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ABSTRACT

The problem of accurately predicting protein three-dimensional structure
from sequence has yei 10 be solved, Recemtly, several new znd promising
methods that work in one, nwo, or three dimensions have invigorated the
field. Modeling by homology can yiel faimly accurate three-dimensional
staciures for approximately 29% of the currenty known protein se-
quences. Techniques for cooperatively fiting sequences into known
three-dimensional folds, called threading methods, can increase this rate
by detecting very remote homologies in favorable cases. Prediction of
prolein soucture in twe dimensions, i.e. prediction of interresidue con-
taits, is in its infancy. Prediction tools that work in one dimension are
both mature and generally applicable; they predict secondary structure,
residue solveni accessibility, and the locaiion of mansmembeang helices
with reasonable accuracy. These and other prediclion mothods have
gaincd immensely frem the rapid increase of information in publicly
accessible databases, Growing databases will lead to further improve-
menis of prediclion methods and, thus, 10 namewing the gap hetween
the oumber of known predsin sequences and known prolein stractures.
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INTRODUCTION

Large-scale sequencing projects produce data of gene and, hence, pro-
ein sequences 1 a breathtaking pace. Although determination of pro-
1ein three-dimensional stucture by evystallography has become more
efficient (51), the gap between the number of known sequences (45 000;
5,71 ansd the number of knovwn structures (3000 8) 15 increasing rapidly.
For many proteins, sequence detérmines structure uniquely, e, the
entire information for the details of three-dimensional strucoure is con-
1ained in the sequence (4). [n principle, thersfore, prolein strocture
could be predicted from physicochemical principles given enly the se-
quence of amino acids. In practice, however, prediction from first prin-
ciples, ¢.g. by molecular dynamics, is preverited by the high complexity
of protein folding {with required computing time orders of magniruds
oo high) and by the inaccuracy of the experimental determination of
basic parameters (%3). Most protein structure prediction teols, therefore,
are knowledge based, using a combination of statistical theory and
empirical rules. Given a protein sequence of unknown structure (dubbed
U), what can we uncover regarding the structure of U by using theoreti-
cal wals, or what can theery conmbute to bridging the sequence-struc-
mre gap?

The most successful tool for prediciing three-dimensional structure
is homology modeling. An approximate three-dimensional model
¢which has a correct fold bat inaccurate loop repgions) can be constructed
if U has significant similarity to a protein of known structure, evaluated
in terms of pairwise sequence identily {i.e. by alignment) or sequence-
structure fimess {i.e. threading). Homology muodeling effectively raises
the number of “known'" three-dimensional stuctuees from 3000 to
appreximately 10,000 (80). Threading methods may be used 10 make
tepiagive predictions of three-dimensional struetre for appreximately
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Figure [ Bridging the sequence-siructure gap by expeniment and theory. The fullclnck
cyele cormesponds o all protein sequenses storcd in the database SWISSPROT {release
I1 widh 44000 sequencesh. {w) Fraction of proteing for which threc-dimenstonal siructure
has been cxperimental determined (sequence unigue: = 25% pairwise sequence idenltity:
sirucmre unique: unigue overall fold-type, as defined by Reforeroe 36). (8 Fraction of
proceins for which three-dimesmsional structure can be predicicd by homology modeling
{esimated for threadimg). Node: unigue three-dimensional stirachires cannot be predicied,
yel.

an additional 3000 proteins. Consequently, theory-based tools already
contribuic significantly to bridging the sequence-structure gap (Figure
i}, if U bas ne homologue of known three-dimensional scucture, how-
ever, we are forced to resort 1 simpiifications of the prediction prob-
term. In the process, we can use the rich diversity of information in
currenl dalubases. In this review, we focus on generic methods for
prediction al three different levels of simplification {Figure 2). namely
one, two, and three dimensions (Figure 3). We have included only
metheds that are available by automatic prediction services or programs
and, thus, could be used 1o analyze large numbers of sequences, e.p.
entire chromosomes (25, 42). The underlying question for every method
15, What is the practical contribotion of the method 1o the problems of
prolein structure prediction and analysis?

