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RDHSP-Recognize distant Homologues by

Sequence-structure Profiles comparison

Student: Chih-Yuan Wang Advisor: Dr. Jenn-Kang Hwang

Institute of Bioinformatics

National Chiao Tung University

Abstract

The RDHSP (Recognize Distant Homologues by Sequence-structure Profile com-
parison) is the protein fold recognition‘using the threading method. For a given target p-
rotein sequence and a template structure, RDHSP guarantees to find a globally optimal
threading alignment between the two: RDHSP is-based upon the premise that structure is
better conserved than sequence. Every residue-in a protein tertiary structure exists in a
particular environment that can be described by features such as main-chain conform-
ation, solvent accessibility, and contact energy, contact residue numbers. RDHSP empl-
oys environment-specific scoring table that offer a more precise and discriminating me-
asure of substitution probabilities. Compare with the popular PSI-BLAST, RDHSP is
4.6%, 22.2% and 21.6% more sensitive in detecting the family, superfamily, fold simila-

rities in the Lindal benchmark.

Key words : fold recognition; threading; globally optimal threading, contact energy, co-

ntact residue numbers
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Symbol

€ij The effective contact energy

Nij The number of residue i - residue j contacts
Nijo The number of residue i-solvent contacts
Noj The number of residue j-solvent contacts
Noo The number of solvent-solvent contacts

Z (i,m)  The environment-specific amino acid statistical score
P(i) The probability of finding an amino acid of type i in any environment

P(i,m) The probability of finding an amino acid of type i in the environment of type

m
Qs Query sequence
Ts Template sequence

Estruetwre  The scoring function, which 1s:a meastre of the match of a query sequence Qg
and target structure-Tg
n(i,m) The number of amino ‘acids of ‘type i in the environment m

s(i,m) The score of amino acids of type i in the environment m



1. Introduction

Threading is a method for finding a tertiary structure that matches a primary seque-
nce of interest. It begins with a database of known structures aligns the sequence of int-
erest against the structures, and evaluates the alignments for significant fit. It is based u-
pon the supposition that there is a limited set of protein folds, and that a given primary
sequence can be grouped into one type of fold or another, even if there is not extensive
primary sequence similarity. Each residue in a protein tertiary structure stays in a partic-
ular structural environment, which can be described by the structural features such as m-
ain-chain conformation, solvent accessibility. It has been demonstrated by structural en-
vironments and each environment has adistinet substitution pattern [1]. Thus, environ-
ment-specific substitution tables offer a‘more precise discriminating measure of substit-
ution probabilities; comparéd to-traditional substitution tables [2] [3] [4] [5] that do not
use any structural information. Environment-specific substitution tables have been used

to improve secondary structure prediction [6] [7] and fold recognition.

The dynamic programming method has been adopted by most sequence-structure
comparison programs. There are three popular variation of the method: the global align-
ment algorithm, the local alignment algorithm and the global-local alignment algorithm.
A sequence-profile alignment method using a global dynamic programming algorithm
was employed to find the minimum of the total score that aligns the query sequence wi-

th a template in the template library.



The recognition of homology between protein sequences and known structures pr-
ovides invaluable information towards understanding the biological behavior and bioch-
emical function of uncharacterized sequences, and enables prediction of three-dimensi-
onal structures through comparative. RDHSP is an application for recognizing distant s-
tructural homologues of a target sequence by sequence-structure comparison. It assesses
the compatibility between a target sequence and structural profiles of all known protein
structure families. RDHSP is found to improve most existing fold-recognition methods
in sensitive that detect the family, superfamily, fold similarities in the Lindal benchmar-

k.
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2. Material and Methods

Overview

Our sequence-structure homology recognition algorithm consists of three stages, as
outlined in Figure 1. The first step (broken arrows) is to construct environment-specific
amino acid substitution tables by using homologous structure alignments. The second s-
tep (continuous arrows) is to generate a database of structural profiles, or a profile libra-
ry, from individual structures using the environment-specific amino acid substitution ta-
bles and gap penalties. The last step, (dash-dot arrows) is to align the probe sequence or
sequence alignment against gach profilesin the structure profile library. For each compa-
rison, the statistical significance is evalaated to aid the assessment of sequence-structure

compatibility and potential evolutionary relationships.
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2.1 About Training Set

