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Partinlly recurrent neural networks with different topologies are applied for secondary structure prediction
of proteins. The state of some activations in the network is available after a pattern presentation via feed-
back connections as additional input during the processing of the next patiern in a sequence. A reference
datn set containing 91 proteins in the training set and 15 non-homologous profeins in the test set is used for
training and testing a network with a modified, hierarchical Elman architecture. The network predicts the
secondary structures er-helix, B-sheet, and “coil” for each amino acid. The percentage of correctly classi-
tied amino acids is 67.83% on the training set and 63.98% on the test set, The best performance of a three-
layer feedforward network is 62.7% on the same test set. A cascaded network, where the outputs of the
recurrent network are processed by a second net with 13x3 inputs, four hidden and three output units has &
predictive performance of 64.49%. The best corresponding feedforward net has a performance of 64.3%,

KEY WORDS: protein secondary structure prediction; recurrent neural netwaorks; hierarchical architec-
tures; incremental training,

1 INTRODUCTION

The determination of three-dimensional protein structures using crystallographic
or NMR methods is very time-consuming compared to the determination of pro-
tein sequences. Since the structure of a protein depends mostly on its sequence,
great efforts are taken to develop methods for predicting structural information
using only the protein sequence.' The secondary structure of a protein identifies
unique local structures comprised of small groups of residues. The most important
motifs are o-helix and f-sheet. All other structures are denoted as coil. If the
three-dimensional structure of a protein is known, the local secondary structures
are defined wsing the classification of Kabsch and Sander.* There are different
approaches for secondary structure prediction® using statistical,® information the-
ory’ or neural network™ methods. The best performance of these methods is
roughly 65% for a three-state classification. Most of the neural networks studied
for this task have a hierarchical feedforward topology. The connectivity graph of
these networks contains no loop so that the network output for a pattern is inde-
pendent of the order in which previous patterns have been presented.
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This paper shows how partially recurrent networks can be applied for protein
secondary structure prediction. Most of the connections in these networks are
feedforward and only a few, fixed feedback connections are added. The recurrency
provides some additional information in the form of activity patterns about pre-
vious pattern presentations for the processing of the currently presented pattern.
All units in the network are updated synchronously with each new input pattern.
Since only the feedforward connections are modifiable, these networks are trained
using the conventional backpropagation algorithm’ as an effective approximately
correct method, neglecting the error propagation along the recurrent connections.
The first architecture of this kind, in which the previous output activations after
each pattern are fed back to serve as additional input units was defined by Jordan'
and has been studied by Qian and Sejnowski® for protein secondary structure pre-
diction. This form of recurrency does not improve the predictive performance
since there is only a very small amount of information about the previous pattern
in the three-output activities.

A computationally more powerful architecture was described by Elman,'' where
an additional set of context units held a copy of the activations from the previous
time step of the units in the first hidden layer. It was shown by Cleeremans ef al.?
that this E/man-architecture can learn pattern sequences recognized by finite state
automatons. A network having several hidden layers with associated context
units’ leads to a hierarchical processing system for temporal task decomposition
similar to the systems described by Albus.” The context units may have an
additional seif-connection which gives some individual memory to each context
unit to accumulate a trace of the previously hidden activations. A partially recur-
rent, hierarchical architecture is used in this application.

2 METHODS

2.1 Database

The secondary structure assignments based on the coordinates of 106 proteins
from the Brookhaven Protein Data Bank using the method of Kabsch and Sander’
were prepared by Qian and Sejnowski.® This data is publicly available for bench-
marking neural networks and is used here. The secondary structures are grouped
into the classes a-helix, B-sheet and coil. The data set is split into a training set
containing 18 105 residues from 91 proteins and a non-homologous test set con-
taining 3620 residues from the remaining 15 proteins.

