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Abstract Several descriptors of protein structure at the
sequence and residue levels have been recently proposed.
They are widely adopted in the analysis and prediction of
structural and functional characteristics of proteins.
Numerous in silico methods have been developed for
sequence-based prediction of these descriptors. However,
many of them do not have a public web-server and only a
few integrate multiple descriptors to improve the predic-
tions. We introduce iFC” (integrated prediction of fold,
class, and content) server that is the first to integrate three
modern predictors of sequence-level descriptors. They
concern fold type (PFRES), structural class (SCEC), and
secondary structure content (PSSC-core). The server
exploits relations between the three descriptors to imple-
ment a cross-evaluation procedure that improves over the
predictions of the individual methods. The iFC* annotates
fold and class predictions as potentially correct/incorrect.
When tested on datasets with low-similarity chains, for the
fold prediction iFC* labels 82% of the PFRES predictions
as correct and the accuracy of these predictions equals
72%. The accuracy of the remaining 28% of the PFRES
predictions equals 38%. Similarly, our server assigns cor-
rect labels for over 79% of SCEC predictions, which are
shown to be 98% accurate, while the remaining SCEC
predictions are only 15% accurate. These results are shown
to be competitive when contrasted against recent relevant
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web-servers. Predictions on CASPS targets show that the
content predicted by iFC? is competitive when compared
with the content computed from the tertiary structures
predicted by three best-performing methods in CASP8. The
iFC? server is available at http://biomine.ece.ualberta.ca/
1D/1D.html.
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Abbreviations
CASP Critical assessment of techniques for protein
structure prediction

FASTA FAST-all
iFC? Integrated prediction of fold
class and content
iFC>-FT iFC? cross-evaluation for fold type
iFC?-SSC  iFC? cross-evaluation for secondary
structure content
iFC%-SC iFC? cross-evaluation for structural class
MAE Mean absolute error
PSSM Position-specific scoring matrix
PSSC-core Prediction of secondary structure
content through comprehensive
sequence representation
SCEC Prediction of structural
class using evolutionary collocation
PDB Protein data bank
PFRES Protein fold recognition using
evolutionary information
and predicted secondary structure
SCOP Structural classification of proteins
SVM Support vector machine
3D Tertiary
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Introduction

