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Abstract

Kohonen networks were used for automatic classification of local structural elements derived

from a set of 136 non-homologousproteins. A reduced representation of protein backbones based

on dihedral phi and psi angles was employedfor construction of training patterns. Segments of

nine residues were transformed into a 16-dimensional description by their angular values.

Kohonen-mapping yielded a two-dimensional topological map of representative structural motifs.

Helical structures and sheets are located on opposite sides of the feature map, and several

intermediate forms are found. The map wasusedto trace protein backbones of two proteins,

cytochrome bs and y-IV crystallin, leading to characteristic trajectories in the feature map.

Introduction

Besides approximation of the relationship between the amino acid sequence andits three-

dimensionalstructure or biological function(s) - which can efficiently be performed by neural

networks optimized with supervised learning techniques (Burns and Whitesides, 1993; Hirst and

Sternberg, 1992; Holley and Karplus, 1991; Katz et al., 1992; Rost et al., 1993; Schneideretal.,

1994) - an automatic classification of protein structures is desired. Assignments of sequencesto

structural families can be rather useful for genome analysis projects. It is very likely that a lot of

new, hitherto unknownstructures and functions are hidden in genome databases, but are beyond

the scope of today's sequence analysis methods. Mainly conventionalstatistical techniques have

been employed for classification of both sequences and structures (e.g., Karlin et al., 1991;

Sander and Schneider, 1991; Lessel and Schomburg, 1994; White, 1994). We have used an

alternative approach for classification of small local structural elements of proteins based on an

unsupervised learning algorithm: Kohonen networks (Kohonen, 1990; Ritter and Kohonen,

1989). These artificial neural networks are of feedforward type and can perform complex

nonlinear mappings of a high-dimensional input space to a low-dimensional space of

representation. Since the structure of sequence space usually is rather complex nonlinear

mappings should be of considerable advantage comparedto linear techniqueslike, e.g., principal

component analysis. For classification we have restricted protein structures to a reduced

backbonerepresentation based on main-chain dihedral angles.
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Material and Methods
Sequence Data and Pattern Preparation

136 nonredundantprotein sequences were taken from a representative set of proteins (Hobohm et

al., 1992). Each sequence represents a structural family and hasless than 30% pairwise identity.

Training patterns were generated by the sliding-window technique employing a window-size of

nine residues. The resulting set contains 23,151 training patterns. All sequences were taken from

the Protein Data Base (Bernstein et al., 1977).
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Figure 1 Training pattern with eight ¥ and ® angles. The informationofthis pattern allows

the construction of a nine-residue backbone segment. Thelocalstructural elementis alpha-helical

in a), and beta-strand in b).

To generate the network training patterns a reducedrepresentation of the protein backbone
by its ® and Y’ angles was used (Figure 1). A training pattern contains 16 angular values

beginning with the Y-angle of the residue in window position 1, and ending with the ®-angle of

the residue in windowposition 8 (for a sequence segmentcovering nineresiduesonly eight pairs

of dihedral angles are defined).

Network Architecture and Training Algorithm

The networkused is of feedforward-type with an input layer fed with the 16-dimensionalpatterns

described above and an output layer of 4 x 4 neurons arranged in a plane. Each neuron is

characterized byits position 7 = (7,,7,) and its weight vector ö (Figure 2). The weight vectors

are 16-dimensionallike the training patterns. Starting from a random initialization the network

wastrained to perform a nonlinear mapping of the structure space into the two-dimensional

feature map. During the training process patterns were drawn randomlyfrom thepattern set and

shownto the network. After determining the winner neuron by finding the weight vector w”"”

whichis closest to the presentedtraining pattern 0 the weight vectors were changedaccordingto

the prescription

1 (sk_swin\?

w* (t+ 1) = w*(t)+(5-w*(t)) nae
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The learning rate 7 and the update radius r were diminished during the training procedure

according to

 all run(t)=—b- rt) = 2,
1+ +=

1, T

with t being approximately the numberoftraining-patterns. On the average eachpattern

waspresented ten times. A schematic description of the nonlinear mapping performed by the

network is shown in Figure 2 (Schuchhardt et al., 1992). Further details on Kohonen networks

are given in Hertzet al. (1991).

 

Figure 2 Schematic representation of the nonlinear mapping of the complex input-space V

into the two-dimensional plain formed by the network. The inputpattern 0 is represented by the

neuronlocated in 7 = (7,7) with the corresponding weight vector w”’”

Results and Discussion
Training of a 4 x 4 Kohonen-network with the protein data resulted in the topological map shown

in Figure 3. Each of the squared frames containes a graphical representation of the feature the

neuron hasspecialized on. The representation of the weightvectors is as specified in Figure 1.

Each corner of a wavy line corresponds to the value of a ‘Y or ® angle. The shading ofthe

squares indicates the frequency of the corresponding feature in the training data (light: many

examples; dark: few examples).

The structural meaning of some of the weight vectors is demonstrated in Figure 4. The

neurons are specialized on different structures. Obviously helical structures are located in a

different region of the feature map than betastrand elements. Representative examples for helices

are located in neuron (0/0), sheets are found in (3/2). Several intermediate forms are recognized

by the other neurons,e.g., helix-strand transitions (0/1, 0/2), stand-helix transitions (2/0, 3/0) or

interrupted beta strands (1/2). Whetherthelatter represent, e.g., beta turns can only be confirmed
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by further detailed analysis of the naturally occuring examplesclustered around this neuron. Most

sequencesare found in proximity to the weight vector of neuron (0/0)as indicated bythe light

shading in Figure 3. These structures are helices. Beta strands are distributed among several

 

 

neurons.

