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Abstract.  Neural networks have been applied to many pattern classification problems. Here, I review
applications to the problem of predicting protein structure from protein sequence. Initially, many methods were
apparently designed by researchers who just wanted a real-life application for their gadget. However, the
competitiveness of the field separated the wheat from the chaff. Meanwhile, several neural network-based
methods have contributed significantly to advancing the field of bio-informatics, and some are clearly
influencing molecular biology. Today, a plethora of network methods is used in everyday sequence analysis,
and an increasing number of applications explore very novel problems.

The protein structure prediction problem
Proteins constitute life’s machinery. The first bacterial genome was sequenced in 1995

[1]; the first mono-cellular eukaryote (Saccharomyces cerevisiae, yeast) followed in 1996
[2]. Meanwhile, we know the entire proteomes (all proteins in a genome) of various multi-
cellular eukaryotes: Drosophila melanogaster (fly) [3], Caenorhabditis elegans (worm) [4],
the plant Arabidopsis thaliana [5-8]. The first drafts of the human genome [9, 10] have also
been completed, however, one year later, we still do not know all human proteins [11].
Overall, more than 60 entire organisms have been sequenced over the last eight years. This
avalanche of entirely sequenced organisms is exciting for biology because the genomes
contain the blueprint for all parts of life’s machinery. The machinery itself consists of
proteins that perform most important tasks in organisms (catalysis of biochemical reactions,
transport of nutrients, recognition, and transmission of signals). Proteins are formed by
joining 20 different amino acids (dubbed residues, when joined in proteins) into a stretched
chain. In water, many proteins fold into unique three-dimensional (3D) structures. The main
driving force is the need to pack residues for which a contact with water is energetically
unfavourable (hydrophobic residues) into the interior of the molecule. This appears possible
through the formation of a macroscopic substructure called secondary structure (Fig. 1; for
an introduction into protein structure, see: [12]; for principles of folding, see: [13]).

Sequence determines structure determines function. The world of proteins is governed by
shape: interactions between proteins are mediated by the ‘key-hole’ principle, i.e., two
proteins interact when they fit to one another like a key into a hole. Thus, protein structure
determines protein function. What determines structure? All information about the native
structure of a protein is coded in the amino acid sequence, plus its native solution
environment [14]. Can we decipher the code, i.e., can we predict 3D structure from
sequence, or in other words: Can we unboil the egg [15]? In principle, the code could by
deciphered from physico-chemical principles using, e.g., molecular dynamics [16-18]. In
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Fig. 1: Representation of HIV-1 protease (PDB
code 1HHP) in 1D and in 3D. 1D: SEQ, sequence in
one-letter code; SEC, secondary structure assignment
(E for strand, blank for loop); note only the first 34
residues corresponding to the first strands (upper left
arrows in 3D representation) are shown. 3D:  The
trace of the protein chain in 3D is plotted
schematically as a ribbon Ca-trace (alpha carbons =
backbone of protein). Strands are indicated by arrows,
the short helix is on the right towards the end (C-
term) of the protein. Graph made with MOLSCRIPT
[19].

practice, such approaches are frustrated by principle obstacles [20, 21]. Furthermore, the last
decade has unravelled that possibly most proteins do not adopt their native 3D structure in
vitro, rather the need the cellular machinery to correctly fold in vivo [22-33].

State-of-the-art in protein structure prediction. For over 40 years, there has been an
ardent search for methods predicting protein structure from sequence (reviews: [34, 35, 20,
21, 36, 37]; books: [38-40]). Many methods were found which looked initially very
promising - but always the hope has been dashed [41]. How well do we do in practice? The
following results stand out after four experiments initiated by John Moult (CARB,
Washington) to explore the accuracy of structure prediction [42-45]. (1) The goal to predict
structure from sequence has not been reached, yet. However, most recently approaches that
assemble fragments have scored considerable successes [46, 37, 47]. (2) Comparative
modelling enables rather accurate predictions of 3D structure for proteins that have
significant sequence similarity to proteins of known structure. This technique increases the
number of known structures effectively by a factor of 5-30 [35, 20, 48, 36, 49, 50]. (3)
Methods addressed at solving simplified structure prediction problems, such as predictions
of secondary structure, solvent accessibility, and inter-residue distances [35, 20, 51] have
become significantly more accurate, and useful by using the information contained in
growing sequence databases.

