the central
residue, estimated from the the frequency of residues with burial
level β in the data bank independently of residue identity or
sequence position (when burial levels are equiprobable p(β) =
(1/LB) for all β). Note in the denominator of the above equation
that the unconditional probabilities of residue identities at position
j, χj = qi+j , are assumed to be independent of position, or
p(qi+j) = p(χj , j) = p(χj)p(j), while the joint probabilities
between identities and burials, appearing in the numerator, depends
explicitly on the position j, or p(qi+j , β) = p(χj , β, j). In this
way, the number of parameters to be computed from corresponding
frequencies in the data bank in order to estimate the conditional
burial probability using equation 4 is LB × LQ × (2w + 1), for
the p((χ,β)|j)

p(χ)p(β)
values.

The interpretation of Eq. 4 is straightforward. Sequence-
independent probability for burial level β at the center of the
window either decreases or increases as knowledge of residue
identities, qi+j = χ, at different window positions j are taken
into consideration, depending on whether the joint probabilities
conditional to j, p((χ, β)|j) are smaller or larger than expected
under the assumption of statistical independence, p(χ)p(β). If
the probabilities are expressed in negative logarithmic scale the
product of factors, either larger or smaller than unity, becomes a
sum of mutual information terms, correspondingly either positive
or negative, and the resulting scheme becomes similar the classical
GOR algorithm for secondary structure prediction (Garnier et al.,
1978). Positive qualities of the NBC are its simplicity and flexibility.
The predicted atomic burial might correspond, depending on the
parameters being used, to any atom of the central residue. It might
be considered as independent of residue identity, like Cα in general,
or very specific, like Cβ2 of isoleucine. In this last case positional
probabilities in Eq. 4 are necessarily conditioned to central residue
identity, or

p(β|{qi−w, · · · , qi+w}) = p(β)
∏

j

(
p(χj , β|j, χ0)

p(χj)p(β)

)
. (5)

c© Oxford University Press 2012. 1
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Fig. 1. (a) In the Naive Bayesian Classifier algorithm (NBC), p(β|Qw)
defines the probability of having the burial β associated to the central residue
in a window of residuesQw . (b) In the Hidden Markov Model (HMM), each
state corresponds to a fragment of f − 1 hidden variables and has only LH
possible successors (in this example, f = 7 and LH = 3). The transition
probability of one state i to another state j is related to ĩj, the fragment of
size f that encompasses both states (Eq. 6)

In the general case this additional conditioning is optional but might
be beneficial since identity correlations conditional to single burial
are now partially accounted for.

1.2 Hidden Markov Model (HMM)
A discrete, first-order, Markov process is a system comprised of
a set of N states and a fixed matrix of transition probabilities
A = {aij} with i, j ≤ N . At any time, the system can be
described as being in one of the possible states, i. The system
undergoes a change of state at regularly spaced discrete times, with
aij describing the probability of reaching state j immediately after
state i. In a Hidden Markov Model (HMM), the states themselves
are not observable events, but they define probabilistic functions
for “emission” of the observables. The definition of an HMM
includes an alphabet of M observable symbols and a probability
distribution B = {bj(k)}, where bj(k) is the probability of
emitting symbol k when in state j, with 1 ≤ j ≤ N and 1 ≤
k ≤ M . One of the basic problems investigated in the context of
HMMs is to find the sequence of hidden states that best explains a
sequence of observable variables, which is elegantly solved by the
forward-backward algorithm (Rabiner, 1989).

We have implemented an HMM for discrete burial prediction
inspired by the one proposed by Crooks and Brenner, 2004, for

secondary structure prediction. The alphabet of observables Q =
{χ1, · · · , χLQ} consists of amino acid residue identities. In the
most simple HP representation we have M = LQHP = 2 while
for 20 amino acids we naturally have M = LQ20 = 20. We
also define an additional alphabet of general “hidden” variables,
H = {η1, · · · ηLH}, comprised of LH symbols, which might
simply correspond to different burial levels or, alternatively, to more
sophisticated descriptors such as burial level combined to secondary
structure. Hidden variables must be well defined for all residues.
Hidden states in our model are biunivocally mapped to blocks of
f − 1 hidden variables for adjacent residues along the primary
sequence. The total number of hidden states is therefore TS =
(LH)

f−1, where f (typically around 5−9) is the size of a fragment
containing two overlapped sequences, mapped to states i and j,
which is mnemonically represented by ĩj. Transition probabilities
between hidden states must reflect therefore the overlap between
corresponding sequences of hidden variables. For example, with
LH = 3, f = 7, a state that maps to the burial sequence
i↔ [211100] has only three possible successors: j1 ↔ [2111000],
j2 ↔ [2111001] and j3 ↔ [2111002] (Fig. 1-b). The transition
probability matrix is accordingly very sparse, with aij = 0
whenever sequences mapped to i and j do not overlap and

aij =
p(ĩj)

p(i)p(j)
(6)

for overlapping sequences.
Emission probabilities might also be conveniently considered as

dependent on the fragments ĩj, B = {bĩj(k)}, where bĩj(k) is
the probability of emitting observable symbol k when moving from
state i to state j, or

bĩj(k) = p(k|ĩj) = p(k, ĩj)

p(ĩj)
. (7)

Probabilities on the right side of equations 6 and 7 are estimated
from frequencies observed in the training set of representative
examples, either using simple counts exclusively or, in the case
p(k| ĩj), in combination with pseudocounts to correct for bias
from poor sampling of large fragments. Once A = {aij} and
B = {bij(k)} have been determined in the training step, prediction
is performed by the standard forward-backward algorithm Rabiner
(1989), which generates the probabilities γt(i) of being in any state i
when emitting the observed symbol at position t along the sequence.
Finally, the probability Pt(η) of finding the hidden variable η at
position t is obtained by summing over all hidden states containing
η at the central position.

Pt(η) =

Ts∑

i=1

γt(i)δη(i), (8)

where δη(i) equals either one, if the central hidden variable in
hidden state i equals η, or zero, if this is not the case.

In our tests, in addition to the more straightforward approach in
which the only possible values for the hidden variables are the burial
levels of the corresponding residues, we also performed predictions
with arrangements that employed different combinations of burial
levels and additional descriptors of structure to configure the hidden
variables. In this case, these extra descriptors were supplied to the

2
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algorithm only in the learning step, alongside with the burial levels,
and the prediction step was used to infer all properties at the same
time. For example, to simultaneously predict 2-layer burials and 3
possibilities of secondary structure (helix, sheet, loop), an alphabet
of 6 hidden variables was used. In a similar arrangement, 4 hidden
variables were used to represent 2 layers of Cα burial, plus the
information of whether Cβ is more or less buried than Cα.

1.3 Evaluation Parameters
Prediction schemes were initially evaluated by their accuracy,
computed as the ratio between the number of correct atomic
classifications, nc, and total number of atoms, nt.