SEQUENCE ALIGNMENTS

Al the level of protein molecules, selective pressure results from the
necd to mainain function, which in lurn regeires maintenance of the
specific three-dimensional structure (21), This process is the basis for
attemnpts to align protein sequences, 2. (0 detect equivalent positions
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Figure 1 Represenation of scorpion nevrodoxin (FDE code 25n3) in one, two. and
three dimensions. Each of the representations gives rise t a different wype of prediciion.
(18 Bey, sequence in one-letier alphabet; Sec, secondary structure. with H far helix, E
for sirand, =nd blank For mher; Ace, relarive solvenr accessibility (node! inteper a codes
for a relative accessibility ef n X A (200 Inerresidue comtact-mup {sequence positions
1-65 plotted from lefi ta right and frem wp 1o down )z squares indicate that the respective
Tesidue pair is i comiact, {200 The trace of the protein chain in three dimensions is
plotted schematically as a ribbon p-carbon race. The rao srunds wre indicated by amows,
the helia is murked by a cylinder. Gaphs were gencrated with the use of WHAT IF, 2
molecular graphics packsge with modules For hoarelogy modeling, drug design, and
pratein structune analvsis (9.
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in sirings of amino acid letters optimally. Accordingly, conservation
and muotation patierns observed in alipnments contain very specific
information regarding three-dimensional structyre. Surprisingly, much
variation is welerated withour loss of serucmre: Two narrally evolved
proleins with more than 25% idenrical residoes (length = 20 residuss)
arg very hikely [0 be similar in three-dimensional structure (79). Even
3o, slructure may be conserved in spite of moch higher diverpence (36).
One naturally wonders bow much data are required to detect structure-
specific sequence morifs {67) and 10 align correctly even remote homo-
logoes (i.e. sequences with fewer than 25% pairwise identical regidues)?

When the level of pairwise sequence idenuty is sufficient (say, >
40%), ahgnment procedures are {more or less) straightforward (24, 44,
79). With the use of fas1 alipgnment tools, one can scan entire databases
that contain 100000 sequences in minutes. Two fast sequence align-
ment programs ae FASTA (65) and BLAST (3}. For less similar protein
sequences, however, alignments may fail (30, 94). The an of sequence
alignment is 10 align relaled sequence segments accurately and to avoid
aligmng unrelaled sequence soetches (20, 22, 31, 48, 52, 57, 75,79, 92).
Alignment 1cchnigues can be improved by incarporating informarion
derived from three-dimensicoal sooctures {30}, Profile-based multiple
alignments appear to be sensitive and fast enough to scan entire dara-
bases if implemented on parallel machines (80).

Ome of the difficulties in comparing differsnr alignment procedures
i the lack of well-defined criteria for measuring the quality of an
alignment. Very few papers have anempted 10 define such measuores
for the comparison of various methods (22, 30). The second problem
for wsers is thal most methods do not sepply a cuteff criterion for
distinguishing between homeclogous and nonhomologous sequences
{i.c. false positive sequences). For some large sequence families, remote
homologues can be aligned comrectly (57, 92); for most cases, however,
sequences with less than 25% sequence identity will be false positive,
i.e. will have no structural or functional similarity to the guide sequence.
A simple, length-dependent cutoff based on sequence identity i3 pro-
vided by MAXHOM. which is a profile-hased, multiple-sequence align-
menl program that alse mins in parallel complexss (79), This program,
however, does not quantify the influetice of (more subtle) similanities
and of the occurrence of gaps.

EVALUATION OF PREDICTION METHODS

A systemalic testing of performance is a precondition for any prediction
10 become reliably useful. For example, the history of secondary struc-

N
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ture prediction has partly been a hunt for highest accuracy scores, with
overly optimistic claims by predictors seeding the skepticism of poten-
ttal nsers. In 1994, one major point about prediction methods became
clear at the first international meeting for the avaluation of these meth-
ods in Asilomar, California (18): Exaggerated claims ane more damag-
ing than genuine errers. Even a prediction method of limited accurasy
can be useful if the user kmows what to expeci. For the editors of
scientific journals, this staternent implies that a protein structure predic-
tion method should be published cnly if it has been sufficiently cross-
validaied. This ruises the difficult question of how to evaluate prediction
methods,

When a data sel is separated into a iraiming set {used to derive the
method) and a 1est set (or cross-validation set, used to evaluate perfor-
mance), a propetr evaluation (or cross-validation) of prediction methods
needs to meel four requirements:

1. No significant pairwise sequence identity between training and test
set. The proteins nsed for setting wp a method (training set) and
those used for evaluating it (test set) should have a pairwise sequence
identity of less than 25% [length-dependent cutoff (79)], otherwise
homology modeling counld be applied that would be much mare
accurate than ab initio predictions (74, 7a),

2. Comprehensive tests through using a large data set. All available
unique proteins should be nsed for testing [currently > 400G (32)].
The reason for taking as many proteins as possible is simply that
preieins vary considerably in stmactaral complexity; certain feanures
are easy to predict, others are harder (se¢ Figure 5).

