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Abstract — Protein-Protein Interaction (PPI) networks are important as they provide clues about the
functions of individual proteins as well as enable system level analyses of cellular processes. Predicting hub
proteins, the highly connected proteins in PPI networks, is a challenging computational problem. This
paper proposes a method for predicting hub proteins from sequence information with 76% accuracy, 84%
sensitivity and 71% specificity. In this method, a biodiversity measure, Shannon Index, is used along with an
amino acid attribute Transfer Free Energy to Surface (TFES) to distinguish hub proteins from non-hub
proteins. Also an analysis of disorderliness in hub proteins revealed that some amino acids have higher

composition in hub than in non-hub.
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Introduction

In Bioinformatics, one of the important data set is
protein. They are the work horse of life whose
importance can be understood from the following
sentence:” Right time, Right place and Right
quantity of protein production makes one
healthy”. Proteins are available in the form of
character sequences these sequences contain
many hidden attributes, revealing of which is one
of the problems in Bioinformatics and is a major
research area.  Protein-Protein Interactions
(PPI) are essential to most biological process and
can aid significantly in identifying the function of
new discovered proteins [1-3]. Both experimental
methods and computational tools for identifying
PPl pairs have given rise to huge amounts of
data. Some such sources of data are BioGRID,
DIP etc. Studies have revealed that abnormal
interactions may have implications in a number of
neurological syndromes [4], which again ratifies
the importance of PPLPPI are visualized in the
form of a network (map) where each node
represents a protein and each link represents an
interaction between a pair of proteins (see Fig 1).
One of the attributes that can be associated with
a node of a network is its degree of connectivity
(k), which gives the number of links connected
with a node.

Fig. 1 A hypothetical protein-protein interaction network
(5]

A notable feature of the PPl networks is their
property of power-law and scale-freeness [6-8].
According to this model the probability of
connecting to a new node in the network is
proportional to the degree of connectivity of the
existing node [6]. Thus a highly connected node
has more chance of attracting a new node and
thereby increasing its degree of connectivity.
Such highly connected nodes are known as hubs
and they are few in number in a power-law
distribution. In other words, hubs are ubiquitous
network elements with high connectivity [6].
Since PPl network follows a power-law
distribution, as the studies have revealed, it
follows that there are some proteins (nodes) with
have high degree of connectivity than other
proteins of the network. A protein (node) in a PPI
network can be classified as a hub or as a non-
hub based on the extent of connectivity [6]. Hub
proteins are three times more essential than the
non-hub proteins and they play an important role
both evolutionary and physiologically [7, 9].
Hence they may constitute an important pool of
attractive drug targets. They have a major place
not only in information management within a
network but also as regulatory molecules [6, 10].
Hence, the computational identification of hub
proteins is one of the current topics in
Bioinformatics. General techniques of PPI
network maybe classified as experimental and
computational. The experimental (large-scale
proteomic experiment) techniques though they
have vast coverage and sensitivity, do not give
much information about the interacting residues.
Computational analysis of PPI network is based
on various attributes like gene proximity, gene
fusion events, phylogenic profiling, identification
of interacting protein domains and text mining
techniques. Each of these approaches has its
own strengths and weaknesses especially with
regard to sensitivity and specificity. All the
computational prediction of PPI techniques has
focused on the identification of pair wise protein-
protein interactions with varying degrees of
accuracy. But none of them explicitly focuses on
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predicting hub proteins. The proposed method
gives attention to prediction of hub proteins, the
proteins with very high connectivity, from the
amino acid sequences. The classical point of
view on protein function claims that the
functionality of a protein requires the presence of
a well-defined three-dimensional structure [11].
But experimental evidence have pointed out that
there is a large number of proteins that do not
require a stable structure even under
physiological conditions in order to fulfill their
biological role [11-15]. Such proteins are known
as intrinsically disordered proteins (IDP) or
intrinsically unstructured proteins (IUP). It has
been recently suggested that IDP play an
important role in PPl [12, 14, 16]. Literature
review has revealed that intrinsic structural
disorder is a distinctive and common
characteristic of eukaryotic hub proteins, and that
disorder may serve as a determinant of protein
interactivity [16]. Recent evidence points to the
preponderance of structural disorderliness in hub
proteins compared with non-hub proteins [6, 16,
17]. In this paper a method is described to predict
hub proteins from its sequence information. The
proposed method when applied on a set of
proteins of rat was found to have accuracy,
sensitivity and specificity of around 76%. One
more work done on this paper is an analysis of
disorderliness in hub proteins. Literature review
has revealed that for a disordered protein its
amino acid (AA) composition is different from that
of the normal proteins. This analysis revealed
that amino acids C and P have lower composition
in hub than in non-hub.

