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Fitting 1-D Predictions
into 3-D Structures

Burkhard Rost _
EMBL., Meyerhofstrasse 1, D-69012 Heidelberg, Germany, rost@embl-heidelberg.de

Abstract

The experimental determinarion of protein structure cannot keep track with the
rapid generanon of new sequence information. Can theory contribute? The most
successful prediction method — and the oniy one for prediction of 3-D structure
— is homolagy modetling. It is appiicable for about one quarter of the proteins.
For the rest, the prediction task has to be simplified. An extreme simplification
is to project 3-D structure onto 1D srings of secondary structure or solvent
accessibility. For these |-D aspects of 3-D structure, prediction accuracy has
beer: improved significantly by using evolutiondry information as input to neural
network systems, The gain in accuracy is based on the conservation of secondary
structure and relative solvent accessibility within sequence families, Secondary
structure and accessibility are conserved, as well, berween remote homologues,
This fact can be used by fiing 1-D predictions into 3-D structures to detect
such remote homologues. In comparison to other threading approaches, 1-I
threading is rather flexible. However, two factors decrease defection accuracy.
Firstly, the loss of information by projecting 3-D structure onta 1-I} strings (in
particular the loss of distances between secondary structure segments). And
secondly, the inaccuracy of predicting 1-D structure, A preliminary result is that
every fifth remote homologue is detecied correctly.

1 Introduction

Sequence determines structure. determines funcrion. Tt is genesally assumed that three-
dimensional (3-D?} protein structure is uniquely determined by sequence [1]. There are
proteins assisting the folding in vitre. the chaperones. Arc such assistants necessary for the
mzjority of folding pathways? And do chaperones purely prevent unfolding, or are they ac-
tually necessary for folding? Answers remain open [2, 3, 4]. Anyway, the assumption that
sequence determines structure constituies a reasonable approximation. The function(s) of a
protein are determined by its structure and environment (reagents). Thus, protetn sequence

| Abbreviations used: 3-D, three-dimensional; 2-D. rwo-dimensional; 1-1, one-dimensional; POB,
Protein Drata Bank of experimentally determined 3-D stuctures of protins; SWISSPROT, data base
of protein sequences; DSSP, data base containing the secondary structure and solvent accessibility for
proteing of known 3-D structure; HESP, data base containing for each PDE peotein of knewn 3.D
structure the alignments of all SWISSPROT sequences homologue to the known structure; FSSP, data
base of remote homologues of known 3-D structure; PHD, Profile based neural network prediction of
secondary structure (FHDsec) and solvent accessibility (PHDace).
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Figure 1: Prediction of protein structure and function — state of the art. Predicrion of
structure: For 70% of all known sequeances, no knowledge about 3-D> structure is available, in
general, Threading methods may reduce this vaiue 10 some 60% if they will become publicly
available and sufficiently accurate for large scale sequence analysis. Today, for the majority
of known protein sequences, the only successful sequence analyses are multiple alipnments
ard predictions in 1-D. Predicrion of furction: For some 40-50% of the protein sequencey
obtained from sequencing whole genes {yeast I and VIIT) some knowledge about function is
cither given by experiment or by homalogy modelling {[71). Furthermore, for some 25-30%
of the proteins transmembrane segments can be predicted (estimate derived from an analysis
of 171 yeast VIII sequences, [68]),

determines functior 10 a certain extent. Conssquently, structure and function can, in principle,
be induced from the sequence based on physico-chemical properties, In practice, this is pre-
vented by the enormous complexity of the phase space. Can theory contribute 1o the advance
of moiecular biology, nevertheless?

The objecrive of theory Is 1o reduce the s2quence-structure and sequence-funciion gaps.
Large scale gene-sequenicing projects produce data of gene and consequently protein saquences
at breathtaking pace (5. 6]. Knowledge about function and/or structure of the proteins plays
a crucial role in designing experiments using such data However, only for the minority of
proteins with known sequence, the 3-D structure is also known. Experimental detarmination
of protein function is easier than that of structure. Consequently, the sequence-function gep is
less expased than the sequence-structure gap [7]. In the near future, the gaps are ualikely to be
reduced significantly by experiments. How does theory contribute today to reduce the gaps?

Homology modelling is the most powerful theoretical tool. The only reliable technique
to predict both protein structure and pretein function is homology modelling:. for a search
sequence its 3-D structure and function is predictad based on a sequence alignment to proteins
of known 3-Drstnzcture and/or function (8.9, 10, {1, 12]. This method increases the oumber of
known 3-D structures by a factor of five [13], and the number of proteins with some knowledge
about functior by a factor of three [7, 14] (Fig. 1), What if there is no protein with significant
sequence identity (> 25%) in the data base of known structures?  ~

Threading techriques may become a second comprehensive tool. Roughly, every fifth
pratein in PDB is remotely homologue to another PDB protein [15], i.2. has a homologous
3-D structures but no significant pairwise sequence sirmlarity {< 25% [16]). Thus, theory
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could reduce the sequence-structure gap by another 10-20% of the known sequences if re-
mote homology were detected based on sequence mformation (as homology is by sequence
alignment). One way to predict remote homology is by threading sequences into structures
(17,18, 19, 20. 21, 22, 23, 24, 25, 26, 27]. The principle objective is to define a criterion
that enables to evaluate whether or net the sequence fits into the structure, If both homology
modelling and threading fail, can theory predict 3-I structure from seguence?