How can neural networks predict protein structure? In practice, the only successful
attempts at predicting aspects of protein structure are based on an analysis of common
features extracted from proteins of known structures. Neural networks comprise a particular
tool for pattern classification (Fig. 2) that – along with many others – has been applied to the
problem of protein structure prediction [52-58]. We could write the history of neural network
applications in four chapters. (1) Initially, researchers applied black boxes, and searched
improvements through optimising the internal free parameters (training speed, network
architecture). These early applications were often not evaluated on representative data sets,
and thus were scarcely used by biologists. (2) Later, researchers have opened the black box
by extracting, or implementing rules, by carving specific knowledge into the networks, and
by using networks to detect errors or outliers in data bases. (3) Then, the combination of
neural networks with evolutionary information unleashed the full potential of the tool and
thus established networks in the bioinformatics community. Incidentally, the successful
prediction of protein secondary structure was one of the first examples for applications of
neural networks in which these significantly exceeded the performance of
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Fig. 2: Principles about simple feed-forward neural networks

Simple neural network: The simplest layered feed-forward neural network consists of a layer of input units
(here two), and a layer of output unit(s) (here one). Signals are transmitted from input to output layer (feed-
forward) via the connections (J’s). The network dynamic consists of a linear and a non-linear step. (1) The
value of each input unit (example: 0 for unit 1; 1 for unit 2) is multiplied with the strength of the connection;
the products sum to a local field (h) representing the signal that arrives at the output unit. The multiplication
represents a projection of the input vector onto the vector of the connections. (2) The final output is
determined by applying a sigmoid function (shown is the hyperbolic tangent) to the local field. The result is
that the output is constrained to values between 0 and 1. On the right hand side the potential of such a network
is illustrated: the open, and the dark circles are separated by a line.

Two-layered neural network: Two open and two dark circles can obviously not be separated by a single
straight line. Two lines would enable the separation, but how can a neural network introduce two lines? The
simple trick is the introduction of a layer of hidden layers (hidden as neither input nor output). The dynamics
of such a network are identical to the simple network without hidden layer.
Training a neural network: How can particular pattern classification problems be implemented? The input
is fixed by the pattern, as well is the desired output. The output for a given set of connections is uniquely
determined by the dynamics of the network described above. The actual network error can be written as:

E = (output – desired)2

The free variables that contain the potential of the network to learn a given problem are the connections
between the layers of units. The simplest way to reduce the network error is by changing the connections
according to the derivative of the error with respect to the connections, i.e., by a gradient descent that assures
to move downhill in the error-landscape:

DJ µ  -  ∂ E
∂ J
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This is often referred to as back-propagating the error through the neural network [59, 60]. To avoid being
trapped in local minima, in practise, the actual training is typically performed by a variant of this algorithm
that permits up-hill moves (conjugate gradient descent [61, 62, 57]).
Generalisation ability: With enough hidden units neural networks can learn to separate any set of patterns.
Typical applications require to extract particular features (underlying rules) present in the patterns rather than
to learn the known examples ‘by heart’. A successful extraction of such features permits the network to
generalise, i.e., to also correctly classify patterns that have not been learned explicitly. Generalisation requires
a balance between the number of training examples (enough to enable feature extraction), and the number of
connections (enough to separate patterns). As a rule-of-thumb the number of connections should be an order
of magnitude lower than the number of patterns to avoid over-fitting the training data (this learning-by-heart
of the training set is also referred to as ‘over-training’).

all other systems and even of experts [63]. (4) The last five years of network applications
combined many of the lessons learned in the first decade of the tools' history: non-network-
experts applied these methods as a standard element in a tool box, and network-experts
developed new architectures tailored to particular problems. Here, I focused on discussing
but a few representative applications of neural networks (for an excellent review of network
applications: [58]).

