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Prediction of the subcellular localization of eukaryotic
proteins using sequence signals and composition
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A tool called Locfind for the sequence-based prediction of the localization of eukaryotic
proteins is introduced. It is based on bidirectional recurrent neural networks trained to read
sequentially the amino acid sequence and produce localization information along the
sequence. Systematic variation of the network architecture in combination with an efficient
learning algorithm lead to a 91% correct localization prediction for novel proteins in fivefold
cross-validation. The data and evaluation procedure are the same as the non-plant part of

the widely used TargetP tool by Emanuelsson et al. The Locfind system is available on the
WWW for predictions (http://www.stepc.gr/~synaptic/locfind.html).
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1 Introduction

A highly optimized machinary post-translationally sorts
and transports newly synthesized proteins encoded in
the nuclear genome from the cytosol to different subcellu-
lar compartments [1]. Knowledge about the subcellular
location of a protein restricts the possible function of a
protein [2] and is a valuable annotation to filter large
amounts of protein sequences for which a precise func-
tional annotation is not available. Other uses of such pre-
dictions are testing the localization of designed proteins,
the large-scale screening of proteomes for proteins with
desired localization as targets for drug design, or the con-
struction of DNA microarrays. Localization prediction is
also useful for the interpretation of multiple spots originat-
ing from the same protein possibly due to post-transla-
tional modifications in two-dimensional electrophoresis
experiments conducted in proteomics [3]. Generally, the
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development of these kinds of computational tools is a
typical example where biologists and bioinformaticians
mutually benefit from progress in their fields, where the
computational models get more and more realistic with
the advent of proteome analyses with detailed informa-
tion about protein targets and the targeting mechanisms
and biologists can refine these models and use them for
large-scale predictions.

The most commonly used methods for pedicting subcellu-
lar localization are reviewed in [3-5]. The usual distinction
between these methods defines three classes: detection of
targeting signals [6-10], detection of different amino acid
compositions [11-13], and the use of evolutionary relation-
ships between proteins targeted to the same compartment
[14, 15]. Some approaches combine the use of signals and
sequence composition explicitly [16, 17] or implicitly [18].
This implicit combination of sequence composition and
signals using recurrent neural networks is extended in this
work to a multiclass localization prediction.

2 Materials and methods
2.1 Data

The data used for training, validation, and testing of the
networks was obtained from the TargetP web-site
(http://www.cbs.dtu.dk/services/TargetP). In this study,

www.proteomics-journal.de



1592 M. Reczko and A. Hatzigeorgiou

we use only the non-plant data set consisting of 371 mito-
chondrial targeting peptides (mTP), 715 signal peptides
(SPs), and 1214 nuclear and 438 cytosolic sequences
combined into the ‘other’ class. Each set of sequences
ALLSEQS,,ss for the three classes (class in [nTP, SP,
other]) is split into five equally sized disjunct subsets
CLASSSUBSET j5sses set (S€t = 1. . 5). The five subsets of
each class contribute to one of the five partitions
PARTITIONge. A partition PARTITIONg; contains all the
subsets CLASSSUBSET, s st fOr the three classes (class
in [mTP, SP, other]). To conduct a fivefold cross-validation,
five different networks are trained using a training set that
is the combination of three different partitions TRA 4 =
PARTITIONge;, + PARTITIONgs, + PARTITIONg, . Of the
remaining two partitions, one is used as a validation set
VAL, = PARTITION, for early stopping of the learning
algorithm, optimization of the network architecture, and
postprocessing of the network outputs while the other is
used only for the single final test set TES,,, = PARTITION-
sety TOr which predictive performance is measured. The
choices for the different permutations are restricted such
that the five tests are different and the validation sets are
different.

2.2 Neural network architecture

A known limitation in the application of standard feedfor-
ward neural networks (NNs) for sequence analysis is the
tradeoff between the need for processing large sequence
fragments and the generalization capability decreasing
with the size of the network. One solution is the use of
recurrent NNs that sequentially process small sequence
fragments or single elements and are able to learn to store
features over long distances in the sequence using inter-
nal activations in feedback loops. The NN architecture
employed here is the bidirectional recurrent neural net-
work (BRNN) introduced in [19]. A modified version of
this architecture has shown good performance learning
the task of sequence-based prediction of signal peptides
[18]. One advantage of recurrent networks and especially
BRNNSs is the ability to make use of unaligned localized
sequence signals and the overall sequence content in
longer ranges. The BRNN architecture is summarized in
the following and the modifications to learning algorithm
are introduced.

To store both the context to the left and right for any posi-
tion in a sequence, the BRNN has two feedback loops
with two state vectors defined as F; ¢ IR" and B; ¢ IR™
that contain the context information while reading forward
and backwards, respectively. They are calculated as:

Fi= ¢(Fi—+, Uy and (1)
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B, = B(Bt+1= Ut) (2)

where ¢() and B() are nonlinear transition functions real-
ized by the multilayer perceptrons (MLPs) ¥ and X and
the vector U, € IR* is the input at time t € [1,7]. The state
vectors are initialized with Fy = By, = 0.

