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COMMUNICATION

Using subsite coupling to predict signal peptides

Kuo-Chen Chou

Computer-Aided Drug Discovery, Pharmacia and Upjohn, Kalamazoo,

MI 49007-4940, USA. E-mail: kuo-chen.chou@am.pnu.com

Given a nascent protein sequence, how can one predict its
signal peptide or ‘Zipcode’ sequence? This is a first import-
ant problem for scientists to use signal peptides as a vehicle
to find new drugs or to reprogram cells for gene therapy.
Based on a model that takes into account the coupling
effect among some key subsites, the so-called {-3, -1, +1}
coupling model, a new prediction algorithm is developed.
The overall rate of correct prediction for 1939 secretory
proteins and 1440 non-secretary proteins was over 92%.
It has not escaped our attention that the new method may
also serve as a useful tool for helping investigate further
many unclear details regarding the molecular mechanism
of the ZIP code protein-sorting system in cells.
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Introduction

The knowledge of protein signals can be used to reprogram
cells in a specific way for future cell and gene therapy. Protein
signals have become a crucial tool for researchers to construct
new drugs that are targeted to a particular organelle to correct
a specific defect. For example, by adding a specific tag to the
desired proteins, one can tag them for excretion, making them
much easier to harvest (Hagmann, 1999). To use such a tool
successfully, first one has to identify the signal sequences. Since
the number of nascent protein sequences entering databanks has
been rapidly increasing, it is time consuming and costly to
identify the signal peptides entirely by experiments. Thus, a
strong interest in the automated identification of signal
sequences and prediction of their cleavage sites has been
evoked. The importance of predicting protein signal peptides
has also been elaborated recently in an excellent review by
Nakai (2000).

The existing methods in this area are based mostly on the
use of neural networks (Claros et al., 1997; Nielsen et al.,
1999; Nakai, 2000). They are actually the application of
machine learning techniques. As pointed out by King (1996),
the advantages of neural network prediction methods are that
they are ‘readily available’ and ‘often successful in practice’.
He also pointed out that the disadvantages are that ‘there is
little use of chemical or physical theory’, the methods have
‘very poor explanatory power—a Hinton diagram means noth-
ing to a protein chemist’ and ‘they are statistically rather
poorly characterized’. Besides, although the computational
costs for training the networks were considerably higher,
the prediction accuracy thus obtained was not higher (and
sometimes even lower) than the analytical methods. The current
study was initiated in an attempt to develop an automated
method based on the sub-site coupling principle that can be
used to identify signal peptides faster and more accurately.
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Materials and methods

Signal peptides comprise the N-terminal part of the secretory
protein chain. They control the entry of virtually all proteins
to the secretory pathway, in both eukaryotes and prokaryotes
(Gierasch, 1989; Rapoport, 1992) and are cleaved off by
signal peptidase while the protein is translocated through the
membrane. As shown in Figure 1, the cleavage site is at
(-1, +1), i.e. the location between residues —1 and +1 or
between the last residue of the signal peptide and the first
residue of the mature protein. Accordingly, the prediction of
the signal peptide of a nascent protein is immediately correlated
with the prediction of its cleavage site by the signal peptidase.
The length of signal peptides is varied for different secretory
proteins. As shown in Figure 2, of the 1939 signal peptides
studied by Nielsen er al. (1997), the shortest one contains
eight amino acid residues and the longest contains 90 residues
while the majority have a length within 18-25 residues. The
extreme variation in length and sequence has posed a difficulty
for formulating a general algorithm to predict the signal
peptides. To deal with this kind of situation, let us consider a
window with a scale of &, ..., -3, =2, -1, +1, +2, .., &
(Figure 3). Such a window is called a ‘scaled window’ and
symbolized as [-§; +&,]. When sliding the scaled window
[-&,. +&,] along a sequence of n residues, one can consecutively
highlight n — (§;, + &,) + 1 different sequences. Note that for
the current study the identification of cleavage site is very
important because it is directly correlated with a correct
prediction of the signal peptide. For example, instead of the
site (-1, +1), if the cleavage site is identified at (-2, —1) or
(+1, +2) then the corresponding signal peptide thus derived
will be one residue shorter or longer than the actual one
(Figure 1). Therefore, of the sequence segments highlighted
by the scaled window, only the one with the residue at the
scale —1 being the very last residue of the signal sequence is
regarded as the secretion-cleavable segment (Figure 3a); while
all the other segments regarded as non-secretion-cleavable
(see, e.g., Figure 3b and c). In this way, if sliding the scaled
window [-§; +&,] along a protein sequence of n residues,
one can generate one, and only one, secretion-cleavable seg-
ment and n — (§; + &,) non-secretion-cleavable segments if
the protein is secretory, but n — (§; + &,) + 1 non-secretion-
cleavable segments if it is non-secretory. All the secretion-
cleavable segments form a cleavable or positive set denoted
by ST and all the non-secretion-cleavable segments form a
non-cleavable or negative set S-.