Deus ex machina?
No improvement in secondary structure prediction by black boxes. Secondary structure

prediction methods distinguish between helix (H), strand (E: for extended structure), and
other (L for loop). Some stretches of sequence show a particular preference to be in one of
these three states. The prediction task is to classify w adjacent residues as either H, E, or L
(Fig. 3). Simple neural networks reached values around 60% accuracy (percentage of
residues predicted correctly in any of the three states HEL) [64-66]. This was similar to the
best methods 30 years of research had resulted in by the end of the 80's [67, 61, 68, 69, 35,
70, 51]. Attempts to improve performance by changing the network details failed [71, 53]. In
contrast, combining neural networks with other methods succeeded to some extent [72].

Prediction of functional class. Methods predicting functional similarities between
proteins have been based (i) on multiple feed-forward networks [73] using proteins of
similar sequences as input, (ii) on simple feed-forward networks using different amino acid
features as input [74, 75, 58], and (iii) on Kohonen maps [54] using the frequency with
which any of the 20*20 possible residue pairs occurs in the sequence [76-79], or using the
information extracted from database annotations [80, 81]. While feed-forward networks are
useful to learn a classification into known features (e.g. types of secondary structure),
Kohonen maps have been applied to render a general classification scheme of proteins (e.g.
A and B, are similar, and A is more similar to C, than B). Such a classification is a priori not
evident and by itself an area of controversy in active research, e.g., attempting to answer
questions like: Are we more similar to an orang-utan than to a pig?. One hope guiding such
analyses is to end up with similarities between proteins that might help to learn about details
in bio-chemical reaction pathways. The neural network-based automatic annotation system
[80, 81] has already been applied successfully to genome analysis [82].

Prediction of surface exposure, and function-specific motifs. When attempting to arrange
secondary structure segments in 3D, one needs to know to which extent a particular residue
is exposed to solvent. Neural networks were used to classify amino acid residues as either
buried or exposed [83]. Often protein function is associated with relatively short (5-10
residues) sequence motifs (unique pattern of adjacent amino acids). Examples for motifs
found by neural networks include: (i) sequence motifs that reveal binding of energy storage
molecules [52], (ii) sequence motifs specific for particular proteins, e.g. the
immunoglobulins [84], and (iii) signal peptide motifs in sequences [85, 86]. The group of
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Fig. 3: Simple neural network for secondary
structure prediction. For simplification the protein
sequence given consists of two amino acid types (S
and P). The protein sequence is translated into
patterns by shifting a window of w adjacent residues
(shown w = 5; typical values in practice are w = 13-
21) through the protein. The output of the network is
uniquely determined (Fig. 2). Suppose the output
would be: 0.2, 0.4, 0.5 for the three output states (H,
E, L). For known examples the desired output is also
known (1, 0, 0 if the central residue is in a helix).
Consequently, the network error is given by the
difference between actual network output and desired
output. The only free variables are the connections.
Training or learning means changing the connections

such that the error decreases for the given examples. A training set typically comprises some 30,000
examples. If training is successful, the patterns are correctly classified. But how can new patterns be classified
correctly? The hope is that the network succeeds in extracting general rules by the classification of the
training patterns. The generalisation ability is checked by another set of test samples for which the mapping of
sequence window to secondary structure is also known. Sufficient testing is crucial and requires (1) to remove
any significant sequence similarity between test and training set, and (2) to evaluate the expected prediction
accuracy on a sufficient number of test proteins (rule of thumb: > 100).

Søren Brunak (Copenhagen) has developed two methods of particular practical impact: (i) a
system of neural networks predicting signal peptides and cleavage signals [87], (ii) and a
combination of rules, and networks predicting glycosilation sites [88].