In general, prediction is limited to 1-D. Despite advances in detail, the ability 1o predict
3-I structure from sequence by theorctical means has not much improved. In general, 3-
D structure cannot be predicted ab initio. The prediction problem has to be simplifiad,
One extreme simplification is projecting 3-D structure onto 1-D sirings of secondary structure
assignmenis {e.g. helix, strand, rest), Improving the accuracy of secondary structure prediction
has been protruded for the last three decades. Another 1-D feature of 3-D structure rthat had
been subject to prediction methods is the position of a residue with respect to the surface of a
protein, Le. its solvent accessibility. Predictions of such 1D features are of limited accuracy,
but are applicable in general. Can predictions of simplified 1-D aspects of 3-D structure be
used successfully as a starting point 10 predict structure or function?

In some cases, 1-D predictions can be used 1o infer aspects of function and 3-D structure.
Supposed, the pattern of predicted secondary structure elements, e.g. "helix-strand-helix-
strand", were similar to either the secondary structure pattern of a protein with known 3-D
structure, or to the pattern of a protein for which secondary structure is predicted and not
experimentally determined. Then, the hypothesis that the two proteins are remote homologues
may be used to predict 3-D structure and/or function.” For selected cases, remote homology
modelling has been used to predict 3-D struciure (e.g. [28]). Is such a procedure necessarily
restricted 10 selected cases, or can it be done automatically?

Can I-D predictions seed an automatic prediction of remote homologues? Here, some
preliminary results will be given 1o answer this question. The goal is to recognise remote
homologues based on alignments of a projection of 3-D structure ofito 1.1 strings of secondary
structure and solvent accessibility assignments. First, the results of the underlying methods for
predicting secondary structure and solvenr accessibility will be sketched briefly. Second, Wie
principles of the threading method will be described, and some strategies for the optimisation
of free parameters will be given,

2 Combining evolutionary information and neural networks

2.1 Prediction of secondary structure

Prediction of secondary structure based on single sequences is limited to < 85% aceuracy,
The basic idea of most prediction methods is that stretches of adjacent residves from protein
sequences are ynique. E.g. glven a peniapeptide of five consecutive residues, is the central
residuc of all equal pentapeprides aiways observed in the same secondary structure? For
pentapeptides, this is indeed not the case [29], peptides of e.g. 13 residues are unique.
However, for prediction purposes it is not sufficient to just search for an identical peptide of
13 residues. as it may not be contained in the data base. Instead, the goal is to classify similar
patterns in either of the three classes: helix, strand, or rest. Secondary structure prediction
based on pattern classification has been pursved even before the first X-ray stucture was
determined [30, 31, 32]. A decade ago, prediction accuracy reached some 50-55% three-state
accuracy [33] (percentage of residues predicied correctly in either of the three states), More
advanced algorithms and increased data bases pushed the accuracy to 60-85%, a mark that
was long taken as insurmountable [34, 35, 35, 37, 38, 39, 40, 4(, 42, 43, 44]. The main
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Figure 2. Information about 3-D structure contained in evolutionary records. All protein
pairs in the current data base (PDB (69]) that have 30 out of 106 alignad residues in common
have homologous 3-I structure {16]. Thus, any ssquence pair above the line for which one
sequence has a known 3-D structure, can be wsed for prediction of 3-D structure by homology
modelling. All 3-D homologues that fall below the line are referred to as remote homologues;
some 4,000 remote homelogues are known today (FSSP, [£5)). Remote homologues could be
detected based on sequence information by successful threading techniques. To illustrate the
problem of threading by numbers: more than one billion pairs fal under the line, of these only
some thousands of pairs are remote homologues.

difficulty was that the input information contained in stretches of [ 3-21 consecutive residues is
not sufficient. Do protein sequences contain any additionally information about 3-D structure
that conld be used for prediction?

Sequence families containmuch more information than single sequences. Protein sequence
determines protein structure. But, how unique is this relation? How many tesidues can be
exchanged in a protein without changing the 3-D structure? Evolutionary pressure o maintain
protein function has explored paths to exchange about 75% of all residues without changing
the 3-D structure (Fig. 2. [16]). Can any three out of four amino acid be exchanged against
any other? Not at all, instead a random exchange of some residues will often be sufficient to
destabilize a stucture. Thus, the detailed pattern of amino acid exchanges found in sequence
families is highly informative about the siructure of that family (45]. Are 1-D projections of
3-D structure, such as secondary structure and solvent accessibility, conserved between 3-D
homologues?