A =
nc
nt
. (9)

Accuracy is the simplest evaluation parameter for discrete schemes
and might be used globally, for atoms in the testing set without
distinction between proteins, or locally for each individual protein.
Additionally, it might be used for arbitrary sets of atomic types, such
as “Cα”, “backbone”, “side-chain”, “Isoleucine Cβ2”, etc. It might
provide a meaningful comparison, or at least a reasonable ordering
in prediction quality, between schemes using the same input and
output representations. Direct interpretation becomes problematic,
however, when this is not the case. An accuracy A = 50% clearly
corresponds to a bad prediction for two equiprobable output burial
levels, no better than ignoring the input and choosing the output
randomly, but it might be significant for three burial levels, in
which case random prediction would correspond to A = 33%.
Additionally, there is no obvious upper limit indicating optimal
performance.

Inspired by the previous analysis of secondary structure
prediction provided by Crooks and Brenner, 2004, we have also
computed mean log-likelihoods to estimate the mutual information
between observed burials and their prediction from sequence,

Ip = I(B;B(Q)) = H(B)−H(B|B(Q)), (10)

which we call simply “prediction information”. The unconditional
burial entropy H(B) is simply log2 L, where L is the number
of equiprobable burial layers. The entropy of observed burials
conditional to their predictions, H(B|B(Q)), is estimated by their
mean log odds according to predicted probabilities,

H(B|B(Q)) = − 1

M

M∑

i=1

log2 p(bi), (11)

where M is the total number of residues in the data bank, labeled
by i, with observed burial bi, and p(bi) is the predicted probability
of this observed burial. For the HMM algorithm, which provides
probabilities for whole fragments of correlated burials, it is useful
to additionally consider the following approximation for the density
of prediction information,

ip = i(B;B(Q))

= lim
N→∞

I(BN ;BN (Q))

N

≈ I(BN ;BN (Q))− I(B1;B1(Q))

N − 1

= hN (B)− hN (B|B(Q)), (12)

with

hN (B) =
H(BN )−H(B1)

N − 1
(13)

and

hN (B|B(Q)) =
H(BN |BN (Q))−H(B1|B1(Q))

N − 1
. (14)

hN (B) is computed from the entropy of burial blocks and
hN (B|B(Q)) is computed from log odds of burial fragments
according to predicted probabilities. Due to the data processing
inequality (Cover and Thomas, 2006), prediction information is
conveniently bounded by the mutual information between observed
burial and amino acid sequence, or Ip ≤ I(B;Q∞). Similarly,
prediction information density must be bounded by the density
of mutual information between input and output representations,
ip ≤ i(B;Q).

2 ADDITIONAL RESULTS
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information, I(Q0;BN ), between a single central amino acid identity,
Q0, and N -blocks of burials, BN , as a function of block size N , for
2 (a) and 3 (b) levels of Cα burials. Different sets of points correspond
to different alphabets of amino acid identities. Lines represent exponential
or sigmoidal fits to the data before saturation from which limiting values
i(Q;B) ≈ I(Q0;B∞) are obtained. Saturation for L = 2 occurs at
N ≈ 11 and is not perceived in the displayed range while for L = 3 it
occurs N ≈ 8, as observed in (b).
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∑
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inequality should be assumed in Eq. 7 of the main article. Curves represent
single exponential fits to the data before saturation. The difference in the
extrapolated limits, I(Q∞;B0) and I(Q∞;B0)−, is close to (0.07 −
0.06) = 0.01 bit, well above sampling error. As expected, saturation
for I(QN ;BN )/N occurs at smaller N , as indicated by a steep increase
at N ≈ 8 for the present data set, when compared to saturation of
I(Q0;BN ) which occurs at N ≈ 11. It is indicated, therefore, that amino
acid identities in local sequences, although appropriately approximated
as independent both unconditionally and conditionally to burial sequence,
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single residue burial, B0.
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Fig. 5. Accuracy and prediction information for Cα burials. Prediction
accuracy A (a,b) and prediction information Ip (c,d) for two levels of
Cα burials with different identity alphabets. Plots in the first column (a,c)
show results for NBC predictions; the second column (b,d) refers to the
HMM results. The NBC method is bounded, within error, to the limits
established by corresponding I(Q∞;B0)− estimates (dotted horizontal
lines), while the same limits are surpassed by the HMM method (d). In all
plots, unshaded symbols represent the simplest version of each algorithm
(NBC1 or HMM with nothing but burial levels encoded into the hidden
variables) and shaded symbols represent improved versions (NBC2 or HMM
with secondary structures). For HMM, half-shaded symbols represent the
version that used sidechain orientations.
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ABSTRACT

The three-dimensional structure of proteins is determined by their linear amino acid sequences but decipherment of the under-

lying protein folding code has remained elusive. Recent studies have suggested that burials, as expressed by atomic distances to

the molecular center, are sufficiently informative for structural determination while potentially obtainable from sequences. Here

we provide direct evidence for this distinctive role of burials in the folding code, demonstrating that burial propensities esti-

mated from local sequence can indeed be used to fold globular proteins in ab initio simulations. We have used a statistical

scheme based on a Hidden Markov Model (HMM) to classify all heavy atoms of a protein into a small number of burial atomic

types depending on sequence context. Molecular dynamics simulations were then performed with a potential that forces all

atoms of each type towards their predicted burial level, while simple geometric constraints were imposed on covalent structure

and hydrogen bond formation. The correct folded conformation was obtained and distinguished in simulations that started

from extended chains for a selection of structures comprising all three folding classes and high burial prediction quality. These

results demonstrate that atomic burials can act as informational intermediates between sequence and structure, providing a

new conceptual framework for improving structural prediction and understanding the fundamentals of protein folding.

Proteins 2014; 82:1186–1199.
VC 2013 Wiley Periodicals, Inc.

Key words: protein folding; structure prediction; computer simulation; hydrophobic potential; atomic burial.

INTRODUCTION

General understanding of protein folding has
improved significantly during the last decades thanks to
theoretical advances framed in terms of energy land-
scapes, which emphasize the diversity of microscopic
routes between unfolded and folded states underlying the
observable macroscopic folding behavior.1–5 Results
from the Critical Assessment of Structural Prediction

(CASP) experiments6 have also shown significant
improvement in structural prediction, relying strongly on
powerful computational resources and an efficient use of
information about previously known structures, either in
the form of templates for template-based high resolution
modeling or in the parametrization of heuristic poten-
tials for free modeling, which still remains more chal-
lenging.7 As another recent encouraging development,
computationally intensive “brute force” simulations of
fast folding domains have arrived at the native structure
using physically inspired semi-empirical potentials.8–10

However, important these findings might be, particularly
considering, on one hand, the significant fraction of the
conformational space that has already been mapped11

and, on the other hand, our continuously growing com-
putational capabilities,12 it is noteworthy that no simple
set of rules associating arbitrary sequences to structures
has emerged. The eventual discovery of such rules would
give much insight into the actual encoding of native con-
formations in amino acid sequences and could eventually
provide, as a corollary, a general prediction scheme
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capable of dealing with new structures while avoiding
time-consuming and error-generating unnecessary
details.

