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Protein Structure Prediction
Burkhard Rost and Chris Sander

Introdaction

What is & protein? The information for life is stored by »
Taur-letter alphabet in the genes. Proteios pecform most impor-
tant taskn in organisma, Such ag catalysis of biochenical reac-
tions, transport of nutricnis, recognition and Lransmission of
signais. Proceing are formed by joining amino acids into a long,
stretched chain, the protein sequence. Proteine differ in the
oumbes {from 30 1o 30,000} and in the serangervent of Lhe
amino scids (called residues, when joinad in proising). In water,
the chain folds wp to a umique three-dimensional (3D) struc-
ture. The muain drving force it the need to pack residues for
which a contact with water is energetically unfavorzble into the
interior of the malecule. This is only possible if Lbe protein
forms regular patterns of a macrosoopic substracture cailed
secondary 1truciurs (Figure 1 see Brindén and Tooze, 1991),

What determines provein funerion and struetters?  The 3D sing-
Ture of a protein dewermines it function. The M) structure s
uniguely determined by the sequence. Can the code be deci-
phered—i.e.. can 3D struclure be predicted from sequence?
In pritciple, yes; but the computer time roguired to predict
3D structure lrom fire principles i many arders of magnitude
beyond loday's posibilities. However_ one reason to want Lo
know the strucrure is rational drog design.

Why not simply ook by microscope at the 3D structure? The
techniques to experimentally determine 3D structore of a pro-
tein wre racher complicated. Today, the sequence 1 known for
same 36,000 prodeins, but ondy for 2000 has the 3D siructyre
been determined by experiment. Large gene sequencing prof-
ects incrense the sequence-suructure gap further. The mosn
accurale way 1o predict 3D sirocture from sequence is by
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homalogy modeling—L.¢., search for & protein with similar
quence that bas & known 3D stcucture And then model the
structure of the unknown protein in analogy to the known
Such techniques lead to n reduction of the sy
gap by some 9000 proteins,

Why can homology modefing be muccestfl?  The exchange of
few residues can already destabilize & protein. This implics

the majority of the X™ pomible sequences of leagth &
different structures. But bas evolution created such an imménads
variety? The eveludonary presure 1o conserve Funclion

the discontinuity of the umiverse of structores have the

thai structure is more constrved than ssquence. Evolution
produced pairs of proteins which have the same 3D

with only 25% identical residuzs, For such pairs, 3D

ture can be predicted rather socutstely by homology. .

H
Can i egx be unboiled? When ao agg is boilod, the proteiam
ir conteins unfold. Can this procedure be reversed im
Or, can the encrypied code of protein fokling be decipbernd,
from sequence? Current tools to pradict 30 structure from.
sequence are mther limited (Rost and Sander, {994b). The
problem has t¢ be wimplified. One extreme simplification s
to predict one-dimensional (tD) steings of secondary seructure -
assignment (Figure 13

Hew con neural networics pradict protein structure’ In prao-
tice., the most successfil predictions ant based o0 o anatysis of
common features in the dats bank of known D ciructures.
Artificial neural nerworks are well suited For pantern classifica-
tion. Here, we shail actempt to show how neural nerworks can
be used to predict proteim structure. First, we give examples of
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Figura 1. Hierarchy of protein siruciure. [0, The nming acid soq usnes
determines the formation of 30 structure, Here. the chyin of ubiquitin
{1ubwg) it shown. The 3D structure can be projecied onto . 10 awing of
repelitive paiterns: the secondary siructure (. 5-heliz; E [exwendod].
Astrand; and dlank, loop). 20, The 30 stiructure can be projscied onto
& 20 muinx: the enicy at position §f of the matris gives the contact
berween residue § and resdue f (plot by Coman: M. Scharf, 1589,

how the data bank of known 10 struclures can be wied 1o
predict secandary straciure and, following ihat, otber struc-
ural fearures. Finally, we briefly review allempts to predict
entire 30 structures.