Secondary structure was conserved o some 90% between 3-D homologues, Sequence
alignments can be used 10 predict secondary structure for proteins for which there is a known
structure with significant sequence idenuity (all above the line in Fig. 2). Within sequence
families, the pairwise identity of secondary structure ségments was some 90% (Fig. 1. [46, 47]).
In other words, two proteins can adopt the same 3-D structure and yet differ in the secondary
structure assignment by about [0% Conservation was higher in the core than at the surface
[46). Can evoluticnary infarmation be used to improve secondary structure predictions?

Evolutionary information improved prediction accuracy to > 72%. The way to use
evolutionary information for prediction was the following, First, the data base of known




136 Burkhard Rose

[ st slgpowmt ¥ e —T
i{lm ) m
(1% L L b i k i " 100 ':‘ il -y “

p- . | | ¥
I} iS4y ¥ : R
LY L di. »im o &5
ii r gle [ 1 =" |, " I ™ * 1 :
EI " l'.nif AN . -: ) - el =
1 1 " ” . -
-v-r‘ TITEY il “ ‘

0 " ’:.-:L‘Lu b oy a3 04 ﬂs ik 07 oi QP

Figure 3: Conservation of 1-D siructure between 3-D homologues. () Conservation of sec-
ondary structure {averaged over protein pairs) vs. the percentage of identical residues betwesn
the sequences of the pair. Homologues wetre aligned on sequence-based [16] comparisons.
The identity is given as the overlap of secondary structure segments between the pairs [46]. ()
Conservation of relative solvent accessibility (averaged cver protein pairs) vs. the percentage
of identical residues between the sequences of the pair. Homologues were aligned both based
on structure-based [15] and on seguence-based [16] comparisons. The identity is given as
the percentage of residues in either of the two states for retative solvent accessibility (buried,

exposed, [53]).

sequences was scannead by sequence alignment methods [16] for similar sequances, Second,
the list of sequences found was filtered by the length-dependent threshold for significant
sequence identity (Fig. 2). Third, for all probable 3-I homologues. a profile of amino acid
exchanges was compiled. Fourth, this profile was used for prediction. The first methoad
that has been proven in & cross-validation experiment based on 250 unique protein chaing to
pradict secondary structure @i a sustained level of > T2% three-state acouracy was a peural
network {42, 48]. For this method the profiles, and additional information derived from the
multiple sequence alignments, were fed as input into the neural network system. Various
further details of the architectures of a network systemn composad of two layers of networka
and a final compilation of an arithmetic avarage over independently trained networks, were
important to yield a prediction with a high overall accuracy, a relative accurate prediction of
strands, and succeeded to correctly predict secondary structure segments rather than single
residues (Table 1, [42, 43]). For the 40% of all residues predicted with higher reliability, the
method (dubbed PHDsec) reached a value of %0%, i.e. was ag accuraie 83 homology modelling
would be if applicable. Almost ten percentage points of the improvemnent in overall accuracy
stemmned from using svelutionary information. Does evolutionary information also improve
the prediction of other aspects of 3-D structure? .

2.2 Prediction of solvent accessihility

Solvent accessibility depends on residue type and strucriral emvironment, The solvent acces-
sibility of a residue embedded in a protein can be measured by the number of water (solvent)
molecules that can be placed around it [49]. Values typically vary between O and 200 A%,
To compare tesidues of different sizes, a relative solvent accessibilicy has to be compiled
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Table | Accuracy of secondary structure pradiction.

Abbreviations of methods: HM, homology modelling; RAN, random sequence alignments;
PHDsec, neural network prediction using muitiple alignment information as input [42, 48];
SIMPA, similarity based statistical prediction method vsing single sequence information only
(70](note: STMPA has not the highest accuracy reportad for classical methods, but it scored
better than others on the particular data set used here [42]); LPAG, statistical prediction method
using multiple alignment information [71].

Abbreviations ¢f measurey: Nprot. number of proteins used for testing (all prediction results
hold for test proteins with less than 25% sequence identity to the proteins used to derive the
prediction method); set, different test sets are numbered to indicate identical sets (1:[44), 2,
3, 4[42), 5 and & proteins of recently determined 3-D structure); Jg, three-stale overall
per-residue accuracy, i.e. number of residues predicted correctly in either of the three states
helix, strand, rest; I, information, entropy measure for prediction accuracy [46, 48]; Sovs,
three-state overall per-segment accuracy, i.e. the overlap of predicted and observed secondary
structure segments (rather than single residues) [45]; date, whenever new protein structures
are added to the data base (PDB) the neural network prediction was re-evaluated.

method | ser Nprot s I Sovy date
HM ser ] &0 234 062 897

RAN set | 80 352 00f 306
“PHDsec | set2 126 71.6 027 728 [ Jun 93

PHDsec | set 3 124 25 028 756 | Aug,93
SIMPA | set3 | 124 607 0,12 617
PHDsec | set d 60 T48 034 MR
LPAG | setd 60  68.5

PHDsec | set 5 27 720 028 724 | May, 94

PHDsec | st & 59 730 030 757 | Nov, 94

[31. 52, 53). Conservaticn of solvent accessibility between 3-D homologous pairs is best
analysed by computing the correlation betwesn the relative salvent accessibility of the two
[53]. Here, a simpler measure is used, 4 two-state description of solvent accessibility (buried
< 16% solvent accessible; exposed > 16% solvent accessible, [54, 55, $6]). If protein cores
were conserved completely batween 3-D homologues, the two-state identity should be 100%.
[s solvent accessibility conserved that weli within protein families?