In this direction, we have previously shown that the

native conformation of globular proteins can be obtained

from a modest amount of information about native

atomic burials, as expressed by distances to the molecular

center, when appropriately combined to simple geometri-

cal constraints.13,14 Simulations of small globular pro-

teins beginning from randomly generated extended

conformations arrived at native-like conformations when

atoms were pushed towards their native burials with con-

straints enforcing covalent geometry and formation of

hydrogen bonds for buried putative donors and accept-

ors, independently of partner. Notably, no pairwise

attractive contact interactions nor torsional bias around

single dihedrals were required to distinguish the native

topology with its correct secondary structure. Further-

more, discretization of provided native burials in a small

number of layers, with all atoms in each layer subjected

to the same burial force, demonstrated that burial infor-

mation could be rather imprecise, corresponding to an

estimated informational entropy comparable to the

entropy of protein sequences.14 Recent estimates for the

mutual information between sequences of amino acids

and corresponding burials have also suggested that

around 15% of atomic burial uncertainty, for Ca or Cb

atoms, could be resolved by local amino acid sequence.

Additionally, burial predictions from sequence using sim-

ple statistical schemes such as Naive Bayesian Classifiers

(NBC) and, particularly, Hidden Markov Models

(HMM), were found to successfully extract most of this

available sequence-dependent burial information.

Extracted information was shown to increase with the

number of burial layers, up to at least four layers, and

when the dependence of burial on side chain orientation

was taken into consideration.15

A natural hypothesis consistent with our previous

results is that the required burial information for struc-

tural determination could be obtained directly from

sequence, indicating a possible general mechanism for

informational transfer between sequence and structure.13

In a free analogy with human communication, burials

would correspond to the language in which tertiary

structures are encoded in the amino acid script. Decod-

ing a particular message would require reading burials

from sequence, as we read phonemes from written text,

and combining this sequence-dependent information to

sequence-independent constraints, analogous to gram-

matical rules of human languages that associate meaning

to a sequence of sounds.14 A clear separation between

sequence-dependent and sequence-independent informa-

tion, or literature and grammar, has practical implica-

tions for the design of folding simulations. Clearly, direct

reading from sequence, possibly using statistical learning

algorithms, should be attempted only for sequence-

dependent information, that is, atomic burials. Addition-

ally, in case of conflict between sequence-dependent and

sequence-independent signals, the latter should prevail.

Simulations are actually intended to guide the chain to

conformations that maximize the compatibility with nec-

essarily inaccurate sequence-dependent information while

still satisfying required sequence-independent constraints.

Here we investigate this hypothesis directly. We com-

bine discrete burial predictions from sequence, obtained

by a statistical scheme based on a previously described

HMM,15 to ab initio molecular dynamics simulations

forcing each atom toward its predicted burial layer with

geometric constraints imposed on covalent structure and

hydrogen bond formation. We have obtained and distin-

guished correctly folded conformations for a selected

group of globular proteins, comprising all three struc-

tural classes and good burial prediction quality, with cor-

rect burial assignment into four burial layers for � 56%

of the atoms. Sequence-dependent burial constraints in

the absence of hydrogen bonds easily guide the chain to

an ensemble of layered conformations, with most atoms

in their predicted layers but displaying a heterogeneous

distribution of RMSD values to the native structure,

uncorrelated with burial energy. As sequence-

independent hydrogen bonds are gradually enforced

within this layered ensemble, the chain is either guided

towards native-like conformations, as indicated by a

decrease in RMSD values and their correlation with

hydrogen bond energy, or adopts protein-unlike confor-

mations detectable by an abnormally low fraction of

standard secondary structure. Even though the complete

range of applicability for the present approach must still

be investigated, including its expected dependence on

burial prediction quality and on possible improvement

of sequence-independent constraints, our present results

already demonstrate that atomic burials can indeed act

as informational intermediates between sequence and

structure, providing the first direct evidence for our basic

hypothesis of a distinctive role of burials in the folding

code.

METHODS

We use the term “atomic burial” in the present study

to denote the distance of an atom in the native structure

of a protein to the structural geometrical center, that is,

its “central distance,”

r5j~r j5
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx 2x0Þ21ðy 2y0Þ21ðz 2z0Þ2

q
; (1)

where ~r is the “central vector” connecting the geometri-

cal center ðx0; y0; z0Þ, whose coordinates are the averages

over all atoms in the structure, to the atomic position

ðx; y; zÞ.13,14 We divide the structure of N atoms in a

small number, L, of concentric “layers” which are used

Folding Simulations with Atomic Burial Predictions

PROTEINS 1187



to classify all atoms into a correspondingly small set of

burial atomic types, represented by the “alphabet”

B5fb0;b1; � � � ;bL21g. The two central distances limiting

each layer are chosen to provide the same expected num-

ber, N/L, of atoms in all layers. Here we use L 5 4 burial

layers. See Figure 1(a).

Burial type predictions were obtained with the Hidden

Markov Model (HMM) method described in Ref. 16,

which was derived from a scheme originally developed

for secondary structure prediction.17 This method is a

supervised learning algorithm, meaning that it works by

learning statistical patterns of associations between

sequences and burials in a training set of proteins with

known structures, and then applying these patterns to

predict burials for new sequences. In our HMM, the pat-

terns that are inferred during the training phase consist

fundamentally of statistical associations along the

sequence between adjacent fragments of burial types

(transition probabilities) and between amino acid identi-

ties and the burial types of surrounding residues (emis-

sion probabilities). This model is consistent with the

observation that, while amino acid identities are almost

statistically independent, atomic burials of adjacent resi-

dues are strongly correlated.16 We used a training set of

278 globular structures smaller than 80 residues, derived

from the PDBSELECT18 list of March 2012, which is

intended to maximize structural diversity while minimiz-

ing sequence redundancy at the level 25% identity. For

burial prediction of all sequences in the training set we

used alignments made with CLUSTAL19 to remove, prior

to each prediction, any eventual sequence with more

than 25% identity to the sequence being predicted that

could have evaded the PDBSELECT procedure. No

sequence with more than 20% sequence identity to the

predicted sequence was present in the training set for the

proteins used in folding simulations. We have also

excluded non-globular structures, identified by a large

radius of gyration given the number of residues, with

Rg > 2:9
ffiffiffiffiffiffi
Nr

3
p

, and membrane proteins, with pdb files

containing the word “MEMBRANE.”16

The present HMM implementation uses fragments of

five adjacent residues for the HMM states of burial types

and estimates the probabilities, piðb
0
oÞ, for each residue i

to have its Ca atom at each burial layer, b
0 2 B, com-

bined to a relative Cb orientation, o 2 f#; "g, either less

(#) or more (")distant from the center than Ca, that is,

either r
Cb

i < rCa

i or r
Cb

i > rCa

i , respectively. Burial layer

probabilities for every heavy atom a in each residue i,

pa
i ðbÞ, were then obtained by extrapolation using relevant

conditional probabilities:

Figure 1
Methods summary. (a) Illustration in a specific globular protein of atomic burials and burial layers as used in the present study. Intermediate layers

(layer 2 and layer 3) are thinner than the internal layer 1 or external layer 4 in order to provide the same expected number of atoms in all layers.

