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Abstract 
Motivation 

In last three decades, a wide range of protein descriptors/features have been discovered to 
annotate a protein with high precision. A wide range of features have been integrated in 
numerous software packages (e.g., PROFEAT, PyBioMed, iFeature, protr, Rcpi, propy) to 
predict function of a protein. These features are not suitable to predict function of a protein at 
residue level such as prediction of ligand binding residues, DNA interacting residues, post 
translational modification etc.  

Results 

In order to facilitate scientific community, we have developed a software package that computes 
more than 50,000 features, important for predicting function of a protein and its residues. It has 
five major modules for computing; composition-based features, binary profiles, evolutionary 
information, structure-based features and patterns. The composition-based module allows user to 
compute; i) simple compositions like amino acid, dipeptide, tripeptide; ii) Properties based 
compositions; iii) Repeats and distribution of amino acids; iv) Shannon entropy to measure the 
low complexity regions; iv) Miscellaneous compositions like pseudo amino acid, autocorrelation, 
conjoint triad, quasi-sequence order. Binary profile of amino acid sequences provides complete 
information including order of residues or type of residues; specifically, suitable to predict 
function of a protein at residue level. Pfeature allows one to compute evolutionary information-
based features in form of PSSM profile generated using PSIBLAST. Structure based module 
allows computing structure-based features, specifically suitable to annotate chemically modified 
peptides/proteins. Pfeature also allows generating overlapping patterns and feature from whole 
protein or its parts (e.g., N-terminal, C-terminal). In summary, Pfeature comprises of almost all 
features used till now, for predicting function of a protein/peptide including its residues.  

Availability 

It is available in form of a web server, named as Pfeature 
(https://webs.iiitd.edu.in/raghava/pfeature/), as well as python library and standalone package 
(https://github.com/raghavagps/Pfeature) suitable for Windows, Ubuntu, Fedora, MacOS and 
Centos based operating system.  
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1. Introduction 
Advent of next generation sequence technologies earmarked the production of a huge amount of 
genomic and proteomic data that leads to exponential growth of protein databases. The 
experimental techniques used for functional annotation of a protein are time consuming, costly 
and slow. Thus, functional and structural annotation of a protein is one of the main tasks in the 
field of bioinformatics. In past, several hundred methods have been developed for predicting 
different type of protein properties. Broadly, these methods can be divided in three categories; i) 
function at protein level, ii) residue level annotation and iii) therapeutic annotation of chemically 
modified peptides. In all these methods, one of the major challenges is to depict numerical 
representation a protein, which is known as protein feature or descriptor, although last five 
decades have witnessed significant progress in detecting new protein features. Functional 
annotation of a protein can be achieved by predicting overall function of a protein which include 
subcellular localization, classification and diversified properties of a protein. Subcellular 
localization of a protein is vital in understanding its function, TargetP (Emanuelsson et al., 2000) 
is one of the initial methods developed for subcellular localization beside other significant 
methods such as ESLpred (M. Bhasin and Raghava, 2004a), WoLF (Horton et al., 2007), 
PSLpred (Bhasin et al., 2005), HSLpred (Garg et al., 2005), RSLpred (Kaundal and Raghava, 
2009), MultiLoc2 (Blum et al., 2009). Similarly method have been developed to specific class of 
proteins that includes GPCRpred (M. Bhasin and Raghava, 2004b), NRpred (Manoj Bhasin and 
Raghava, 2004), CytoPred (Lata and Raghava, 2008), CyclinPred (Kalita et al., 2008).  
These methods utilize composition-based features to represent a variable length of a protein by 
fixed length vector.  For example, amino acid composition-based feature represents a protein of 
variable length by a vector of dimension twenty. Numerous composition-based features such as 
pseudo amino acid, autocorrelation, conjoint triad, quasi-sequence order etc. have been reported 
over the year. Likewise, several methods to predict therapeutic properties of a protein or peptide 
such as anti-cancer, anti-microbial, anti-bacterial, anti-fungal, anti-tubercular, anti-hypertensive, 
toxic, tumor homing etc. have been developed (Manavalan et al., 2017; Tyagi et al., 2013; 
Meher et al., 2017; Lata, Mishra, and G. P. S. Raghava, 2010; Agrawal et al., 2018; Usmani, 
Bhalla, et al., 2018; Kumar et al., 2015; Manavalan et al., 2018; Gupta et al., 2013; Sharma et 
al., 2013). These peptides/proteins have therapeutic properties thus play vital role in designing 
proteins/peptide-based drugs and vaccines (Dhanda et al., 2017; Usmani, Kumar, et al., 2018; 
Nagpal et al., 2017). Last few decades witnessed significant increase in the FDA approval of 
peptide-based drugs (Usmani et al., 2017). In addition to composition of a whole peptide, 
composition of N-terminal or C-terminal residues of peptides have also been used for prediction. 
Most of the natural peptides have limited half-life in body fluids and in intestine. These peptides 
are chemically modified to improve their stability, most of FDA approved drugs are chemically 
modified. Thus, computing descriptors of these chemically modified peptides is a challenge as 
amino acid sequence information is not adequate to represent these peptides. In past methods like 
AntiMPmod (Agrawal and Raghava, 2018), CellPPDmod (Kumar et al., 2018) have been 
developed for predicting therapeutic properties of chemically modified peptides. In these 
methods, structural and chemical based descriptors have been used for developing prediction 
models.    

Although, protein annotation at sequence level provides overall property of a protein but residue 
level annotation is important to understand function of a protein (Nagel et al., 2009). One of the 
initial methods developed for predicting secondary structure state of each residue in a protein 
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was Chou-Fasman method. It utilizes the combination of statistical and heuristic approach in 
order to predict the secondary structure state of protein residues. It’s successful implementation 
encourages researchers to use residue level features in predicting irregular secondary structure 
like alpha turns (Wang et al., 2006), beta turns (Singh et al., 2015; H. Kaur and Raghava, 2003; 
Fuchs and Alix, 2005; Kountouris and Hirst, 2010), gamma turns (Guruprasad and Rajkumar, 
2000; Jahandideh et al., 2007), beta hairpins (de la Cruz et al., 2002) and beta barrel (Freeman 
and Wimley, 2012). Initially, these methods were developed using binary profile of protein 
patterns/segments where a residue is represented by a vector of 20 dimensions. A pattern of 
length 17 residues will be represented by a vector of dimension 340 (17 X 20). The performance 
of these methods improved significantly when evolutionary information has been used instead of 
protein sequence. In order to utilize evolutionary information, protein profiles were generated to 
capture evolutionary information from similar sequences. One of the commonly used protein 
profile is PSSM profile which is generated using PSI-BLAST (McGinnis and Madden, 2004). 
PSSM profiles have been heavily used as feature for predicting function of a protein at residue 
level. 
In past, numerous web servers, standalone software and libraries has been developed that 
includes PROFEAT (Li et al., 2006), PyBioMed (Dong et al., 2018), iFeature (Chen et al., 
2018), protr (Xiao et al., 2015), Rcpi (Cao et al., 2015), propy (Cao, Xu, et al., 2013); for 
computing features of a protein. Despite number of methods have been developed in past, still 
number of important features have not been integrated in any software, particularly features 
required for annotating protein at residue level. In order to complement previous efforts, we 
make a systematic attempt to provide platform which integrate most of features discovered in 
past.  

