Third Generation Prediction of Secondary
Structures

Burkhard Rost and Chris Sander

1. Introduction

The sequence—structure gap is rapidly increasing. Currently, databases for
protein sequences (¢.g., SWISS-PROT fI]) are expanding capidly, largely due
te large-scale genome sequencing projects: at the beginning of 1998, we know
already all sequences for a dezen of entire genomes (). This implies that
despite significant improvements of stnictuce determination technigues, the gap
between the number of protein stnictures in public databases {PDB f3), and
the number of known protein sequences is increasing. The most successful
thearetical approach to bridging this gap is homelogy modeling, It effectively
raises the number of “known™ 31 structures from 7000 to aver 50,000 (4,5).

Ne general prediction of structire from sequence, vet, John Moult (Center
for Advance Research in Biotechnology [CARB]. Washington) has initiated an
impaorntant experiment: those who determine protein structures submined the
sequences of proteins for which they were aboul o solve the structure 1o a
“to-be-predicled” database: for each entry in that darabase predictors could
send in their predictions before a given deadline (the public release of the
structure): finally. the results were compared, and discussed during a workshop
(in Asilomar, CA}. The results of the first two critical assessment of protein
structure prediction (CASP) experiments (6,7) demonstrated clearly that we
stil! cannot predict structure from segquence,

Simplifving the structure predicrion problem. The ramdly growing sequence—
structure gap has enticed theoreticians 10 solve simplified prediction problems
(#}. An extreme simplification is the pradiction of protein structure in one
dimension {10}, as represented by strings of, e.g., secondary-struciure or
residue solvent accessibility. Theoreticians are lucky in that a simplified
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predictions in 1D (e.g., secondary-simucture or solvent accessibility f4.8.9D
even when only partially correct — are often psefil, e.g., for predicting protein
function, or functional sites.

In this review we focus on recent secondary-struciure prediction methods
(for reviews on older methods (70-17). for reviews on other prediction meth-
ods in 1D {4.5, 18]), We present some of the new, successful concepts and a few
“hints for the user” based on the currently most widely used secondary-struc-
ture prediction method: PHD.

2. Materials

Assignment of secandary-stracture. Secondary-struciure is most ofien
assigned automatically based on the hydrogen bonding pattern between the
backbone carbony] and NH groups (e.g., by Dictionary of Secondary Structure
assignment of Proteins [DSSP] f190). DSSP distinguishes eighi secondary-struc-
ture classes which are aften grouped inte three classes: H = helix, E = strand,
and L = non-regular structure. Typically the grouping is as follows: H (x-helix)
«» H, G (3 g-helix) -> H, [ (n-helix) -> H, E {extended strand) -> E, and B
(residue in isolgted b-bridge) -» E, T (twm) -» L, 5 (bend} -> L, (blank = other}
-» L, with the “corrections™ B -> EE, but B_E -» LLL. Note that developers
aften use different projections of the ¢ight DSSP classes onto three predicted
classes; most of these yield seemingly higher levels of prediction accuracy, For
example, short helices are more diffwcule 10 predict (20) (see alse Fig. 5); thus,
converting GGG -» LLL results, on average, in higher levels of prediction
accuracy.

Per-residue prediction accuracy. The simplest and most widely used score
is the threc-state-per-residue accuracy, giving the percentage of correctly pre-
dicted residues predicted correctly in either of the tee stales: helix, strand,
other:

0, =100.52 0, /N m

where ¢; is the number of residues predicted correctly in state ; (H, E, L), and ¥
is the number of residues in the protein (orin 4 given data set). Becapse typical
data sets comlain about 32% H. 21% E, and 47% L, comrect prediction of the
nonregular class tends 1o dominate the three-state accuracy. More fine-grained
methods that avoid this shortcomiog are defined in detail elsewhere {27,22).
Fer-sepment prediction accuracy. Measores For single-residue accuracy do
not completely reflect fhe guality of a prediction (14,22-26). There are three
simple measures for assessing the quality of predicted secondary-structure seg-
ments: (1} the number of segments 1 the protein, (2) the average segment
length, and (3} the distribution of the number of segments with length {27).
These measures are related. They are nseful in characterizing prediction meth-
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ods, in particular, methods with fairly high per-residue accuracy, yet an unreal-
istic distribution of segments. However, there is a more elaboraied score base
on the overlap between predicted and observed segments (22),