Opening the black box
Extracting rules from, and implementing rules into neural networks. Genome sequences

do contain some information about protein structure [89]. A prerequisite to uncover this
result was to learn the genetic code by a neural network, i.e., the mapping between the four-
letter alphabet of the nucleic acids (DNA), and the 20-letter alphabet of the amino acids
(proteins). Analysing the rules learned by the network suggested evidence for a particular
scenario for the evolution of the genetic code (Fig. 4). In a similar attempt to extract rules by
specific modulation of the training procedure Tchoumatchenko, Vissotsky and Ganascia
extracted more complicated rules from networks that learned to predict secondary structure
than were available by statistical analysis [90]. Unfortunately, that attempt did not improve
performance. Maclin and Shavlik explored the opposite approach by incorporating expert
rules into a neural network and thus improved performance over simple statistical devices
[91, 92]. All these approaches proved that neural networks are not black boxes, but can
become as ‘transparent’ as rule-based systems. The problem often has been to make use of
the complex rules extracted.

Carving biology into neural networks. Two problems are common to most secondary
structure prediction methods (including simple networks, Fig. 3): (1) strands are predicted at
almost random levels of accuracy, (2) and predicted secondary structure segments are too
short [61, 68]. The common explanation for the first problem was that strands are stabilised
by long-range interactions not visible in a segment of 13-21 residues. The training dynamics
of neural networks revealed that networks learned to classify helix, and loop ten times faster
than strand [56]. Consequently, the idea was to simply increase the frequency in presenting
strand residues during training. This change of the training dynamics
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Fig. 4: Learning the genetic code.  The four-letter nucleic acid code from the genomes is translated into a
20-letter amino acid code from proteins. Three nucleic acids (dubbed one codon) code for one amino acid.
This implies that the four nucleic acid can code for 4*4*4 = 64 amino acids, i.e., the code is redundant: some
amino acids are coded for by more than one codon, and three codons are used for stop-signals during the
translation procedure. The minimal network that learned the genetic code had two hidden units [93]. The four
graphs represent the connections between the 20 input and the two hidden units. (1) The untrained network
with randomly assigned weights locates all 61 points near the centre of the square. (2) After seven training
epochs the points have moved into a transient local minimum, where the activities of the intermediate units
are close to one and the activities of all the output units are close to zero. (3) At 30 epochs the groups have
started to segregate, but are still mixed. (4) Finally at 13,000 epochs the network groups the 61 codons at the
edge of the circular region. After the four epochs shown the number of correctly classified codons was 2, 6,
26 and 61, respectively. The final grouping separates hydrophobic residues (top: IMVPF) from hydrophilic
(centre right and left: YQHKNEDR), and others (lower right: TSAGPCW). The figure is taken from [93].

Fig. 5: Second level neural network [56]. (1)
The window of w  adjacent residues is shifted
through the protein (here w = 5). For each
window secondary structure is predicted for the
central residue (shown three windows with
central residues S, P, S). (2) The prediction of
this first level network is fed into a second level
network. This is again realised by shifting a
window of w adjacent predictions through the
protein (for the second level w = 3). The final
prediction of secondary structure is valid for the
central residue of the second window (here a P).

improved strand accuracy significantly, indicating that the inferior prediction of strand did
NOT result primarily from long-range interactions, but from technical problems. The second
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problem of predicting too short segments originates from the fact that the sliding window
(Fig. 3) erases the correlation between adjacent residues. This shortcoming was corrected by
introducing a second level network [56] (Fig. 5). Such a network system learned correlations
between adjacent residues. These examples illustrate that neural networks can easily be
tailored to particular problems.

Detecting database errors during training. Neural networks generalise by extracting the
underlying physico-chemical principles from the training data. Obviously, this requires a
correct training set. Søren Brunak has pioneered the idea to unravel errors in the training set
by monitoring samples that could not be learned even when the networks were trained until
over-fitting the data [94-97, 87, 98, 99]. This technique has not only been used successfully
to identify errors, and inconsistencies in public databases, but also to improve the
performance of the networks.