The growing gap between the number of solved protein
structures and the number of discovered protein sequences
motivates research towards the development of computa-
tional methods for prediction of the tertiary structure. The
performance of these methods is assessed biannually in the
critical assessment of techniques for protein structure pre-
diction (CASP) competition. Although the results of CASP
competitions show that the prediction quality continues to
rise, the predictions require substantial computing resour-
ces and in the case of new folds (sequences with no
structural templates in the PDB) the predicted structure
models are still relatively poor (Jauch et al. 2007).
Recently, several descriptors of protein structure were
suggested as an alternative way to study and predict the
tertiary protein structure. These descriptors are either at the
sequence or at the residue level. The sequence-level
descriptors include protein family and superfamily type,
fold type, structural class, and secondary structure content.
The residue-level descriptors encompass secondary struc-
ture, solvent accessibility, residue depth, contact numbers
and contact order, backbone dihedral and torsion angles,
and B-factor. Numerous computational methods have been
proposed for sequence-based prediction of the family
and superfamily (Enright et al. 2002; Melvin et al. 2007,
Gewehr et al. 2007), the fold type (Ding and Dubchak
2001; Hvidsten et al. 2003; Shen and Chou 2006; Jeong
et al. 2006; Taguchi and Gromiha 2007; Melvin et al. 2007,
Chen and Kurgan 2007; Shamim et al. 2007; Chen et al.
2008d; Damoulas and Girolami 2008; Shen and Chou
2009), the structural class (Chou 2000a, b, 2005a, b; Chou
and Cai 2004; Chen et al. 2006, 2008a, b, 2009; Kedarisetti
et al. 2006; Kurgan and Chen 2007; Lin and Li 2007,
Kurgan et al. 2008; Xiao et al. 2008a, b; Zhang et al.
2008b; Li et al. 2008; Yang et al. 2009; Mizianty and
Kurgan 2009a), and the secondary structure content (Chou
1999; Liu and Chou 1999; Cai et al. 2003a, b; Ruan et al.
2005; Lee et al. 2006; Homaeian et al. 2007). Similarly, the
predictors of the residue-level descriptors include methods
for prediction of the secondary structure (Jones 1999;
McGuffin et al. 2000; Rost 2001, 2005, 2008; Rost et al.
2004; Pollastri and McLysaght 2005; Ofer and Yaoqi 2007,
Montgomerie et al. 2008; Kurgan 2008; Ding et al. 2009),
tight turns (Chou 1997, 2000a, b), the relative solvent
accessibility (Ahmad and Gromiha 2002; Ahmad et al.
2003; Kim and Park 2004; Garg et al. 2005; Nguyen and
Rajapakse 2006; Dor and Zhou 2007; Chen et al. 2008c;
Mooney and Pollastri 2009), the residue depth (Yuan and
Wang 2008; Zhang et al. 2008a), the contact order and
number (Pollastri et al. 2001; Kinjo et al. 2005; Yuan 2005;
Song and Burrage 2006; Shi et al. 2008), the backbone
angles (Dor and Zhou 2007; Xue et al. 2008; Faraggi et al.
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2009), and the B-factor (Radivojac et al. 2004; Yuan et al.
2005; Schlessinger and Rost 2005; Zhang et al. 2009).
Another emerging descriptor of protein sequence is the
pseudo amino acid composition, which comes in multiple
forms and which was recently used to predict a number of
different protein attributes (Chou 2001, 2005, 2009). The
usefulness of these descriptors is supported by a recent
study which shows that the tertiary structure can be
recovered from several residue-level descriptors (Kinjo and
Nishikawa 2005a, b). A study by Rangwala and Karypis
(2006) reveals that sequence-level descriptors are useful in
solving the remote homology detection problem. The
knowledge of these descriptors was applied in a vast
number of areas including reduction of the search space of
possible conformations of the tertiary structures (Bahar
et al. 1997), identification of domain boundaries in multi-
domain protein structures (Redfern et al. 2007), analysis of
interactions between CapZ protein and cell membranes
(Smith et al. 2006), analysis of prion proteins (Concepcion
et al. 2005), discrimination of outer membrane proteins
(Gromiha 2005a, b; Gromiha and Suwa 2005), target
selection for structural genomics (Mizianty and Kurgan
2009b; Kurgan and Mizianty 2009), and in prediction of
tertiary structure (Chou 2004; Wu and Zhang 2008), resi-
due-residue contacts (Bjorkholm et al. 2009), beta and
gamma turns (Zhang et al. 2005; Zheng and Kurgan 2008;
Hu and Li 2008), coding and non-coding RNAs (Liu et al.
2006), folding and unfolding rates (Gong et al. 2003;
Ivankov and Finkelstein 2004; Gromiha 2005; Gromiha
et al. 2006; Gromiha and Selvaraj 2008; Jiang et al. 2009;
Shen et al. 2009; Chou and Shen 2009a; Gao et al. 2010),
folding transition-state position (Huang and Cheng 2007),
functional residues (Fischer et al. 2008), DNA-binding
sites (Kuznetsov et al. 2006), RNA-binding residues (Wang
et al. 2008), disordered proteins (Sethi et al. 2008), and
enzyme proteins and their class (Dobson and Doig 2003,
2005).

However, many of the abovementioned prediction
methods do not provide a web-server for public use and
only a few of them integrate multiple descriptors. The
integrated servers include PredictProtein (Rost et al. 2004),
which predicts two residue-level descriptors, secondary
structure and solvent accessibility, Real-SPINE (Dor and
Zhou 2007; Faraggi et al. 2009) that also predicts two
residue-level descriptors, solvent accessibility and back-
bone angles, a recent method by Pollastri and colleagues
(Mooney and Pollastri 2009) that combines prediction of
secondary structure, solvent accessibility, backbone motifs,
and contact density, and a suite of predictors called
SCRATCH (Cheng et al. 2005), which covers the predic-
tions of secondary structure, solvent accessibility, disorder,
strand residues, residue contact, B cell epitopes, solubility
and antigenicity. We observe that some of the existing
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sequence- and residue-level descriptors are closely related
and thus they could be used to evaluate and/or re-predict
the values of other descriptors. For instance, structural
class depends on the secondary structure content (Kurgan
et al. 2008) and different fold types belong to the same
classes (Murzin et al. 1995). Motivated by the above
observations we propose an integrated server which com-
bines prediction of three sequence-level descriptors
including fold type, structural class, and secondary struc-
ture content. Our server is the first to incorporate a cross-
evaluation procedure, in which predictions of the three
related descriptors are combined together to perform a
cross check and a re-prediction. By applying the cross-
evaluation, the predictions provided by our server are
shown to be of higher quality than the predictions of the
individual methods.

