Biclogy amd Biochemisry

G4.1 A peural network for prediction of protein
secondary structure

Burkherd Rosr

Abstrurl

Curreally, the prediction of o three-dimensional predein structure from a proten sequenes
poses imsuetpoeunlohle dificultivs As an inlermediste siep. o moch sbinpler ok b boen
pursted extensively: predicliog ate-dinendonal sidngs of secondury strociugs. Hege,
W eoinposite neural aelwirk B4 desaitied which predicis thoee seeondary-strocture sutes
(helix, strund, eopd. The netwank systom comprises beo Jevels of feed furvard etworks
(one midden layer eoch) amd a o jury decision over differently trained networks.,
Trulning is dvme Ty e wlaptive-lke bockprapagulion.  An imparanl key feature of
the system is tat the input is not only the sequence of one profein but lhe peobile
of w st ol seguencas from proleins which Dave the s threedimensional sirctore.
The vombination of b problamespecific Gpology wmd the proprogessing of the it
lprove prediclion avcuracy from 629 to 72%. Furthermore, the specitic wpolopy wnd
truining proseduse successfubly coneot for shorvinnings of beth sinpler nouul netwaek
and claxsica)l melbiods, Chver the List few years, the network systemn has heen the best
autvenic predicier e o very compeilive wed af resanch.

Gd 1l Beioedoetion we preded i sttticture predicths
G £.F.0 Prodein fiditerg

Proleing age frwed by joining umise acids jado o Tong siretched choin, the protein seguence, They differ
 lenggth (rom 30 1o M000 mmioc acidsy omd i ibe wangement of the amipe Seids (el led residues, When
jvined in pootelnx). Inowaler, tha clain flds iata o unigue dree-dimensional structure. The mujn driving
loorce for folding is the pest o pock aesidues Re which o cortact wilh waler ix encrgeticafly unfavorulle
(hydsiphubic residues) int the intedor uf the motecule. This is only possible i te potein fuans regular
palterns of a i e suhslroctupe Gilled secondary sieuclupa (fgure G4.1,.1); For un introduction wee
Brindén und Touze (1591}

G 112 Segremee—tinniam e

Tatlay the seqpuence 4 Kacsn fr e 1m0 (6060 proveans {Bairoch and Boeckimann 19923, bai the theee-
dimensivnal shucdunes Lor only 000 bave been dulenniped by crystsllography (Berngeln e of 1977,
Large-scabe gome sequencing projecls inerease this sequeave-strciune gap funter (Oliver of al 1992).

(L LR Proacts strmcie preediefien

Protein uve-dinsensivnal structups datennines protein Tunctive. 18 is woll eutablistud that the Thees-
dimensional structuee is uaigoely determined by the sequence (Aafinsen 1973). Thus, in principle, three-
dimerstonal staucture could e predicied fnwn it principles. Unfurunately, the CPU time requlved i
many orders ol magniwde beyond Galay's seope (van Gunsterze 19, Yoneyo of of 1903), However, it
is of practival impertanee W know e tree-dimensional steucture, for eXample, for rational drug design,
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4.5 54 Prodein steuctiee predietion by alfproent

The evalatiopary pressur: conscrves prolein fugetion.  Thus, protein structure 13 more conserved thon
peguence. Evolwiion bug created puine of proteine which buve dmilis sirucrure but only 25% idonticad
residues (Sunder and Schneider 19917, Therefore, three-dimensions] siricture can be prediceed aceurately
by bewratogy i o protein whik suflicient sequasoe jdentity and kaown throw-dimensional strocture ie Tound
in the datahank. omalogy modeling raduces Ihe sequene-sinweiom gap by abaut 10000 proteins (Sander
and Schnsider 1903, Kot and Samler 1496405

