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Prediction of N-terminal protein sorting signals
Manuel G Claros∗, Søren Brunak† and Gunnar von Heijne‡

Recently, neural networks have been applied to a widening
range of problems in molecular biology. An area particularly
suited to neural-network methods is the identification of
protein sorting signals and the prediction of their cleavage
sites, as these functional units are encoded by local, linear
sequences of amino acids rather than global 3D structures.
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Abbreviations
c-region C-terminal region
cTP chloroplast transit peptide
h-region hydrophobic core
mTP mitochondrial targeting peptide
n-region N-terminal region
SP signal peptide

Introduction
Many proteins that are synthesized in the cytoplasm
are ultimately found in noncytoplasmic locations. This
requires an efficient and specific addressing system. The
‘address labels’ are encoded by a specific sequence or
structure in the protein [1•], and various methods to detect
different classes of targeting signals in protein sequences
have been devised over the years. In this review, we will
briefly discuss methods designed to identify signals that
target proteins to the secretory pathway (signal peptides)
and to mitochondria and chloroplasts. Our emphasis will
be on the most recent work in this area, which is based
mostly on the use of neural networks.

Signal peptide characteristics
Proteins destined for the endoplasmic reticulum, the Golgi
compartment, the lysosome, the plasma membrane, and
the exterior of the cell are initially transported across
the endoplasmic reticulum membrane [2]. These proteins
contain an N-terminal signal peptide (SP) of about
15–25 residues. SPs consist of a short, positively charged
N-terminal region (n-region), a 7–15 residue hydrophobic
core (h-region), and a more polar 3–7 residue C-terminal
region (c-region) leading up to the signal peptidase
cleavage site between the SP and the mature protein
[3]. Although minor differences in composition and length
exist, the characteristics of eukaryotic SPs are essentially
shared by the SPs of prokaryotic and archaeal proteins

destined to the periplasm [4•] (H Nielsen, S Brunak,
von Heijne, unpublished data). Prokaryotic lipoproteins
are cleaved by a distinct signal peptidase and their SPs
have a different cleavage-site pattern [3].

Mitochondrial targeting peptide characteristics
Most mitochondrial targeting peptides (mTPs) consist
of an N-terminal presequence of about 20–80 residues,
although several mitochondrial proteins are synthesized
without a cleavable extension [5]. mTPs are enriched in
arginine, leucine, serine and alanine, contain none or a
few acidic residues and are believed to form amphiphilic
α-helices [6,7]. A loosely conserved cleavage-site motif
has been proposed [8]. Proteins located in the inner
mitochondrial membrane or the intermembrane space
are often targeted by means of a bipartite mTP [9].
Although not related specifically to the mTPs, it may
be noted that mitochondrially targeted proteins have a
high isoelectric point [10] and do not present physical
constraints such as highly hydrophobic transmembrane
segments that obstruct their import [11•].

Chloroplast transit peptide characteristics
Chloroplast transit peptides (cTPs) are mainly enriched in
serine and other hydroxylated residues. Because of a rather
low content of acidic residues, their net charge is often
positive. Their length varies from 20 to more than 100
residues. cTPs seem to be organized in three domains [7]:
an N-terminal part, which is around ten amino acids long,
uncharged, poor in glycine and proline, and which has an
alanine following the initial methionine in most cases; a
central part, which is enriched in serine and contains few,
if any, acidic residues; and a C-terminal part, which is
enriched in arginine, and which may form an amphiphilic
β strand. cTPs that target proteins to the thylakoid are
bipartite [12]. Two kinds of cleavage-site consensus motifs
have been proposed: one for thylakoidal proteins, which is
similar to the signal peptidase motif found in SPs [13], and
another, less conserved motif for stromal proteins [14].

Neural networks
Neural networks consist of a number of simple, non-
linear computational units that operate in parallel. The
technique was originally developed with the purpose of
modeling brain function, and neurons and synapses in
biological neural networks, but it has so far had its greatest
impact in practical pattern-recognition applications [15,16].

In the most popular network architecture, the units are
organized into layers: an input layer, which receives
signals from external sources, such as the numerical
encoding of sequence data; one or more hidden layers;
and an output layer, which sends analog signals to the
environment for later interpretation and assignment of
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functional categories. When only input and output layers
are present, the architecture is often called a ‘Perceptron’,
and it has the computational ability to resolve only linear
classification tasks.