Learning from evolution to predict protein structure
Long-range information in multiple sequence alignments. Some residue substitutions do

not alter protein structure. However, not every amino acid can be replaced by any other. On
the contrary, one evolutionary step (exchange of one residue) can destabilise a structure.
Thus, residue substitution patterns observed in protein families are highly specific for
particular details of protein structure and function, i.e. they contain more information about
structure than do single sequences. Furthermore, multiple alignments of sequence families
implicitly also carry information about interactions between residues separated by more than
w residues in sequence. We can profit from this evolutionary information for structure
prediction in the following way [56]. (1) A sequence of unknown structure U is aligned
against a database of known sequences. (2) Proteins with significant sequence identity to U
are retrieved. (3) For each sequence position the profile of residue exchanges in the final
multiple alignment is compiled, and fed into a network (Fig. 6).

Significant improvement of secondary structure prediction. Using evolutionary
information has improved secondary structure prediction accuracy from 65% to over 70%
[100], or even over 72% [56]. Such a profile based neural network system was the first
method to surpass the magic line of 70% accuracy, and has proven to remain the most
accurate method for almost a decade. Today's best methods still use the same idea of feeding
evolutionary information into neural networks. The latest improvement to levels above 76%
accuracy mainly resulted from larger databases and more sensitive search methods retrieving
similar proteins from these larger databases [101-105, 51, 106].

Evolutionary information improved accuracy in predicting solvent accessibility. Solvent
accessibility at each position of the protein structure is evolutionarily conserved within
sequence families. This fact has been used to develop another neural network method for
predicting accessibility from multiple alignment information [56]. The final network system
is clearly more accurate than methods not using alignment information, and has been
established to be more accurate than other prediction methods. More recently, several groups
have attempted to refine the concept by training networks to predict different
implementations of the output state for solvent accessibility [88, 101], by focussing on
particular protein families [107-110], or by predicting the number of contact partners for
each amino acid [111-114].

Predicting transmembrane helices by combining networks with dynamic programming.
The neural network system designed to predict secondary structure for water-soluble
proteins failed in predicting helices inserted into the lipid-bilayer of membranes. However,
the networks have been re-trained to also predict transmembrane helices [56]. Again
information from multiple alignments improved prediction accuracy significantly [56, 35,
20]. The problem of predicting transmembrane helices is ideal to incorporate additional
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Fig. 6: Feeding evolutionary information into a neural network system [56]. (1) A sequence family is
aligned (shown are the sequence of unknown structure and three aligned relatives). (2) For each sequence
position of profile is compiled that gives the percentage of S, or P in the alignment (shown in centre for
window of five adjacent residues). (3) Instead of using binary input units (0 or 1), now the profile is fed into
the first neural network. (4) Finally, the output is again fed into a second level network (Fig. 5).

globular information into the prediction method. The principal idea is to regard the neural
network prediction as an energy landscape and to search the best path through this landscape
given that transmembrane helices are constrained to a minimal and a maximal length. The
final system has achieved a significantly higher accuracy than the simple neural network-
based system, and has been applied to analysing entire genomes [115-117, 49, 33].

Neural network architectures as simple and plastic tools
Avalanche of applications with standard architectures.  The first neural networks were

applied to protein structure prediction in 1988 [64, 65]. A decade later, networks have
become a standard method that is tested on problems in bioinformatics (Table 1). Particular
recent examples are networks that discover motifs on 3D structures [118], distinguish good
from bad drug targets [119], predict binding motifs [120, 121, 110, 122, 123], biological
activity [124, 125], post-translational modifications [97, 126, 87, 88, 127, 99, 128-130],
particular protein types [131], domains [132] folding rates [133], disordered  proteins [134-
137], and even substitution matrices [138]. The major strength of networks for many of these
applications appears to be that they can readily be adapted to particular problems (Table 1).
Two extreme examples of neural network applications are to replace first order statistics
when averaging over a variety of scores, i.e. networks with very few input units that use
results from a variety of threading methods to identify remote similarities between proteins
[139, 140]. The opposite extreme is to generate thousand different networks each specialised
on some aspects of the secondary structure prediction problem and to then statistically
average over the outputs of these networks [103].
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Table 1: Applications of neural networks ∆

Quote Application ali? +?

