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Abstract Enzymes play pivotal roles in most of the
biological reaction. The catalytic residues of an enzyme are
defined as the amino acids which are directly involved in
chemical catalysis; the knowledge of these residues is
important for understanding enzyme function. Given an
enzyme, which residues are the catalytic sites, and which
residues are not? This is the first important problem for in-
depth understanding the catalytic mechanism and drug
development. With the explosive of protein sequences
generated during the post-genomic era, it is highly desir-
able for both basic research and drug design to develop fast
and reliable method for identifying the catalytic sites of
enzymes according to their sequences. To address this
problem, we proposed a new predictor, called iCataly-
PseAAC. In the prediction system, the peptide sample was
formulated with sequence evolution information via grey
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system model GM(2,1). It was observed by the rigorous
jackknife test and independent dataset test that iCataly-
PseAAC was superior to exist predictions though its only
use sequence information. As a user-friendly web server,
iCataly-PseAAC is freely accessible at http://www.jci-
bioinfo.cn/iCataly-Pse AAC. A step-by-step guide has been
provided on how to use the web server to get the desired
results for the convenience of most experimental scientists.

Keywords Catalytic active sites - Pseudo amino acid
composition - Grey system model - Web server - iCataly-
PseAAC

Introduction

Enzyme has been attracting the interests of most experi-
mental scientists because that enzyme is one of the most
important biological catalysts. The catalytic residues of an
enzyme are defined as the amino acids which are directly
involved in chemical catalysis reaction. The knowledge of
these residues would be very helpful to understand enzyme
function because they are closely related to the function of
the enzyme as well as its specificity and molecular mech-
anisms. The catalytic residues are more conserved than
other residues during evolution (Dou et al. 2011). Various
biochemical experiments can identify the catalytic active
sites. The results from experimental methods have not only
provided reliable catalytic sites but also indicated that the
catalytic sites were closely correlated with the local
downstream and upstream residues from the catalytic sites
of their center, respectively. Unfortunately, even if the
number of local residues was limited at £ = 10, 11, or 12
for both downstream and upstream, it is by no means easy
to determine all the catalytic sites. This is because the
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number of possible peptide sequence N thus formed from
20 amino acids runs into

1.0486 x 10%°, ¢=10
41943 x 108, ¢=11
1.6777 x 313!, =12

N — 2025 — 1025 log(20) —

(1)

which is an astronomical figure for any of the above three
cases! This would be exhausting to purely utilize the
experimental approaches to determine the large-scale cat-
alytic sites. With the explosive of protein sequences gen-
erated during the post-genomic era, it is highly desired to
developed computational methods by which one can
identify the catalytic active sites in enzymes.

In fact, during the last decade, many attempts have been
made in this regard. For instance, Bartlett et al. derived the
specific criteria to define a catalytic residue, and used to
build an enzyme catalytic residue dataset (2002). Protein
Data Bank (PDB) also provides the catalytic sites annota-
tion for enzymes (Berman et al. 2002; Berman et al. 2000).
The sequence information (Dou et al. 2011; Ota et al. 2003;
Zhang et al. 2008; Dou et al. 2010; Chea and Livesay 2007;
Fischer et al. 2008)and the structure information (Bartlett
et al. 2002; Torrance et al. 2005; Zvelebil and Sternberg
1988) have been used in predicting catalytic sites, respec-
tively, or together. Chien et al. developed a structure-based
method based on residue side chain orientations and
backbone flexibility of enzyme structure (2012). The con-
tribution of structure information is usually less than that of
sequence information in existing methods (Chien and
Huang 2013). The feature selection methods also have been
used to predict catalytic sites (Gao et al. 2013). Besides, the
prediction engine or classification algorithm is also a key
for prediction accuracy of predictor, the most common
algorithms are K-nearest neighbor rule, neural work
methods, and Support Vector Machine (Tong et al. 2008;
Gutteridge et al. 2003). Although the above-mentioned
approaches have its own virtue and played an important
role in provoking the development in this area, they all
need improvement from one or more of the following
aspects: (i)The benchmark dataset used by the previous
investigators needs to be updated by incorporating some
new and experiment-confirmed data, or improved by
removing redundancy and duplicate sequences; (ii) Further
enhancing the prediction quality by introducing the state-
of-the-art machine learning techniques; (iii) Making the
formulation of all the statistical samples purely based on
the sequence information alone because some of the
existing methods needed the structural information that
was not always available and hence would unavoidably
suffer from some limitation; (iv) Establishing user-friendly
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and freely accessible web server to improve the service
efficiency of the predictor.