Solvent accessibility was conserved 1o some 85% between 3-D homologues. Congervation
of solvent accessibility in two states is found to be ¢learly less than 100% (Fig. 3, [53]). A
possible reason may be that sequences were not carrectly aligned at low levels of saquence
identity (sharp decrease around 40%, Fig. 3), Indesd, the decreass in consarvarion was less
significant for structural alignments of the same protein pairs (Fig. 3). However, even for struc-
tural alignments, solvent accessibility was conserved 1o only 85% in two states. Furthermore,
conservation: dropped for low levels of sequence identity (Fig. 3). This observation sheds a
light on why the accuracy of automatic homology modelling decreases with decreasing se-
quence identity. When three states were distinguished for retative solvent accessibility (buried,
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Table 2: Accuracy of solvent accessibility prediction.

Abbreviations of metheds: HM: SeqAli, homology modelling, alignments based on sequence
comparisons [53); HM: StrAli, homology modelling, alignments based on structural com-
parisens [53]; PHDacc, neural nerwork prediction based on multiple alignments [53]; Wako,
statistical prediction method based on multiple sequence alignments[72].

Abbreviations of measures: The protein sets are as in Table 1 (set 3a is a subset of set 3); s,
three-state overall per-residue accuracy, i.e. percentage of residues correctly predicted in sither
of the three-states buried, intermediate, exposed [53]; Q3, two-state averall accuracy (buried,
exposed); Carr, correlation between predicted and observed relative solvent accessibility (53],

_method set Nprot @ Qa2 Com | daw
HM: S2qali | sat ] BD 716 832 068
HM: SzAli | set | 8 MN4s 28 0.77
RAN set | 80 139 5240 o001

PHDace set 2 26 579 740 054
PHDacc $&t 3a 112 529 747 054 | Mar. 94

FHDacc ser ¥ 13 8§08 792 06l
Wako ser 7 765
PHIDwcc ser 5 27 576 734 055 | May, 94

PHDacc set 6 59 570 40 0354 | Nov,94

intermediate, exposed), the identity for 3-D homologues was reduced to an averape of < 75%
(33]. As the disiribution of these three states is comparable to thet of the three secondary
structore states, the conclusion is that solvent accessibility is less well conserved in evolution
than is secondary strycture. Does this imply that the prediction of solvent accessibility is less
accurate than the prediction of secondary structurs? ' '

Solvent accessibility was predicted at 75% mwo-state accuracy. The profile hased peural
network system used (named PHDacc) was similar to PHDsec [53D. A cross-validation
experiment on 238 unique protein chains yielded an expectéd two-state accuracy of 75%
(residues correctly predicted as either buried or ¢xposed), and an expected three-state accuracy
{buried, intermediate, sxposed) of <60% {Table 2). Thus, solvent accessibility was predictad
less accurately than secondary structure, Does this imply that the network has intrinsically
more difficulties with the accessibility prediction? To find out, the prediction accuracy was
normalised such that on the normalised scale a prediction by homology yielded 100% and a
random prediction 0%. On this normalised scale sotvent accessibility prediction turned out
tc be more accurate than secondary structure prediction [$3]. In other words, PHDace came
closer to the optimal prediction performance given by the conservation of solvent accessibility
than PHDsec 1o the mark given by the conservation of secondary struciure (Table 1, Table 2).
Thus, the low level of accuracy for predicting solvent accessibility mainly stems from the fact
that this aspect of 3-D structure is less conserved between 3-D homologues.
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Figure 4: Threading I-D sirings into 3-D structures. The principle idea of threading 1-D

predictions into 3-D structures is the following, First, for a search sequence secondary structure
and solvent accessibility are predicted. Second, the known 3-D structures are projected onto
1-D strings of secondary structure and solvent accessibility (DSSP, [50]). ‘Third, the predicted
1-D strings are aligned to the 1-D strings of known structures. The best match of the dynamic
programming algorithm constitutes the predictad remote homologue for the search sequence.

3 Aligning 1-D strings of secondary structure and solvent ac-
cessibility

3.1 Principle idea of 1-D threading

How can 1-D predictions be used 1o predict more aspects abour 3-D structure? The simple
idea is the following. Protein folds ofien are described by motifs of secondary structure {eg.
H-E-H-E) in combination with a table of inter segment distances (e.g. "H1 near to H2, E]
tear 1o E2, strands on top of helices). But even without the distance table, a prediction of
"H-E-H-E" combined with a certain pattern of solvent accessibility states shouid suffice to,
at least, formulate the hypothesis that the structure sketched in figure 4 is homologue to the
search sequence.

