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Progress of 1D Protein Structure Prediction at Last

Burkhard Roat and Chris Sander
EMEL, 69312 Heidelbery, Germany

ARSTRACT  Acenracy of predleting pro-
tein secondary struciure and soivent access-
Ibility from asequence Information has been
lmproved slgnificantly by wing infortnation
contiined im multiple sequence alignments as
laput to a neural network system. For the Asi-
lomar meeting, predictions for 13 proteins were
generated automatically wsing the puhblicly
avallable prediction method PHD. The resulta
confirm the estimate of 72% three-atate predic-
tion accuracy. The feirly accurate predictions
of sacandary siructure segments made the tool
useful an a atarting point for modeiing of higher
dimeanrional aspects of protein atructura.

o 1995 Wiley-Liaa, [ne.

Key words: automatic prediction of proiein
secondary stracturs and snlvent
acresnibllity, neural networks

SPREADING OPTIMISM BY PUBLISHING
HIGH SCORES

Frotein secondary structure’” had been predicted
from sequence” befgre the first three-dimensional
(3D) structures weare deiermined by crystallogra-
phy.*® Two decades (and dozens of methods®—*)
later, the aceuracy of secondary structure prediction
was aLill not betrer than 50—-85%¥ (percentage of res-
idues predicted correctly in either of the three states
halix, strand, rest). In tha hent for higher apores, a
growing data base of known structures™ and refined
methods pushed the aceuraey to above 60-65%,11 22
Oceasionally, even higher values were reparted. but
tests on representative data sets revealed that pre-
diction aecuracy was about 0% by 1992.% Uverop-
timistie claima by predictors nourished scepticism of
potential users. One major point about prediction
methods became clenar at the Asilomer prediction
confest: exapgeratsd claims are more damaging
than geculne errors. Even a prediction method of
limited aceuracy can be useful if the user knows
what to expect. For the editors of sciontific journala
thiz implies that no prediction methed should be
published that has not been sufficiently cross-vali-
dated,

HOW TO EVALUATE

PREDICTION METHODS

A proger evalustion of prediction metheds, in our
view, needs to meet four requirements. (1) No sig-
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nificant pairwise sequence identity: the proteinas
used for setting up a method itraining set) and those
ueed for evaluating it should have a pairwise sa-
quence identity of less than 25% (length-dependent
cut-off?*), stherwise homology modeling could be ap-
plied which would be much more accurate than ab
initie predictions.**® (2) Bufficiently large data set:
all available unigque proteins should be used for test-
ing ‘currently more than 40027, evalustiona based
on toe small numbers are not representative, e.g.,
prediction accoracy varied sbout sight percentage
pointa between seven randomly chosen asta, each
containing 20 protein chains (and about 4,000 resi-
dues)?™ (3) Avoid comparing apples with oranges:
no matter which dats sets are used for s particular
evaluation, results should always be reported addi-
tionelly on standard sets.?? (4) No optimization with
reapert to test set: a seemingly trivial—and often
violated—rule is that methods should never be op-
timized with respect to the data set chosen for final
evaluation. For example, most methods are evalu-
ated in n-fold cross-velidation sxperimenta {split-
ting the data set into » different training and test
setz). The oxact number of # i not important pro-
vided the test set is representative and the cross-
validation results are NOT misused ta again change
parameters.

HOW TO IMPROYE PREDICTIONS OF
SECONDARY STRUCTURE AND
SOLVENT ACCESSIBILITY

One kay to more acenrate pradictions of 1D atyuc-
turs, such ns secondary structure or solvant arceasi-
bility, has been the use of evolutionary information.
This ides has long been in the literature 27 Most
often, experts hase single-casa predictiona on multi-
ple alignments.” =4® The reason for the relevance of
evolutionary information is that profiles of residue
exchanges in naturaily evolved protein families are
highly specific for detaila of 8 particular protein

Abbrevistions; 3D, threa-di li 1D, cme-di ional;
DSSF. data hage containing the semndary structure and sol-
want sceesaibility derived from the experimontally determined
conrdinates of proteing of keown 3D structure; PHD, profile-
based maural network prediction of secondary structure (FPHD-
sét+ At solvent meceaslbility (PHDRe).
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TABLE I. Accuracy for Blind Predicdons, -