3. Avoid comparing apples with oranges. No matter which data sets
are used for a particolar evaluation, a standard set should be used
for which results are also always reported (see Figure 4).

4. No optimization with eespect 10 the (est set, A seemingly riv-
ial—and often violated—rule 1% that methods should never be opti-
mized with respect 10 the data set chosen for final evaluation. In
other words, the test s2t should never be used before the method is
set up. {For example, using a cross-validation set to indicate when
overtraining on the training data has occurmed or to find oul how
many parameters should be vsed to describe the model is an implicit
use of the cross-validation set in parameter optimization. The dara
reserved to test the method, therefore, should never be used in
ways.)

Mot methods are evaluated in n-fold cross-validation experiments
(splitting the data se1 into n different trauning and test sets). How many
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separations should be used, i.e. which value of # yields the best evalua-
tion? A misunderstanding is often spread in the literature; the more
separations {the larger &} the better. The exact value of n, however,
1s not important, provided that the test set is tepresentative and cemnpre-
hensive and that 1he cToss-validation results are not misused 1o change
parameiers again. In other words, the choice of a is meaningless for
the user.

FREDICTION IN ONE DIMENSION

Secondary Structure

The principal idea underlying most secondary scructuse prediction
methods 15 the fact that segments of consecutive residues have prefer-
ences for cerain secondary situcture states (46). The prediction prob-
lem, therefore, becomes a paltem-classification problem tractable by
computer algorithms. The goal is ta predict whether the residue at the
center of a segment of typically 135-21 adjacent residues is in a helix,
a strand, ar in no regular secondary structure. Many different algorithms
have been applied to tackle this simplest version of the protein-structure
prediction problem (70, 72). Until recently, however, performance ac-
curacy seemed (o have heen limited 1o appreximarely 60% (percentage
of residues correctly predicted in either a-helix, S-strand, or another
conformaticn).

The use of evelutionary information in sequence has improved pre-
diction accuracy significantly. The first method that reached a sustained
level of a three-state prediction accuracy greater than 700 was the
profile-based neural network program PHD, which uses muliiple se-
quence alignments as input (7). By stepwise incorporation of more
evolutionary information, prediction accuracy can be pushed to greater
than 724 (72). A nearest-neighbor algodithm can be used to incorpocate
the same infermation with a similar performance {77} (Figure 4). A
method that combings statistics and moltiple alignment information
{53) is clearly less accurate (Eigure 4), Compared with methods that
use single-sequence information only, methods that use the growing
databases are 614 percentage peints more accurate (Fipure 4},

How good is a prediction accuracy of 7297 It is cenainly reasonably
pood compared with the prediction of secondary structurs by homology
modeling (16, 74, 76), [n addition, some residues within a structure
are predicted at higher levels of accuracy than the mean value, ie.
prediction accuracy is 72% * 9% (one standard deviation; Figure 5).
Various applications of improved secondary-siructure predictions prove
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Figure 4 Accuracy nf secondary struchoe prediction for vanous prediction methads,
Abbreviations: RAN and HM, for comparison the results of the worst (random) and the
test (homology modeling) possible predictions ate piven (T4). Chou-Fasrun, GORIL
and CQOMEINE. curly preddiction methad based on single-sequence information (9. 15,
4 (these methods ame still widely used by standard sequence analysis packapges): LPAG.
multiple alipninen-baced method usitg statistcs {33); NNSSP, muliple alignment-
based method using nearest neighbor algorithms (77):  FHD=ec, muliple alignment-
based reural nerwork prediction (720, The groups indicale identical 1est sets, e.g. (ORI
is approximately eighl percentage poines kass accurale than LPAG usitig the sarme alpo-
rithm but additionul mulliple alignmments, and FHDmec iz another sit perceniage poinis
more sccuralie thian LPAG by using nevral nororks ingl=ad of statistics.
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that predictions are accurate encugh to be of practical use [prediction-
based threading, (40, 68); interstrand contact prediction, (3%); chain
tracing in X-ray crystallography; design of residue mutations]. One
way to increase the 72% = 9% accuracy level might be w predict
secondary-simcture content {proponion of residues in e-helix, S-strand,
and other) and then use this initial classification w refine secondary
structure prediction,