Materials and methods
Datasets

Five datasets were used to build and evaluate the proposed
server. The data which were used to design and test the
iFC? server were taken from Chen and Kurgan (2007). It
includes 908 protein sequences that concern the 27 most
populated folds in SCOP database. The sequence identity
between any two sequences in this dataset is below 40%.
Since the “small inhibitors toxins lectins” fold does not
belong to the four structural classes that are predicted by
SCEC, it was excluded from the dataset. As a result, 858
protein sequences are used and they cover 26 folds. The
detailed description of the 26 folds and the four structural
classes, including coding of the fold names, is given in
Table 1 (Supplement). The 858 sequences are randomly
divided into two equal-size subsets. One subset is used to
design the iFC? server (training dataset), and the other is
used to evaluate predictions generated by the server (test
dataset 1). Among the 429 sequences in test dataset 1, 96
sequences share 25-40% sequence identity to one or more
sequence of the training set. After removing the 96
sequences, the remaining 333 sequences constitute the test
dataset 2 in which no sequence shares above 25% simi-
larity to any sequence in the training dataset. The impor-
tance of the reduction of the sequence similarity for the
purpose of testing-related predictors was recently discussed
in Chou and Shen (2006), (2007). The design is performed
based on tenfold cross-validation tests on the training set to
avoid overfitting and to assure that the results obtained on
the training dataset would translate well into other, unseen
data. We chose this type of the test which randomizes the
selection of the ten folds, instead of the jackknife cross-
validation which leads to a unique non-randomized result

(Chou and Shen 2007, 2008) and which was recently used
in related works (Li et al. 2009; Lin et al. 2009; Nanni and
Lumini 2009; Vilar et al. 2009; Yang et al. 2009; Zeng
et al. 2009), to reduce the computational time. The fest
dataset 3 was used exclusively to test the prediction of the
secondary structure content. The sequences were taken
from the CASP8 competition; majority of these chains lack
class and fold annotations and therefore they could not
used to evaluate these predictions. Several structures in
CASP8 are incomplete, i.e., they do not provide coordi-
nates for some sequence segments. We removed targets
that lack coordinates for over 20% of the residues, and as a
result the test dataset 2 includes 97 proteins. Although
majority of the CASPS targets could be matched against
templates in PDB at the time of the CASP8 competition,
several targets were classified as template-free, i.e., they
could not be predicted using a structural template. The
eight template-free targets include T0397, T0416, T0443,
T0465, T0482, T0496, T0510, and TO514. Since RAPTOR
(one of the top-performing 3D-structure prediction meth-
ods that was compared against our server) did not provide a
complete model for T0443 and as a result DSSP (Kabsch
and Sander 1983) could not assign the secondary structure
for this target, this target was excluded from our dataset.
The test dataset 4 consists of the remaining seven template-
free targets.

Description of the PFRES, SCEC, and PSSC-core
predictors

The iFC? server combines structural class predictions
provided by the SCEC method (Chen et al. 2008b), fold
type predictions generated by PFRES method (Chen and
Kurgan 2007), and secondary structure content predicted
with PSSC-core (Homaeian et al. 2007).

PFRES (Chen and Kurgan 2007) is a computational
method for the sequence-based classification of the 27 most
populated folds in the SCOP database (Murzin et al. 1995).
It uses two sources of information for the prediction. The
first source concerns evolutionary information. It is repre-
sented by a PSSM profile generated with PSI-BLAST
(Altschul et al. 1997), which is utilized to compute PSI-
BLAST profile-based composition vector. The detailed
description of PSSM profile is included in Chen et al.
(2008b). The other source is the secondary structure pre-
dicted with PSI-PRED (McGuffin et al. 2000). This struc-
ture is encoded into a set of features, which include
secondary structure content, number of secondary structure
segments, and arrangement of secondary structure seg-
ments; detailed definitions of these features are provided in
Chen and Kurgan (2007). PFRES adopts a voting proce-
dure which ensembles the predictions from three individual
classifiers, including Support Vector Machine (SVM),

@ Springer



966

K. Chen et al.

random forest and instance-based Kstar. PFRES achieves
66.4 and 68.4% accuracies for two test datasets that share
below 35% sequence identity with the training set and was
shown to outperform other relevant predictors at the time
of its publication (Chen and Kurgan 2007).