Our studies used a training set of 387 proteins (see Tablel, which is published as
supporting information on the PNAS, Tksoo Chang al. (2001)) from the PDBselect [8] [9]
consisting of sequences varying in length from 44 to 1017, with low sequence hom-
ology and covering many different three-dimensional-folds according to the Structure
Classification of Protein (SCOP) classification [10]. Additional criteria used in selecting

the proteins in the training set were follows:

(1)The protein structure was obtained through x-ray crystallography.

(2)The structures were monomeric.

(3)The determined structures missed no more than two amino acid

12



2.2 Definition of structural environments & The Residue Environment code

Each residue in a protein tertiary structure stays in a particular structural environm-
ent, which can be described by the structural features such as main-chain conformation,
solvent accessibility. Four groups of structural features have been shown to be useful f- or
describing the local environments of a known structure and improving structural alig-

nments.

(1) Secondary structure:
Four classes were defined: a-helix, B-strand, 3,, helix and irregular (coil) structu-
re.

(2) Solvent accessibility:
Two classes were defined: residues with side chain relative accessibilities great-
er than 7% were definediasaccessible, otherwise inaccessible.

(3) Contact energy:
7 patterns and none contact energy.

(4) Contact residue numbers:

6 patterns and none contact residue numbers

The combination of all four features gives 344 [(4*2*7*6)+(4*2*1)] local structural en-

vironment in total.

13



The Residue Environment code :

A: a-helix

B: B-strand

C: 310 helix

D: Irregular structure

E: Accessible (exposed to solvent)

F: Inaccessible (hydrophobic environment)
G: None contact energy & contact number
Cn,~ Cng: Contact residue numbers

Ce,~ Ce,: Contact energy

14



2.2.1 Extracting residue secondary structure from known protein structures

Secondary structure assignments are calculated with the program SSTRUC [D.K.-
smith, now also part of the PROCHECK suite of programs (Laskowski et al., 1993)]. S-
struc is a program to read in a Brookhaven format file and to calculate torsions and sec-
ondary structure assignments. It was originally written by David Smith as a replaceme- nt
for the DSSP program of Kabsch and Sander. This program calculates the secondary
structural state according to the definition of Kabsch and Sander (1983). It also provides
information about the main chain dihedral angles®,¥ and . In a color PostScript a-
nd an HTML output of JOY [18], repeating elements of secondary structure( ¢ -helix, 31,

7 helix, and /3 -strands) are shown_in different colures (Figure 2).

15



2.2.2 Extracting residue solvent accessibility from known protein structures

The partitioning of residues between a polar aqueous phase and a generally hydro-
phobic phase (the core of a globular protein) is established to be a major determinant in
the process of protein folding. Residues in the solvent-inaccessible core of a protein are
more conserved and are thus more useful for identifying distant evolutionary relationsh-
ips. The program PSA is used to calculate the relative solvent-accessible surface area of
all residues in a protein. The program uses an implementation of the algorithm of Lee a-
nd Richards(1971). Residues are defined as inaccessible by comparison to an extended
conformation, and by default a 7% relative accessibility cut-off (Figure 3) is applied (H-
ubbard and Blundell, 1987). The cut-off value can be set as a command line argument of

JOY.
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2.2.3 Extracting residue contact energy from known protein structures

We applied the Miyazawa—Jernigan procedure (MJ) to derive contact energies. Sp-
ecifically, amino acid residues were represented by the centroids of their side chains
(C.), and two residues were considered to be in contact if the distance between their ce-
ntroids fell within Rc = 6.5 A. The numbers of contacts formed between two residues, i
and j, and between them and the solvent molecules (represented by 0) were related to t-

he contact energy by a hypothetical chemical reaction:

(1 —0)+{;j-0) —=(i—jF)+H0-0) (1)

The effective contact energy (ej j) 1s defined as the negative logarithm of the equilibrium

constant of the reaction:

O] nj@ (2)

where njj is the number of residue i - residue j contacts, nj, is the number of residue i-solv-
ent contacts, Ngjis the number of residue j-solvent contacts, Ngo is the number of solvent-s-

olvent contacts. (Figure 4)
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2.2.4 Extracting residue contact numbers from known protein structures

Amino acid residues were represented by the centroids of their side chains(C.), and

two residues were considered to be in contact if the distance between their centro- ds fell

within Rc = 6.5 A.

18



2.3 Environment-specific amino acid Scoring matrix

In addition to sequence information we also use structural information that can be
included in several different ways. We described each position of a protein as being in
one of 19 environments. Other researches have developed similar methods e.g. (Ouzou-
nis et al., 1993; Yi & Lander, 1994). The environments in these methods are characteri-

zed by properties such as exposed atomic areas and type of residue-residue contacts.

The principles of all these methods are as follows (Figure 5):

1. Reduction of the three-dimensional structure to a one-dimensional string of re-
sidue environments, We defined-these environments by measuring the area of the
side chain that is buried.in-the-protein, contact energy, contact residue nu- mbers
and the local secondary structure:.

2. A scoring matrix is generated from the probabilities of finding each of the twe-
nty amino acids in each of the environment classes as observed in a database of

known structures and related sequences.

19



2.3.1 Selection of structural alignment

HOMSTRAD (Homologous Structure Alignment Database) is a database of prote-
in structure alignments for homologous families. It’s a high-quality database that contai-
ns a set of 3D protein structures arranged into families. A subset of the Homstrad datab-
ase, which consisted of structural alignments of high-resolution structures, was constru-
cted as follows (1) Families of membrane proteins were removed. (2) Only those than
2.5A were accepted. (3) The highest resolution representatives were selected to ensure t-
hat each structure has sequence identity less than 80% to any other structures in the sa- me
family.(4)After the first three steps, the families with at least two structures left w- ere
retained for substitution calculation. The database HOMSTRAD presently contains 130
protein families and 590 aligned structures. For each family, the database provides a
structure-based alignment derived using COMPARER and annotated with JOY in a spe-
cial format that represents the logal structural environment of each amino acid residue.
The database is freely available on the World Wide Web at:

http://www-cryst.bioc.cam.ac.uk/data/align/.

20



2.3.2 Calculation of environment-specific amino acid Scoring matrix

The statistical score Z (i, m) associated with amino acid i in an environment m is r-

eadily deduced by using the expression:

Z (i, m)=-In [P (i, m)/P (i)] 3)

where P (i) is the probability of finding an amino acid of type i in any environment, and
P(i,m) is the probability of finding an amino acid of type i in the environment of type m. P
(i) and P (i, m) are determined from knowledge of the sequences and native state struc-
tures in our training set. These probabilities were determined from the 387 training set of
homologous structure alignment. For each position in the aligned set of sequences, we d-
etermined the environment.category of the position from the known structure and count-
ed the number of each residue typefound.atthe position with the set of aligned sequenc- es.
A residue type was counted only oence per-position. For example, if there were ten as-
partates and one glycine found at a position in a set of aligned sequences, then both the
Asp and Gly counters were both incremented by only one. If the number of residues i in an
environment m was found to be zero, the number was increased to one so that P(i,m) was
never zero(Figure 6).The environment-specific amino acid scoring matri- x were shown in

(Table 2), (Table 3), (Table 4), and (Table 5)

21



2.4  The Fold Recognition Scoring function

The scoring function is:

Eia= msmctm’eEstmcture + Egap, W rypre - WEIZHE factor )