Prediction of Secondacy Sirecture
Preseniing rhe Prorein lo the Nerwork

The uiuil goal of secondary structure prediction methods is to
clagsily a pattern of adjacent residues as esther H {a-hehix), E
{for extended A-strand), or L {for loap = all others). Sequences
are translated inlc patterns by shifiing & window of adiacent
residues through the protein and looking up the sceondary
structure For the central resdue {Figues 2.

MWetworks usad lor secondary structure prediction ane multi-
layer feedlorward networks (Figure 2} The network erfor is
given by the difference betwesn actval network output {un-
iquely determined by 1he choice of connectione} and desired
outpul (leoked up from data bank). Fraimng or learning means
changing the contrections such that Lhe errar decreases lor the
given examples {gradient descent; s¢6. ¢ 4., BACTFAOPAGATION:
Bames aND New DeveLoPWENTS and Leannmc as HLL-
CLIMBING 1IN WEIGHT Space). 1If training i8 suecesstul, the
patterns Are correctly classified. But how can new patterns be
claseified correcUy? The hope is Lhat the network extracts gen-
eral rules by the classification of the traintng patterns. The gen-
eralization ability is checked by anorher seL af 1eal gamples for

HMOIFYKTLTSKTITLEVEESOTI ENYRAR IODKEGI PROOURL IFAGKOLEDGRTLEDYNIGRESTLHLY IR LRGE
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AD  schemauc icace

Aralyse von Poarwecksslvirkwirm ix Praweimen, Universiy of Heidal-
berg, Depantment of Physics). 70, The irace of the proteiz chem i 30
i plousd schematically, C gives the end and N the beginnlng of 1he
prtcin. The longer helix i on the righi-kand ride, whils Homr of Lhe
sirande wre Indicaisd by arrows (plol by Maderiprs F. Kmuuba, 1991,
MOLSCRIPT: A program Lo produce both detaided snd schematic
plois of proteds siructures, S, Apad. Crymaliogr., 24:946—-950),

which the mapping ol taquence window to scondary lrocture
is known as well. Sufficient 1esting it crucial {Rosi and Sander,
13948).

Prediction Performance of Simple Newral Networks

Networks of Lthe 1ype deseribed ceach values for chree-siate
overall prediction accuracy of wroand 60%. This is comparabie
Lo the perfermance of non-network methods. In the flve years
lollowing the firi1 application of neursl networks 1o the pradic-
tion af seopndary structure (Qian and Segnowski, L988), more
than 20 groups have follawed (Hirst and Sternberg, 1992 Rost
and Sander, 19944). Prediction accuracy was not improved sig-
nificantly without using biological expertise, a3 we shall see in
the next section.

Lring Evolutionary fnformation of Muliiple Sequences

Some tesidues can be replaced by others without changing the
structure. But not every aming ackl can be replaced by any
ather, On the contrary, the residue substitution peticros are
very specific for a certain 3D siructure, Can this information be
used to improve the prediclion accuracy for neursl networks?
Indeed. using evaluticnary information as derived from 2 data-
hase of proteins with homologous 3D sirocture improves the
performance accuracy by about 1) percettage poitils to > 72%
(Rost and Sander, 1994a). The basic procedure is as follows:
First, sequencas of proteing which are similar emough in se-
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Figwra 3. Newral network for secondary wneture prediction, Hers, for
eimplicity, a window of three residuss i used wa inpat (o acteal appii-
cations, 19 to 30 residurs are med). For each position in (he wancow,
P inpiul unlle (o semplicity, two insegd ol 20 amino seids) are ysa:
the first i set to one (shaded dark) il the amune asid js an A, the meond
if it it 0 C. The sixmn) is transmitied via the conpections berween inpat

and this product is yemnsed over gl Inpyr utkits. Sevond, from this aum,
the oulput of each outpul unit iy comipiled according ro the trigger
shown,