Conditions for evaluating sustained performance. A systematic testing of
performance is & precondition for any prediction to become reliably useful. For
example, the history of secondary-structure prediciion has partly been a hunt
for highest accuracy scores, with over-eplimistic claims by predictors seeding
the skepticism of polential users. Given a separation of a data set into a training
set (used 1 derive the method) and a test sl (or crossvalidation set, used to
evaluate performance}, a proper evaluation {or crossvalidation) of prediviion
methods needs (o meet four requirements: (1) no significant pairwise sequence
identity between proteins used for teaining and rest set, i.e.. < 25% (length-
dependent cuteff f28]); (2) all available unique proteing should be wsed for
testing, as priteins vary considerably in stnictural compleaity; certain featres
are easy 10 predict, others harder; {3} ne matter which data sets are used for a
particular evaluation, a standird set should be osed for which results are also
always reponted; (4) methods should never be opimized with respect to the
data set chosen for final evaiuation. In other words, the test set should never be
used before the methed is set up,

Number of crossvalidation experiments of NO meaning. Most methods are
evaluated in n-fold crossvalidation experiments (splitting the dat set into n
different training and test sets). How many separations should be used, i.e.,
which number of a yields the best evaluation? A misenderstanding is aften
spread in the literature: the maore separations (the larger x) the betler. However,
the exact number of o is not impertant provided the test set is representative.,
and comprehensive and the crossvalidation resulis are not misesed 160 again
change parameters. In other words, the choice of 7 has no meaning for the user,

3. Methods

3.1. The Dinagaurs of Secondary Structure Prediction
Are Sl Alive

First generation: single-residue statistics. The first experimentally deter-
mined 3D structures of hemoglobin and myoglebin were published in 1960
{29.30). Almost a decade before, Panling and Corey suggested an cxplanaion
for the formation of certain lecal conformational panerns such as o-helices
and B-strands (37,32). Shortly later (and still prior to the first published struc-
ture), the first atlempt was made 10 (positively) correlate the content of certain
aming acids {£.g., proling) with the content of an o-helix ¢33). The idea was
expanded to correlate the content for all amino acids with that of the o-helix
and the B-strand structure (34,35). The field of predicting secondary-smuctires
had been opened. Most methods of the first generation based on single-residue
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Fig. 1. Three-state-par-residue zccuracy of varions prediction methods. Shaded
bars: reethods of first and second generation: filled bars: methods of third gentration.
The left axis showed the nonnalized three-state-per-residue accuracy, for which 2 ran-
dom prediction would rae 0%, and an optimal prediction by homology modeling
would rate as 100% (unnormalized values sccording (o Eq. 1, shown on the night
axis):

noem (33 = 100 - Gymerhod _ (L RAN ¢ o WM _ () RAN (1)
with Q™ = 88.4%, and (PN =35.2%

Only metheds were included for which the accuracy had been compiled based on com-
parable dala seis, the sets m parbcular are K&562, 62 proleins ken from ref, 45;
LPACS?, 60 proteins taken from ref, 128: Prefi4. 124 uniquc proteins taken from
ref. 48 The methods were: € + F Chon & Fasmian (first gencration) (42, J4#8); Lim
{Eurst) {43); GORI (first} (53); Schneider (second) (87); ALS (second) (62), GORIT (sec-
ond} (34}, LPAG (thind) (128), COMBINE (second) (27); 582 (second) (86): NSSF
(third} (84, PHD (third) (¢8). Mos! values were recompiled — only those for NSSP
and LPAG were taken from the oniginal publications. The scores for PHD on the three
differant data sets illustrated thal data sets can be tuned fo give more optimistic
(LPAGH2), or more realistic csiimaics for prediction accuracy. The first two structure
prediction contests have indicated that the most conservative estimales of this graph
{Pre124) tend o be slightly wo optimistic, still PHE? rates ar an average accuracy of
about 2% {as uriginally estimaled {18 #8]).
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slatistics, i.e., from the limited databases evidence was extracted for the prefer-
ence of particular residues for particular secondary-structure states (3 i—dd)
By 1983, 1 became clear that the performance accuracy had been overstated
(45) (ser Fig. 1).

