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SUMMARY 1

SUMMARY

Similarity and dissimilarity comparisons of biological units are powerful tools

used to solve many biological research problems. The main emphasis of this

work is to develop methods for the comparison of biological units at three

different levels: molecular sequences, protein structures, and protein masses of

bacteria. These comparisons provide us with important tools to efficiently store

sequence data, to explore the sequence-structure relationship, and to do rapid

cell classification.

Level I: Molecular Sequence

Cross similarity comparison is an alignment of sequences against a large

molecular dataset such as GenBank or SwissProt. It is the standard "first step"

for determining the evolution, chemical properties, or function of a set of

genome sequences. In this thesis, a cross comparison was computed between

83216 genes comprised of 16 completely sequenced genomes of micro¬

organisms und other genes covering the three Kingdoms of Life. These

publicly accessible alignments provide vast amount of resources for

researchers to do comparative genomic studies.

Level II: Protein Secondary Structure

An analysis of peptide segments, with the same sequence but which differ

significantly in structure, was performed over non-redundant databases of

known protein structure. In particular, this study focused on those peptides
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which fold into an a-helix in one protein but a ß-strand in another. The results

overwhelmingly indicate that the peptides' environment ultimately dictate its

structure, even though the study shows that many such structurally ambivalent

peptides contain amino acids with a strong preference collocated with amino

acids with a strong strand preference. Furthermore, the first structurally

ambivalent nonapeptide from evolutionary unrelated proteins is described; this

highlights the intrinsic plasticity of peptide sequences which allows for the

significant dissimilarity in their structure. Finally, a computer program has been

implemented to identify regions in a given sequence where secondary structure

prediction programs are likely to make serious false predictions.

Level III: Whole cell mass mapping (Identification of bacteria based on

the similarity comparison of masses):

The ability to rapidly detect and identify bacteria is of considerable importance

in many areas. This thesis presents an algorithm for identifying bacterial cells

using mass spectrometric analysis. A cell fingerprinting database comprising

masses of different bacteria has been constructed. A Bayesian classification

schema is employed for deciding whether or not an unknown bacterium has a

match in the database according to the similarity comparison of the available

masses. The initial experiments based on a limited dataset of 3 bacteria

indicate that our approach is feasible. Via a jack-knife test, our program

correctly identifies the bacterium in 68% of the cases.
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ZUSAMMENFASSUNG

Untersuchungen zur Ähnlichkeit bzw, Verschiedenheit biologischer Einheiten

sind von grundlegender Bedeutung bei deren Identifikation und bei der

Aufklärung von Evolutionsverwandschaften. Ähnlichkeit auf der Ebene von

Protein und Genomsequenzen lassen Rückschlüsse auf deren Struktur und

biologisch-chemischer Funktionen zu - Ähnlichlkeitsvergleiche auf der Ebene

gesamter Zellen kann zu deren Identifikation führen. Ähnlichkeits¬

untersuchungen sind daher wichtige Verfahren um biologische

Problemstellungen zu bearbeiten. Das Ziel dieser Arbeit ist es Methoden zu

entwickeln um biologische Einheiten verschiedener Ebenen zu vergleichen: i)

Molekularsequenzen, ii) Proteinstrukturen und iii) Proteinmassen

unterschiedlicher Bakterien. Hierbei wurden Methoden zur effizienten

Speicherung von Sequenzinformationen entwickelt, Sequenz-Struktur-

Zusammenhänge aufgeklärt und eine Methode zur schnellen bakteriellen

Klassifikation entwickelt.

Ebene I: Molekularsequenzen

Evolutionäre Zusammenhänge in biologischen Molekularsequenzen (wie bspw.

Proteinen oder DNA) sind wichtige Voraussetzungen um Funktion und Struktur

von Proteinen aufzuklären. Der erste Schritt in der Bestimmung von

evolutionären Zusammenhängen in Protein- und DNA-Sequenzen sind

sogenannte „Cross-similarity"-Vergleiche (Kreuzvergleiche). Hierbei wird eine
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Sequenz gegen eine grosse Anzahl von Vergleichsequenzen „aligned" die

man aus der Genbank oder SwissProt Datenbank erhält. In dieser Arbeit

wurde ein Kreuzvergleich von 83216 Genen einschliesslich 16 komplett

sequenzierter Genome verschiedener Mikroorganismen durchgeführt. Die

Alignments liefern eine grosse Anzahl an biologischen

Korrelationsinformationen, die für vergleichende Genomstudien von grosser

Bedeutung sind. Diese Informationen sind über das world-wide-web der

Öffentlichkeit zur Verfügung gestellt worden.

Ebene II: Proteinsekundärstrukturvergleich

Ein Vergleich und eine statistische Analyse von Peptidsegmenten die die

gleiche Proteinsequenz aber unterschiedliche Sekundärstruktur aufweisen

wurde durchgeführt. Die Strukturen wurden einer „non-redundant"

Proteinstrukture-Datenbank entnommen. Im Besonderen liegt unser

Augenmerk auf Peptidesegmenten, die als a-helicale Struktur in einem Protein

falten, in einem anderen hingegen als ß-Faltblatt Struktur vorliegen. Diese

Studie zeigt, dass strukturell ambivalente Peptide vorzugsweise Aminosäuren

enthalten die entweder eine starke Präferenz für eine a-helicale oder aber für

eine ß-Faltblatt Struktur aufweisen. Die Ergebnisse zeigen ebenso, dass die

Proteinumgebung eindeutig die Sekundärstruktur der vorliegenden

ambivalenten Peptidbereiche bestimmt. Zudem wird das erste strukturell

ambivalente Nonapetide aus evolutionär nicht verwandten Proteinen

beschrieben. Das Auftreten dieses Nonapetides verdeutlicht die grosse

strukturelle Flexibilität von Proteinsequenzen. Auf der Basis der statistischen
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Analyse der strukturell ambivalenten Peptidsequenzen wurde ein Programm

entwickelt, das Bereiche in Proteinsequenzen identifiziert, in denen

herkömmliche Sekundärstrukturvorhersagen nur ungenügende Gegenauigkeit

aufweisen können.

Ebene III: Zellidentifizierung Aufgrund von Ähnlichkeitsanalysen von

Proteinmassen

Die Fähigkeit schnell Bakterien zu identifizieren ist von grosser medizinischer

und technologischer Bedeutung. Diese Arbeit präsentiert einen Algorhythmus

zur Identifizierung von bakteriellen Zellen mit Hilfe einer massen-

spektrometrischen Analyse. Eine Datenbank mit sogenannten Zell-

Fingerabdrücken wird aufgebaut. Diese Datenbank enthält Informationen über

die Massen der bakteriellen Proteine. Ein "Bayesian'-Klassifikationsschema

wurde angewendet um zu entscheiden ob ein unbekanntes Bakterium in der

Datenbank aufgrund eines Ähnlichkeitsvergleichs der vorhandener

Proteinmassen identifiziert werden kann. Unsere Experimente, die auf einem

limitierten Datensatz von 3 Bakterien basieren, veranschaulichen dass unser

Ansatz erfolgreich ist. Im Rahmen eines Jackknife Tests identifiziert unser

Program zu 68% das unbekannte Bakterium.
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CHAPTER 1

Introduction
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1.1 Similarity and Dissimilarity Comparison

The similarity between two objects is a measure of how closely they resemble

each other. Dissimilarity is the inverse of this, and is related to the concept of

distance. (Dis)similarity comparison is important because it allows us to store

and retrieve information more efficiently. It is also the most fundamental

principle for us to infer the relationship between objects, and imply the

mechanisms by which events happen. Using similarity comparison requires

that we make decisions about:

• Which features of the objects are to be used for similarity comparison?

• How should similarity be defined formally?

• If similarity is defined quantitatively, what is an efficient method to

calculate the similarity?

The solutions to many biological problems involve (dis)similarity comparisons of

biological units (e.g. molecular sequence, protein secondary structure, etc.).

While some applications require only a binary or discrete decision as to

whether two biological units are the same (e.g. comparing protein secondary

structures), other applications need a more sophisticated, continuous function

to define the (dis)similarity (e.g. using a statistical scoring scheme while

comparing two protein sequences). In fact, most continuous functions can be

turned into discrete decision functions using some appropriate cut off values.

For example, when assessing the similarity between a unknown cell and

different known cells using a continuous probability function, the class
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membership of the unknown cell can be decided based on a certain threshold

of the probability score.

In this chapter, some fundamental definitions and notations needed throughout

the main body of the thesis are introduced.
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1.2 Similarity Comparison of Molecular Sequences

1.2.1 Motivation

Nature is a tinkerer and not an inventor (Jacob, 1977). New protein or DNA

sequences are adapted from pre-existing sequences rather than invented de

novo. This is very fortunate for computational sequence analysis (Durbin et al.,

1998). In general, sequence determines structure and structure determines

function. By comparing the sequence similarity between new sequences and

sequences with known structure/function, we can infer the structure/function of

the new sequence.

1.2.2 Sequence Alignment

To compare the similarity of two sequences, we need to do sequence

alignment. An alignment (Fig.1) is an arrangement of two sequences opposite

one another. It shows where they are different and where they are similar.

Using appropriate similarity measurements, we want to find the optimal

alignment - the alignment with the highest similarity and the least dissimilarity.

Sequence 1: ILKKKGHHEAELKPLÄQSHATKHKIPIKYLEFISEAIIHVLHSR

Sequence 2: ILKNAG-NAGKLKAMLSQFAKEH VGFGVGSAQFENVRSM

Fig. 1: An alignment example of two protein sequences, "-"means gap caused by the

insertion/deletion of residues. This will be discussed in more detail later.



CHAPTER 1 10

1.2.3 Scoring the Alignment - the Similarity Substitution Matrices

The simplest way to score an alignment is to give aligned characters that are

identical a positive score, and when the characters differ, give a score of 0. The

alignment score is the sum of the scores of the identical character pairs.

A more complicated scoring scheme involves a scoring matrix. The amino acid

similarity substitution matrices are 20 by 20 square matrices (Fig. 2) for the

alignment of protein sequences. A score in the matrix is a number that assigns

a positive score to identical or similar character pair, and a negative value to

dissimilar pair. The pair-score matrix is usually symmetric, since Trp aligned

with Leu has the same meaning as Leu aligned with Trp. The similarity score

s(a,b) of two residues a and b in the scoring matrix is mathematically defined

as:

s(a.b) = 10-log,
KcpcPj

(1)

where pat is the joint occurrence probability of the aligned residues a and b; qa

and qb are frequencies of occurrence for the residue a and the residue b,

respectively. s(a,b) is the log likelihood ratio of the residue pair (a,b) occurring

as an aligned pair, as opposed to an unaligned pair (Dayhoff et al., 1978). It is

important to have the log because it turns the mathematical operation

"multiplication" to the "addition", which speeds up the sequence alignment

procedure.
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Fig 2 An example of the similarity substitution matrix (The PAM 250 matrix)

The first ammo acid substitution matrix constructed using (1) was introduced by

Dayhoff and coworkers (Dayhoff et al, 1978, Schwatz and Dayhoff 1978)

Dayhoff matrices were derived by first manually pairwse aligning a small

number of very similar protein sequences The observed amino acid

substitutions were counted and the corresponding ratios in equation (1) were

computed The measure of evolutionary distance used was the PAM (for "point

accepted mutation") Ideally, two sequences A and B are defined as being one

Pam unit diverged if a series of accepted point mutation has converted A to B

with an average of one accepted point-mutation event per one-hundred amino

acids. The most commonly applied Dayhoff matrix was at the distance of 250

PAMs.

A larger sample size and improved statistical methods will provide us with more

accurate amino acid similarity matrices Derived from the vast quantities of
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pairwise alignment of protein sequences, the GCB matrices (Gönnet et al.,

1992) and the Pet matrices ( Jones et al., 1992) updated the numbers in the

Dayhoff matrices. An alternative approach was used by Henikoff & Henikoff

(1992), who examined multiple alignments of distantly related protein regions

directly, rather than extrapolate from closely related sequences. The highly

conserved regions (i.e. blocks) of multiple alignments are used for counting the

residue substitution ratios. Several experiments (Paerson 1995, Henikoff &

Henikoff 1995) has shown that such derived similarity matrices (BLOSUM

matrices) are superior to other matrices for detecting similarities between

protein sequences.

1.2.4 Gap penalties

Insertions and deletions (indels or gaps) are observed within sequence

families, and it is usually necessary to introduce such gaps when producing an

alignment (Fig. 1 ). The simplest scheme for gaps introduces a new character

"-" that scores e when aligned with any amino acid. Since gaps are

comparatively rare, e is usually made negative and it is often referred to as the

"gap-penalty". In this scheme, a gap of 10 residues is penalized 10 times as

highly as a gap of 1 residue. However, this makes little biologically sense,

since multiple short gaps have much less probability of occurrence than one

long gap (Barton, 1998); in most cases gaps are longer than a single residue,

even for very homologous sequences. To compensate for this, and to

differentiate between cases like the one above, the gap penalty r(g) for a gap of

length g is made up of two factors: the gap open penalty -d, and the gap-

extension penalty -e. The gap-extension penalty -e is usually set to be less
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than the gap-open penalty, allowing for long insertions and deletions to be

penalized less than they would be by the linear gap cost (Durbin et al., 1998).

r(g) = -d-(g-1)e (2)

This form of penalty function is referred to as an affine gap penalty and can be

more efficiently computed over other elaborate penalty functions (Gotoh, 1982).

1.2.5 Basic Alignment Algorithm

The naive approach to construct the best sequence alignment is to generate all

possible alignments for 2 sequences (including gaps) and then choose the

alignment with the highest score. However, this requires exponential time. An

elegant solution to this problem is to use the dynamic programming technique

(Needleman and Wunsch 1970). Dynamic programming allows the optimal

alignment of two sequences to be found in the order of m- n steps, where m and

n are the lengths of the sequences.