The present study was initiated with an attempt to
develop a new predictor for identifying enzyme catalytic
sites by focusing on the above-mentioned four aspects.

According to a view (Xiao et al. 2012), to establish an
efficient statistical predictor, we need to adopt the fol-
lowing procedures: (1) construct a valid benchmark data-
set; (2) set an effective mathematical expression to
formulate the statistical samples; (3) a powerful algorithm
(or engine) to operate the prediction; (4) properly perform
jackknife test to objectively evaluate the anticipated
accuracy of the predictor. Below, let us describe how to
realize these procedures one by one.

Materials and Methods
Benchmark Dataset

In order to develop a statistical predictor, it is fundamen-
tally important to establish a reliable and stringent bench-
mark dataset to train and test the predictor. If the
benchmark dataset contains some errors, the predictor
trained by it must be unreliable and the accuracy tested by
it would be completely meaningless.

In this study, the all active site information of bench-
mark dataset ware derived from the Catalytic Site Atlas
(CSA) (version 2.2.12) (Porter et al. 2004), we also
download the complete protein sequences which contain-
ing these active sites from the website http://www.uniprot.
org/ UniProt (2007). In order to construct a valid bench-
mark dataset, the protein sequences with less than 50
amino acid residues were removed because they may be
just fragments (Xiao et al. 2011), sequences are composed
of non-standard amino acids are also removed. To avoid
any homology bias, a redundancy cutoff was imposed
using the program CD-Hit (Fu et al. 2012) to winnow those
sequences which have >40 % pairwise sequence identity
to any other in the dataset.

According to Chou’s peptide formulation that was used
for studying other sites (Chou 1996, 2001), a peptide with
catalytic sites located at its center (Fig. 1) can be expressed
as

P(R) =R_:R_ (s 1) -RoR_{RRy{Ria - Ro(c_ Ry,
(2)

where the subscript ¢ is an integer (cf. Eq. 1), Rz repre-
sents the &-th downstream amino acid residue from the
center, R the ¢-th upstream amino acid residue, and so
forth (Fig. 1).


http://www.uniprot.org/
http://www.uniprot.org/

X. Xiao et al.: iCataly-PseAAC: Identification of Enzymes Catalytic Sites Using Sequence Evolution... 1035

Fig. 1 An illustration to show
scheme for a peptide of (26+1)
residues with catalytic site at the
center

\

The ((2¢ + 1)-tuple) peptides P:(R) can be further
classified into the following categories:

Pw < { 1 (5).

<

if its center is a methylation site
otherwise

(3)
where € represents “a member of” in the set theory.

It is need to separate a benchmark dataset into training
dataset and testing dataset for examining the performance
of prediction method. Thus, the benchmark dataset for the
current study can be formulated as

Sk = Si U Sy
{SK:S,J;USK “)

where Sr is the benchmark dataset for training, Sk the
benchmark dataset for testing, U the symbol for “union” in
set theory, S} contains the samples for the catalytic sites
peptide only, S; the sample for the non-catalytic sites
peptide only, and so forth.

Since the length of the peptide P:(R) is (2 + 1) (cf.
Eq. 2), the benchmark dataset with different values of &
will contain peptides of different numbers of amino acid
residues, as formulated by

19 residues, when & =9
21 residues, when ¢ =10
P; contains the peptides of ¢ 23 residues, when & = 11

(5)

The detailed procedures to construct P: are as follows.
After considering the treatment by the previous investiga-
tors, we chose £ = 10 (cf. Eq. 2) to construct the samples
for the benchmark dataset Sg and Sk. If the downstream or
the upstream in a protein was less than 10, the lacking
residues were complemented by the way of circulation. The
peptide samples thus obtained were subject to a screening
procedure to winnow those that were identical to any other.

Finally, 811 proteins containing 1433 active sites were
obtained. We randomly selected 611 protein chains as
training dataset for Sk and the rest of 200 protein chains as
testing dataset for Sk. For the Sg, which is a total of 1086
positive samples for S}, these peptides are given in Online
Supporting Information S1, and we randomly selected

eeel{®®® \

~=7add

C

3258 without active sites as negative samples for S, which
are given in Online Supporting Information S2. The testing
dataset contains 347 positive samples for Si, which are
given in Online Supporting Information S3 and 1041 ran-
domly selected negative samples for S, which are given in
Online Supporting Information S4.

