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Abstract

Proteases play a fundamental role in the control of
intra- and extracellular processes by binding and cleav-
ing specific amino acid sequences. Identifying these tar-
gets is extremely challenging. Current computational at-
tempts to predict cleavage sites are limited, representing
these amino acid sequences as patterns or frequency ma-
trices. Here we present PoPS, a publicly accessible bioin-
formatics tool (http://pops.csse.monash.edu.au/)which pro-
vides a novel method for building computational models of
protease specificity that, while still being based on these
amino acid sequences, can be built from any experimental
data or expert knowledge available to the user. PoPS speci-
ficity models can be used to predict and rank likely cleav-
ages within a single substrate, and within entire proteomes.
Other factors, such as the secondary or tertiary structure
of the substrate, can be used to screen unlikely sites. Fur-
thermore, the tool also provides facilities to infer, compare
and test models, and to store them in a publicly accessible
database.

1. Introduction

Proteases (also referred to as proteinases, peptidases or
proteolytic enzymes) are a class of proteins which appear
in all forms of life. Their function is to cleave other pro-
teins, referred to as their substrates. This cleavage often ac-

tivates, inactivates, or modifies the substrate, and thus con-
trols a diverse range of biological processes.

Inappropriate proteolytic activity can have devastating
consequences, and is the cause of numerous human dis-
eases. Thus, much research focuses on identifying the tar-
get substrates and inhibitors of proteases in these disease
states, with the ultimate goal of designing appropriate treat-
ments. A primary step in identifying the target substrates
and inhibitors of a protease is understanding its specificity,
i.e. the specific amino acid preferences exhibited by the pro-
tease, since this is a major determinant of which substrates
it will cleave and with what affinity.

One of the main factors affecting protease specificity is
its active site, a cleft in the protease structure which binds
to the substrate and cleaves it. This active site contains a
number of contiguous pockets called subsites (see Figure 1).
Each of these subsites binds a single amino acid within the
substrate sequence, with consecutive subsites binding con-
secutive amino acids, and cleavage occurring at the scis-
sile bond. We use the standard S/S’ subsite and P/P’ sub-
strate notation for protease-substrate interaction as defined
by Schechter and Berger [19], where P1-P1’ represents the
scissile bond, i.e. the bond that is cleaved in the substrate
(see Figure 1). The particular number of subsites in the ac-
tive site of a given protease, together with the specific size,
charge and shape of each of these subsites, are the major
components defining a protease’s specificity. In order for an
amino acid to be accommodated within a subsite, the size,
charge and shape of the amino acid and the subsite must
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Figure 1. The interaction between the active site of a hypothetical protease with four subsites and
the amino acids of a substrate, showing the notation of Schecter and Berger [19].

be compatible, with better compatibility resulting in a bet-
ter binding and an increased likelihood of cleavage. In addi-
tion, the relative importance of the subsites in determining
cleavage can vary, with one or more subsites clearly domi-
nating the result. Other factors that can also influence speci-
ficity include the three-dimensional structure of the sub-
strate, binding events between the substrate and the pro-
tease which occur outside the active site, and co-factors, i.e.
molecules which can bind to the protease and modulate its
specificity.

Unfortunately, while proteases represent around 2% of
all gene products across all the genomes [18], the target sub-
strates and inhibitors of many of these proteases remain un-
characterized. One reason is that generating specificity data,
for example by testing in the laboratory the activity of a pu-
rified protease against a library of peptides, is costly and
time consuming. Furthermore, even armed with specificity
data, final identification of physiological targets often re-
quires complex, time consuming in vivo experiments (ex-
periments conducted in living cells and organisms) in or-
der to fully understand the intricacies of a particular path-
way. Another reason is the lack of accessibility to signifi-
cant amounts of expert knowledge. There is, therefore, sub-
stantial demand for a publicly accessible computational ap-
proach to assist this process [18].