1988
Bohr & [64] 1D sec no no
Qian & Sejnowski 1D sec no no
1989
Holley & Karplus [66] 1D sec no no
McGregor & [141] 1D beta-turns no yes
1990
Bengio & Pouliot [84] families - -
Bohr & [142] 2D no -
Bossa & Pascarella [143] 1D sec no no
Holbrook & [83] 1D acc no no
Kneller & [144] 1D sec no no
Muskal & [145] 2D, cysteine no -
1991
Hirst & Sternberg [52] binding ATP no -
Ladunga & [85] signal peptide no yes
1992
Ferran & Ferrara [77-79] families no -
Frishman & Argos [73] families no -
Hayward & [146] 1D sec no no
Maclin & Shavlik [91, 147,
92]

1D sec - -

Muskal & Kim [148] 1D sec no no
1993
Andrade & [149] 1D sec no yes
Dubchack & [150] families no -
Fariselli & [151] 1D htm no no
Metfessel & [152] families no -
Reczko & [153] 1D sec no no
Rost & [61, 154-157, 56] 1D sec yes ye
Sasagawa & [158] 1D sec no no
Schneider & Wrede [86] families - -
Tchoumatchenko & [90] no no
1994
Casadio & [159] 1D htm no no
Dombi & [160] 1D htm no no
Rost & Sander [161, 56] 1D acc yes yes
1995
Barlow [162] 1D sec no no
Casadio & [163] folding no -
Chandonia & [164] 1D sec no no
Grossman & [165] folding, no -
Hansen & [166, 88] binding sugar no yes
Milik & [167] packing no -
Rost & [115, 56, 116, 117] 1D htm yes yes
1996
Brunak & Engelbrecht [89] 1D sec / gene no no
Casadio & [168] 1D htm no no
Fariselli & [169] 1D htm no no
Hanke & [170] families/motifs no -
Riis & Krogh [100] 1D sec yes yes
Sun & [171, 172] 1D sec no -
Wu & [75, 58] families - -
1997
Aloy & [173] 1D htm no ?
Andrade & [80] families - -
Asogawa [174] 2D, beta-sheet no yes
Dopazo & Carazo [175] families - -
Dosztanyi & [111] 2D no -

Dubchack & [176] families no -
Fetrow & [118] motif discovery - -
Gulukota & [120, 122] binding motifs - -
Kawabata & Doi [177] 1D sec no no
Lebeda & Olson [121] binding motifs no yes
Lund & [178] 2D no yes
Nielsen & [87, 99] signal peptides no yes
1998
Arrigo & [179] 1D htm yes -
Chou & Elrod [180] localisation no no
Diederichs & [181] 1D btm no -
Honeyman & [124] binding sites no -
Reinhardt & Hubbard [182] localisation no yes
Wrede & [125] binding

specificity
no -

1999
Blom & [98] motifs no yes
Casadio & [183] 1D sec yes yes
Emanuelsson & [184] localisation no yes
Fariselli & [185] 2D, cysteine yes yes
Fariselli & [186] 2D yes yes
Gorodkin & [187] 2D no -
Guermeur & [188] 1D sec no ?
Jones [139] families - yes
Jones [189] 1D sec yes yes
Krogh & Riis [190] 1D sec yes yes
Pasquier & [191] 1D htm no -
Shepherd & [192] 1D beta-turns no yes
2000
Baldi & [193] 2D, beta-sheet no yes
Cuff & Barton [101] 1D sec + acc yes yes
Emanuelsson & [194] localisation no yes
Fariselli & [112] 2D no -
Frimurer & [119] motif discovery - -
Gurvitz & [131] families - -
Herrmann & [128] motifs no -
Jacoboni & [195] 1D sec no -
Ouali & King [196] 1D sec yes yes
Petersen [103] 1D sec yes yes
Stahl & [110] binding motifs - -
Workman & Stormo [197] binding sites no yes
2001
Babajide & [198] 2D potentials no -
Bohr & [199] folding no -
Ding & Dubchack [200] families no -
Fariselli & [113] 2D no -
Fariselli & [201] 2D yes yes
Iakoucheva [137] disorder no -
Jacoboni & [202] 1D btm yes yes
Lin & [138] families - -
Mlinsek & [123] binding sites no -
Murvai & [132] families no -
Pasquier & [203] families no -
Pollastri & [114] 2D no yes
Zhou & Shan [204] 2D no -
Zhou & Zhou [133] folding - -