Sample Representation

To develop a powerful predictor for identifying enzyme
catalytic sites according to the sequence information, one
of the key is to formulate the peptide samples with an
effective mathematical expression that can truly reflect
sequence information. To realize this, the pseudo amino
acid composition (PseAAC) was proposed to avoid com-
pletely losing the sequence-order information, and replace
the simple amino acid composition (AAC) for representing
the sample of a protein (Nakashima et al. 1986; Chou and
Zhang 1994; Schaffer et al. 2001).

The PseAAC of a protein is actually a set of discrete
numbers that is derived from its amino acid sequence; the
PseAAC for a peptide P can be generally formulated as

P:[Wl7q/27"'7qlﬂa"'7¥lﬂ]T7 (6)

where the T is a transpose operator and the subscript Q2 is
an integer and its value as well as the components ¥,
¥,...Wo will depend on how to extract the desired
information from the protein or peptide sequence of P.

In this paper, we incorporated the AAC and protein
sequential evolution information in order to capture as
much useful information from a protein or peptide
sequence as possible.

Amino Acid Composition

Among the discrete models, the simplest one is the AAC
widely used to transform peptide sequences into 20-D
(dimensional) numerical vectors as defined by

Paac=1[fi f fo1', (7)

where f,(u = 1,2,...,20) are the normalized occurrence
frequencies of the 20 native amino acid in peptide
P (Nakashima et al. 1986; Chou and Zhang 1994).
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Grey-PSSM Approach

Sequential evolution information shows the course of
biological species development. Many similarities between
initial and resultant amino acid sequences are gradually
eliminated after a long period of development time, but the
corresponding proteins may share many common attri-
butes. So the sequential evolution information is very
effective for predicting various protein properties, such as
protein function and subcellular location.

To extract the sequential evolution information and use
it to define the components of Eq. 6, as described below.

According to (Schaffer et al. 2001), the sequence evo-
lution information for a peptide with 21 amino acid resi-
dues can be represented by a 21 x 20 matrix as given by

0 0 0

Prow = | "0 M T, ®
0 0 0
m<21>—>1 mgl)—a T mgl)—QO

where ml@ ; represents the original score of amino acid residue
in the i-th (i = 1,2,3,...,21) sequence position of peptide that
is being charged to amino acid type j (j = 1,2,3,...,20) during
the evolution process. Here the numerical codes 1,2,...,20 are
used to denote the native amino acid types according to the
alphabetical order of their single character codes (Chou et al.
2012). The 21 x 20 score in Eq. 8 is gained by PSI-BLAST
(Schaffer et al. 2001) to search the UniPortKB/Swiss-Prot
database (Release 2010_05) through three interactions with
0.001 as the E value cutoff for multiple sequence alignment
against the sequence of the peptide P. In order to make every
element in Eq. 8 within the range of 0-1, a conversion was
performed through the standard sigmoid function to make it

become

(1) (1) (1)

ST S
1 m . m R ce m Z
Pés)sm _ 2. 1 22 2. 20| 9)
{ [ ' 1)
m<21>_>1 m;1L2 T mgl)—QO
where
1
m) = ——— (1<i<21, 1<j<20). (10)
+e i

We can directly extract = 20 elements features from the
Eq. 9, described as

Pessm=[0 & - ¢ by ], (11)
where

1 21 (1) .
e,:ﬁxzkzl m, (j=1,2,---,20). (12)
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Next, let us use the grey model approach to extract more
useful information from Eq. 8 to define some additional
components in Eq. 6. The grey model is particularly useful
for solving complicated problems that lack sufficient infor-
mation, or need to process uncertain information and to
reduce random effects of acquired data (Deng 1989). In the
grey system theory, an important and generally used model is
called GM (1, 1) (Deng 1989). It is quite effective for
monotonic series, with good simulating effect and small error,
as reflected by the fact that using the GM (1,1) model has
remarkably improved the success rates in predicting protein
structural classes (Xiao et al. 2008). However, if the series
concerned are not monotonic, the simulating effect of the GM
(1,1) model would not be good and its error might be quite
large. To overcome such a shortcoming, we use a different
grey system model called GM (2,1) (Deng 1989), which can
be effectively used to deal with the oscillation series.

