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Evolution and Neural Networks -
Protein Secondary Structure Prediction Above 71% Accuracy

Burkhard Rost, Chris Sander, and Reinhard Schneider
EMBL Heidelberg, Meyerhofstr 1, D-69117 Heidelberg, Enrope

Abstract

Some 30,000 prorein sequences are knawn, For 1,000
e gructure (s experomentally rolved  Another 4,000 can
be modeled By homoiogy. For the remaining 23,000
Sequences, the lerriary structure (3D} cannor be predicied
generdily from Hhe sequence. A reduciion of the problemt
is the profection of 3D siruciure onto a ane-dimensional
Iring of secondary siructure arsignments. Predictions in
three siates rate between 36% (random} and 88%
{homology modelling) accuracy. Here, we present an
improvement of a rearal network Syilem using
iryermarion abowd evolutionary conservation The method
achieves 0 surtained pverall aecuracy of 714%. A st on
45 new proteins confirms the estimated accuracy. Of
practical importance s the definition of o relfiability index
af each residue position; &.g. abowr 404 of the prediciad
rexidues Aave an expected accuracy of 88%. The meshod
has beer made publicly available by an outomatic e-mail
Lerer.

Introduction

The nomber of known prolein sequences (30,000
Swissprot}, release 25.0 [1]) is growing much Faster G
that of known protein struclures (1,000 PDB {2]). Less
thany 200 of the kmown structures are uniqoe [3). This
simation underscores the increasing need foc heprstical
predictions of stmctural feanices of proieins. Suppose,
one has a sequence and wanis to know a3 much as
possible about the strpcture, How can theory help? Say
the sequence of unknown stuctare is SOS. IF there i3 a
pretein with a sequence similar w SOS in the dat bank of
Imown simactures, tiodet building by bomology allows
prediction of the strocture of SOS with reasonable
accumacy [4-16]. 1f not. i.e. if SO8 bejongs 1o the majority
of the §0% of known sequences which do nol have
homologuees of known structure {17], theee still mightbe a
chanee 1o model the fold. IF SOS is very shon, molecular
dynamics could pechaps help 1o {old it up [18-24]. IF 308

¥ Abbrevimions ured: 3D lhu-dlmlnunnl POA: Proscie Dam Bank
of koows thres-dimambossl siructorsd: 5witgpiol; das baok of Ehowh
sequencen; HSSP: daishwas of Homobowy-derived Sioucires of Prote aa:
DSSP Dncunm):f Seconcnry Siraciuras of Protzins; FHLD: Profile
{ihroa lavels of nerweric lor tha prediction of
srocmrey; 505 Sequencs of uakawn Staoctare.
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is 100 leng, ooe can try to thread the SO8 sequence inlo B
kmown structure, ie. to find a protein of known suchue
that bax a0 signiftcant sequence sinilarity 1o SOS but &
likely 10 have the same fold [14, 25-37], If this suempt
also fails predicton in 3D is po longer possible in general.
Thus, one has 10 simplify the problem. One exiwreme
simplification is the prediction of one dimensiooal saings
of secondary structure assipnment.

Here, we shall introduce a nowvel criterion for the
evaluation of secondary simuctuze prediction methods
based on asgments, and shall present 5 newral oetwork
meéthed What not oniy reaches o three-state accufracy of
11.4% by the use of evoluticnary infonmation but also
Improves the prediction in terme of the segmend score.
The high ievel of aocuracy is confirmed by an addicooal
lest on 45 recendy solved structures. The prediciion
methed s available vie elecuonic mail. ‘We anempt
provide a potemiial user of the method with a realisiic
ealimale of the aocirary to be expecied foe SOS.