2. Materials and Methods 
In this study, we have mainly implemented existing algorithms for computing different type of 
features. In addition to existing algorithms, we have also developed algorithms for specific type 
of features. Though these features have not been tested in model’s but provide important 
information about a protein. In the following section, summary of these algorithms has been 
briefly described. 

2.1. Composition-based Features 
These features provide overalls content of a protein like amino acid composition where fraction 
of each type of residue is computed from amino acid sequence. This type of numerical 
representation of a protein is important for developing models using machine learning 
techniques. One of the major advantage is their ability to represent variable length protein by a 
fixed number of features. Following is brief description of these features, while detail description 
is given in manual (https://webs.iiitd.edu.in/raghava/pfeature/Pfeature_Manual.pdf ). 

2.1.1. Simple Compositions 
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where AACi , DPCi, TPCi, ATCi and BTCi are composition of residue, dipeptide, tripeptide, atom 
and bond composition of type i respectively. Ri, Di, Ti, Ai and Bi are number of residues, 
dipeptides, tripeptides, atoms and bonds of type i respectively. L is length of protein, N is total 
number of atoms in case of atom composition and number of bonds in case of bond composition.   

2.1.2. Physico-Chemical properties 
𝑃𝐶𝑃# 	=

5'
(
            (6) 

  𝐴𝐴𝐼𝐶# 	=
117'
(
           (7) 

where PCPi and AAICi are composition of physico-chemical properties and AAindex of residue 
type i respectively. Pi and AAIi are sum of physico-chemical properties and AAindex values of 
residue type i respectively. L is length of protein sequence. 

2.1.3. Repeats & Distribution 
Simple composition and physico-chemical property based modules measure fraction of residue 
and their property. One of the problem with existing features is that they do not measure repeat 
of particular type of residue or distribution. In this study, we introduced new features, which 
compute repeats of amino acids and distribution of amino acids. 
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where RRIi, PRIi and DDORi are residue repeat, property repeat information and distance 
distribution of residue type i respectively. N, Rj and Pj are maximum number of occurrences, 
number of runs/repeats of residue type j and number of runs/repeats of property type j 
respectively. 𝑅2/ , Rj, RCT, L and Fi are residue distance from N-terminal, inter-distance between 
residue type i, residue distance from C-terminal, total length of protein sequence and frequency 
of  residue type i respectively. 

2.1.4. Shannon Entropy 
In order to measure level of complexity at protein and at residue level, we compute Shannon 
entropy of a protein and entropy of each type of residues using following equations 
  𝐻𝑆 = −∑ 𝑝#	𝑙𝑜𝑔0𝑝#0M

#N-        (11) 
  𝐻𝑅# = −	𝑝#𝑙𝑜𝑔0𝑝#        (12) 
where HS is Shannon entropy of a protein sequence and HRi is entropy of a residue type i. pi is 
the probability of a given amino acid in the sequence. This equation was extended to compute 
entropy of a particular type of property like charge, polarity, hydrophobicity in a protein 
sequence. 
2.1.5. Miscellaneous compositions 
In past wide range composition-based features have been generated from proteins. We 
implement these features in Pfeature using algorithm described in previous studies (References). 
These features includes; Autocorrelation, Conjoint Triad Descriptors, Composition enhanced 
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Transition and Distribution, Pseudo Amino Acid Composition, Amphiphilic Pseudo Amino Acid 
Composition, Quasi-Sequence Order, Sequence Order Coupling Number.    

2.1.6. PSSM Composition 
In past evolutionary information as PSSM composition have been used for classification of 
proteins particularly for subcellular localization of proteins (Rashid et al., 2007; Kumar et al., 
2007, 2011). In PSSM profile, the evolutionary information is presented by a matrix with 
dimension L × 21 (L rows and 21 columns) for a L length protein. We have generated vector of 
dimension 420 called PSSM-420, which maintain composition (Kumar et al., 2007). 

2.2. Binary Profiles 
One of the major limitations of composition-based features is that they only maintain content of 
protein but not order of amino acids. Thus, composition-based features alone, are not suitable for 
predicting function of protein residues. In order to predict or annotate function of a protein at 
residue level, we need to compute features that also maintain order of amino acids in sequences.  
2.2.1. Amino Acid Profile 
In past, binary profiles have been widely used for residue level annotation that includes 
prediction of protein’s secondary structure as well as nucleotide or ligand binding sites in a 
protein (H. Kaur and Raghava, 2003; Harpreet Kaur and Raghava, 2003, 2004; H. Kaur and 
Raghava, 2004; Kumar et al., 2007; Ansari and Raghava, 2010; Panwar et al., 2013). We have 
integrated binary profile in Pfeature and the details about binary profile is already described in 
previous studies (Singh et al., 2015; Chauhan et al., 2013, 2012), following is brief procedure for 
creating binary profile.  First, overlapping fixed length patterns are generated from protein 
sequences.    Secondly, each pattern (or peptide segment) will be presented  numerical numbers. 
Each amino acid will be presented by 21 numerical values, 20 units for 20 amino acids and one 
unit for adding dummy amino acid at  both terminus to create one pattern corresponding to each 
number. Each amino acid is presented by a vector of dimension 21, if amino acid is present then 
value of element is 0 otherwise one. For example A is presented by vector 
(1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0),  C by (0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0), D by 
(0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0) and so on. Thus a pattern of length will be presented by 
vector of dimension  N ´ 21.  

2.2.2. Dipeptides Profile 
In this study, we have introduced new features called dipeptide profiles, similar to amino acid 
profiles. We have created a vector of dimension 400 for 20 amino acids and each dipeptide is 
represented by a vector of dimension 400, where presence of dipeptide is represented by one and 
absence by 0. This feature has not been tested so far in any prediction method but we belive, it 
can be used in future studies.  