Segments generated by sliding the scaled window [-§; +&;]
along protein sequences can be generally expressed as

Rz R 1) RERHOR R R R, )Ryg, (1)

where R_¢ represents the residue at the scale &, R, the
residue at the scale —1, R, the residue at the scale +1 and
so forth.

If the amino acid residue at each of the segment subsites
(Equation 1) can be treated as an independent element, i.e.
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Signal Peptidase

Fig. 1. A schematic drawing to show the signal sequence of a protein and
how it is cleaved by the signal peptidase. An amino acid in the signal part
is depicted as a black circle with a white number to indicate its sequential
position, while that in the mature protein depicted as an open circle with a
black number. The cleavage site is at the position (-1, +1), i.e. between the
last residue of the signal sequence and the first residue of the mature
protein. During the cleavage process, a highly special fit is required between
the amino acid residues at the subsites —3, —1 and +1 of the secretory
protein and their counterpart of the enzyme (cf. Figure 4).

there is no coupling at all among these subsites, then its
attribute to the cleavable set ST and that to the non-cleavable
set S~ can be formulated, respectively, as

YR, ~R3RHR R Ry p+Ryg,

=Pt (R )P 3R PR )
PEIR, DPLR )+ Ple R ,) (2a)

and
Wi(R £ R 3R R Ro R R,

TP, (Rg)P3(R3)PHR )
PRy DPR(R10)Pre (Rig) (2b)

where P;7(R,) is the probability of amino acid R; occurring at
the subsite i ( = -§,, ..., -3, =2, -1, +1, +2, ..., +&,) for the
secretion-cleavable segments and P;(R;) the corresponding
probability for the non-secretion-cleavable segments The
values of the former can be derived from a positive training
data set Sy consisting of only secretion-cleavable segments
and the values of the latter can be derived from a negative
training data set S{ consisting of only non-cleavable segments.
The subscript O of y indicates that the attribute function is
formed by independent probabilities in which no coupling
effect between subsites is included, as shown by the right-
hand side of Equation 2. However, in reality the protein
subsites are often coupled with one another. Therefore, it is
instructive to conduct a statistical analysis for the 1939
secretory protein sequences retrieved from Nielsen et al
(1997). The result thus obtained is illustrated in Figure 4, from
which we can see that the amino acid residues at the subsites
-3, =1 and +1 are mostly occupied by Ala. Furthermore,
according to the detailed numbers generated through the
statistical analysis, of the 1939 protein sequences, the occur-
rence frequencies of Ala at the subsites -3, —1 and +1
are 667, 1084 and 397, respectively, while the occurrence
frequencies of the other 19 amino acids at these subsites are
relatively much lower. Besides, all these three subsites are
very close to the cleavage site (Figure 1). This suggests that
a highly special match between the signal peptidase and the
secretory protein at the subsites -3, —1 and +1 is required
during the cleavage process. Accordingly, to establish a power-
ful method for predicting the signal peptides, the coupling
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among these three key subsites, i.e. the {3, —1, +1} coupling,
must be taken into account. Thus, Equations 2a and 2b should
be modified to