1: Exploring the limits of secondary
structure prediction

1.1: Secondary structure predictlon between 35
and 88% in per-regidue meagores

A rondom predictlon of secondary structure in three
staies (belix, strand, and sest, here 1emed Loop) yields an
overall per-residue accuracy of about 35% {Tabls 1,
numbers given refer o the DSSP assignment of secondary
structure [38]). This value provides a lower limit for the
evaluation of prediclions. Eosty methods Like the ones of
Chou and Fasman [1%], Robson ex al. [40, 41] and Lim
[42] scored 14-19% above the random level [43]. In the
B0rs ibe value has been set up 1o about 63-866%, i.e. 27-
30% above mandom {44-50], How good can secondary
siracture prediction becoms? For quile some Gme it was
claimed that §5-70% was the uilimate accuracy obiainable
by metheds which are reswicled 1o the sxplicit use of local
information [51, 52]. There is evidance that this valuc has
to be readjusted.  Prediciions can be better than 70%, and
not just on favourable subsels of prowins [33). Anotber
question 1% whether the 100% mark is a reasonable goal?
An upper limit for a very accurale prediclion can be
deduced by comparing the similarity in secobdary

Procesding of the Twenty-Seveoth Annual Hawsii
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Table 1: Comparison of single residue scores

method N Nnrop I a On O |cory  coery com |l Sov
PDB 242941 140 B84 |88 86 99 (084 0B85 077 0616 897
RAN 12162 94 P52 23 2% 47 009 001 044 |0006 387
PHD 23191 128 714 |60 &4 TV [062 052 051 [03267 727
PHD ond% 9338 45 [7Tls (71 3 81 |0s&5 0351 032 |o2rg |7i8
ETH on % o068 5 (522 |50 47 7z |049 050 031 0139 1632
PHD on 5 06 5 716 e 55 #e (062 055 2054 0286 J¥52

Abbrevigrions fior methods: PDB: A set of 140 proteins
with similar 3D structure (54]. RAN: 94 pairs of largety
dissimiter 3D siructare [54). PHD: Neural network
system including indels cross-validaed on the 128
poicine of Table 2. PHD opd3: Same network tested on
the 45 protcins of Table 3. ETH on5: Results for 5
predictions of experts [53-38). The proteins are: lcpk:
cAMP dependent protein kinase [39]; csre: SRC tyrosin
kinase [60]; sh3d: 5H3 domain of spectrin [(61); pikd;
p85b_human, phospatidylinositol 3-0H kinass [62,63];
and nifk_gzovi: molybdenum-iron nirogenase ($41. PHD
oaS; Resuits for network system on the same 5 proteing.

Abbreviations for accuracy measnres: N; oumber of
residues in the dala set; Nppo,: number of protcios in e
data set. Qn, Qg, Qp. Qi perceniages of comecily
predicied residuoes: for all three states, and for belix,
simand and loop. cofrg, corrg, camy: give the Marthews

correlation coefficients [65]. [} measws=s the information
defined by [53]. Sov: fractional overiap in detail defined

by [54].

structme between sequence pairs of simitar 3D strocture,
A comparison of 140 prolein pairs of known structure
sbowy that these have about 88% of their residues in
identical secopdary structure states belix, strand, or loop
[54]. Soch a comparison reises Inieresting questions
regarding the measures wsed to evaluate peedictions, The
overall three state accusacy (percentage of comeclly
predicted residues, wsoally 1esmed Q3) bas been used by
most researchers in the fiskt. More information aboni the
qualily of a prediction is cobtained iv cofrelation
coefficients such as the ooe defined by Matthews [85], or
in an entropy like measure / {defined o the caprons of
Tabe 1).

1.2: Evalusating the accuracy of predicting
secondary structure segments

All these onmbers comparing the coreciness of single
residues ignore that secondary strocture elements aze
extended objects. [n praciice, it is more imporiani tn
predict roughly the correct placement of all elements than
10 predict some clements completely correcdy and olhers
completely iocormectly. A simple way to measure the
correctly predicted belices and strands i3 10 count all hose
which overlap at least for half of their length between
prediction and observation [47, 58, 66]. For random
predictions such a measurs scores at 50%., which is
permissively high [54]. More informacive is the fracdonal
segment overlap Sov. For the comparison between an
observed and a peedicted secondary structure soring, Sov
i5 @ $um over be fractions between Lhe rigion for which

h

both sirings have, ¢.g. a H (for belix) and the region in
which either of 'rh:_tlw.u (or both) han a H. For example:

chserved  HHHH , o3
predicied  ¥hmsm Yo e fraction: o
sov = 3, iy

where the sum is over all segments i, with lendi) being Lbe
lengih of the observed segment i, minov(i) the overlap
{upper bar), maxovii} the spanned region (lower bary and
§ an allowed devialion chosen to be < minov(i} and <
len(i}2. & assores that segments are counted as equal
which differ only ar the edaes (detailed definition in [54]).