2.2.3. Atom and Bond Profile 
Recently, a method has been developed for predicting antimicrobial activity of chemically 
modified peptides (Agrawal and Raghava, 2018). In this study, atom and bond profiles have been 
used for creating features for chemically modified peptides. This atom and bond-based features, 
provide more precise information than amino acid. In the case of atoms profile, there were total 5 
atoms (C, H, O, N, S) where the presence of atom was represented by “1” and the absence by 
“0”, hence generating a vector of N × 5. Their combinations form binary profile of each residue. 
For example, residue of Alanine (A) contains 13 atoms in total. Thus, binary profile of ‘A’ will 
be of size 13*5=65. Similarly, bonds profiles have been computed from protein sequences. 
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2.2.4. Residue Properties Profile  
Here, we have represented a protein by physico-chemical properties of its residues. For example, 
if user need to create property-profile for positive charge residues. We will present an amino acid 
by "1" if it is positive charge otherwise "0". This way, we may create properties profile for 25 
type of physico-chemical properties like hydrophobicity, hydrophilicity, polarity. For example, 
hydrophobicity profile for amino acid sequence "DPARAAGAHQ" will be {0,1,1,0,1,1,0,1,0,0) 
as amino acid "P" and "A" are hydrophobic.  
2.2.5. AAindex Profile 
Here, we have used AAindex values for computing binary profiles. If users, select 10 AAindex 
for creating profile then we present an amino acid with 10 values, each value will represent a one 
AAindex value of an amino acid. This function gives the binary profile of input AA Indices. If 
normalized score of AAIndex value of a particular residue is negative, the function assigns ‘0’ to 
that residue otherwise assigns ‘1’.  For example binary profile for amino acid "A" for following 
AAindex values (ARGP820101, ANDN920101, ARGP820102, ARGP820103, BEGF750101, 
BEGF750102, BEGF750103, BHAR880101, BIGC670101, BIOV880101) will be 
{0,0,1,1,1,1,0,0,0,0}. 

2.3.  Evolutionary Information in form of PSSM Profile 
Prediction based on evolutionary information are more accurate in comparison to the methods 
based on single profile. Here, evolutionary information is extracted in form of PSSM profiles, 
generated by PSIBLAST. Pfeature allows one to generate PSSM based features called PSSM 
profile. In past number of techniques have used to normalize PSSM, here we used following 
techniques for normalization (Kumar et al., 2007).  

• pssm_n1 : Due to the large number of variation in the value of PSSM matrix, it is 
necessary to normalize it. Each element of matrix is normalized by 1/(1+e-x). 

• pssm_n2 : This is the second technique to normalize the elements of PSSM matrix using 
the formula (num - min)/(max - min). 

• pssm_n3 : This is the third technique to normalize the matrix using the formula (num - 
min)*100/(max - min). 

• pssm_n4 : This is the fourth technique to normalize the PSSM profile using the formula 
1/(1+e-(x/100).  

The PSSM contained the probability of occurrence of each type of amino acid residues at each 
position along with insertion/deletion. It measures conservation of a residue in a given location 
in protein. This means that evolutionary information for each amino acid is encapsulated in a 
vector of 21 dimensions where the size of PSSM matrix of a protein with N residues is 21´N. 
Thus, binary profile of a pattern/peptide of 9 amino acids will be dimension of 189 (21´9). 

2.4.  Features from portions of a sequence 
In most of the protein classification methods, features are computed from whole protein. In 
literature, it has been shown that splitted amino acid composition (SAAP) based method perform 
better than composition-based methods (Restrepo-Montoya et al., 2009; Kumar and Raghava, 
2009; Garg and Raghava, 2008). In SAAP, proteins are splitted in number of parts and then the 
composition of each part is computed. This allows computing feature of different parts of 
proteins such as terminal, split and rest.   

2.4.1. N-Terminal  
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It has been observed in past that N-terminal of a protein is responsible for its function. For 
example, most of classical secretory proteins contain a signal peptide. A short peptide (16-30 
amino acids) present at the N-terminus of the majority of proteins that are destined towards the 
secretory pathway. Pfeature allows user, to compute wide range of features in selected region (N-
terminal) of a protein.  User can generate both composition as well as binary profile as length of 
selected region is fixed (Lata et al., 2007; Lata, Mishra, and G. P. Raghava, 2010). 

2.4.2. C-Terminal 
The most common endoplasmic reticulum retention signal is the amino acid sequence KDEL or 
HDEL at the C-terminus. This keeps the protein in the endoplasmic reticulum and prevents it 
from entering the secretory pathway. Pfeature allow user to compute wide range of features in 
selected region (C-terminal) of a protein. One of the advantage of in selecting region is that user 
can generate both composition as well as binary profile as length of selected region is fixed 
(Lata, Mishra, and G. P. Raghava, 2010; Lata et al., 2007). 
2.4.3. Split 
In order to increase number of features to capture more information from a protein, split amino 
acid composition (SAAC) has been introduced (Kumar et al., 2006).  In this concept, amino acid 
is splitted in two or more than two portions then feature of each portion is computed separately. 
For example, if number of splits is three then sequence will be divided in three portions (each 
portion have nearly same length). If whole protein has 20 (composition) features then splitted 
composition provides 60 (20 X 3) features. 
2.4.4. Rest  
As shown in above section both terminals (N- & C-) have important information so Pfeature 
have provision to compute feature of N-terminal or C-terminal. In order to capture information 
or generating feature from remaining portion of proteins (after removing N-terminal and C-
terminal residues), rest option is provided, where user need to select number of residues from N-
terminal and C-terminal to be removed.  

3. Results  
Aim of Pfeature is to facilitate users in computing most of existing features discovered in 
literature. It can be used as web server, where user can submit their sequence or structure on our 
web site for computing features. In addition, python scripts and libraries have been developed, so 
user can compute feature on their local machine. Following is brief description of different type 
of implementation of Pfeature and facilities. 

3.1. Web Implementation 
A web server Pfeature has been developed on Ubuntu operating system using Apache software. 
Most of web pages has been developed using HTML, PHP5 and CSS3.  Submission page allow 
users to submit protein sequences in FASTA format or amino acid sequence of a protein in single 
line.  In order to facilitate users, we provide example protein sequences. In addition to display 
results as HTML page, server allow to download results in csv format. Pfeature contain five 
major modules/parts, following is brief description (Figure 1).  
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Figure 1: Overview of major features that can be calculated using Pfeature. 
 

3.1.1. Composition Module 
This module is designed for computing wide range of composition-based features. These features 
have been classified in following five submenus/modules. 