Proteins have been partitioned into various structural classes, e.g. on
the basis of percentage of residues assigned to ar-helix, S-strand, and
other conformations (33). Such a coarse-grained classification, how-
ever, is not well defined (36). Consequently, miven a protein sequence
U, anempts o predict the secondary-structure content for U and then
to use the result to prediet (he secondary structural class (ie. all w,
alt 8. or intermediates) 15 of limited practical use. Alignment-based
predicticns compare favorably with experimental means of determintng,
the content in secondary structure. Surprisingly, PHD is, en average,
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about as accurwte as cirvular dichcoism spectroscopy (70, 72). Of
course, this finding does not imply that predictions can replace experi-
ments. In particular, variation of secondary structure as & result of
changes in environmental conditions (e.2. solvent) is penerally accessi-
ble only experimentally.

One attempt (o improve secondary structure predictions was (o de-
velop methods specifically for all-ar helix proteins. Two points often
have been confused in the literature. First, a two-state accuracy {helix,
nonhelix) is not comparable o a three-state accuracy (helix, strand,
other). For example, PHD of secondary structure {PHDsec) has an
expected thres—state accuracy of approximately 72% and an expected
wo-gtale accuracy of approximately 82% (71). Second, before a
method specialized on all-a proteins can be apphied 1o U, the structure
type of U has to be predicied. Such a prediction has an expected accu-
racy of 70-80% (72). Even if the accuracy for determining whether U
belonpgs to the all-or class reaches almost 100% (999, as recemly
claimed, specialized methods are still not very useful, as the improve-
ment in accuracy by specializing on one class has been only marginal
(7).

Solvent Accessibility

The principal goal is 1o predict the extent o which a residue embedded
1n & protein sbucture is accessible to solvent. Solvent accessibility can
be described in several ways {73). The simplest is a two-state descrip-
don distinguishing belween wsidues that are buried (relative solvent
accessibility <<16%) und cxposed (relative solvent accessibility =
16%:}. The classic method is 10 assigm ¢ither of the two states, buried
or exposed, accerding to residue hydrophobicity (for averview, see 73),
A neural network prediction of aceessibility, however, has been showm
to be superior to simple hydrophobicily apalyses (33).

Solvent accessibility at each position of the prolein siruchare is con-
served evolutionarily within sequence familics (73). This fact has been
used to develop methods for predicling accessibility using muoldple

2
-~

Figure 5 Secondary structure prediction accuracy for PHDsec evaluated o 337 prosein
Tamilies. (7} Prechction acouracy variss considerably hetweaen protein familics, One stan-
dard deviation is nine pereentage points, so prediction accuracy fof most sequences is
63-E1%, and the average accuracy is 72%. Becavse of this sigmficant varation, predic-
lion methods have o be evaluued oo a sufficientdy large ser of unique proteins. (i)
Residues wilh a3 higher reliability index. are predicted with higher accuracy. For example,
Tor 44% of all residues prediclion accuracy i, on average, 38% (dasfed lime), i.c compa-
Tablc to homedopy modeling it it were applicable. In practice, afention should be focused
on the most reliably predicied resicues,
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Figure & Two-state accuracy of predicting relative scoessibilitr, Abbreviations: RAN
and HM, for comparison the msults of te worst (random) and the best (homaology
madeling) possible predictions are given {73); HMK 1990, neural network using single-
sequence input (33}, W&B 1534, mullipl: alignment—based prediction method using
rather sophisticarsd expert rules and statistics (97} PHDace, multple alignment-based
neurdl aetwork predicdon (73). The growps indicate idenfical sl sets,

alignment information (6, 73, 97). Prediction accuracy is approximaely
13% £ 7%, four percentage points higher than for metheds not using
alignment information (Figure 6). Predictions are accurate enoegh to
be used as a seed for predicting secondary structure (6, 97) but not
nmmw:ﬂﬁ encugh to become useful as secondary structure predictions
(68).

