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Abstract

Summary: Evolutionary information in the form of a Position-Specific Scoring Matrix (PSSM) is a

widely used and highly informative representation of protein sequences. Accordingly, PSSM-based

feature descriptors have been successfully applied to improve the performance of various predictors

of protein attributes. Even though a number of algorithms have been proposed in previous studies,

there is currently no universal web server or toolkit available for generating this wide variety of de-

scriptors. Here, we present POSSUM (Position-Specific Scoring matrix-based feature generator for

machine learning), a versatile toolkit with an online web server that can generate 21 types of PSSM-

based feature descriptors, thereby addressing a crucial need for bioinformaticians and computational

biologists. We envisage that this comprehensive toolkit will be widely used as a powerful tool to fa-

cilitate feature extraction, selection, and benchmarking of machine learning-based models, thereby

contributing to a more effective analysis and modeling pipeline for bioinformatics research.

Availability and implementation: http://possum.erc.monash.edu/.

Contact: trevor.lithgow@monash.edu or jiangning.song@monash.edu

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Feature extraction or feature encoding is a fundamental step in the

construction of high-quality machine learning-based models.

Specifically, this step is key to determining the effectiveness of

trained models in bioinformatics applications (Chou, 2011). In the

last two decades, a variety of feature encoding schemes have been

proposed in order to exploit useful patterns from protein sequences.

Such schemes are often based on sequence information or represen-

tation of physicochemical properties. Although direct features

derived from sequences themselves (such as amino acid compos-

itions, dipeptide compositions and counting of k-mers) are regarded

as essential for training models, an increasing number of studies
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have shown that evolutionary information in the form of PSSM pro-

files is much more informative than sequence information alone (An

et al., 2016). Accordingly, PSSM-based feature descriptors have

been commonly used as indispensable primary features to construct

models, filling a major gap in the current bioinformatics research.

For example, PSSM-based feature descriptors have successfully im-

proved the prediction performance of structural and functional

properties of proteins across a wide spectrum of bioinformatics ap-

plications (See Supplementary Table S1 in the Supplementary

Material for a comprehensive lists of applications). These include

for example protein fold recognition (Lobley et al., 2009) and the

prediction of protein structural classes (Liu et al., 2010), protein-

protein interactions (Zahiri et al., 2013), protein subcellular local-

ization (Xie et al., 2005), RNA-binding sites (Cheng et al., 2008)

and protein functions (Radivojac et al., 2013), to name a few.

A number of servers and standalone software packages have

been developed to derive a variety of feature descriptors from pro-

tein, DNA and RNA sequences, including PROFEAT (Rao et al.,

2011), PseAAC (Shen and Chou, 2008), propy (Cao et al., 2013),

repDNA (Liu et al., 2015), protr/ProtrWeb (Xiao et al., 2015),

Pse-in-One (Liu et al., 2015; Liu et al., 2017a), repRNA (Liu et al.,

2016) and Pse-Analysis (Liu et al., 2017b). Despite their usefulness

and popularity, these tools primarily focus on the generation of fea-

tures related to sequence-based and/or physicochemical descriptors,

instead of PSSM profile-based features. Indeed, there are over 20 dif-

ferent PSSM-based algorithms that calculate and model PSSM-based

feature descriptors. However, to the best of our knowledge, there is

currently no consolidated web server or toolkit available for gener-

ating these PSSM-based feature descriptors. Here, we present a bio-

informatics toolkit, POSSUM, an effective tool that enables users to

generate a broad spectrum of PSSM-based numerical representation

schemes for protein sequences. It implements a wide range of algo-

rithms available in the literature, provides an easy-to-use interface,

and offers much needed functionality and flexibility for users to de-

rive and customize these descriptors. We demonstrate the usage of

POSSUM-calculated PSSM features for the prediction of bacterial

secretion effector proteins (cf. Supplementary Material results).

2 Implementation

The POSSUM server consists of two major components: the client

web interface and the server backend (See Supplementary Fig. S1).

The former was implemented using jQuery, Bootstrap, Struts and

Hibernate. Users can interact with the client web interface to input

their protein sequences and choose the specific feature descriptors to

be generated. Submitted jobs are then forwarded to the server back-

end. For the latter, a Perl CGI program lines up submitted jobs in a

queue and invokes a Perl daemon thread for each job to execute the

descriptor generation process. This architecture guarantees that mul-

tiple jobs can be executed simultaneously, within the maximum

number of allowed threads predefined in the server, while any re-

maining jobs are queued until processing slots become available.