Simple Composition: This module allows users to compute simple composition like amino acid 
composition, dipeptide composition and tripeptide composition. In addition to compute different 
type of composition of whole sequence, Pfeature also allow to compute composition of a 
selected regions of a protein.  This server also allows one to compute atom, bond and both type 
of composition in a protein. This is an interesting feature which allow to capture chemical 
modifications in a protein which is not practically possible from amino acid composition. It takes 
amino acid sequences in single-line format and gives output of some vector size depending upon 
the selection of the sub-module. In case of dipeptide composition, server also allows to compute 
higher order of dipeptide composition, which was introduced by our group (Garg et al., 2005). 
Physico-Chemical properties: This is similar to amino acid composition, here we compute 
composition of group of residues that have particular physico-chemical properties. It has 
following four sub menus; i) standard properties, ii) AAindex, iii) advanced and iv) structural. In 
case of standard physico-chemical properties, server compute composition of around 20 type of 
groups, each group having unique type of residues like, positive charged, polar, basic, acid 
residues.  In case of AAindex, Pfeature allows user to compute composition of any amino acid 
index out of total 566 in database AAindex version 9.0. Advanced sub menu, has been developed 
for computing advanced physico-chemical properties like z1, z2, z3. This module allows to 
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compute composition of advanced properties like secondary structure and surface accessibility of 
a protein sequence.  

Repeats & Distribution: It is interesting menu or module of server that allows, measurement of 
repeats and distribution of residues in a protein.  It has following major sub menus, i) RRI which 
in-turn is divided into five sub-menus as RRI (Residue Repeat Information), RRI_NT, RRI_CT, 
RRI_RT and RRI_ST ii) Property Repeats (PRI) iii) DDOR (Distance Distribution of Repeats). . 
It takes amino acid sequences in single-line format and gives output of some vector size 
depending upon the selection of the sub-module.   

Shannon Entropy: This module is used to compute the Shannon information of protein/peptide 
sequences. It has three major parts, i) Shannon entropy at protein level ii) Shannon entropy at 
residue level iii) Shannon entropy of physico-chemical properties. It takes amino acid sequences 
in single-line format and gives output of some vector size depending upon the selection of the 
sub-module. 
Miscellaneous: This part basically covers already existing methods of protein/peptide feature 
extraction (Dong et al., 2018). This module have seven sub modules to compute complex 
composition based features, following is brief description of each features. Autocorrelation 
compute distribution of amino acid properties in the protein/peptide sequences.  In case of 
Conjoint Triad Descriptors (CTD), amino acids are divided in seven groups then properties of 
triad are computed, output vector have dimension 343 (7´7´7). Composition enhanced 
Transition and Distribution (CeTD) compute enhance transition of residues after grouping. 
Pseudo Amino Acid Composition (PAAC) is one of the most widely used protein features 
heavily used by scientific community in past by Chou group (Chou, 2001).  Amphiphilic Pseudo 
Amino Acid Composition (APAAC) is improved version of PAAC (Chou, 2005). Quasi-
Sequence Order (QSO) descriptors are computed from the distance matrix between the 20 amino 
acids. Sequence Order Coupling Number (SOCN) allow user to compute a set of sequence-order-
coupling numbers (Chou, 2000). 
 
 3.1.2. Binary Profiles 
This module is mostly used in annotating protein at residue level. A vector consisting of 0 and 1 
can be generated depending upon the selection of sub-modules. The presence of particular 
residue is denoted by 1 and its absence is denoted by 0. The module is further subdivided into 
five sub-sections. 
Amino acid: This sub-module permits users to generate the binary profiles corresponding to 
each residue of the peptide or protein sequences. This module also facilitates the generation of 
binary profiles of the subsets of the sequences such as from N-terminal, C-terminal, rest and 
split.  
Dipeptides:  This sub-module calculates the dipeptide binary profile with option to select the 
order of dipeptide. In case a protein has N residues, then number of traditional overlapping 
dipeptides will be N-1, it can be presented by a vector of dimension (N-1)´ 400.  
Atom & Bond: This module is sub-divided into three sections as Atom, Bond and Atom & 
Bond, which generates the binary profiles for atoms, bonds and both respectively. In case of 
atoms a vector will be represented by 5 based on five types of atom (C, H, N, O, S). In case of 
bonds, vector dimension is 4 based on four type of bonds used in this study (cyclic, benzene ring, 
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single bond, and double bond). In case of atom and bond composition vector will have 
dimension of nine.  

Residue property: This module generates binary profiles for each residue in the amino acid 
sequence, which apprehends the particular physicochemical properties for each input sequence. 
It allows the user to choose the desired physicochemical property.  It has provision to select any 
of 22 of standard physicochemical properties. 

AAIndex: This sub- module allows the user to compute the binary profiles corresponding to the 
desired AAindices, for amino acid sequences. It enables the user to enter the desired indices out 
of defined 566 amino acid indices, which can be referred from 
https://www.genome.jp/aaindex/AAindex/list_of_indices.  If user select 10 AAindices then each 
amino acid will be presented by a vector of dimension 10. In case protein have 100 residues then 
it will be represented by a vector of dimension 1000 (100 ´ 10). 

3.1.3. Evolutionary Information 
This module captures the evolutionary information, which plays a significant role in defining the 
functionality of the peptide or protein. This provides more information than single sequence. 
Thus, it is an essential representative of a peptide or protein. This module is further sub-divided 
into four sub-classes: 
Generation of PSSM: Position-specific scoring matrix can be generated for single sequence 
provided by user. It uses the PSIBLAST software to generate PSSM profiles. It captures the 
spatial information for evolutionary conservation of amino acids. It gives the output in the form 
of PSSM matrix. 

Normalization of PSSM: In this module user has to provide the PSSM matrix as input for 
normalization. Even he can use the above mentioned method to generate PSSM matrix or can 
simply provide matrix generated by somewhere else. Further user can opt any of the four 
different methods for normalization such as pssm_n1, pssm_n2, pssm_n3 and pssm_n4. 

Composition of PSSM: In this sub-module user can calculates the composition of PSSM 
corresponding to each input PSSM matrix. This method gives output in the form of 20X20 
matrix. 
Profile of PSSM: Using this module user become enable to calculate the normalized position-
specific scoring matrix using psi-blast against databases. Here user has to provide fasta file 
sequence as input. This method gives output in the form of matrix of N ´ 21 for the peptide or 
protein sequence of length N. It also provides user to generate profiles for different portions of 
the peptide or protein sequences. 

3.1.4. Structure Descriptors 
This module is meant to compute a wide range of structure-based features and encompasses four 
sub-modules: 
Fingerprint:  This module allows the user to calculate the fingerprint descriptors for the input 
PDB structure. These fingerprints are calculated using PaDEL software (Yap, 2011). This result 
in the vector of size 14,532. 

SMILES: This module provides the Simplified Molecular Input Line Entry System (SMILES) 
notation for the PDB structure, which can be further use to generate structure-based features. 
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These SMILES are generated using open babel software and provide a line notation for 
representing peptide or protein structure. 