Transmembrane Helives

Even in the optimistic scenario that, in the near lyture, most protein
siructures will be either determined experimentally or predicted theo-
retically, one class of proteing will still re present a chullenge for experi-
mental determination of three<dimensional siructure: transmembrane
proleins, The major ohatacle with these proteins i (hat they do not
crystallize and are hardly tractable by NMR spectroscopy. Far this class
of proteins, therefore, structure prediction methods are peeded even
more than for globular water-seluble proteins. Fortunately. the predic-

-
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ton task is simplified by strong environmemal constraints on irans-
membrane proteins: The lipid bilayer of the membrane reduces the
degrees of freedom to such an extem that three-dimensional stouciure
formation bacomes almpst a two-dimensional problem. Once the loca-
tion of transmembrane segments is known for helical transmembrane
proteins, three-dimensional structure can be predicted by exploring all
possible conformations (91). Additionally, the prediction of the loca-
tions of these wansimembrane helices is a much simpler problem than
is the prediction of secondary structure for scluble proteins. Eluborated
combinations of expent mles, hydrophobicity analyses, and statistics
yield a two-slate per-residue level of accuracy greater than 90% (43,
69, B3, 95).

Evolutionary information further improves prediction accuracy. For
mwo methods, the use of multple alignment imformation is reported to
improve the level of accuracy of predicting transmembrane helices (D,
69). The best current prediction methods have a similar high level of
accuracy of approximately 95%. As reliable data for the locations of
transmembrane helices exist only for a few proteins, data used for
deriving these methods originale predominantly from experiments in
cell biology and gene-fusion lechniques. Differem authors often repon
different locations for transmembrane regions. Thus, the 9552 level of
accuracy is not verifiable. Despite this unceriainty in deluil. the predic-
tion of transmembrane helices is a valuable too] to scan entire chromo-
somes quickly {99). The classificavion inte membranefnonmembrane
proteins has an expected error rate of less than 5%, i.e. approximately
5% of the proteins predicted te contain transmembrane regions will
probably be false positive,

Cytoplazsmic and extracellular regions have different amino acid
compositions (61,95). This differcnce allows for a successful prediclion
of the onentation of ransmembrane helices with respect to the cell
{pointing imside o outside the cell: 43, 83). Such predictions are esti-
maled to be correct in meore than 75% of all proteins (43). Going one
step further, Taylor and colleagues (913 have correctly pradicted the
three-dimensional soucture for the membrane-spanning regions of G-
conpled receptors (seven helices) when starting from the known loca-
tions of the helices. For a successful automatic prediction of three-
dimensional structure from sequence. the N- and C-terminal ends of
mansmembrans helices have 0 be predicted very accurately. I remains
te be tested whether current predicion methods for the location of
wansmermnbrang helices are sufficiently accurale to predict three-dimen-
sional struchire of integral membrane proteins avtomatically.
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PREDICTION IN TWQ DIMENSIONS

Interresidue Cortacts

Given all interresidoe contacts or distances (see Figure 2), three-dimen-
sional structure can be reconstructed by distance peometry (13, 63).
Distance geometry is used for the determination of three-dimensional
structures by NMR specuoscopy, which produces experirnental data
of distances between pretons (13). Some fraction of interresidue con-
tacts can be predicted. Helices and strands can be assigned on the basis
of hydrogen-bonding pattems between residues {45), Thus, a spccessful
prediction of secondary structort implies a successful prediction of
some fraction of all the coniacts. Contacts predicted from secondary
structure assignment, however, are short ranged, i.e. berween residias
nearby in sequence, For a successful application of distance geometry,
long-range contacts have to be predicted, ie. contacts between residues
far apart in the sequence. A few methods have heen proposed for the
prediction of long-range interresidue contacts. Twir uestions surround
such methods: First, how accurate are these prediction methods on
average. Second, are all imporiani contacts predicted?

In sequence alignments, some pairs of positions appear to co-vary
in a physicachemically plangible manner, i.e. a “*loss of function'* point
mutation ofien is rescued by an additional nmnation that compensates
for the change (2} Ome hypothesis is that compensation would be most
effsctive in maintaining a structural motif if the mutaied residues were
spatial neighboers. Attempts have been made to quantily such a hypothe-
sis (62, 90% and to use it for conact predictions (29, %13, By applying
a stringent significance cotoff in the prediclion of contacts by comelated
mutations, a small number of residue contacts can be predicted between
1.4 and 5.1 times better than random (29); further slight improvements
are possible (I} Themas, unpublished data}. These predictions are still
not accorare encigh 10.apply distance geometry to the results.

Analyzing comelaed mutations is only one way 1o predict long-range
interresidue contacts. Other methods use statistics (26), mean-force po-
1entials (X Tamames and A Valencia, unpoblished data), or neural net-
works (1), So far, none of the methods appears to find a path between
the Scylla of missing wo many true contacts and the Charybdis of
predicting too many false contacts. Some of the methods, however,
may provide sufficiem information to distinguish between aliemative
mogdels of three-dimensionat structure (A Valencia, unpublished data).
The ambiticus goal to predict long-range interresidue contacts accu-
rately encugh will hopefully continue to atract intellectual resources.