Second generation: segment sigfisiics, The principal improvement of the
second generation of prediction teols was a combination of a larger database of
protein structure and the usage of statstics based on segments: typically 11-21
adjacent residnes were taken from a protein and statistics were compiled w evalu-
ale how likely the residue central in that segment was in a particular secondary-
structure state. Similar segments of adjacent resjdues were also used to base
predictions on inoree claborated algorithms, some of which were spun oft from
artificial intelligence {46}, Almost any algerithm has meanwhile been apphed
i the problem of predicting secondary-structures: all were limited to accumcy
levels slightly higher than 60% (see Fig. 1; reports of higher levels of accuracy
were usnally based on too small, or non-representative data sets f21 25 47 48]
The most-used algorithms weire based on {1) slatslical informalion (¢%-61),
(2} physicochemical properties (62}, {3) sequence patterns f&3-63), (4) multi-
layered (or neural) networks (66-73). (5) graph theory (74,75, (6) mullivari-
ate statistics (76,77), (7] experl cules (7%, 78-82), and (8) nearest-neighbor
abgorithms {8385},

Problems with first- and second-generation methods. All methods {oom the
first and second generahon shared, at least. two of the following problems
{most all three): (1) three-state per-residue accuracy was below 704, (2) B-
strands were predicred at levels of 28—48%, j.¢., only slightly better than ran-
dom_ and (3) predicied helices and strands were oo short.

The first problem (<100% accuracy) has owo sources: (1) secondary -struc-
ture assignments differ even between different crystals of the same protein.
and (2} secondary-structure formation is partially determined by long-range
interactions, ie.. by contacts between residucs thal are noA visible by any
method based on segments of 11-21 adjacent residues. The second problemn
{B-swrands <50% accuracy) has been explained by the fact tha1 b-shee! forma-
ton is determined by more nenlocal comacts than is «-helix formatien. The
third problem was basically overlooked by most developers (for exceptions.
see refs. 86 and 87). This problem makes predictions very difficult to use in
practice (see Fig. 2). As we show in the next paragraph, some of the prediction
methods of the third generation address all three probleins simultanecusly, and
are clearly superior i the old methods (see Fig. 1). Nevertheless, many of the
secondary-structure prediction methods available 1oday (e.g., in University of
Wisconsin Genetics Computer Group (GC(G) f88/, or from Internet services
{895 are unfortumately still using the dinesaurs of secomdary-struciure
prediction.
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Fig. 2. Example for typical secondary structare prediction of the second generation,
The protein sequence (S£6) given was the SH3 structure (£31), The observed second-
ary structure {O8.5) was assigned by DSSP (1) (H = helix; E =strand; blank = nonregular
structure; the dashes indicate the continuation of the second strand that was missed by
DSSP}. The vypical prediction of oo shorl segments (TYP) poses the following prob-
lems in practice: {1} Are the residucs predicted to be strand in segmems L 5, and 6
errors, or should the helices be elongated? {2) Should the second and third strand be
Juined, or should one of them be gnored, or does the prediction indicate two sirands
here? Note: the three-state-per-residuc acouracy is 6% for the prediction given,

3.2. Breakthrough By Using Evolutionary information
3.2.1. Is Evolutionary Odyssey Informative?

Variation in sequence space. The exchange of a few residues can already
destabilize 2 protein (99}, This implies that the majority of the 20Y passible
sequences of length & form different struclures. Has evolution really createsd
such an immense variery? Random errors in the DNA sequence lead te a differ-
ent translaiion of protein sequences. These “errors” are the basis for evolution,
Mutations resulting in a structural change are not likely 1o survive, as the pro-
1ein can no longer function appropriately. Furthermore, the universe of stable
structores is net contimuous: minor changes on the level of the 3D stroctoee
may destabilize the serucoere {due to high complexity). Thus, residus exchanges
conserving structure are statistically unlikely. However, the evolutionary pres-
sure to conserve function has led to a record of this unlikely event: structure is
more conserved than sequence f91-93}. Indeed, all narurally evolved protein
pairs that have 35 of 100 pairwise identical resicues have similar structures
(28.94). However, the atractors of protein stroctures are even larger: the ma-
Jority of protein pairs of similar structores has levels of below 15% pairwise
sequence identity (95, 96).