Sov is obout 383% for a random prediction and abaut
W% for the comparison of the secondary stucre for 3D
similor protein pairs (Tabie 1), A reasonable definition of
the goal of secondary structure prediction is w predict the
segmients as well as could be done by bomology
medelling, ie. 1o approach a valoe of Sov=90%, and o
additionally reach a per-residue accuvacy in the qrder of
85% [34).

2: Improving secondary structure rediction
by incarporation of evolutionary Information

2.1: Settlng up evolutlonary records of newiral
sequence variation

The mutalion of a single residus ¢ypically causes an
approsimate reduction of the free energy differonce




between native and uniolded state of about lkealfmol
[67). Thus, the exchange of 3 few residves can already
desiablise & protein of more than 100 residues 68, 691.
Does this imply that two proteins with some different
residves have a differens 30 structore?  Random erroes in
ihe DNA lead to the wrong translation of the information
coded in the genes inta sequences of amino acids. These
crmars are the basia for evolution [70, 71]. The function of
a protein is mainly determined by is 3D structure.
Mutations resalting in a structural change are nod Likely,
since the protein cannat perform iis tagk. Thus, woly hose
errorxs are likely 10 be accepied which do noc alter e
structure [72]. Consequently, e known peotzins are a
record of exploraticn for variation of sequence with no
effect (o stracoyre.

How can the maximal varigtion be messured? A
practical way is to cotpare the variation in sequence for
prowting with the same stroctyre, This bas been done
using some 500-1,300 proteins of known structare [11].
The result is that a cut-off for significant SeqUence
slmilarity can be defined, such that it is very likely that
two protein sequences with 3 mutoal sequence identity
gbove this vatue bave the same structure. The cur-off
depends on the kength of whe fragments for which the two
Sequences can be aligned. E.z. for alighment length > 80
realducs 4 pair of prodeins with only 25% identieal
residues bas the swme 3D structurs, Of course pot any
Two residues can be exchanged anywhere in the sequence.
Instead, the possitie exchanges depend on the detils of
the stracture and on the physico-chenical properties of
the amino acids involved. Thus, the pauern of residue
subglifulion carries information cather specific for a

For the genmeration of alighments we used the
MaxHom/HSSP algocihm that builds up the alignment in
essenlinlly two steps. {n sweep 1, the sequences are
aligned consecutively 1o Lie guide sequence {SOS) by a
standard dytiamic programming method (73], Afler aach
s&quence hag been added 10 1he alignment an alignment
predqile is compiled. This profile contains the occumence
of cach amito acid at cach position in 1he alipnment, The
profile i3 used o align the next sequence. In sweep 2,
after all sequences with significane homology have been
picked from Swissprod, the profile is recompiled, and the
dynamic programming algorithm starts once again to
align consecutively the sequences, this time psing the
conservation profile as derived afler completion of sweep
1. In additiom, a conservation weight is calculated at each
sequence position of the alignmeny [17],

12: Using evolutlonary Informatlon for
predictions

Recently, whe use of evolulionary infonmation was
shown 10 improve the prediction occuracy both For
individual cases [55, 56, 58, 74-81] and for sets of
proteins [B2-84) . The first method thar broke the 70%
barrier in Q3 when tested on more than 100 unique

proleins wai a system of theee levels of multi-tayered
feed-forward networks ('neurai networks'y. In bricf, the
method is the following (more detailed descriptions ars
given in [53] and [82]),

The profiles from the muilipk aligiments ars used ag
input to & first level two-layered feed-forward network
(seguence-to-stracumre net’). This is done by shifting g
window of 13 regidues succeszively through the saquence,
The puiput of the nztwork consists of tree real nimbers
between  and 1 which give the probabitity for the residoe
al the cettre of a particular windaw 1o be io a helix,
strand. or Joop. The first fevel sequence-w-sitwcturm pet
outputs the prediction for ooe singte residoe for each
window. Thus, there & po explicit correlation betuees
the secondary strocture of adjacent residues, &5 oheerved
in real peolein siruciures. This shortcoming is corrected
by feeding the ootput of the first level sEqUence-lo-
Stracture net into a second level structure--stroctare
nelwork (with the input window exlending over 17

Table 2: 126 protein chalns used for training and
testing the networks

Representative set of 126 globular protein chaing with
less than 25% pairwise similarity for kngths >80 used for
training and testing the method (24,395 residues with 32%
@, 21% f. and 47% L, resolution < 2.5A for crystal
Struclures). Nomencloture: the Protein Da Rank (PDB)
idenuifier (first four charecters) is followed by the chain
{dentifier.