PROTEIN STRUCTURE PREDICTHON 127

Interstrand Contacts

Ome simplification of the problem to predict interresidue contacts fo-
cuses on predicting the contacts berween residues in adjacent S-strands.
Such an attempt is motivated by the hope that such interactions are
more specific than sequence-distant (long-range) comtacts in general
and, hence, are easier o predict.

The only method published for predicting inteystrané contacts is
based on potentials of mean force (39) similar to those vsed in the
evaluation of strand-sirand threading (56). Propensities are comptled
by database coumts for 2 X 2 % 2 classes (parallelfantiparallel. H-
hondedfnon—H-bonded, N-/C-terminal). Each of the eight classes is
divided further inte five subclasses in the following way: Suppose the
two strand residues at positions 7§ and J are in close in space. Then, the
following five residue pairs are counted in separate tables: #j—2,
Hi—1, i, iff+ 1, ii+2. Such pseudo-potentials identify the cosrect
B-strand alignment in 35-45% of the cases,

Even if the locations of S-strands in the sequence are known exactly,
the psendeo-potentials catnot predict the correct interstrand contacts in
maost cases (39). When using multiple alignment information, however,
the signal-to-noise ratio increases such that interstrand contacts have
been predicted correctly for most of the strands inspected in some test
cases (39). For the purpose of retiable contace prediction, this resolt is
inadequate, especially as the locations of the strands are not known
precisely. The psendo-potentials apparently can handle errors resulting
from incorrect prediction of strands. Various test examples using pre-
dictions by PHDsec {72) as input to the Sstrand psendo-potentials
indicate thi the accuracy in predicting intersrand contacts drops (T
Hubbard, unpublished data) but, in some cases, is still high enough 1o
be useful for approximate modeling of three-dimensional structure (40).

Intercysteine Contacts

An extreme simplification of the contact predicton problemn focuses
on predicting contacts between cysteine residues (disulfide tridges).
Previously, such contacts were obtained by experimental protein se-
quencing techniques. In the age of gene-sequencing projects, however,
disulfide bridges are no longer part of the sequence information. Drsul-
fide bond predictions are interesting for two reasons: First, disulfide
bridges are crucial for stucture formation of many proteins. Second,
contacts berween cysteines account for the most dominant signal in
predicting interresidue contacts by mean-force potentials. The predic-
don of cysteine-tridges, therefore, is a subject of current interest.
One method for the prediction of disulfide-bonds uses a neural net-
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work to predict the bonding saate of single cysteines (60), i.e. the poal
is niot to predict which cysteine pair is in contact but whether a cysieine
residue is in contaci to any other one. Strictly speaking, therefore, the
method operates in one dimension. One resnlt is that the cysteine bond-
ing state appears to be influenced by the local sequence environmenl
of up to 15 adjacent residues. Prediction accuracy in twe states is
¢laimed ta be approximately 80%. The result, however, may be overly
optimistic for two reasons. First, the test set was rather small {140
examples). Second, in the cross-validation experiments, training and
testing examples were not separzted on the basis of the level of pairwise
sequence identity. Therefore, the guestion of how accurately tntercyste-
ine contacts can be predicted rémains to be answered.

PREDICTION IN THREE DIMENSIONS

Homology Modeling

An analysis of the Protein Data Bank (FDB) of experimentally deter-
mined structures of protein reveals thal all protein pairs with more than
30% pairwise sequence identity (for aligrument length > 80; 79) have
homologous three-dimensional structures, i.e. the essential fold of the
two proteins is identical, but such deiails as additional loop regions
may vary. Stacture is more conserved than is sequence. This finding
is the pillar for the success of homology modeling. The principal idea
is to madel the structuze of U on the basis of the template of a sequence
homologue of knewn structure. Consequently, the precondition for ho-
mology modeling is that & sequence homologue of known stacture
is found in PDR. Because homology modeling is cumremly the only
theoretical means to predict three-dimensional structure successfully,
this finding has rwo implications. First, homelogy modeling is applica-
ble 1o “*only’* one guarter of the known prorzin sequences (see Figure
1}. Second, as the template of a homolegue is required, na unique three-
dimensional strocture can yet be predicied, i.e. no soructure that has no
similarity 1o any experimentally determined three-dimensional struc-
ture. If there 3¢ a protein with a sequence similar to U in PDB (say
HU}, is homology modeling siraighiforward?