A more powerful pattern-recognition device results when
hidden layers are present. These layers are termed hidden
because the activation of their units is not directly
observable from the outside; they receive signals from the
input units and relay weighted signals to the output units.
Hidden units give the network the capability of handling
nonlinear classification tasks. The optimal numbers of hid-
den layers and units are normally determined empirically,
although tools originating from a more general Bayesian
framework can be used for estimating a reasonable number
of weight parameters [15–17].

One of the main advantages of neural networks is that
a preconceived model is not required. The weights in a
network (i.e. the strengths of the connections between
units in adjacent layers) are determined automatically by
so called ‘learning procedures’ that use sequence data
to adjust the parameter values. Information from both
positive and negative cases is taken into account, such that
residues and positions that are important will be weighted
accordingly. Thus, no a priori relationships exist between
the chosen parameters, leading to essentially unbiased,
data-driven results [17]. Importantly, the trained network
can detect nonlinear correlations between the residues in
the input window and exploit them for improving the
quality of the predictions.

As expected, larger, nonhomologous, data sets increase
the accuracy of neural-network methods [18]. A special
benefit is the possibility of interpreting the weights
resulting from training in a biochemically meaningful
way, possibly leading to new insights into the recognition

that takes place in the cellular environment. Below, we
discuss the ‘conventional’ and neural-network methods
that have been developed for predicting protein targeting
signals (Table 1).

Prediction of signal peptides
Statistical methods
For a full characterization, one needs to predict both
the existence of a particular sorting signal in a protein
sequence and the cleavage site between the signal and the
mature protein. A procedure to do the former was proposed
early on by McGeoch [19], who built a discriminant func-
tion based on the net charge and length of the n-region,
and the length and hydrophobicity of the h-region. Weight
matrices were used early on to identify signal peptidase
cleavage sites [20], with 75–80% predictions of cleavage
sites in SPs outside the training set reported to be correct.
These matrices have been widely used in several software
applications such as SIGSEQ [21] for UNIX and MS-DOS
operating systems, the PLOT.A/SIG program included in
MacProt for Apple Macintosh computers (P Markiewicz,
unpublished), SIGNAL [22] for UNIX, and Signalase
(N Matei, unpublished) for Apple Macintosh computers.
The most complete software that uses the original SP
weight matrices is SIGCLEAVE in the extended pack of
programs for GCG (EGCG) for VMS and UNIX machines
[23]. SIGCLEAVE has been modified following the
recommendations in [24], although the reported success
rate is similar to the original method.

Whereas most of the early methods focused only on
cleavage-site predictions, Folz and Gordon [25] have
combined two different algorithms to detect SPs: one
algorithm (SIGSEQ1) is based on a series of empirically
derived rules to generate a probability score for each
position, and the second algorithm (SIGSEQ2) applies the
statistical weight matrix approach. By combining the two

Table 1

Software for predicting N-terminal sorting signals.

Sorting signal Programs Internet addresses Reference

Signal peptides SIGSED ftp://ftp.ebi.ac.uk/pub/software/ [21]
SIGSEQ1, SIGSEQ2 folz@wums.bitnet∗ [25]
PLOT.A/SIG ftp://ftp/ebi.ac.uk/pub/software/mac (a)
SIGNAL ftp://ftp/ebi.ac.uk/pub/software/unix/ (b)
Signalase ftp://ftp/ebi.ac.uk/pub/software/mac/ (c)
SIGCLEAVE ftp://ftp/ebi.ac.uk/pub/software/ [23]
PROFI wrede@zedat.fu-berlin.de [29]
PROSA, PROMIS wrede@zedat.fu-berlin.de [32]
SIGNALP http://www.cbs.dtu.dk/servers/SignalP [41]

signalp@cbs.dtu.dk (e-mail server)

Mitochondrial targeting peptides MitoProt II ftp://ftp.ebi.ac.uk/pub/software/ [36••]
mitoprot@biologie.ens.fr (e-mail server)

PROSA, PROMIS wrede@zedat.fu-berlin.de [32]

Subcellular localizations PSORT http://psort.nibb.ac.jp/ [40]

∗This published e-mail address does not exist. (a) P Marckiewicz, personal communication. (b) R Colgrove, personal communication. (c) N Matei,
personal communication.
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methods, 80% of the SP cleavage sites in a collection of
eukaryotic proteins was correctly predicted.