256b_A Zam 8abp Gacn lucs
Hadhy Jaje lak3_A lalp Gami_A
Sapi_B lazu Ibsc lbbp_A 1bda
1bmv_1 tbmy_2 3blm 4bp2 ab
Tem_A lebh IS 2ecy_A ledd
ledt_A 3cla Icin dorma dcpa I
Sepa Gepp dcpv lern lese ]
Goue Ieyp Scyt R leca Sudfr
Jebx Sord_E letu 162 C Ifdi H
Lidx Likf 2hr 2ixb 1xi_A
dfan Jpap A Zgbp Zger lgdl_D
Qgla_A 2gns 1gpl_A dgrl Lhip
Ghir dbmp 4 3mg B 2bmz A Shvp_A
Zilk kb Tied 1il8_A Jlos_B
1158 1tap Sk 2lhd 2lhb
ILrd_3 2An_A 2tn_B Slyz lmep_L.
Imev 4 Zarl L lova_A  2pab_A Ipaz
Spap Ipcy 4pik 3pgm 2phh
Ipyp % _3 2mhu lmn 1pp
Irbp Irhd drhv_l Achy_3 dihv_4
Im Trma Inp_A drn el
lsdh_ A dagb | 1<h] Zsms Zs00_B
2stv 2tgp_[ legn I Jtim_A 6tmn_E
2tmy_P Imf_A dis]_A 2 A lubq
Zulp A SwEn A lwp R Iway_A lwry_R
dxia_ A




consecutive resicues). The third level is the computaticn
of an arilhmetic ayerage over the culpus of several
independently trained second level nets (jury decision).
The networks used for the 3rd level (jury) are trained on
the same walning sei. the differences siem mainly from a
different orgder of presenting e samples during Lie
training procedure (53]

Such a network aysiem increases the prediclion
accaracy from zbout 51% to almost T0% by wsing tha
profiles derived from multipie alignments (82] and abave
70% by also using Lhe conservauon weight compuled
from the saquence alignment [53]. Can whe performance
of the nerwork sysiem be improved furher by usiog
additional input Information?

3: Improvement to 71.4% by use of indel
information

2.1: Coding insertions and deletlons from
alignmenis as additional input wnits

Sequence alignments typically allow for insertions and
deletions. Given the following (wo sequence simeiches:

LEEHGEWW Aligning without insertions gives:

LEEHGEWW 1e. three regidues identcal in both
sequences instead of two for the comparison shown
above. Allowing gaps. the optimai alignment has 4
residuss in both sequences:

LEEH. Gﬂ Dxeleting the E between T and G in the
fGirst sequence would bave had wbe same effect of 4
identical residues. Insertiobs and deletions can more
ofien occut in loop regions than in reguliar secondary
atructure elements like belix and steand {85, 861, This
implies that the number of inserens and deletions at a
panicular sequence position of Lhe alignment carries
information about secondary structize: the more inserions
or deletiony, the more likely it is a loop region (provided
the alignment is sufficiently diverse).

The infommation about insertions and deletions {indels)
was used for wie input of the networks by adding two
input units per basic celt. The input vector for the first 13
regidues of a protein is:

Q Ninali} a Nael? ]

- H.Dd TS - =1.,....“|'

52-_;‘.] Nau 524 2 ani for §

where N;, (j) is the opmber of inserlions Al SEQUENCE
position j of the alignmeny, Ny, fj} the number of
deletlona at that posiion, and Njj; the aumber of

sequences in the alignment (only introduced 0 nomulise
the input units 9 1) w is the window size {number of
conseculive residues used for ane input vector). The
choice of 23 (and consequenty 24 for whe next unit) is
because the 20 first inits ace used for coding the 20

differsnt amino scids, 1 for 1he solvent, and the 22nd for
the conservation weight.