Data

The data used for this method is chosen from
APID [17] database that contains details about
co-interacting proteins (proteins that have
physical interaction). APID (Agile Protein
Interaction Data Analyzer) is an interactive tool
that allows exploration and analysis of main
currently known information about PPI.. It
provides an open access frame where all known
experimentally validated protein-protein
interactions from various data bases like BIND,
BioGRID, DIP, HPRD, IntAct etc are unified in a
uniqgue web application that allows an agile
exploration of the interactome network and
includes certain calculated parameters that
weight the reliability of a given interaction like
degree of connectivity, cluster coefficient etc [17].
In this paper the attribute degree of connectivity
(k) that provides number of interactions of each
proteins is used for obtianing characterisitics of
hubness of proteins. The dat set was obianed by
searching for protiens of ‘rat’ from this data base.
Such a search was made since it is well known
that generally for all clinical experiments rats are
used initially, the success of which leads the
researchers to do experiment on humans. The

search result yeilded 4760 proteins ID’s from
various organisms like Human, Yeast, Rat, Ecoli
etc. These ID’s were downloaded and the
correponding protein sequences were obatined
from PDB (Protein Data Bank). All of the 4760
proteins, with connectivity ranging from 1 to 315
were selected from this database. Of the 4760
data it was possible to get sequence of 4753
only. Currently there is no consensus on exactly
how many interactions a hub protein should have
[9]. In this paper a protein is considered to be a
hub if the number of interactions is at least four
as per the convention followed in [8]. All of the
4753 data were split into two sets depending on
its connectivity as 1630 hub and 3123 non-
hub.The attributes of the data used in the
proposed method are given in Table |. The first
row of the table gives information about number
of proteins in the test data set of hub, train data
set of hub, test data set of non-hub, train data set
of non-hub and total number of proteins in the
data set. The second row specifies the number of
interactions in each of the four data sets and the
total number of interactions. The third, fourth and
fifth row gives the information about the
minimum, maximum and average degree of
connectivity (Min k, Max k, and Avg k) of proteins
in the four data sets - test data set of hub, train
data set of hub, test data set of non-hub, train
data set of non-hub. From the last row, average
connectivity, it can be seen that train and test set
have similar attributes in terms of connectivity.
Another attempt that is made in this paper is the
analysis of disorderliness in these proteins.
Literature review revealed that disordered
proteins have a specific amino acid composition
that does not allow the formulation of a stable
well-defined structure [19, 20]. Composition of
amino acid of globular proteins which have a
stable well-defined structure is given in [11] (see
table 1) and is used for analysis of disorder in the
data set.

Method

It is widely known that many of the revelations in
the genomic data emerged from sequence
information [21-26]. The method proposed in this
paper, to predict hub proteins, takes as input the
sequence information of proteins. In this method
a biodiversity measure Shannon index (Shannon-
Wiener index) [27] is used to reveal the
characteristics of hubness of a protein. Shannon
index is considered as an important tool in
information theory and statistical Physics and is
well known as ‘sequence information extractor’
[28, 29]. This index gives a measure of relative
diversity among organisms present in different
ecosystems. It may be viewed as a measure of
average degree of “uncertainty” in predicting to
what extent an element may belong to a given
set. The Shannon index technique has been
adopted here to map each protein sequence to a
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numerical value which is used as an index
measure of that sequence. A few examples are
given below to illustrate how the index is obtained
from a sequence of characters.

Consider a sequence ‘abcdef’ of length 6 made
up of different characters. Then Shannon index
for this sequence is: (6*log 6- (1*log
1+1*log1+1*log1+ 1*log1+1* log1+1 *log1)) / 6.
Consider a sequence ‘aabbcc’ of length 6 made
up of 3 different characters. Then Shannon index
for this sequence is (6*log 6-(2*log
2+2*log2+2*log2)) / 6. To generalize, assume
that a sequence S is made up of alphabets a1,
a2, .... with frequency c1, c2, ..... and the total
length of S is n. Then Shannon index
corresponding to this sequence is given by:

Shannon index of S =
(flog(n) * ny—(c1 *logcl) +c2 *logic2) + ... N/ (el +c2+........)