‘P*(R{]~~R73R,2R71R+1R+2«--R+€2)
=PLe (Rg)PL3(R3)PIH(RHPL (R IR )
PR IR.)PIH(Rp)PTe,(Rig,) (3a)

and
W (R R3RLR Ry Ry Rig)
TP (R ) P3(R3)PHR)P(RIR 3)
PRy IRDPH(R40)Pre,(Ryg,) (3b)

respectively, where P;*(R;) and P, (R;) are the same as those
in Equation 2. PT(R_jIR_;) is the probability of amino acid
R_; occurring at the subsite —1, given that R 3 has occurred at
the subsite —3; PT (R IR_)) is the probability of amino acid
R occurring at the subsite +1, given that R_; has occurred
at the subsite —1. Their values can be derived from a positive
training data set S§ consisting of only secretion-cleavable
peptides. Also, PZ1(R_;IR_3) and P;;(R.IR_;) have the same
meaning as P ;(R;IR_3) and PT;(R,IR_;) except that they
are derived from a negative training data set S, consisting of
only non-cleavable peptides.

Thus, for a given peptide sequence as defined in Equation
1, if its attribute function to the positive training set Sp* is
greater than that to the negative training set Sy, i.e. y* > -,
then the sequence is predicted to be secretion-cleavable;
otherwise, it is predicted to be non-secretion-cleavable. We
define a discriminant function A, given by

AR g R3RHR R R R yg) =
WP (R RGRHR Ry Ry Rig)
W (R RERHR R RipRyg, 4)

where w* and w~ are the weight factors for the attribute
functions derived from the positive training data set S§ and
negative training data set Sy, respectively. If there is no special
reason, they are generally set to be one ie. wt = w™ = 1.
Thus, the criterion of predicting the seretion-cleavability for a
given peptide sequence can be formulated as follows:

ifits A >0

{The peptide is secretion-cleavable,
otherwise 5

The peptide is non-secretion-cleavable,

During the training process, the parameters &, and &, can
be changed so as to find the optimal prediction quality. Once
a secretion-cleavable peptide is predicted, the corresponding
cleavage site and signal peptide are automatically obtained as
described above (cf. Figures 1 and 3a).

Results and discussion

To show the power of the key-subsites-coupled algorithm, the
following two criteria should be followed: (1) using a good
data set that is accessible to the public and (2) comparison
with the best result reported in the literature. The data set
investigated by Nielsen et al. (1997) satisfies the first criterion;
it can be retrieved from an FTP server at ftp://virus.cbs.dtu.dk/
pub/signalp. They consist of 1939 secretory proteins and 1440
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Fig. 2. A histogram to show the distribution of signal peptides with their length in the 1939 secretory proteins retrieved from Nielsen et al. (1997).
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Fig. 3. Illustration to show the sequence segments highlighted by sliding the
scaled window [-§;, +&,] along a protein sequence. During the sliding
process, the scales on the window are aligned with different amino acids so
as to define different peptide segments. When, and only when, the scale —1
is aligned with the last residue of the signal sequence and scale +1 aligned
with the first residue of the mature protein as shown in panel (a) is the
peptide segment seen within the window regarded as secretion-cleavable.
Peptides segments seen within the window for all the other cases, such as
those shown in panels (b) and (c), are regarded as non-secretion-cleavable.

Fig. 4. A 3-D histogram to show the frequencies of the 20 native amino
acids that occur at the subsites proximal to the cleavage site. As shown, the
occurrence frequencies of Ala at the subsites —3, —1 and +1 are
overwhelming in comparison with the other 19 amino acids, suggesting a
high selectivity of Ala at the three key subsites (cf. Figure 1).

non-secretory proteins. The former contains 416 human, 1011
eukaryote, 105 Escherichia coli, 266 Gram negative and
141 Gram positive proteins, and the latter 251 human, 820
eukaryote, 119 E.coli, 186 Gram negative and 64 Gram positive
proteins. Redundant sequences were removed to guarantee that
no pairs of homologous sequences exist in the data set. As
treated by Nielsen et al. (1997), for the secretory proteins, the
sequence of the signal peptide and the first 30 amino acids of
the mature protein were included in the data set, whereas for
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the non-secretory proteins, the first 70 amino acids of each
sequence were included. According to their report, the average
rate of correct prediction for the cleavage site location by the
neural network method was 71.54%. This is the highest success
rate so far reported for such a large data set available to the
public. Therefore, the result reported by Nielsen et al. (1997)
also satisfies the second criterion. To compare the prediction
quality at an equivalent condition, we used the same data set
as used by Nielsen et al. (1997).