G L LE Dhrostie sinipd ifeation of Wre prediciion proflon

If homology modeling is not upplicable, (hat s, fur abeol 20000 of ke known sequences, the prediction
problan bus w be implited. An entewe sioplification (e the pradiction of one-ditnensional stinge of
socombiry-elructure ysigement (figere G441 1), One o] thut hak been applied o various epecis of the
prodein strociure prediction probbem is the aditivial neural network (ANNE (McGregor ¢f ol 1980, Bengio
wed Py bl PRRL Budw of of 1990, Bawesa amd Puscavella 1990, [olbrook of of 19X, Kneller of of 1990,
Petersen of eff 1% Brunak 1991, Foedrichs of of 199], I6mt and Stemberg 1991, Bihm ef of 1992,
Fercin wnd Ferrarn 19926, Geerdo and Fovaa 19920, Frishman and Argos 1992, Goldsteln of af 19820,
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Fleure G014 Sirvetusal represe alidivg ol 10V 1 prolease with PR5 (o datshonk of prodeias witls knowo
Mitee- M neigional srucured wole ITTHE (Bemnstein el ol 19710 in ooe swd Hoer il nSione, () Al e
avidls fur A Biral 33 rewiduen (o 1eiter coke, Bl colunn ), alignoend of Qe proieinn witl the aoe
thoec-dirncnsivial sructure as IV-1 pedense Csecuml ol seoomary gavture ootiputet e e
dinwenivianl slructide wdiag e rogron OSSP ddictonagy of ceconskoy sidiciures of pesielnw, 2 progron
i wounpules secnmlar y-stouolure e e T Dreesdioeieiona weonlipames, Kabeds and Sander 14830,
10, seeaimd =14 fest = blkt {hind volumad; wid wiypdcal peestichien by Ose neurod uol vtk progras (e wwl
Sawler W50 for sevuwlary seusture (o indics, Tisual sslunad, 08 The pooted n chain s tiree-dinensisng
Ix pluotne ] et ol ly s o cibbon. Siruods ace dulicaeed by rows; T ot elin v oo che right uwarda
{he canl of 1he pendein. firaply by Ottt Chuzownis {Earmpean Maoleculor Biology Tobieoory) weing the
pretgenim MOLSCRIPT (Kruuli 1U%15.
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A ueural netwark for prediclion of prolein secondary structure

1992b, Hayward and Cofling 1992, Muskal and Kim 1992, Pancoska er af 1992, Xin &r af 1992, Andrade
ef ol 1993, Dubchak ef al 1993, Fariselli er al 1993, Fertdn and Pllugfelder 1993, Maclin and Shavlik
1993, Melfoysel e gf 1993, Presnell and Cober 1993, Rost and Sander 1993¢, RHost and Sander 1993a,
Sasegawa and Tafinta 1993, Tehoumatchenko ef @f 1993, Dombl and Lawrence 1994, Radomski e af
1994, Rost and Sander 1994a, 1994¢, Tolsiup 2f of 1994),

G4.1.2 Desiph process
G4.0.2.1 Motivetion for a neural nenwork solution

Even the simptified 135k of predicting secondary stricnire is a difficult problem. Thus, secondary-siructurs
prediclion becane & playground to apply any lancy new pallern clessification lechnlgues, for example,
neuryd nelworks (Bohr er a7 1988, Qian and Sejnowski 1988, Holley and Karplus 198%). The hope was
that newral nerworks could use dgher-order gamelation in the dala. However, this falled—neural networks
wilh and withowt a bidden layer were cqually eceuraie {1lolley and Karplos 1989). The motivation to
try axain was twolold: first, evolulonary records provide a rich resource of structoral information which
should contain higher orders of cormelation; and second, some disadvanlages of both peural ne(wrk and
non-peard] nelwoerk predictions shoutd be correctable by alternatives to backpropagation fraining (Sinlorg
el al 1992) or composite neural networks.

d.1.2.2  Generu! dexeription of the neurol function

The wask is to classify restdues from a prowein oo three secondary-structure Lypes. A window of 4 adjacent
residues is taken from a proteln sequence and input to the network. ‘The owtput congisty of (hr2e units for
the secondary soucture of the residue In the cenler of the input window. The window is shifted through
the whole proteln, such that o protein with R resldues provides R classification examples.