2.2 Performance Measures

The most common measure of predictive performance is the percentage of correct
predictions for all residues:

_Pat+Pp+ Py

Qs N

(1)

where N is the total number of residues and P; the number of correctly predicted
residues of class /.
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2.3 Network Architecture

The topology of the recurrent network is shown in Figure 1. The network consists
of four layers of processing units. The input layer contains 13 x 20 = 260 units,
since at each time step f, a subsequence P(¢)} of 13 amino acids from the protein
sequence is represented in this layer using a local encoding for each amino acid. In
this representation, each amino acid is translated into an activity pattern where
exactly one input unit corresponding to that amino acid has an output activation of
1.0 and all other input units have an output activation of 0. In this way the sub-
sequence P(r) of 13 amino acids is mapped onto a sequence of activity patterns
Ip(f) in the input window. After each time step the amino acid sequence is shifted
one position to the left in the input window. The network predicts the secondary
structure to which the amino acid in the center of the input window belongs. To
predict the first and last six residues of a sequence, each chain is padded with end
markers at the head and tail. These end markers translate into an activity pattern
containing only zeros at the corresponding positions in the input window.

The secondary structures are also encoded with a local code where each struc-

helix sheet coil
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Figure 1 The hierarchical, panially recureent network. The primary sequence is shifted from right to left
through the input window. The output activities indicate the secondary structure for the amino acid in the
middle of the input window. Each non-input unit has s feedback connection to its associated context unit.
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ture class j has a corresponding output unit j that should have an activation of 1.0
only when the class j occurs. For a prediction the class j that has an output unit
with the highest activity o/(r) compared to the other output units after presentation
of an input pattern is assigned to the residue in the center of the input window.
Each unit j in the network is fully connected to the previous layer where each con-
nection from unit / to unit j has an associated weight wy. For each unit a network
input net; is calculated using

nety(t) = 2 wyoit) @

The network ret; input is nonlinearly transformed into output activities o;(r) using

1
1) = 3
oie) 1 +exp [net(t) - 6] )

where 8 is an activation threshold for each unit j. The context units calculate their
output values C,{¢#) differently. Each context unit j has one single feedback connec-
tion coming from an associated unit / in the layer directly above the context unit.
This connection has a fixed weight wy=1 and is only used to transfer the acti-
vatien g{t—1) from the previous pattern presentation. The output values of the con-
text units depend linearly on the associated hidden units:

Cy=o(t—-1)+wC{t—1) 4)

The w; in Eq. (4) acts as a self-connection from each context unit to itself and is
restricted by O<w<l. With this self-feedback the context unit j accumulates a
weighted moving average of activities of its corresponding unit

Ci=o(t— 1) +wo{t—2)+wjot—3)+... (5)

In this way the context units trace the activities of their corresponding units back
into the past.”

An update cycle for a new input window configuration consists of a copy phase,
where all context units transfer the activities on the feedback connections using
Eq. (4) and a normal feedforward phase, where all other units calculate their
activities using Eq. (3) in an update order from layer 2 to the output layer.

The weights, thresholds and self-connections in the network are adapted using
the backpropagation algorithm.” Each pattern in the training set is propagated
through the network and an error information is generated by comparison between
the output layer activities and the desired target values for these activities. This
error information is propagated only along the feedforward connections.

3 RESULTS

The network is built and trained in an incremental manner. This is motivated by
the ability of larger networks to overgeneralize on the training set. A network with
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a large number of weights is able to memorize features from the training set which
are too specialized for a good generalization to unseen patterns in a test set. There-
fore the first network works like a “bottleneck” for irrelevant sequence features. A
two-layer network with three output units and three context units is trained until
convergence on the training set. The architecture is essentially like a Jordan net-
work without hidden units.’ This network classifies 62.16% of the residues in the
test set correctly. The output of this network is then processed by an additional
layer of three units. In this way an Elman network with three hidden and three con-
text units is initialized with the weights of the two-layer Jordan net. This net has a
predictive performance of 62.66%. The output layer of this network is then con-
nected to three associated context units. The self-connections of these context
units are initialized to 0.9 and an additional layer of three units processes the out-
put activations. The self-connections are set to 0.9 to extend the weighted moving
averagé of the former output units back on the sequence so that these context units
may capture larger structural details. After these modifications, the network has

@ three units in the first hidden layer with three associated context units,
® three units in the second hidden layer with three associated context units and
@ three units in the output layer.