SCEC (Chen et al. 2008b) predicts four types of the
structural classes (all-o, all-f, o/f, and o + f3), as defined
in SCOP (Murzin et al. 1995), based on a protein sequence.
The all-« and all-f classes represent protein structures that
consist of mainly a-helices and f-strands, respectively. The
o/p and o + f classes contain both o-helices and f-strands
which are mainly interspersed and segregated, respectively.
In SCEC, protein sequence is represented by evolutionary
collocation of amino acid (AA) pairs (Chen et al. 2008b).
A total of 50 AA pairs are used and the frequencies of these
AA pairs constitute the input into SVM classifier. SCEC
achieves 61-96% accuracies when tested on several data-
sets characterized by different levels of sequence identity
and it was demonstrated to provide competitive predictive
quality at the time of its publication (Chen et al. 2008b).

PSSC-core (Homaeian et al. 2007) performs sequence-
based prediction of secondary structure content. The fea-
tures used to encode the input sequence, which are used in
PSSC-core, include amino acid composition and compo-
sition moment vectors, frequency of tetra-peptides associ-
ated with helical and strand conformations, various
property-based groups such as exchange groups, chemical
groups of the side chains and hydrophobic group, auto-
correlations based on hydrophobicity, side-chain masses,
and hydropathy, and conformational patterns for f-sheets.
PSSC-core uses a multiple linear regression model and
achieves a mean absolute error (MAE) of 0.105 for helix
content and 0.078 for strand content using a dataset of
below 30% sequence identity, and it was shown to provide
improved quality of predictions when compared with rel-
evant existing methods at the time of the publication
(Homaeian et al. 2007).

Architecture of the iFC? server

The architecture of the iFC? server is shown in Fig. 1. For a
given protein sequence, PSSC-core uses only the sequence
to generate its inputs, while the other two methods, SCEC
and PFRES, also utilize sequence-derived information. The
SCEC computes PSSM profile using PSI-BLAST while
the inputs to PFRES are based on the protein sequence, the
PSSM profile (the same as the one used by SCEC) and
secondary structure predicted with PSI-PRED, which also
utilizes PSSM profile as its input. The PSSC-core, SCEC,
and PFRES methods generate their inputs and perform their
predictions separately, although we reuse the PSI-PRED
predictions and the PSI-BLAST outputs. Predictions from
the three methods together with the secondary structure
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Fig. 1 Architecture of the iFC? method. In the first stage, the features
based on the input protein sequence, PSSM profile generated with
PSI-BLAST, and the secondary structure predicted with PSI-PRED
are inputted into the individual prediction methods, i.e., PSSC-core,
SCEC, and PFRES. In the second stage, the predictions made by
individual predictors and the content values calculated from the
secondary structure predicted with PSI-PRED are integrated into a
new feature set. The new feature set is inputted into iFC?-SSC, iFC*-
SC and iFC-FT predictors

content calculated from the output of PSI-PRED are fed into
iFC?’s prediction models, which perform cross-evaluation
and assessment of the consistency between the predictions
made by three methods. For instance, given that PSSC-core
would predict the helix, strand, and coil contents as 0.8, 0.0,
and 0.2, respectively, and that SCEC would predict the
structural class as all-f, the iFC? could recognize the con-
flict between the two predictions and fix the inconsistency.
For the predictions of the structural class and the fold type,
iFC? utilizes iFC2-SC (cross-evaluation for structural class)
and iFC>-FT (cross-evaluation for fold type) prediction
models that provide a binary output, i.e., “correct” or
“incorrect” label is assigned to the predictions performed
by SCEC and PFRES, respectively. These labels allow
annotation of potentially incorrect predictions generated by
these two methods. In the case of the secondary structure
content prediction, iFC? uses the iFC2-SSC (cross-evalua-
tion for secondary structure content) model to re-predict
content values by combining the knowledge of the predicted
structural class, the predicted fold type, and the secondary
structure content predicted by PSSC-core and PSI-PRED.
The inputs to the iFC®’s prediction models (iFC-SSC,
iFC>-SC, and iFCZ—FT), which are denoted as the integrated
feature set in Fig. 1, include (1) helix and strand contents
predicted by PSSC-core, (2) helix and strand contents cal-
culated from secondary structure predicted with PSI-PRED,
(3) structural class predicted with SCEC, and (4) fold type
predicted by PFRES. The four content values are continu-
ous (real-values) while the predicted structural class and
the fold type are discrete. The parameterization of the
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classifiers in the iFC? server was performed based on ten-
fold cross-validation on the training dataset. Detailed results
of the parameterization are given in Tables 2 and 3
(Supplement).