1.2: Effect of the explicit use of Indel Information
for the input

Using the indel information for the: first Jevel sequence:
wo-structure networks increases the accuracy, using it for
the second level siructure-lo-strocture decreases the
accuracy. The number of indels is strongly comrelated to
the sequence infermation, Cansequently, the inclusion of
indel units pays off only on the first level of sequence-to-
sbruciare netwock

Adding the number of insertions and deledons in the
tnultiple aiignment increases the oversll accuracy by
anotber balf percentage point 1o Qa=71.4% (sevenfold
cross-validation on the 126 globular protein chains in
Table 23, The incranse in overall accuracy mainly s{ems
from a more accurate prediction for loop regious (from
4% o 71%). The percaptage of correctly predicted
residues observed Lo be in hetix or strand is inferior 1o the
syslem not using indels. This is explained by tha the
number of insertions and deletiopy s in particular
informative jor the existence of loop regicns [B5].

The improvement obisined by indels is a further
incrense of olmost one percenlags point over the Befwork
ignoring insertiens and deletions. And an increase of
SDmE 5-6 percenlage poinis aver the best results published
previousty which s not soicdy comparable due o
allowing for significant sequence identity in Lhe data [47.

Studying evoluton obviously helps tremendausly in
efforts ko predict secondary swucture, Two gueslions
arise: (1} How much of the inprovement stems from the
inpeovements on the side of the neural networks (3 Jevels,
balanced leaming scheme [$31)7 (i) How does the result
compare 10 noo-perwork methods using évolutionary
information?

(i) There are three main components which improve the
performance on the petwork side, First, the jury decision
£3rd level} which is about one percentage point supetiar 0
the best second level neiweck. Sscond. Lhe balanced
training procedure (presenting belices, srands and loop
examples equally often during taining), which increasés
the accusacy for strand by more than 10 percentage points.
And third, the use of a second level which does scarcely
influence ihe overall accoracy (from &.g. 63.1 oo the 1st
level 1o 68.9 on the 2ad level), but Lhe kength dismibution
of the predicted segments is more proiin like and e
improvement in terfns of e segment measure Sov is
from 69.2 1o 71.9%. Thus. in terms of overall accnracy
about 2 percemage points siem from enbancing Lhe
network, Withour using multiple alignments a one level
petwark results in about 1% overall accuracy when
cross-validated on the 126 proteins. Consequenlly, about
9 percentage points of the increase stem from the use of
multiple alignment information. About 2 of these from
the ndditonal usage of conservation wetghts and indels.




{iiy A compurable increase o the one of the network
sysiem frem 57.5 w0 66.1% for using the Robson method
{40, 41, 87) with multiple sequence alignment informotion
wis reporied eardier on the basis of 11 protzins [83]. A
comparison using the same proteins on a statistically
significant pumiber of samples is missing. One possible
comparison is that with the expent predicions of the ETH
Zirich, which can ¢yerently be based on five proteins
(Table 1), On iy small set of examples 'man with
machine’ does some 14 percéntage points better Ly 'man
withonk machine' [88].

4: The reliability index provides an accurate
measure for the accuracy of the prediction

4.1: The expected varlation of prediction
accuracy with protein chaln Is some 20%

The numbers might be jess interesting and largely
confusing if the only thing ot wants to dnow is: how
good is the prediction on the 1651 prolein $Q57 The
discoumging message o (he potential user is; for the 126
prodeins used in We cross-validadon lest the standard
deviation wat 9.5%, i.e. the prediction of O3 is likely 1o
be 714%19% accurate (the interval of + 2 stndird
deviations covers more than 95% of the samples). But
matters coukl be significaniy worse. Secondary struchure
predictions are successful in capturing the clichés
contained in the data bank. 5o, the moce unosial 508 is
compared 10 known structires, the less likely is a good

xediction.