The GM (2,1) model can be expressed by the following
2nd-order grey differential equation with three variables

x“)m,(:j) + xl’m,(clj) + xizW (k) = b/

. (13)
(k:27377217]: 1727"'720)7

where
1 1 1
x(Um,((J) = m,(q) — ml(c—)l,i (14)
and
k-1
k) =>"m} +0.5.). (15)
i=1

In Eq. 13, the x{ and xé are the developing coefficients, and

yi the influence coefficient. Actually, x-{ s xé and y’ can be
expressed as the components of a 3D vector given by

x|
x5 | =(B/B) 'BIU; (j=1,2,---,20), (16)
yj
where
i —m(zllj —m(lllj — O.Smgllj 1]
2
—mgllj — ; ml(L)j - O.Smgllj 1
B; =
‘ (17)
L1
1 1 1
—m(Llj — ; ml(lj — O.Sm(Llj 1
and
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1 1
mg—)q - m(1_>>]
(1) (1)

ms_ ., —my_;

U = . . (18)

1 : 1

—J

Therefore, when using the grey-PSSM formulation, we can
extract a length of Q = 3x20 = 60 quantities, given by

PGreypssu = [ P12 Pool”, (19)
where

Wy = wifix]

lll3j,1 :WZfJXé (]: 1,2,,20), (20)

Vi = wafpy’

where fi(j = 1,2,...,20) are the occurrence frequencies of
the 20 different types of amino acids in the peptide sample
concerned, wy, wp and wj are the weight factors that will be
determined by optimizing the performance of predictor.
Finally, we obtained a total of 100 feature elements, of
which 20 are from Paac, 20 from Ppssy and 60 from
Pgreypssm- Thus according to the general formulation of
PseAAC in Eq. 6, a peptide sample can be formulated as a
100-D vector given by

P=[Y", P, Y100 ]T7 (21)

where ¥,%,...,¥5 are the same as those in Eq. 7,
l1/21,11122,...,11040 in Eq 11, '{’41,?’42,...,111100 in Eq 19.

Operation Engine

The K-nearest neighbor algorithm (Wang et al. 2011) is one
of the powerful methods for performing nonparametric clas-
sification. According to the K-NN rule, given a sample which
was unknown the labels, its labels are assigned according to
the labels of its K-nearest neighbors in the training sample.

Fuzzy K-NN classifier is a special variation of the K-NN
classification family. Suppose {P;, Py, ---, Py} is a set of
vectors representing N proteins fragment in the training
dataset which has been classified into two classes:
{C1, C2}, where Cjrepresents the catalytic sites, and C,
represents not-catalytic sites. Thus, for a query protein P,
its fuzzy membership value for the i-th class is given by

SK w(py(p,py)Hm = 1)
K d(p, )~ = 1)

w(p) = (22)

where K is the number of the nearest neighbors counted,
ui(P))is the fuzzy membership value of the peptide P; to the i-th
class, d(P,P)) is the distance between the query peptide sample
P and its j-th nearest peptide sample P; in the training dataset;
and m (>1) is the fuzzy coefficient for determine how heavily
the distance is weighted when calculating each nearest
neighbor’s contribution to the membership value. There vari-
ous metrics can be chosen as d(P,P;), for example Hamming
distance, Euclidean distance, and Mahalanobis distance (Chou
1995; Chou and Zhang 1995). In this paper, the Euclidean
metric was used. The values of m and K will be mentioned later.
After calculating all the memberships for a query peptide, it is
assigned to the class with which it has the highest membership
value, i.e., the predicted class for the query peptide P should be

Ay = argmax{jy(P)}. (23)

where u is the argument of i that maximizes p;(P).

To provide an intuitive picture, a flowchart is provided
in Fig. 2 to illustrate the prediction process of iCataly-
PseAAC.