Consider two sequences A = (Ah A2,.., Am) and B = (Bh B2,.., Bn) of length m

and n, respectively, there are three possible events at each aligned position:

1. substitution of Ai by Bj (scores s(Ai,B,))t

2. deletion of Bj (scores r(-,Bj)),

3. and deletion of A, (scores r(Aj,-)).
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where "-" is the symbol for a single residue gap. The substitution score s(/\,-, Bj)

is taken from the amino-acid substitution matrix. The two deletion scores are

the penalty for aligning a single residue with a single gap.

We denote the alignment score of At,, with S?..yas h(Au, Bu)> The total score

for the alignment of A with B is denoted as h(A1„m, But). This is found by

successively finding the best score for aligning /47,.;with Bu- for all /, /"where

1<i<m and 1<j<n. The alignment of sequences A and B can be best illustrated

using a matrix H(mxn). The values of h(AtJ, Bu) are stored in the matrix H. To

derive the score h(Au, Bu) from the previous calculated alignment scores (e.g.

h(Au-i, Bt.j-i), h(Au.h Bu), h(Au, B1..1-1J), we consider three possible ways

leading to the three different calculations of (A-,, Bj ) (Fig. 3):

1. From (Ai-ißj.^to (AjB,) corresponds to the substitution of A, by Bj

2. From (Aj,B,.t)\o (AjB) corresponds to the deletion of B)

3. From (Ah1,Bj)\o (ASBS) corresponds to the deletion of A-,

Am, Bj.! Am Bj

2 \T
A,, Bj.7—> A, Bj

Fig.3: The three choices leading to the resolving of (A-„ Bj).

Each element of the matrix H is calculated as follows;

h(Ai ., Bi.,) = max

h(Ai.ï-i.Bi ,-]) + s(Ai.B,)

h(Ai i.Bi ,-i) + r(-Bi)

h(Ai,.i.Bi,) + r(Ai-)

(3)
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The bottom right corner of the matrix H contains the optimal score. See the

example from Barton (1998) in Fig. 4.

The above described algorithm is called global alignment. The global

alignment compares two whole sequences and gives best overall alignment,

but it may fail to find the best local region of similarity (such as a shared motif)

among distantly related sequences.

According to the definition of the similarity matrix in (1), the similarity score S of

two sequences A and B is the log likelihood ratio of the sequence pair (A,B)

occurring as an evolutionary related pair, as opposed to an random sequence

pair.

„, , „, ,„,
( PrlA and B descended from the same ancestral sequence)"!

S(A, B) = 10log — :
~ (4)"

I Pr{A and B are evolutionary unrelated {• j
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A ADLPQ

B A - L P Q

Similarity Score +1-1+1+1+1 =+3

1.2.6 Local Alignment

Local alignment was introduced by Smith and Waterman in 1981 It does not

consider the terminal gaps To convert the global alignment algorithm to a local

alignment algorithm, we only need to have two modifications

• In each entry of the matrix H, an extra alternative is added to (3),

allowing h(A1 ,,B1 f) to take the value 0 if all other three options have

value less than 0
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H(Ai ,, Bi i) = ma\

h(Ai ,-i,Bi i-i) + s(A,.B,)

h(Ai ..Bi ,-0 + r(-. B,)

h(Ai ,.],Bi ,) + r(A,-)

0

(5)

this implys that the terminal gaps are not counted and a new alignment can

start anywhere in the matrix.

• An alignment can end anywhere in the matrix, so instead of taking the

value in the bottom right corner, H(A1 m,B1 n), we can look at the

maximal value in the matrix H: max{h(A-i „Bi t), where 1<i<m and 1<j<n},

And we start to trace back the alignment from there. The traceback ends

when we meet a cell with valus 0, which corresponds to the start of the

alignment.

Local Alignment is better at finding motifs, especially for sequences that are

distantly related. It will return only the best matching segment for a given pair

of sequences. Local alignment is widely used to search for the similarity

between two sequences in practice.
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1.3. Dissimilarity Comparison of the Secondary Structure Between

Sequentially Identical Peptides

1.3.1 Protein Secondary Structure

In order to understand the function of a protein, we have to investigate its

structure. The secondary structure of protein is defined as the local spatial

arrangement of a polypeptide's backbone atoms without regard to the

conformations of its side chains (Berndt 1996).

There are three common types of secondary structures in proteins: a-helices,

ß-strands and turns. All residues which cannot be classified into one of these

three classes are usually referred to as random coils. By investigating the

geometry of the peptide backbone, we can easily distinguish these structural

patterns.

H

.

^
alpha

R

'phi psi^Q^")

H

N

Peptide
torsion

angles.

omega
G sit;,alpha

o
R H

Fig. 5: Peptide bonding in proteins (taken from: Nicolas Guex and Manuel C. Peitsch 1998).
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There are three torsion angles in the peptide backbone which determine its

secondary structure: phi, psi and omega (Fig. 5). phi refers to the rotation

about the C0-single bond; psi refers to rotations about the Cc,-N single bond,

and omega refers to rotation about the C-N amide bond. Usually omega is

equal to 180°, since the C-N amide bond has the character of a partial double

bond. The conformation of the main chain is completely defined when phi and

psi are specified for each residue in the chain. G.N. Ramachandran recognised

that residues in a polypeptide chain can adopt pairs of phi/psi values only in

certain allowed regions. When plotting the two torsion angles against each

other in a diagram for the secondary structure patterns, a few regions in the

phi-psi-p\ot (Fig. 6) are more populated than the rest (Stryer, 1995). These

regions are characteristics of the secondary structures a-helix and ß-strand.

The Ramachandran Plot.

180

+psi

0

-psi

-180

-180 -phi 0 + phi 180

Fig 6. The Ramachandran plot (taken from Guex and Peitsch, 1998)
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The a-helix and ß-structure conformations for polypeptide chains are generally

the most thermodynamically stable of the regular secondary structures. In this

chapter we will focus on these two secondary structures.

1.3.2 a-Helices

An a-helix is the most abundant form of secondary structure containing

approximately 32-38% of the residues in globular proteins (Kabsch and Sander,

1983). This structure repeats itself every 5.4 À along the helix axis (i.e. the a-

helix has a pitch of 5.4 Ä). a-helices have 3.6 amino acid residues per turn. It

has backbone dihedral angles of approximately phi = -60° and psi = -50°. The

conformational stability of the a-helix is derived from the tight hydrogen

Fig 7. Schematic illustration of the a-helix (taken from Guex and Peitsch, 1998).
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bonding of the backbone between a C=0 group and a N-H group 4 residues

away (Fig. 7). The side chains point away from the helix axis and are generally

oriented towards its amino-terminal end.

1.3.3 ß-sheet

Besides the a-helix, ß-sheets are another major structural element in globular

proteins containing 20-28°o of all residues (Kabsch and Sander,1983;

Creighton, 1993). In a ß-sheet, two or more polypeptide chains run alongside

each other and are linked in a regular manner by hydrogen bonds between the

main chain C=0 and N-H groups. Therefore all hydrogen bonds in a ß-sheet

are between different segments of polypeptides. This contrasts with the a-helix

where all hydrogen bonds involve the same element of secondary structure.

0
^

1 *-* j>>

* *-*

Fig 8 Parallel (left) and antiparallel (right) beta sheets (taken from Berndt, 1996)

The basic unit of a ß-sheet is a ß-strand with backbone dihedral angles

approximately of phi = -140 and psi = +130
,
This produces a translation of
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3.2 to 3.4 Â per residue, ß-sheets are found in two forms designated as

"antiparallel" or "parallel" based on the relative directions of the two interacting

beta strands (Fig. 8).

1.3.4 Sequentially Identical Peptides can Have Totally Different

Conformations

Since protein sequence generally determines its structure, local interactions of

a sequence are popular factors for predicting secondary structure. Much of the

research effort that has focused on an a priori prediction of protein secondary

structures from their primary sequences was developed from the statistics of

known protein structures (Chou & Fasman, 1978; Lim, 1974; Gamier et al.,

1978) or the comparison of homologous sequences (Pongor & Szaley, 1985;

Sweet, 1986; Zvelebil et al., 1987). However, current prediction methods

based on the matching between sequence and structure have a success ratio

of about 70%.

One reason for missprediction of protein secondary structure is the structural

diversity among the peptides with the same sequence, a-helices and ß-strands

are the two most distinct secondary structures. However, sequentially identical

peptides have been found to adopt an a-helix in one protein and a ß-strand in

another. Five residues can form more than one turn of an alpha-helix or can

form an entire beta-strand. A joint effort of length five should therefore be

deemed sufficient for stabilization of secondary structure (Kabsch and Sander,

1984). However, even sequentially identical octapeptides can adopt both

conformations in different proteins (Sudarsanam, 1998). From these
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observations, it is clear that secondary structure can be, at least in part,

determined by non-local interactions. Thus, algorithms that use a fragment

matching algorithm can not be absolutely successful if they only take local

interactions into account. Perhaps the microsolvent environment created by

the tertiary structure of a protein (due to non-local amino acid interactions) must

be considered explicitly when predicting secondary structure (Waterhous and

Johnson 1994).

One of the aims of this thesis is to assess the structural ambivalence among

peptides. We do this by dissimilarity comparison of the secondary structure

between sequentially identical peptides. We try to answer the question "What

are the significant local interactions and what are the important environmental

factors leading to the conformational difference between identical peptide

sequences?"
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1.4. Bacteria Identification: Similarity Comparison of the Mass

Spectrometric Data from Total Protein Extracts

1.4.1 Bacteria Identification Based on the Classical Methodology is

Difficult

The detection and identification of bacteria without culturing or sample

preparation is of considerable importance in numerous applications varying

from medical diagnosis, to the monitoring of contamination of commercial

strains of micro-organisms used in the food industry, to controlling potential

misuse of organisms for the purpose of biological warfare (Amann et al., 1995;

Lelliot and Stead 1980). Identification was, until recently, based on classical

microbiological techniques which depend on the morphological and metabolic

characteristics of the target. These methods usually require extensive

culturing, relatively homogenous samples, and are very slow or fail completely,

if the bacteria are difficult to culture. Identification methods must be developed

which are rapid, reproducible, independent of the medium from which the

sample is obtained, and sufficiently sensitive whilst not requiring the sample to

be cultured.

1.4.2 Mass Spectrometry

Among physico-chemical techniques, mass spectrometry offers the unique

combination of great speed, high specificity, and excellent sensitivity. These

features are all required for detection and characterization of microorganisms

(Fenselau, 1994).
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Mass spectrometers separate ionized atoms or molecules from each other

according to their difference in mass-to-charge ratio (m/e). Mass spectrometry

is therefore useful for quantitation of atoms or molecules and also for the

determination of chemical and structural information about molecules.

Electron Beam

Fig 9: A schematic representation of a mass spectrometer, (taken from Young 1996 )

The basic principles of Mass Spectrometry (MS) can be illustrated in the

following way (Fig 9). A very low concentration of sample is injected into a high

vacuumed ionization chamber. The sample must be volatile enough to enter

the gas phase once inside the machine. Once injected, the sample passes

through an electron beam with kinetic energy of 70eV. This is strong enough to

knock off an electron and initiate fragmentation of the molecule. The positively

charged fragments are accelerated through a charged accelerating array into

an analyzing tube. The fragments are then directed by a magnetic field

towards a detector, which records the masses of the various fragments. Most

MS machines use a semi-circular path for the fragments to travel towards the

collector. Ions will follow the semi-circular path, exit through a slit and collide
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with the collector. This generates an electric current, which is then amplified

and measured by a detector.

The output of the mass spectrometer is a plot of relative intensity vs the mass-

to-charge ratio (m/e). The highest molecular weight peak observed in a

spectrum will typically represent the parent molecule minus an electron, and is

termed the molecular ion (M+). Small peaks in the neighborhood to the parent

peak (mostly at the right side) are also observed due to the natural isotopic

abundance of 13C, 2H, etc.
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1.4.3 Bayesian Classification

Bacteria identification is a classification problem. Given a bacterium sample,

we measure the masses of its protein extracts with mass spectroscopy and

receive a vector x of feature. Based on the feature vector x, we then determine

to which class the bacterium belongs. The class membership is

Be{B1,B2,...,BKj, where K equals the total number of classes. All possible

masses gives a sample space Q, xeQ. The link between the sample space

and the class B to which it belongs is the classifier. The classifier is a decision

rule which specifies, for each observation xeO, which class to assign (Khiani et

al., 1996).

The Bayes classifier is a mechanism which minimizes the classification error

(Schuermann 1996). In a probabilistic approach, where all available

information is contained in the observation x, decision rules are in general

based on the conditional probability prob(Blx). A common procedure is to

define a cost function that is minimised by the optimal decision rule. In this

sense we define c(B,,Bl) to be the cost for making a decision for classifying Bj

falsely as B,. Obviously, c(BhBJ corresponds to correct decision and has a cost

of 0. In this way the expected overall cost for a decision function R, which

returns class B}=R(x), is

Cr(x) = XX f'(ß R{x)) 7"'<,ft(-v< B'ï

(6)

=x YJC(B- R(.\)ï-proh{B,\>) proh(x) = min
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The a posteriori probabilities prob(B,lx) may be calcualted from an a priori

probability prob(B,) and the conditional density function prob(xlB,) according to

Bayes' Theorem, which is

7 , t, , x proh(x\ B,)proh{B,)
,

prob(B,\x)--
—-1 where (7)

prob(a)

k

prob(x) = X prolHx I B.) prob(B,) (8)
i=i

Given a cost assignment c(i,j), 1<i,j<k, and the set of the posteriori probabilities

prob(Blx), we need to estimate the parameters of the decision function R(x), so

that Cr(X) reaches the minimum averaged over the entire sample space. In

practice, it is rarely possible to get the measurment data over the whole sample

space. Instead, we dévide the total available data set into a training set and

test set. The training set is used to estimate the paramaters of the classfier

(i.e. to construct the classifier), while the test set is used to evaluate the

performance and generalization ability of the classifier.
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1.5, Aims and Scope of the Presented Work

This thesis develops methods for the (dis)similarity comparison of biological

units at three different levels: molecular sequences, protein structures and

protein masses of bacteria. These comparisons provide us with important tools

for efficient storage of sequence data, cell classification, and inferring

sequence-structure relationships.