The output Y; € IR® is calculated after the calculation of
F; and B; has finished using

Yi=n(F, By ®)

where n() is again realized by a single layer transfer
function N,. In the realization of [19], N, contains one
hidden layer that is connected to U,. To find the optimal
network architectures in this application, all sizes of the
different layers are varied systematically and for each
setting the network is trained until the highest Mathews
correlation coefficient (MCC) is measured on the valida-
tion set (VAL,,,). It turns out that in all cross-validated
data sets the optimal network architecture has none of
those hidden units of the original BRNN architecture con-
necting the input layer without any feedback input to the
output layer. As any information in the input layer affecting
directly the current output can be passed through the
forward or backward states, the processing capabilites
will not be reduced without these units. The architecture
is shown in Fig. 1 where the shift operator g~ to copy the
forward state vector is defined as X,_; = g~ 'X; and the
inverse shift operator g*" to copy the backward state vec-
tor is defined as Xi»1 = "' X,

Figure 1. Modified BRNN architecture. The input at time ¢
is applied at U,. Y; contains the output vector. F; is the
forward state vector, and B, the backward state vector.
The shift operator g~ copies the last F, state vector while
reading the input sequence forwards while the operator
g™ copies the last B, state vector while reading the input
backwards.

2.3 Learning algorithm

To adapt the weight parameters in the MLPs K, , X, and
Ng, the recurrent NN is unfolded in time and the backpro-
pagation algorithm [20] is used to calculate the gradient
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for a relative entropy error measure [21] for all weights.
The unfolding is illustrated in Fig. 2. For each position in
the sequence, the activations in a copy of the complete
network are calculated using also the activations of the
copies to the left and right of that position. As the net-
works at each position are just copies of the original
recurrent net, a single weight in the recurrent network
occurs identical in the copies at all positions. These
occurencies of the weight are called the “shared posi-
tions” of the weight. The transformation of a recurrent
NN into an equivalent feedforward NN is called back-
propagation through time and was first described in [22]
and the application of backpropagation learning to these
networks was introduced in [20]. The gradient for a weight
is summed up for all training sequences and each shared
position within each sequence. One well-known obstacle
when training recurrent NNs is the problem of the vanish-
ing gradients [23]. In most cases, the gradient decays
exponentially with the number of layers in a NN. Since
the unfolded network has at least as many layers as the
length of the input sequences, there is a limit for storing
features that might be relevant for the prediction of a
property and are separated by longer sequences from
that property.
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e — 4 4 Cl—=§

Figure 2. Unfolded feedforward structure of a BRNN
processing an input sequence U, with length T = 3. First,
the forward states Fy, ..., F; are calculated sequentially
from left to right, while the backward states By, . . ., By are
calculated beginning with the end of the sequence and
continuing from right to left. After all F;, and B; are pro-
cessed, the output sequence Y; can be calculated.

A learning algorithm that performs well without depending
on the magnitude of weight gradients is the resilient back-
propagation (RPROP) algorithm [24]. Only the sign of
the derivative is considered to indicate the direction of
the weight update. The size of the weight change is de-

epoch

termined by a weight-specific update-value Ai(j ) and
defined as
(epoch) . (epoch)
emocn —A; , ifE >0
Aw; = Al s 4 (epoch) _ @

0, else
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where 2E*°" denotes the summed gradient information

over all batterns of the pattern set (one epoch in batch
learning). After each batch update, the new update-
values Aj(epoch) are determined using a sign-dependent
adaptation process.
0+ Ai(jepoch—1)7 i e (epoch—1) 3 (epoch) __
(epoch) _ _ h—1) . (epoch—1) (epoch)
Ai(jepoch—‘l)7 else
where n~ =0.5and n* = 1.05 are fixed values.

Every time the partial derivative of the corresponding
weight w; changes its sign, which indicates that the last
update was too big and the algorithm has jumped over a
local minimum, the update-value Aiﬁep“h) is decreased by
the factor n™. If the derivative retains its sign, the update-
value is slightly increased in order to accelerate conver-
gence in shallow regions. Using this scheme, the magni-
tude of the update-values is completely decoupled from
the magnitude of the gradients. It is possible that a weight
with a very small gradient has a very large weight change
and vice versa, if it just is in accordance with the topology
of the error landscape. This learning algorithm converges
substantially faster than standard backpropagation.

2.4 Performance measures

The classification performance is measured by calculat-
ing the percentage of correct classifications, the Mathews
correlation coefficient [25, 21], the sensitivity and the
specificity defined as sensitivity = cp/(cp + fn) and speci-
ficity = cp/(cp + fp) where cp is the number of correct
positive examples, fn is the number of false negative,
and fp is the number of false positive examples.