The iFC? server was implemented as a web-server that is
available at http://biomine.ece.ualberta.ca/1D/1D.html.
Detailed procedure of how to use the web-server is given in
the Supplement. As pointed out recently by Chou and Shen
(2009b), the user-friendly and publicly accessible web-
servers represent the future direction for developing prac-
tically useful predictors.

iFC2-SSC

iFC-SSC is a linear regression model with two linear
functions, one for prediction of the helix content and the
other for the strand content.

predicted _helix _content =
0.100* PSSCcore _ helix _content
+0.560* PSIPRED _ helix _ content
—-0.260* PSIPRED _ strand _ content
+0.252*(fold _type == a)
+0.100* ( fold _type ==b)
+0.179* (fold _type ==c)
+0.252*(fold _type ==d)
+0.179* (fold _type == e)
+0.179* (fold _type == f)
+0.102*( fold _type ==1i)

+0.102 * (fold _type ==n)
+0.160* ( fold _type == p)
+0.130*( fold _type == q)
+0.160* ( fold _type ==r)
+0.160* (fold _type == s)
+0.160* ( fold _type ==1)
+0.190 * (fold _type ==u)
+0.160* ( fold _type ==v)
+0.160 * (fold _type == w)
+0.222*( fold _type == x)
+0.130* ( fold _type == z)

predicted _strand _content =
0.159* PSSCcore _strand _content
+0.624* PSIPRED _ strand _ content
+0.126*(fold _type =1g)

+0.106 *( fold _type = h)
+0.104*(fold _type ==1)
+0.170*( fold _type = j)
+0.212*( fold _type =k)
+0.140*( fold _type =1)

+0.129*( fold _type ==n)

+0.212*( fold _type == o0)

+0.104*( fold _type == z)
+......+0.005

The less significant inputs for which the regression
coefficient values are between —0.1 and 0.1 are omitted
in the above formulas. We observe that the prediction
model for the helix content incorporates all six fold
types that correspond to the all-a class (folds a, b, c, d,
e, and f) and majority of the fold types that correspond
to the o/ff and « + f classes (folds p, q, 1, s, t, u, v, w,
X, and z) with the corresponding coefficients greater than
0.1. Moreover, such high coefficient values are assigned
to only two fold types that concern the all-f§ class (folds
i and n). This agrees with the underlying biology, i.e.,
the all-a class contains larger amount of helices than o/f
and o + f classes, and the latter two classes should
contain more helical residues than the all-f class. In the

case of the prediction model for the strand content, seven
out of eight fold types that correspond to the all-f class
are assigned coefficients greater than 0.1, and only one
fold that corresponds to the remaining three structural
classes has the coefficient greater than 0.1. This again
agrees with the fact that the all-f class includes protein
chains that have more strand residues than the other
three structural classes. The secondary structure contents
calculated from the secondary structure predicted by PSI-
PRED are assigned the largest coefficients in both for-
mulas and this suggests that these two inputs contribute
the most to the prediction of the secondary structure
contents.

iFC2-SC

This predictor is implemented based on an SVM classifier.
The use of the SVM classifier in PFRES, SCEC, and to
implement the iFC” server is motivated by the prior suc-
cessful applications of this method in related areas (Chou
and Cai 2002; Cai et al. 2003; Melvin et al. 2007). The
classification model takes the predictions of PSSC-core,
SCEC, PFRES, and PSI-PRED as the input and produces a
binary output, i.e., either “correct” or “incorrect”, which is
attached to the structural class predicted by SCEC. The aim
of the iFC2-SC model is to flag the “incorrect” predictions
provided by SCEC (resulting in diminished user’s confi-
dence in these predictions) and to validate (increasing the
user’s confidence) the “correct” predictions. The SVM
model was parameterized based on tenfold cross-validation
performed on the training dataset. We considered selection
of a kernel function [we evaluated polynomial and radial
basis function (RBF) kernels], parameterization of the
kernel function (the value of the width of the RBF kernel y,
and the exponent of the polynomial kernel ¢), and selection
of the value of the soft margin constant C. The experi-
mental results shown in Table 2 (Supplement) resulted in
selection of the RBF kernel with y = 1.5 and C = 1; this
configuration provides the highest relative operating char-
acteristic (ROC) value.

iFC2-FT

This model is also implemented as an SVM-based classi-
fier, which is designed to verify the predictions of the
PFRES method. Similar to iFCz-SC, it uses the predictions
of PSSC-core, SCEC, PFRES, and PSI-PRED as the input
and it outputs a binary value that annotates the fold type
predicted by PFRES as either “correct” or “incorrect”. As
in the case of the iFC>-SC, the SVM used in the iFC>-FT
was parameterized based on the tenfold cross-validation on
the training dataset. The parameterization results that are
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summarized in Table 3 (Supplement) led to selection of
C =5 and the RBF kernel with y = 2.