The performance increases slightly to 62.72%. For the final architecture, an extra

a-Lytic protease

ANIVGGIEYSINHASLCSVGFSVTRGATKGFVTAGHCGTVNATARIGGAVVGTFAARVFPGNDRAWVSLTS
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eag easae_eea____ __ eeeea_________ ea aeeehhha__________ aaeehh
a_s eae__eea aaeae e eh__._eseeheeh_a_____._ eeaee__
aae eeeges8e___ ... eesee_________ e____seeees .. .___ gaeaa__
aee egea_gaea_ ceea ee___eaee__e aaees
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aa egaee hhhhhhhe a__eae hhhhhhhh, ae
h ae eoeae hh_hhehs _______ e__ee__e__h _eh__hh ae
eeaaa hhhheeeee_______ eaeea84q aa
eaaee hhh_heese_______ ee__ee_a_ e ae

GSWITSAGQAQGVMSGGNVQSNGNNCGIPASQRSSLFERLOQPILSQYGLSLVTG sequence

_eaa_____ eegeae8s eeeeehhhhhhhh__ea___ real

__eaes eeea h hhhhh__eeee__ Q&S 2nd net
_eeeas eee ——.ll___hh eehe ee _ Q&S 1st net
__eee oeaag ee___ rTecc 2nd net
o -1-1:] CEET a__.ee___ recc 1st net

Figure 2 Secondary structure predictions for o-lytic protease. Below the primary sequence the real
structure is Histed, where h denotes helix, e denotes sheet (extended, and _ denotes coil. The next two lines
show the predictions of the cascaded feedforward network and the three-layer feedforward network of
Qinn and Sejnowski,® respectively. The two lines at the bottom of each row show the predictions of the
cascaded recurrent network and the recurrent network in Figure 1.
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hidden unit and a corresponding context unit is added to the second hidden layer -
and the output layer is also connected to three new context units. This is the archi-
tecture in Figure 1 with a performance of 63.98% on the test set. This is slightly
better than the performance of a three-layer feedforward net with 40 hidden units
predicting 62.7% residues correctly.’ In comparison, the recurrent network con-
taing significantly fewer weights than the feedforward net.

A method used in similar applications®®!" to improve the performance of the
network is the addition of a second feedforward network that processes the
sequence of output activations the same way as the first network processes the pri-
mary sequence. The input to the second network is a window with 13 consecutive
predictions of the first network. The second network improves the prediction in
the center of this window using the context around the prediction. A second net-
work with 13x3 input units, four hidden and three output units resulted in a per-
formance of 64.49% on the test set, which is an improvement over the correspond-
ing cascaded feedforward architecture with 64.3% correct predictions.

For comparison with the predictions of a feedforward net, the predictions of the
recurrent network and the cascaded recurrent network for two test proteins not
contained in the training set are shown in Figures 2 and 3 together with the predic-
tions of the feedforward and cascaded feedforward networks taken from Qian and
Sejnowski.®

Both cascaded architectures are able to fill in gaps in larger secondary structures

Hemoglobin V (cyano, met)
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Figure 3 Comparison of the predictions for hemoglobin V.,
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. and to eliminate isolated false predictions. The recurrent net without cascade has
apparently a lower tendency to make predictions of very short length than the
simple feedforward net. This can be explained by the inertia of the activations of
the context units associated to the second hidden and output layer.

The application of recurrent networks for sequential tasks like the process of
protein folding seems very appropriate. The network studied here contains signifi-
cantly fewer weights and has a slightly better performance than the best feed-
forward networks reported in literature for secondary structure prediction. This is
an indication that recurrent networks can build more suitable mode!s of some com-
plicated processes in nature like the extremely complex folding of a protein.
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