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Preface

The chapters of this voluyme are based on inviled reviews presented at the
1%4th W.E. Heraeus Seminar, which was devoted to the topic “Seientific
Applications of Neural Nets.” The workshop was organized to foster ¢om-
munication between scientists who are active in this highly interdisciplinary
research area and have made important cootribmiions to the development
and implementation of nenral-network algorithms suited o the analysis and
solution of problems at the leading edpe of science.

Racent years have seen a rapid expansion of neural-network applications
in many arcas of science, including physics, astronomy, geoscience, chem-
istry, biology, and linguistics. A growing list of interesting examples includes
the deployment of neural-network models for event analysis in experimem-
tal high-energy physics; star/galaxy discrimination; control of adaptive opti-
cal systems; prediction of nuclear properties; fast interpolation of potential
energy surfaces in chemistry; classification of mass spectra of organic com-
pounds; protein-struciure prediction; analysis of DNA sequences: and design
of pharmacenticals. This intense activity has produced new insights into regu-
larities and mechanisns as well as substantial progress toward the ereation of
quantitative and reliable predictive tools. At the Heraeus Seminar, speakers
discuszed applications based on lecdforward connectionist systems taught by
example, recurrent attractor nets, and seilf-organizing feature maps, as well
as hybrid systems, The prescntations renged over a spectrum of fields:

o Astmnoiny — Adaptive optical systems have been invented to improve the
clarity of images Formed by ground-based telescopes from light passing
through the turbulent atmosphere of the earth. Neural netwarks are used
te monitor and instruct the operation of these systems by wave-front
senging, reconstruction, and prediction, with the goal of approaching the
diffraction limit of resolution.

< Nuclear physics - The production of a host of new puclei at radicactive-
beam facilities has stimmulated intercst in predictive glabal modsls of ou-
clear propertics. As a promising alternative to traditional theory-rich
modeling, feedforward neural nets and higher-ocder probabilistic per-
cepirons are bring applied to statistical analysis of the existing nuelear
database. In recent work, notable successes in the development of neural-
network predictors have been recorded in the modeling of atomic masses,
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Abatract. In the wake of the genome date How, we need - more urgently than
ever - aecurate tools to predict protein structure. The problem of predicting pre-
tein atruciure from sequence remains fundamentally unsolved despite more than
three decades of intenaive research effort. However, the wealth of evoluticnary in-
furmetion deposited in current datsbeses enabled a significant improvement for
mrthoda predicting protein tructure in 10: secondary struclure, tranmnsmbrans
bslices, and solvent accessibility. In particular, the corbiuation of evolutionary
infurmation with neure] netwiotks proved extremely pucceseful, The new genera-
tion of prediction methods proved to be accurate and reliable enough to be weful
in genome anelysis, and in experimental structure determination. Moreover, the
new generation of theoretical methoda is inereasingly influencing experiments in
molecular biology, Neoral networks have been applied to many pattern classifica-
tian preblems, Here, T raviewed applications to the problem of predicting protein
structure from protein sequence. Initially, methods were designed as & 'quick and
dirty’ demonstration that ariifiviel intelligence-based machines could solve real-life
nralilame. At that stnge, biologints typically raached higher levels of acenracy when
using their expertike than computer scientists when using their machines. However,
noee tlirgugh investigaliong enebied to include the information used by experts
into nenral network-based tools. Mow some tools are - on AVerage - a3 accutate
ar the best experts; and experts using such wols often armive at even more 8¢
eurate predictions. Thus, severat neural network-based mathods heve eventoally
conttibuted significantly to advancing the field of bio-informatics, and some are
clearly influencing molecular biology

Ky words: protein structure prediction, evolution, neural netaorks.