Surface Accessibility:  This module allows the user to calculates the relative surface 
accessibility of the input PDB structure, using NACCESS software. The output exhibits the 
surface accessibility for each residue in the peptide or protein sequences. It ranges from 0-100 
percent. 

Secondary Structure: This module generates the secondary structure of the peptide or protein at 
the residue level. It calculates the percent of average secondary structure element present in the 
input PDB file. These features are calculated using DSSP software (Touw et al., 2015). 

3.1.5. Pattern Generation 
This module is meant to generate a wide range of pattern-based features. It is essential to 
generate all fixed-size length patterns when one is interested in residue level annotation. This 
module focuses on different size patterns for different profiles. This module encompasses five 
sub-modules: 
Binary Profile: This module computes the binary profiles for the patterns of protein or peptide 
sequences. The patterns are generated using the desired window size which is odd numbers. The 
equal number of X's are added in the starting and ending of the input sequence to produce equal 
size patterns. Each letter corresponds to the vector size of 21, hence generate the vector size of 
N*21 for the sequence of length N. 

PSSM Profile: This module calculates the PSSM profiles of the patterns of protein or peptide 
sequences. The patterns are generated in the same way as mentioned above. 

Standard PhysicoChemical Properties: This module allows users to calculate the desired 
standard physicochemical properties from the generated patterns of the sequences of desired 
window size. 
AA Index: This module allows users to calculate the average desired AA index value for each 
generated patterns of desired window size. 
Universal: This module generates patterns of any type of string or matrix such as peptide or 
protein sequences, secondary structure, PSSM profiles. The patterns are generated in sliding 
manners and defined window size. It results in the generation of patterns of equal length. 

3.2. Standalone version of Pfeature 
In addition to web-based implementation, we have also developed standalone of Pfeature, 
suitable to run on local machine of users. Following is brief description of packages available for 
Pfeature. 

Pfeature Scripts: More than 120 python scripts have been developed for computing wide range 
of features, visit GitHub website https://github.com/raghavagps/Pfeature/scripts/ for detail. These 
scripts can be downloaded as a zip file from 
https://github.com/raghavagps/Pfeature/blob/master/scripts/Pfeature_scripts.zip.  User need to 
unzip this file to create a folder of python scripts. Summary of these scripts with their function is 
described in Table 1. User can run these scripts by typing following command "python script.py 
--h", which will provide help on usage of python script.  As shown in Table 1, aac_X is for 
computing amino acid composition, it means following scripts and type of compositions, i) 
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aac_wp.py for whole protein, ii) aac_nt.py for N-terminal residues, iii) aac_ct.py for C-terminal 
residues, iv) aac_rt.py for remaining residues and v) aac_st.py for fragment of proteins. Thus, 
scripts not only provide facility to compute composition of whole protein but also allows, to 
compute composition of a particular region of a protein. In case of tripeptide composition, we 
only allow to compute tripeptide composition using script tpc.py not for different part of proteins 
because number of features are too high. These scripts take protein/peptide sequences in FASTA 
format and give output file csv format.   
Python Libraries: In order to develop method for annotating proteins in python user may wish 
to call python functions for speed optimization. We have also developed python library of 
Pfeature, which can be downloaded from 
https://github.com/raghavagps/Pfeature/blob/master/PyLib/Pfeature.zip . The prerequisite to run 
the python library is pandas, numpy and python version 3.6 and above. The zipped file can be 
uncompressed. There is a file inside Pfeature folder named “setup.py”, which helps in 
installation of library using command “python setup.py install”. This Pfeature library consists of 
120 functions for descriptor generation. These functions can easily be imported and compute the 
desired features by passing the required arguments.    

Pfeature Executables: One of the challenges in computing features of protein is that there are 
huge number of features. In case, we wish to compute all type of features we need to run more 
than 100 python script, which is time consuming. We are inspired with the field of 
chemoinformatics where software compute wide range of chemical descriptors in a single 
command, for example PaDEL compute more than 10000 chemical descriptors in a single 
command. Thus, we have developed a standalone version of Pfeature which can compute 
thousands of protein descriptors in a single command. To cover maximum user, we have 
developed executables for Windows, Ubuntu, Fedora, MacOS and Centos based operating 
system. These executables can be downloaded from 
https://github.com/raghavagps/Pfeature/tree/master/exec/.   

3.4 Comparison with other resources 
Comparison of newly developed software with existing software give insight about its 
significance (Table 2). Only Pfeature is available in all three format of webserver, standalone, 
executables and library. Pfeature computes nearly 144 type of protein features where other 
methods allow 14 to 53 type of features. Thus features computed by Pfeature is nearly three 
times of features computed by any existing software. Pfeature includes all the types of protein 
features computed by existing methods and have more than 90 types of additional  features. In 
order to compare different types of features computed by different methods including Pfeature, 
we show different types of features and supported software in Table 3. Following are unique 
descriptors not supported in any existing software package.  

As shown in Table 3, following composition based modules has been introduced in this study; 
atom, bond, atom+bond, Shannon entropy, residue repeats and distance distribution.  Repetitive 
Residue Information computes the repetitive residue information for a peptide sequence. In more 
simpler words, it actually measures the continuous presence of amino acids in a protein or 
peptide sequence.  Distance distribution function calculates the distribution of residues and 
considers the distance from the terminus residues of the peptide or protein sequence.  In addition, 
almost all binary profile-based features are only supported by Pfeature. Pfeature incorporated the 
function which is used to compute amino acid binary profiles, dipeptide binary profiles, a binary 
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profile corresponding to atomic and bond composition of each amino acid residue of the peptide 
sequence. Pfeature also support PSSM profile-based features that is required to capture 
evolutionary information, which are not supported by existing tools.  