Limits for each layer were obtained from the expected radius of gyration as a function of the number Nr of residues, Rg 5ð2:7
ffiffiffiffiffiffi
Nr

3
p
ÞÅ, combined to

a previously estimated probability density for the number of atoms as a function of normalized central distance, r=Rg .16 (b) Nonstandard

terms of the potential function used in the molecular dynamics simulations. The burial potential felt by each atom depending on its predicted bur-

ial atomic type increases linearly with distance from the corresponding burial layer. As a crucial sequence-independent term, there is a strong pen-

alty for polar backbone atoms to get near the structural center (ri < 15Å for the three structures under consideration) unless forming a
geometrically restrictive hydrogen bond.14 [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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pa
i ðbÞ5

X

b
0
o

piðb
0
oÞpaðbjb

0
oÞ (2)

where b 2 B and
P
Bpa

i ðbÞ51. The explicit dependence

of pa
i ðbÞ on sequence position i comes from the factor

obtained from the HMM, piðb
0
oÞ. The other factor,

paðbjb
0
oÞ, is the conditional probability of atom a being

at burial layer b conditional to Ca burial layer and Cb

orientation, b
0
o. It depends on the chemical identity of

atom a, including residue type, and is estimated from

corresponding frequencies in the training set, independ-

ently of sequence position. The burial layer with highest

probability was finally assigned as the burial type of

atom a in residue i.

Molecular dynamics simulations, with all nonhydrogen

atoms of the protein represented as single beads of unit

mass, m, were performed as in Ref. 14, with a program

adapted from a Fortran code previously used in simula-

tions with structure-based Ca models20 and modified

afterwards to handle all atoms. Our burial all-atom

model is derived from the all-atom structure-based

model described in Ref. 21, with remotion of the native-

dependent contact and dihedral energy terms and the

addition of specific terms for hydrogen bonds and

atomic burials. The resulting potential has the following

functional form:

V5
X

bonds

kdðd2d0Þ21
X

angles

kuðu2u0Þ21
X

chiral=planar

kvðv2v0Þ2

1
X
pairs

erep

rrep

d

� �12

1
X

atoms

BðrÞ1
X

don=acc

ehb f ðr;KÞ;

(3)

where d stands for distance between two atoms, h and v
for appropriate angles, r for central distance, and K for

the total number of hydrogen bonds in which a putative

donor or acceptor is involved, as explained below. The

harmonic terms constrain the covalent geometry through

bond distances, angles, planar dihedrals (peptide bonds

and aromatic rings), and Cb chirality, with kd5100eÅ
22
;

ku520erad22 and kv510erad22, for planar dihedrals, or

20erad22, for Cb chirality, where � is our unit of energy,

while d0, u0, and v0 are taken from an extended confor-

mation constructed from sequence with standard amino

acid geometries using the program PyMOL.22 The repul-

sive term is applied to all pairs of atoms that are sepa-

rated by more than two covalent bonds and do not

belong to the same planar dihedral, with erep51:0e and

rrep52:5Å, except for the repulsion between Cb carbons

and backbone carbonyl oxygens, in which case a larger

value rrep 53Å is used instead.

The burial term is applied to all atoms, pushing them

towards their type-dependent predicted layers with a con-

stant force of 61eÅ
21

. That is, B(r) is zero everywhere

inside the 2d long interval ðr�2d; r�1dÞ and increases lin-

early outside this interval with slope 61, except for small

quadratic sections required to maintain differentiability at

every point, as described in Ref. 14 and shown in Figure

1(b). The burial parameters r� and d are fixed for each of

the four layers in terms of the radius of gyration, Rg. We

use ðr�=Rg ; d=Rg Þ5ð0:378; 0:378Þ; ð0:859; 0:103Þ; ð1:051;
0:089Þ, and (1.57, 0.43) for the four burial layers, in this

order. These values correspond to equal areas under the

burial probability density function estimated in Ref. 15.

The radius of gyration of each simulated protein is esti-

mated from its number of residues, Nr, according to an

expected dependence Rg � 2:7
ffiffiffiffiffiffi
Nr

3
p

Å.

The hydrogen bond term is applied to all backbone

nitrogen and oxygen atoms and is intended to penalize

their internalization, by ehb , unless they form a single

geometrically restrictive hydrogen bond, independently of

partner. We use the following function in the hydrogen

bond term:

f ðr;KÞ5FðrÞð12KÞ; for K � 0:95 (4)

and

f ðr;KÞ50; for K > 1:05; (5)

with an appropriate intermediate quadratic region for

0:95 < K < 1:05, with derivative increasing linearly from

21 to 0, in order to maintain differentiability at K51. The

constant value of 0 for K > 1:05 is a modification with

respect to our previous study and is intended to avoid a

bias for multiple bond formation by a single putative

donor or acceptor. Multiple bond formation by single

atoms was not a problem for the potential with native bur-

ials but can become a complication when predicted, and

necessarily inaccurate, burials are used instead. The

dependence on r is still provided by a Fermi function

FðrÞ5 1

11exp ðbrðr2lrÞÞ
; (6)

which changes from 1 to 0 abruptly, as controlled by br,

around r5lr . Here we use lr515Å and br510Å
21

. We

also quantify hydrogen bond formation between a possi-

ble donor, i, and a possible acceptor, j, by a combination

of Fermi functions,

kijðh;h; uÞ5FðhÞFðhÞFðuÞ; (7)

which changes abruptly but continuously from 1 to 0 as

any of the three controlling variables exceeds their

thresholds. These three controlling variables are com-

puted from the coordinates f~r1 ; . . . ; ~r5g of the following

five atoms: the acceptor carbonyl oxygen (1), the donor

nitrogen (2), the two atoms adjacent to this nitrogen (3

Folding Simulations with Atomic Burial Predictions
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and 4), and the carbon adjacent to the acceptor oxygen

(5). These coordinates define three convenient vectors:

~v15~r22~r1 ; ~v25~r31~r422~r2 and ~v35~r12~r5 . In terms of

these vectors h5j~v1 j is the norm of ~v1 ;h is the angle

between ~v1 and ~v2 , and u is the angle between ~v1 and ~v3 .

The total number of hydrogen bonds formed by a given

possible donor, i, is obtained by the sum of hydrogen bond

formation for all putative bonds in which it is involved,

Ki5
X

j

kij ; (8)

and conversely for possible acceptors. We use the follow-

ing hydrogen bond parameters: lh53Å;bh5100 Å
21
;

lh50:5 rad ; bh5100 rad 21; lu50:7rad ;bu5100 rad 21.