1 Introduction

Proteins constitute life s machinery. The frst bacterial genome was sequenced
in 1995 [L; the first eukaryote (yeast} followed in 1996 [2]. Meanwhile, more
than ten other genomos have Leen published [3], and the human ganome
(200wtimes larger thau yeast] is expected to be sequenced s oue of the fist
milestones in the next millennium. Why bother? Since genomes contain the
Lilueprint For all parts of life'a machinery. The machinery itself coneists of pro-
teing that perform all impertant tasks in organisms (catalysis of biocheniical
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reactions, transport of mmtrients, recognition, and transmission of signals).
Proteins are formed Ly joining 20 different aming acids {dubbed residues,
when joined in proteins) into a stretched chain. In water, the chain folds inta
a unique three-dimensional (3D structare (Fig. 1; introduction to protein
structure: [4] },

Fig. 1. Hepresentation of the 3D steucture of Leishmania mexicana bricee phos-
phnte jsomerase [ILM, Protein Datn Rank [58] code 1amk). ‘The trace of the
protein chain in D ig plotted achematically a3 & ribbon. Strands are indj-
cated by arrows [yellow), helices by open coiled-tubes (red). Greph made with
RASMOL {Ruget Sayle, ras@X24268gyr co.uk), and Malscript (Peer Kraulis,
http:/ fwww.avatar sefmalseript, [60]). The TIM-barrel is named after the barrel
formed by the wirauds in the centre of the molecyle. The enzyms s found with
4 similar structure in most of the known life-foring, and thus represents a billion
Year's old perspective at the complexity of the shapes of life.

< Seguence determines structure defermines Funciion. The world of proteins

iz governed by sliape: interactions belween proteins are mediated by the 'key-
hole' principle, i.2., iwo proteins interact when they Rt to one another Like a
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key into a hole. Thus, protein atrocture detennines protein function. What
determines structure? All infonnation about the native structure of a protein
is coded in the aming reid sequence, plua ils native solulion enviranment [5).
Can we decipher the code, ie., can we predict 3D structure from sequence?
In privelple, we could; in practice, sueh approaches are frestrated by the
difficulty of the task resulting froan the high complexity of protein straciure
formation [§]. For over 40 years, there has heen an ardent search for methods
predicting protein structure oo seguence (reviews: [7,8,6]; books: [9] ). Mawy
methods were found which looked initially very promising - bot always the
hope bas been dashed [10}. The most successful predietions are achieved by
exports starting combining machine-based predictions with their intuition
aul expertise [11].

How can nevrel networks predict protein structure? In practice, the most
snecessiul sergetuce predictions extract patterns frown data bases of knowu
protein structures, Keural networks comprise a particelar 100l for pattern
recognition and classification [12,13] . To which extent do nenral networks
contribute to prediciing protein structure, in practice? nitially, researchers
applied black boxes, and searched improvements through optimising the inter-
nal free paraneters (training speed, nevwork architecture). Later, researchers
have opened tle black boxes by extracting, or implementing rules, by carving
specific knowledge inta the networks, and by ueing networks to detect errors
oz outliers in data bases. More recently, the full potential of the tool has been
explored by combining nearal networks with evolutlonary infortnation. Now,
applications of neural networks are amongst the mast widely nsed methody
in everyday's bicinformatics.

Here, 1 sketchied newrsl network based methods (PHD series) for the pre-
diction of 1D aspects [secondary structure, transmembrane helices, solvent
accessibility} of protein structure. The methods illustrated that {1} neural
networks as black-Loxes failed to lmprove prediction aceuracy, {2) neural
networke were sufficiently Bexible to carve expertise from biclogy into the
tool, (3] the quantum leap in prediction accuracy achieved in the 30's up-
earthed from implenmenting avolutionary information ints neoral networks,
(4] and that the new generation of prediction methods is extremely useful in
assisting, [cilitating, and speeding-up experiments in molecular bioloxy.

2 Carving Biology into Neural Networks

2.1 Conventional Prediction of Secondary Structure

Simplifying the structure prediction problem: The rapidly growing sequence-
structure gap (munber of known protein siruetures va. pummber of koown
protein requences) has enticed thecreticians to eolve simplified prediction
problems [B]. An extreme simplification i3 the prediction of protsin structure
in one dimnension (1D}, as represented by siriogs of, e.g., secondary atructure,
and residue solvent accessibility. Theoreticiane are lucky not only because the
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1D prediction problem is not only the task they can accomplish best, but in
that even partielly correct predictions of 1D structure are useful, e.g., for
predicting proteln function, or functional sites.