Gd. 123 Topaiogy

Helices extend over al least four residues; the average length of a kelis is typically some ten residues.
A simple neural network as described in the previous paragragh does nel caplare the correlation between
secandary-structure siatex of adiacent residues. Thus, for example, the avernge length of a predicied helix
is about four instead ot ten residues. Correlations between adjacent residues can be introduced by using
a seCopd level of struclare-to-structure neural network {figure G4.1.2). Such a second level of peural
netwark improves overall predicton aconracy onty marginally (CHan and Sejnowskd 1988}, bul the average
length of predicied secondary-siniiure segments is more similar 1o observed averages than for the frsk-
level sequence-lo-struclure neural network {Rost and Sander 1992, 1993h, 1994b). A further difficulty
wilh 3 simple neural network is that dilferent Iriining procedures result in different predictions. Which
OLE 10 tkeT A stmple solution s 10 compute an arilbmetic average over differently trained networks (jury
decision or committes machbie, Hanset and Salamon 1960%. Such a third level improves overall accuracy
and wends Lo combine the wdvantages of ditteremly irained neiworks,

G4.1.3 Training methods
131 Balimced training

Neural networks frained by backpropapation (Rumelhars er ef 1986) in an on-ling mode {updated for each
traiming pattern) typically resull ln a three-slate accuracy of around 62% Rost and Sander 1993b, Rost
eral 1993). The accuracy is vory unhatanced between the theeg secondary-siructure types (helix 56%,
strand 41%., loop 7a%). This reflects the typical distribulion of secondary structure in the data set: 32%
helix, 21% strand, 47% loop (Rust and Sander 14992, Rost and Sander 1994a), A simple way to balance
the prediclion and thus (o more accurately predict the miost abundant class of strand ks an adaprive-like
traiming: inswad of choosing the training samples at random from all examples, now at each lime step an
example ks chusen a random Mrom each of e three classes (helix, soand, looph:

IE palr}

AW, i+ 1) = -2 oW,
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Fleerr G4 LI Theve-lewel epabon Gor prodictisn of seconsiary Stoschere. {er} Fion level, segUenes-to-
Slroefure petwaiks 3 wilcew of o= 1Y wijacest Tecidues s shifled oough ol proeios. For et wimdow
M Tk oof e mebwnrk o de puoalicd Al secodacy stouctute sule of e contral resilue (73, W, WY, Neural
et work: viidiredional copnedions Noeober of unite (e lpure G414 M, = 536, ¥ = 15 My = ).
1) Secum] Level, strwcturedo-airacione netwarks 3 wimduw of oo 17 wljieeid renidues Lo dhifted tirsugl
all poedving. Agam e task i B peealivt (e secanlacy structuce br Uee centrol residue. But nowe the jnpat
mre e vsunpad viloew i, o peeslicnicies) s b lean by ve ] etwork (e sl e aeconl level predicin
the sevemklury wructune for Woon puition (1. Neuga) nelwork: wnblirctional comreclions, MNuber of unily
(e fipure G413 W @ 637, Moo= 15, = 5 (0 Thind lovel, jory declchar: (e awpml B hitferendhy
iraibed] networks (ligure Gd.14) T Ibwe saoe sequence position i ;ummed-  The sesomlwry-stiruciure
rEediction fur cashlue Woar seiee e [ ltici i aasigmed L the woit will tie o ma] sum.

wilh the lewtning tate ¢ Caet o 0U08), the momenluim temm o (it to 0,2], the algodthioge e §, and s
Epny!

1 1
Eain = E E{“r - n’ufr:l: {Ga1.1)
H—Ll k=l

whuie Ilf W the vulue of oulpel Wil & dhelix, ko= | stand, bom 25 Lwp, kom0 39 For pattom, e, and d: the
devived value for unit & feg for k= 1and o= 1, Ge the fest ouipet wnil of the helis cxample. d = 1 if
thar venlral esidue of pattern g in helin, apd = 0 ohepwised. The sheee patiems jo ane chasen soch th,
for exannple. = 1 represents o helis: p = 2 o strand. ond g0 = 35 loop. Training is siopped when the
accoracy has reached T6%- Thic empirical valve reflocls o flal cwve for overtraining; thal is, slapping at
values of Fi-H5F resaluad in oaly marginal differvaves in teow of generulisnion). Such o tmining et
in a more balanced prediction vequrasy (helin 39956, straml 38, loop 61%).