Obviously, the value of this index measure
depends on the frequency of each amino acid in
a protein sequence. It will range from 0 (the worst
case when the sequence is made up of only one
alphabet) to logarithm of the length of the
sequence (the best case when the sequence is
made up of all different characters). From the
formula it follows that Shannon index depends on
the sequence information and so it can be
considered as an attribute of the sequence. In the
proposed method this index measure is used to
predict if that protein can belong to a particular
set or not. The proposed method is a two stage
process. In the first stage the characteristics of
hub proteins are found from a train set of hub
proteins. Similarly in the case of non-hub proteins
train set also the characteristics were obtained.
For this purpose the hub and non-hub data each
where split into two sets — train and test sets.
Shannon index value was obtained for each of
the protein sequence in the training sets of data.
The average of the respective training set of hub
and non-hub is taken as their characteristic value
which is used for hub prediction. A target protein,
which is to be classified as hub or non-hub, is an
element of the test set. For target protein also the
Shannon index value was computed. The
distance between index value of target protein
and characteristic values of the training set was
chosen as the basis for the target protein to be a
hub or non-hub protein. If target protein is nearer
to that of the hub characteristic value then target
protein was considered as a hub other wise as a
non-hub. When this characteristic alone was
used for prediction, the accuracy obtained was
43% only. Hence it was necessary to find some
additional characteristics for prediction. For this
purpose, a few of the attributes of amino acids in
the AAindex database [30] were selected and
computational experiments were conducted.
Among them the attribute Transfer Free Energy
to Surface (TFES) was found to be able to
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increase the percentage of prediction. A
classification of TFES using k-means clustering
tool provided in C-REx [31] is given in Table IlI
which was used in the proposed method. The
training sequences were subjected to this
classification and then, on the new sequence so
obtained Shannon index was calculated. The
average of this measure of all hub and non-hub
training set gave rise to another characteristic of
hub proteins. When TFES was used for hub
prediction the accuracy was found to be 52%
only. But when a combination of Shannon’s Index
and TFES was used, it was found to be a better
predictor and the accuracy obtained was 76%.
The combination condition used for a target
protein to be a hub protein was to check the
nearness of the target protein with the two
characteristic values obtained as described
above. All data from the test set were subjected
to this process and the number of correctly
predicted hub and non-hub proteins is provided in
Table IV. The accuracy, sensitivity and specificity
of the proposed method on the data set is given
in table V. The proposed method was applied on
the whole data set obtained on searching for ‘rat’
in the database APID. The sensitivity obtained
was 84% where as specificity was 71%. The low
specificity may be due to the failure of the training
data set to give an exact characterization. The
accuracy of the proposed method is 76%. The
proposed method was also applied on the data
set of hub classifier, obtained from literature
survey [9], which is a large set of data consisting
of 21108 sequences from eukaryotes and
prokaryotes. It was found to yield a sensitivity of
74%, specificity of 81% and an accuracy of 80%.
The proposed method’s sensitivity is far greater
than what is stated in the literature which is only
34.41% where as the accuracy and sensitivity are
less in the proposed method than what is stated
in the literature which are 84.96% and 90.27%
respectively. It follows that the proposed method
can be considered as a better procedure for
prediction of hub proteins.Table V also gives the
sensitivity, specificity and accuracy obtained
when experiment was conducted using the two
different procedures individually and not as a
combination, on both the set of data, data from
APID and that from literature. It is very much
evident from Table V that one characteristic
alone is not sufficient for predicting the hub
proteins where as a combination of both
characteristics yields a higher percentage of
prediction. From the results it can be seen that
hub classification using proposed method is more
suitable for predicting hub proteins. A plot of the
data set when subjected to the proposed method
is given in Figure 1. There are four quadrants in
each figure which correspond to that of non-hub
training, hub training, non--hub test and hub test
data. The x-axis indicates each protein in a set
and y axis indicates the numerical value of a
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protein. The two colors —red and blue- indicate
the values obtained under Shannon index and
TFES procedures mentioned above. The lines
show the average value under each procedure.
The minimum and the average numerical value of
each set are also given in the figure. It can be
seen from Figure 2 that non-hub average of train
and test data are 0.9592 & 0.9334 and that of
hub is 0.9629 & 0.9595. These values also throw
light on the similarity of train and test data sets
chosen.