Basic iden of secondary structure prediction: The wsual goal of secondary
structure prediction mothods is to classify a patteru of adjacent residues as
either H (a-helix), E (for extended b-straud}, or L {for loop, Le., no regular
structure). The principal idea underlying most secondary structure prediction
wethods is the lace that segments of consecutive residues have preferencos
for ceriain secondary sbruciure states [4,14]. Thue, the prediction problem
becomes a pattern-classification problem tractable by pattern recognition al-
gorithms. The goal is to predict whether the residue at the centre of a segment
of typically 13-21 adjacent residues is in a helix a strand, or in none of the
lwo regular structures.

First and second gemeration prediction wnethods: The Rrst generation
of 1D prediction methods was hased on physlec-chemical principles, expert
rules, and statistics of single residues {15-17,4]. The second generation in-
corporated the inflyence of residues adjacent to the residue for which 1D
gtructure was predicted (local information). These secondary structure pre-
diction methods shared three major shoricomings: (1) prediction accuracy
was limited to about B0% accoracy (percentage of residues predicted cor-
rectly in either of the three states H, E, L), {2} atrands were predicted at
typically < 40% accuracy, (3} predicted secondary structure segments were,
on average, anly half as long as chserved segments. Methads were tailored to
overcome one of these problems {long-range informaticn: [18, 10]; sirand accy-
racy: [20]; length: [21] ). However, the bagie assumption was that these proh-
lems eriginated from usiog anly local information {13-21 adjacent residues).
It was assumed that, in general, 65% of the secondacy steuclure formation is
determined by local interactions, and that strands are dominantly determined
by long-range imeractions [22].

2.2 Improving Secundary Prediction by Neural Networks

No fmprovement by simple nefwerk: A simple tool that classified sequence
stretches into three secondary structure states wes & neural network (more
previsely & multi-layered feed- forward network) [23-25). Input was the se-
quence vector composed of 13-21 residues; output the secondary structure
state of the central residue {Fig. 2). However, this simple device was not bet
ter than any other good prediction metliod. In particolar, vone of the three
problems {prediction accurscy limited io 60%, wtrand accuracy around 40%,
shori, segiments) of conventional methods ould be solved by such a device
(28] {However, due lo insppropriate choices of the test sets this was nst
revealed by the fiest publications [27].)

Belter prediction of strand by bolanced training: Prediction accuracy for
ench of the three seeondary structure classes approximately mirrored the
observed accurrence of these classes in the training set [28,14]. In particular,

M.
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Fig.2. 3imple neural nerwork for secondary structure prediction. For sitplification
the protein pequence given congists of two amino acid types (S and P). "T'he protein
prgusnee i tranalated into patternm by shifting & aindow of w adjacetit residues
(shown w = 5; typical values in practive are w = 13-21} through the protein. The
output of the network s uniquely determined. Supprse the cutput would be- 0.2,
U4, 05 for the three sulput stases (H, F, L). lior known examples the desired
outpot is ales known (1, 0, 0 if the central residue is in a helix). Consequently, the
netwurk ecrar is given by the differrnce Lelwesn aotual natwork gutpat and desizsl
output. The ouly free variables are the connections. ‘Training or learning means
changing the connectivon such that the erroy decrensen for the given examples. A
training ket typically comptises sume 30,000 exaingles. If training is sucoessfal, the
patterns are correctly classified,

only 21% of the correctly predicted residues belonged to the class E. Looking
at the training dynamics of the network revealed that the network learned
H, and L ten times faster than E. Consequently, the idea was to improve the
prediction for strand residues by simply increasing the frequency in presenting
strand residues during training. Thus, instead of presenting in 1000 iteration
titue steps 220 examples for E, 310 fer H and 470 for L (according to datahase
distribution, dubibed unbalancel training), now at each thne step one example
for each class was used for training {balanced training). {1} All three classes
were predicted almast egually weil [28]. {2) Overall accuracy decreased, as
the loop residues thal were predicted more accurately by the wnbalanced
network comprised almost 50% of all residues. However, a balanced network
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proved that the inferior prediction of strand did NOT result primasily from
long-range interactions, but from a techuical problem.