With the client web interface, users can upload a protein se-

quence file in the FASTA format, or directly input protein sequences

(Supplementary Figs S2 and S3). Next, users need to customize par-

ameters to generate PSSM profiles, which is followed by selection of

the feature descriptors needed to be calculated. POSSUM generates

PSSM profiles of the submitted sequences by running PSI-BLAST.

Depending on the length of the input protein sequence, the PSSM

profile generation process can be computationally time-consuming.

To address this issue, we implemented a caching module in

POSSUM, allowing re-use of generated PSSM profiles instead of

computing them again. Based on the PSSM profiles, POSSUM can

calculate the corresponding feature descriptors in the background

inside the server backend. Users do not need to wait for job progress:

they can track the progress of submitted jobs through a unique link,

or be informed by email (if they opted for this in the client interface)

once their jobs are finished. Both the raw PSSM files and resulting

descriptors can then be downloaded from their unique link.

Table 1. A full list of PSSM-based feature descriptors that can be generated by POSSUM

Descriptors groups Descriptor Number Original

Row transformations AAC-PSSM 20 (Liu et al., 2010)

D-FPSSM 20 (Zahiri et al., 2013)

smoothed-PSSM –a (Cheng et al., 2008)

AB-PSSM 400 (Jeong et al., 2011)

PSSM-composition 400 (Zou et al., 2013)

RPM-PSSM 400 (Jeong et al., 2011)

S-FPSSM 400 (Zahiri et al., 2013)

Column transformations DPC-PSSM 400 (Liu et al., 2010)

k-separated-bigrams-PSSM 400 (Saini et al., 2016)

tri-gram-PSSM 8000 (Paliwal et al., 2014)

EEDP 400 (Zhang et al., 2014)

TPC 400 (Zhang et al., 2012)

Mixture of row and column transformations EDP 20 (Zhang et al., 2014)

RPSSM 110 (Ding et al., 2014)

Pse-PSSM 40 (Chou and Shen, 2007)

DP-PSSM –a (Juan et al., 2009)

PSSM-AC –a (Dong et al., 2009)

PSSM-CC –a (Dong et al., 2009)

Combination of above descriptors AADP-PSSM 420 (Liu et al., 2010)

AATP 420 (Zhang et al., 2012)

MEDP 420 (Zhang et al., 2014)

aThe number of feature descriptor values depends on the choice of the parameter.
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For users who prefer to apply their own parameter settings for

specific research purposes and users who have the capacity to per-

form high throughput generation of PSSM files for a very large data-

set using their local computers, an open source standalone software

toolkit is also available. The standalone version of POSSUM (See

Supplementary Fig. S4) was developed using Python and Perl, and

can be executed on Unix/Linux, Windows and Mac OS. As an open

source software, users can access, modify and redistribute the source

codes, allowing users to tailor POSSUM according to their specific

requirements.

PSSM-based algorithms are based on matrix transformations

from original PSSM profiles, which can be categorized into three

types: row transformations, column transformations, or a mixture

of row and column transformations. For POSSUM, these descriptors

are divided into four groups (Table 1). The first group consists

of AAC-PSSM, D-FPSSM, smoothed-PSSM, AB-PSSM, PSSM-

composition, RPM-PSSM and S-FPSSM, which are generated by

row transformations of the original PSSM. The second group con-

tains the descriptors generated by column transformations, includ-

ing DPC-PSSM, k-separated-bigrams-PSSM, tri-gram-PSSM, EEDP

and TPC. The third group includes EDP, RPSSM, Pse-PSSM, DP-

PSSM, PSSM-AC and PSSM-CC, which are generated by a mixture

of row and column transformations. The fourth group comprises of

AADP-PSSM, AATP and MEDP, which simply combine descriptors

in the former three groups.

3 Results

In this work, we present POSSUM, a comprehensive, flexible, user-

friendly and publicly accessible toolkit (with both local standalone

software and online webserver) that we developed to allow users to

easily generate more than 20 types of PSSM profile-based feature de-

scriptors. It greatly facilitates feature generation, analysis, training

and benchmarking of machine-learning models and predictions.

POSSUM has been extensively benchmarked to guarantee correct-

ness of computations, and was deliberately designed to ensure work-

flow efficiency. To the best of our knowledge, this is the first toolkit

for generating such a great variety of evolutionary feature descrip-

tors. Future work will include parallelization of PSSM profile gener-

ation to improve the throughput of POSSUM server. POSSUM is

freely accessible at http://possum.erc.monash.edu/.
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