{34032 Trefering inid testimg 5ol

To evaluate the gerreretiztioe perfongere, melifold onoss-vatidation experiments have o be performed:
the ot sed conlaining [26 poateing is aplit it seven pactilions 108 + 18 proteins. The 10% are wwesl
for Waining. the L% oo wating, This e repestted seven Bmes (e seven neural networks ore troimed
independendy) until gach protein has been used onee for lesting. Two poeblem-specifle constoaints are
impesed o the data wol. Fivst, sequence simabaiily Between iny two proleins sl hay o ba hower ihan
25% {Rander und Schneider MFHT, ux abiwe 25% sequenve identiy twanobegy wodeling is applivahle and
i cleurly supenivoe b ainy ol atfun prediction, Bost gf ol (1W00), Second, (he size of the sel should
he xulfiviently lange as prediction sconpacy differs berween proteing (Rost und Sunder 19932, Rost ef of
1993). Sets ype faken Pown PDB, (e databunk of Kneswn three-dimensionsl strucires (Beenstein et af
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A neurl network for prodiciion of prstein kecondury strctuce

1977), Cunrenily, there dre mons than 200 unique proteing of known three-dimensions] straclure wilh
more than G0000 rewdues (ie puttems} in tol! (Llobolin und Sspder 1994). Socondury struclure can
be compiled wviomatically from theeesdimensional structume amd f3 stored in databases such os DSSP
{Kabsch wod Sander 1983%) or HESP (0 database of the bonalogy-derived swuclures of prodeing, Samdber
and Schnojder 1993).

Gd.14 Tupul pruprocessing
(LA Tt condimg. wiogle seguemcs

Fach residue s voded by 20 inpal wnitx fur 20 differenl umine seids. Dinary coding {19 unlls » 0; one
unit = 1j is 08 good ay or botler than any elernative coding scheme (Charkauer and Shaviik (993, Rost
143, Ruost and Sunduer 1993, Mazu 19} Tis allvw the first und lust redduos af o protein o e used as
e centru] pesidue in o window, an shlisional 20t inpu? wnil is psesd oy o spacer.

Ga T2 Jupar coding, sanltipde ligromeat gprefiles

The elaburted neual netwik systein descibed so Tar §s <0l Limited w4 poclonnunae uuenrey of
ubout 65%.. The input infornation is not sulficienl.  As stled shove, nuluslly evalved proteins can
encliange alwoun 5% of Weelr rsidues withoul changing the throe-dinnensional struclure. Such ewolutionacy
inforination 34 highly spevific Bor theeeadimensionu] slroctuee {fgere G413 and cun thus be used
for prodiction {Dickerson of of 1970, Maxtiold and Schecaga 197, Zyveletil et of |987), Profiles of
wvolulionaey exchanges dre loken Gom TS o dolsbgse of Ivatubogyodedval medictions {Supder snd
Schnedder 103}

Tevpiif vl i sequones

Suquenuces Aligimeil Prufile
A C D E d B YV Him udel Zomy
oo o ¢ O b 4 & 0 11
M o 6 6 € b 0781 o D47
0 oxbe TeTTW H e T 3 ol
LA I L O O .- SO B 1
& 9 00 30D o 'p 1471
6 & ¢ 0" 0D @ @ ‘0 0N
0 0 0.0 33 O o6 0 0 . 0dB .
fapud plobal in sequence
Annine acid oontent i whids pnoein = X units
Tangihoof prolein = duniix