This paper presents PoPS (Prediction of Pro-
tease Specificity), an on-line computational tool
(http://pops.csse.monash.edu.au/) for modeling pro-
tease specificity. PoPS supports the creation of computa-
tional specificity models of any protease from either mea-
sured experimental data or expert knowledge of primary
sequence specificity. Thus, it allows models of any pro-
tease to be built from any source of data available to the
user. These models are not only expressive enough to repre-
sent dependencies among subsites, but also to support quan-
titative analysis. Therefore, they can be used by PoPS to
identify and rank likely cleavage sites within a target sub-
strate sequence and within entire proteomes (containing
all the known proteins for a particular organism). Speci-
ficity models can be stored in and retrieved from the pub-

licly accessible database maintained by PoPS, based on the
MEROPS protease database [18] which contains all pro-
teases identified to date. In addition to primary sequence
specificity, the tertiary or secondary structure of a tar-
get substrate can be used to predict inaccessible cleavage
sites. Finally, PoPS provides tools to automatically in-
fer, test and compare different models of the same protease,
in order to determine the most suitable model.

2. Modeling and predicting protease speci-
ficity in PoPS

The PoPS computational model of protease specificity
consists of three components. The first is the number of sub-
sites within the active site of the protease. The second is the
specificity profile of each subsite, which assigns a value to
each of the 20 amino acids, with each value representing the
relative contribution of the amino acid at that subsite to the
overall substrate specificity of the protease. Values in the
specificity profile are restricted to floating point numbers
between -5.0 (most negative influence on binding) and +5.0
(most positive influence). This scale is large enough to accu-
rately describe specificity, since floating point numbers al-
low a very high degree of precision, while still being mean-
ingful for human users. In addition, the hash symbol ‘#’ can
be used to indicate amino acids that are known to prevent
cleavage when appearing at a given subsite. The third and
final component of the specificity model is the weight of the
subsite, a positive floating point value which reflects the rel-
ative importance of each subsite in determining cleavage.
The specificity model of a protease with J subsites can thus
be represented by a 20 × J position specific scoring matrix
(PSSM) where each entry ri,j represents the relative contri-
bution of amino acid i to subsite j, and a vector w1, ..., wJ

representing the weights of each subsite.
The PSSM and weight vector are combined with a sim-

ple sliding window technique to obtain a score for each se-
quence of J consecutive amino acids in the substrate, as
follows. Let SS ≡ A1, ..., AJ be the sequence of J consec-
utive amino acids in the substrate currently being aligned,
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Figure 2. The PoPS system overview. Each rectangle indicates a distinct module in the system, to-
gether with its implementation language. The lines indicate how the modules are connected.

and let Ak, Ak+1, 1 ≤ k ≤ J − 1 represent the P1, P
′
1

position of the scissile bond within the SS substrate se-
quence. The score at position Ak, Ak+1 is computed as∑

i wi∗ri,Ai , and indicates the preference for a cleavage oc-
curring at the position of the scissile bond. The higher the
score, the more favourable the cleavage.

Note that the formula used to compute scores assumes
independence among subsites. This is a common assump-
tion in protease biology [5, 15, 16], made with the expec-
tation that even if independence is not absolute, the results
will still be useful. However, this assumption does not al-
ways hold [10] with cooperativity among subsites some-
times playing a significant role in determining substrate
cleavage. For example, while the trypsin protease has been
shown to be independent [16], it has two very specific ex-
ceptions: a proline in P ′

1 inhibits trypsin cleavage unless
there is either a tryptophan in P2 and a lysine in P1, or a me-
thionine in P2 and an arginine in P1 [13]. In order to sup-
port modeling of such proteases, PoPS allows users to en-
rich their specificity models with dependency rules of the
form (Mask,Kind,Value), where Mask is a sequence
of amino acids in which X indicates any amino acid, Value
is a signed decimal value, and Kind can be either T or P.
These rules modify the usual matrix scoring method as fol-
lows. A rule with Kind set to T indicates that if the se-

quence SS of amino acids whose score is currently being
computed “matches” that of Mask, then the score for SS
is that given by Value, instead of the one computed using
PSSM. For example, (XAXB, T, 20) replaces the slid-
ing window score if A is found at position 2 and B is found
at position 4 in the sliding window. A rule with Kind set
to P, on the other hand, indicates a mixed approach: the fi-
nal score for SS is that of Value plus the values of the
matrix entries for the amino acids which matched an X in
Mask. For example, (XCXD, P, -5) replaces the score
for C and D with -5, but calculates the rest of the score us-
ing the PSSM. If more than one rule is applicable, the first
one provided by the user will be used.