The hydrogen bond energetic penalty, ehb , increased line-

arly from 0 to 5e (annealed hydrogen bonds) during the

simulation. Absolute temperature was maintained at

T51e by a Berendsen thermostat. The energetic cost of

2ehb for breaking a buried hydrogen bond is therefore 10

T at the end of the simulations with hydrogen bond

annealing. The time step of integration in the molecular

dynamics procedure is 0:005s, where s is the unit of

time determined by our units of distance, Å, mass, m,

and energy, �, that is, 1s51Å
ffiffiffiffiffiffiffiffiffi
m=e

p
.

The potential is therefore very simple and not

intended, at least in its present form, to distinguish

between minuntiae of different native-like conformations.

Notably, no attractive van der Waals interaction is

included nor any torsional potential around single bond

dihedrals, eventhough favorable contact pairwise interac-

tions and dihedral orientations are known to play a

dominant role in many other potentials used in folding

simulations.23–25 Previous simulations,14 however, have

shown that the present potential, using native burial

information in the burial terms with as few as just three

burial layers, is sufficient not only to constrain the chain

within a native-like ensemble with average RMSD from

the native structure around a couple of angstroms, but

also to consistently guide randomly generated initial con-

formations to this native-like ensemble. Additionally, due

to this simple form, conformational sampling is relatively

fast since the underlying energy landscape is much

smoother than for detailed potentials intended to distin-

guish between slightly different high resolution models.

In our previous study with native burials the burial term

was annealed during the simulations. It turns out that

the presently performed annealing of the hydrogen bond

term is more efficient in avoiding kinetic trapping, par-

ticularly for proteins containing b-sheets.

RESULTS

Burial prediction results are summarized in Figure

2(a). Prediction accuracy for all heavy atoms in four bur-

ial layers is plotted for the 278 small globular structures

against accuracy rank. Accuracy varies from close to

25%, which is no better than random prediction, to

higher than 60%, with an average of 45% and standard

deviation of 7% (horizontal lines). The average log-

likelihood, hLLi52ð1=MÞ
P

pa
i ðbnÞlog 2pa

i ðbnÞ, where

pa
i ðbnÞ is the predicted probability for the observed bur-

ial layer in the native structure, bn, and M is the number

of atoms in the data set, is close 1.75 bits, resulting in a

prediction information, as used in our previous study,16

Ip5log 24 2 hLLi � 0:25 bits. This is higher than our

previously reported values, below 0.2 bits, for four layers

of Ca or Cb atoms with size-independent training and

testing sets, with no separation by chain length.16 Con-

sistently with this last observation, Figure 2(b) shows

that the presently reported prediction accuracy for all

atoms in small structures is also higher than for predic-

tions of the same structures using a size-independent

training set. It should be noted that prediction improve-

ment arises from the present compatibility, with respect

to chain length, between structures in the training set

and sequences to be predicted, and not because predic-

tion for very small proteins is particularly easy. As shown

in the same panel, prediction accuracy for groups of lon-

ger chains, with the number of residues Nr satisfying

81 < Nr � 120 or 121 < Nr � 160, is actually compara-

ble to our present results for Nr � 80 when training is

performed inside each group and higher than for train-

ing in the whole set including all lengths. For even longer

chains we observe a slight decrease in prediction

accuracy.

Maximal, average and standard deviation of pairwise

identities with proteins in the training set are also shown

for each predicted protein in Figure 2(a) and no correla-

tion with prediction accuracy is apparent. Accuracy in

the investigated set does not correlate either with simple

structural parameters such as the fraction of a or b sec-

ondary structure (not shown). We observe, however, that

prediction accuracy for each protein does increase, as

expected, for more reliable atomic predictions, as meas-

ured by the probability, pa
i ðbpÞ, for the predicted layer

bp. As seen in Figure 2(c), prediction accuracy for each

protein tends to increase slightly for predictions with

pa
i ðbpÞ > 0:3 and more significantly for pa

i ðbpÞ > 0:4 and

pa
i ðbpÞ > 0:5. The fraction of atoms satisfying these

increasing restrictive criteria in each protein necessarily

decreases, however, as shown in Figure 2(d). In the pres-

ent investigation we use all burial predictions on an

equal basis, independently of reliability.

We selected three proteins with high burial prediction

accuracy, comprising all three structural classes, for a

detailed analysis using molecular dynamics folding simu-

lations: the all-a XLR Effector AVR3A11 from Phytoph-

thora capsici (RePc, PDB code 3zr8, 65 aa), a variant of

the a=b protein G b2 domain from Streptococcus sp.

(ProtGSsp, PDB code 3fil, 56 aa), and the topologically

M.G. van der Linden et al.
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nontrivial all-b cold shock protein of Bacillus caldolyticus

(CsBc, PDB code 1c9o, 66 aa). Their burial predictions

are shown in Figure 3(a–c), with a percentage of cor-

rectly assigned atoms around 56%. For comparison pur-

poses, around 15% of our current protein dataset of

small structures have more than 50% of their atoms cor-

rectly assigned by this procedure. The training set for

each of these three selected proteins contained only

sequences with less than 20% identity to them and burial

prediction accuracy would not change significantly if

more stringent cutoffs were used instead: less than 1%

difference at 15% cutoff and within 3% difference (54%,

57%, and 59%) at 10% cutoff. Molecular dynamics sim-

ulations for these three proteins with annealed hydrogen

bonds were performed as described in the Methods sec-

tion. As nonstandard terms we have a constant force

pushing each atom toward a single burial layer among

four pre-established possibilities and an energetic penalty,

Figure 2
Burial prediction results. (a) The horizontal axis represents the Ns5278 proteins in the dataset ordered by prediction accuracy rank. The sigmoidal

curve indicates the fraction of residues that were assigned to the correct burial layers for the respective protein with sample average and standard
deviation, ls6rs , indicated by horizontal lines. Identity scores between the reference protein at a given rank and all proteins in the training set

were obtained with CLUSTAL18 and their average and standard deviation are indicated by error bars while the highest scores are shown by the
connected line. (b) Average accuracy for each group of structures as a function of chain length range for size-dependent and size-independent

training sets are represented by solid bars. Error bars represent standard deviations of the mean, rs=
ffiffiffiffiffi
Ns

p
, which are small because the number of

structures in each sample is large. For Nr < 80, for example, we have rs � 7%, as shown in (a), and rs=
ffiffiffiffiffi
Ns

p
� 7=

ffiffiffiffiffiffiffi
278
p

� 0:05%. (c) Each set of
points shows, as a function of prediction accuracy rank, the prediction accuracy exclusively for atoms whose probabilities of being in the predicted

layer, pa
i ðbpÞ, are above a certain threshold. (d) Each set of points shows the fraction of atoms satisfying the criteria used in the previous plot.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Folding Simulations with Atomic Burial Predictions

PROTEINS 1191



which increases linearly in time, for backbone polar

atoms to get buried unless forming a geometrically

restrictive hydrogen bond, independently of partner. The

layer to which each atom was pushed, that is, its burial

atomic type, was obtained from the burial prediction.

No information about the native structure was included.