Results and discussion

Results for the secondary structure content, fold
and structural class predictions

The performance of the iFC? server was evaluated on the
test datasets 1 and 2. The results generated by the server
were compared against predictions generated by the indi-
vidual input prediction methods, i.e., PSSC-core, PFRES
and SCEC, as well as against other recent web-servers for
the fold and structural class predictions that were published
after the publication of the methods (PSSC-core, PFRES
and SCEC) that are integrated into the server. We note that
the comparative analysis includes only the methods that are
provided as web-servers since the proposed work is also
implemented this way, and that we could not find recent
web-servers for the content prediction. Instead, we com-
pare the content predictions against results generated by
modern tertiary structure predictions, which is summarized
in the following section. The comparison includes multiple
classifiers (Chen et al. 2009) and MODAS (Mizianty and
Kurgan 2009a) servers for the structural class prediction,
which are available at http://chemdata.shu.edu.cn/protein_st/

and at http://biomine.ece.ualberta.ca/MODAS/, respectively,
and the SVM-Fold (Melvin et al. 2007) and PFP-FunDSeqE
(Shen and Chou 2009) servers that can be accessed at
http://svm-fold.c2b2.columbia.edu and http://www.csbio.
sjtu.edu.cn/bioinf/PFP-FunDSeqE/, respectively.

Using the dataset 1, the MAE values of helix/strand
content predicted by PSSC-core and iFC*-SSC equal 0.125/
0.085 and 0.06/0.049, respectively (see Table 1). The error
reduction rates achieved by the proposed server are 0.065/
0.125 = 52% for the helix content prediction and 0.036/
0.085 = 42% for the strand content prediction. The PCC
values are improved from 0.75 to 0.94 and from 0.72 to
0.89 for the helix and strand content predictions, respec-
tively. Similar results are observed for test dataset 2 that
has a reduced similarity to the training dataset (see
Table 1). The corresponding MAE values of helix/strand
content predicted by PSSC-core and iFC?-SSC equal 0.119/
0.086 and 0.061/0.048, respectively. The results suggest
that the iFC*-SSC obtains comparable results on datasets
with the 25 and 40% sequence identity to the training
sequences.

For the structural class prediction, the iFC?-SC assigns
“correct” label for 79.3% of predictions made by the
SCEC for the chains in the dataset 1 (see Table 2). Among
these “correct” predictions, the accuracy of the SCEC
equals 98.2%, while the accuracy of the SCEC for the
predictions deemed as “incorrect” by the iFC>-SC equals

Table 1 Comparison of the quality of predictions generated with iFC?-SSC and the PSSC-core

Algorithm Test dataset 1 (40% identity) Test dataset 2 (25% identity)

Helix content Strand content Helix content Strand content

MAE PCC MAE PCC MAE PCC MAE PCC
PSSC-core 0.125 0.75 0.085 0.72 0.119 0.76 0.086 0.72
iFC%-SSC 0.060 0.94 0.049 0.89 0.061 0.94 0.048 0.89

The quality of the secondary structure content prediction is measured with mean absolute error (MAE) and Pearson correlation coefficient (PCC)

Table 2 Comparison of the quality of predictions generated with iFC>-SC, SCEC and with two recent web-servers for prediction of structural

classes, multiple classifiers and MODAS

Algorithm Test dataset 1 (40% identity) Test dataset 2 (25% identity)
Accuracy (%) Coverage (%) Accuracy (%) Coverage (%)
All-a  All-f o/ff o+ f Overall All-a  All-f o/ff o+ f Overall

SCEC 80.00 83.58 87.83 41.46 80.89 100 78.00 82.69 87.76 40.63 80.18 100

Multiple classifiers ~ 81.54 85.82 85.71 80.49 84.62 100 84.00 84.62 8435 8438 84.38 100