Better prediction of sepnent length by 2nd level network: The average
length of a helix in about 10 residues. However, helices predicted by the net-
work were, on average, four residues long. The reason was that the network
failed to learn correlating the secondary stracture stale of adjacent residues.
The fact that, e.g., helices span over, at least, three residues was ohecured by
the particular traimng dynamics necessary to avoid unwanted database bias;
exaunples presented in tinue ateps t1 and t2 were chosen at random from the
training sel (and, thus, were usyally not adjacent in sequence). This prob-
lem was corrected by imroducing a 2nd level {structure-to-structure) net-
work [28,14] . The input of this 2nd level network was the output of the Ist
level {peyuence-to-structure) networis; the output was the secondary structure
state of the central residue (Fig. 3). The 2nd level network bad almost no
effect in terms of overall accurasy. However, the average predicted helix ex-
tended over mare thau seven residues, i.e., predictions appearcd considerably
more protein like than for the Lut level network [28,14].
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Fig. &, Second level neural network [14] . (1} The windew of w sdjacent residues is
shifted thrupgh the protein (here w = 5). For earh window secondary atructure is
pradireed for the cantral regidoe [shown three windows with centeal residuea 5 B
5). {2) The prediction of this first level network 18 fed inte & second level network.
This is again realised by shifting & winduw of w sdjacent predictions through the
protein (For the second level w = 3). The fingl prediction of aecondary mtructure is
walid for the central residus of the second window {here a P).
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Better pverall aceuraey by averaging over meny networks: Networks clas-
sify patterns separating them by lines. A particular trainiog run resnlts in
& particolar classificalion associnted with a particular error. Part of this er-
ror usually is random noise. Furthermore, unbalanced, and balanced training
oceasicnally yielded quite different predictions, in detail. Which to choose?
The answer was Lo average over both networks, and to attempt redicing
the random noise by generating even more differently trained networks (over
2% 2 = 4 networks: 1gt level: Lalanced, unbatanced, 2nd level: balaneed,
unbalanced). This 3rd leve]l average over different networks improved predic-
tion accuracy by 1-2 percentage points, and elegantly combined differently
focueed epecialists {28-30).

Severn] problems solued, but ucourscy siill rather low: Tneorporating facts
about protein suractures into the specifie choice of the training dyoamics
and the cowbination of many independent neoral networke solved two of
the problems of conventional prediction methods (inaccyrate prediction of
Btraud, short segments). However, the ¢verall prediction aceuracy was still
liinited to aboul 5% [20,26]. Long-range information was not incorporated
into the method. Increasing the window size (number of adjacent residyes in
protein fraginent fed into the network) failed, as the signal-to-noise ratio in-
creased considerably For longer windows. This probles was also reflacted by
that the networks did hardly use higher-order correlations in the input infar-
matien: networks with and without hidden layers performed ahinost equally
well [25,26].

2,3 The Iseue of Appropriate Cross-Validation

Publishing optémistic results? The fact that the early applications of neural
tietworks did not use higher order information was ehfuscated by the inappro-
priate choices of the tests sets. Interestingly, the problens did not arise from
‘computer geeks' intruding into the unknown space of biology, Rather, In the
sarly 90's protein structure prediction experts just started to becoms aware
of the impertance of the issue of appropriately testing. Part of the prob-
lem is *social” (better regults, better journals, more grants). For example, the
history of secondary structure prediction has partly been a bynt for highesl
acouracy scores, with over-optimistic clainus by predictors seeding the soepti-
cism of potential users. However, the CASP experiments {protein structures
are predicted before the structures are known, then predictors meet every sor-
ond year and assess how well they did [31,11] ) have iustrated: exaggeratol
claims are more damaging than gennine ervors, Even a prediction method
of limited accuracy ean be useful if the user knows what to expect, For the
editars of scientific journals this implies thal no protein stroclyre prediction
method should be published that has nat heen sufficiently cross-validated.
This raises a difficult question: how to evaluate prediction methods?