Sequence similarity comparison on large scales was never so important and in

demand as it is today. Currently, 75 prokaryotic genomes are being sequenced

along with 10 one-celled eukaryotes and 10 model organisms. An in-depth

comparison of different genomes often requires a comparison of all the genes

of those genomes with one another (i.e. an "all-against-all" comparison). This

type of comparison provides important information for investigating function of

unknown genes, phylogenetic analysis, and for of the tree of life. However,

many research groups have neither the computational time nor the power to do

this kind of all-against-all computation (e.g. for two genomes, each with 1000

genes, the all-against-all includes 1000/2 pairwise sequence comparisons).

The first aim of this thesis is to provide the science community a precomputed

large cross-comparison for 16 completely sequenced genomes and additional

eukaryotic genes. The alignments were performed at the protein level using

liberal similarity bounds in order to capture as many significant alignments as

possible.

Finding similarity between a new sequence and well-studied sequences is

usually the first step towards inferring the function of the new sequence. The
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next step is to predict the structure of this sequence. Questions thus arise:

"Does the sequence homolog always imply structure homology?", "Can we

infer the structure of a new sequence from the known structures of its

sequence homologs?". The general answer is "Yes". Nevertheless, there is

increasing evidence that peptides similar in sequences, even the same

peptides, can adopt totally different structures. The second aim of this thesis is

to study this interesting phenomena: the structural ambivalence of the peptides.

By surveying of non redundant protein structure databases, generalities of the

structural ambivalence among peptides is assessed, and the origin of the

structural diversity is explored. Furthermore, a computer algorithm was

implemented to identify regions in a given sequence where structurally

ambivalence occurs most often. This provides a complementary means for

structure perdiction by homolgy modelling or by matching between local

sequence and local structure.

A further attempt, as the third aim of this thesis, was undertaken to

characterize the sequence-structure relationship. A novel mathematical

method, subset selection using the least square analysis, was designed to

select the most important local interaction influencing the a-helices structure

formation. This result can be applied to peptide design studies and provide

valuable information for planning mutation experiments.

Finally, the similarity comparison at the cell level with mass spectrometric

analysis is used in an attempt to identify and classify bacteria - the fourth aim

of this thesis. A statistical algorithm is presented, which provides substantial

power for rapid bacteria classification using mass spectrometry.
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Abstract

Summary: We make available a large cross-comparison for 16 of the

completely sequenced genomes and additional Eukaryotic genes. The

alignments were performed at the protein level using liberal similarity bounds in

order to capture as many significant alignments as possible. This dataset will

be updated as new genomes become available.

Availability; The dataset is accessible at http://cbrq.inf.ethz.ch/AHAllGeneAiiqn.htmi

Contact; hallett@inf.ethz.ch

Keywords: computational genomics, sequence alignment, complete genome,

cross-comparison
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2.1 Introduction

Many research projects in molecular biology require the alignment of a large

set of protein sequences against a large set of protein sequences. These

cross-comparisons are important since each alignment provides clues about

the evolution, structure, and ultimately function of these objects (Chervitz et al.,

1998; Snel et al., 1999; Gönnet et al., 1992, provide examples where such

cross-comparisons have been used). With the ever-increasing availability of

molecular sequence data - including complete genomes - the size of these sets

has become quite large and many bioscience researchers lack the

computational power and time needed to perform these computations. Over

the past two years, the CBRG has computed cross-comparisons numerous

times for different research groups on a first come, first serve basis. To this

end, we make available to the research community a cross-comparison of a set

of 83,216 genes where 37,883 of these genes come from 16 of the completely

sequenced genomes. The remaining genes come from various Eukaryota taxa

in order to provide a more complete sampling over the Tree of Life (see Table

1).

2.2 Methods

The protein and DNA coding sequences for the complete genomes were

obtained from GenBank (Benson et al., 1999) and the Eukaryota sequences

were obtained via SRS at EBI (Etzold et al., 1996). We performed our
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Table 1. Genomes and other sequences.

Taxa Number of

genes

Kingdom % Total

Archaeoglobus fulgidus 2407 Archaea 2.9

Methanococcus jannaschii 1715 Archaea 2.1

Methanobacterium 1869 Archaea 2.3

thermoautotrophicum

Pyrococcus horikoshii 2064 Archaea 2.5

9.8

1.8Aquifex aeolicus 1522 Eubacteria

Borrelia burgdorferi 850 Eubacteria 1.0

Bacillus subtilis 4100 Eubacteria 4.9

Escherichia coli K12 4289 Eubacteria 5.2

Haemophilus influenzae Rd 1709 Eubacteria 2.1

Helicobacter pylori 1553 Eubacteria 1.9

Mycoplasma genltallum 480 Eubacteria 0.6

Mycoplasma pneumoniae 677 Eubacteria 0.8

Mycobacterium tuberculosis 3918 Eubacteria 4.7

Synechocystis sp. 3169 Eubacteria 3.8

Treponema pallidum 1031 Eubacteria 1.2

28.0

Saccharomyces cerevisiae 6530 Eukaryota 7.8

Homo sapiens 10740 Eukaryota 12.9

Rodents 5664 Eukaryota 6.8

Other mammals 6234 Eukaryota 7.5

Other invertebrates 16014 Eukaryota 19.2

Other vertebrates 6681 Eukaryota 8.0

62.2

Total 83216 100

A. fulgidus, Klenk.H.-P. et al. (1997) Nature, 390, 364-370; A. aeolicus,
Deckert,G. et al. (1998) Nature, 392, 353-358; B. burgdorferi, Fraser,C.M. er al.

(1997) Nature, 390, 580-586; B. subtilis, Kunst,F. et al. (1997) Nature, 390,
249-256; E. coli, Blattner.F.R. et al. (1997) Science, 277, 1453-1462; H.

influenzae, Fleischmann,R.D. et al. (1995) Science, 269, 496-512; H. pylori,
Tomb,J.-F. et al. (1997) Nature, 388, 539-547; M. genitalem, Fraser.C.M. et al.

(1995) Science, 270, 397-403; M. jannaschii, Bult.C.J. et al. (1996) Science,

273, 1058-1073; M. pneumoniae, Himmelreich,R. et al. (1996) Nucleic Acids

Res., 24, 4420-4449; M. thermoautotrophicum, Smith.D.R. et al. (1997) J.

Bacteriol., 179, 7135-7155; M. tuberculosis, Cole.S.T. et al. (1998) Nature, 393,
537-544; P. horikoshii, Kawarabayasi,Y. et al. (1998) DNA Res., 5, 55-76;

Synechocystis sp., Kaneko.T. et al. (1996) DNA Res., 3, 109-136; T. pallidum,
Fraser.C.M. etat. (1998) Science, 281,375-388; S. cerevisiae, Goffeau,A. et al.

(1997) Nature (Suppl.), 387, 5-105.
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alignments at the protein level using a standard dynamic programming

approach (Smith and Waterman, 1981) in the Darwin system (Gönnet et al.,

2000). It is believed that a full dynamic programming approach performs

significantly better than a standard BLAST alignment for detecting long¬

distance homologues (Brenner et al., 1998, Shpaer et al., 1996). We used the

GCB matrices with an affine gap penalty using the empirical values given in

Gönnet et al. (1992).

The cross-comparison was carried out in two steps. First, we performed a local

alignment of every protein sequence against every other protein sequence with

GCB scoring matrices built for PAM distance 250. Any two sequences that had

a local alignment that passed a similarity score threshold of 120 were

considered significant. Second, all pairs of significant alignments from phase 1

were refined using a (computationally more expensive) Smith-Waterman

routine that seeks to find the PAM distance that maximizes similarity score

(Gönnet et al., 1992).
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2.3 Results

In total, we performed 3.46-109 alignments of which 6.33-106 were found to be

significant at the 120 level (5.87-106 were found to be significant at the 150

level). We used these similarity bounds in order to err on the side of false

positives. In other words, although the dataset contains alignments that do not

represent true homology, it should also include most potential long distance

homologues. The purpose of these cross-comparisons is not to directly

provide a curated list of gene families but instead to supply researchers with a

starting set of alignments that share at least one homologous region.

Researchers may then concentrate their analyses on this subset of the data.

The protein and its corresponding coding DNA are stored in SGML format.

This information is accessible from our server. For a selected set of organisms,

it returns the appropriate genes and the cross-comparison.

Via the process support system BioOpera (Alonso et al., 2000), the

computation of these large cross-comparisons is now almost entirely automatic.

Our intention is to use this software to compute the cross-comparison for each

new genome as it becomes available.
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Abstract

An analysis of peptide segments with identical sequence but that differ

significantly in structure was performed over non-redundant databases of

protein structures. We focus on those peptides, which fold into an a-helix in

one protein but a ß-strand in another. While the study shows that many such

structurally ambivalent peptides contain amino acids with a strong helical

preference collocated with amino acids with a strong strand preference, the

results overwhelmingly indicate that the peptide's environment ultimately

dictates its structure. Furthermore, the first naturally occurring structurally

ambivalent nonapeptide from evolutionary unrelated proteins is described,

highlighting the intrinsic plasticity of peptide sequences. We even find seven

proteins that show structural ambivalence under different conditions. Finally, a

computer algorithm has been implemented to identify regions in a given

sequence where secondary structure prediction programs are likely to make

serious mispredictions.
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3.1 Introduction

a-helices and ß-strands are the two most distinct elements of the protein

secondary structure. An a-helix is formed mainly by local interactions while a

ß-strand is usually formed by long-range interactions (i.e. residue i to residue

(i+x), lxl>4). Experimental results, as well as statistical analysis, show that

different amino acids and their combinations have different propensities for oc-

helical or ß-strand formation.
"

These propensity scales provide important

tools for secondary structure prediction, and in particular, methods that use

local sequence information. ' ' However, prediction methods based only on

1 "3
residue propensities are not foolproof and various experimental studies have

pointed out that the secondary structure formation is strongly dependent on the

environment.14"17 For example, naturally occurring peptides were found to

adopt an a-helix conformation in organic solvent, but ß-strand in nonmicellar

SDS. ' Likewise, several theoretical studies showed that sequentially

identical peptides in the Protein Data Bank (PDB ) can adopt different

secondary structures in different proteins.2 Even naturally occurring

peptides as long as eight amino acids can be helical in one protein and a

strand in another. We term such peptides as structurally ambivalent. It is not

known, however, just how far secondary structure formation is influenced by

forces other than the sequence's own intrinsic propensity. Nor is it known if

there is a minimum length for an autonomous folding unit based on the local

interactions. Understanding the degree to which and the means by which the

environment influences the structural ambivalence of peptides has implications
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for both protein design and the development of structure prediction methods.

This information is also important for elucidating the mechanisms by which

proteins fold.

Given the explosive growth of the PDB, the goal of this work is to assess the

level of structural ambivalence among peptides with identical sequence in

known structures and to examine the origin of their structural diversity.
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3.2 Computational Methods

3.2.1 Database Survey

The Protein Data Bank (PDB) of June 1999 was used in this study. Secondary

structure assignments were made automatically using the program package

STRIDE26. One of our goals is the statistical analysis of peptide sequences

with structural ambivalence. Thus, to avoid statistical bias caused by the large

number of homolog proteins in the PDB, two protein sub-databases were used:

one in which all protein-chain pairs have less than 25% sequence identity

(DB1) and one in which all protein-chain pairs have less than 95% sequence

identity (DB2). DB1 (1106 chains) and DB2 (3295 chains) were taken from the

97

May 1999 version of the "PDB_Select database
.

The selection of identical pairs of peptide sequences was performed as follows.

Firstly we surveyed the complete PDB database selecting all possible

sequence pairs with four identical residues (4-mer). Where possible, these

were then extended to identify longer identical sequence pairs (5-9-mer pairs).

Contiguous, overlapping 4-mers that form higher order n-mers were not

retained in the 4-mer dataset and were assigned as the appropriate n-mer.

Only the longest possible n-mer was considered. Thus, we only considered all

4-mer pairs that could not be extended to 5-mer pairs, or higher order n-mer

pairs; 5-mer pairs that could not be extended to 6-mer pairs or higher order n-

mers; and so on. These peptide pairs were then assigned to DB1 and DB2 if

both constitute proteins were members of the corresponding sub-database.
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We focused on peptide pairs with identical sequences which adopt an a-helix

structure in one protein and a ß-strand structure in another protein. We classify

these secondary structure transitions, termed helix-to-strand transitions, into

two categories: a partial helix-to-strand transition is defined when they contain

at least a dipeptide unit adopting an a-helix in one protein and a ß-strand, for

the same residues, in another (e.g. CCHHH in one protein and TCCEE in

another protein, where H represents helix, E strand, C coil and T turn); and a

complete helix-to-strand transition is defined when one peptide of a pair

contains only an a-helix structure and the other only a ß-strand structure (e.g.

HHHHH in one protein and EEEEE in another protein).

3.2.2 Analysis of the Helix-to-Strand Transition

In order to avoid biases in the PDB. the following analysis was performed on

the dataset of the structurally ambivalent peptides in the DB1, where no protein

pair has sequence identity more than 25%.

Residue Occurrence

To examine the residue occurrence in the structurally ambivalent peptides, the

amino acid frequencies were calculated from all n-mers in DB1 that undergo

complete helix-to-strand transition. Amino acids in common n-mer motifs,

motifs that are found in more than one pair of sequences, are counted at each

occurrence of the motif. These values were normalized against the amino acid

frequency in the PDB.
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Local Sequence

To examine properties of the local sequence surrounding ambivalent peptides,

the amino acid frequencies were counted over the four residues immediately

flanking each of the n-mers in DB1 that undergo complete helix-to-strand

transition. The amino acid frequencies that bound helices and strands were

counted separately.

Local Environment.