The basic assumption of hemology modeling is that U and HU have
identical backbones. The task is to place the side chains of U into the
backbone of HU carrectly. For very high levels of sequence identity
berween 1T and HU (ideally differing by one residue anly), side chains
can be ““grewm’’ during molecular dynamics simulations (17, 47). Fer
slighdy lower levels (s1ll of high-sequence simitanty), side chains are
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built on the basis of similar environments in known structures (19, 23,
54,58, 78. B9, 96). Rotamer libraries are used in the following way (19):
1. Rotamner distributions are extracted from a database of sequences that
are not redundant. 2. Fragments of seven (helix, sirand) or five residues
(other} are compiled. 3. Fragments of the same length are shified sue-
cessively through the backbone of U. 4. For modeling the side chains
of 1, only those fragmenits from the rotamer library that have the same
amino acid in the cemver as U, and for which the local backbone is
similar to that around the evaluated position, are accepled. Over the
whole range of sequence identity berween Uf and HU for which homol-
ogy modeling is applicable, the accuracy of the muodel drops with de-
creasing similarity. For levels of at least 60% sequence idenity, the
resulting models are quite accurate (19). (For even higher values, the
models are as accurate as is experimenial struclure determination. ) The
limiting factor 15 the compuotation time reguired (34). How accurate is
homology modeling for lower levels of sequence idennty?

With decreasing sequence identity, the number of loops inserted
graws, An acouraie modeling of loop regions, however, implies solving
the structure prediction problem. The problen: is simplified in two ways.
First, loop regions are ofien relatively shon and can thus be simulated
by molecular dynamics [note the central processing unit (CPU) time
required for molecular dynamics simulations grows exponentially with
the number of residues of the polypeplide to be modeled]. Second, the
ends of the loop regions are fixed by the backbone of the template
structure. Varions methods are used 10 model loop regions. The best
have the orientation of the loop regions cormect in some cases {e.g. 1.
With less than approximalely 40% sequence identity, the accuracy of
the sequence alignment used as the basis for homology modeling be-
comes an additional problem. Even down to levels of 25— 30% sequence
identity, however, homology mdeling produces coarse-grained models
for the overall fold of proteins of unknown stucture,

Remote Homology Modeling (Threading)

As noted in the previous section. naturally evelved sequences with
more than 30% pairwise sequence identity have homologous three-
dimensional stroctures {79). Are all others nonhemologous? Not at all,
In the curcent PDB database, there are thousands of pairs of structurally
homologous pairs of proteins with less than 253% pairwise sequence
identity (remote homologues) (36). If a correct alignment between U
and a remote homologue RU {pairwise sequence identity to U < 25%)
is given, one could build the three-dimensional structure of U by homol-
ogy modeling on the basis of the wmplate of RU (remote homalogy
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modeling). A successful remote homology modeling mnst solve three
different tasks: 1. RU has to be deiecied, 2. L) and RU have to be aligned
correctly. 3. The homology modeling procedure has 1o be tailored to
the harder problemn of extremety low sequence identity (with many loop
regions 10 be modeied). Most methods developed so far have been
addressed primarily o detect similar folds. The basic idez is to thread
the sequence of U into the known souciure of RU and 1o evaluate the
fitness of sequence for structure by some kind of environment-based
or knowledge-based potential {14, 86). Threading is, in some respecs,
a barder problem than is the prediction of three-dimensional structure
(30, B6). Solving it, however, would enable the prediction of thousands
of protein sauctures (see Figure 1} Can this hard nut be cracked?

The optimism generated by one of the first papers on threading pub-
lished in the 1990s (11) has boosted atiemnpis e develop threading
methods (86). Most methods ate based on pseudo-potentials and differ
in the way such potentials are derived from PDB (98). One alternalive
is t¢ use one-dimensional predictions for the threading procedure (68;
G Barton, unpublished data; F Drablgs, unpublished data). The good
news., after half a decade of intensive research by dozens of gronps, is
that all potentials capture different aspects, and it is likely that the
coriect remote homologue is found by at least ane of these groups (82).
The bad news is that no single method i+ accurate enough to identify
the remete homologue cormectly in most cases {82), Instead, evaluated
on a larger test set, the commect remote homdogue appears to be detected
in approximately 30% of all cases (68). Unfortunately, this is anly the
first of the three tasks for snccessful remote homology modeling, the
second (correct alipnment of 17 and RLD is even harder. In many of
the cases for which RU is identified cosrectly as a remote homologue
of U, the alignment of U and R is flawed in significant ways (unpub-
lished data). This is fatal for the third step, the model-building proce-
dure, Thus, is threading usefui, at all?