Long-range information in muliiple sequence alignments. The residue
substitution patterns observed between proteins of o particular family, ie.,
changes that conserved seruciure, are highly specific for the struclure of that
family. Furthermore, multiple alignments of sequence families implicitly also
contain informaticn about long-range inteructions: suppose residues i and i + 100
are close in 3D, then the types of amino acids that can be exchanged (withont
changing structure) at position i are constrained by thal their physicochemical
characleriztics have 1o fit the amino acid types at position i + 100 (97,98).
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3.2.2. Can Evoiutionary information Be Used?

Expert predictions: visual use of alipnment information. The first method
that used infermation from family alignments was proposed in the 1870s
already {#9). Furthermore, experis have based single-case predictions success-
fuliy on muldple alignments (P9-1 18}

Automatic use of alignment information. The simplest way to use alignment
information antomalically was ficst proposed by Maxfield and Scheraga and
by Zvelebil et al. (217.118); predictions were compiled for each protein m an
alignment, and then averaged over all proteins. A stightly more elaborated way
of antomatically using evolutionary informarion is to directly base prediction
on a profile compiled from the muliple sequence alignment (15,21, 48). The
following steps are applied in particular [or the PHD method (78, 719) {(see
Fig. 3): (1) A sequence of unknown structure () is quickly aligned against the
database of known sequences (typically by BLAST {128 (i.e., no information
of structure required). (2) proteins with sufficient sequence identity w & 1o
assure strucieral similarity are extracted and realigned by a multiple alignment
algorithm MaxHom (F21); (3) for each position, the prolile of residus
exchanges in the final mulaple alignment is compiled, and nsed as input to a
neural network.

3.2.3. Third Generation: Evolution to Better Predictions

Eeample chosen: PHD. We illustrated the principal concepts of third gen-
eration methods based on the paricular peoral network-based method PHD
because it is correnty the most accurate method (7), and because most of these
concepts were introduced by this method (21 48). Meanwhile, several other
methads have reported andfor achieved similar levels of performance
(161821 48 84,114 122-129).

Miiltiple levels of computations. PHD processes the inpul information on
muliiple ievels (see the neural network in Fig. 3). The first level is a feed-
forward neural network with three layers of onits (inpot, hidden, and output),
Input to this fiest-level sequence-to-siructure network consists of two contribu-
tions: one from the local sequence. i.e., taken from a window of 13 adjacent
residues, and another from the global sequence. Output of the first-level net-
work i5 the 1D strociural siate of the residue ar the center of the input window.
The second level is a structure-re-structore nerwork. The next level consists of
an arithmetic average over independently trained networks (jury decisjon). The
final level is a simple fikter.,

Balanced predictions by balunced rraining. The distribution of the training
examples (known structures) is rather uneven: about 32% of the residues are
observed in helix, 21% in strand, and 47% in loop. Choosing the aining
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Fig. 3. Using evolutionary information to predict secondary structure, Starting from
a sequence of unknown siructure (SEQUENCE) the following steps are required 1o
finally feed evobwicnary infommation into the PHD neural nerworks (upper aghe): £1)
a database search for heimulogues (method BLAST f126}, (2) a refined profile-based
dynamic-pragramming alignment of the most likely homologues (method MaxHom
{12111, {3) 2 decision for which proteins will be considered as homologues (length-
dependent curedT fur pairwisc sequence identity f28,921). and (4) a final refinement,
and extraction of the resuliing muliple algnment. Numbers 1-3 indicate the poinis
where users of the PrediciProiein service ({8} can interferc 1o improve prediction
accuracy withoul changes made to the final prediction method PHD,