Distonee oof witdeow to Trggeanm i anad e of prolein =2 = 4 unils

Figure (413, Preprocessing input dwa. Firs, o protin it taken oo PDB (Bomeicin ee af 19773, then
Mulvine Wil winiler scgueawe are gearedwil in SWISSPROT (u duishank of Knuvwi Pdcie seiuenoen,
Dairwch aml Bueckmany 1993, Tor waturglly evlved peoteing it in pomsible twoacleo prseine of
latisrognua oec-dinemsug ginelure rurely o e basic o seguenee ideatity [Saupler aul Sctuwider
P Thonmilogues (theee Tered ane aligmad witl the aligomem progran MAX HOM (S ayder aned Sehneiter
LULY. At ool resilue pustition e wecwrewe (perecntage) of ead aomie acid (given in sne-leter cucde)
is wenmkpilenl silemg witly thee aumibeer o isertio s (B oiml celetinns (¥0e)) neconsnny o ramber an oplicel
aligwnwnl, Fuha profibe iy fed as inpa filo the nearal setwark, instend of jual e teguenwe of Uk e
retens. Aculs Ioaml 1 are nwdwdly e sliilar in terma of tieic bichendenl poopetfes han E ol
C. The gunervaniun wenghl {Cuansh reflees e degres of sindlacity of Uie cesities Towd at 2 particular
pasirion oF e i miieent { Bost and Sancder D#73:) To wdation o e informdtion locally ovoiloble Moo,
for exanuple, 13 bjaecnr aesidues. lobal ilwoslion an be wuippibed, such as e mioteol of coels nming
aviel in b wlide protein, il Length of the prodein. or Mie distanee of Qe winkew o the beginhing and
el ol W profein,
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A meurl netwuock for prodiction of prutdn secondury suctuze

ALY Further prepracesitly af imuil

Alignments ol bunologous proteing contain fuley details {Bgure G4.1.3). Birst, the mon insertions and
delelions Rocescacy b rondor un oplinu] alignment e more Likely this rogicn wocure in o eop, Second,
conseculive siretches of high vomservation of phy sivochemical properties of exchanged amino acids oftea
indivate 1be presence of either o helin or u deand, Thind, e umine geld eomposltion of te whols prolein
i speciiiv for vertain types of proteing (e.g. all-helivel proteinst, [afonnation shout the protin clase (e.g.
all-belivul) van improve prediction sccurucy further (Knoller ed of 1990} bowever, in pracce this marginal
gain is lokt by the inuceutuey in prodivting the chise (Rowt snd Sonder 19920,

Gd.LS  Ouipol Inwepretailun
CHLES D herw ebewivion vver wariais meurs! wenwor by
"The Tl tutpd o e composile neural nevwock 25 un uriflimels sverge over 12 secomd-level structupe-

lerstructure peurgl networks (figore G401 23 which differ both in e weining medudd and the jnput
prepocessing (Rgore G4.1.4),

Firsa Jeve!l: xequence-to-siruciure  Sccond level: siruciure-fo-simclure Third lewel:
jury decision

halunced trnining. i oul 14
# gunservation weighl

unluluneed truining, Inc oul L 1
+ Cunservalivn weighl

inpul; profiles

+ conscrvalion weights

+ tumiber of indcla

& i aucid comient
will Falaieed Iraining

bolumyed friming i ous Lsl
# Cunsinrutivn weighla
+ i suill conienl

npul: pruliles

+ voliseival i weighls T"Hlksee
+ nunber of indels wrbalunced truining: in: oun La

+ aming acid conlent + conservation wrighls 6

+ Jeangth of proiyin + amlno weid gonient networks

+ dislance ol window L
begin and end ul'Fruhtn
wilh balanced Imining

ced alning: Ia: oul 1s

+ conservalion weighis

+ um o scld coneni + leagrh

+ distance lu begia and and al proiein

unliafupeed Irainiog: i cul Lsl

+ conseryalion welphts

+ wiino acld content + length

+ dirdince 1o beyin ond end of prolein

Figurr a4 Generating ilaent nelsorka for juey decisivn. The hial predivtinn of e CLHIYwiA ]
weul nctwaick 28 aw arilueetic avetipe fjury deciciood weer 13 cifferem nedral mevworks. The neurat
et o ks chilTer e tenining vwes e Johadones | a el T lawed fruiming (e sedtion G120y sl dilfersni
preprocesing el the evmlubiviry inforowisn (gec sectiogs G4.1.4), batl i the G- 2wl zeaand-bevel el
welworks (Nguee Gid. |2y