ESH‘LJ.ETILJ.I’E(QS? Ts) = EI % H(I? m)S(I? m) (5)

where Egyyerure 1 the scoring function, which is a measure of the match of a sequence Qs
and target structure Ts n(i,m) is, thé number,of amino acids of type i in the environment m,

and s(i,m) is the score associated with it,

22



2.5 Determination of initial gap, extension gap penalties and the weight factor of @

structure

All weight factors and structure-dependent gap parameters were obtained by optim-
izing the performance of the method in Fischer’s dataset [31]. The initial gap penalty
(@) and the extension gap penalty (@ ) of the RDHSP method were first optimized by
using Fischer’s dataset without the knowledge-based, structure-derived score. The datas-
et contains 68 probe sequences and 301 library structures. A match occurs when the exp-
ected match was ranks as the number one or only below its superfamily members based on
SCOP 1.61 classification (i.e., no incorrect folds have a better score than the expected

match). The highest success rate is 51/68 when @ 0=1.2 , @ 1=0.7.and @ structure =1.3

23



2.6 Convert known structure into a 1D-3D profile

Generation of a position-dependent comparison matrix known as the 3D profile, ie.
defining the probability to find a certain amino acid in a certain position of a given prot-

ein. (Figure 8)

24



2.7 Query sequence — Structure profile alignment

Alignment of a sequence with the 3D profile. The resulting alignment score is a
measure of the compatibility of the sequence with the structure described by the 3D pro-
file (Figure 9). A sequence profile alignment method using a global dynamic programm-
ing algorithm was employed to find the minimum of the total score that aligns the query

sequence with a template in the template library.

25



3 Result

3.1 Test of threading model

The score of the gapless is given by

Estructm’e(an Tg) - E;‘ % H(I: I‘H)S(I, m) (8)

where Egqyeture 1 the scoring funetion, which is a measure of the match of a sequence Qs
and target structure Ts n(i,m) is the number of amino acids of type i in the environment m,
and s(i,m) is the score associated with it. We take the three largest decoy sets from t- he
Prostar website (http://prostat.umbi.umd.edu).-For each structure, we sum the gaple- ss
threading scores of every residue. If the summed gapless threading score of the nativ- e
structure is less than that of the decoy, we consider that our threading model perform- ed
correctly in the discrimination of this native-decoy pair. Of the 109 structure-decoy pairs
in three different sets, RDHSP correctly detected 94 pairs (Table 2). Further, it is better
than residue contact potentials RKBP (81/109; Lu and Skolnick, 2001) and CDF (75/109;
Samudrala and Moult, 1998). For the decoy set ig_structal hires from Decoy- s’R’us,
Figure 8 shows the correlation between the RMSD (root- mean-square-distance) and the
score of gapless threading for the decoy set of protein with PDB code 1hda-B. The closer
the decoy structure is to the native structure, its s- core is often lower. For th- is protein,

the native structure has the lowest score.
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3.2 Lindahl Benchmark for Fold Recognition Sensitivity

The Lindahl set was designed to assess the fold recognition sensitivity. It has 976
proteins. Each protein is aligned with the rest 975 ,proteins. There are 555 pairs of prot-
eins in the same family, 434 pairs of proteins in the same superfamily, 321 pairs of pro-
teins in the same fold. The fold-recognition method is tested by checking whether or n- ot
the method can recognize the member of same family, or fold as the first rank or wit- hin
the top five ranks. The results of RDHSP are compared with several well establish ed
methods in Table 3. RDHSP compared to the popular PSI-BLAST, RDHSP is 4.6%,
22.2% and 21.6% more sensitive in recognizing the member of same family, superfami-

ly, and fold.