Desection of morifs by alignmen: of 1-D strings. The mostly studied technique to detect
similar metifs in |-D strings is dynamic programming [57, 58, 59, 60]. The spplication to

PEFIEY
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Figure 5: Conservation of secondary structure and solvent accessibility betwaen remote ho-
mologues. The conservation of secondary structure s given as the percentage of identical
residues in either of the three states helix, strand and rest; the conservation of solvent ac-
cessibility as the percentage of residues identical in either of the two states buried {relative
accessibility < 16%) and exposed (relative accessibility 3 > 16%). Each point reflects ons of
a total of 2211 protein pairs structurally aligned in the FSSP data base [15],

1-D threading worked as follows. First, for a list of proteins of known 3-D structure (typically
unique set, [61]) projections of 3-I) structure onto strings of secondary structure and relative
solvent accessibility assignments were computed (DSSP, [50]). Second, a search sequence of
unknown structure was aligned against the sequence data base (SWISSPROT [82]), and used
as input to neural network systems that predicted secondary structure and solvent accessibility.
Third, prediction and observation were extracted into strings composed of a six letter alphabet
(3 x 2), for the three secondary structure states, and the two relative accessibility states,
Fourth, the string predicted for the search sequence was aligned with the strings extracted
from the data base of obsarved structures. (The program used for the alignment procedure was
amodified version of the sequence alignment program MaxHom [13, 16]).

Secondary structure and solvent accessibility was conserved between remote homologues.
1-D threading is possible only if secondary structure and solvent accessibility are conserved,
not only within sequence famiiies (Fig. 3}, but also between remote tomologues, The average
conservation of secondary structure was 69% (Fig. 5, overall three-state identity, one standard
deviation | 3%); the average conservation of relative solvent accessibility 65% (Fig. 5, overatl
two-state identity, one standard deviation 10%). Thus, both secondary structure and relative
solvent accessibility were largely conserved between temote homologues. An interesting
detail was that, although both 1-D aspects were less conserved for remode homologues than
for homelogues with significant pairwise sequence identity (Fig. 3), the conservation did not
decrease significantly with sequence identity.

3.2 Adjusting free parameters for alignment

How can free alignment parameters be optimised? The success of alignment algorithms
depends on two important groups of free parameters. First, the values for the comparison
matrix: matches or mismatches between the six siates of the strings aligned have not equal
sighificance with respect to the structura) motif searched for. Second, the penaity given for
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inreducing a gap ( "gap open penaity") and for continuing a gap {"gap clongation penalty™).
Less important (in teems of less sensitive to the stability of the resulting alignment) are the
minimal and maximal value for the scoring matrix (chosen as; maximal match score ml;
minimal (mis-)match score = -1}, Optimisation of the fres paramelers is a highly non-trivial
task; the main obstacle being the lack of a clear-cut optimisation eriterion. Iy the following
SOme optimisation strategies and some particular choices for the free parameters will be
discussed.

Distinguishing random alignments ang frue remote homologues. Some retations berween
the elements of the scoring matrix are evident fromexpettknowledge. For example, 2 mismatch
between buried helix and exposed strend is much worse than a mismatch between buried helix
and buried loop. But how should the values be chosen exactly? What is the aptimisation

hamologues. This implies not only that remote homologues are detected, but also that the
altgnment procedure distinguishes between remote homologues {termed "corrac: hits") and
non-hormologous proteins (termed “false positives” of “incorrect hits"), Thus, one idea for
the optimisation of the scorin E matrix is to choose the values such that scores for correct and
incorrect hits become max:mally separated.

Different concepts of maximai separation of diseributions. For some thousand pairs, the
SCores were computed for random a] ignments (incorrect hits) and structuratly aligned remote
hemologues (correct hits). The distributions do overlap {Fig. 6). Various matrices were
Beénerated by expert driven trial and error. No choice resulted in an overlap of zero, Thus,
the next question is what "maximal separalion’ means. Various concepts are feasible: (i)
maxirmize the difference becween the averages of the distributions, i) maximize the quotient
between the differences of dverages normalised with the product of the standard deviations,
or {iii} minimiza the area of overiap. The aliernatives ( i}-(i#i) did not result in the same choice
for the free variables of the scoring matrix. The separation shown in Fig. 6 was optimal with
respect to criterian (ii) (and almost best for (i) and (1ii)). -

Secondary structure and soivenr accessibility superior to cither of the two. Would the
separation between correct and incorrect hits he less distinct, if either only secondary structitre
of only accessibility were used, instead of both combined? Indeed, the stparation was less for
either of the two |-D fearures alone than for a combination of the two, However, the degree
of separation that was gained by adding reiative solvent accessibility statss to the description
in terms of secondary structure assignments, was rather small (Fig. 6).