As shown on the right side of Figure 3, the Ca root

mean square deviation (RMSD) from the native structure

oscillates strongly during the first half of the simulations,

reflecting rapid interconversion between different confor-

mations in the absence of strong hydrogen bonds, even

in the presence of burial constraints. As hydrogen bonds

become stronger, oscillations become smaller and differ-

ent trajectories converge to rather uniform conforma-

tional ensembles. Seven out of ten trajectories resulted in

correct folding for the a-helical RePc, converging to

RMSD values between 3Å and 5Å, which is consistent

with trajectories beginning from the native structure

under the same final conditions (not shown). We find

that the average hydrogen bond (HB) energy term over

the last 10% steps of each trajectory performs quite well

in discriminating final trajectories with low average

RMSD. As shown in Figure 4(a), the three trajectories

with lowest average HB energy, between 140e and 150e,

correspond to the lowest average RMSD values, around

4Å. The only other trajectory with average HB energy

below 160e displays all helices correctly formed but in an

incorrect mutual disposition, symmetric to the native

Figure 3
Burial predictions and folding trajectories. Prediction of burial layers (left). Central layer positions for each heavy atom are in shown in blue/dashed

lines for predicted burials and in red/solid lines for actual burials, in terms of distance from the molecular center. Circles indicate Ca atoms. Fold-

ing simulations (right). Ca RMSD is plotted as a function of simulation time step. Each panel shows ten to eighteen independent trajectories for a
single protein, using a burial potential derived from the prediction shown immediately to the left. Burial constraints remain constant while the

energetic penalty for not forming hydrogen bonds increases linearly in time. Simulations were performed at absolute temperature (in energy units)
T5e. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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structure, with RMSD around 10Å. Such “mirror”

images were also found in our simulations using native

burial information13,14 and have been previously

observed in other simulations of helical proteins with

pairwise contact potentials.26

For ProtGSssp, the distribution of final RMSD for dif-

ferent trajectories was more heterogeneous, with two tra-

jectories with final RMSD values between 3Å and 6Å,

but average RMSD values correlates with average HB

energy, with the lowest and second lowest average HB

energies around 200e and 210e, respectively, appropri-

ately corresponding to lowest and second lowest average

RMSD around 4Å and 6Å. For the topologically complex

CsBc, three trajectories out of eighteen resulted in aver-

age RMSD values between 5Å and 6Å. However, the

group of three trajectories with low final RMSD values is

not clearly distinguished from the remaining trajectories

by their average HB energies alone. The trajectory with

lowest average RMSD, close to 5Å, is actually one of the

two trajectories with lowest average HB energies, both

close to 195e, but the average RMSD for the other low-

energy trajectory is close to 12 Å. Additionally, the tra-

jectory with second lowest RMSD, close to 6 Å corre-

sponds to an average HB energy close to 205e while

many trajectories with large RMSD, between 9 Å and 12

Å, also have average HB energies between 200e and 210e.

We observe, however, that many of these trajectories

display an abnormally low fraction of residues adopting

standard a-helix or b-sheet secondary structure, below

0.4 as computed by the Dictionary of Protein Secondary

Structure (DSSP),27 and that the only two to display a

fraction of secondary structure formation above 0.5 are

in the group of low RMSD, as seen in Figure 4(f). We

note that one trajectory RePc and two trajectories for

ProtGSsp also display a low fraction of secondary struc-

ture, as seen in Figure 4(d,e), but they were correctly dis-

tinguished by the HB energy term, as should be

expected. The fact that trajectories for CsBc that have a

low fraction of secondary structure might still have low

HB energy values might suggest some imperfection in

Figure 4
HB energy and ratio of secondary structure for the final portion of trajectories. Average hydrogen bond energy, (top) and average fraction of resi-
dues forming standard a-helix or b-sheet secondary structure (bottom) for the last 10% of each trajectory shown in Figure 3, plotted as a function

of average Ca RMSD from the native structure, with corresponding standard deviations as error bars. The HB energy is part of the actual potential
governing the trajectories while secondary structure was computed independently by the Dictionary of Protein Secondary Structure (DSSP)27 with

the program provided at the site http://swift.cmbi.ru.nl/gv/dssp. [Color figure can be viewed in the online issue, which is available at

wileyonlinelibrary.com.]
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our current sequence-independent constraints, which

happened to be more perceptible for the all-b protein,

but also points out a direction for possible improvement.

Since the HB energy is inversely correlated to the

number of hydrogen bonds, provided conformations are

equally compact, the total number of hydrogen bonds, or

HB number, should provide a similar indicator of low

RMSD trajectories. Figure 5(a–c) shows that this is

actually the case and that differences in final HB energy

between trajectories correspond to an appropriate differ-

ence in average HB number, with the increment of a sin-

gle hydrogen bond corresponding roughly to a decrease

of 10e in HB energy. Differently from HB energy or HB

number, the burial energy is not a good indicator of low

RMSD trajectories. As shown in Figure 5(d–f), no corre-

lation is apparent between average final RMSD and aver-

age final burial energy for the trajectories of ProtGSssp

and CsBc, or for the group of RePc trajectories with low

average RMSD, below 6 Å. Furthermore, the range of

differences in average burial energy between trajectories,

typically around 10e, is smaller than the range of differ-

ences in average HB energy, typically around 40e.

In any case, it is a particularly encouraging result that

whenever standard secondary structure does form it is

consistent with the native pattern and the HB energy

becomes indicative of native topology. If we eliminate

final trajectories with a fraction of secondary structure

below 0.4 and select from the remaining lot the one with

lowest average final HB energy, a trajectory with low

average final RMSD is obtained. If we now choose inside

this trajectory the individual conformation with the

highest number of hydrogen bonds we arrive at the

structures shown in Figure 6. The agreement with their

native counterparts is encouraging, particularly consider-

ing the simplicity of our scheme and the fact that no

information about the native structure was used either in

the folding simulations or in the selection criterion.

The interplay between sequence-dependent burial

energy and sequence-independent hydrogen bond forma-

tion along the whole folding process is illustrated in Fig-

ure 7 with a single trajectory of RePc. RMSD as a

function of simulation time step for this trajectory,

which was already shown in Figure 3(d) inside the group

of ten RePc trajectories, is now more clearly seen by itself

Figure 5
HB number and burial energy of the final portion of trajectories. Number of formed hydrogen bonds (top) and value of the burial term in the
energy potential (bottom) for the last 10% of each trajectory shown in Figure 3, plotted as a function of average Ca RMSD from the native struc-

ture, with corresponding standard deviations as error bars. [Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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in Figure 7(a), while burial energy, HB energy and HB

number are shown in Figure 7(b). Average HB energy

initially increases, as expected, as the HB energetic pen-

alty ehb is gradually augmented but only a very few

hydrogen bonds are transiently formed in this initial part

of the trajectory. HB number then increases rather

abruptly while HB energy initially decreases and then

appears to stabilize, on average, with occasional oscilla-

tions mirroring the behavior of HB number. The onset

of hydrogen bond formation coincides with the decrease

in RMSD fluctuations and convergence to a low RMSD

conformational ensemble. The burial energy, on the

other hand, oscillates around 80e from the beginning of

trajectory and is not greatly affected by the onset of

hydrogen bond formation. Within the conformational

ensemble explored in the trajectory, therefore, conforma-

tional distance from the native structure, as measured by

RMSD, is not correlated to the sequence-dependent bur-

ial energy but inversely correlated to sequence-

independent hydrogen bond formation, particularly for

low RMSD values, as directly seen in Figure 7(c,d).