Evaluation of Prediction Performance
In literature, the following four metrics are often used for

examining the performance quality of a predictor (Chen
et al. 2013; Xu et al. 2013)

N*
N
szl—N—f, 0<Sp<i1
acc—1_N-tN 0<ACC<1
~ Nt4N B (24)
{ Nj+N;
Nt N-
MCC = , o<Mcc<l
1+N;—Ni 1+Ni—N;
N+ N-
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where N is the total number of the catalytic sites peptides
investigated, while N* the number of the peptides incor-
rectly predicted as the non-catalytic sites peptides; N~ the
total number of the non-catalytic sites investigated, while
N7 the number of the non-catalytic sites incorrectly pre-
dicted as the catalytic sites peptides; Sn, the sensitivity; Sp,
the specificity; Acc, the accuracy; and MCC, the Mathew’s
correlation coefficient.

Now, it is crystal clear from Eq. 24 that when N* =0
meaning none of the catalytic sites peptides were incor-
rectly predicted to be a non-catalytic sites peptide, we have
the sensitivity Sn = 1. When N* = N* meaning that all
the catalytic sites peptides were incorrectly predicted to be
the non-catalytic sites peptide, we have the sensitivity
Sn = 0. Likewise, when NT meaning none of the non-
catalytic sites peptides were incorrectly predicted as the
catalytic sites peptide, we have the specificity Sp = 1;
whereas N = N~ meaning all the non-catalytic sites
peptides were incorrectly predicted as the catalytic sites
peptides, we have the specificity Sp = 0. When N* =
NI = 0 meaning that all the none of catalytic sites peptides
in the positive dataset and none of the non-catalytic sites
peptides in the negative dataset were incorrectly predicted,
we have the overall accuracy ACC = 1 and MCC = 1;
when N* = N* and N = N~ meaning that all the cat-
alytic sites peptides in the positive dataset and all the non-
catalytic sites peptides in the negative dataset were incor-
rectly predicted, we have the overall accuracy ACC =0
and MCC = —1; whereas when N* =N*/2 and N, =
N~/2 we have ACC = 0.5 and MCC = 0 meaning to
better than random prediction. As we can see from the
above discussion based on Eq. 24, the meanings of sensi-
tivity, specificity, overall accuracy, and Mathew’s corre-
lation coefficient have become much more intuitive and
easier to understand.

Web Server and User Guide

For the convenience of the vast majority of biological
scientists, here let us provide a step-by-step guide to show
how the users can easily get the desired result by means of
the web server for iCataly-PseAAC without following the
complicated mathematical equations presented in this
paper for the process of developing the predictor and its
integrity.

Step 1. Open the web server at the site http://www.jci-
bioinfo.cn/iCataly-PseAAC and you will see the
top page of the predictor on your computer
screen, as shown in Fig. 3. Click on the Read Me
button to see a brief introduction about iCataly-

PseAAC predictor and the caveat when using it.

@ Springer

| Catalytic Site Database |

web server

Fig. 2 A flowchart was provided to show the process of prediction

Step 2. Either type or copy/paste the query pairs into the
input box at the center of Fig. 3. The input should
be in FASTA format. Examples for the query
pairs input and the corresponding output can be
seen by clicking on the Example button right
above the input box.

Click on the Submit button to see the predicted
result. For example, if you use the query amino
acids sequences in the Example window as the
input, you will see on your screen that the status
of your job. When the job was done, the result
will be displayed in the page.

Click on the Citation button to find the relevant
paper that documents the detailed development
and algorithm of iCataly-PseAAC.

Click on the Data button to download the
benchmark dataset used to train and test the
iCataly-PseAAC predictor.

Step 3.

Step 4.

Step 5.

Results and Discussion

The following three methods are often used in literatures:
independent dataset test, subsampling (cross validation)
test, and jackknife test (Chou 2005). However, as elu-
cidated by a comprehensive review (Chou 2011), among
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Fig. 3 A semiscreenshot to
show the top page of iCataly-
PseAAC

iCataly-PseAAC: Identification of enzymes catalytic sites using
sequence evolution information with grey model GM (2,1)
| Read Me | Supporting Information | Citation |

Enter the sequence of query proteins in FASTA format (Example): the number of
protein sequences is limited at 100 or less for each submission.

[ Submit ] [ Cancel ]

Enter your e-mail address and upload the batch input file (Batch-example). The
predicted result will be sent to you by e-mail once completed; it usually takes 1
minute for each protein sequence.