Optimisation of gap penaities with TESpEct lo remote homologues detected, There are
three reasons to introduce gaps. First. loop regions can be inserted between regular
structure ssgments withour influencing the basic fold [63]. Second, slightly elongaied or
shortened helices or strands can form simijar MOtLifs[46). Third, predictions are generally
more accurate for the core of predicted segments than at the ends, in other words it is iesy
likely that a whole segment is predicted faisely than that some residyes at the ends of segments
are predicted wrongly {43]. The optimisation criterion for gap penaltics is different than
that for the scoring matrix in that £2p penalties have to be optimised with respect to a given
alignment list (3.3,). [f the goal is to minimize the percentage of false pogitives (3.3.), then the
optimal values for 3 search with PDR against PDB (3.4.) were: gap Open penalty = [.0; gap
elongation penalty - 0.1, However, if the goal is to have one cofrect prediction ar first rank,
higher values (370.3, 5/0.5) are better.

3.3 Measuring prediction accuracy for threading

Sorting the alignment list by normaolised alignmenat scores. For ane sequence (search sequence),
the predicted strings are aligned against a list of typically some 300 proteins of known siructure,
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Since alignments can involve different sub-regions of a protein, the rasult of one threading
experiment is a list of several hundreds of alignments, Previously published threading methods
uncovered that it is crucial for the success. to adequately sort the alignment hit list. Sorting by
scores, comparable to the alignment score compiled here, is not sufficient [64, 65]. Instead,
only if the score is normalised with respect to the background given by the data base, the
disunction between correct and false positives becomes feasible [64). The normalisation used
here does not alter the simple sorting of the hit list by the alignment score, but enables a
comparison of scores between different search sequences:

2E = M . ()
&

where E, is the alignment score for the i'th hit in the list of all alignments cbtainsd for a search
protein, < E > is the average over al{ hits for that sequence and o the standard deviation of
the distribution of all hits. In other words, zE; describes the significance of a given hit i, for a
search sequence,

Lack of widely accepted standords 1o measure accuracy. Due to historical reasons,
threading resuits in the past have put too much emphasis on "find-seif" measures, ie. the
ability of a threading potential to correctly find the search sequence among a large number of
decoys [22, 23, 64, 65, 66). The measures definad here are restricted to analysing the detection
of remote homolegues. Another important jssue is the correctness of the alignment (Holm,
Quzounis, Sander, Sippl. manuscript in preparation),

Definition of simple measures for accuracy in detecting remate homologues. Given a
list of true remate homologues and ancther of predicted homologues, various measures For
ateuracy can be defined (Table 3). The most imiportant is the simplest: how many of the first
hits are correct {eq. (T3a))? Less strict is to cut the aligrnonent list at a given threshold and
Lo count the percentage of correct hits in the remaining list (eq. (T3¢)). Such a number is of
interest if an expert user could manage to raduce the list further, or if it were more impertant
for the user to detect a remote homologue than to rety on the corractness of a given hit.

Mare than some "favourable cases™ are necessary for evaluating threading. So far, mest
publications on the threading issue used a couple of "favourite remote hoemologues" to test the
method. Such a procedure is rather arbitrary. A more reascnable approach would be to start
with a list of unique proteins [61, 67, and to compile for each of these proteins all remote
homalogues. A first version of such an approach has been explored hare, All results given are
based on structural alignments of 46 protein chains. (A more comprehensive list is currently
being collectad.)

3.4 Preliminary results

Expert knowledge helps to separate correct hits from faise positives. For some 40% of all
proteins, one correct hit was found in the alignment list amenyg the first four hits. As an explicit
example fora 1-D threading the first 15 hits for the search sequeénce TU-elongation factor ¢ 1etu)
are shown (Fig. 7). Due to the high number of inserted residues ({DEL in Fig. 7) an expert
would have probably ignored all hits before the fourth {dihydropteridine reductase, 1dhr), or
even before the sixth (ras-p21, 5p21). Both are comectly detected remote homologues. For the
TU-elongation factor many of the first hits were correct and the only hits without exceptionally
long insertions were comect. The optimistic conclusion is thay | -D threading is successful in
detecting remote homologues. Does this hold in general? Is it always possible to distinguish
between correct and incorrect hits basad on: some expert criteria?

Three scenarios: PDB vs. PDB: PHD vs. PDB: and PHD vs. PHD. Three different
scenarios were compared to analyse threading performance. Firstly, the case of an error-
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Tabie 3: Measures for accuracy in detecting remote homologues,

For each prediction of a remote fiomologue {each search Sequences) there are two lists of
alignments, one Sumumarising the true remote homelogues (as given in c.g. FSSP [15]}, and
the other the pradicted homologues (sorted by any score). Qy,. estitmates how often a correct
answer will come out if only the first hit is uged as prediction; Qrerearnect gives the average
positien of a correct hit; Qupre1, gives the percentage of correct hits if the alignment list is ey
acording to a given criterion (e.g. how many of the hits with g z-scare (Eq. (1) zE > n are
correct?); Cov,p(.) coverage of true Positives (i.e. how many of the true remote homologues
are predicted at a given cut-off treshold). Note: all counts refar to lists, which a purged off
from trivial hits (such as hitg with significant pairwise sequence identity). In practice, this is
accomplished by simply ¢xcluding all hits from the list, which are contained in HSSP files
{13, L.e. could have been detectad by simple sequence alignment,