Full jurk-tnife testr The pradiction of protein structure 1o an excellent
example 1o {lustrate the traps of *positive thinking'. Given a data set of ¥
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proteins of known structure. The ideal testing is by jack-knifing: take N — 1
proteins for traiuing, oe for testing, and repeat N times. This recipe is
simple, bt daes it suffice? Naot, without ascertaining additional constraints.
{1} No information of the performance on the one protein used for testing each
tiune oughi to sieer the training. That is, developers do not want to adjust free
parameters {network architecture, training speed, start conditions, training
stap} such that the performance en the test protein is optimal. (2) The ¥ — 1
training proteius and the one test proteins ought to be distinct. For most
protein etmaciure prediction methods the definition of 'distingt’ is siznple: the
percentage of sequence identity between ihe one test protein and any of the
N — 1 training proteina cught 1o be below 30%. If the two proteins have
a higher level of pairwise sequence identity, we know from experience that
they will adopt similar structure. Thos, we can pradiet structure by simply
aligniiy the two prodeing (much better and sieipler than by any faney device],

Complete cross-validation: The full jack-knife {¥ repeats of the exper-
iment with splitting the N proteing of known stmcture into ¥ — 1/1 1 is
often prohibited by limited computer resources. A simple alternative to full
jack-knifing is the complete cross-validation: the N proteins are split into
N — N/F traiuing and N/F test proteins, this is repeated F times. For say
F — 10, we refer to this as a complete ten-fold crogs-validation. Again, the
game constraints apply to each of the separations: (1) no information fram
F teat proteins wsed for training, and {2} no overlap between fraining and
testing set, In practice, we Rrgt have to play around with the neural net-
works to find a cowibination of network parameters for which we believe the
method would be optimal, How can we thus avoid te look at what we pretend
to be unknowu {the structure for the testing proteing}? The solution brings
forward a third data set, the validation set. Now the N proteins are aplit
inte (N — N/F — V} iraining proteins, ¥ validation proteins, and N/F test
proteins. The ¥V wvalidation proteins are used wo find the optimal parameters
for the netral networks (and the conditions betwean training and testivy eet
now apply to all three sets).

Nutnber of cross-walidution ezperiments not imporignt: Are higher values
of F' (number of cross-validation experiments) better than lower ones? We
often find an affirmative answer to this question in the literature. However,
the exxact nwwuber of F is not impertant provided the test set is representative,
ctunprehensive and the eross-validation reenlts are NOT miss-used to again
change paramneters. Developers uanally have an interest to choose F as high as
possible as that permits maximal use of the available information. However,
the chotce of F is of no meaniug for the user provided the eross-validation is
done appropriately.

Comprehensive dota scta: All available unique proteins should he used for
testing prediction methods {eurrently about 1000}. The reason for taking as
many proteins as possible is girnply that proteins vary considersbly in steye.
toral complexity; certain features are easy to predict, others harder. Tlus,
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we ran easily select & large subset from the database of kuown structures
for which any prediction method looks much more acenrate then any other.
This problem Also raises the jssue of comparing apples and oranges! no mat-
ter which data sets are ueed for a particnlar evaluation, a standard set for
which results are published by others should also be included. Finally, the
field of pratein structure prediction offers an additional benefit: every month
we witness the publication of about 50 navel protein struciures, Thus, after
having Aonalised the manwreript describing pradiction methods, developers
ran gimply apply the tool to all the new structures that were unknown hy
the time they started to invent their method.