Properties of the local environment of structurally ambivalent peptides in DB1

that undergo complete helix-to-strand transition were investigated by classifying

the amino acids into 5 groups: aromatic residues (F,Y,W), non-polar residues

(V,I,L,M,C,A,G,P), positive residues (H,K,R), negative residues (D,E) and non-

charged polar residues (N,Q,T,S). The interactions that both helical and strand

peptides have with their environments were then examined by identifying all

residues that form contacts with peptide residues that are at least four amino

acids away in the sequence. Residue contacts were determined using the

CSU software
,
which considers residues to be in contact if a hypothetical

solvent molecule can not be placed between them. The five amino acid

classes gave rise to 25 possible interaction types, Local interactions were also

examined by counting pairwise interactions between amino acids in the peptide

and amino acids in the environment (400 = 20x20 interaction types).

Tertiary Structural Class

Previously, it was proposed that tertiary structural class can be used to

characterize examples of identical peptide sequences that adopt significantly
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different structures in different proteins. This issue was revisited here using

an enhanced dataset and also considering the peptide length. The five major

on

classes provided in the SCOP database (http://scop.mrc-

lmb.cam.ac.uk/scop/index.html) were considered: All Alpha (a); All beta (ß);

Alpha and beta(o/ß); Alpha plus beta (a+ß); and Multi-domain alpha and beta

(m(a/ß)). All n-mers (4 < n< 7) in DB1 that have at least partial helix-to-strand

transition and for which SCOP classifications exist for both proteins were used.

The proportion of n-mer pairs that fall into the same and different tertiary

structural classes were calculated and compared.
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3.2.3 Alerting of Structurally Ambivalent Sequence (ASAS)

We have developed a computer program, ASAS (Alerting of Structurally

Ambivalent Sequence), accessible at http://cbrg.inf.ethz.ch/ASAS.html. It

incorporates the statistical data on structurally ambivalent peptides described

here. Given an input sequence, the program parses the sequence, matching

its subsequences (4-mer to 9-mer) against our database of structurally

ambivalent peptides which is composed of the peptides showing helix-to-strand

transition in DB1 and DB2. Due to the high structural flexibility of short

peptides (vide infra) we only list strongly structurally ambivalent 4- and 5-mers.

A peptide is defined to be strongly structural ambivalent if it has been found in n

pairs of proteins in DB1 of which m pairs show helix-to-strand transition, where

m>2 and m/n>0.5. Longer subsequences (6-mers to 9-mers) are returned if

they have shown any structural ambivalence in DB1 or DB2.

All general computation is conducted within the Darwin programming

environment
.
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3.3 Results

3.3.1 Structural Ambivalence of Peptides with Identical Sequences

Table I shows that a high fraction (16-31%) of the n-mer pairs in DB1 undergo

helix-to-strand transition. Of all 204 possible 4-mers, nearly a third are found in

at least two structures in DB1. Of this third, about half undergo either complete

or partial helix-to-strand transition. Even for longer peptides, a surprisingly high

fraction show partial helix-to-strand transition. In contrast, few longer peptides

in DB1 undergo complete helix-to-strand transition. One explanation for this

comes from the fact that most strands in DB1 are five residues, or shorter, in

length. Thus, it is more difficult to find long strands, let alone strands that

undergo a transition to a helix. Since protein pairs with less than 25% sequence

identity generally adopt different folds, the ambivalence of peptides found in

DB1 reveals explicitly a high probability for peptides to fold into distinct

secondary structures in different global environments.

In DB2, the percentage of n-mers that are structurally ambivalent decreases

with increasing length. This is likely to be due to the fact that as n-mers

increase in length, there is a greater chance that they derive from related

sequences. Interestingly, comparing n-mers from DB1 to DB2 shows an

increase in the fraction of short peptides that are structurally ambivalent. Both

4-mers and 5-mers are more likely to undergo partial or complete helix-to-

strand transition in DB2, which allows 95% sequence identity between structure

pairs. This indicates that short peptides are quite flexible, even in the context

of very similar environments. This is far more difficult for longer peptides as a
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similar protein architecture imposes physical constraints limiting transitions.

For example, the i to i+4 Ca distance in a helix is about 6Â, but nearly 14Ä for a

strand.

Table I. Statistics of the structural ambivalent peptides in the DBl andDB2.

a) Survey of the DBl.

4mer 5mcr 6mer 7mcr

Total number of n-mer pairs 52349 14284 1029 73

8mcr

6

Number of n-mer pairs with

partial helix-to-strand transition

16710 2661 181 16 1

31.9% 18.6% 17.6% 21.9% 16.7%

Number of n-mer pairs with

complete helix-to-strand transition

6999 563 21 0 0

13.4% 3.9% 2.04%

b) Survey of the DB2.

Total number of n-mer pairs

4mer 5mer 6mcr 7mer 8mcr

91533 62727 7809 1932 1162

Number of n-mer pairs \\ ith

partial helix-to-strand transition

39512 12292 1009 86 5

43.2% 19.6% 12.9% 4.5% 0.4%

Number of n-mer pairs w ith

complete helix-to-strand transition

18572 2580 117 2 0

20.3% 4.1% 1.50% 0.1%- 0
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Fig. 1. Schematic illustration of the nonamer 'KGVVPQLVK' in (left) 1IAI and in (right) 1PKY.

Residues of the nonamer are in ball and stick mode with the ribbon of the nonamer highlighted

with magenta. The rest of the protein is drawn in green. Hydrogen bonds of the nonamer are

shown with dotted lines. Residues and crystallographic water molecules which hydrogen bond

to the nonamer are illustrated as sticks and balls respectively. The figure was prepared with

RASTER3D68.

During the survey of PDB we identified a naturally occurring nonapeptide,

'KGVVPQLVK', that shows partial helix-to-strand transition in two proteins,

namely Importain Alpha (PDB Code: 1IALA31, residues 292-300) and Pyruvate

Kinase (PDB code: 1PKYA32, residues 413-421), that share only 11%

sequence identity. The secondary structure assignments of these peptides are

CCHHHHHHH and TTEEEEECC respectively. The two distinct structures of

this peptide are illustrated in Fig. 1. The protein Importain Alpha is an all alpha

fold, and while the P296 and G293 in the peptide have the combined effect of

disrupting the regular hydrogen bonding pattern of the helix, surprisingly, a

number of ordered water molecules compensate for this. One (WAT80)

mediates a hydrogen bond between the backbone O of G293 and the

backbone N of Q297. All of the hydrophobic residues are at least partially
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buried, while the hydrophilic residues are exposed to solvent In pyruvate

kinase, an alpha/beta fold, the peptide adopts a strand that lines the base of a

cleft in the molecule As an edge strand, P417 does not cause a loss of an

inter-strand hydrogen bond as its nitrogen is pointing away from the adjacent

strand K413 is buried, but forms a salt link with D336 Both V416 and L419

are exposed, suggesting that the local structure is not optimal but has been

'sacrificed' to best accommodate the rest of the fold Although the existence of

structurally ambivalent 9-mers has been previously speculated,
5

this is the

first report identifying such a peptide Additionally, two heptapeptides

'IKMFIKN', and 'LITTAHA' that show complete helix-to-strand transition

(HHHHHHH/EEEEEEE) have been identified in protein sequence pairs that

have less than 10% sequence identity Phosphonbosyl Anthranilate Isomerase

(PDB code 1NSJ33) and Glycosylasparaginase (PDB code 1PGS34) as well as

Cyclodextnn Glycosyltransferase (PDB code 1CGT ) and Beta-Galactosidase

(PDB code 1BGLA ) Thus, peptides exhibit an intrinsic plasticity that allows

them to adopt completely different structures that adapt to their environments

3.3.2 Sequence Properties of the Structurally Ambivalent Peptides

Interesting features emerge from the analysis of the residue composition in n-

mers with complete helix-to-strand transition (Fig 2) Residues with relative

frequencies greater than one are more likely to appear in structural ambivalent

peptides than not Interestingly, the residues with the highest frequencies are

those with hydrophobic aliphatic side-chains (L,V,I,A) A possible explanation

for this observation may be the rather unspecific nature of hydrophobic

interactions, which allow a high degree of possible orientations in a

s 6
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hydrophobic environment, favoring structural transitions Most polar side

chains which are subject to directional hydrogen bonding have relative

frequencies below one (see for instance N, D, Q, H, K, S, T in Fig 2) The

lowest frequencies (below 0.3) are found for residues C, P and W It is likely

that the large volume of W and the potential of C to form S-S bonds reduce

their flexibility in structure formation The disruptive nature of P in the context

of a helix or strand formation may be the reason for its low frequency in

ambivalent peptides
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Fig 2 The relative frequencies of the 20 amino acids in structurally ambivalent n-mers The

occurrence frequencies of the 20 residues are calculated based on the n-mers with complete

helix-to-strand transition derived from DB1 and then normalized with their natural frequency

For example A has relative frequency 1 67 which means the occurrence frequency of A in the

structural ambivalent n-mers is 1 67 times its natural frequency

It is striking that all residues with frequencies larger than 1 are either strong a-

helix formers (e g A and E) or strong ß-strand formers (e g V and I) according

to the Chou-Fasman parameters1 Leucine, the residue with the highest

relative frequency, is known to have a strong propensity for both helix and

57
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strand formation. Moreover, our analysis reveals that the occurrence of strong

a-helix and strong ß-strand formers are highly correlated. In one third of all

structural ambivalent 4-mers and nearly half of all 5-mers as well as about two

thirds of 6-mer pairs, one of the two strong helix formers (A or E) and one of the

two strong strand formers (V or I) appear simultaneously. We have also

calculated the most frequently appearing dipeptide combinations normalized by

their natural frequency. Eight out of ten of the most frequently occurring

dipeptides are again composed of a strong helix former and a strong strand

former (namely LL, IA, AV, LV, LI, AI, EL, El) However, the influence of the

environment should not be underestimated as this can override any intrinsic

helical or strand preferences for peptides. For example, the strongly helical

peptides EAAAA forms a strand in the hydrolase inhibitor (PDB code:

37
1HLEA ), while the peptide VVVIV, that contains strong strand forming

residues, is helical in the lipoprotein (PDB code.lSPF ).

3.3.3 Local Sequence Properties of Structurally Ambivalent Peptides

The relative residue frequencies of the ammo acids neighbouring structural

ambivalent n-mers (Fig. 3) suggests that helices are normally flanked by strong

a-helix forming residues (e g. A, Q, E, M) while ß-strands are less frequently

bounded by strong strand formers. This is reasonable since helices are

predominantly much longer than strands, as already discussed.

Interestingly, structurally ambivalent peptides that adopt helical structure are

seldom bounded by helix breakers such as P or G. Conversely, sequences

surrounding strands show a preference for P and G This suggests that many
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structurally ambivalent peptides fold into a ß-strand only if a-helix folding is not

possible due to the presence of a helix-breaker in the sequence

neighbourhood. As helix formation is a local process, while strand formation

needs global interaction, this result implies that at least in some regions, local

folding happens prior to global folding, which supports the hierarchical model of

39
protein folding .

For the structurally ambivalent peptides, the presence or

absence of P and G in their neighbourhood may give some clues as to which

secondary structure might be preferred.

Fig. 3. The relative residue frequency of the sequence neighbours of the n-mers with complete

helix-to-strand transition derived from DB1. The figure compares residue frequencies

neighbouring helical and strand peptides.

3.3.4 Local Environment Properties of Structurally Ambivalent Peptides

Classifying the residues into five types (aromatic, non-polar, positive, negative

and noncharged-polar), we investigated the long-range interactions between

residues in the structurally ambivalent peptides and their spatial neighbours to

59
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search for trends in helix or strand formation. Our results (Table II) show that

the occurrence frequency of each interaction type in helix formation and strand

formation does not vary much in general. Counting all pairwise interactions

between amino acids in the peptide and amino acids in the environment (400 =

20x20 interaction types) also fails to give useful indicators for formation of

specific secondary structure. Likewise, applying linear regression and more

sophisticated statistical models such as "conditional logistic regression for

matched pair analysis" did not uncover useful trends (data not shown).

Although long-range interactions are considered important for the structural

ambivalence of sequentially identical peptides, they seem to be too subtle to be

summarized by the above statistics analysis.

60
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Table II. The occurrencefrequency (%) of the long-range interactions between the

helical and strand peptides and their respective environments.

k Aromatic Non-polar Non-charged Positive Negative

polar

Aromatic helix 0.14 3.58 1.48 1.72 1.94

strand 0.16 3.48 1.54 1.52 1.85

Non-Polar helix 1.06 27.09 9.31 10.01 10.27

strand 1.36 26.69 8.62 9.72 10.29

Non-Charged helix 0.11 4.63 2.51 2.45 2.78

Polar strand 0.13 4.84 2.74 2.52 3.04

Positive helix 0.39 3.6 8 2.13 2.02 4.4 8

strand 0.14 3.74 2.23 2.02 4.57

Negative helix 0.08 2.4 3 1.61 2.55 1.7

strand 0.12 2.72 1.68 2.74 1.56

* The residue types of the structurally ambivalent peptides are presented verticaux; the

residue types in the environment are presented horizontally.
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3.3.5 Global Environments Implied by Tertiary Structure Class

We have compared the tertiary structural classes of protein pairs containing

structurally ambivalent n-mers. Among the n-mer pairs with complete helix-to-

strand transition in DB1, only 17.8% of 4-mer pairs, 14.4% of 5-mer pairs and

25.0% of 6-mer pairs derive from proteins with the same tertiary structural

class. Similarly, for n-mer pairs with partial helix-to-strand transition only 20.2%

of 4-mer pairs, 17.5% of 5-mer pairs and 22.6% of 6-mer pairs are from

proteins with the same tertiary structure class. Hence, in DB1 the probability of

n-mer pairs adopting different structures in proteins from different classes is

much higher than for proteins from the same tertiary structural class. 41.7% of

7-mer pairs with partial helix-to-strand transition, are from structures with the

same tertiary class. Interestingly then, the probability for n-mer pairs to adopt

different structures in proteins with the same tertiary class appears to increases

with n-mer length. This is likely to stem from the peptides coming from related

sequences. While this appears counter intuitive, it is also noted that the total

number of n-mer pairs drops sharply with length. Thus, as suggested in earlier

23
studies

,
information of protein tertiary classes can contribute to predict the

conformation of its subsequences, however not in all cases. Among the

ambivalent n-mer pairs that derive from proteins from the same tertiary class,

about two thirds are from the cc/ß class, suggesting that particular care should

be taken when making secondary structure predictions for this class.