3. System Design

Figure 2 shows the general structure of the current PoPS
system: a Web-based front-end which provides the user
interface, a back-end which performs the predictions and
manages the databases, and a server connecting the front-
end to the back-end. Each module in the system is imple-
mented using the programming language most appropri-
ate for its needs (Figure 2). Upon access to the main pro-
gram (Figure 2: PoPS interface module), a Java Applet con-
taining the core PoPS program is downloaded to the user’s
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Figure 3. The processs of model development and cleavage prediction using PoPS.

computer. Most subsequent computations are executed lo-
cally, thus increasing the speed of the program’s execution
and removing the need for manual downloads, installations,
or upgrades. However, the central databases are located on a
server at Monash University, and any computations requir-
ing the use of those databases are performed on the server.
Figure 3 outlines the common sequence of steps that are
used when creating and experimenting with protease speci-
ficity models. These steps are discussed in detail below.

3.1. Automatically building models from experi-
mental data

The first step in using the PoPS system is to ob-
tain a specificity model for the protease under investiga-
tion. Structured specificity studies, such as fluorescence
quenched substrates [5], or position specific synthetic com-
binatorial libraries [23], build libraries of substrates
whose sequence is carefully designed to represent the ef-
fect of single amino acids at individual subsites on the
specificity of the protease. In theory, a model can be con-
structed from this data using linear regression but, in
practice, the result of the regression analysis is mathe-
matically equivalent to simply scaling the experimental
measurements for all the amino acids at a given sub-
site to within the -5.0 to +5.0 range. This facility is pro-
vided to the user through the subsite profile window in the
PoPS interface.

For unstructured data, PoPS provides a separate mod-
ule (Figure 2: Infer models module) that applies regression
analysis to produce a PoPS PSSM. The user must supply
the amino acid sequences of the substrates and their asso-
ciated kinetics data. If enough experimental data is avail-
able, the module will return the relative contributions of the
amino acids together with the regression coefficient R2.

Both of these methods produce a weight vector in which
the weights of all subsites are set to 1, and an empty set of
dependency rules. We expect the former to be always the
case since the weights were always intended to be speci-

fied by expert users (see below). Regarding the latter, we
are investigating different data mining based techniques ca-
pable of automatically inferring dependency rules from ex-
perimental data.

Incomplete specificity data will, of course, result in less
accurate predictions. For example, if an amino acid’s contri-
bution is set to 0.0 because the real contribution is unknown,
but in fact should have a negative score, PoPS will predict
it as more favourable than it is, resulting in over-prediction
of cleavages. Conversely, a favourable residue with miss-
ing specificity data (again set to 0.0) will not be selected
by PoPS, resulting in an under-prediction of cleavage sites.
Further, adding to a model subsites that do not influence
cleavage may also affect the rate of over-/under-prediction.
The PoPS interface allows easy investigation of how these
subtle changes affect the predictive accuracy of a model,
and therefore allows the user to gain a better understand-
ing of the specificity of the protease.

3.2. Building models from expert knowledge

New specificity models for any protease can also be con-
structed through the PoPS model panel using expert knowl-
edge. The model panel allows the user to determine the re-
quired number of subsites, assign weights to each subsite
(as an intuitive and visually clear way to express relative im-
portance among subsites), and directly provide subsite pro-
files by entering the values of each of the 20 amino acids
for each subsite. Expert users may be able to specify the
numbers directly, based on their experience with their pro-
tease, or any other resource. In addition, the subsite profile
window also contains predefined common profiles, such as
“Hydrophobic” or “Small”, whose suggested values can be
used and modified by the user. The model panel also allows
the user to provide a set of dependency rules. Again, these
rules can be obtained from expert knowledge, or any other
available source. It is also possible to load a model of any
protease previously stored in the Models database and mod-
ify it to build a new model for the protease of interest.
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Figure 4. The results panel of the main PoPS program.