Results are summarizedin Tablej7alt canbe seen that the performances of RDHSP
on all similarity levels are significantly-at superfamily/fold levels to any other method.
On the family level, all methods-except THREADER perform well, and the performan-
ce of RDHSP is significantly better than that of the PSI-BLAST. On the superfamily an- d
fold levels, RDHSP performs more than 10% better than any other method except FU-
GUE. It is noticeable that although the focus of RDHSP is on detecting superfamily/fold
level similarity, it also performs relatively well in detecting family level similarity, bett-
er than PSI-BLAST. RDHSP strength is that unlike other methods, it performs best at
superfamily/fold levels. For example, FUGUE performs best at family/superfamily lev-

els and THREADER performs best at fold level.

27



3.3 Aspecificity-sensitivity curve at family, superfamily and fold level

We have used two different criteria to analyze the performance of a particular met-
hod on Lindahl Benchmark. First we simply examined the fraction of true hits in first a-
nd top five ranks, respectively. This is a very intuitive measure, but it tells nothing abo- ut
the reliability of the match, i.e a match could be the top rank but still have a very low
score as long as all other hits have even lower scores. To overcome this limitation we h-
ave used spec-sens plots (Rice & Eisenberg, 1997; Arvestad et al., 1999; Hargbo & Elo-
sson, 1999) as a complementary measure, describing the fraction possible correct hits f-
ound as a function of the fraction found hits being correct. The main advantage to this is
that it measures the ability of a method to reliably find all pairwise matches in the data-

base. The fraction possible correct hits found;.sensitivity, is defined as:

TP(score)

Sensitivity(score) =
TP{zcore)+FN(score)

where TP(score) is the number of correct hits having a score above score, and FN(score)
being the number of correct hits with a score less than score. The specificity measures t-
he probability that a pair of sequences with a score greater than a certain threshold reall- y

is a true hit, defined as:

TP(score)

Specificity(score) =
TPiscore)tFP(score)

28



where FP(score) is the number false hits that have a score above score and TP is defined
as above. The sensitivity is plotted as a function of specificity, each point corresponding
to a certain score. This measure is similar but not identical to the plots described by Par- k
et al.(1997) and (1998) where sensitivity, referred to as “fraction of homologous pairs

detected”, was plotted against “rate of false positives”.

The specificity-sensitivity curves are shown in Figure 10, Figure 11 and Figure 12
RDHSP performs significantly better than all the other methods at superfamily/fold lev-
els.At the family level, RDHSP achieves the sensitivity of 63.5% and 34.4% at 50% and
99% specificities, respectively, which are roughly 7% better than those of PSI-BLAST.
At the superfamily level, RDHSP achieves 25.0% and 11.4% sensitivities at 50% and
99% specificities. RDHSP hasimuch better sensitivity than any other method at superfa-

mily/fold level.
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Conclusions

There are some features in RDHSP, (1) using residue contact energy and residue c-
ontact numbers to improve environment-specific substitution tables, (2) combined info-
rmation from both multiple structures and multiple sequences, resulted in the improve-
ment of both homology recognition performance and alignment quality, (3) using sequ-

ence-structure profile alignment.

Each residue in a protein tertiary structure stays in a particular structural environm-
ent, which can be described by the structural features such as main-chain conformation,
solvent accessibility. RDHSP using four groups of structural features (main-chain conf-
ormation, solvent accessibility, and contact energy, contact residue numbers ) to impro-

ve structural alignments.

To further analyze the relative contributions of different term in the structure score,
we test our potential in all other five combinations (secondary structure (S) only, secon-
dary structure + solvent accessibility area (ASA), S +ASA+contact energy (Ce), S+AS-
A+ contact residue numbers (Cn), and S+ASA+ Ce + Cn) without any gap penalty (ga-
pless threading). The results on ProStar benchmark are shown in Table 8. The secondary
structure term does not seem to help for alignment accuracy. However, when it was co-
mbines with ASA term, the two-term threading score (S+ASA) becomes the better
(50.5%). The ASA term appears to be the most important. When (S+ASA) was combine
with co- ntact energy or Contact residue numbers, The three- term threading score (S+R

+Cn or S+R+Ce) becomes better than two-term (56.9%, 67.0%).
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