Sequence-independent hydrogen bond formation, and

not the sequence-dependent burial energy term, arises

therefore as an indicator of native-likeness within the

conformational ensemble explored during our simula-

tions. Note that this conformational ensemble, however,

is already efficiently constrained by the sequence-

dependent burial term. As observed in Figure 7(a), and

also in Figure 3(a), the RePc chain transiently adopts

conformations with RMSD values close to 5 Å from the

native structure in the first part of the trajectory, when

hydrogen bonds are still absent. Relatively low RMSD

values in the absence of hydrogen bonds are also

observed in the trajectories of the two other proteins,

with different ranges in explored RMSD values, as seen

in Figure 3(b,c). For comparison, we show in Figure 8

that trajectories of RePc with all atoms being pushed in

the absence of hydrogen bonds to a single burial layer,

combining the four original layers, display larger average

and minimum RMSD from the native structure than the

initial 10% of the folding trajectories. In fact, RMSD val-

ues to the native structure of the all-a RePc are similar

for the compact ensemble of RePc itself and the compact

ensemble of the all-b CsBc, and vice versa.

These compact conformational ensembles, therefore,

even though satisfying the sequence-dependent covalent

geometry, are effectively sequence-independent in terms

of conformational distance to any particular native struc-

ture. For the folding trajectories, on the other hand,

sequence-dependent burial constraints result in sequence-

dependent, “layered”, ensembles with appropriately

smaller RMSD values to the corresponding native struc-

ture. In other words, sequence-dependent burial infor-

mation determines a constrained, layered,

conformational ensemble but is not able to distinguish

native-like conformations within this ensemble.

Sequence-independent hydrogen bonds, on the other

hand, become a good indicator of native-like conforma-

tions within the sequence-dependent layered ensemble.

They would not be able to distinguish a unique native

structure inside sequence-independent compact ensem-

bles because all globular native structures would be com-

patible with the constraints in compaction and hydrogen

bond formation.

DISCUSSION

We have obtained and distinguished native-like confor-

mations in ab initio folding simulations using sequence-

dependent burial predictions combined to sequence-

independent geometrical constraints on covalent geome-

try and hydrogen bond formation. This important result

demonstrates the possibility of using atomic burials as

informational intermediates between sequence and

Figure 6
Representative conformations. Representative conformation obtained

from the trajectories (blue) for each of the three proteins compared to
the native structure (red). For each protein, we selected among the final

parts of the independent trajectories the one with the lowest average
HB energy, excluding beforehand any eventual trajectory that reached

an average fraction of secondary structure below 0.5. The conformation

with the largest number of hydrogen bonds in the selected trajectory
was then adopted as our predicted structure (when more than one con-

formation have the same number of hydrogen bonds, we choose the
one with lowest energy for the hydrogen bond term). Ca RMSD values

for the selected structures are shown beside their names, being close to
0.5 Å higher than the global minimum in their trajectories, which are

shown in parenthesis.
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structure in folding simulations and protein structure

prediction. The resulting scenario is physically intuitive

and consistent with general folding principles already

known for decades, although not usually emphasized in

prediction schemes or folding simulations. The tendency

of different regions of the chain to be more or less

exposed to the solvent depending on sequence has long

been considered as a possible dominant factor in the

folding code,28 but no correspondingly simple prediction

scheme has previously materialized. Even within

sequence-independent terms, the preeminent role played

by geometrically restrictive hydrogen bonds, unspecific

with respect to secondary structure, is reminiscent of the

classical articles by Linus Pauling from the early 50s29,30

but it stands out in comparison with normally used fold-

ing potentials. The distinction between sequence-

dependent and sequence-independent information is not

in itself original either, since it is implicit in suggestions

that the sequence selects a structure from a small set of

physically viable possibilities, for example, Refs. 31 and
32, and has also been considered explicitly in previous

statistical prediction schemes, for example, Ref. 33. The

insight that sequence-dependent information could be

formed exclusively by burials, however, is a fundamental

original hypothesis underlying the present scheme. This

possibility had been hinted more than a decade ago by

simulations of minimalist lattice models34 and investi-

gated more recently in the context of atomistic simula-

tions using native burials combined to informational

analyses.13,14,16

It is also clear, on the other hand, that our simulated

trajectories are not expected to reflect details of the

actual folding process, such as the time evolution of con-

formational averages and corresponding fluctuations,

nor, even to a lesser extent, free energy barriers associ-

ated to rate limiting steps. The statistical, sequence-

dependent, burial potential provides information about

expected atomic central distances in the native structure,

at the very end of the folding process. It might ultimately

arise from a complex interaction between physical factors

unlikely to be realistically modeled, along the whole pro-

cess, by a single combined effective potential. Similarly,

Figure 7
Analysis of a single trajectory of RePc. (a) Progress of the native Ca RMSD of a single trajectory of RePc as a function of simulation time step. (b)
Burial and HB energies are shown as functions of time step in the scale indicated on the left hand vertical axis. The number of hydrogen bonds

formed by the structure in each step (HB number) are shown to the scale indicated in the right hand vertical axis. (c) Burial energy as a function
of Ca RMSD for the entire trajectory. (c) HB number as a function of Ca RMSD for the entire trajectory. [Color figure can be viewed in the

online issue, which is available at wileyonlinelibrary.com.]
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hydrogen bond annealing is not motivated by a putative

effectively linear variation along actual folding time but

is simply intended to avoid kinetic trapping, particularly

for proteins containing b-sheets. Our simulations can

then be seen as intended to combine correct physical

ingredients in a computationally convenient order, gener-

ating an artificial path between unfolded and folded

states. Realistic, path-independent, native-like conforma-

tions can still be obtained but path-dependent features

might be quite unrealistic, even if possibly convenient,

such as artificially fast kinetics unrelated to real folding

times. Additionally, since the burial potential provides

information about expected native central distances but

not their expected fluctuations, simulated dynamical

properties could also be unrealistic even in the native

state although this possible discrepancy is not expected

to affect structural prediction.