4.2: 36% of the residues predicted at the level of
homalogy modelling

A more encouraging message for \he user is that the
network prediction allows the ideniifcation of regicns
which are predicted with higher reitability. About 36% of
All residuss are predicied at mn accuracy of 88%, ie
comparable o whai can be expected if homology
todelling were passible for SOS (Fig. 1),

A different question is: how reliable is the corecmess
of the prediction of a helix oc a strand? We compute the
average reliability index of all gredicied segments and
evaluate the correciness as a function of the average
eelishility (Fig. 2). The result is that abowt three quarters
of all predicted helices score at a fracrional overlap
SovxB0%, bt only a few have Sov»00%. This relatively
poot performance stemx from the Fact that the fractional
overlap is higber if compuited as the percentage of
observed segments (Sov=72.7%} than if compuied as Lhe
perceniage of predicted segments {Soves7.7%). In cther
words, the probability 10 predict all observed sepmenis
essentiaity correctly is higher than the probabilivy thay all
predicted segments are comrect. For SOS his implies tha
a residue peadicted to be in a belix with a retiability of 9
has a chance of »>935% t0 be correcy predicied, but the
hatix predicled around that wesidue might have a differsn)

88

placement andfoc extension than the prediction suggests.
The segmenls predicted with bigher reliability could be
used for 8 molecular dynamics minimisation using the
secondary structare segments as rigid bodies [90],

Figure 1: Expected predictlon accuracy for
résldues with a rellabllity index above a given

cut-off
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Plotied are averages of the thiee stale accuracy over ali
those residues with reliability index »n, n=d, ., 9. E.g.
abent 22% of al residues have R1>7 and of these 92% are
correctly predicted by PHD,

Figure 2: Fractional overlap for hellces and
strands vs. average reliabiliiy per segment
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The average reliability is computed for all predicted
helices and sirands. Plotted are the fractional overlaps for
all segments predicied of an average reliability »n, n=0, .,
8. E.g.. about 25% of all belices yield a value for Fov
{caplions of Table L) of about 85%. By deflnilicn the
numbers given here arg the probabilities for a predicted
segment (0 be correct, whereas the numbers in Table 1
summarize the probabilities that an observed segment is
correcty predicled.




Figure 3: Predictlon accuracy for 45 proteins with recently solved structure
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Here, the averages in Sov and Qy are computed aver
protein chains, whereas in Table 1 tie sverage is given

over the whole data 321 of some 9000 regidues. The lact

that the per protein avérage io Sov is lower than she coe
given in Table 1 shows thot some shon proteing were
predicred at an accuracy {in Sov) worse than averags.

5: The antomatic secondary structure
prediction from Heldeiberg

If Iheoretical toois ane designed to contribute 10 redocing
ithe sequence siruclure gap, lben the improvement of
secondary struchre prediciicn methods bas a reason only
in case the method is made available to potential vsers. If
coe waRts to predict the secondary structure of SOS one
might feel inclined 10 use Lhe best available method o do
36. But which one is that? The comparison of dilferent
methods i3 made difficolt in that most methods are
evaluaed on differcot dala seis. Omne way out of thig
dilemma is o et up an automatic prediclion service vin
intermet (for instmctions send the word ‘help’ to the
tmemet address; PredicdProeln@EMBL -Heidelberg DE),
The PHD method can now publicly be tested on new
proteins. Thos, the method might be uséd a5 3 reference
point for the davelepment of betier tools,

The owtpur of the server consists of a multiple
allgnment geperaied by the program MaxHom [11] and
wriken in the format of the HSSP files (availoble via
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anonymaous Cip: fip.embl-heidelberg.de), and of the
prediction of secordary structure in three states. The
accuracy of the prediction depends crucisity on the
information conlained in the muitiple alignment. In the
first nine months of 1993 some &§000 predicuions were
requested.

6: Evaluation of PHD on 45 recently solved
proteins

The #HD meihod has been shown to yitld on average
{25=71.4% and Sov=72.7% in a multiple cress-validarion
lest on 124 proteins. Two questons remain, {i) How
gecurnte will the prediciion tyen out 1o be on the next 126
proweins the stroglire of which will be experimentally
salved?  {ii} Has the leating s&t influenced the
deveiopmenl of the method, iz, was the wsoit inplicitly
opimised on a given data sei? Afier we had performed
all analyses we tesied 45 proweins which bad no sequence
similarity to those used for waining (Table 3), The resulc
confirmed the values obwined by the cross-validalion:
Qy=71.6% and Sova?2.8% (Fig. 3, Table 1), This




jndicates thai (i) Lhere is a good chance for the network
method to score equally nigh for the next bundreds of
proeins and that {ii) the alempt W nal optimise the
development of the method with respect to a particular
data set was successiul,