The rate of correct prediction for the signal peptide set and
non-signal peptide set are given by

Nt-m™*
At=———  for signal peptides
N+
N —-m~ ©
A= ———, for non-signal peptides
N

where N * represents the total number of signal peptides and
m* is the number of signal peptides missed in prediction; N
is the total number of non-signal peptides and m~ is the number
of non-signal peptides incorrectly predicted as signal peptide.
The overall rate of correct prediction concerned is given by

A_A*N+ + AN
Nt + N~

| mt 4+ m” .
N* + N~ @

The prediction quality was examined by the standard testing
procedure in statistics (Mardia et al., 1979), that is, a combina-
tion of the self-consistency and jackknife tests. In the former,
the signal peptide of each protein in a given data set was
predicted using the parameters derived from the same data set,
the so-called training data set, whereas in the latter, each
protein in the training data set was singled out in turn as a
‘test protein’ and all the rule-parameters were derived from
the remaining proteins. Compared with the independent data
set test and sub-sampling test often adopted in biology, the
jackknife test is considered to be the most effective method
for cross-validation in statistics (Mardia et al., 1979). This is
because in the independent data set test, the selection of a
testing data set is arbitrary and the accuracy thus obtained
lacks an objective criterion unless the testing data set is
sufficiently large (Chou and Zhang, 1995). As for the sub-
sampling test in which a given data set is divided into
several subsets, the problem is that the number of possible
divisions might be too large to be handled. For example, in
the treatment by Nielsen er al. (1977), each data set was
divided into five approximately equal size parts and then every
network run was carried out with one part as test data and the
other four parts as training data. The performance measures
were then calculated as an average over the five different data
set divisions. Thus, even for the data of only secretory
proteins, the number of possible combinations would be
D = O XPXP; XDy XD, where @, = 416!/(83!183!83!-
83184!), @, = 1011!/(20212021202!202!1202!), d; = 105!/
(211211211211211), &4 = 266!/(53153153153154!) and @5 =
1411/(28128128128129!). Of @, ®,, O3, P, and Ps, the smallest
is @3 = 3.1x10%, implying ® would be >>15.5X103. It is
impossible for any existing computer to handle such a huge
number of combinations. In fact in any practical sub-sampling
tests as performed by Nielsen et al. (1997), only a very small
fraction of the possible combinations were investigated and
the results thus obtained could not avoid a considerable
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Table 1. Performance values by using the subsite coupling model

Rate of correct prediction for cleavage site location (%)*

Signal peptides Non-secretory proteins Overall
Scaled window  Self-consistency test
€1, +&l AT A” A
[-6, +2] 89.84 87.44 87.47
[-8, +2] 90.36 89.10 89.12
[-10, +2] 92.06 90.76 90.78
[-12, +2] 93.66 92.11 92.13
[-13, +2] 93.96 92.46 92.48
[-14, +2] 93.97 92.57 92.59
[-15, +2] 93.97 92.67 92.69
[-16, +2] 92.26 92.75 92.74
[-18, +2] 86.02 93.09 92.99
Scaled window  Jackknife test
€1, +8&l A" A~ A
[-6, +2] 85.25 87.69 87.66
[-8, +2] 86.90 89.15 89.12
[-10, +2] 87.98 90.74 90.71
[-12, +2] 89.12 92.10 92.06
[-13, +2] 89.63 92.46 92.42
[-14, +2] 89.58 92.57 92.53
[-15, +2] 89.94 92.66 92.63
[-16, +2] 88.14 92.74 92.68
[-18, +2] 81.74 93.08 92.93

3See Equations 6 and 7 for the definitions of A*, A~ and A.

arbitrariness. Accordingly, the testing procedure adopted here
is much more objective and rigorous.