Train Mon Hub Avg 0.95924 Min 0.6784 Train Hub Avg 0.96291 Min 0.73755

0 100 200 300 400 0 100 200 300 400

Test Non Hub Awg 0.93343 Min 061227

05
0o &0 100 150 200 250 0 100 200 300 400

Fig 2. Plotting of 4 sets of Data from APID

Based on literature evidence that hub proteins
are more disordered than nonhub, an analysis
was conducted on the amino acid (AA)
composition of data set. For analysis purpose
the AA) compositions of the twenty amino acids
were found in each of the protein of the data set.
These values where compared with AA
composition of globular proteins in three different
ways as follows.

Comparison 1:

AA composition of hub / non hub < AA
composition of globular proteins

For each sequence in hub it is checked whether
the AA composition of each amino acid is less
than that of the globular proteins. The same
process is repeated with that of non-hub
sequences. Then the percentage of sequences
which satisfies the required condition is
evaluated. These results are given in table VI.
The first column of the table lists the 20 amino
acids. The second column lists the number of
non-hub proteins sequences (out of 3123) for
which the AA composition is less than that of
globular proteins. For example the percentage of
amino acid ‘a’ in globular protein is 7.67 % as
seen from table Il. Among the 3123 non-hub
proteins 1908 of them have the percentage of
amino acid ‘a’ less that 7.67%. The third column
gives this information in the form of percentage,
1908/3123 = 60.99 %. The fourth and fifth column
gives the same information in the case of hub
proteins. The total hub proteins are 1630. The

last column is the difference between the
percentage values of non-hub and hub satisfying
the required condition. It can be seen from the
table that for non-hub proteins the percentage of
sequences satisfying the given condition is
highest for the amino acid ‘Y’ and lowest for ‘V'.
The same is the case of hub proteins is ‘W’ and
‘V’ respectively.

Considering the last column diff with values >= 2
or <=-2itis seen that

List of AA that is higher in hub when compared
with Non hub—-d, e,i,n, g, s

List of AA that is lower in hub when compared
with Non hub—c, f, p, t, w

Comparison 2:

| AA composition of hub / non hub - AA
composition of globular proteins | < 0.5

In this case for each sequence in hub it is
checked whether the absolute difference of AA
composition of each amino acid and that of the
globular proteins is less than 0.5. The same
process is repeated with that of non-hub
sequences. Then the percentage of sequences
that satisfies the required conditions is evaluated.
These results are given in table VII.

The columns of this table are similar to that of the
previous table. It can be seen from the table that
for both non-hub and hub proteins the
percentage of sequences satisfying the given
condition is highest for the amino acid ‘H’ and
lowest for ‘V'.

Considering the last column diff with values >= 2
or < =-2itis seen that

1. List of AA that is higher in hub when compared
with Non hub - nil

2. List of AA that is lower in hub when compared
with Non hub—-c, m, p, r

Comparison 3:

| AA composition of hub / non hub - AA
composition of globular proteins | < 1.0

In the third case for each sequence in hub it is
checked whether the absolute difference of AA
composition of each amino acid and that of the
globular proteins is less than 1.0. The same
process is repeated with that of non-hub
sequences. Then the percentage of sequences
that satisfies the required condition is evaluated.
These results are given in table VIII. The
columns of this table are similar to that of the
previous table. It can be seen from the table that
for both non-hub and hub proteins the
percentage of sequences satisfying the given
condition is highest for the amino acid ‘H’ and
lowest for ‘V’

Considering the last column diff with values >= 2
or < =-2itis seen that

1. List of AA that is higher in hub when compared
with Non hub -f, k, v,y
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2. List of AA that is lower in hub when compared
with Non hub—-c, e, m,p,q, r, w

In summary the conclusions that can be drawn
from the above three comparisons are given in
Table IX.