In Flg. 4, explicit examples for some cases are given.
The zinc finger DNA binding domain {PDB code; 3znf) is
predicied 10 have no regolar secondary struchuse at all,
when only the sequence itself is used. An alignment with
7 sequences improves the result significantly (aithough
inferios to the average). The ant-frecze protein ype LI
{Swissprot: aopc_macam (89]) is predicled almost as
badiy a a random prediction would do. The prediction of
the anti-freeze type | protein (1aif) confirmed the model

Table 3; 45 proleins with recently solved
stracture

“The 45 prawein chains were chosen from 2 much larger
Protein Data Bank 'prerelease’ set snch that they all have
less than 25% (for lengih > 80) similarity to any of the
proteing in Table 2 used for uaining the etworks.
Nomenciature: where possible the Protsin Data Bank
(PDB) Weatifier (first four characters) followed by the
chain identifier is given; else the code of Swissprot is
nsed.

lace: scetyl cholinextorus: actl: actin {vompiex with DNAse
I); pe_macam: antifresze glycoprotein wype III are: Arc
reproscoy DNA-binding protein: leok: antibacterial protein
colicin A {c-terminal domain); leox: choiesterol oridase,
lopk_E: ¢AMP-depandent protein kinase: care: shl domain of
tyrosine kinase wre; 1éfn_B: defensin HNP-3: dp3b_seali: p-
subunit of E.coli DNA polymeraza IN holoenzyme: Lend:
glutathivne yynibase; Seni: enclase; L phosphocarrier; 2(g1
basic fibroblast grawth factor: 2gbl: pratein G (bl domain);
1gly: ghcoamylnss; i gmf_A: granulocyte -masrophage colony-
stimulating factor; Jhee: glycoprotein; 16t complement control
in of facior b; 16dd_C: engrailed homeodomain complex
wilk DNA; 2bip_B: high potential iron sulfur protein; Lhrh:
ribonuclesse H domaln of HIV-| reverss transcriplase: Lhsc:
besl shock protein hscTd: bak: yeast bexckinase by lifb
intestinal fatry acid binding protein; 1msh_A: mannose binding
protwin A (lecin domaiti); luxf_phole: flavoproisin related ta
bacteriat luciferase; niflk: nitrogenase malybdenum-iron:
lush_B: nauraminidace sistidase; 5p21: CH.-ras pl1 protein
famino acids 1 - 166% pdr: phthalale dioxygenase reduciase:
1pi2: serine proteinsss inbibitor; pikd: phosphandylinoaital 3.
kinase; 2pké: buman plasminegen kringle 4: poul: PO -specific
domnuin: Lrop: ColEl repressor of primer, mmra-su rotinoid X
recapior a DA binding domain; 1aer_A: endoribonucleass SA:
Jscp_A: sarcoplamic calciom binding protein: shl: w-arc
iyrosine kinase wanaforming prowsin ¢hi: spactrin SH3
bomologus domain; lsnv: sindbis vine caprid protein: ulx
RNA-binding domain of UL 1mall nuchear ribonucleoproleis Al
Sirx: thioredoxin: Jzaf: zine finger DNA binding domain.
ia_A; GCN4 lescine 2ipper.

i

with almost 100% per-residue accuracy, The prediction
of the ATPase fragment of heat sbock protein hsp70
{1hsc) is abour average. An interesting demil Ls that the
helix predicted around residuss 54-72 is almost comect
the 3D stmeture has a helix-like wm,