Prediction was performed by selecting different parameters
for the scaled window [-£;, +&,]. Preliminary tests indicated
that for a given &, the optimal result for A™ was obtained
when &, = 2. The predicted results by both self-consistency
and jackknife tests with different values of &, are given in
Table I, from which we can see that the overall success rate
A is improved with increase in &;. However, if &, is too large,
many short signal peptides will be excluded. For example,
two signal peptides were excluded when &; = 10, five when
& = 12, six when &, = 13, eight when &, = 14, 13 when
& = 15,52 when &, = 16 and 186 when &, = 18. Each of
these excluded signal peptides was counted as an unsuccessful
prediction event, contributing to the reduction of the success
rate for the prediction of signal peptides. As a consequence,
A" was gradually reduced when & = 16 (Table I). As a
compromise, we select & = 13, 14 or 15 and &, = 2 as the
optimal parameters for the scaled window [-§;, +&,]. When
€, and &, are within these values, the success rates A"
(Equation 6) for the signal peptide set are over 93 and 89%
by self-consistency and jackknife tests, respectively, while the
corresponding success rates A~ (Equation 6) for the non-signal
peptide set are both over 92%. Also, the overall success rates
(Equation 7) for the cleavage site location by both self-
consistency and jackknife tests are over 92%.

Besides the neural network (NN) method proposed by
Nielsen et al. (1997), there are some other methods, such as
the simple weight matrix method (von Heijne, 1986), the
hidden Markov method (Baldi and Brunak, 1998) and the
physical sequence analysis method (Ladunga, 1999). Like
Nielsen er al’s method, all these methods have played an



important role in stimulating the development of this area.
The simple weight matrix method is one of the earliest practical
approaches for predicting the signal peptide cleavage sites.
However, as pointed out by Nielsen et al. (1997), if ‘the
original weight matrix algorithm (von Heijne, 1986) is applied
to’ the current data set, ‘the performance is much lower’ in
comparison with their NN method. The hidden Markov method
(HMM) also belongs to the machine learning approach; the
term ‘hidden’ refers to the invisibility of the underlying random
walk between different states. Actually, the HMM method is
a different type of artificial neural network method and hence
also bears the disadvantages elaborated by King (1996). The
physical sequence analysis method, also called PHYSEAN
method, was established on the basis of the physical, chemical
and biological characteristics of protein sequences. The
working data sets for PHYSEAN consists of 2532 preproteins
with signal peptides and 1138 cytosolic proteins. As described
by Ladunga (1999), three-quarters of the sequences in the data
sets were randomly selected to form a training set and the
predictions were performed on the remaining one-quarter of
sequences. The prediction accuracy was estimated on untrained
proteins by five repetitions of cross-validation experiments.
The success rate thus obtained for the prediction of cleavage
sites was 79.28%. It was not possible to make a direct
comparison of the present algorithm with PHYSEAN based
on a same data set because, unlike NN (Nielsen et al., 1997),
the data sets in PHYSEAN are not accessible to the public.
Moreover, as we can see, the cross-validation procedure in
PHYSEAN is also of sub-sampling test and hence could not
avoid the problem of arbitrariness either. This can be illustrated
as follows. Even only for the 2532 preproteins, the number of
possible sub-sampling combinations would be 25321/
(63311899!) >> 10°7°, Compared with such a huge number,
five different sub-samplings, although randomly selected, are
merely a very tiny fraction of the possible combinations (i.e.,
the fraction of sub-samplings considered is <€0.5X10739),

Accordingly, from both the higher success rate and the more
rationality in test procedures, it is worth communicating the
new algorithm to those working in the area concerned. At least
it will play a complementary role to the existing algorithms,
stimulating the development of protein signal peptide pre-
diction.

Conclusion

Since the present model has explicitly incorporated the coupling
among the subsites —3, —1 and +1 and all these subsites are
very close to the cleavage site, it can be directly used
for investigating the protein secretion-cleaved mechanism by
signal peptidase. The present model can also serve as a useful
vehicle for helping further investigate many unclear details
regarding the molecular mechanism of the ZIP code protein-
sorting system in cells. Furthermore, since signal peptides are
the key in determining the subcellular location of proteins, the
{-3, -1, +1} model might have some impact in improving
the prediction quality of protein subcellular location (Cedano
et al., 1997; Reinhardt and Hubbard, 1998; Chou and Elrod,
1998, 1999a,b; Chou, 2000; Nakai, 2000).
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