It is important, in any case, to discuss which physical

factors contribute to the effective burial potential in

order to understand how they can be estimated from

local sequence statistics in the first place and if there are

situations in which poor prediction performance could

be anticipated. Side-chain hydrophobicity is expected to

play an important role, since it is clearly involved in

determining how different residues tend to be more or

less exposed to the solvent. Accordingly, empirical distri-

butions of atomic central distances in globular proteins

were found to correlate with residue hydrophobicity.15

Additionally, reasonable estimates for Ca central distan-

ces were obtained with an analytical polymer model that

combined standard residue hydrophobicities with a sim-

ple constraint on globular size.35 Difficulties could be

readily anticipated at least in two general situations: (1)

for elongated or otherwise insufficiently globular pro-

teins, in which case solvent exposure is not expected to

correlate with central distance, and (2) for constituents

of macromolecular complexes possibly stabilized by

hydrophobic interactions, in which case hydrophobicity

is not necessarily indicative of internalization as observed

in the isolated constituent protein. We presently avoid

the first problem by excluding nonglobular structures. A

more detailed analysis of the structures for which burials

happen to be poorly assigned will be required in order

to decide to what extent the second problem is affecting

our current predictions.

It must also be noted that central distances might be

somewhat correlated13 but are not equivalent to other

more transparent measures of solvent exposure, such as

accessible surface areas, even in perfectly globular struc-

tures. Our previous observation that native-like confor-

mations could be obtained from a sequence-compatible

amount of central distance information14 is unlikely to

be valid for accessible surfaces. Intuitively, central distan-

ces appear to be more informative about the native

structure, in terms of providing stronger constraints on

available conformational space. Conversely, it could

appear that this larger amount of information should be

harder to obtain from sequence, particularly for large

structures, in which case it is possible to imagine atoms

with quite different central distances but equally unex-

posed to the solvent in terms of accessible surface. It is

equally apparent, on the other hand, that chain connec-

tivity should impose stronger correlations on central dis-

tances than on accessible surfaces, implying some extra

amount of sequence-independent information in the first

case. As a simple example, a chain segment that connects

two regions known to be, respectively, in the most inter-

nal and most external burial layers, must necessarily

cross through intermediate burial layers independently of

accessible areas, or sequence. The resulting constraint

might be significant, particularly for short connecting

segments.

Regarding actual prediction, our previous results16

have indicated that burials defined by central distances

are not harder to obtain from sequence than solvent

exposure as measured by accessible surface areas. For two

burial layers of Cb atoms, for example, we have obtained

a prediction accuracy close to 70%, as shown in Figure

4(b) of Ref. 16 which is comparable to reported values

for accessible surface areas, for example, Ref. 36. Predic-

tion accuracy decreases as the number of layers increases,

as expected, but prediction quality, as appropriately

measured by prediction information, actually increases

Figure 8
RMSD of one-layer and four-layer trajectories to different native struc-
tures. Simulations with a single layer, corresponding to the union of all

four burial layers, were performed without the HB potential for the
RePC (all-a) and CsBc (all-b) proteins, for a number of steps equiva-

lent of 10% of the number used in the four-layer simulations described
in Figure 3. The average RMSD within these trajectories with respect to

both native structures were calculated and indicated in the columns

labeled “1 layer” as solid bars, with standard deviation as error bars
and minimal and maximal values as single points. The same compari-

son was also performed using the first 10% steps of two selected four-
layer trajectories (when the HB potential still has a low weight). These

results are shown in the columns labeled “4 layers.” . [Color figure can
be viewed in the online issue, which is available at

wileyonlinelibrary.com.]
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significantly up to at least four or five layers, as shown

in Figure 6 of the same Ref. 16. Comparing our informa-

tional analysis of central distances with a similar analysis

of accessible surface areas,37 we found that single residue

identities are less informative of distances than of surfa-

ces but correlations between adjacent distances are

indeed stronger.16 Our present results displayed in Fig-

ure 2(b) show that prediction is improved for size-

dependent training sets, confirming the relevance of

chain length in the informational transfer between

sequence and burials in our prediction scheme. At the

same time, they refute the hypothesis that our current

increase in prediction quality could reflect some putative

intrinsic easiness of prediction for very small structures.

Burial correlations, which are explicitly accounted for in

the HMM, could partially explain how central distances

can be “felt” differently by eventually equally unexposed

chain segments. An expected dependence of burial corre-

lation lengths on globular size is consistent with the

dependence of prediction quality on the range of chain

lengths in the training set.

Some practical questions also arise naturally from our

results, indicating possible directions for future research.

Particularly relevant, the range of applicability of the

present approach in terms of the quality of burial predic-

tion and sequence-independent constraints must also be

investigated. Accordingly, the possibility of improvement

in parameters associated to these two rather independent

components acquire special importance. Regarding burial

prediction, it is unlikely that another statistical scheme

could perform significantly better than our HMM, when

using the same training set of native structures, because

the estimated available burial information in local amino

acid sequences has been shown to be efficiently extracted

by our procedure.16 Some improvement can be expected

from considering some nonlocal information, as we

actually do in the present study with chain length by

using only small proteins in the training set. Similarly,

further improvement could be obtained if training sets

more representative of the sequences to be predicted

could be constructed, possibly using additional structural

information that might happen to be available, such as

structural class. Alternatively, a more efficient utilization

of predicted burials could be attempted by some prefer-

ential utilization of more reliable predictions, as quanti-

fied by pa
i ðbpÞ.

Regarding sequence-independent constraints, we have

occasionally obtained conformations forming hydrogen

bonds but with low fraction of standard secondary struc-

ture. This observation is suggestive that our current con-

straints are not always able to prevent hydrogen bond

formation with non-standard backbone dihedrals. Since

our hydrogen bond is defined exclusively in terms of

appropriate distance and orientation between donor and

acceptor, they could favor by themselves nonstandard

secondary structure, such as left-handed a-helices or the

g-helix and original pleated sheet described by Pauling

et al. in the 50s.29,38 Left-handed a-helices are avoided

by the repulsion between Cb and backbone oxygen

atoms. Pauling and Corey discarded the two other, poste-

riorly unobserved, secondary structures in terms of

unfavorable backbone dihedrals,30 an effect not included

in our current potential. It appears, therefore, that the

chain might occasionally escape to protein-unlike struc-

tures still satisfying our hydrogen bond constraints, as

particularly perceptible in our simulations of CsBc. This

problem is likely to be aggravated as burial type predic-

tion becomes more inaccurate and, conversely, penaliza-

tion of these incorrect structures should increase the

range of burial prediction accuracy still sufficient for suc-

cessful folding simulations. It is not presently clear if

such penalization could arise simply from a more

detailed consideration of different atomic repulsion dis-

tances or if a sequence-independent torsional potential

around backbone dihedrals should also be included.

CONCLUSION

Our results demonstrate the possibility of reaching

and distinguishing native-like structures using sequence-

dependent burial propensities combined to sequence-

independent geometrical constraints. The clear division

between sequence-dependent and sequence-independent

information, or between literature and grammar, will be

useful for both the production of more accurate burial

reading from sequence and the development of more

restrictive sequence-independent grammatical constraints.

The key original hypothesis that atomic burial propen-

sities might constitute the only information to be

obtained directly from sequence is corroborated and

might become the basis for a new conceptual framework

for improving prediction and understanding the funda-

mentals of protein folding.
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