Predicrion of Siruetural or Functional Protein Clasy

According to the relative conteat in secondary structure, pro-
teing can be classified into atructural clyssas. From the pre-
dicted secondary siructore, the relative wontent of sscondary
struciure of 2 protein can be caleulzied i predict sizucturai
class (Roat and Sanger, 1994a), An alternazive approach is tp
directiy predict the secondary structire content of a pratein by
A feural network that uses ax input a vector of 20 components
gving the frequency with which each amino acic oocurs jn a
panticular protein (Muskal and Kim, 1992},

A differznt task is to predict that (we proteins are similar jn
terms of function or 3D struciure, Methods have beer: hased
{1} en multiple feedforward networks (Frishman and Argon,

). USINg proteins of similar SeqUENCES 83 input: (1) on
simpie feedlorward networks, using different amino acid fea-
tures as input (W at al., 1992); and (3) on Kohonen maps
{see SeLr-Oxoanmzing Feaune Mars: Komowen Mars), uzing
resikiue pair frequencios ay nput (Ferrin and Ferrata, 1902)
Whereas feedforward nefworky are useful to fearn a classifica.
Lion into known fexfurey (secondury siructure, structural claxs),
the Kohonen maps have been applied (o render a generai cigs.
sification scheme {e.g., 4 and 3 are similar, and A is more

similar to € than ). Such = classification is in genersl L prion
1ol evident {and in itsef provides a SONtroversial ressarch area,
attempting to answer questions Jike "*Are we more similar tg an
orangitan than to a pig™}.

Predicﬁonnfﬂdurﬁtnctw-lw!’llcﬁm.l Feuiurag

Most applications of nenral networks use a gimilar sliding win-
dow inpul as described ahave, Approaches address the predic-
tions of surface exposurs, disuifide bonds, znd function-specific
s#quence matifs.

Surfoce expoture. A simple feature of 3D structure thar is
alse of interest for moiecular biology i1 the extent to which 3
residue 12 exposed o the solyant, Helbrook, Muskai, and Kim
(19900 used 4 network 1 clasify aming acid residues is o (har
buried or exposed. The resulL was evaluated 0a 100 smail g darg
set, yielling some 0% ACCUTACY In Iwo slates (buried/exposed).

Dirsifide bonds. Disulfide bords betwenn cysteine residies
{one of the 20 aminc acids is cysteing) are often of functionni
and structural importance, Muskal, Holbrook, and Kim {1990)
used a single-layer feedforward Netwark 14 predici the sxis-
tence or absence of disulfide bonds,

Fune tion-gpecifip sequence mols.  Often, fanetipn depends on
a rather short {5 to [0 residues) sequence mokil {unique pattern
of adjacent amine acids). Residues that are Lsxociated with
particuiar functions were also subject ta neursl perwork piredic-
tioms. Examples arg: (1} sequence motifs that reveal binding
of enctgy Marage molecules {Hirst ind Blernberg, 1992); (%)
seoenee motifs specific for particular proteina—e.g.. the jm-
munoglobuling (Bengic and Pauliot, in Hirst and Sternberg,
1992); and (3} signal peptide raotifs in soousnces {Ladungs e
al., 1991},

Aiming st Prediction im 3D
Distance Constraings

The projpection of the I Bructure onto a two-dimensional
distance matrix (Figure [) could be an impartant step on the
way to predicting 30 seracture. This toterprise was undertaken
by Bohr ef al. (1990), who used = neural network to predict
residues which are closer than 2 Angtroms (= 8- 197" m) to
uny of Lhe 3¢ residues adjavent in sequersce. The predicted frag-
nuntsnfthedisgqnemtﬁ: w:r:undl‘nrll_in}plemﬂpu
prisad 13 proteins. The method was tested on only one protein
thai has sufficient sequence identicy to proteing used for txin-
ing, (The prediction was worse than the one that could hawe
been oblained by homology modeting )

Spin-Giass Models for Proteing

The putative analogies of the energy landscapes of apin glames
and proteins led to & multitude of modely atiempting o de-
scribe peotein (okding with the formalism known from spin-
glass theory (Elber, 1993), Such models have been used for
attemps to predict 3D siructure [Gold:lldn. Luthey-Schyien,

is Aexible enaugh 10 enabie description of & large clasy of xtrucs
luses and simple enough to Jurpass the multiple minima prob.
lem of conventional RETZY mintmization caiculations for pro-
teing. The anatogy 1o spin-glass theary consislg in conatructing
ar energy function based on pairwise intetactions (between
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residues). For some cases, such methods are comparable to
pon-nelwork methods which use ftutistically derived errgy
funetions (Rostand Sander, 1994b).

