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ABSTRACT
Summary: Although the HMMER package is widely used
to produce profile hidden Markov models (profile HMMs)
for protein domains, it has been difficult to create a
profile HMM for signal peptides. Here we describe an
approach for building a complex model of eukaryotic signal
peptides by the standard HMMER package. Signal peptide
prediction with this model gives a 95.6% sensitivity and
95.7% specificity.
Availability: The profile HMM for signal peptides, data
sets, and the scripts for analyzing data are available for
non-commercial use at http://share.gene.com/.
Contact: zemin@gene.com

INTRODUCTION
HMMER is an implementation of profile HMM methods
for sensitive database searches using multiple sequence
alignment profiles as queries (Eddy, 1998). A wide
collection of protein domain models has been generated
using the HMMER package and these models have largely
comprised the Pfam protein family database (Bateman et
al., 2002) widely used for protein domain detection and
function prediction. However, the application of HMMER
has not been successfully extended to creating more
complicated models as is required for secretion signal
peptides. Despite the importance of predicting protein
signal peptides (Nakai, 2000), a signal peptide model is
noticeably absent from the Pfam database (Pfam 7.4, July
2002). The major difficulties in constructing such a model
include great variation in length and a lack of obviously
conserved residues in signal peptides, except −1 and −3
positions relative to the cleavage site (von Heijne, 1983,
1985). The few commonly available prediction servers
for signal peptides, including SignalP Server V1.1 and
V2.0, are based on neural networks and/or hidden Markov
models (Nielsen et al., 1997; Nielsen and Krogh, 1998);
however, the specialized tools for reproducing those
models are not generally available so it can be difficult
to update or modify the prediction methods for most
molecular biologists. Here, we describe up-to-date data
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sets of signal peptides and the application of the HMMER
package in producing a reliable prediction method for
signal peptides.

METHODS
Training data set of human protein sequences and test data
set of mouse sequences were extracted from Release 40
of SWISS-PROT (Bairoch and Apweiler, 2000) (details
described at http://share.gene.com). A Perl script was used
to define n-, h-, and c-regions (von Heijne, 1985) of signal
peptides for the 363 human signal peptides by following
the logic described previously (Nielsen and Krogh, 1998).
The maximum lengths for n-, h-, and c-regions were set
to 17, 20 and 12, respectively, and 12 sequences that did
not show typical sub-regions were excluded. To create
multiple sequence alignment, n-domains were aligned to
the left, h- and c-regions were aligned to the right, and
sufficient gaps were inserted between these regions to
allow shorter sequences to align properly with longer
sequences. The aligned sequences were then used to
build a model for global alignment using the ‘hmmbuild’
program in the HMMER 2.2 package (Eddy, 1998). It
was critical to tune the architecture prior parameter since
the default setting at 0.85 failed to give a model with
correct domain structures. The optimal value was found
empirically to be 0.95.

Using our model, the ‘hmmpfam’ program was run to
generate a score for each of the protein sequences. These
scores were used to determine the signal potential, and
the alignment coordinates to estimate the cleavage sites.
Typically we only used the first 50 amino acid residues of
a sequence for hmmpfam analysis.

RESULTS AND DISCUSSION
Figure 1A shows the self-consistency test results based
on the analysis of the signal-containing human sequences
used in model building and human non-signal sequences.
The separation of these two groups was striking. When the
hmmpfam cutoff score is set between –5 and –1, both the
sensitivity and specificity are at least 95%, and Matthews’
correlation coefficient (MCC; Matthews, 1975) is about
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Fig. 1. Self-consistency test and validation of the signal pep-
tide model. (A) Sensitivity (solid line), specificity (dashed), and
Matthews’ correlation coefficient (dotted) as a function of the cut-
off score from hmmpfam. These were based on the analyses of
3234 non-signal human sequences and 363 signal-containing hu-
man proteins used for model building. (B) Discrimination of mouse
and human signal-containing proteins from non-signal proteins as
a function of the cutoff score. False positive rate is measured as
the percentage of predicted positive sequences out of all non-signal
sequences. These were based on the analyses of 3234 human and
1958 mouse non-signal proteins, and a wider collection of signal-
containing proteins from human (892) and mouse (644).

0.90. We therefore set the cutoff score at −5, which gives
98.6% sensitivity and 95.1% specificity.

This model was then validated with multiple data
sets. Figure 1B shows the performance of this model in
separating human or mouse signal-containing sequences
from non-signal sequences. Both the sensitivity and
false positive curves are almost super-imposable between
human and mouse, supporting the predictive ability of
this model. Based on the mouse data, sensitivity and

specificity for signal prediction are 95.6 and 95.7%
respectively, and MCC is 0.89. Similar results (92.4,
96.5%, and 0.88, respectively) were observed when this
prediction method was applied on all eukaryotic test data
sets used in SignalP studies (Nielsen and Krogh, 1998).
Furthermore, 67% of the known cleavage sites in our
sequence collection were predicted precisely, and 78%
were predicted to within ±2 residues from the sites given
in SWISS-PROT. As a comparison, SignalP correctly
predicts 69.5% cleavage sites, and, when applied to our
test data sets, gives a sig/nonsig MCC value of 0.91.
Overall, the signal/non-signal discrimination ability and
cleavage-site recognition ability are comparable to previ-
ous methods (Nielsen and Krogh, 1998), even though our
model is based on human sequences alone. Models built
from mouse sequences or a subset of human sequences
gave similar performance.

In conclusion, we have used a simple approach to build a
reliable profile hidden Markov model compatible with the
Pfam database and the HMMER package. The success of
building such a model depends on unbiased data selection,
appropriate alignment of the three domains within the
signal peptides, and maintaining the model structure by
optimizing the architecture prior parameter.
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