Conclusions

For predicting whether a target is a hub protein or
not in a PPl networks, a method is proposed
which gives more than 76% accuracy for data
set. The method was applied to a random set of
data from eukaryotes and prokaryotes, obtained
from literature survey, was also found to have
almost similar accuracy. It was primarily Shannon
index which was used in the proposed method to
map a protein sequence to a numerical value.
This index measure depends on the count of
each amino acid in a protein sequence. To
improve the accuracy of the method, another
characteristic known as Transfer Free Energy
was also used for classification. With a
combination of these two characteristics, the
proposed method could produce an accuracy of
76%, sensitivity of 87% and specificity of 73%
with an exhaustive protein data of ‘rat’. Even on a
data set containing both eukaryotes and
prokaryotes (data from literature [9]) the
proposed method was able to predict with an
accuracy of more than 74%. One of the findings
in [9] was that different organisms have different
hub connectivity threshold. Application of the
proposed method on the various sets of data also
indicates the same. Also the authors are of the
opinion that if the exact hub connectivity
threshold could be found out for each organism,
the accuracy of the proposed method can be
improved tremendously. Literature review failed
to find any method belonging to this category.
Only data set for prediction of Hub was obtained.
That data set was used in the proposed method
gave better sensitivity than that reported in the
literature. Another work reported in on this paper
is the analysis of AA composition in hub and non-
hub proteins by comparing it with the AA
composition of globular proteins. The analysis
revealed that some amino acids have higher
composition in hub than in non-hub. In particular
it is found that the amino acids C and P have
higher composition in non-hub than in hub. This
result may also be incorporated to predict hub
proteins in future works.
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Table |- Attributes of Data Set

Mahalakshmi T. and Achuthsankar S. Nair

TEMS HUB HUB NON NON TOTAL
TEST TRAIN | HUB TEST | HUB TRAIN
No.of.
Proteins 814 816 1558 1565 4753
No. of.
Interactions 12407 12434 2340 2343 29524
Min. k 4 4 1 1 --
Max k 287 315 3 3 --
Avg k 15.24 15.23 1.5 1.5 --
Table II- AA composition in Globular proteins
Sl. No AA AA % in globular protein

1 A 7.67

2 C 2.43

3 D 4.92

4 E 5.43

5 F 3.19

6 G 8.46

7 H 2.00

8 I 6.35

9 K 6.37

10 L 8.22

11 M 1.84

12 N 4.69

13 P 4.89

14 Q 3.86

15 R 3.68

16 S 8.05

17 T 6.35

18 Vv 3.86

19 w 1.76

20 Y 3.86

Amino acid composition of the reference globular protein dataset comprised of all
the amino acids in the longer chains of the ordered complexes dataset. AA denotes
amino acid and F denotes the fraction of the respective amino acid expressed as a
percentage. [doi:10.1371/journal.pcbi.1000376.t001] [11]
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Table IlI- Amino Acid Classification

Group # 1 2

TFES ADQ | RH

NG | CILKMFPSTWYV | E

Table IV- Data Test Sequences Prediction Result

DATA SET
Hub Non Hub
Number of Sequences 814 1558
Correctly Predicted 685 1102
Incorrectly Predicted 129 456
Table V- Result
Sensitivit | Specificity Accuracy
Method DATA SET
y (%) (%) (%)
Proposed Method DATA from APID 84 71 76
Proposed Method Data from hub classifier 74 81 80
Shannon Index DATA from APID 60 35 43
Shannon Index Data from hub classifier 41 54 62
TFES DATA from APID 55 51 53
TFES Data from hub classifier 61 52 52
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Table VI- AA composition less than in Globular proteins

% No. of
% of no. of No. of sequences Difference
No. of sequences .