examples proportional to the ococurrence in the data set (unbalanced training)
results in a prediction accuracy that mirrers this distribution, ¢.g., strands are
predicied inferior to helix or loop (20,21.48), A simple way around the data-
base bias is a balanced taining: at each tme step one example is chosen Trom
each class, i.c.. one window with the central residue in a helix, one with the
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[Fig. 4. Prediction balanced between theee secoadary strecture states. The pies were
valid for a simple neural network prediction rot using evelutionary information (sec-
ond generatton. The entite pies represented 100% of (A + D) all correctly predicted
tesidues, (B all residues in & representalive subset of PDR, and (C) all residues pre-
sented dunng balanced training. The basic message is that the prediction of strand is
ot inferior o the ane for helix for second-generation methods (A} because strand
formation 15 more dominated by loang-range inleraclions {as previously argued) but
becanse the database distribations differ between the theee states (B, Simply skewing
the distribution (C} resulted in an equally accursie prediclion for all three states (D).

cenmal residoe in a strand and one representing the loop class. This iraining
resnlts in 4 prediction accuracy well balanced between the output states (see
Fig. 4).

Benter segment prediction by structure -1o-structisre netwarks, The first level
sequence-to-structure network uses as input the [ollowing mmformation from 13
adjoacent residues: (1) the profile of amino acid substitutions for all 13 residues,
{2) the conservation weights compiled for each column of the multiple align-
ment, {3) the number of insertions, and the number of deletions in cach col-
umn. (4} the position of the current segment of 13 residues with respect to the
N- and C-term. (3) the amino acid composition, and (6) the length of the pro-
lein. Output consists of three umits coding for helix, strand, and oonregular
structure. The outpul coding for the second level network is identical ta the one
for the first. The dominant input contribution to the secand level struciure-to-
struciure network ig the outpul of the first-level sequence-to-structure netwark.
The reason for introducing a second level is the following, Netwarks are trained
by changing the connections between the units such that the emror is reduced
for each of the exampies successively presented 1o the network during training.
The examples are chosen at random. Therefore, the examples taken at time
step ¢ and at time step ¢ + 1 are usually not adjacent in sequence. This implies
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Fig. 5. Distribution of segment length (A) The number of helical segments oh-
served (open squares: according Lo DSSP M) and predicted (filled triangles; by PHD
FI80 is plotted against their length. Chviously, most short helices are missed by the
prediction. The inlet zooms on longer helices, revealing that PHD predicts slightly toa
long helices. Figures for strandr and nonreguiar structures are not given., as the ob-
served and predicted distnibutions agree relatively well, for longer scpments at least.
However, there are important differences for shorter segments: (B) plots the differ-
ences betwetn the numbers of observed—pradicted segments at given lengths {helices:
open squates, sirands: filled triangtes, nonregular structure: dashed line with crogses).
In particular, strands of a single residve are overpredicted; shon loop regions and three
helices { I8} (three residues) are underpredicted.

that the network cannol learn, +.g.. thal belices contain at least three residues.
The second-level structure-to-structure network intcoduces a correlation
between adjacent residues with the effect thi predicted secondary-structure
sepments have length distributions similar to the ones observed (27). Problems
arise, in particular, for shon segments (s¢e Fig. 5).