62
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3.3.6 Structural Ambivalence Within the Same Protein

The PDB database includes many proteins which have more than one structure

deposited. This redundancy allows an investigation as to whether secondary

structure variation is possible within the same protein. During the survey of the

whole PDB database, seven proteins were identified that exhibited helix-to-

strand transition under different conditions (Table III). There appear to be two

major reasons for this structural ambivalence: (1) the binding of different

ligands or other proteins, such as in the structure pairs of Elongation Factor Tu

(PDB codes: 1EFT40/1TUIA41), Cyclin-Dependent Kinase (PDB codes:

1B39A42/1FINA43), Inositol Monophosphatase (PDB codes:

1IMF44/1IMDA44) and Antithrombin (PDB codes: 1AZXI45 / 1BR8I46); and (2)

the cleavage of a protein sub-domain, such as in Lactoferrin (PDB codes:

1LCT47/ 1LFI48) and Tetranectin (PDB codes: 1HTN49/1TN350). The structure

pair 1HGGB 71HTMB of Hemagglutinin involved both different ligand-

binding and sub-domain cleavage. For both 1LCT/1LF1 and 1HTN/1TN3, the

structurally ambivalent residues lie near the cleavage sites, which are within

helices. After cleavage, what remains of the helices becomes a strand in the

crystal structures of the cleaved molecules. Both the interaction with other

molecules and subunit cleavage, result in changes to the environment of

residues in the structures, again pointing to the dramatic influence that the

environment has on the local structure. Such structurally ambivalent sequence

region may promote conformational changes closely correlated with the

biological function of the protein.
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Table III. Structural ambivalence of the same protein under different conditions*

Protein

Elongation

Factor Tu

Residue Local

Range Sequence

57-5 8 APEERARGIT

PDB Local

ID Structure

1EPT CHHHHHHCCC

1TUIA CCCCEETTEE

CycIin-Dependent 150-151 FGLARAFGVP 1B39A TTHHHHHCCT

Kinase IFINA TTTTEETTTT

Inositol 42-44

Monophosphatase

SPVDLVTATDQ 1IMF XXXCHHHHHHH

1IMDA ETTEEEEHHHH

Antithrombin

Lactoferrin

Tetranectin

114-115 TISEKTSDQI

32 4-32 5 LGSGYFTAIQ

49-52 ALQTVCLKGTKV
1HTN

1AZXI TTCHHHHHHH

1BR8I GGTTEEHHHH

1LFI HCHHHHHHHH

1LCT HHCCEECCXX

1HTN

HHHHHHHHCEEE

1TN3 CCCCEEEETTTT

Hemagglutinin 61-62 EKTNEKFHQI 1HGGB CCCCEECCCC

1HTMB HHHHHHHHHH

* The column "residues" gives the residue numbers which show helix-to-strand

transition. The column "local sequence" gives the peptide sequence around the

residues having structural ambivalence (hold). The column "local structure" shows the

local secondary structures around the structurally ambivalent residues (bold) in

different PDB structures. The secondary structure assignments are: H
,
helix; E.

strand; C, coils; T, turn: X, no secondary structure assigned since crystallographic

data does not exist.
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3.3.7 Alerting the Structurally Ambivalent Sequences

The structural ambivalence of peptide sequence poses a dilemma for

secondary structure prediction. For example, with the PHD method, confusion

53
between helix and strand occur on average for about 8% of all residues. We

compared the prediction results made by the PHD method, for the 16 target

proteins at CASP2, with the crystallographic secondary structure assignment.

The 16 target sequences contain a total of 3430 overlapping tetramer peptides,

out of which we identify 167 as being strongly structurally ambivalent. Of the

167 peptides, PHD makes a serious misprediction, either partial or complete

confusion between helix and strand, in 22 (13.2%) cases. For the rest of the

tetramers, PHD only makes a serious error in 173 (5.3%) cases. Thus, serious

mispredictions are nearly 2.5 times more likely to occur in strongly structurally

ambivalent tetramers. Similar statistics are found for pentamer peptides,

however we note the statistics are quite sparse: one out of eight identified

strongly structurally ambivalent pentamers contain a serious misprediction

(12.5%) compared to 223 serious errors in the remaining 3406 pentamers

(6.5%). At CASP3 there are two sequence segments, GSSEL(CCCEE) in

Cyanovirin-N(PDB code:2EZM54) and LIAGG(EEEET) in Flavin Reductase

55
(PDB code:1QFJ ), for which most prediction methods erroneously assigned

the strand conformation as helix. These two sequences are also found in our

database to be strongly structural ambivalent pentamers. Although secondary

structure formation is partly determined by non-local residue interactions, this

result confirms that there are also local sequence patterns related to structural

ambivalence.

63



CHAPTER 3 66

Our web service 'Alerting of Structurally Ambivalent Sequence', accessible at

http://cbrg.inf.ethz.ch/ASAS.html, parses the submitted sequence and returns

all of its subsequences which occur in our structurally ambivalent database.

Information about the names of the constituent protein pairs, as well as the

local secondary structures of the structurally ambivalent peptides, are made

available for the user. This service provides a complementary means for

secondary structure prediction.
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3.4 Discussion

We have surveyed the protein structure databases with different degrees of

non-redundancy for peptide sequences of variable length ( >= 4 residues),

which adopt an a-helix structure in one protein and a ß-strand structure in

20-23 25
another protein. In comparison to previous work '

,
we have found a

dramatically increased number of structurally ambivalent pentamers, hexamers,

and heptamers due to the rapid growth of the PDB database. This is despite

the fact that in the previous studies, the database of protein structures that was

considered allowed up to 50% sequence identities. Here, in DB1, only

structures with mutually less than 25% sequence identity are allowed. Also,

only peptides that undergo a transition between a helix and a strand are

investigated. Such peptides have the potential to generate serious errors in

secondary structure prediction.

Short peptide sequences, four or five amino acids long, appear most flexible.

This may explain why the majority of insertions and deletions (indels) are of this

56
length While, by definition, it is increasingly difficult to find longer identical

peptides in unrelated sequences, the results presented here suggest that as

many as one in six identical 8-mers form variable local structures. This points

to the innate flexibility of peptide sequences to adapt to best match their

environment. Moreover, we report the first naturally occurring nonapeptide

showing helix-to-strand transition in two evolutionary unrelated proteins,

suggesting that structural ambivalence may be even more prevalent than

previously suspected. The seven proteins, which show helix-to-strand
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transition upon ligand binding and subunit cleavage, emphasize the importance

of the global environment for the secondary structure formation. The

engineered elevenmer 'chameleon' sequence designed by Minor and Kirri57

strongly supports these findings.

The broad existence of structurally ambivalent peptides does not mean that

sequence properties are completely indifferent to secondary structure

formation. To the contrary, we find two sequence factors correlated highly with

structural ambivalence. Firstly, hydrophobic residues with aliphatic side chain

(e.g. A,L,V,I) appear frequently in the structural ambivalent peptides. Secondly,

we find strong helix formers and strong strand formers appearing together to be

a good indication for structural ambivalence. Strikingly, the 'chameleon'

peptide (AWTVEKAFKTF) is comprised almost exclusively from amino acids

that are shown to be prevalent in other structurally ambivalent peptides (Fig. 2)

and includes both strong helix and strand formers. These results confirm that

short-range interactions and the intrinsic properties of amino acids in peptide

sequences are important in determining their structures. Many other elegant

experiments have demonstrated structural changes in response to sequence

mutations. For example, a strand has been converted to a helix by the

introduction of single point mutations. ' Likewise, a helical 4-mer was

caused to become part of a loop with the insertion of four residues in T4

ah

lysozyme . Thus, alternate structures can be induced by minor sequence

change, and while intrinsic sequence properties can be important for structure

formation, these preferences can be forgone to satisfy the structure of the

molecule as a whole.
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The structural ambivalence of peptides has ramifications for health issues. The

amyloid protein associated with Alzheimer's disease and the prion protein

associated with scrapie diseases, are suggested to undergo a conformational

change ' Peptide sequences within these proteins that are known to have

structural ambivalence would be key sites to examine in such molecules for

potential therapeutic intervention. Recently a search for "molecular switches"

has been undertaken for a number of proteins using the premise that if a region

of local sequence lacks strong intrinsic secondary structure, then by changing

63 64
its environment, its structure can also change.

The structural diversity of peptides presents difficulties for secondary structure

prediction programs, particularly those that rely only on local sequence

1 65
information '

. Likewise, tertiary structure prediction algorithms that work on

the "spare parts" principle '

,
are also affected. The information gathered in

this study has been used to build a filter that can identify regions of a sequence

that are likely to be misassigned. Application of this filter is encouraging

although the filter is also under the same limitations as all approaches that are

based only on local sequence.
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Abstract

Motivation: The stabilizing interactions of helices for the N-terminus, helix-

middle, and C-Terminus differ significantly from one another. An analysis of the

pairwise residue interactions at 15 positions in a-helices viz. N", N1, Neap, N1,

N2, N3, N4, Mid, C4, C3, C2, C1, Ccap, C, and C" is performed in order to

identify the sets of pairwise residue interactions/ correlations most influential in

the formation of different segments of helices. We model this subset selection

problem as a least squares problem and solve it with a fast neighbour search

technique.

Results: We examined a database of 2298 sequences of known secondary

structure. The results reveal that each position of a helix has unique

characteristics of interaction pattern. We re-confirmed most known capping

motifs and found several novel relationships. Our experiments produced 300

complete lookup tables detailing these residue dependencies. The tables will

be useful for peptide design studies and the planning of mutation experiments.

Furthermore, our framework is general in the sense that it can be applied to

many other biological problems which are based upon subset selection.

Availability: The 300 lookup tables and implementations of our algorithms are

available at http://www.inf.ethz.ch/personal/zhou/SVD.

Keywords: subset selection, a-helix, position specific residue dependence
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4.1 Introduction

Consider a peptide design experiment where the goal is to create a peptide that

will form an a-helix. The choice of which amino acid to use in each of the

positions of the sequence can be considered as an optimization problem.

Given a table of score that reflect the tendency for each amino acid in a specific

position of a sequence to form/not form an a-helix, we want to choose amino

acids for each positions of the sequence so that the overall score is maximized.

This optimization criterion must also consider positional pairwise correlations

between residues. That is, for a position in our sequence, we want to choose

an amino acid that has a tendency with other residues in our sequence to form

an a-helix. This is particularly true for helices, since they are primarily

determined by local interaction. Within this paper, local is defined to be

interactions between the residue /and the residue i+k, 1<k<10.

The most stable interaction between residues in a-helices is the intra-chain H-

bonding between an N-H and the 0=C situated four residues away. However,

the four residues at both terminals of the helices can not build these H-bonds:

the C-terminus lacks the donor N-H and the /V-terminus lacks the acceptor C=0

groups. Thus, the stabilizing force of the helix terminus must come from other

sources, e.g recurrent capping boxes (Dasgupta and Bell 1993, Harper and

Rose, 1993, Seale et al. 1994) and the Schellman motif (Schellman 1980,

Aurora et al., 1994). Since the helices found in globular proteins are short with

an average length of approximately twelve residues, residues at the ends of
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helices comprise a large fraction of all helical residues. Therefore, it is

important to analyze the pairwise interactions in a position-dependent manner.

This paper reports the construction of such a scoring function that can be used

in peptide design experiments. We give a systematic analysis of the positional

pairwise correlations between each of the 20 amino acids, at 15 different

positions within and around an a-helix, namely, N", N', Neap, N1, N2, N3, N4,

Mid, C4, C3, C2, C1, Ccap, C, and C", and other amino acids. Not all of the

positional pairwise correlations contribute equally to the formation of the

helices. For example, some pair correlations may be irrelevant, mutually

redundant, or dependent on other pair correlations. Furthermore, some local

interactions (e.g. interactions between same charged residues) are difficult to

estimate as they occur very infrequently. An exhaustive derivation of all

variables is neither necessary nor possible. Selecting for the most influential

subset of these elements removes these possible sources of "noise" and helps

to elucidate the principles underlying the formation of helices.

We model this problem as a subset selection problem as follows. We use a

large dataset of sequences where the location of helices are known and repeat

the following procedure for each amino acid o at each position p in a helix (e.g.

N", N', ...). For each residue a from each sequence in our dataset, we

consider a "window" of size 21 (±10) around this central amino acid. For each

amino acid that occurs at a specific position within this window, we create one

variable. If our central amino acid o is in position p of the helix, then the sum of

these variables is set to 1. Otherwise, the sum is assigned 0. The goal is now
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to choose a subset of the variables that most reduce the least squares error for

the entire system of equations for a residue a at a position p within or around

helices. The intuition here is to find the subset of variables which most

significantly differentiate whether the central residue o appears in helix position

p.

Most existing approaches for the subset selection problem use step-wise linear

regression (Miller 1990). However, stepwise methods are not guaranteed to

return the best subset when redundant variables (features) are present in the

data. Furthermore, it has been noted that these techniques tend to inflate the

risk of capitalizing on chance features in the data and perform poorly on new

datasets (Judd and McClelland, 1989). In our approach, we model our problem

as a least square optimization problem and employ a number of novel local

search techniques to find the best subset of variables quickly.