3.3. Predictions display

Individual substrates are supplied to PoPS through the
substrate panel in the main program, using the single-letter
amino acid coding. The predicted scores computed for a
given specificity model and a substrate are displayed in
both text and graphical format within the PoPS results panel
(Figure 4). While our method obtains a score for every pos-
sible cleavage position in the substrate, not all scores might
be of interest to the user. To avoid cluttering the screen,
scores that involved a ‘#’ symbol are recorded as -Infinity
and never displayed, as they indicate cleavages that would
not occur. Furthermore, a stringency value can be provided
by the user to avoid displaying scores less than this value
(Figure 4). The textual display then lists scores, with the
contributing subtotals from each subsite, for each predicted
cleavage that has a score that exceeds the stringency value,
and the graphical display shows the substrate sequence with
these predicted cleavages drawn as arrows (Figure 4). The
more intense the green or red of an arrow the more posi-
tive or negative the score, respectively; the thicker the ar-
row, the greater the absolute value of the score.

The PoPS results panel can be used in two different con-
texts. During model development, the results panel is used
to test the model by using substrates for which known cleav-
age data is available, and to refine the model according to
the results. Once an accurate model has been defined, the re-

sults panel can then be used to predict the cleavage of target
substrates.

3.4. Comparing different models of the same pro-
tease

PoPS allows the user to compare the accuracy of the
predictions made by several models of a protease (Fig-
ure 2: Compare models module). To use this feature, the
user must provide the name of the files containing each
model, together with the name of the file containing the sub-
strates against which the models will be compared. Typi-
cally, the substrates will be short sequences experimentally
known to be cleaved or not cleaved (usually referred to as
true positives and true negatives). If so, the expected (pos-
itive or negative) score of these known cleavage sites can
be included in the file. PoPS will then apply each model to
all substrates and compare the results of each model (and
the expected score if any) using three different representa-
tion formats. The first is a simple bar chart graphing the
predicted and expected scores. The second is an Excel table
which includes for each model, substrate and cleavage site,
such information as the expected score, the predicted score,
the rank of the predicted score relative to every other score
obtained for that substrate, and the maximum score for the
entire substrate (Table 1 shows some of the information pro-
vided by this table). These two formats are aimed at provid-
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ing easy means of comparison whenever low amounts of
known cleavage data are available. Finally, PoPS can also
create ROC curves that measure the performance of each
model (Figure 2: Compare models module). These curves
will only be meaningful if significant amounts of informa-
tion regarding true positives and true negatives is provided.

3.5. Models database

As mentioned before, accessing protease specificity data
is a difficult and time-consuming task. To assist in this,
PoPS provides a publicly accessible database of specificity
models that can be stored and retrieved by any user. The
general classification data of each protease in the database is
automatically derived from the MEROPS database [18], an
on-line protease database which provides classification in-
formation for all known proteases, and has been used to in-
dex the PoPS models database. To preserve the integrity of
the PoPS database, users are required to register their name,
organization and email address, and choose a login name
and password, before models can be saved. Only the name
of the creator is made publicly available.

Each stored model has a unique identifier derived from
the combination of the MEROPS protease identifier, the sur-
name of the user, and the model number and version. In
addition to storing the model, data such as the date, cre-
ator’s name, specific organism, bibliographic details and ex-
tra comments are also included. Furthermore, if the newly
stored model is a modification of an existing model, it is
possible to indicate this (together with the reasons for the
modification). The new model will then retain the original
identifier, but will be assigned a different version number.
All these data assist the users in finding the most appropri-
ate model for their needs.

3.6. Accessible Surface Area (ASA) database

High scores might be calculated for positions that are
inaccessible due to the 3-dimensional structure of the sub-
strate. To help screen such predictions, PoPS maintains an
Accessible Surface Area (ASA) database, used to determine
the accessibility (surface or buried) of the substrate’s amino
acids (Figure 2: ASA prediction module). The database is
created by automatically pruning the Protein Data Bank
(PDB) database [4] to yield a single 3-dimensional model
per protein. These models are processed by DSSP [12],
which passes a 1.4 angstrom radius molecule over the sur-
face of each 3-dimensional model to calculate the solvent
accessibility of every residue in the protein. The results are
stored with the corresponding protein sequence in the ASA
database.

After cleavages have been predicted, the user can access
the ASA data through the PoPS results panel (Figure 4).