Neural network approaches
Neural networks were first applied to SP predictions
in combination with weight matrices [26]. A multilayer
architecture that self-adjusts to the data was trained to
detect 20 N-terminal residues belonging to SPs. 82% and
74% of the SPs were correctly identified in the training
and test set, respectively. When the network was applied
to sequences first selected with the weight matrices, the
success rate increased to 95%. This network failed to
outperform the discrimination ability of the weight matrix
method, even though a larger training set was used.

An unsupervised neural network based on a self-organizing
Kohonen feature map has unexpectedly been found to be
able to extract SP motifs from insulin cDNA sequences
[27]. How well this method performs on more general data
sets is unclear.

Using a training set of only 24 proteins, a neural network,
trained by a genetic algorithm and representing each
amino acid by four physicochemical properties, has been
able to correctly predict all SPs in the training set [28].
It uses an asymmetric window of −10 to +2 residues with
a Perceptron-type neural network. This method, PROFI,
has been improved by using a three-layer network and
by dividing the same 24 proteins into training and test
sets: the optimal input layer employs 4–7 physicochemical
amino acid properties for the sequence description, one
hidden layer for the feature extraction, and a single
output layer for classification [29]. The success rate for
predicting the cleavage sites is 99% for the training set
and 91% for the test set. The network has been further
used to design amino acid sequences, by using simulated
molecular evolution, that should have ‘ideal’ E. coli leader
peptidase cleavage sites [30]. Two SP cleavage sites
designed in this way have been studied in vivo, and
the experimentally observed processing of the protein
confirms the predictions made by the neural network [31].

A similar strategy of using a genetic neural network, but
using a larger set of proteins (65 from eubacteria and
95 from eukaryotes), has enabled the generalization of
E. coli SP characteristics to other organisms. Both the
characteristics of the SP and the cleavage site have been
studied [32]. The statistical program PROSA is used to
extract rules that describe SPs and is able to predict 80%
of the cleavage sites in both training and test sets. The
neural network PROMIS has been used to predict SPs and
their cleavage sites. PROMIS can predict 80% of the SP
cleavage sites in the training and test sets.

The most efficient method currently available to identify
SPs and their cleavage sites is SIGNALP [33••], which
uses neural networks trained on very large sets of non-
homologous prokaryotic (266 sequences from Gram-neg-

ative and 141 from Gram-positive bacteria) and eukaryotic
(1011 sequences) SPs [34•]. SIGNALP combines two
networks, one to recognize the cleavage site, and another
to distinguish between SPs and non-SPs. The best results
have been obtained with networks that have zero or one
hidden layer with up to four hidden units. SIGNALP uses
asymmetric windows (including more positions upstream
than downstream of the cleavage site) for predicting the
SP, and a symmetric or nearly symmetric window to
predict the cleavage site. Cleavage-site prediction on the
test sets correctly identified 78% of the eukaryotic and
89% of the prokaryotic signal peptides. This is lower
than the accuracy reported for the original weight matrix
method (see above), but when new weight matrices
were constructed based on the same training set as
used for SIGNALP, the performance was much worse
than in the original publication. This suggests that
signal peptides are somewhat more variable than was
apparent from the early, rather small collections, and that
neural networks can extract useful information beyond
what can be captured with weight matrices. It should
be noted that the prediction performances reported for
SIGNALP correspond to minimal values due to the low
similarity between the sequences in the test set. Thus,
the prediction accuracy will generally be higher when
the method is applied to an unbiased sample of new
sequences, as these will often be similar to sequences
used in the training set. Interestingly, the difficulty
of SP prediction has been found to increase in the
order Gram-negative bacteria < eukaryotes < Gram-positive
bacteria. This neural network is also, to some limited
extent, able to discriminate among SPs and uncleaved
signal anchor sequences.

Prediction of mitochondrial and chloroplast
sorting signals
Statistical methods
The program MitoProt for Apple Macintosh computers
[35•] represents an early attempt to help identifying
mTPs. It calculates a number of characteristics thought to
describe mTPs but leaves the final decision to the user.
In the search for a more objective way to identify mTPs,
discriminant analysis turns out to be very useful [36••].
An analysis based on 47 physicochemical parameters and
a large set of mitochondrial and nonmitochondrial proteins
has reached a success rate of 80% for the training set
and 75% for the test set when predicting the existence
of an mTP. Many of the mitochondrial proteins not
detected by the method have been found to possess
internal, noncleavable mTPs or to be localized in the
outer mitochondrial membrane. Among matrix and inner
membrane proteins, only 7% of the mTPs were missed.
The method has been implemented in the program
MitoProt II for Macintosh and UNIX machines.