MODAS 90.77 86.57 91.01 8049 88.58 100 90.00 85.58 91.16 81.25 88.29 100

iFC?-SC 100 98.32 98.80 88.89 98.20 79.3 100 97.62 98.45 92.86 98.12 79.9

We report the coverage (defined as the percentage of SCEC predictions that are predicted by iFC?-SC as correct) and accuracy = TP/(TP + FP),
where TP and FP are the number of true-positive and false-positive predictions, respectively, and where TP refers to the correct predictions of
SCEC that are also predicted as correct by iFC2-SC and FP refers to incorrect predictions of SCEC that are predicted as correct by iFC?-SC. The

methods are sorted by the increasing values of the overall accuracy
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only 14.6%. When contrasted with the accuracy of the
SCEC for the entire test dataset 1, which equals 80.9%,
the post-screening performed with iFC2-SC improves the
accuracy by 17.3% as a trade-off for removing (labeling as
“incorrect”) 20.7% of the predictions. When compared
with the recent web-servers for the structural class pre-
diction, the multiple classifiers and MODAS, the iFC2-SC
achieves 10-14% higher accuracy and improves results for
all four classes. The accuracies of the individual predictors
on the two test datasets, i.e., test datasets 1 and 2, are
relatively similar (see Table 2).

Similarly, in the case of the fold type prediction, iFC*-
FT labels 81.8% of the PFRES predictions for the
sequences from the dataset 1 as “correct” and the accuracy
of these predictions equals 71.8% (see Table 3). At the

same time, the accuracy of the PFRES for the predictions
identified by iFC*-FT as “incorrect” is only 38.5%. When
compared with the accuracy of 65.7% that was obtained by
PFRES for the entire test dataset 1, the removal of 18.2%
of the predictions which were labeled as “incorrect” by
iFC2-FT leads to the improvement of the PFRES accuracy
by 6.1%. When contrasted against the two recent web-
servers for the prediction of the fold types, the iFC*-FT
achieves accuracy that is comparable with the SVM-Fold
and improves over the PFP-FunDSeqE by about 18% (see
Table 3). We observe that the iFC>-FT achieves relatively
similar accuracies for the different folds, which is in con-
trast to the SVM-Fold. More specifically, for the test
dataset 1 the SVM-Fold obtains 100% accuracy for ten
folds and 0% accuracy for another ten folds, while the

Table 3 Comparison of the quality of predictions generated with iFC?-FT, PFRES and with two recent web-servers for prediction of fold types,

PFP-FunDSeqE and SVM-Fold

Folds Test dataset 1 (40% identity) Test dataset 2 (25% identity)
PFRES iFC%-FT PFP-FunDSeqE SVM-Fold PFRES iFC%-FT PFP-FunDSeqE SVM-Fold

a.l 83.33 66.67 100.00 100.00 100.00 100.00 100.00 100.00
a3 100.00 100.00 40.00 0.00 100.00 100.00 40.00 0.00
a4 75.86 80.00 51.72 100.00 66.67 72.22 47.62 100.00
a.24 23.08 25.00 23.08 100.00 18.18 20.00 18.18 100.00
a.26 100.00 100.00 100.00 0.00 100.00 100.00 100.00 0.00
a.39 77.78 87.50 66.67 88.89 7143 83.33 57.14 85.71
b.1 91.67 94.64 75.00 96.67 91.67 93.33 72.92 95.83
b.6 60.00 66.67 70.00 100.00 50.00 57.14 62.50 100.00
b.121 66.67 100.00 33.33 100.00 80.00 100.00 40.00 100.00
b.29 60.00 60.00 30.00 0.00 50.00 50.00 25.00 0.00
b.34 53.85 66.67 23.08 100.00 42.86 75.00 14.29 100.00
b.40 45.00 50.00 30.00 95.00 50.00 50.00 37.50 93.75
b.42 55.56 55.56 44.44 100.00 42.86 42.86 28.57 100.00
b.47 25.00 33.33 25.00 0.00 33.33 50.00 0.00 0.00
b.60 100.00 100.00 50.00 0.00 100.00 100.00 50.00 0.00
c.1 89.71 92.42 76.47 97.06 90.00 93.75 74.00 100.00
c.3 58.33 58.33 66.67 0.00 54.55 54.55 63.64 0.00
c.23 40.00 50.00 35.00 100.00 35.71 50.00 28.57 100.00
c.2 46.15 52.17 73.08 0.00 42.86 50.00 66.67 0.00
c.37 46.15 54.55 53.85 0.00 45.00 52.94 50.00 0.00
c.47 68.75 62.50 68.75 100.00 66.67 57.14 66.67 100.00
c.55 14.29 0.00 0.00 85.71 14.29 0.00 0.00 85.71
c.69 53.85 63.64 0.00 0.00 45.45 55.56 0.00 0.00
c.93 100.00 100.00 100.00 0.00 100.00 100.00 100.00 0.00
d.15 30.00 28.57 10.00 100.00 28.57 25.00 0.00 100.00
d.58 61.29 65.52 29.03 90.32 60.00 65.22 28.00 88.00
Overall 65.73 71.79 53.38 73.89 63.36 69.63 49.85 72.07
Average per fold 62.55 65.91 49.05 59.76 60.87 65.31 45.23 60.04
Coverage 100 81.8 100 100 100 81.1 100 100