Secondury structure Aceuracy for salvenl

Par-residue accuracy Per-segment accuracy N accessibility

Proteiny N, %) 1 BAD %) Sovy (%) Sovg (%) Sov, (% g (%) Cor
chmu 168 941 0.54 0. 100.0 — 831 Ta.T 0.61
kan 788 ns 0.30 14 T2.a 5.4 67.4 45.0 014
L14 122 B8.0 022 4.1 44.4 8158 B8 T8 0.57
ppdk 8569 03 024 4.0 80.6 477 T1.0 Tl 044
proaub 72 55.6 0.22 13.6 61.7 871 862 519 0.56
RTP 122 64.8 Q1L 10.7 ana 143 Tl1 67.2 036
symaptae 134 68.7 0.2z 5.7 0.0 B4 G e OO 061
staufend a7 483 0.1% 2.4 522 517 52.8 Tal 0.37
xyla HE 76.7 N6 17 4.0 85.0 Th4 ™7 081
all % 268A8 718 028 34 0.0 88.5 T8 Ed.0 038
set S4n 55325 721 0.27 38 72l 2.2 T34

et db 67811 4.8 084

* 4 bbrevistions for symbols: @, ovetall thres-atate per-rewidus accuracy, Le., the percentage of residuss predictad correctly in either
of the three states helix. strand, rest™; ! information content of preduction makrix: this entropy-based meamre of per-residus
acruracy is lasa intuitive than the three-rtals percentags but caplures wall in a aingle valus the balance between correct. fulsn, ovar,
and under prediction, as given by a 3 = 3 matrix A where A, gives the number of regidaes predicted in state § and ohesrved in stata
s paAl pancantage of residuss predictsd [n helis und absarved in atrand, or predicled in strand and chasrvad in haliz; Sov,
overlap between observed and predicted v Rtructure gagmenta: this fuzzy score yields 100% evean when the two segmenls
fobesrved and predictsd! dilfsr slightly in length. or are slightly displucad il in found Lo be the beet among saveral altarnatives of
defining per-segment accuracy ®; Sovy. overlap between observed and predicted helical segments; Sovg, overlap between abserved
and predicied surmnd asgments; Souy, overlap betwesn nll sagmenic thelix. strand. reals; @, Iwo.state ovarall por.residue mocuracy,
i.e., percentage of residuss predicted cortectly in either of the two states buried or expoed (buried < 16% solvent accesaible, exposed
= 18%27; Cor, cortalntion coaficlent betwaen obwerved and predicied relative salvent sccomsibility™; i, in the number of residums.
*Abbreviations for protelns: thmat, N-terminal of P-protein of E_ eoli; haw, ureass o-subunit; .14, 60 8 ribcsomal protein L.14; ppdk,
pyrovate orthophosphate dik nasy: procub, propeptide of aubtiliain BEM; A TF, replication termination protein; stauferd, dommin 2 of
staufen; synmpéo, U2 dumdin of symaptotagmin, oyla, xylanase; am Sda, 260 umgua protaina used to evalusis PHDssc™; set 345, 238
utilgie proteine used to svalunte PHDee >

*Protens preductsd but not eveluated (coordinates not availeble to us): carboxymuconate lactonizing snzynw (emlsl; glyebool:3.

phosphate cytideivitransfurwss {gpct?: inopenicilin N-iynthase 1ipnel, §-phoapho-f-n- galuctosidamse (phdg).

gtrugture. One tool to capture the richnesa of such
information is a neursl netwerk. Far one neural net-
work meathed tha fllowing levels of performance ae-
euracy have been achieved: secondary struciure pre-
diction, per-residue accuracy of 72 = 9%3%; solvent
acpeguibility prediction: correlation ceeflicient be-
tween oheerved and predicted acceseibility of 0.54 =
0.12" (Tabla [). Other programmable methods have
been ahown to benefit from evelutionary informa-
tion to about the same extent #2183

WOMAN WITH MACHINE

Predictions of 1D structurs by a system of proflle-
boaosed neurel networks (PHID) are publicly available
{for information, send the word heip ta the internet
address FredictProteint EMBL-Heidelberg DE, or
use the World Wide Web site Anpfwow embl-
heidetberg. deipredictproteinipredictprotein.iiml). In
the Asilomar gontest, we submitted blind predie-
tions for 13 proteins {Table I, for fpur proteins no
rasults are given ns the experimental coordinates
were niot available), The accuracy of PHD predic-
tions depends partly on parameters that can be in-
fluenced by the user, such aa the sequentes tuken
for a multiple alignment, or the details of the align-
ment. Furthermors, experis can “filter” pradictions

according ta edditional knowledge. Such fine-tuning
can improve prediction accuracy in a few casea
markedly (aa exemplified by comparing the resulta
of PHD hesed on MexHom™ alignments and those
refined by Tim Hubbard, see Tom Defay and Fred
Cahen, this iasue). For the Asilomar contest, we de-
liberately contributed “unfiltered” automatic pre-
dictions to illustrate both the accuracy reachable
in laboratories withaut experts and the starking
polat for experts to possibly improve predictions.
Of course, there is no dirert competition batwaan
woman and machine; intelligent experts use accu-
rate automated methods and attempt to refine the
prediction by their expertise,

WHAT WENT RIGHT?