3.3. State-of-the-Art Secondary Siructure Prediction
3.3.1. Estimates of Prediction Accuracy

Difference between 60% and 70% accuracy may maiter a lof. Some of the
third-generation methods for secondary-structure prediction are clearly supe-
rior o previous methods: B-strands are predicled more accurately; predicted
segments look like those observed; and the overall accuracy is about 10 per-
centage points higher. The advantage in practice is illustrated in Flg. 6. Not
only does the third-generation method (here PHD) gets most segments ripht,
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Fig. 6. Example lor secondary structure prediction of first—third generation. The
protein sequence (SEQ) given was the SH3 smucture (£34). The observed secondary
structure (OBS) was assigned by DSSP (19} (H = helix; E = strand; blank = nonregular
structure, 1he dashes indicaled the contiouation of the second strand that was missed
by DSSP). The methods anc first generation: £ + F (42); second genecation: GOR(I7)
{ = GORIII}), and third generation: PHD ¢£8). The levels of three-siate accuracy were:
C + F=59%; GOR = 65%: and PHD = 72%. Whereas the first- and second-genemtion
methods performed sbove their average accuracy (Fige 1) for this protein, the FHD
prediction was average {see Figs. 1 and 7). The strength of the PHD prediction was
reffected in the ooe-digil reliability index (Rel, 0 = low. % = high}, conelaicd with
prediction accuracy. All residoes predicted at values of Rel > 4 (marked by *} were
predicied correeily.

but it also enables one to focus on more reliably predicted residues. The reli-
ability index (Ref in Fig. 6} is compiled as the difference between the output
unit with highest value {winner unit) and the cutput unit with the next highest
value (nermalized to a scale from O [low] to 9 [high]). All swongly predicted
residues (* in Fig. §) are predicted comrectly.

Vialues for expected prediction accuracy are diviributions. Stalements such
as “secondary-structure is about ¥)%: conserved within sequence families™ ¢22)
refer wo averages over distributions. The same holds for the expected prediction
accuracy (see Fig. 7). Such distnbntions explain why some developers have
averestimated the performance of their lools using data sets of only tens of
proteins {or even fewer). In peneral, single sequences vield accuracy values
about 10 percentage points lower than mulliple alignments {21, 25,48). Note that
for most proteins some helix and strand residues are confused (refer (o Flg. 7).

Retighility of prediction correlares with acenraey. For the user interested in
a particular protein {J, the [uct that prediction accuracy varies with the protein
(see Flg. T) implies a rather unfortunate message: the acevracy for U could be
loweer than 405, or it could be higher than 30% (see Fig. 7). Is there any way o
ptovide an estirmate a1 which eod of the distribotion the accoracy for £ is likely
to be? Indeed, the reliabality index comrelites with accuracy. In other words,
residues with a higher reliability index are predicted with higher accuracy
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<QF3>=723% ; sigma=10.5%

Fig. 7. Expected variation of prediction accuracy with protein chain. {A} Three-
state per-residug accoracy (see Eq. 1; PDB identifier given for the proteins predicted
worst); (B} percentage of BAD predictions, ie_, residues either predicied in hedix angd
cbserved in strand, or predicted in strand and ohserved in halix (introduced by el
I4); (B inset} cumulative percentage of proteins with BADNy predicted residues (e.g.,
for 80%: of the proteins the percentage of confusing helix and strand residucs is <7%:
however, for only for 3% of all profeins such a confusion never happened). Given:
distributions (over 721 umque prolein chains), averages, and ooc standard deviation.

(18,21 48). Thus, the reliability index offers an exceilent tool to focus on some
key regions predicted at high levels of expected accuracy. Furthermore, the
reliability index avesaged over an entire protein correlates with the overall pre-

Prediction of Secondary Structures &5

Fig_ 3. Comelation herween reliability and accuracy. Residues predicted at higher
meliability are predicted more accurately (18,24, 48). Here, we plotted the reliability
1mdex averaged over a protein with the overall accuracy for that prowein (A). Even a
simnple linear fit (A) provided a reasonably accuraw: estimate of the performance: for
more than 3% of all profeins the linear fil yiclded cstimates in the range of less than
x10% accuracy (B).

diction accuracy for this protein (see Fig. 8} (Note however, that reliability
indices znd to be unusuvally high for alignments of sequence families without
very divergent sequences.)