Conclusion and cutlook

Secondary sirusture prediction metbods operate in a
range berwesn 35 and 88% three-state acowracy. Until tbe
carly 90's methods bave hovered about 60-66% overall
accuracy. Due lo lacking rigour in the cvaluaticn of the
results, it is likely that 60% is closer to where wedlction
methods score in practice. Tt is not sufficient to evaluale
prediction methods based on per-residuc measures.
Insiead, the accuracy I ierms of segments abould be
taken into sccoust. The evolurionary informatica
contained in muliple alignments can be uscd to pash
prediction accuracy over 70% by using 8 three lewel
system of neural oewworks. The performance of the
npelwork sysiem can be improved by expliciily using the
information about insemions and deletions contained in
the tultiple alignment. The final systcm scores at
Q3271.4% and Sovw72.7% in a muliple cross-validation
test on 126 proleing, A test on 45 proweing with mcenlly
solved structure shows Lhat the high level of accuracy is
likely to be a reasonahle esiimale for fulure prediciions.
Prediction accuracy is pot equally distributed over all
sample proteins. Instead, there is a considerable variation
with the protein ¢hain. Howsever, the network meihod
pecmits an assessment of the reliability of the prediction:
16% of all slies are predicted at & Jevel of 83% acoiracy
which is comparable 1o the prediction by bomology
modelling. Meihods for the prediction of secomdary
structure bhave an impact on the resepcch in molecular
biology only if they are made avaiiable o poicotial users.,
The netwark pregictions can be obiined by clecuronic
mail.

In the wake of larpe DNA-sequencing projocts, one
requirement for prediction of stroctural fearores is speed:
ihe automatic predicrion of secondary struchare can caily
keep track will sequencing. Another requirtment is
guality: the prediction accuracy has besco improved
significandy by the profile network method. But, is this
wanh while e effort? A praclical answer 1 given by the
communily 0f people repeatedly using the prediction
service o assist their research in molecular biology.
However, there afe two severe nesaiciions of 1he mehod:

(i} Most contemporary theorsiical predictions are
succeasful a1 most for the clebés in the data bank. The
number of folds realised in nature might be limited [X),
91]. This makes it promising 10 leam from already
exisling cases. But, new moiifs alypical compared o
what has been found so far, cumently cannot be
delermined other than by experiment. (i)  The
description of 3 PrOLEIN stractire as a one-dimensional




Flgure 4; Some expliclt examples for neural network predictlons

protein  3znf {zine Gnger DNA binding domain)

- [N 3.
AR |RPYBCSYCNFSFETKGHLTHHMKSHAHSKKI
cbg | B B HHHHHHHHH i
FHD | 1 without aligronent
PHD | EEEEEEEE HHHHEHHH I with alignment

prolein  anpc_macam (ant freeze prowein type 1T

......... 1. e LR LR E

4o T P

Ah | NQASVVANQLIPINTALTLVHMRS EVUTEVGIEAED L PRLVSMOVHRAY PLETTLMPIMVRSY PPA|

EEEEE
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bs | EEEEE EEE EEEE
PHD | EEEEEEE
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protein  Lhsc {ATPase fragment of heat shock protein hsp?0, oniy Lhe first BD of 382 residues shown hewe)

EEEEE
EEEEE

EEEEEEE EEEE EE
EEEEEEEEE

obe 1

PHD | EEEEE

Abbreviations used: AA: amino acid sequence; Obs:
ohserved secondary structure;  PHTY; predicied secondary

siruciare. The secondary stroctore is assigned by DSSP
[38] with the abbreviations: H: belix; E: extended strand:

, R . R R ]
AA  1KGPAVGIDLGTTY SCUGVFANGKVETTANDOGNATTESYVAFTDTERL IGDAA KNGV AHNPTHTVFDAKRLIGRRF!
EEE B
EEEE

EEE HHHR
HHAHYHHEHHHEHH

HHHHHEHHH

G: 3y helix; B: f-bulge; and spaces for Joop regipns.
Note: [or waining the network and for evalusling the
accurncy, 310 belices were converted to H, -halges to

Toon.

siring of secondary struclure segments is one of the
most drasie and simple reductions of e underlying 3D
reality, This reduction ¢an be helpful coly as long as
more advanced methods are missing.

Secondary wructure predictions can certainly be
improved further. The goal for such improvements
ahould be o increass the acgment accuracy (SOV) in
order o orien e prediction more on the real goal: the
prediction of 3D stucture from the sequence.  Whal
shouid be the next sieps on the road 10 proctically solving
the protein folding problem? To render practical
contribuiions to the pechiction of the growing gap belween
proeing of known sequences and those of known
struciee, theoretical wols will have 1o be impreved by
increasing the dimensgion of the features thal are predicted.
The goal is a prediction of 3D stuckuee, this shoul] not be
forgousn while anemypting 1 imprave predictions in one
dimension.
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