4. Discussion  
In past, several web-servers and standalone packages have been developed to extract features 
from protein and peptide sequences. PROFEAT is one of the first web servers developed in 
2006, for computing structural and physicochemical features of proteins and peptides from 
amino acid sequence (Li et al., 2006). Its updated versions were published in 2011 and 2016 that 
incorporate new network descriptors for protein-protein and protein-small molecule interactions, 
segment descriptors for local properties of protein sequences, topological descriptors for peptide 
sequences and small molecule structures (Rao et al., 2011; Zhang et al., 2017). Though, our 
Pfeature have more protein descriptors than PROFEAT but we do not have many network 
descriptors integrated in PROFEAT. Thus, Pfeature is complementary to PROFEAT but not 
alternate or replacement. Similarly, PyBioMed is a recently developed python library with the 
capability of computing features of biological molecules and interaction samples (Dong et al., 
2018).  A module named “PyProtein” is developed in PyBioMed which is used to calculate 
protein features (structural and physicochemical properties). PyProtein module calculates 14 
features from five groups. Pfeature also integrate all these descriptors and many more protein 
descriptors but it does not have modules for computing DNA and chemical descriptors, 
integrated in PyBioMed. PyDPI is feature rich python based standalone that computes 52 types 
of protein features from six feature groups (Cao, Liang, et al., 2013). Recently, one of the 
powerful package iFeature has been developed that compute a comprehensive spectrum of 18 
major sequence encoding schemes that encompass 53 different types of feature descriptors. It 
also integrates 12 different types of commonly used feature clustering, selection, and 
dimensionality reduction algorithms. These features are important for developing machine 
learning techniques-based models for predicting function of biomolecules.   
In summary, number of software package has been developed to compute descriptors of 
biological & chemical molecules. Each package has unique set of features that complement other 
existing packages. Aim of developing Pfeature is to complement the existing software so user 
may get more options in the field of protein bioinformatics. Our major focus is on protein 
annotation that includes chemically modified protein and peptides. We are particularly interested 
in developing features for computing therapeutic properties of peptide and annotation of protein 
at residue level. Despite tremendous advancement in the field of protein bioinformatics, a wide 
range of protein descriptors used in past has not been integrated in existing software packages. 
Residue level annotation of a protein is highly desirable to understand function of a protein at 
residue level. In addition, these softwares do not have facility to compute composition of a 
specific-region of protein. In order to facilitate users, we have developed Pfeature that integrate 
most of descriptors described in literature as well as few novel descriptors. In summary, it is a 
comprehensive, easy-to-use python package which computes a large number of features, and 
allows users to calculate various features of protein/peptide based on the sequence, structure and 
physiochemical properties. As far as we know, Pfeature is the first python package that 
calculates the several descriptors and gives the information of not only at functional level but 
also at the residue level. It is the first toolkit for combined feature calculation at the functional 
level, residue level and also from the various profiles such as binary profiles and PSSM profiles. 
We believe that freely available web service “https://webs.iiitd.edu.in/raghava/pfeature/” will be 
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very useful to the biologist, with a limitation of programming knowledge. In addition, free-
availability of python library, executables as well as source code will help the researcher to 
compute a wide range of protein and peptide feature from their sequence and structure on a 
larger scale. 
 
Acknowledgements 
Authors are thankful to funding agencies Department of Biotechnology (DBT) and 
Department of Science and Technology (DST-INSPIRE) and Council of Scientific 
and Industrial Research (CSIR), Govt. of India for financial support and fellowships. 
 
Author contribution 
SP, AP, AL, CA, DK, AD and GM wrote all the scripts. HK, SP, AD, AL, CA, DK, SSU, PA, 
RK and VK developed the web interface. NS, SJ, AL and CA prepared the manual. SSU, SP, 
AP, NS and AD prepared the first draft of manuscript. SSU and GPSR prepared the final version 
of manuscript. GPSR conceived the idea and coordinated the entire project. 

Funding 
This work was supported by J. C. Bose Fellowship, Department of Science and Technology, 
India. 

Reference 
Agrawal,P. et al. (2018) In Silico Approach for Prediction of Antifungal Peptides. Front. 

Microbiol., 9, 323. 
Agrawal,P. and Raghava,G.P.S. (2018) Prediction of Antimicrobial Potential of a Chemically 

Modified Peptide From Its Tertiary Structure. Front. Microbiol., 9, 2551. 
Ansari,H.R. and Raghava,G.P. (2010) Identification of NAD interacting residues in proteins. 

BMC Bioinformatics, 11, 160. 
Bhasin,M. et al. (2005) PSLpred: prediction of subcellular localization of bacterial proteins. 

Bioinformatics, 21, 2522–2524. 
Bhasin,M. and Raghava,G.P.S. (2004) Classification of Nuclear Receptors Based on Amino 

Acid Composition and Dipeptide Composition. J. Biol. Chem., 279, 23262–23266. 
Bhasin,M. and Raghava,G.P.S. (2004a) ESLpred: SVM-based method for subcellular 

localization of eukaryotic proteins using dipeptide composition and PSI-BLAST. Nucleic 
Acids Res., 32, W414–W419. 

Bhasin,M. and Raghava,G.P.S. (2004b) GPCRpred: an SVM-based method for prediction of 
families and subfamilies of G-protein coupled receptors. Nucleic Acids Res., 32, W383–
W389. 

Blum,T. et al. (2009) MultiLoc2: integrating phylogeny and Gene Ontology terms improves 
subcellular protein localization prediction. BMC Bioinformatics, 10, 274. 

Cao,D.-S., Xu,Q.-S., et al. (2013) propy: a tool to generate various modes of Chou’s PseAAC. 
Bioinformatics, 29, 960–2. 

Cao,D.-S., Liang,Y.-Z., et al. (2013) PyDPI: freely available python package for 
chemoinformatics, bioinformatics, and chemogenomics studies. J. Chem. Inf. Model., 53, 
3086–96. 

Cao,D.-S. et al. (2015) Rcpi: R/Bioconductor package to generate various descriptors of 
proteins, compounds and their interactions. Bioinformatics, 31, 279–81. 

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted April 4, 2019. ; https://doi.org/10.1101/599126doi: bioRxiv preprint 

https://doi.org/10.1101/599126


Chauhan,J.S. et al. (2012) GlycoPP: a webserver for prediction of N- and O-glycosites in 
prokaryotic protein sequences. PLoS One, 7, e40155. 

Chauhan,J.S. et al. (2013) In silico platform for prediction of N-, O- and C-glycosites in 
eukaryotic protein sequences. PLoS One, 8, e67008. 

Chen,Z. et al. (2018) iFeature: a Python package and web server for features extraction and 
selection from protein and peptide sequences. Bioinformatics, 34, 2499–2502. 

Chou,K.-C. (2005) Using amphiphilic pseudo amino acid composition to predict enzyme 
subfamily classes. Bioinformatics, 21, 10–9. 

Chou,K.C. (2001) Prediction of protein cellular attributes using pseudo-amino acid composition. 
Proteins, 43, 246–55. 

Chou,K.C. (2000) Prediction of protein subcellular locations by incorporating quasi-sequence-
order effect. Biochem. Biophys. Res. Commun., 278, 477–83. 

Dhanda,S.K. et al. (2017) Novel in silico tools for designing peptide-based subunit vaccines and 
immunotherapeutics. Brief. Bioinform., 18, 467–478. 

Dong,J. et al. (2018) PyBioMed: a python library for various molecular representations of 
chemicals, proteins and DNAs and their interactions. J. Cheminform., 10, 16. 