4.2 Methods

4.2.1 Dataset

We obtained a non-redundant dataset of 2298 chains in which all pairs of

protein-chains have less than 50% sequence identity. The dataset is generated

using the "Select-until-done" method (Hobohm et al., 1992) using the Protein

Data Bank (Bernstein et al., 1977) version May 1999.
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4.2.2 Helix Position Nomenclature

We consider 15 positions within and around a-helices:

Positions = < N", N1, Neap, N1, A/2, N3, N4, Mid, C4, C3, C2, C1, Ccap, C, C">

where N1 to C1 belong to the helix, Neap and Ccap are boundary residues, N",

N1 and C, C" are positions in the non-helical regions directly preceding and

succeeding the helix. Unlike other positions, Mid contains one or more

residues per a-helix as it represents the entire middle region of the helix.

4.2.3 Least Square Model

A peptide is a sequence S=SiS2...sm, s,el where Z is the alphabet of amino

acid residues.

A widow w has a width / (/ is even) and we say that w is centered at c, 1 < c <

ISI. Its elements are denoted by

Sc-l/2, ... Sc-1 Sc ... Sc+l'2

Throughout our experimentation, we consider a window size of width 1=20. We

do not consider self-correlations (sc with itself) on our study so the effective

number of positions in the window is 20. To ease notation, we place an

(arbitrary) order upon the elements of a. That is, we may refer to the r* amino

acid o in X, where 1 < r<20. For each residue o at each effective position X (1

<X<!) in a window w, we create an index f(a,X), where i(o,X) = 20(A-1)+ ex.

Since the number of amino acids is 1X1=20 and the window size is 1=20, this

gives us a total of 400 variables for investigating each amino acid at one given



CHAPTER 4 85

position of helices. Finally, we include a base line constant & as the 401

variable. This constant reflects the intrinsic preference of a given amino acid at

that position. Let n = l-IXI +1 =401.

We create a system of equations as follows. When we are investigating the

influence of pairwise residue interaction for the amino acid aeZ at the position

pePositions, we only put the sliding window to the sequence where the central

residue sc is of type a. Let m be the number of central residues of type crin our

database (that is, the number of ways to place the window). We construct a

matrix Â of dimension mxn and a vector b of dimension m. For the /* central

residue s,-, set b-,= 1, if and only if s,is in position p of the alpha helix. Otherwise,

bj=0. To construct Â, we proceed as follows. For 1<j<l, j*0, we set A (i, f(sc+j,

})) = 1. All other entries of A except last column are set to 0. The entries of

the last column of Â correspond to the occurrence of the cr'and are all set to 1.

We consider least squares error here. That is, we want to find a weight vector

i- to minimize Ewhere error E= ik-x-bf.

The weight vector x indicates the influence (or, correlation) of each residue in

each position of the window has for the central residue to fold into the particular

segment of the a-helix. This is our definition of positional pairwise correlation.

In total, we study 20 amino acids at 15 different positions which results in 300

systems of equations. Using the database of 2298 protein structures, the
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number of distinct equations m in each the 300 systems of equations varies

from 6000 to 40000. Thus, our system is over-determined.

4.2.4 Subset Selection

The subset selection problem asks for k of the n column variables from Â that

minimize the least square error E. A straightforward algorithm would be to

exhaustively examine each of the 0(nk) candidate sets and return the optimal

set(s). Clearly, this is impractical for any reasonable sizes of n and k. It is

proved that the problem under various error optimization function is NP-

complete (Davis and Russell 1994, Wang et al. 1999), hence we opt to use an

iterative local search technique. We now describe this routine.

We repeat the following routine a sufficiently large number of times. In each

iteration of the algorithm, a set of k columns of À is chosen randomly from the

IAI=n columns. We denote the sub-matrix which is only composed of the k

columns of A as A. The least squares error E is calculated using A by solving

the corresponding weight vector x. We proceed by examining the neighbor sets

N[A] of A, where each member of N[A] is also a sub-matrix of Â with

dimensions of mx/cand it differs by only one column from A. We examine each

member of N[A] until we find one candidate set that has a least squares error

less than the error of A; this is a so-called early abort local search. Since IN[A]I

= /e(n-k), we can search through all these choices efficiently even in the worst

case. In turn, the neighbour sets of this new candidate set are searched until a
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local minimum is reached (a set A' is reached that has no neighbor with a

smaller error).

Since the calculation of error is expensive, we use hash tables to keep track of

all scored candidate sets. That is, before the error of a neighbor set is

computed, we first checked to see if it has already been computed during some

previous iteration of the algorithm. Furthermore, since the elements of N[s] and

s differ by only one variable, we can calculate the error in time Oik2) instead of

time Oik3). The next section describes this method.

4.2.5 Speedup the neighbour search

Given an matrix A of dimensions mxkand an m dimensional vector b, we want

to find a k dimensional vector x such that A-x~b. When solving such a system, it

is equivalent to solve (A'AjX^-b. Let U =AlA and v = A*b. Note that U has

dimension kx kand is symmetric.

In terms of our application described in the previous section, we start with a

matrix A and solve for x where

x=(Ä-A)-1(Ä-b)

This requires that we compute the inverse of a matrix; this operation costs

Oik3). If we were to proceed naively, we would then form our new matrix N[A]

from A, and solve for x again "from scratch". Therefore, each iteration of our

local search algorithm described in the previous section will require Oik3) time.
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However, note that A and N[A] differ by exactly one column, and thus A'-A and

N[Af N[A] differ by one row and one column. W.I.o.g. we may assume that

these matrices differ on only the k"1 row and column. We can exploit this fact to

achieve an Oik2) algorithm for computing the new values x as follows.

Let U be a k x k matrix and v be a vector of length k. Let U' = (UiJ where 1 <i,j

</c-f(Fig.1).

Let

'U.L ^

u =

Uk - I K
V J

and x'

VXk--3

'V, ^

and v'=

v^-'y

U x

Figure 1. The illustration of the matrix notation

V

Note that the matrix U' does not change while iterating among different

neighbour sets by changing the /^h variable. Therefore, we need only compute



CHAPTER 4 _!_

the inverse of U1 once. This requires 0(k3) time. All subsequent iterations of

the algorithm compute x'and x^as follows.

Note that

U'x' + u xk = v'

and

uf-x' + Uk,k-xk = vk

Multiplying by sides of eqn.(2) by (UJ1 and then d, we receive

ut-x'+ut-(U')'1-u-xk= dfUfV

and since vk- Ukk xk = ut -x', we have that

xk= (iJfUfV - vk)/( if-(Uy1-u- UKk)

It is easy to see that x^ can be computed in 0(k2) time given (U')~1. It is also

easily seen that we can quickly solve for x'via eqn.(3) once we have computed

xk.

4.2.6 Joint frequency of the pairwise residues

We calculate the joint frequency of amino acids /', j to occur at positions k,q

using the formula

p(i,j;k,q) = n(i,j;k,q)/n(i;i)

where 1<i,j<20, 1< k<q <1Positions 1=7/5 and n(i,j;k,q) is the total number of

occurrences of the /h amino acid at the /ch position and simultaneously/* amino

acid at the qth position of the helix; n(i;j) is the total number of occurences of the

/h and/'1 amino acids appearing q-kresidues apart in any sequence S.

(2)

(3)
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4.3 Results

Applying the above method to our non-redundant set of 2298 protein

structures, we selected the 20 most significant pairwise correlations for each

residue at each position. This gives us in total 300 scoring tables (see

http://www.inf.ethz.ch/personal/zhou/SVD for the complete list of tables). An

example table is shown in Table 1.

From these results we clearly see that amino acids at different position within or

around helices prefer (or not prefer) different pairwise correlations. The ranking

orders of the significance of the different pairwise interactions reflect this point.

Furthermore, these results show that adjacent sidechains can alter the

arrangement irregardless of whether they are capable of forming a helix alone.

Also note that the position of a pairwise interaction plays an important role in

determining its contribution. Specifically, when Ala is in the Neap position, then

Pro is supportive in the N1 position. However, when Pro is in the N5 position, it

has a destructive effect.

Our results also show that the residue in the middle of the helix shows a less

uniform pair-dependence pattern than at the helix terminal with the exception of

the breaking effect of Proline and Glycine. This implies that the design of the

terminals is very important for the design of a helix.
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variable value/stdev frequency

E2 0,.1666 + 0,.0251 0,.2359

E3 0,.1116 + 0..0242 0..1779

D3 0 .0902 + 0,.0251 0,.1494

Q3 0,.0975 + 0..0308 0,.1561

L4 0,.0659 + 0,.0210 0..1392

PI 0 .0901 + 0,.02 93 0,.1711

A6 0 .0586 + 0,.0214 0,.1204

D2 0..0656 + 0,.0257 0,.1202

P5 -0 .0722 + 0 .0291 0 .0000

L7 0 .0503 + 0
.
0208 0 .1237

A2 0 .0513 + 0,.0220 0 .1067

G5 -0,.0515 + 0,.0228 0,.0189

L8 0 .0458 + 0 .0212 0 .1216

A3 0 .0460 + 0 .0224 0 .1002

R6 0 .0579 + 0,.0288 0 .1293

E6 0 .0498 + 0 .0255 0 .1163

K6 0 .0498 + 0 .0258 0 .1195

G-2 0 .0404 + 0 .0212 0..1095

14 0 .0483 + 0,.0259 0.
. _L, „j ri _J

Q2 0 .0594 + 0 .0319 0 .1118

Table 1. The 20 most significant pairwise residue correlation which contributes to the Ser to

fold as Neap residue. The variable E2 means the pairwse residue correlation between Ser(i)<-

>Glu(i+2). The ranking is in decreasing order according to how much the error for the system of

equations increases when this variable is not selected. The number in the second column

corresponds to the normalized contributions of specific interactions with their corresponding

standard deviations. Higher values indicate higher contributions whilst negative values indicate

"breaking" tendancies for the central residue in the specified position. The frequencies of

residue pairs at given positions are listed in the fourth column.
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Harper and Rose (1993) point out that when Ser is at the N-cap position and

Glu is at the N3 position, there is a reciprocal interaction in which the side chain

of the Ser interacts with the backbone amide of Glu while the side chain of Glu

can simultaneously bond to the amide of Ser. This two-bond interaction exerts

a strong influence on the nucleation of the helix and the folding of the N

terminus. Our results confirm the strong preference of Ser at the Neap position

to Glu at the N3 position. However, the correlation of Ser at Neap and Glu at

N2 is even more significant!

Dasgupta and Bell (1993) found that 57% of the helices examined have either

Asn, Asp, Ser, or Thr at the Neap position. These side chains are most

commonly hydrogen-bonded to the N3 or N2 amide hydrogen. Our results

strongly support their findings. W.r.t. the Neap position, Thr prefers Glu at

position N3 over N2 and both Ser and Asn prefer Glu at position N2 more than

A/3. Asp only prefers Glu at A/2 and Cys in the Neap position prefers Cys at A/3.

This is due to the possible formation of a s-s bridge.

When Gly appears at the NCap position, our results show that it prefers to also

have Gly at the N" position. A closer analysis of the GXG motif at the N-

terminus again using our database confirmed that among the 1487 Gly at the

Neap position of an a-helix, 247 (16.6%) have Gly at the N" position, while only

155 (10.4%), 139 (9.3%), 125 (8%), and 120 (8.0%) have Gly at positions A/"',

A/', N1, and N2 respectively. This shows that GXG is a preferred motif at the N-

terminus of a-helices.
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In general, the most preferred residues at the Neap position are Ser or Asp

(Kumar and Bansal, 1998). However, when Met is in the Ai" position, the most

preferred residue in the Neap position is Thr. In our database, from 379 Met in

the A/" position, 82 (21%) are Thr, 64(16.9%) are Ser and 53(14.0%) Asp in the

Neap position.

We also confirmed the capping box based upon hydrogen bonding between the

N' <->N4 residue (Seale et al. 1994 and Munoz et al. 1995), e.g. Vak->Leu,

Met<->Lys, Met<->Asn, lle<->Met, Leu<->Leu and Leu<->lle are all ranked as

highly supportive.

Pro is preferably located at the 01 and C" positions. However, if a Gly or Pro

precedes this Pro residue, the helix breaking effect of this Pro is decreased.

One possible explanation is that helices may already break at the position prior

(at the Gly or Pro) and hence there is no need for Pro to break the helix.

When Asn is at the C terminal and, particular, at the C" position, the residue

shows perference for Lys, Leu, Ala and Glu in the CI position. This is in

accordance with the finding of Kumar and Bansal (1998) that the preferable (i,

i-4) hydrogen bonding motif of Asn is at the C-terminal.

Dasgupta and Bell (1993) claimed that: Asn or Asp is rarely found as the N-cap

if this N3 side chain to the NCap amide hydrogen bond is present." However,

we found that the above applies only to Asp and not Asn. As Glu at N3 is a

significant contributor for Asn as the NCap.
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4.4 Conclusions

We have presented a practical fast approach for solving the subset selection

problem where the optimization criteria is to minimize the least squares error.

Applying this technique to a database of sequences with known positions of a-

helices, we have discovered a number of novel positional pairwise correlations

between residues.

These computations can provide valuable information for the planning of

mutation experiments and for peptide design studies. Given an amino acid and

our derived tables, one is able to choose the neighboring residues for this

amino acid that maximize the propensity for the chosen sequence to form an a-

helix.
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Abstract

We present a statistical framework for classifying cells according to the set of

peptide masses obtained by mass spectrometric analysis of digestions of whole

cell protein extracts. The digest is separated by HPLC coupled directly to a

mass spectrometer by an electrospray interface. Here, the mass to charge

ratio, intensity, and HPLC retention time of the peptides are measured. We

have used defined bacterial strains to test this approach. For each bacterium,

this process is repeated for extracts obtained at different points in the growth

curve in order to try and define an invariant set of signals that uniquely identify

the bacterium. This paper presents algorithms for the creation of this cell

fingerprint database and develops a Bayesian classification scheme for

deciding whether or not an unknown bacterium has a match in the database.

Our initial testing based on a limited dataset of 3 bacteria indicates that our

approach is feasible. Via a jackknife test, our Bayesian classification scheme

correctly identified the bacterium in 67.8% of the cases.
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5.1 Introduction

The basic aim of this project is to develop software tools to construct and to

interrogate a database consisting of the masses of peptides obtained from a

proteolytic digest of the total protein extract of a cell (the cell fingerprint). There

are many potential uses for such a database such as identifying markers that

could distinguish between normal and diseased cells without the need for any

prior knowledge of proteins unique to the disease state. However, as an initial

test to develop the software tools we choose to analyse cell fingerprints

obtained from bacteria.