PoPS uses BLASTP [3] with an expect score of 0.001 to
identify significant sequence similarity between the sub-
strate and any sequence in the ASA database. These se-
quences (if any) are returned to the user as a list that in-
cludes the name and PDB accession number of the aligned
protein, and the expect value from the BLASTP alignment.
When the user selects one of these structures, the accessi-
bility data already calculated by DSSP is mapped onto the
substrate. Sections of the substrate that cannot be aligned
by BLASTP are assumed to be accessible. The minimum
percentage of an amino acid that must be solvent accessi-
ble before it is considered to be accessible to the protease
(and therefore able to participate in a cleavage reaction) is
by default 33%, but can be easily modified by the user if ex-
tra information about the size and shape of the active site
suggests another value. Buried amino acids are shaded grey
in the graphical display (Figure 4). Scores involving one
or more buried amino acids are also shaded grey in both
the graphical and textual displays. The grey shading is in-
tended as an alert to potential inaccessibility. However, pre-
dictions should not be ignored without considering other
factors, such as how many amino acids are buried across
the active site, the significance of those amino acids in the
cleavage process, and the accessibility of the regions sur-
rounding the cleavage site.

3.7. Secondary structure prediction

If no 3-dimensional structure information is available,
PoPS utilizes secondary structure prediction as a guide for
further screening of cleavage sites (Figure 2: Run PSIPRED
module). This can indicate where cleavages might be more
likely to occur if, for example, a protease has a preference
for coiled regions and loops. Secondary structure prediction
is performed by aligning the substrate against the proteins in
the SWISS-PROT database [7] using PSI-BLAST [3]. The
PSI-BLAST output (after 2 iterations with an expect score
of 0.001) is passed to PSIPRED [11], which uses a neu-
ral network to predict secondary structure with an average
Q3 score of nearly 78%. The predicted secondary structure
is drawn beneath the substrate in the graphical display (Fig-
ure 4). Helices are represented as blue coils, sheets as red
arrows, and random coil as green waves. The intensity of
the colouring of the secondary structure reflects PSIPRED’s
confidence of the prediction for the given amino acid: the
more intense the color, the greater the confidence.

3.8. Analysis of proteomic data

Models can also be applied to the proteomic data of any
organism currently available in PoPS (Figure 2: Proteome
predictions module). PoPS currently supports analysis for
Homo sapiens, Saccharomyces cerevisiae, Escherichia coli
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Cleavage Cleavage Maximum Score Accessibility Secondary
Substrate Sequence Score Substrate Score Rank (33%) Structure

Bcl-Xl HLAD/S 9.99 12.80 2 Accessible -
Pro-Interleukin 1 beta FEAD/G 18.21 18.21 1 Unknown Sheet/Coil

YVHD/A 15.47 18.21 2 Unknown Coil
Pro-Interleukin 18 LESD/Y 12.42 12.42 1 Unknown Coil

Calpastatin ALAD/S 9.75 12.20 9 Unknown Helix/Coil
LSSD/F 9.00 12.20 17 Unknown Helix
ALDD/L 7.05 12.20 47 Unknown Coil

Table 1. Results for the Caspase 1 model F over known cleavage sites.

K12, Drosophila melanogaster, Arabidopsis thaliana, Rat-
tus norvegicus, Mus musculus and Danio rerio, all of which
are obtained from the Reference Sequence database [17].
The results are returned by e-mail (usually within half an
hour) and consist mainly of a file containing (for each pu-
tative substrate), the name, description, and a short reason-
ing table showing the top ten predicted cleavage sites. Re-
sults can be screened by selecting a cut-off value for the
scores returned, and by choosing to receive only substrates
containing less than a given number of cleavages. ASA in-
formation is included with the predictions. The proteomic
analysis is intended to be used with models that are already
known to be reasonably accurate.