AA less than globular sequences less sequences less less than in %
orotein in Nonhub tha.n globular than.gllobular globfjlafr (Col.5-
protein in Nonhub | proteinin Hub protein in Col.3)

Hub
(1) 2 3) (4) 5) (6)

A 1908 60.9974 1011 61.9865 0.9891
C 2459 78.6125 1337 81.9742 3.3617
D 1248 39.8977 569 34.8866 -5.0111
E 776 24.8082 325 19.9264 -4.8818
F 1097 35.0703 638 39.1171 4.0468
G 2488 79.5396 1325 81.2385 1.6989
H 1353 43.2545 702 43.0411 -0.2134
I 2491 79.6355 1264 77.4985 -2.137
K 1728 55.243 875 53.6481 -1.5949
L 1071 34.2391 532 32.618 -1.6211
M 868 27.7494 421 25.8124 -1.937
N 2225 71.1317 1061 65.0521 -6.0796
P 1583 50.6074 867 53.1576 2.5502
Q 1536 49.1049 758 46.4746 -2.6303
R 463 14.8018 259 15.8798 1.078
S 1795 57.3849 903 55.3648 -2.0201
T 2536 81.0742 1383 84.7946 3.7204
v 203 6.4898 132 8.0932 1.6034
W 2530 80.8824 1391 85.2851 4.4027
Y 2553 81.6176 1337 81.9742 0.3566
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Table VII- AA composition in test sequence — AA composition in Globular proteins is less than 0.5

|globular -test | |globular -test | |globular -test | |globular - test

protein| <=.5 | protein| <=.5 | protein| <=.5 | protein| <=.5 Difference in %
AA No. of %of no. of No. of % of no. of

(Col.3-Col.5)
sequences of sequences of sequences of sequences of
Nonhub Nonhub Hub Hub

(1) 2 3) (4) (5) (6)
A 485 15.5051 266 16.309 -0.8039
C 740 23.6573 317 19.4359 4.2214
D 826 26.4066 404 24.7701 1.6365
E 501 16.0166 229 14.0405 1.9761
F 914 29.2199 499 30.5947 -1.3748
G 348 11.1253 167 10.2391 0.8862
H 1191 38.0754 618 37.8909 0.1845
I 468 14.9616 274 16.7995 -1.8379
K 507 16.2084 280 17.1674 -0.959
L 461 14.7379 237 14.531 0.2069
M 1137 36.3491 549 33.6603 2.6888
N 684 21.867 383 23.4825 -1.6155
P 665 21.2596 301 18.4549 2.8047
Q 813 25.991 417 25.5671 0.4239
R 450 14.3862 191 11.7106 2.6756
S 449 14.3542 240 14.7149 -0.3607
T 546 17.4552 264 16.1864 1.2688
Vv 243 7.7685 140 8.5837 -0.8152
W 783 25.032 388 23.7891 1.2429
Y 599 19.1496 326 19.9877 -0.8381
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Table VIII-. AA composition in test sequence — AA composition in Globular proteins is less than 1.0

|globular - test |globular - test |globular - test |globular - test
protein| <=1.0 protein| <=1.0 protein| <=1.0 protein| <=1.0 Difference in %
AA No. of %0f no. of
No. of sequences % of no. of (Col.3—Cal.5)
sequences of sequences of of Hub sequences of Hub
Nonhub Nonhub

(1) 2 3) (4) 5) (6)

A 944 30.179 491 30.1042 0.0748
C 1479 47.2826 672 41.2017 6.0809
D 1494 47.7621 749 45.9227 1.8394
E 987 31.5537 482 29.5524 2.0013
F 1628 52.046 904 55.4261 -3.3801
G 699 22.3465 348 21.3366 1.0099
H 2090 66.8159 1114 68.3017 -1.4858

[ 951 30.4028 491 30.1042 0.2986
K 1031 32.9604 585 35.8676 -2.9072
L 941 30.0831 495 30.3495 -0.2664
M 2007 64.1624 996 61.0668 3.0956
N 1372 43.8619 727 445739 -0.712
P 1297 41.4642 584 35.8063 5.6579
Q 1515 48.4335 754 46.2293 2.2042
R 893 28.5486 430 26.3642 2.1844
S 918 29.3478 472 28.9393 0.4085
T 1090 34.8465 551 33.783 1.0635
Vv 502 16.0486 304 18.6389 -2.5903
W 1816 58.0563 895 54.8743 3.182
Y 1194 38.1714 680 41.6922 -3.5208

Table IX- Summary of the result of three comparisons

AA that is higher in Hub when AA that is lower in Hub when
compared with Nonhub compared with Nonhub
No. of Sequences Less than D,E,ILN,Q,S C,F,P,T,W
globular
|globular - test protein | < =.5 C,M,P,R
|globular - test protein | <=1.0 F,K,V,Y C,EEMP,Q R W
Common AA C, P,
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