3 Profiting from the Experiment Evolution

3.1 The Wealth of Evolutionary Information

Varigtion dn sequence space; The exchange of a few residyes can already
deataliilise & protein [32] . This implies that the majority of the 20N possible
sequences of length ¥ forin different structures. But, has evolution created
such an immense variety”? Random errots in the DNA seguence lead to a
diffierent translation of protein sequences. These "errors' are the basis for
evolution. Mutations resulting in e structural chaage are not likely to be ac-
cepted, since the protein ean no longer funetion apprapriately. Farthermore,
the undverse of atable structures is not continuous: miner charyges on the tevel
of the 3D structure may destabilise the structure (due to high eamplexity).
Thuy, residue exchanges canserving structure are statistically unlikely. How-
ever, the evolntichary pressure to conssrve function has led to a recerd of this
unlikely event: siructuce is more conserved than sequence [33-35]. Indeed, all
naturelly evolved protein peirs that bave 35 of 100 pairwise identical residnes
hive shnilar structures [368,37]. Dut, the atiractors of protein structures are
larger, even: the majority of protein pairs of similar structures has levels of
below 15% pairwise sequence identity [38,59].

Lonyg-range information in rmultiple sequence alignments: The regidue sub-
stitution patterns obeerved between proteins of a particular famil ¥, i.e., changes
that canserved structure, are highly specific for the structure of that family.
Furthermore, the substitutions realised by evolution, imuplicitly alse carry in-
formation about long-range interactions: suppose residues 5 and i + 100 are
close in 3D, then the types of amino acids that can be exchanged (with-
out changing structure) al position i are constrained by that their physica-
chemical characteristics have to fit the amino acid types ab position i + 100,
Indeed, coreslated mutations permit to predict inter-residue contacts [40].

Feeding profiles of residue exchanges inte the networks: The simplest way
to use evolutionary information was as follewing [14] . {1] A sequence of
unknown structure (U] was aligned against the database of known sequences
(i.e. na information of structure required!). {2) Proteins that had significant
sequence identity to U to assure structural similarity [36,37] were extracted

s iilrs
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and re-aligned by the multiple alignment algorithe MaxHom [41). (3] For
each position the profile of residue exchanges n the fnal multiple aligniment
was compiled, and wan used as input to the let level sequence-to-stbucture
network.

3.2 Secondary Structure Prediction {PHDsec)

Jigruficand fprovement in oversll ucrurney: Using evolutionary information
in the sinple way described tuproved prediction aceuracy already from abeul.
85% to over T0%. Further incorporation of specific information compited from
the muliiple aligranents [14] yielded a further improvement to levels of aboyt
72% aceuracy {system dubbed PHDwec). This number vepresented an average
over a distribution {(some proteins were predicted more accurately than oth-
ers), with an approvimate Qavssian form, and a standard deviation of about
10% [14]. The veural network systemn described, here, wag the first to surpass
the magic line of 70% accuracy [26], and proved four years after its imple-
menialion sill to be the st arcneate method at the Asilomar prediction
comtert in 1996 [42],

Prodicting prediction acewracy: 1 failed to distinguish proteins predicied
well from those predicted poorly based on their sequence diaracteristica. How-
aver, the strength of the prediction {measured as the normalised difference
between the output unit with the highest and the sne with the next highest
value) provided an exviremely useful index for the reliability of the prediction
for each residue [14], and for the likelihood that the prediction for the en-
tire protein was below, or above the average of T2% [14,42]. This allows in
practice o focus on regions pradicted with higher reliabilicy,

$.3 Transmembrane Helix Prediction (PHDhtm)

Important class problematic for defermining 3D; Even in the optimistic sce-
pario that in Uhe near future most protein structures will be either experimen-
tally determiued [38], one class of proteins will still represent s challenge for
experimental determination of 30 structure: transmenthrane proteins. The
major obstacle with these proteins is that they do not crystallise, and are
hardly tractable hy NMR spectroscopy. Consequently, structure prediction
methods are even mnore needed for this protein class than for glohular water-
soluble proteins. Fortunately, the prediction tagk is simplified by strong en-
vironmental consteainty on trangmembrane proteina: the lipid bilayer of the
membrane reduces the degrees of freedom to such an extent that 3D structure
formatien becemes alinost & 2D problem. Two major classes of membrane
broteims are krnown: proteing that insert helices into the lipid bilayer, and
proteins that form pores by a barrel of b-strands.