Gb 452 Chivgnt by predivtion

Ihe finul prediction is Jerived by 4 winnee-take-ull devision, that is. the uoil with e lrgest sum after
the jury devision js clusen as e meneal nevsck prediction. An additionul Qltering 15 spplicd: helices
stocter than three aml arandz shoree tan two esidues ane clongated of intedpreted us aops, depending
o e steenpibod e predcen. T gl vomposdle newul nelwork vsing evelutiohary ihfonnubion as
infiut—dubbed FHDaee, & poolike seund network systen foom Heidelberg, Geonany, for prediction of
secambary structupe—has an expected overnll accumey grester tan T2 (Rost and Sumler 1994b),
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A neunal network for prediction of protsin secondary siructure

{4453 Relinbility inefex

The strenglh of the peediciion correlates will prediclion aeewrsey, An empincally reosonable indan for
U reliuhility of the peadvtion 4

Ri = FNTHU X {ityay ~ S (G4.1.2]

whir: agy i3 the output value of the vaipul unit with highest vidue ond dyes tht of the unit with the pexl
bighest value. The fwctor 10 nommalizes BF 1o integet values from 0 1o 9.

G416 Cumpurlson with izaditional methods
G LGS Newral sedwork versns traditional preiclions of secondury siructure

Preiiction uecwracy, divect conpeviter fron fiteratine, Predictions of newrl networks have been reponed
ta il o heewestale prediction wecuracy of tetier than G688 (Ziang e e 1897). Thix is companshle 1o non-
neura] netwirck methads (Biow et al 1988, Mutson e uf 1994) as shown i fobke G4.1.1, Predictions udng
mliple sbignument infecitativn as input are, in general, significamly more accunie than those using single
seyyeneex oy (lalble GA4.1.2). Fur must methods the cortpatisans are problemalic, s pesulty ore hasod
ot different evaluation sets, and most dar sels wsed wire o small or conlined proteins of signifcant
palywise sequence entity taee Wble G L33 For exanple, o sinple neursl aetwark, 3 evulwined on
126 unigue proteing, scores ab some 52% sceuracy (Row aad Sander 1993h), und al greuter than 64% if
evaludled on 15 proteinn will homelogion i the isining set (Qlun und Sejnowski 1988). For un appoopriate
companisan the aveusy has b he evaduated on identical, sulficiently lurge, und unique daka sety,
et avcurmey., edesmiical duto ges Labomis compadsons based on ide tical dals sels have revealed
Lwit results, Finst, the compamite meurl network PHMDwes ix clearly supeor (o any olber prediction method
Tililishied si Bar, Secamd., comparizons have wbe based on identival data sets; for exswmphe, for a ‘Cavorabl®
dui sl iuch ws wsel by Levia er af 19M) powliction scounicy PIDsec had un yocumey of about 75%
Geee also by comparison hetween Biow of of 1985 in tahle G412 and in whkle G4 1.3,