The detection and identification of bacteria without culturing or sample

preparation is of considerable importance in numerous applications varying

from medical diagnosis, monitoring contamination of commercial strains of

micro-organisms used in the food industry, to controlling potential misuse of

organisms for the purpose of bacterial warfare (Amann et al. 1995).

Historically, identification has been mostly based on classical microbiological

techniques which depend on the morphological and metabolic characteristics of

the target. These methods usually require extensive culturing and relatively

homogenous samples and are very slow and fail completely, if, as often

happens, the bacteria are difficult to culture. Polymerase-chain reaction

analysis of 16S rRNA is the most commonly used method to date but this

requires the construction of a set of primer templates specific to each bacterium

(Carrino and Lee, 1995). Identification methods must be developed which are

rapid, reproducible, independent of the complex biological matrix from which

the sample is obtained, and sensitive enough so that the sample does not have

to be cultured.
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The application of mass spectrometry (MS) to this problem has recently

received much attention (Cain et al. 1994, Claydon et al.1996, Fenselau et al

1994, Holland et al. 1996, Krishnamurthy et al. 1996, Liang et al. 1996,

Welham et al. 1998, Xiang et al. 2000). Usually either intact bacteria are

placed in the mass spectrometer or protein or lipid extracts thereof. The MS

then measures mass to charge ratios of the ionised molecules and their

intensities. This data is used to create a library file describing that particular

bacterium. When an unknown bacterium is analysed, the m/z and intensity list

is used to search the library files for a bacterium giving a similar profile.

Previous studies (Haag et al. 1998, Arnold et al. 1998, Lynn et al. 1999) have

relied upon a manual inspection of the peaks in the spectra produced by the

MSs when building signatures for the bacteria and during the matching process

of the two spectra. These manual approaches are slow and the qualitative

differences between spectra are subject to personal bias.

This paper explores a new fully automated technique for bacterial identification

based on MSs that builds a database of cell fingerprints using a statistical

procedure for finding invariant signals over multiple experiments with the MS.

These biomarkers act to uniquely identify each bacterium in a three-

dimensional sample space. The dimensions are the mass of the peptide, the

intensity ratio of the isotopes, and the HPLC retention time. To identify an

unknown bacterium, its spectrum is compared against the cell fingerprint

database. In order to accomplish this matching, we employ a Bayesian

classification scheme. This method either finds an entry in the database that is

similar or reports that no match is found.

The basic requirements for automated analysis are determined by the following

sources of complications. First, the stage of growth of a cell and the medium in

which it is cultured greatly influence which proteins are expressed and the level
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of expression of these proteins. Hence, the MS will generate different spectra

for the same organism over several experiments. This difference was found to

be quite extreme in many cases, although some parts of the spectra do re¬

occur under a variety of experimental conditions (Dai et al., 1999). Second,

even a homogeneous sample of bacteria produces a vast number of signals.

This number is significantly larger if the sample is heterogeneous. Algorithms

must be fast enough to filter out poor quality signals (noise) but retain as many

high quality signals as possible in order to facilitate an accurate prediction.

Moreover, peptides with different chemical composition may produce near-

identical (or identical) signals when sent through the MS. Finally, since some

proteins are ubiquitous to many kinds of bacteria (e.g. structural proteins), their

presence in the output of experiments yields no information towards their

identification.

5.2 Materials and Methods

5.2.1 Data Generation

Klebsiella pneumoniae (Kp), Stenotrophomonas maltophilia (Sm),

Staphylococcus aureus (Sa) were grown in LB medium at the optimal

temperature (37°C for Kp and Sa, 30°C for Sm). Seven Aliquots were taken at

equal OD intervals between exponential and saturation growth phase of each

bacterium. The cells were pelleted, washed several times with an isotonic

buffer and subsequently disrupted using a tip sonicator on ice for 5 minutes. To

extract the total protein content from the cells, we use a standard concentration

gel device (Lombard-Platet and Jalinot, 1993). Prior to the concentrating and

purifying step, the cells were heated for 10 minutes at 95°C in a standard
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Laemmli buffer. The gel consists of a long funnel-shaped stacking gel (4%

acrylamide) and a short resolving gel (12% acrylamide). Electrophoresis was

carried out with a constant current of 10mA using bromophenol blue to track

the progress of the run. Before the bromophenol blue runs out of the gel, we

stop the electrophoresis. The whole resolving gel is in-gel digested and

peptides are extracted (Rosenfeld et al., 1992, Shevchenko et al., 1996).

The Peptide mixtures were injected onto a reverse phase HPLC on a Cis LC

Packing Hypersil, 5 urn, 300Â 280x0.05 mm capillary column. The HPLC

column separates peptides according to their hydrophobicity .
This implies that

peptides having the same hydrophobicity should be emitted at approximately

the same time. We use the time-stamp information in Section Grouping intra-

experiment signals to help us determine whether two similar signals correspond

to the same peptide. The total flow was 3ul/min and the column was washed

extensively with solvent A (0.1%(v/v) TFA in H20) before running a 15min

linear gradient from 0-60% of solvent B (80% (v/v) acetonitrile
,
0.08% (v/v)

TFA). A single HPLC run was carried out in 40 minutes (including re-

equilibration and injection/washing steps). The HPLC column was connected to

a LCQ ion trap mass spectrometer Finnigan-MAT (San Jose, CA) with a

standard electrospray source. An LC-Packings Famos autosampler was used

with a PE Biosystems 140B syringe pump operating at 20 ul/min and splitting

before the injection valve. We choose the electrospray ionisation mass

spectroscopy due to its sensitivity and its compatibility with on-line separation

methods.
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The MS was operated in automated LC/MS mode. The mass range was

scanned in five steps from 700-2000 and the most intense ion in each range

was selected for a zoom-scan acquisition. Dynamic exclusion was used to

prevent the same mass being selected twice within a time window of 2 minutes.

The spectra were accumulated in centroid and the zoom scans in profile mode.

5.2.2 Raw Data Extraction

For our set of bacteria B= (Bh B2,..., Bb}, we calculate cell fingerprints for each

member of this set with the data obtained from the MS experiments. We

denote by o)(p) the mass and Ç(p) the charge of the peptide p. The mass to

charge ratio è for peptide p is co(p)/Ç(p) = dip). As a shorthand throughout the

paper, we write the property of a peptide p as a superscript e.g. for peptide p,

p^ = è(p).

J^fli, >A L»_

803 804

Mass/Charge

Figure 1. A typical zoomscan with a range for oy/Ç = o ratio of 798-810. Here, the main peak

has an intensity of approximately 80000 and o ratio 803 8. Also denoted are two isotope

peaks registering with intensities of approximately 4000 and 2500 and 6 ratios of 804.3 and

804.8 resp.The mean mass is calculated to be 1607.6 where the charge is 2.
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For the purposes of this paper, we can view a MS as a device that returns a

signal S given a peptide p. This signal is comprised of a main peak p0 and

several isotope peaks ph p2, Within this paper, we only use information

regarding p0 and p?. For 1=0,1, the MS measures the mass to charge ratio pf

and the intensity p/ from the signal S. Although MSs offer a range of different

scanning modes, the one used for the experiments described in this paper

employed the zoom scan mode. This was chosen due to its high degree of

precision. This feature allows the MS to focus on a region approximately 5~œ/Ç

units to either side of a signal and yields precise information regarding the

distribution of the co/C, ratio and intensity ; of both the main and isotope peaks.

See Figure 1 for an example. In total, a typical experiment produces

approximately 300 such zoomscans. From the main and first isotope peaks

supplied by the MS for single S of peptide p, we calculate the mean pé and the

variance var(/;°)of the mass to charge ratio o .
To calculate these values for

peak p;, i=0,1, we choose / points x!h xl2, .., x/,/ along the é axis with

corresponding intensities y,,i, y,,2, ..., y,/and use the following:

i<w.

^^„___J_^_Li (-j)
L Ik,</

}

var(pj)« -^j (2)
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We derive the charge of the sample with /r = —-. This allows us to

p p
I 0

compute the mass mean /J'° and the mass variance var(p'ù ).

Let the cumulative intensity p\ =XKWy, a
f°r 1=0,1 Since the intensity

measurements are proportional to the amount of a peptide present, these

measurements fluctuate significantly between experiments. Instead, we use the

y,

wherep[=

,}yintensity ratio defined as a =
4r

-

wherep[=

pyi ,
1= 0,1. This should be more

Pi

stable over inter-experiments as the isotope ratio is a fixed characteristic of a

peptide. We can also calculate the variance var(p! ) and the co-variance

between pl{) and pi, \ar(p'0l). From this, the mean and variance of the

intensity ratio a is estimated with

p var(p )

Pa «a + var(//)--—! *— (3)

(p Y \ar(p Y p

var(/?a)-var(»/)--—!— + ! 2'\ar(»; ) L_ (4)
o ,_/.4 ,-i,2 'or i 7,

(P ) (p ) (p )
0 0 0

As the mass to for most peptides in our experiments fall into the range

[300:2000] and the intensity ratios a range from [0.2:1.2], we normalize our

data points in this sample space to values between 0 and 1. For each signal

produced during each experiment, we compute the above information and

record a time-stamp rof when the signal entered the MS.
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5.2.3 Grouping Intra-Experiment Signals

It is sometimes the case that two signals will appear with approximately the

same mass co and intensity ratio a. This could occur for one of two reasons.

On the one hand, it is possible that two distinct peptide classes are sufficiently

similar in underlying amino acid composition as to induce two signals very

close in both the co and a dimensions. On the other hand, it is possible that the

same peptide class has induced both signals and that the small difference is

due to experimental error (i.e. machine error). In order to distinguish between

these cases, we employ two techniques.

First, suppose two peptides p1 and p2 that have close to identical m and a

values but differ on their underlying amino acid composition. This difference in

composition is reflected as a difference in hydrophobicity. Therefore, the HPLC

will release the two peptides at differing times into the MS over the course of

the experiment and tsi will be different with rs2. Hence, when a region contains

two signals with time stamps in disagreement above some pre-defined

constant, we may conclude that the two signals are in fact distinct. This cutoff

value was set to 5 minutes in our experiments. The reason that we are not

able to calculate the intra-experiments variance of the HPLC retention time is

that zoom scans only measure signals with intensity above certain threshold. A

signal can be emitted from HPLC for minutes before it reaches the intensity

threshold for being measured by the zoom scans, and it may continue to be

retented after caught by the zoomscans. However, if we have several

experiments, we will be able to estimate the mean and variance of inter-

experiments HPLC retention time at which the signal emitted intensely.
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Second, we employ an F-test to test whether the variance between the two

signals is significantly larger than the variances of each signal alone. If it is so,

then we conclude the two signals are different. We assume that error is

normally distributed. For two peptide M, N where M has peak m0 and N has

peaks n0, the null distribution of the F statistic has 1 and mh+nL0-\ = C degrees

of freedom. We argue that the cumulative intensities 7%»6 approximate well

the degree of freedom, since the intensity measures is proportional to the

number of peptides that caused the signal.

(var(<) (m£ - 1) + var« ) • (>;0r -\))/C

(hi -W y 12
,ß,

(var(ma ) • (/«£ - 1) + var(/;a ) (»,,' - 1))/C

If we conclude two signals are the same according to the above techniques, we

will group them together and recalculate the mean and variance of the co and a

values. From the approximately 300 signals produced per experiment, we are

typically left with some 30-40 data points after this stage.

5.2.4 Grouping Inter-experiment Signals

One experiment is not sufficient for our purposes of prediction, since the growth

stage of a cell greatly dictates which proteins and in which quantities are

produced and the spectra produced by MSs always contain noise. If we

perform q experiments, we say that a signal is invariant if it appears in at least

cut of the experiments, cut< q. However, the same peptide class almost never

induces the exact same spectrum. To decide if two signals from two different
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experiments correspond to the same peptide class, we again employed an F-

test and time check analogous to that described in the preceding section.

We define a group of signals (or, simply group) to be any set of signals Si, S2,

..., St where each S; comes from a unique experiment and such that the F-test

described by equations (5) and (6) for the peptide corresponding to S; and Sj

are in favour of the null hypothesis, for all 1 < I < j < t. If t is greater than our

cut-off value cut, then we call this an invariant group. For such a group g, we

calculate the group mean and variance for the mass and intensity ratio from the

mean and variance of its members. These are denoted by

sw,var(gw),s°\andvar(,ga). We can also now calculate the mean time and

time variance for the group. We denote these Jr and var(gT) .

5.2.5 Resolving Inter-bacterial Groups

We are now in a position to compute our final cell fingerprint for each of the

bacteria in our set B= {Bh B2,..., Bb}. At this stage, we have a set of invariant

groups G,= {gu, gh2,..., gi:f] for each B,

For a BjsB, we proceed by calculating S confidence intervals of

gfj.gfi.o.nd gT ,
1 < j < Yj. This gives an ellipsoid e,/ in three-dimensional

'
1.1

space for gLj. Let Je,-,, be the volume of the f ellipsoid from B-,.

The last property we need to check before deciding on our cell fingerprint is

how these ellipsoids "interact". Ideally, it would be the case that e,j n eXtY is

empty, for all distinct pairs of ellipsoids. However, this is not always the case

and we must discard one of the ellipsoids from either G-, or Gx unless an F-

statistic test indicates that they are the same peptide class. That is, the F-
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statistic favours the null hypothesis. The algorithm in Figure 2 gives our

decision procedure.

input: G ={Gi, G2, ..., Gb} where Gi={g,.i, g,,2,..., Q\.y}

For 1 <i <j < b do

For all giiS e G„ gjit6 Gjdo

If (eu n ej.O * 0

Perform an F-test between giiS and gj,t in each dimension

co, a, x.

if null hypothesis is supported

Create new group g' with mean/variance estimations

from gu and gjit.