2.5 Data representation

All sequences were truncated after the first 90 N-terminal
residues. A protein is processed by the BRNN by sequen-
tially coding the residues in the sequence into the input
layer one by one using the standard one out of 20 code.
The three different localization classes are represented
using three output neurons having normalized exponen-
tials [21] as activation functions (the so-called “soft-max”
output). The target values for the output units along the
sequence have an activation of 1.0 for one of the classes
mTP or SPB, if the residue in the sequence is part of the
peptide indicating the corresponding localization and
ranging from the N-terminal to the cleavage site of that
peptide. To assign a localization class to the sequence of
output activations, the average activation corresponding
to the classes mTP and SP is calculated in a region of
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Table 1. Parameters of the five networks for optimal performance on the corresponding validation

sets
Net No. of forwmard  No. of backward No. of forward No. of backward avgregion thresh
state units (n) state units (m) hidden units hidden units
1 4 4 5 3 21 0.25
2 4 4 4 3 25 0.25
3 5 4 3 3 25 0.25
4 4 4 5 3 19 0.25
5 5 4 3 3 26 0.25

fixed size from to N-terminal end of the protein. The pa-
rameter “avgregion” determines the number of residues
in this region. If the class with the largest average activa-
tion in this region exceeds a threshold “thresh”, the
sequence is predicted into that class and into the “other”
class else. The values for “avgregion” and “thresh” are
varied systematically to give the optimal Mathews corre-
lation on the validation set. These optimal values and the
parameters for the architecture for the five networks are
shown in Table 1. Taking into account that the targeting
sequences have very different lengths for the different
target classes, separate values for the “avgregion” for
each class are reasonable. As this adds more dimen-
sions to the systematic variations, we restrict ourselves
to a uniform size for all classes in this study due to com-
putational limitations.

3 Results and discussion

3.1 Performance on novel test sets

The classification results on the test sets TES; . . . TES; for
all five independent networks are summarized in Table 2
with the scores of TargetP [9] in parentheses. The over-
all percentage of correct classifications of Locfind (91.3

(= 0.99)%) is slightly better than the corresponding per-
centage of TargetP (90.0 (= 1.1)%). The performance of
the Locfind predictions for the mTP class is clearly higher
than the predictions in TargetP as the correlation coeffi-
cient indicates (0.77 versus 0.73).

3.2 Using the network activation as a reliability
index

The average activation on the avgregion N-terminal resi-
dues gives also an indication for the reliability of the
classification. By varying the acceptance threshold, the
classifications can be discerned between higher sensitiv-
ity or higher specificity. The relationship between sensitiv-
ity and specificity by varying this threshold is shown in the
so-called “receiver-operating-characteristic” (ROC) [21]
curves for the different classes in Figs. 3, 4, and 5. The
Web version of Locfind reports the average activation for
each class and each of the five networks in order to
assess the prediction reliability. Furthermore, the deci-
sions using the thresholds for optimal Mathews correla-
tion of the five networks are combined into one prediction
using a majority vote and the higher sum of average acti-
vations in case of a voting tie. This usually leads to
another small increase in predictive performance.

Table 2. Locfind prediction performance on novel test-sets in fivefold cross-validation (scores of TargetP [9] in parentheses)

Data True No. of Predicted category Sensitivity MCC
set category  sequences TP Sp Other
mTP 371 290 (330) 3 (9) 8 (32) 0.78 (0.89) 0.77 (0.73)
Non- SP 715 2 (13) 668 683) 5 (19) 0.93 (0.96) 0.89 (0.92)
plant Other 1652 63 (152) 49) 1542 (1451) 0.93 (0.88) 0.84 (0.82)
Specificity 0.82 (0.67) 0.91 (0.92) 0.94 (0.97)

In total 91.3(%=0.99)% (90.0(*+1.1)%) correct predictions for the non-plant predictor, where the standard deviations refer to
the spread in performance of the five different networks and test sets used for cross-validation.
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Figure 3. ROC analysis for mTP.

Figure 4. ROC analysis for SP.

Figure 5. ROC analysis for the
class “other”.
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4 Concluding remarks

Locfind is a novel tool for the sequence-based prediction
of the localization of eukaryotic proteins. The number of
parameters adjusted by the learning algorithm is signifi-
cantly lower than in the usual feedforward neural network
approaches to this problem and for that reason, better
generalization can be expected. Apart from its high pre-
diction accuracy it hence shares the advantage of fast
execution that was already shown for the related tool Sig-
find [18]. We are currently extending this tool to include
also the plant data sets used in TargetP. While trying to
improve the prediction accuracy we should of course be
aware of the limitations due to proteins that are targeted
simultaneously to two or more cellular compartments [26],
an interesting phenomenon that should be reflected in the
data sets used.
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