Like all prediction methods, threading technigues are not error proof.
One of 1he practical disadvantages of cumrent tools is the lack of a
successful measure for prediction reliability, such as that established
for secondary structure prediction (see Figure 5). The conclusion seems
to be that threading methods can be useful m the hands of rather skepti-
cal expert users who can spot wrong hits and false alignments, even
when the prediction method sugpests a high confidence value for the
errar it generates. Three points may be added. First, threading tech-
nigues can clearly widen the range of successful sequence aligamenis
{63}. Second, some methods are aceurate enough to be used in scanning
entire chromosomes for remote homologues (12). Third, threading tech-
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niques may still become one of the most successful ols in soucture
prediction, but a lot of detailed work lics ahead.

ANALYSIS OF THREE-DIMENSIONAL
STRUCTURES

A supcessful idea was 1o replace inductive force fields that capiure the
heuristics of physical principles by deducrive, knowledge-based, mean-
forge potentials (e B4}, Such potentials, as well as more mwﬂnn-w.si_-
edge—oriensed approaches (49, 96), enable the detection of subitle
stresses or passible errors in both experimentally determined three-
dimensional structures and predicted models (85). Knowledge-based
potentials of mean force appear to be valid even for EQR.E with
properties not used for deriving the potentials [membrane proteins (85);
coiled—coils, § ' Donoghue, unpublished datal. Because of this suc-
cess, quality conirol tools thal use these potentials are becoming a
routine check applied to any experimentally determined strcture or
any stuctuse predicted by homology modeling. o .
More and pnore frequentiy, a newly determined soucture: is identified
1o be remotely homolegous 10 a known structure (38} Recemly devel-
oped algorithms enable routine scans for possible remote homologues
in PDB for any new structure (35, 41, 59, 64, 75, 88). Such searches are
beginning to rival sequence database searches as a tool _. or discovering
biologically interesting relationships (38). Similar techniques can often
be exploiled te determine domains in known structures (27. 37, 7).

CONCLUSION

Three-dimensional structun: cannal yet be predicted reliably from se-
quence information alone. In other words, the only source for new,
nnigue structures (siructures for which no homologue exists m the data-
base) are experiments. Given the amount of Eme needed .n.. determing
a protein strucmre experimemally. however, more non-uniqué SHK-
tures can be predicted at atomiv resolution by homology modcling in
| month than have been determined by experiment during the past 3
decades. Unfortunately, such models typically have considerable coor-
dinate errors in loop regions, and remote homology modeling (ie. ho-
mology modeling for < 25% pairwise sequence identity) is not yet
reliable. For a few cases, however, threading techniques already have
resulted in accurate modeling of the overall fold (86}.

The rich information contained in the growing sequence and souclure
databases has been used to imprave the accuracy of predictions of some
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aspects of pratein structure. Predictions of secondary stmcture, solvent
accessibility, and transmembrane helices are becoming increasingly
useful. This success is the result of both a betier performance of multiple
alignment—based methods and the ability 10 focus on more reliably
predicted tegions. Some methods have indicated that one-dimensional
predictions can be useful as an intermediate step on the way to predict-
ing three-dimensional strucrure {interstrand contacts, prediction-hased
threading). Another advantage of predictions in one dimension is that
they are not very CPU-intensive, i.e, one-dimensional structure can be
predicted for the protein sequence of, for axample, entire yeast chromo-
somes overnight,

The prediction accuracy of chain-distant inferresidue contacts is rela-
tively limited so far. Analysis of comelated mutations can be used fo
distinguish between altemative maodels (e.g. for threading techniques).
The prediction of interstrand contacts appears 10 be useful in some
cases. An accurate method for the automatic prediction of contacts
between residues not close in sequence remains 1o be developed.

Another encouraging development is the improvement of tools for
the analysis of protein structures. Experimental inconsistencies can be
spotted, and predicted models can be tested. The ease of scanning stax:-
tute databases for remote homologues yields a rich amount of informa-
bion with an effect on our understanding of proiein structire and func-
tiot.
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