Qe =100 Mmbeofcomeet s iy (rs0)

- ! Ok
Queecorrect 100 x position of first cément hit (T3b)
number of ¢ is with 2E > g (T3¢
Qugin) = 100 x nmber of hits wi >n )
e i .
Covagi =~ 100 x ﬁﬂ%g rue refiote 5;011'10]03“‘3 N, )

free prediction of secondary structure and solvent ccessibility representad by alignments

of observed with ohserved strings (PDB-FPDB), Secondly, predictad strings are aligned with
observad ones {PHD-PDB). Third| ¥, predicted strings for the search Sequence are aligned-with

CEMain twisted strand in a fold. [ that case the prediction for the search sequence and for
the remote homologue may align better than the prediction for the search sequence and the
observed structure for the remote homologue. ) )
High aceuracy in predicting the |-.p $rvings is crucial. The following four results can be
summarised. First, a high accuracy in predicting secondary structure and solvent accessibility
is very important for the I-D threading to work oyt (Table 4); an alignment of PDB with
PDB (i.c. ohservation with observation) is almast twice s accurale as an alignment of PHD

correct and false positives, Preliminary results confirm what has been uncovered by others
before (e.p. Braxenthaler and Eisenberg, these Proceedings): an adequate combinarien of

o ———
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POS E LEN IDEL ZE RIDE STRH OK Iz MAME2
1 RQ.S 14 135 113 A 088 ot CARBOXTPEFTIDASE &
2 797 139 o3 22 Q47 0 - ldi p-Rivcsz-BIRDING PROTEIN
3 788 141 321y 008 0.90 - Idbr  DIAYDROPTERIDIAE NEDUCTASE
4 T80 14 152 2> 009 092 Igsc  HEAT-sHOCK PROTELA
5 190 139 123 211 010 094 1bil  LEUCINE AMINGPEPTIDAAE
6 EEA: B D 449 11 009 091 - S5p2l  mas P71 PROTEIN
7 T84 14 120 24 006 091 lgal  siocose oxioase
8 164 4 138 104 0l 09l - lgdl  cLTCCORALDEITOR -FEOEPRATE
) DENYDACGRMASE
2 o 4] 65 D2 007 082 - Ifor  rERxecoxIN
w756 141 L 200 00% {87 - lipd  2-zsOFROPTLIALATE
DEYIROCENALE
11 13314 g L8 oD .90 Ifba  rRECTCSR: SIRFROSPHATE
ALDOLASE

12 75l 135 o0 198 Q.04 057

+

lpfk  russPROFROCTORIKASE

13 Tag 4] 7 1.9 009 0.88 lpds  FORMIOBILINOZEN DEAMINASE

14 747 140 12 1% 008 0.93 lomp o -WALTODEXTATE-DINDING
ERMCTEIN

15 747 {4l 14 1.9 004 0.9 » Sabp  AsaaINcSZ-nImmisg PROTEIN

Figure 7: Example for a threading list. Search sequence was lew, the TU-clongation factor.
Abbreviarions: POS. position in list; E, alignment score; LEN, length of alignment; IDEL,
number of residues inserted in either of the two aligned sirings: ZE, 2-score for alignment score
(Eq. (1)) %IDE, ratio of pairwise sequence identity; STRH, structural homology (identical
symbols in six-letter alphabet); OK = «, if the pair is a true 3-D homologue, i.¢. is contained in
the FSSP data base {15]; [D2, PDB identifier of aligned 3-Dr structure; NAME2, SWISSPROT
name cf aligned 3-D strcture,

information from the alignment list (number of residues inserted, length of alignment, length
of search sequence and of remote homologue) improves the accuracy in detecting remote
homelogues. In general, there as a trade-off between a high level of retiability of the prediction
{eq. (T3c)y and the likelihood that an existing remote homologue is detecied (eq. (T3d))
Different threshold criteria can shift the balance between higher coverage and higher accuracy
(Fig. 8).