Diacussion

Newral nerworks can be wsed for predicting siructural features af
prateing. There were al least 50 aricles on the application
ol neural nelworks for protelt struclure prediction until 1993,
One message of the literature is convincing: neural newworks
can b wsed 10 predict seeondary Atruciare, structural class,
family rekations, surface exposure, functional monfs, distance
muairices, and even Lhe 3D struciure af prowins,

Newral network miethods are reldom superior to non-nerwerk gp-
proockes. The second message of the lilerature is that net-
wotks ane superiof to allemative techniques, but this anawer is
not convincingl The general problem i1 a lack of riger in evila-
ating results. A commeon cxample i3 the allowance of significant
sequance identity between teat and Lraining set. Any cvaluation
rthat allows lor sequencs identity has to be compared to homo-
logy modeling. And in this comparisqn, ajl prediction methods
are chearly inferior. The conclusion i that nevral network ap-
piications have almoat never yiekded aignifican] improvements
over current techniques (Hirst and Stembery, 1592). An excep-
tian is a neiwork 1hat uses evolutionary informalion to predict
secondary strocture {Rost and Sander. 1994a). So far, this is
the oniy example for a neural nevwork prediction of protein
structure being clearly superior 1o alternative technigues.

Neural nemwark prechicrions have not been made sufficiensly avail-
able to bischernisis.  Unfortunately, the tendency to averesti-
tate the performance accurmcy of petwork prediction has not
ooatributed much to their soceptance by bigchemirts, Anather
problem is that almoal none of the nelwork mechods is publicly
availablk 10 those researchers who need predictions.

Neural nerwark technigues will conrinue To be wsefud for the pre-
diction of protein siucnire.  First, the problem of predicting
peatein dtructure is far from solved. For & sequence of un-
known 3D structure for which no homology to a known fold
can be detecied, the best one can achieve today is & mare or kess
refiable prediction of sscendary stractore, surface exposure, or
functional class. Second, the constantly growing daa banks
pravide an increasing body of information aboul protein sLrac-
ture. Chances are that methods based on data bank analysis
will be ihe frsl 1o practically solve the prediction of protein
1D structure, Third, neueal networks might be well suited for
apprapriately incorporiling the incressrd informatian. Using

Pursuit Eye Movements
Richard J. Krauziic

Intreduction

When viewing objects, mookeys and humans use a combina-
tion of saccadic and pursuit eye movements L keep the retinal
image of the obpect of regard within Lhe high-acuity region near
the fovea. While these movementa mix seamlessly in nornal
behavior, their properties and onging are quite distinct, Suc-
cades are ballistic movements that quickly direct Lhe eyss to-

2vplulionary information will be one way to improve predic-
lions by networks. Newral network applications can become
increasingly important for the rescarch of tomorrow's molecu-
lar biolpgy, provided thal testing is done with care and that
methods become available ta polenual users.

Rosd Mag Appicalions of Mewral Networks
Barhgromsd: 1.3. Dymamics and Adaplation in Neursl Networks
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ward a visual target, thereby (ranslating the image of the target
from an &ceniric retinal localion to the fowen In contras,
pursuit is a continuous movernent that siowly rotaiey the eves
to compensate for ARy motion of Lhe visual 1argel, minimizing
the drift of the target™s image scross the rftme thal maght oth-
erwise compromise visual acuily, Whilk other mammalian 3pe-
cies can generate amooth optekinetic eys movement—which
track the motion of the entire visual surround—only primates