Fadure of PHDser to predict transmembrane helices: The neural network
rystetu designed to predict secondary structure For globular proteins failed in
predicting transmembrans helices. Hence, the networka were trained agadtL on
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Fig: 4. Post-provesming neural network outpual. A aystem of neural networks wax
trained to predict the location of transmembrane helices. The network cutpnt was
treated ma an ‘energy-landscape’ through which the best pril was chosen given the
congtraint that tranamembrane helices have & minimal (span of lipid bilayer} and
& maxhnal length {leoger energetically unfavourable), Thua, the normalised nec-
work outpuis were uBed as input to & dynamic pragranuning algorithm that Found
the model (number and locations of HTM's) representing the best path throngh
all poasille models conelating of HTM' Letwaen 18 and 25 residues by optimiging
the cornpatibility of the model with the neural network outputs, The Fnal refiusd
mirdel output fraem the dynamie programming was usad to apply the positive-maide
rule: poditively cherged atnine acide {Arginina: &, and Lysine: K] ar= mare often ob-
served inside [B9]. A: pool of all possible membrane helices; B: successively building
the prediction that s mist compatible with the neural network sutput, given the
assumption that the protein contairs 0, 1, 2, 3 helicen; €< Anal sasignment of the
helix orientation {topology) by the charge difference of the non-membrans TEEIONS.
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proteins with transmemhbrane helices. Largely, the resulting prediction system
(PHDhim} was similar to the one vsed for predicting secondary structure
for globylar proteine [14]. Une difference was the number of cutput units.
PHDhtm distinguished two states: T {transmembrane helix), and non-T {ie.
a globular region}. Again information frem myltiple aligiments improved
prediction accuracy significantly [14]. The final prediction system was, al
least, as accurate as the best alternative prediction schemes [43.8.8).

Problems of PHORER: The system described so fare had a major draw-
back: the 2nd level structure-to-structure network predicted too long merm-
brane helices. This was corrected by introducing cut-off filters that chopped
too long seginents into several shorter ones. This procedure was relatively
sengitive to parameter choices (when and where to cut). Furthermore, the
number of transmemhrane segments predicted overall was relatively often
WICHE,

Finding the optimal path through the network culput: The probleny of pre-
dicting transmembrane helices was ideal to incorporate additional aspects of
globular information. Thie was realised by the following algorithm (Fig. 4)
[44,45]. (1} The neoral network {PHDhtm} ontput wes converted to prefer-
ences. These preferences constituted an energy landscape predicted by the
network. (2} The optimal path through this landscape was searched by dy-
namic progranmming. (3} The space of all poseible predictions was limited
by a minimzal (18}, and a maximal {25} length of transmembrane segments
considered. {4) The final refived maodel was vsed to additionally predict the
urientation of the transmembrane hielices with respect 10 the cell (dubbed
topology). (5} The average PHDhim preference for the best transmembrane
region possible was used to distinguish proteins bound 1o a membrane, and
globular preteine,

Significont improvementy by post-processing network outpyt: The final sys-
tezs (PHDtopology) achieved a8 significantly higher performance accuracy
than the simple neural network-based systern {PEDhtm) 44| : for about
80% of all membrane proteins all segments were predicted correctly, and for
BB% of all prateing all segments, and the topology were correctly predicted
{rompared to 2% for PHDYhim). Furthermore, the oumber of false positives
{globular proteins predicted to contain membrane spanning regions fall from
above 4% 1o below 2%. {Note: this number is extremely inpertant to analyse
entire genomes [44}.)