Prediction oceuracy within expected range. First,
the secondary structure prediction aceuracy using
PHD on the Asilomat proteins was within the range
of what had been published as eapected accuracy
{Table I). The correlation betwasn obhasrved and pre-
dicted relative solvent accesaibility was on the low
side of the expected range. The deviation from ex-
pectad values of accuracy indicatan that a sat of nine
proteins is too email to derive generally valid esti-
maten (seta of 20 or evan 80 proteina—avaluation

-
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ey three-state per-residue acouracy (Q,)

e overiap between observed and predicted helices {Sov)
m——y'yee nml:g herween observed and grcdicted strands

L1LlL

0 20 40 60 20 15
00— M GIL — S AE—
., o
1

1y ki

S

85

TTTr Ty

75

La.la

percentage of comect predictions

70

LA

65 ] T T T T ¥

=
%]
=

40

percentage of residues predicted

Fig. 1. Estimating reliability of prdician for resious subgets.
Expacted pradiction Ascuraty can te ralmsd ibova the 80%. Hvel
at the sxpenge ot nal pradiciing secondary struchurs ke reglons
with & lew ralability snows The rellabiity inde, scaled from O (low)
12 9 {haghi, Fedbecis the sirenoth of the prediction. How acourals |
1 prediciion oo the subest of residues predicted with indices
gradine or Bqual bo & cartain value (accurscy oh verical fxis)? And
what Fecion of residues is.IPraﬁ':tﬁd at & grven lvel of mnimal
reiaility (hovizonial axla}? The sccuraCy 18 ghwan In tarms af far-
residua (9olid fire with full circlesh and per-segment values {dotted
liraa, with open trlangles or AAnds and open squares (o bl
wea], For poinis, tha valuas for the respective ncas ane axplicity

set publisbed a decode age"—have been shown to be
too amall to derive valid estimates for prediction ac-
curacy3#). For exampie, helicen were predicted
better than expected; sirands on the other hand
were predicted worse than expected (Table I1.

Relipbility of prediction correlates with accuracy.
Prediction accuracy varies between different pro-
teins. Fortunately, the reliability of PHD predie-
tiona enables one to estimate oo which side of such 8
distribution the prediction for a given protein ia 1o
B2 expected. For axample, the 30¢% of residuss pre-
dicted with highest reliability are predicted at an
average accuracy of over 30% (Fig. 1); and the most
ralinble one-third of the strands and helices were
predicted at segment-based accuracy values of
=%0% (Fig. 1}

{laing 1D predictions to wuide modeling of an
structure, For xylanase the relative solvent accessi-
bijity wae predicted more accurately than the ax-

piven in Ihe figure: m—:ﬂaiduu picuracy (), A, = mexpedsd
RCcUracy for the subsal of ail resudiuse vith releblity indes ahove
fi; par-segment values (Sovl. <A, ., epected accuracy for
1l sagmanis for which (e rediatity indax aved a8 realdues in thet
segment was n. For axample, about G5°% Ol all rescuen &0 pie-
dicted w a npliabdlty of st bast live (Bf_ = 3]; N threa-Etale
par-reskdus sccurmcy for thass 18 A1%; 5% al all smnds oe
pradicied at an av rediabiity of al least fve (RN, = 5 the

ewviwlap for t mil!&%:mmmmﬁnmm
ara piidicind al an averapge of Bt ieast ke (A1, = S): ha sapment
owariap lor ihwes B B1%.

pected averaga (Table I). Liisa Holm ueed this pre-
diction of acresaibility and the coresponding
predietion of secondary structure to infer a (correct)
ab initic medel of the 3D structure. However, the
topography of the mode! corrected by one of ua (C.8.)
wan incorrect in part. For some proteines in the con-
test Tim Hubbard used PHD predictions as a base-
line for corTect predictiona of topegraphy (Hubbard
and Park and Defay and Cohen, thia iasus),

WHAT WENT WRONG?

Helices predicted as tos fong. Helices were pre-
dicted at a higher than average length (13.5 rasidues
inatesd of 101 This may partly be explained by the
unusual content of secondary structure in the nine
proteins evaluated here: helix, 39% va. about 32% in
@ sot of representative proteinsg” = strand 18 v=.
21%. These deviations basically indicate that & data
got of nine prateina ia too emall Lo be representative.
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prosubh: propeptide of subtilizin BEN,

2
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RTP: replication termination procein, 116 residues, Oy
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ataufeni: domain 3 of staufen,
a2 pel 3

67 residues, Qy = 4d&%
1....,....5.,..,....5.
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Flg. 2. Thees axamphes of s m secondary siracture pra-
. WRIONE used. Ak, aming acid in one-latter code:
Otis, ascondary Mtnuciues sSEqNMen Bansd an 30 Atrucire by
DESP™; PHD, prodiction by naLral notwork system; A, relability
of pradiction, U is low. & m figh; Ihes ncax refiects tha atrength of