Emanuelsson,O. et al. (2000) Predicting Subcellular Localization of Proteins Based on their N-
terminal Amino Acid Sequence. J. Mol. Biol., 300, 1005–1016. 

Freeman,T.C. and Wimley,W.C. (2012) TMBB-DB: a transmembrane β-barrel proteome 
database. Bioinformatics, 28, 2425–30. 

Fuchs,P.F.J. and Alix,A.J.P. (2005) High accuracy prediction of beta-turns and their types using 
propensities and multiple alignments. Proteins, 59, 828–39. 

Garg,A. et al. (2005) Support Vector Machine-based Method for Subcellular Localization of 
Human Proteins Using Amino Acid Compositions, Their Order, and Similarity Search. J. 
Biol. Chem., 280, 14427–14432. 

Garg,A. and Raghava,G.P.S. (2008) A machine learning based method for the prediction of 
secretory proteins using amino acid composition, their order and similarity-search. In Silico 
Biol., 8, 129–40. 

Gupta,S. et al. (2013) In silico approach for predicting toxicity of peptides and proteins. PLoS 
One, 8, e73957. 

Guruprasad,K. and Rajkumar,S. (2000) Beta-and gamma-turns in proteins revisited: a new set of 
amino acid turn-type dependent positional preferences and potentials. J. Biosci., 25, 143–
56. 

Horton,P. et al. (2007) WoLF PSORT: protein localization predictor. Nucleic Acids Res., 35, 
W585–W587. 

Jahandideh,S. et al. (2007) gamma-Turn types prediction in proteins using the support vector 
machines. J. Theor. Biol., 249, 785–90. 

Kalita,M.K. et al. (2008) CyclinPred: A SVM-Based Method for Predicting Cyclin Protein 
Sequences. PLoS One, 3, e2605. 

Kaundal,R. and Raghava,G.P.S. (2009) RSLpred: an integrative system for predicting subcellular 
localization of rice proteins combining compositional and evolutionary information. 
Proteomics, 9, 2324–2342. 

Kaur,H. and Raghava,G.P.S. (2003) A neural-network based method for prediction of γ-turns in 
proteins from multiple sequence alignment. Protein Sci., 12, 923–929. 

Kaur,H. and Raghava,G.P.S. (2004) A neural network method for prediction of  -turn types in 
proteins using evolutionary information. Bioinformatics, 20, 2751–2758. 

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted April 4, 2019. ; https://doi.org/10.1101/599126doi: bioRxiv preprint 

https://doi.org/10.1101/599126


Kaur,H. and Raghava,G.P.S. (2003) Prediction of beta-turns in proteins from multiple alignment 
using neural network. Protein Sci., 12, 627–634. 

Kaur,H. and Raghava,G.P.S. (2004) Prediction of α-turns in proteins using PSI-BLAST profiles 
and secondary structure information. Proteins Struct. Funct. Bioinforma., 55, 83–90. 

Kountouris,P. and Hirst,J.D. (2010) Predicting beta-turns and their types using predicted 
backbone dihedral angles and secondary structures. BMC Bioinformatics, 11, 407. 

Kumar,M. et al. (2007) Identification of DNA-binding proteins using support vector machines 
and evolutionary profiles. BMC Bioinformatics, 8, 463. 

Kumar,M. et al. (2006) Prediction of mitochondrial proteins using support vector machine and 
hidden Markov model. J. Biol. Chem., 281, 5357–63. 

Kumar,M. et al. (2011) SVM based prediction of RNA-binding proteins using binding residues 
and evolutionary information. J. Mol. Recognit., 24, 303–13. 

Kumar,M. and Raghava,G.P.S. (2009) Prediction of nuclear proteins using SVM and HMM 
models. BMC Bioinformatics, 10, 22. 

Kumar,R. et al. (2015) An in silico platform for predicting, screening and designing of 
antihypertensive peptides. Sci. Rep., 5, 12512. 

Kumar,V. et al. (2018) Prediction of Cell-Penetrating Potential of Modified Peptides Containing 
Natural and Chemically Modified Residues. Front. Microbiol., 9, 725. 

de la Cruz,X. et al. (2002) Toward predicting protein topology: an approach to identifying beta 
hairpins. Proc. Natl. Acad. Sci. U. S. A., 99, 11157–62. 

Lata,S. et al. (2007) Analysis and prediction of antibacterial peptides. BMC Bioinformatics, 8, 
263. 

Lata,S., Mishra,N.K., and Raghava,G.P.S. (2010) AntiBP2: improved version of antibacterial 
peptide prediction. BMC Bioinformatics, 11 Suppl 1, S19. 

Lata,S., Mishra,N.K., and Raghava,G.P. (2010) AntiBP2: improved version of antibacterial 
peptide prediction. BMC Bioinformatics, 11, S19. 

Lata,S. and Raghava,G.P.S. (2008) CytoPred: a server for prediction and classification of 
cytokines. Protein Eng. Des. Sel., 21, 279–282. 

Li,Z.R. et al. (2006) PROFEAT: a web server for computing structural and physicochemical 
features of proteins and peptides from amino acid sequence. Nucleic Acids Res., 34, W32-7. 

Manavalan,B. et al. (2018) mAHTPred: a sequence-based meta-predictor for improving the 
prediction of anti-hypertensive peptides using effective feature representation. 
Bioinformatics. 

Manavalan,B. et al. (2017) MLACP: machine-learning-based prediction of anticancer peptides. 
Oncotarget, 8, 77121–77136. 

McGinnis,S. and Madden,T.L. (2004) BLAST: at the core of a powerful and diverse set of 
sequence analysis tools. Nucleic Acids Res., 32, W20-5. 

Meher,P.K. et al. (2017) Predicting antimicrobial peptides with improved accuracy by 
incorporating the compositional, physico-chemical and structural features into Chou’s 
general PseAAC. Sci. Rep., 7, 42362. 

Nagel,K. et al. (2009) Annotation of protein residues based on a literature analysis: cross-
validation against UniProtKb. BMC Bioinformatics, 10 Suppl 8, S4. 

Nagpal,G. et al. (2017) Computer-aided designing of immunosuppressive peptides based on IL-
10 inducing potential. Sci. Rep., 7, 42851. 

Panwar,B. et al. (2013) Prediction of vitamin interacting residues in a vitamin binding protein 
using evolutionary information. BMC Bioinformatics, 14, 44. 

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted April 4, 2019. ; https://doi.org/10.1101/599126doi: bioRxiv preprint 

https://doi.org/10.1101/599126


Rao,H.B. et al. (2011) Update of PROFEAT: a web server for computing structural and 
physicochemical features of proteins and peptides from amino acid sequence. Nucleic Acids 
Res., 39, W385-90. 