A discriminant function to separate both mitochondrial
and chloroplast proteins from non-organellar proteins has
also been included in the last release of MitoProt II
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(MG Claros, P Vincens, unpublished). The crossvalidated
success rate predicting mTPs and cTPs (77% for both
the training and test sets) is slightly lower than for
only mitochondrial proteins. The discrimination between
mTPs and cTPs is performed with the equation described
in [7], based on the observation that the frequencies of
arginine and serine are very different in the two kinds of
signals.

Thylakoid lumen proteins have bipartite presequences
that are cleaved off by a prokaryotic-like signal peptidase,
and a weight matrix similar to that used for cleavage sites
in bacterial SPs has been derived for such proteins [13].
The prediction accuracy is not known in this case, but
it is probably higher than for Gram-negative SPs as the
substrate specificity of the thylakoidal protease is more
restricted than for the E. coli signal peptidase [37].

Neural network approaches
Neural networks were first applied to a small set of
proteins to infer mTPs and cTPs by Schneider et al.
[28], who reported a success rate of 75% for the test
set. Cleavage-site predictions based on the PROSA and
PROMIS programs, however, have so far not been very
successful [32]. The main problem in both cases has
been overtraining and an inability to extract significant
properties describing transit peptides.

Using Neurospora crassa mitochondrial precursors, scanned
with asymmetric windows and utilizing 13 Perceptron-type
networks [38], 81% of the mTP cleavage sites have been
correctly predicted. Recently, self-organizing Kohonen
networks have been trained on mTPs (with each residue
represented by its size and hydrophobicity values) from
a range of different organisms and have been found to
be able to cluster these sequences according to three
previously known cleavage-site motifs (G Schneider et al.,
unpublished data).

Prediction of subcellular localization by
expert systems
Expert systems are programs that use domain-specific
knowledge and heuristics to solve problems in a narrow
and realistic problem area. The difference between an
expert system and the algorithms described above is that
the expert system applies a large number of different
sorting signal detection algorithms at the same time,
utilizing a collection of ‘if–then’ rules as a knowledge base
to interpret their respective outputs.

In the first application of expert systems to the protein
sorting problem, four different locations (cytoplasm, inner
membrane, periplasm, and outer membrane) in Gram-
negative bacteria have been considered [39]. The basic
if–then rules are intended to simulate the actual sorting
pathways, and the system uses the SP-detection methods

described above as well as empirical rules relating to
the amino acid composition in the mature part of the
protein. It has been able to correctly distribute 83% of
106 nonhomologous prokaryotic proteins among the four
localization sites.

A similar expert system (PSORT) has been developed
for predicting protein locations in eukaryotic cells [40].
401 proteins from 14 different subcellular sites (cyto-
plasm, nucleus, four mitochondrial sites, peroxisome, two
endoplasmic reticulum sites, Golgi, two lysosome sites,
vacuole, two plasma membrane sites, and the extracellular
space; and for plant cells, three more sites corresponding
to chloroplast proteins) have been collected. Many of
the rules are based on discriminant functions calculated
on the overall amino acid composition of the protein.
The organization of the if–then rules follows a reasoning
that tries to emulate the real pathway of sorting in vivo.
Around 65% of all proteins can be localized to the correct
compartment by the method, whereas a random guess
would result in less than 10% accuracy. 66% of the
mitochondrial proteins and 86% of the chloroplast proteins
have been correctly localized. For proteins targeted by
SPs to the secretory pathway, the accuracy is similar to
that obtained using the non-neural network algorithms
discussed above.

Conclusions
In recent years, workers trying to predict protein sorting
signals have turned increasingly to the use of neural
networks. By and large, this approach appears to give slight
but significant improvements over previous methods,
although the larger size and higher quality of the more
recent training and test sets may be equally important.
SPs, mTPs, and cTPs can now be quite reliably identified,
but cleavage sites can so far only be predicted with an
acceptable degree of confidence for SPs.

Much of the development in the coming years will
probably be an adaptation of the methods to the analysis
of data from genome-sequencing projects. A particularly
interesting (and difficult) problem in this context is the
identification of sorting signals in incomplete sequences
(such as ESTs). In addition, slight improvements will
probably be obtained by developing species-specific
prediction methods.
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