Do we undersiand why certain proteins are predicted poarly ? For some of the
worst predicted proteins, the low level of aecuracy could be anticipated from
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their unusual features, e.g., for crambin, or the antifreeze glycoprotein type 111
However, this procedure tured out to be rather arbimrary. First, some protzins
with the same “unusual features™ are predicied an high levels of accurcy, Sec-
ond, occasionally similar proteins are predicted wt very different levels of ac-
curacy, e.g., both the phosphotidylinonitol 3-kinase (I38) and the
Src-homology domain of cyloskeletal specirin have homologous structures
(F31), but prediction accuracy varies between less than 40% (pik) and more
than 0% {spectrin). None of the conclusions from sindying poor predictions
has vet yielded 2 way o better predictions. Nevertheless, two abservations
may be added. First, bad alignments (i.¢., nomnformative andtor falsely aligned
residues) result in bad predictions. Second, the BAD prediciions (see Fig, TB),
1.e., the confusion of helix and strand, are frequently observed in regions that
are stabilized by long-range interactions. For example, the peptide around the
fourth strand of $H3 {see Fig. 6) forms a helix in solution (1., Semane, personal
communication). Furthermeore, helices and strands that are confused despite a
high reliability index ofien have functional properties, or are correlated 10 dis-
ease stales (B. Rost, unpublished data).

3.3.2. Availability of Methods

Internet prediction services for secondary-structure, in peneral. Programs
for the prediction of secondary-structure available as Iniernet services have
muosheoomed since 1he first prediction service PredictProtein went online in
1992 (119,132} {a list of links is found in ref. 133}, Unfortunately, not all ser-
vices are sefficiently 1ested. In peneral. prediction sccotacy is significantly
superior if predictions are based on mulople slipnments (4, 13,16,

Complerely vs. almosi ewtemaiic, The PHD prediction method is awtomati-
cally available via the Internet service PredictProtein (£8) (send the word help
to PredictProtein@Calumbia. eduy, ar use the World Wide Web inter-
face {1321} Users have the chodee between the fully antomatic procedure tak-
ing the query sequence through the entire ¢ycle, or eaper! intervention into the
generation of the alignmeni. Tndeed. without spending much time the result
was that predictons could be easily improved {134).

4. Notes

The following notes result from the experiences one of us (BR) has pathered
by offering, and running the PrediciProtein {732) service and during various
structure prediction workshops (735). Some comments apply in particular to
the FHD methods {18, 136); however, most hold also for using other second-
ary-structure prediction methods {we strongly recommend reading the detajjed
“hints” on the PredictProtein WWW page: [132]).
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4.1. What Can You Expect From Secondary Struciure Prediction?

How accurate are the predictions ? The expected levels of accuracy (5 = 72
* 11%) are valid for typical globular. water-soluble proteins when the multiple
alignment contains many and diverse sequences. High values for the reliability
indices indicate mote accurate predictions (Note: for alignments with little
variation in the sequences, the reliability indices adopt misleadingly high val-
ues.) PHD predictions tend to be relatively accurate for porins (18); however,
fer helical membrane proteins, other programs cught 10 be used (5,18, 736).

How useful are the predictions? The prediction of secondary-struclures can
be accurate enough Lo assist chain tracing. Forthermore, PHD predictions are
being used as a siarting peint for modeling 30 structure and pradicting fune-
tion {145 116,122 137-F43),

Is there confusion between sirand and helix? PHD {as wel! as other meth-
ods) focuses on predicting hydrogen bonds. Consequently, occasionally
strongly predicted (high reliability index) helices are observed as strands and
vice versa (see Fig. 7B).

s there o strong signal from secondary-structure caps? The ends of helices
and strands contain a strong sipmal. However, on average PHID predicts the
core of belices and strands more accurately than di the caps (268). This seems
to also hold for other methods.

Are imternal helices poorfy predicied? Sieven Benner has indicated that
internal helices are difficult to predict (24, I807). On averape, this is not the case
for PHD predictions (144).

What about protein design and synthesized peptides? The PHD networks
are trained on naturally evolved proteins, However, the predictions have been
useful in some cases W investpate the influence of single mutations (e.g., for
Chameleon {145 146]. or for Janus {{47]; B. Rast, vnpublished). For short
polypepiides, vsers should beur in mind that the nerwork inpot consists of 17
adjacent residues. Thus. shoner sequences may be dominated by the ends
{which are treated as selvents by the corrent version of PHD).

4.2, How Can You Avoid Pitfalls ?