Rashid,M. et al. (2007) Support Vector Machine-based method for predicting subcellular 
localization of mycobacterial proteins using evolutionary information and motifs. BMC 
Bioinformatics, 8, 337. 

Restrepo-Montoya,D. et al. (2009) Validating subcellular localization prediction tools with 
mycobacterial proteins. BMC Bioinformatics, 10, 134. 

Sharma,A. et al. (2013) Computational approach for designing tumor homing peptides. Sci. Rep., 
3, 1607. 

Singh,H. et al. (2015) In silico platform for predicting and initiating β-turns in a protein at 
desired locations. Proteins, 83, 910–21. 

Touw,W.G. et al. (2015) A series of PDB-related databanks for everyday needs. Nucleic Acids 
Res., 43, D364-8. 

Tyagi,A. et al. (2013) In silico models for designing and discovering novel anticancer peptides. 
Sci. Rep., 3, 2984. 

Usmani,S.S., Kumar,R., et al. (2018) In Silico Tools and Databases for Designing Peptide-Based 
Vaccine and Drugs. Adv. Protein Chem. Struct. Biol., 112, 221–263. 

Usmani,S.S., Bhalla,S., et al. (2018) Prediction of Antitubercular Peptides From Sequence 
Information Using Ensemble Classifier and Hybrid Features. Front. Pharmacol., 9, 954. 

Usmani,S.S. et al. (2017) THPdb: Database of FDA-approved peptide and protein therapeutics. 
PLoS One, 12, e0181748. 

Wang,Y. et al. (2006) Better prediction of the location of alpha-turns in proteins with support 
vector machine. Proteins, 65, 49–54. 

Xiao,N. et al. (2015) protr/ProtrWeb: R package and web server for generating various 
numerical representation schemes of protein sequences. Bioinformatics, 31, 1857–9. 

Yap,C.W. (2011) PaDEL-descriptor: an open source software to calculate molecular descriptors 
and fingerprints. J. Comput. Chem., 32, 1466–74. 

Zhang,P. et al. (2017) PROFEAT Update: A Protein Features Web Server with Added Facility to 
Compute Network Descriptors for Studying Omics-Derived Networks. J. Mol. Biol., 429, 
416–425. 

 
  

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted April 4, 2019. ; https://doi.org/10.1101/599126doi: bioRxiv preprint 

https://doi.org/10.1101/599126


Tables 
Table 1: List of python scripts (with extension “.py”) and their corresponding features.  

Composition based Features 

Scripts Type Scripts Type Scripts Type 

aac_X Amino Acid dpc_X Dipeptide ctc_X Conjoint Triad 
Calculation 

atc_X 
 Atom boc_X Bond ser_X Shannon Entropy at 

residue level 
rri_X 
 Residue repeats aai_X 

 AAIndex sep_X Shannon Entropy of 
Property 

tpc_wp Tripeptide se_ X Shannon Entropy apaac_X Amphiphilic Pseudo 
Amino-acid 

acr _X Autocorrelation paac_X Pseudo Amino-
acid qos_X Quasi-Sequence Order 

pcp_X Property ddor_wp 
 

Distance 
Distribution ctd_X Composition e-

Transition Distribution 
abc_X 
 Atom & Bond soc_X Sequence Order 

Coupling   

Binary Profile 
bin_aa_X amino acid bin_di_X Dipeptide bin_pc_X Property 
bin_at_X atom bin_bo_X Bond bin_ab_X atom & bond 
bin_aai_X AAIndex     

Evolutionary Information (PSSM processing)  
pssm_n1 Normalization1 pssm_n2 Normalization 2 pssm_n3 Normalization 3 
pssm_n4 Normalization4 pssm_comp Composition   

Patterns Generation 
pat_bin Binary profiles pat_csv csv file pat_str strings 
pat_pcc Property pat_aai AAindex   

* X can be wp: whole protein, nt: N-terminal, ct: C–terminal, rt: remaining residue, st: 
fragments of proteins.  
** Same script names can be used to call function from python library of Pfeature.   
 
Table 2: Comparison of Pfeature with other software in term of total features and availability. 

Software 
Types of 
protein 
descriptors 

Webserver Standalone/Scripts Library 

Pfeature 144 Yes Yes Yes 
iFeature 53 Yes Yes Yes 
PyBioMed 
(PyProtein) 14 No Yes Yes 

PyDPI 52 No Yes Yes 
PROFEAT 51 Yes No No 
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Table 3: Comprehensive Comparison of Pfeature with existing software/platform in term of 
different type of features. 

COMPOSITION 

Type of 
Composition 

Vector Size 
{Supported 
by} 

Type of 
Composition 

Vector Size 
{Supported 
by} 

Type of 
Composition 

Vector Size 
{Supported 
by} 

Amino acid 20{a,b,c,d,e}# Shannon Entropy 1 (a) 

Composition 
enhanced 
Transition 
Distribution 

189{a,b,c,d,e} 

Dipeptide 400{a,b,c,d,e} Atom & Bond 9{a} Shannon Entropy 
at residue level 20{a} 

Tripeptide 8000{a,b,c,d} Physicochemical 30 {a,b,c,d,e} Conjoint Triad 
Calculation 343 {a,b,c,d,e} 

Atom 5{a} Pseudo Amino-
acid 

20 + λ 
{a,b,c,d,e} 

Shannon Entropy 
of Property 24{a} 

Bond 4{a} Distance 
Distribution 20{a} 

Amphiphilic 
Pseudo Amino-
acid 

 20 + λ*3 
{a,b,c,d,e} 

Autocorrelation ## (a,b,c,d,e) Quasi-Sequence 
Order 

40 + λ*2 
{a,b,c,d,e} 

Repetitive 
Residue 
Information  

20 (a) 

AAIndex 566{a,b,c} Sequence Order 
Coupling λ*2 {a,b,c,d,e}   

BINARY PROFILE 
Amino acid 20´L##  {a,b} Dipeptide 400´L {a} Property 24 {a} 
Atom 5´L {a} Bond 4´L {a} Atom & Bond 9´L {a} 
AAIndex ## {a}         

Evolutionary Information (PSSM processing) 
Generation 400´L {a} Normalization  400´L {a} Composition  400{a} 
Profile 21´L {a}         

STRUCTURE 

Fingerprints 14,532 {a} SMILES L## {a} Surface 
Accessibility L## {a} 

Secondary 
Structure 3 {a}         

 
# a: Pfeature, b: ifeatue, c: PyBioMed, d: PyDPI, e: PROFEAT; ## L: length of protein; N: The number exhibits the 
length of the input sequence.; λ The number depends upon the choice of maxlag. 
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