4 Conclusions

Evolutionary informarion is the key to accurate predictions in -0, Predictions of secondary
structurs and solvent aceessibility were improved sigtuficantly by tailoring the peural network
systerns to the problem. However, the most significant improvement resulted from including
evolutionary information (Fig. 4, Table |, Table 2}. The final predictions of secondary structure
were very accurate: three thirds of all segments were predicted correctly, and for the 40%
of the residues predicted at higher reliability the prediction accuracy was comparalle to
homology modelling (42]. Solvent accessibility was more difficult to predice than secondary
structure, This was largely due to a lower degree in conservation of solvent accessibility (Fig.
3). This suggests that precliction methods should Focus on features of protein structure that are
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Figure 8: Preliminary results for detection of remote homalogues. The alignment list is
cut-off at various values for the alignment z-score (eq. {1}), i.e. only hits with a value larger
than the threshoid are taken as predicted remote homologues. The cut-off values given are:
zE > rmin, i.e. all hits are taken; :£ > 2, 2.5, 3, i.e. hits for which the Z-3core exceeds 3
value independent of the search sequence; £ > (zmaz — n x r),withn=2,4,6,78, ie.
hits for which the z-score exceeds a value defined by the standard deviation and the maximat z-
score for all alignments with a search sequence; and 2£ > rx zmaz, with r = 0.66, 0.75, 0.8,
i.e. hits for which the z-score has a maximai difference to the maximal z-scoee for the Sedrch
sequence. For ali cut-off thresholds n the percentage of correct hits (Q.5. &q. {TAc), open
triangles) and the coverage, i.e. the percentage of true homologues detectad at that threshold
(Cov:p(n). eq. (T34}, filled circles) are plotted. Using additionally sequence information
for the alignment improves the detection accuracy for pairs with a pairwise sequance identity
above the average for remote homologues (20-25%., circles with point), but below the average
of a significant desection of homology based on sequence information alone (> 25%, for more
elaborate alignment procedures).

conserved inevolution. Are {-D predictions useful in practice?

Conservative evaiuations of accuracy are more productive than best-case expectations,
A common fault in evaluating prediction methods is that free parsmeters are fitted on the
data sets used for evaluation. However, the apposite is more useful: the performance on
a set of new proteins should tend to be higher rather than lower than the published ex-
pected accuracy (Table 1, Table 2), The neural network based predictions of secondary
structure and solvent accessibility are being used frequently (more than 80 requests per
day to an automatic prediction service. for information, send the word help to the internet
addyess PredictProrein@EMBL-Heidelberg DE. or use the World Wide Web {(WWB) site
hzrp.-f,fwm-.embf-heide.’berg.defpmdic:pmm‘nfpredicrpmuin.hml}. Users find the 1-D pre-
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Table 4: Accuracy of 1-D threading. )
Values arg given as percentages. Abbreviations of measures as in Table 3. Two cut-off thresh-
olds are compared: zE > 3, and zE > 3/4 of the maximel value for ZE for a given alignment
list, Abbraviations of methods: PDB-PDB, the aligned strings of the ssarch sequence and
the putative homologue both originats from experimentally determined structures, i.e, these
values describe the detection accuracy for tdeal predictions of secondary structure and sol-
vent accessibility, PHD-PDB, alignment of predicied (search sequence) and observed {to be
detected homologues) strings (the predictions were done by tross-validation, i.e. no protein
used to train the neural network systems did have more than 25% pairwise sequence identiry
tothe search sequence of the threading); PHD-PHD, the aligned strings of the search sequence
and the putative homotogue both originate from predictions. E.g. if only those alignments
between 2 1-D prediction for a search sequence and 1-D strings extracted from a data base of
experimentally determined 3-D structures with 2E » 3 were takan, then 27% of thesa hies had
been correct hits, and 8% of all true positives had been found above this threshold (21% of ali
first hits had been correct).

meathad Ql-t Q-E['} CG\’,gqlr Q—;E#ll CG?:E“}
comment: 2E>3  zE>3  2B>d X Zpw  ZE> 2 X Zmar
PDB-PDB 28 45 1] - 42 i
FHD-PDB 2§ 27 3 2 28
PHD-PHD 19 21 13 19 3

dictions useful. But, can i-D predictions be used to predict more aspects of 3-D structure?

Standards for evaluating threading technigues are becoming required. How can threading
experiments be evaluated? Appropriate evaluation consists of two parts, first, the choice of a
representative data set, and second. the definitionof adequate measures for prediction ACCUTACY,
The data set used here, was a first attempt to validage threading experiments on more than just
a handful of proteins. The measures defined here, were restricted to analysing the detection of
remiote homologues. The most stringent measure is the petcentage of proteins for which the
first predicted 3-D homologue is correct ( Table 3). Given these definitions, does | -D threading
work? '

1-I threading possible, but so far very ingecurate. The positive message is "sometimes
1-D threading does work" (Fig. 7. How often? Three important results are. First, erasing
the inter-segment distances reduces the 3-D information too drastically (PDB vs. PDE, Fig.
6, Table 4). Second, the inaccuracy of the neural network predictions reduces the accuracy
in detecting 3-D homologues further, but is relatively less harmful than the loss of distance
information (PHD vs. PDB, Table 4). Third, the accuracy in detecting retnote homolagues is
about 20%. Does this imply that 1-D threading is a flop? -

1-D threading is imirinsically more flexible than other rthreading rechnigues. The threading
approach presented here differs from threadin g tools based on potentials of mean-force in that
it is more coarse-grained, Aithough, a large scale comparison is not yet available, it appears
to be very likely that mean-force based approaches, at least, the better ones (Braxenthaler,
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these Proceedings and [64]), are more accurate than 1-D threading. However, this still doas
not imply that |-D¥ threading is of academic interest, only. Fitting |-D predictions into 3-Iy
structures uses compleiely different information than mean-foree based threading techniques.
This raises the hope. that the two could be combined to mare reliably filter out false Positives
from an alignment list.
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