Remove g,>s and gj,t from Gj and Gj resp.

Place g' in Gjand Gj.

else

Remove the group from G corresponding to the ellipsoid

max{Jei,s, k\,\}

output: G' s.t. all pairs of ellipsoids are disjoint.

Figure 2. Algorithm Check Ellipsoids
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Note we remove the larger of the two ellipsoids in the last line of this algorithm,

since the larger ellipsoid corresponds to the group with higher variance. The

set G' returned by our algorithm now corresponds to the cell fingerprints for

each of the members of B. The ellipsoids in the G' cut the sample space into

subspaces defined by ep,(1<i<b and 1<j<yi) and a subspace eout that is outside

of all ellipsoids.

5.2.6 Determining the Conditional Probability of Unknown Bacteria

In this section, we use the set of cell fingerprints and the complete sets of

signals produced for the sample bacteria as a learning set to estimate the

probability of a new unknown signal "hitting" an ellipsoid in our model.

Let S = {Si, S2, ..., Sb} be the collection of all significant signals found in the

previous experiments, where S; = {su, ..., s,,,, } is the signals for B-,. We

estimate the probability that signal from a fixed B, will "hit" each subspace. For

a randomly chosen signal s/,;- e S; from B-„ for some j, 1 <j < n-„ the three cases

are as follows:

Pr{Si,jeei,k)1<k<Y,} (7)

Pr{Sjj e eUlk, u *i, 1 <u<b, 1 <k <yu} (8)

Pr{Si,j £ eu,k, Vu, 1 <u<b, Vk, 1 <k <yu} (9)

Equation 7. The probability that a signal from bacterium B, hits an ellipsoid from

Bi. In total over all experiments, B, produced totally n, significant signals. The
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number of these signals k,s contained in an ellipsoid of the form ehl, for any /',

can be determined directly from the data and (7) reduces to simply k,,, /n,.

Equation 8. This is the probability that the signal does not fall into an ellipsoid

from the same bacterium B, times the ratio of space occupied by an ellipsoid

from another bacterium to space not occupied by ellipsoids from £?,. For u, 1 < u

< b and v, 1 < v < yu.

n (Q-X,^., j? )
i »-'-/, ii

where D. is the entire space.

Equation 9. The probability that a signal misses all ellipsoids is the probability

that the signal does not fall in an ellipsoid from B, times the ratio of space not

occupied by any ellipsoid to the space not occupied by any ellipsoid from B,.

(n! 'Il s /% yk, ;) em,t

~~

n, (Q-y^^ye,,)

where e -O-I,.^,,,.,,.,/^,

Given the protein extracts of an unknown bacterium Bx, we derive the signals in

a similar manner to that discussed above except we only perform 1 experiment.

That is, the protein is extracted and sent through the HPLC and MS machines.

The resultant spectrum is then checked for intra-experimental groupings. Let

the signals for Bx be denoted by sx ?, sx2, ..., sxm and denote by e the set of all

subspaces defined by the e,,; and eout. Using these signals, we calculate the

count vector which is the number of signal sxk , 1<k<m, that "hit" an ellipsoid,

for every ellipsoid in e.
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With equations (7-9) we can compute the conditional probability that an

unknown bacterium Bx\s bacterium fî;using a multinomial distribution.

Pr{5 I5.} = -

n

Vc 6 f

\s
, : s

,
e c. 1 < k < m \

[ x.k x.k j

nprK tee

: x a e.l < k < m

x.k x.k

(10)

where Pr{sKkee} is derived from equations (7-9) above.

An example of applying equations (7-9) to estimate the probability distribution

of the sample space is illustrated in Figure 3.

Mass

ZX

(e^rStp
(e^fâi. /y)

+

«$»

(CJ^^)

z\

(^2%}
Z\

o

z\ z\

+ + O 4-

O Signal of Bi

4» Signal of B2

^ Signal of B3

Intensity ratio

Fig. 3. Illustration of the sample space restricted to two dimensions (time omitted). Using the 10

signals of bacterium ß, as an example, we calculate the probability of a signal falling into the

different subspaces defined by the ellipsoids. A signal of BI hits e, 1 e12, e2,i, ea)i and eout with

probability 0.4, 0.3, 0.3- Je2,-,/(Q - !e1A - fel2), 0.3- Je3 ,/(L2 - je< 1
- je12), and 0.3- feou,/(Q - Jet1 -

fei.2), respectively.
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5.2.7 A Bayesian Classification Scheme

The goal of our Bayesian classification scheme is to minimize the posterior risk

of both classifying a bacterium Sx falsely as bacterium BeB and the posterior

risk of not classifying X in any class of B. The latter case is referred to as the

reject case. To represent the reject case, we will include a new class B0 and let

= D U Do.

Let X be our unknown bacterium with measurement vector (i.e. signals) sx>;,

sx,2, , $x,m and let nh k2, ..., itb be the a priori probabilities of each class By<

i<b. Then, the a posterior probability of B-, given Bx is

r i ;r;-Pr|B IB. f

where Pr{ Bx I Bj} can be computed via equation 10.

If we assume equal a priori probabilities for every class B,-, then equation (11)

simplifies to:

r ] Priß \B \
PrklB }=-—-i-f-li-J (12)L V'J

l';=lPr|ßvlß }

In such a framework, we are required to specify a cost (or, penalty) matrix C of

dimension (b+1) x (b+1), where b = IBI. Entry C0j represents the cost incurred

by the algorithm, if it falsely classifies B, as a reject case B0. Entry dj, ij>0,

represents the cost incurred by the algorithm, if it falsely classifies S,- as Bh ioj.

Here we use a simplified cost scheme with only two values Cr and Cf. Cr is the

cost incurred when B, is classified as the reject case B0, and Cf represents the



CHAPTER 5 114

cost for all other false assignments. In summary, the cost for classifying the

bacterium Bxas B/is

classification cost =<

0 forBx = B,, correct decision

C forB, = B<>, reject

C otherwise. false decision

We want to minimize the a posteriori probability of falsely classifying a

bacterium Bx. This is the expected value of the cost which we call the risk R.

Using the simplified cost scheme, the risk of classify Bx as S,- for a fixed / is:

Ri =

Cf(l-Pr{BilBx}) if i >0 (falseclassification)

C, if i = 0 (rejection)

To simplify, we multiple each Ri by -1/Cf and add 1. This gives,

- Ri/G
(Pr{B, IBx} if i >0 (falseclassification)

[l-G/G ifi = 0 (rejection)

According to Bayes' decision rule, our purpose is to find the /' for which R-, is

minimal over Rh 1<j<b. The minimal R, corresponds to the maximal 1-R/Cf.

Thus, we classify Bx as BjgB, if

Pr{ Bi IBX} = maxj (Pr{ B, I Bx}}, 1<j <b

and Pr{ Bi I Bx } > ß, where

ß= 1-C/Cf, for all/, 1<i<b;

Otherwise, we reject.
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5.3 Results

We have implemented this framework in the bioinformatics programming

language Darwin (Gönnet et al. 2000) and applied the algorithms to an

experimental dataset consisting of three strains of bacteria: Klebsiella

pneumonia (Kp), Stenotrophomonas maltophilia (Sm) and Staphylococcus

aureus (Sa).

For each of these bacteria, we performed 7 experiments (q = 7) and employed

a jackknife test. The principle here is to use only 6 of the experiments from

each bacterium to form our cell fingerprint (the learning set) and the 7th to test

the accuracy of the classifier. In total, the jackknife test was repeated a 73

times covering all possible choices of learning sets.

The success rate is defined to be the percentage of unknown bacterial samples

classified correctly. To this end, let r(i) be a random variable equal to 0, if the /"

sample is classified correctly. Otherwise, r(i) is 1. The average performance of

the algorithm is then estimated by the observed success rate

ir(i)
success =

^-z—
-

n

with variance given by var(success) = success-(1-success)/n, where n

=3*73=1029.

If only considering the success ratio of classifications to the three bacteria and

not including the reject cases,
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ir(i)
success _noreject = ——

;;
_

noreject

where n_noreject = 1029-numbers of classifications to rejection.

There are at least three parameters that affect the random variable success

and success_noreject the minimum number of signals necessary to form an

invariant group cut, the ratio C/Cf, and the confidence interval Ô. Ideally, we

could experimentally determine the optimal levels for each of these three

parameters. However, due to the limited size of learning set, we set the

parameter of cut and C/Cf to reasonable values, and simulated the

classification using different values for the confidence interval 8. Since we

performed only q=7 experiments per bacterium per test, the upper bound for

cut is 6 because one experiment is removed from the cell fingerprint creation

and used for later testing. We required that a group has at least 3 members

(cut=3). That is, the algorithm must detect at least 3 signals over the course of

the 6 experiments which pairwise pass the F-test. We set the ratio of

C/Cf=0.2, which means that a false classification between two bacteria is 5

times as risky as a rejection,

Figure 5 shows the experimental results obtained when the C/Cf ratio is held

fixed at 0.2, cut at 3, and 8 is varied between 5% and 90%. An increase in the

confidence interval increases the number of signal pairs that pass both the intra

and inter-experiment F-tests from Section Signal Extraction. This should reflect

in an increase in the number of invariant groups; these groups will tend to have

larger variance and hence, induce larger ellipsoids. However, as the fraction of

sample space covered by ellipsoids get larger and larger (see Figure 4), the

probability that a random points fall into an ellipse will increase. Thus the

probability that the algorithm falsely classifies a bacterium will also increase
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(see Figure 5). Conversely, the volume covered by ellipsoids will decrease

proportionally as 8 grows smaller. Thus it is more unlikely that a set of random

signals will simultaneously fall into these ellipsoids. However, a smaller S also

produces fewer invariant groups. In our tests, the optimal value for S was found

to be approximately 20%. This induced a success rate (success) of 67.8% with

variance of 0.021% among all tests performed. If we exclude the reject cases,

then false classifications among the three bacteria is only 33.4% and the

success ratio (success_norejecf) is 76.6% with variance 0.020%. Considering

the limited size of the learning set and a success ratio of 25% for a

classification including reject cases and 33.3% excluding reject cases if made

at random, this indicates that our approach is feasible.

The exact classification results with 8=20% are showed in Table 1. One can

see that the classifier works well for Kp and Sa but fails for the majority of the

Sm cases. A closer investigation revealed that we have only some 10-20

invariant groups for the later bacterium whilst about 30 for the former two

bacteria.
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Fig 4 The relationship between the total volume of the ellipsoids versus the confidence interval
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Figure 5 The relationship between the ratio of successful identification (black curve for

success and grey curve for success^noreject) and the confidence interval S

Kp Sm Sa Reject

Kp 314 2 9 18

Sm 77 124 80 62

Sa 3 42 260 38

Table 1 The pairwise results of the classifier algorithm The table denotes the number of times

a bacterium in row i was classified as bacterium in column j
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5.4 Discussion

We have presented a statistical framework to identify bacteria using a

FINNIGAN-MAT ion trap mass spectrometer. The approach uses the rule of the

Bayesian classification aiming to minimize the risk of false classification. This

is the first such attempt at a practical and realistic method for identifying cells

from their total protein extract. Although we have very limited experimental

datasets, we are able to demonstrate the potential power of our method as the

success ratio of identification is much higher than would be expected if the

classifications were done randomly.

The limited size dataset has several repercussions.

1. The threshold for forming an invariant group cut is extremely small at 3. If

we had a larger set of experiments for each bacterium, then cut could be set

much higher. Hence, more "noise" would be removed from our invariant

groups and our estimates of mean and variance for the group would be

more accurate.

2. The cell fingerprint for each of the 3 bacteria consisted of approximately 20-

30 invariant groups. Considering that a bacterium has at least 1000

proteins, this number is extremely small. Further experimentation will help to

produce better cell fingerprints.

3. Due to the small number of experiments, we were not able to use more

specific statistical identification schemes. Here we used an simple cost

scheme in our Bayesian framework charging one constant penalty for all

types of false classifications and one penalty for a rejection. This could be

replaced with a general cost matrix C where Cn contains a particular score

for the false classification of bacterium / as bacterium /'. In some situations
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(e.g. the medical community) it is of utmost importance that an infectious

bacterium is not falsely classified as a benign strain. By suitable changes to

our cost matrices, we can adjust our framework to these needs.

4. Larger datasets would also allow us to better estimate the a priori probability

of bacteria. Furthermore, we could make better use of the time dimension.

We note that a professional biochemical laboratory would have no problem

performing significantly more experiments (~ 1000 per bacterium at different

growth stages in different cultures) given the appropriate automatic protein

extraction equipment. Of course, this cell fingerprint must be constructed only

once for each bacterium and made publicly available.

In this paper we have focused our experiments on the identification of bacteria,

since bacterial genomes have fewer proteins than, for example, eukaryotic

cells. In principal, our algorithm can be extended to allow the identification of

any cell type but this will require orders of magnitude more experiments since

an MS can capture at most 300 signals per experiment.

Lastly, we could extend our framework to include MS/MS spectra associated

with each signal peak. Here the peptide is fragmented and the mass to charge

ratios of the fragment ions are measured. This information can also serve to

differentiate signals.

In conclusion, mass spectrometric analysis provides a rapid and economic

ways to identify bacteria without culturing. Alternatively, gene expression

analysis using DNA microarray technology has showed promise in tissue cell

classification. However, methods for accurate, reliable normalization among

multiple experiments are not available, and all gene expression methods suffer
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from both intra- and inter-experimental variability, making direct comparison of

raw intensity data between experiments prone to significant error (Bassett et al.

1999). Relative message abundance is inherently based on a direct

comparison between a "test" cell state and a "reference" cell states; an internal

control thus has to be provided for each measurement (Duggan et al. 1999).

These technical constraints bring significant inconvenience in the application of

bacteria classification, since it is not efficient (or, even impossible) to using

every existing bacteria as an internal control, Thus, we consider the mass

spectrometry technology can still be demanding technology for bacteria

identification.
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