0/3 1/3 2/3 3/3

0/3 3/3

0/2 3/2

0/1 3/1

0/0 3/0

0/0 1/0 2/0 3/0

Figure 3 Kohonen feature map giving graphical representations of local structural motifs.

The wavy lines are determined by the corresponding weight vectors of the neurons. Shading

indicates the occurence frequency of similar motifs in the training data (light: many examples;
dark: few examples). The neuronsare labeled as indicated. Only the labels of the outer neurons
are given.

 

     
 

Figure 4 Three-dimensionalstructures represented by the weight vectors. From left to right:

neuron (0/0), neuron (1/2), neuron (3/0), neuron (3/2). These neuronsrepresent alphahelical

structures, two different helix-strand forms, and characteristic beta strand structures.

The unsupervised training algorithm wassuitable for identification of different structural

motifs. The small 4x4 feature map suggests that helices are very similar in their phi-psi
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representation, whereas strands appear to be less homogenous. A detailed investigation of this

and larger feature maps is required for further interpretation. Results obtained from larger

networks support our assumption (Schuchhardtetal., in preparation).

 

Figure 5 Ribbon-structures of cytochome bs (left) and y-IV crystallin (right). Graphics

generated using Insight II, BioSym Corp.

The feature map was used to trace backbone structures of two proteins: cytochrome bs

(PDB 3bS5c) containing an a helical bundle, and y-IV crystallin (PDB 2gcr) whichis built up from

two B sheets of four antiparallel B strands (Figure 5). The sequences were scanned from the N-

terminus to the C-terminus using a 9-residue window,and the neurons corresponding to the

actual window were connected to obtain a trajectory (Figure 6a). Thesetrajectories are different

for different protein structures, whereassimilar trajectories will be obtained for closely related

protein structures. Since a feature map representing only 16 localprotein structures wasused all

neurons are connectedby the trajectories (Figure 6a). If a larger network had been used some of

the features not contained in the protein structures under investigation might have remained

unconnected.

The histograms in Figure 6b show how often eachpattern appears in the molecules. As

expected, the histograms and the trajectories clearly demonstrate that cytochrome b5 is
predominantly built up from helical motifs, whereas y-IV crystallin mainly consists of beta

strands. In Figure 7 the eleven sequence windowsof cytochromebs assigned to neuron (0/0) are

listed. As indicated in the left part of Figure 7 some of them are shifted segments of the same

helix.

Parts of the cytochrome bs sequence (Figure 7,left) covered by the windows(Figure7,

right) are indicated by black boxes. The boxes are numbered according to the sequence windows

on the right, and the central position of each window is indicated by an arrow. The motif

represented by neuron (0/0)is a consensusstructural motif of these eleven examples, where the
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difference between the sequence windowsandthis idealized structural motif increases from

window to 11. A thorough description ofthe differences observed betweenidealized motifs and

real sequences can be found elsewhere (Schuchhardt et al., in preparation). It is notable that the

helical element covered by the windows1, 2, 3, and 11 seemstobe interrupted, since window 11

is spaced two positions from the windows1, 2, and 3 whichrepresentdirect neighbours on the

amino acid sequence of cytochrome bs. This 'gap' is indeed filled by a very short non-helical

segment which can be found by analyzing the crystal structure. The two sequence windows

covering these 'gap'positions are represented by neurons (0/1) and (0/2). Further detailed analysis

of the cytochromebsstructure is possible by tracing all sequence windowsaccording to the

trajectory in the feature map.

Cytochrome b5 y-IV A-Crystallin
(4-87) (2-173)

0/0

 

0/0 3/0

 

Figure 6 Backbonetrajectories of cytochromebs(left) and y-IV crystallin (right). a) Path in

the Kohonen feature map. The N-terminus is indicated by a black circle (START), and the C-

terminusis given by the small black square (END). Some neuron labels are shown. b) Histograms

giving the occurrence of each structural motif represented in the Kohonenfeature map.
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Figure 7 Sequence locations of the structural elements clustered in neuron (0/0) of the

Kohonenfeature map. The amino acid sequence of cytochrome bs is shown on theleft, on the

right eleven 9-residue windowsclustered in (0/0) are given. The difference between a window

sequence and the idealized neuron motif increases from no. 1 to no. 11. Arrows indicate the

central window positions in the sequence of cytochromebs(left).

The histograms shown in Figure 6b contain information about the frequency ofstructural

elements in the protein structure. They can be regardedas alternative representations of structures

and can be used to calculate structural differences between different proteins. This may provide a

basis for protein structural classification. A different feature map approach based on sequence

representations by dipeptide frequencies was developed by E.A. Ferrän and coworkers(Ferrän et

al., 1994). Taking Kohonenfeature maps as the basis for classification of protein structures one

will be able to cluster all entries of the Brookhavendata base.

Another possible application of the Kohonen feature maps developed here might be

structural protein de novo design. The feature map provides a collection of naturally occurring

structural elements of proteins which represent idealized motifs. Once a structural backbonefor

de novo designis selected, e.g., a four-helical bundle structure, motifs of the feature map can be

fitted to this structure. The helical motif of neuron (0/0) might, e.g., be employedfor constructing

the helices of a helical bundle. Then corresponding amino acid sequencesofreal protein elements

must be selected, and the new protein can be synthesized. However, selection of appropriate

examples is nottrivial and still demands a lot of additional detailed knowledge, e.g., about the

stability of structural elements or possible stabilizing and destabilizing interactions between

them.
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