Fatal for 3D modeling: confusing helices and
strands. The three exampies for secondary structure
brediction shown (Fig. 21 are predicted at accuracy
levels balow average; prosud and sigufend were ac-
tually the worat predictions (Table I). For those two
the dominant regulur structure was detected. How-
ever, for the veplication termination protein B TP—
although predicted at o better overall accuracy than
prosuh and stoufend (Table I—both strands were
missed near the N-terminus and one (much too long}
helix wan predicted instead of tws shorter anss, Re-
assuringly, the long helix has a region of low Teli-
ability in the eentral region (at YGL, Fig. 2). Both
for prosub and RTF the wrong number of predicted
secondary struciure segments would have prevented
Bny further correct model building, but this is lasa
true for staufend, although it is predicted with jess
than 50°% aingle-residue accaracy.

Ouerprediction of bured residuea. Prediction of
relative solvent accesaibility went wrong particu-
larly for multimeric proteins, The dominant errer
wae a strong overprediction of completely bicried
(0% accessible) residues idata not shown),

WHY?

Diversity of muitiple alignments crueinf for predic-
tion sueress, For eecondary structure, twice ag ANy

the pradiction, 1., the ditsrance betwesn the Uit anit {robe,
the PHE netwaorka have thrae outpul units codsig ko bl Strand.
Andd it} wilh tha highest walue (winner unif} and the output unll
wilh the naxt higheal value. Symbols for secondary strcure as-
ulgnmanta: H, o-hels; E {exianded), 3-sirand’ blank, rast,

residues were predicted at the highest reliability in-
dex &5 was expected from teating PHDse¢?> and for
moat values of the reliability index of the acresaibil-
ity prediction, the obrerved vaiues of ascuracy were
below the expected levels. Nute that prediction
strength depends on the diveraity of the sequence
family aligned. For some of the predictions, the
alignments did not contain MARY SeqUENces, e.g.,
only twa sequances were aligned to the replication
termination protein (RTPY. This resulted in unusu-
ally high levals of prediction strength {reiinbility in-
dex). In general, the correctness and diversity of the
multipie alignment nsed for prediction are crucial
factors influencing prediction BOCUrACY.

Unpredictable accurecy for nonsolubie Proteins.
The neural networks uged for 1D predictions were
trained on globulur water-ssluble protains: predic-
tions tend to be wrong for other proteing.’® The rep-
lication termination protein illustrated this point as
an ititeraction between dimers is crucialt*

Generic prediction of secondary strueture seg-
Meats. A fatal error for prediction-hased modsling 1
the confusion of helices and strands (which is above
average for two of the proteina in Fig. 2). An obser-
vation from many PHD predictions is that exactly
this fatal error happens in some cases. For the nine
conteet proteing, in three out of ten cases the enda of
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the secondary structure segments were correctly
predicted, but the segment is a strand rather than a
helix {two strandg predicted ans helix in RTF and the
strand al position 24-25 of prosud in Fig. 2). How
can o segment be placed corvectly if the type ia con-
fused? Stretches of some 9-17 adjecent residues (in-
put to neursl petworke) have preferencea for form.
ing reguler srrays of backbone hydrogen bonds.
Howewer, some short sequence motifs can occur in
both atrands and helices*® & region mwy have a
higher preference for forming & helix than a strand,
but interacticna nonlocal in sequence may result in
that the formation of a B-sheet is energetically more
favorable. Thus, the confusion between helices and
atrands indicates that the prediction ia focused on
preferancea for formation of reguiar secondary strue-
ture, rather then ob preferences for forming certain
secondury structure types. A hypothesis that would
have to be verified is that exactly those segments
are ronfused which are formed due to nanlecal in-
teractions.

WHAT DID WE LEARN?

First, predicticn of 1D protein structure is now
aufficiently aceurate to be useful na a starting point
for, a.g., threading technigues (single examples: Titn
Hubbard, Craig Livingstone et al., Geoffrey Parton,
Stephen Banner and Distlind Gerloff in this isaue;
for an eutomated threading methed™™. Second. in
some cased accuracy is suflicient to base correct
madeling of 3D structure on 1D predictions. Third,
even false predictions can centribute useful informe-
tion, For example, for the least accurately predicted
replication termination protein (Fig. 2) the 3D struc-
ture for one region was modeled accuratsly by mean-
force potential-based threading (Manfred Sippl, this
iasue). However, the threading-based modeling ex-
cluded the N-tarminal helix. This helix waa pra-
dicted correctly by PHD. Thus, reliable segment
predictions are useful ag a starting point for 30 mod-
eling, and PHL constitutes a tool for focusing on the
st veliably predicted segments.
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