Abbreviations for Table 1:
ali?: information from sequence alignments used or not ('-' = not applicable); +?: improved performance over
non-network methods ('-' = unclear or not applicable); Applications: 1D sec = secondary structure prediction,
1D acc = solvent accessibility prediction, 1D htm = transmembrane helix prediction, 1D btm = transmembrane
strand prediction, 2D = residue-residue contact predictions.

Recurrent networks: changing the architecture to improve performance.  Most
applications used standard architectures of neural networks. More recently the groups of
Pierre Baldi and Paolo Frasconi have introduced the concept of recurrent neural network into
the field of protein structure prediction [205, 193, 206, 114, 105]. These networks handle
more global information by feeding the output of the system back into the input and thus
correlating information from regions outside of what is accessible through the sliding-window
technique.

Neural networks: hype or helpful?
Structure prediction: work in progress... To predict 3D structure from sequence is a task

challenging enough to have occupied a generation of researchers. The bad news: We still
cannot accurately predict 3D structure from sequence. The good news: we have come closer,
and growing databases facilitate the task. A solution of the structure prediction problem
would supposedly change experimental molecular biology more than any other theoretical
method. We may witness such a break-through in the near future.

Neural networks contributed to structure prediction. Almost any imaginable algorithm has
been applied to the secondary structure prediction problem. However, once researchers left
the path of trying to optimise black-boxes it was through neural network applications that
many break-throughs were achieved. For example, a neural network system for predicting
various aspects of 1D structure based on evolutionary information is by far the most widely
used prediction method [56]. Other network-based methods are unique, or superior in their
field [79, 100, 81, 126, 88]. Furthermore, neural networks revealed data base errors, and
principles underlying protein structures [95, 96, 93, 97, 56].

Solving real problems requires real commitments. In this brief review I covered only a few
neural network applications to protein structure prediction. Many early neural network
applications had no impact because theoreticians tended to spend more time on developing
methods than on appropriately testing them, and frequently solved problems that were of no
practical interest. Neural networks have surpassed these barriers, and have impacted structure
prediction. The community of researchers understanding the biological relevance of problems
and the principles of neural networks continues to grow.

Will neural network constitute THE tool assisting molecular biology? Sequencing the
human genome took enormous human and financial resources. However, genome sequences
as such have no impact on any problem of society. In order to benefit from genome sequences
for health care, or understanding the necessity of bio-diversity, we need to attach knowledge
about protein structure and function to the genes. Will neural network applications enable
further advances? Protein structure prediction is not likely to be managed through a single
genial discovery. Instead, it appears we need to direct an orchestra of different prediction
methods such that they combine to a melody. I see the following possible contributions from
neural networks to the harmony of the final prediction system. (1) Further improvement of
predicting protein structure in 1D (secondary structure, solvent accessibility, and
transmembrane helices). (2) Prediction of distances between residues in the final structure,
sub-cellular localisation, active, or binding sites, particular functional motifs, and interfaces
between proteins. (3) Prediction of any other feature associated with protein function. (4)
Putting the predictions from various tools together may require an iteration of prediction
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cycles, during which certainty about structure is gradually increased. For example, users may
know that a particular set of residues is forming a cluster. Could we devise a neural network-
based method that changes its prediction given this partial knowledge? Overall, there seem to
be many tasks that could be tackled best by neural networks. We only have to do it, and do it
with sufficient care and commitment to the growing field of bioinformatics.
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