4. Case Study: Caspase 1

This section illustrates the experimentation process sup-
ported by PoPS with a case study using caspase 1, an im-
portant protease involved in apoptosis (cell death) and can-
cer. The specificity of its S4 to S2 subsites has been profiled
using positional scanning synthetic combinatorial libraries
(PS-SCL) [23], and that of S1’ using fluorescence-quenched
substrates [21]. Both studies yielded similar specificity pro-
files, indicating the two data sets could be successfully com-
bined into one model. Therefore, a PSSM was created by
scaling the S4-S2 PS-SCL data and the S1’ fluorescence
quenched data to the range 0.0 to +5.0, and setting unpro-
filed amino acids to 0.0. Since caspase 1 can only accept the
amino acid aspartate in the S1 position [21], the entry for as-
partate at S1 was set to +5.0 and everything else in S1 was
set to ‘#’. All the weights were set to 1.0 and no depen-
dency rules were added. The maximum score obtainable by
the model is 25.0, and the minimum (other than -Infinity) is
0.0.

In addition, we developed another 5 different models of
this protease using different combinations of the measured
experimental data mentioned above, and general observa-
tions of behaviour, i.e. “expert knowledge” ([6, 9, 20, 22]).
To choose the best model, we used the PoPS comparison
module on a set of substrates that are known to be cleaved
by caspase 1 [9]. Each substrate (first column, Table 1) has

one or more known locations at which it is cleaved (second
column; single-letter amino acid encoding). In addition, the
ROC curves module was used to measure the performance
of the 6 models, with the results shown in Figure 5. Only
those (sub)-sequences in the substrates with an aspartate at
the P1 positions were entered as true positives (if they are
known to be cleaved) or true negatives (all the rest). Includ-
ing positions without an aspartate in P1 would bias the ROC
curves in favour of the models. Generally, the models incor-
porating measured data (models A, B, E and F) performed
better than those using only expert knowledge (models C
and D), although they all seem to perform reasonably well.
The best model, F, is the one described in detail at the be-
ginning of this section. This model obtained an area under
the curve of 0.8, and is the model used for the remainder of
the case study.

Having selected the model, we can use PoPS to further
investigate its accuracy by using the PoPS main interface
to apply the model to each substrate and carefully studying
the results. Table 1 shows a summary of these results, in-
cluding the predicted score for the known cleavage site, the
maximum score in the same substrate and the associated
rank. For example, the actual Bcl-Xl cleavage site is cal-
culated to have the second-to-highest score of all possible
cleavages within the Bcl-Xl sequence. Potential caspase 1
substrates have been investigated on the basis of the role of
caspase 1 as a mediator of inflammation. Likely targets are
selected and tested, usually in vitro (“in the test tube”), for
cleavage by the caspase. The predictions for these substrates
(Table 1) are quite accurate except for calpastatin. Calpas-
tatin is an inhibitor of calpain, another protease prominent
in apoptosis, and by cleaving calpastatin, caspase 1 could
help promote apoptosis [24]. Thus, it has been tested in
vitro and found to be cleaved by caspase 1, although the
in vivo cleavage remains to be confirmed. It is worth noting,
however, that if calpastatin is a true caspase 1 substrate, the
PoPS model indicates that its primary amino acid sequence
is not the main factor in determining cleavage. Other fac-
tors, such as a possible conformational change related to
calpastatin’s inhibitory mechanism, should be considered.
It could also be the case that the in vitro environment allows
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Figure 5. ROC curves measuring the different models constructed for caspase 1. Model A: [23].
Model B: [6, 20, 23]. Model C: [22]. Model D: [9]. Model E: [6, 20, 22, 23]. Model F: [21, 23].
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NCBI Accession Substrate Possibly Buried?
NP 000383.1 ATP-binding cassette Yes
NP 065816.1 Retinoblastoma-associated factor 600 No
NP 002717.2 Prolyl endopeptidase Yes
NP 002850.1 Paxillin Yes
NP 055559.1 TBC1 domain family, member 5 No
XP 291485.2 Similar to Myosin-binding protein H No
XP 064873.2 Similar to carcinoembryonic antigen-related cell adhesion molecule 5 No
XP 058409.3 Similar to Potential carboxypeptidase-like protein X2 precursor Yes

Table 2. The top scoring targets for caspase 1 from the human proteome analysis.

a cleavage to occur that would simply not occur in vivo.
In addition to primary sequence, we would also like to

know if the real cleavage sites are calculated as accessible
to the enzyme. As indicated by the sixth column of Table 1,
the only substrate for which accessibility data is available
is Bcl-Xl which, using the default minimum of 33% solvent
accessibility as the threshold, is predicted as accessible to
caspase 1. We may also choose to apply secondary structure
prediction to substrates for which accessibility data was not
available (column 7, Table 1). Random coil predicted across
a cleavage site would be a positive indication for cleavage,
but helices might be a negative indicator. All the known
cleavages with rankings of 1 and 2 are predicted as having a
sheet or random coil structure, which are generally consid-
ered to be cleavable structures. Again calpastatin was a no-
table exception, with two of the three cleavages being pre-
dicted to consist (at least partly) of a helical structure, again
suggesting a possible conformational change during cleav-
age.