Upload file: | |[ Browse... ]

Your Email: | |
[Batch Submit ] [ Cancel ]

Contéct@idzxiaoxuan@ 163.com

the three methods, the jackknife test was deemed the
least arbitrary and most objective because it could always
yield a unique result for a given benchmark dataset, and
hence has been increasingly used and widely recognized
by investigators to examine the accuracy of various
predictor. Therefore, in this study, we also adopt the
jackknife test to examine the predictor quality of the
iCataly-PseAAC predictor.

The jackknife test rate achieved by iCataly-PseAAC for
the catalytic sites system is given in Table 1, respectively.
The value of m and K used in Eq. 22 was determined by
optimizing the overall jackknife success rate through 2D
research. The result was obtained in Fig. 4, from which we
obtain when m = 1.21 and k = 10 the predictor reaches its
optimized status.

To further demonstrate its power, we also used a
Receiver Operating Characteristic (ROC) curve (Fawcett
2004; Davis and Goadrich 2006), which plots the true

1.0

Fig. 4 The 3D graph to show the success rate by jackknife test were
different value of m and K in the FKNN. The results were obtained

positive rate as function of the false positive rate for all
possible thresholds. Furthermore, the overall performance
of iCataly-PseAAC can also be quantified by the corre-
sponding area under the ROC curve (AUC). Generally, the
closer the AUC value is to 1, the better the performance is.

for the independent testing prediction

As we can see from Table 1, the accuracy achieved by
iCataly-PseAAC for the catalytic sites system was 87.52 %
in training dataset. Meanwhile, we can see that the

Table 1 The jackknifing

a
success rates were obtained in Dataset ACC™ (%) Sn (%) Sp (%) AUC (%) MCC (%)
identifying the catalytic sites Training dataset 87.52 81.26 89.09 89.63 65.02
Testing dataset 83.07 75.00 85.00 82.45 52.26

Sn sensitivity, Sp specificity

# The parameters used: m = 1.21 and k = 10 in FKNN operation engine
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ROC Curves
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Fig. 5 The ROC curves of iCataly-PseAAC

Table 2 Comparison of iCataly-PseAAC with the existing predictor
by the four dataset from (Petrova and Wu 2006; Youn et al. 2007)

Predictor Acc (%)

PW79° EF fold® EF superfamily® EF family®
CRpred* 83.84  85.21 84.58 86.60
EXIA® 8554 8568  85.71 83.57
iCataly- 88.44  89.56 87.01 87.45

PseAAC

? From (Zhang et al. 2008)
® From (Chien and Huang 2012)
¢ From (Petrova and Wu 2006; Youn et al. 2007)
corresponding MCC (cf. Eq.22) were 65.02 %,

(Sn = 81.26 %, Sp = 89.09 %). Furthermore, the ROC
curve of value of AUC was 89.63 %. The result is given in
Fig. 5. For the testing dataset, the result of the accuracy is
83.07 % and the corresponding MCC (cf. Eq. 22) were
52.26 %, (Sn = 75.00 %, Sp = 85.00 %) and the ROC
curve of value AUC was 82.45 %.

To further approve its power, let’s compare iCataly-
PseAAC with the existing predictor in this area. Predictor
CRpred (Zhang et al. 2008) is based on sequence predictor,
method EXIA (Chien and Huang 2012) is based on the
residue side chain structure and sequence conservation
method. Because our predictor is only one with a publicly
accessible web server, the best way to compare them is
though practical application. To realize this, let us con-
struct a set range of multiple benchmark datasets. The
datasets included the PW of 79 enzymes selected by

@ Springer

(Petrova and Wu 2006) and three benchmark datasets with
varying homology level including EF fold, EF family, and
EF superfamily (Youn et al. 2007).

Listed in Table 2 are the prediction results of iCataly-
PseAAC, CRpred, and EXIA on four datasets. As can be
seen from Table 2, the accuracy achieved by iCataly-
PseAAC was remarkably higher than those by its coun-
terparts on the four independent datasets. These results
have clearly indicated that iCataly-Pse AAC is superior to
its counterparts in predicting the catalytic site and our
predictor can be used online for the convenience of the vast
majority of biological scientists.

Conclusion

To acquire the information of the catalytic sites in
enzymes is important for in-depth study of enzymes
function and for developing a new drug. Our iCataly-
PseAAC predictor may become a very useful high
throughput tool in this regard. To promote the biological
community, a web server of iCataly-PseAAC was con-
structed, which can be freely accessible at http://www jci-
bioinfo.cn/iCataly-PseAAC.
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