G102 Sperific gmriveicts of e setwork syaheny P

Impracvimentn on B wetwork sidie. The coaposite pewin) nelwsrk improves perfunmanee in heee ways
(Rost aml Sander 1Dy, Fiesl bolanced irdning (see section G417V vields more socurate strand
prediviloang (hn st gaditnal neibeds dexeeption Gusvue! und Galownl L98%E Seooid, 1he secoml
Dol strueiure-tu-stre ture: peual petwork (gure G4.1.2) resulls in more probeinlike prodictions thao most
published traditionul nwtbods. Wial, the final jury aveespe (see section G4, 150 improves everall secunaey
by aboat ane to dwo percentuge poims, and fnds o compromise berween untalineed doveratl inore acenrle)
atl halunced (sbunds mwne avcurate) ieunl aetworks, The latier improvement is comparuble (o elassical
“oint predictivn methoals' (Biow oy ol 1988, Nishikawa atd Noguchi 1991, Viswanudban of ol 19913,
dnpravenicnts Iy asing Iiedogieal infursiciioe. sing only profiles 18 ioput improves prediction sccuracy
Ty e thun live percentge peinls (lable G125 e compisite neural netwark successTully uney
furthwer wnpordant inpul information. Faoe alk seeps of wdding refevant input infonnuton, the composite
nerural netwink bas, s Tur, eotpecfimed waditopal methods (oble G4.1.2),
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predicled mare sevurately, Comparable imbces exisd For tadidional methils o the composite neunl
relwick s significuntly mwme aveusle: holl e pesidues are prodicted ul on expectsd wecunicy of A5
[Revst amd Sumder |Wdb,

Heow rer the newval witwark predivies be obtained?  Predivtions from the cumposite neun] peisasrk
systern PHIRee are availulle via o fully swiomatic prediction secvice (Rost of of 19942). The usor sends
uoseeuenie ve dn wlignnwent and e prediclion 3 seluyped.  (Sepd the wond help' by electronie mail
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Table Gy PHDww: vermus sllier nedinls evoloosd oo identioel dow seas: abbrevialjona wisd g% o
lable Gd 1.1 winl Luble G 12 B comparinen results o0 sl RS are given

Ml Aveuracy  Nutuher of protelos
Clivy oedd Fommon (19N 4y gy
Gaseuel and Colnwrd { HE4) 587 52KS
Rt and Suncler (19043 PHDI 125 s
Rost and Sowder (1W04—PHDY T8 o
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il imternel address *PrediciProeind CMDL- Heidelbarnrate' . or nse the WWW sile ‘hip:faww embl-
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rocedures B ve bed oo alwoud [0 predicion reguests per day.

G4.1.Y  Comluxluns

Mearmd rebear ks can vewify Be beeifered e ibe peifiore. The theoe improveisents on the network side (see
abwive] itlosteate that o Jeeper underslanding of the sochastic lehavior of the "blavk-hox pattern clissifier
nensal metwerk” con e wsed fo owid poobles specifiv dissdwantages of o imple deuml nelwork.
Highert gotine frennd proproeessing ot dote by biodogical expertize. Tt is not enough 1o taibor the compasgie
mutwork syston 6 the problem, Insicad, the st signilicsnt improvemsnt of the prediction aceurucy
st (rom the ineotpotativi of Tobemcal knowbadee fevolutionary information),

Conmpeasile system Siperior W ady other prredicfon tiethod. UHien aelral nelworks are shown to he the
secombbest solution of a problenn. The compasine Noural network deseribed bere, kaday, is clearly better
than any other predictos melbwel. Purther nprsvements of e metbod appear possible. “Ihus, e neuryl
nelwirk P avcunsary-siueiiee presdivtion is likely 10 remaln onw of the el ook in vy onimpetitive
field ol resewnch.

Apgurelpaietie eviifialicn el cvaibabalite ef wetheods i e key to applications. Most methods. developsd
it field of "hiocomputing” rely upon time-consuining Lleratuce seunches (step 13, appropriste testing
procedures (shep 2t and making W program availubde (step 3y Hlowever, Iearetical wouks for the prediction
ull prolein struciore con indluense pesesies by modecular biology only if thase simpl Geations are avoided.
Ferspociives fior the fiitero ! The podl i3t predicl protein: lhree-dimensivnal structace, The explosion of
ptarcitn dalubases way being thix ol in reach in G near futuge. Noom] aetwoks have o Qi chunee to
b part of o hybrid systew tat will Tt predicn three-dimensional structure. But even if one heads for
luxx ombitious projects, Uere are many poblems e which sulllciently wsted, available neursl rerwork
soluling wonld be Bighly weloumed by expenmenlilises.
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