Finally, Model F was applied to the human proteome
(currently 25,835 proteins) with a stringency of 22.00 (since
the maximum possible score for the model is 25.00), and no
limit on the number of predicted cleavages in the substrate.
Table 2 shows the accession number and name of the poten-
tial targets returned by the model, the computation time be-
ing around 3 minutes. The third column indicates whether
PoPS found accessibility data for the predicted cleavage that
suggested that it was inaccessible.

Whilst these predictions remain to be tested for their bi-
ological relevance, it is interesting that in such a large
database of potential hits, some very relevant sub-
strates were returned. As mentioned before, caspase 1
is involved in cell death and cancer. “ATP-binding cas-
sette” has been implicated in anti-cancer drug resistance,
and “Retinoblastoma-associated factor 600”, “Paxillin”
and “Similar to carcinoembryonic antigen-related cell ad-
hesion molecule 5” are all implicated in various cancers.
Such targets may be worthy of further investigation as po-
tential substrates of caspase 1 or as therapeutic targets.
The results may be improved even further by classify-
ing (where possible) the proteins in a proteome using

properties such as sub-cellular localization or functional-
ity, to improve the screening of proteome predictions.

5. Related Work

The PoPS computational model of specificity was ini-
tially developed as an honours thesis by S.E. Boyd in [8]
and was presented as a poster at the Gordon Research Con-
ference on proteolytic enzymes and their inhibitors in July
2002. At this time there were only two publicly available,
on-line computational tools capable of generalized predic-
tion of protease cleavage of individual substrates: Cutter [1]
and PeptideCutter [2]. Both operate on a fixed, limited set of
proteases with predefined, unalterable models, where each
model is simply a set of amino acid patterns derived from
known cleavage sequences. Cleavage is predicted if an exact
copy of a pattern in the model appears within the substrate
(substring matching). A third tool, PEPS [14], is not avail-
able on-line but has recently and independently been pro-
posed for predicting the specificity of cysteine proteases. Its
specificity models are built from the frequency with which
amino acids occur in known cleavages, and can be used to
predict cleavage of individual substrates, and to search pro-
teomes for new targets [14].

Regarding their computational models of specificity, nei-
ther Cutter nor PeptideCutter support quantitative analysis
of likelihood and, therefore, favour simple models contain-
ing very few patterns (those associated with the most com-
mon cleavage sequences). While PEPS supports a quan-
titative analysis, its models can only be built from one
source of data, and their accuracy relies on having substan-
tial amounts of known cleavage sites, data which is rarely
available. Furthermore, PEPS models cannot express de-
pendencies among subsites. Models from all three tools can
be easily represented in PoPS: those of Cutter and Peptide-
Cutter as dependency rules, and those of PEPS as a par-
ticular kind of PSSM. Regarding their general capabilities,
while both Cutter and PeptideCutter are on-line tools, they
do not allow the user to provide their own specificity mod-
els, nor do they provide any support for further investigation
of such models. PEPS is not an on-line tool and while it can
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be used to search entire proteomes, it does not seem to sup-
port any other kind of experimentation.

6. Conclusions

PoPS allows users to build expressive computational
models of protease specificity for any protease from any
data source available to the user. The models can be stored
in a publicly accessible database, and used to predict likely
cleavage sites within a given substrate, or to predict novel
targets within an entire proteome. Importantly, PoPS pro-
vides a research environment that allows the user to au-
tomatically infer, compare and test computational models.
Current work is focused on improvements to the specificity
model through the investigation of data mining techniques
for automatic inference of dependency rules, and docking
techniques for modeling specificity factors other than pri-
mary sequence, such as conformational changes.
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