7% correct implies 30% invorrecr. The most accurate methods for predic(-
ing secondary-structure reach sustained levels of abouwt 70% accuracy. When
imerpreting predictions for a particnlar protein. it is often instrucbve 1o mark
the 30% of the residues you suspect te be falsely predicied.

Spread of prediction accuracy. An expected accuracy of 70% does rof imply
that for your protein £ 70% of all residues are correctly predicted. Insiead,
valnes published for prediction accuraey are averaged nver hundreds of znigue
proteins. An expected accuracy of 70t 10% (one standard deviaiion) implies
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that. on average, for iwo-thirds of all proteins between 60 and 80% of the resi-
dues will be predicted comectly (see Fig. 7). Thus, prediction accuracy can be
higher than 80% or lower than 60% for your protein, Few methods supply
well-tested indices for the reliability of predictions (see Fig, B; f18.734)) Such
indices can help to reduce or increase your trust in a particular prediction.

Special classes of proteins. Prediction methods are usually derived from
knowledge contained in proteing from subsets of corrent databuses, Conse-
quently, they should not be applied to classes of proteins not included in these
subsets, e.g., methods for predicting helices in globular proteins we likely o
fail when applicd wo predict transmembrane helices, In peneral, results should
be taken with caution for proteins with uousual features, such as proline-rich
regions, nnusually many cysteine bonds, or for dumain interfaces.

Berter alignments yield begier predictions. Multiple-alignmeni(-based pre-
dictions are substantially more accurate than single-sequence-based predic-
tions. How many sequences do you need in your alignment for an
improvement? How sensitive are prediction methods to emers in the align-
ment”? The more divergeni sequences contzined in the alignment, the betier
(two distantly related sequences often improve secondary-structure predictions
by several percentage poinis}. Regions with few aligned sequences yield less
reliable predictions. The sensitivity to alignment emrors depends on the meth-
ods, e.g., secondary-structure prediction is less sensitive o alignment errors
than accessibility prediction.

Befier + worse = gven better? Today, several antomatic services accomplish
secondary-structure predictions. Some users fall into the what-iscommaon-is-cor-
TeCt trap, ie., they average over all prediction methods and consider identical
12210n% 55 more reliable. Such a majority vote may be beneficial. However, the
result will frequenly be the worst-of-all prediction. Often, it is preferable to
use reliability indices provided by some methods. Such indices answer the
question: how reliably is the tryptophan at position 307 predicted in a surface
toop? {Note: the correlation hetween such indices and prediction accuracy is
sufficiently tesied for only a few methods. )

{3 structure may or mav net be sufficient vo infer 3D sfrucrure. Say you the
following as a prediction for a regular secondary -structure: belix-strand-strand-
helix-strand-strand {H-E-E-H-E-E). Assume that vou find a protein of known
structure with the same motif {H-E-E-H-E-E). Can you conclode that the two
proteins have the same fold? Yes and no; your guess tay be correct, but there
are various ways to realize the given molif by completely differant structures.
For example, al least 16 structurally unrelated proteing comain the secondary-
stucture motif H-E-E-H-E-E.

FPrediction of Secondary Struclures 87

Addendum

At the third mesting for the Critical Assessment of Struciure Prediction
(CASP) in December 1998, David Jones presented a method that extended the
basic idea of 3rd peneration prediction methods, i.e.. using evolutionary infor-
mation. by replacing previously used sequence alignment procedures with an
iterated PSI-BLAST protile (1492}, The resulting method PSI1-PRED appears to
be more than 2-3 percentage points morg accurate thao any other method pub-
lished so far (158). About one percentage point of this improvement ¢an be
achicved by simply replacing the alipnmem profiles (Rost, unpublished).

However, the major step appears 10 be attributed to the fact that the daia-
bases have grown, and developing prediction methods can now be based on
data scts more than 10 times larger than those used o develap the first 3rd
generaiion Iools (Rost, unpublished). The work of David Jones has reactivared
the field, at least ome sther novel method (INET: Cuff & Banon, unpublished)
appears clearly moved accurate than the original PHD1 referred te in our review:
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