We report the coverage and accuracy (the definitions are given in Table 2). The overall accuracy refers to the accuracy for the entire dataset and
the average per fold accuracy corresponds to the average of the accuracies for the individual folds
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iFC%-FT achieves 100% accuracy for five folds and 0%
accuracy for only one fold. As a result, the average accu-
racy per fold for the iFC*-FT equals 65.9%, which is 6%
higher than the average accuracy per fold for the SVM-
Fold. Table 3 shows that the accuracies of the four indi-
vidual prediction methods are about 2—4% lower on the test
dataset 2 when compared with the test dataset 1, but the
overall conclusions concerning differences between the
methods are consistent for both dataset.

Comparison with leading 3D-structure predictors
on prediction of secondary structure content

The three top-performing 3D-structure prediction methods
in the CASP8 competition, Zhang-Server (Zhang 2007),
RAPTOR (Xu et al. 2003) and Pro-sp3-TASSER (Zhou
et al. 2007), are compared against the iFC>-SSC server in
the context of the secondary structure content prediction
(see Table 4). The 3D-structures predicted by the three
methods were processed using DSSP program and the
secondary structure contents were calculated from the
assigned secondary structure. For the iFC%-SSC predictions,
the coil content is computed as 1 — (strand_content +
helix_content), and is rounded to zero if negative. For the
test dataset 3 (all CASPS8 sequences), the iFC2-SSC obtains
the lowest MAE for the strand content and second lowest
MAE for the coil content. Overall the iFC?-SSC is sur-
passed only by the Zhang-Server and provides competitive
predictions when compared with the Pro-sp3-TASSER and
RAPTOR. For the test dataset 4 (new folds in CASPS8) our
server obtains the lowest MAE for the strand and coil
contents. The MAEs of the iFC2-SSC predictions are sim-
ilar for both datasets, while the 3D-structure predictors
produce lower quality models for the template-free
sequences. The larger improvements obtained for the new
folds could be explained by the fact that the iFC? server is
independent of the availability of structural templates.
These results suggest that the strand and coil contents pre-
dicted by iFC*-SSC could be useful for the refinement of the

Table 4 Comparison of the quality of the secondary structure content
predictions generated with the iFC® server and the leading 3D
structure prediction methods

Methods MAE on test dataset 3 MAE on test dataset 4
Helix Strand Coil Helix Strand Coil
PSSC-core 0.105 0.098 0.107 0.108 0.124 0.115
iFC%-SSC 0.088 0.061 0.075 0.073 0.062 0.065
Zhang-Server 0.043 0.066 0.074 0.042 0.166 0.136
Pro-sp3-TASSER 0.053 0.086 0.125 0.080 0.162 0.194
RAPTOR 0.104 0.100 0.108 0.064 0.147 0.149

@ Springer

3D-structure predictions of modern 3D-structure predictors
for the template-free modeling.

Conclusions

The iFC? server integrates three related modern predictors of
the sequence-level descriptors that include SCEC for the
structural class, PFRES for the fold type, and PSSC-core for
the secondary structure content. The server is fully auto-
mated and requires only the FASTA formatted sequences as
the input. It includes classification and prediction models
that improve content predictions, when compared with the
PSSC-core, and provides useful annotations for the pre-
dicted class and fold. The structural class and fold type
predictions generated by the server are shown to be com-
petitive when compared with relevant recent web-servers on
datasets with low sequence identity. The content values
predicted by the iFC? server are also shown to be competitive
or better with the content extracted from the predictions of
the state-of-the-art tertiary protein structure predictors. Our
server provides higher quality predictions for the strand
content although these structures are more difficult to predict
than helices and coils due to the underlying non-local, with
respect to the sequence, interactions involved in their for-
mation. The strand and coil contents predicted by iFC? could
be useful for the refinement of the tertiary structure predic-
tions for the template-free modeling.
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