3.4 Solvent Accessibility Predietion {PHDace)

Imnporiont step tewerds predicting SDF If secondary structure segments could
be predicted sufficicntly accurately, they may be arranged in space ps rlgid
bodies to yield a model for 30 prediction [46]. One criterion for assessing
each arrangement could be to use predictions of residue solvent accessibility.
The solvent accesdibility of & residue embedded in & protein structure ean
be dederibed in several ways [47-49]. The simplest is a two-state description
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distinguishing between residues that are buried (relative solvent accessibil-
ity < 16%) and exposed (relative solvent accessibility »16%). The classical
method to predict acvessibility is to asslgn either of the two states, buried or
exposed, according to residue bydrophobicity [$0-52].

Brolutivnary fuformation mproves prediction accuraey: Solvent acoessi-
hility at each position of the protein structure is evolutionarily conserved
within sequence families [$3,54]. This fart was used to develop another neural
network inethod for predicting accessibility from multiple alignment informa-
tion {PHDace} [53,14). For this method, I skipped the 2ud level netwerk since
accessibility was hardly correlated between adjacent residues. The network
putput comprised ten unita, Usit o, for n = 0,...,9 coded for a relative
accesgibility A in the imerval n® % 4 < {n + 1)%. Thir encoding reflected the
observation that in pretein structures residues flip more easily between 705
and 100% relative accesaibility than between 0% and 5%. The final network
system predicted sbout 5% of the residues correctly in sither of the two
states buried, or exposed. This was more than five percentage points higher
thau lor methods not vsing aligranent information.

4 Conclusions: Do Neural Networks Help Biology?

Strueture prediction: work in progress... Native D structures of proteins are
aneoded by & liuear sequence of aming acid residues. To pralict 3D structure
from sequence is a task challenging encugh to have cecupied a generation of
redearchers. Have we fnally succeedad? The bad news is: no, we still cannot
predict structure for any sequence. The good news are: we have come closer,
and growing databases facilitate the task.

Predictions #n 1D significant sinprovement by Iarger databases: The rich
Information contained in the growing sequence and structure databpses en-
ables improving the accuracy of 1D predictions. Here I sketched, how evolu-
tionary information input to neutal network systems yielded better predie-
tionn of secondary structure, golvent accessibility, and transmembrane lelices.
These predictions of prolein structure in 1D are significantly more acgrate,
and more useful than Rve yeara ago,

Conditlons {o become useful: In the Aeld of structure prediction we have
witnessed blooming over—optimism [10] , as well as, more, and less intended
cheating, The Asilomar meetings [31] to sowe extent are sncceeding in sep-
arating the chaff from the wheat, However, Asilomar does not change the
basic formula: when you develop a prediction method you cught to spend
maore than 70% of the time on appropriate evaluation of the periormance
[56.8]. The anstained levels of prediction accuracy published for the PHD
methods were, supposedly, one of the major reason For their suceess. Another
important issue is that of making the wethed available. Molecular biclogists
o NOT have the time to became experts in running programe. Thuys, meth-
ods should be easy-to-use, and available via the interuet [56,57).
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Learning from evolution to help studying evelution... Mastering protein
lruciure prediction lias several impacts on the advance of biology. Firstly,
prediction methods have aseisted the experimental determination of proteins
structures. Secondly, predictions helped unravelling ynknown protein fune-
tions, and iniproving our understanding of the nwechanisms of partially kuown
fmnctions. Thirdly, prediction methods allow to separate the chaff from the
wheat: we can explore which biclogieal informatian improves the performance
of nenral networks and which doesu’t. This is a simple, yet efective, means of
shedding light inte the understanding protein structure formation, sud pro-
tein function {since we fail to predict structure and fanction, we thoroughly
do NOT understand the underlying principles!).

What newt?  Most breakthroughy in protein structure prediction were
achieved ower the last six years. Thus, although we still canmot solve the
general prediction problern, progress as been made. In general, however, we
could ask the question - is it worth persevering with structure prediction,
given that it is clearly such a difficult task? The answer is: yes. The methods
which have spun off from strocture predictisn have already given us consider-
able insight into the first four complete genomes. Perseverance with structyre
prediction will yield fruit in aboui five years time when the human penome
will be known.
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