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Abstract

In this paper a novel dynamic algorithm for predicting protein-protein interaction based on protein sequence
information is proposed. The algorithm consists of two major steps namely feature extraction and classification.
Feature extraction is performed by a new dynamic edit distance based approach and classification is done by using
support vector machine. The proposed algorithm is evaluated in terms of accuracy and efficiency. With a cross
validation accuracy of 87.3%, the proposed algorithm gives better result in terms of accuracy and sensitivity than
most of the existing methods. With the proposed algorithm a competitive running time of O(n’m’) is achieved where

nn is the number of sequences and m is the longest sequence.

Kevwords: Sequence Similarity, Protein-Protein
‘craction, Edit Distance, Support Vector Machine.

Introduction

“rotem-protein interactions are important in almost all
sspects of cellular function, such as signaling pathways,
frotem structure. modeling, immunological recognition,
ONA - replication and  repair, gene translation, enzyme
czaction and mwolecular recognition, -as well as protein
nthesis.  Detecting  interaction between two proteins
crovides functional and structural information and helps in
centifying  pharmacological targets and  guides drug
fesigning. Hence predicting the interaction of proteins has a
areat importance in molecular recognition, Figure 1 shows a
ceneral form of protein-protein interaction.
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Fig. 1: Protein-Protein interaction

Computational methods based on sequence information
employ domain knowledge to predict the protein-protein
interaction. Molecular interactions are typically mediated by
a great variety of interacting domains [1]. Sprinzak er. l.
[2] developed the Association Method (AM) which defines
a simple measure of interaction probability between two
domains as the fraction of interacting protein pairs among
all protein pairs containing the domain pairs. The limitation
¢ this method lies in the possibility to assign high
association scores to domain pairs with low frequency.
Deng er. al. [3] developed the Maximum Likelihood

Estimation (MLE) method which is based on the assumption
that two proteins interact if at least one pair of domains of
the two proteins interact. Huang ef. al. [4] introduced the
Maximum Specificity Set Cover (MSSC). Huang started by
selecting high quality protein interactions based on a
clustering measure and then used MSSC to assign
probabilities to domain pairs. As most of the existing
domain based methods consider only single-domain pairs
and assume independence between domain-domain
interactions, Xue-Wen et al. [5] introduced a domain-based
random forest of decision trees to infer protein interactions.
This method is capable of exploring all possible domain
interactions and making predictions based on all the protein
domains. The tool termed PIPE (Protein-Protein Interaction
Prediction Engine) was developed by Sylvain er. al. |6].
Based on the assumption that some of the interactions
between proteins are mediated by a finite number of short
polypeptide sequences, PIPE is developed. These short
polypeptide sequences are typically shorter than the
classical domains, and are used repeatedly in different
proteins and contexts within the cell.

The methods discussed are based on previously identified
domains and the identification of domain is a long and
computationally expensive process. They are not universal
because their accuracy and reliability is dependent on the
domain information. They often have limited abilities to
detect novel interactions and to differentiate them from false
positives,

In this paper we proposed a predictive method based on
analysis of protein sequence information without knowing
protein domains. The idea is to predict protein-protein
interaction through sequence similarity considering two
protein sequences may interact by the mean of similarity of
substrings they contain. A new dynamic edit distance based
algorithm is proposed for feature generation and then used
support vector machine for classification. Experimental
result suggests that our algorithm outperform cxisting
alzorithms in terr s of accuracy and sensitivity and stand
sceond in terms of specificity.
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2. Proposed Algorithm

The details of the proposed algorithm are described in the
following subsections.

2.1 Collecting interacting protein sequence

The Database of Interacting Proteins (DIP) lists protein
pairs that are known to interact. To test the proposed method
the protein-protein interaction data from the DIP is obtained.
The sequences of the proteins participating in DIP
interactions are provided in FASTA format.

The DIP version used for our test was used by Nazar Zaki at
el [7] which contamns 4749 proteins involved m 15675

Md. Abdul Wadud Akanda and Saifuddin Md Tareeg

interactions. In this case, only high quality core set of 26009
yeast proteins was considered. This core set was involved in
6355 interactions, which have been determined by at least
one small-scale experiment or two independent experiments
[8]. Furthermore, it is followed that same datasct where
proteins interact with only one protein and not involved n
any other interactions. This process resulted in a dataset of
150 proteins with 75 positive interactions shown in the
Table 1. Our main target here is to design an approach
capable of predicting protein interaction partner where edit
distance based algorithm will be used for generating feature
values, which facilitates a way to construct protein-protein
interaction using only sequence information.

Table 1: Dataset of interacting proteins used in the experiment

YBL045C YPRIOTW YDROYBC
YBRI127C YDLISSW YDR139C
YDRO45C YQR207C YDR140W
YDRI190C YPL235W YDR469W
YDR441C YMLO22W YER159C

YELO4TW YJRO49C YGLOST7C
YERO17C YMRO89C YGLO9OW
YGRI180C YJLOZOW YGL174W
YGR240C YMR205C YGL195W
YGR261C YBR28SC YGLI125W
YHLO27W YJLOS6C YGRO57C
YHR024C YLR163C YGROT4W
YHRO56C YDR303C YGR208W
YILI0OIW YKLIOIW YGR229C
YLR238W YDR200C YHLO44W
YLR456W YPRI172W YHR193C
YNLOO7C YIR040C TILOOGC

YML329C YKLI97C YILO35C

YORI36W  YNLO37C YJLOYOC

YPLIOSW YILO24C YKLIGOW
YPRO29C YLRI170C YLLO5S9C

YBR228W  YLRI135W YLRO36C
YDROOIC YLR270W YLROGSC
YDROIZW  YDR48YW YLR226W
YDROSOGC YLR378C YLR240W

YGL220W YLR317W YNLI40C
YLR3I0OW YLR36OW YMR242C
YNRO46W YLR417W YPLOO2C
YLROISW YMLITOW YLLO32C
YDR397C YMRO52W YFROOSW
YILI3SW YMR228W YFLO3OW
YORO05C YNL311C YKLOOIC
YIRDO5SW YOLI08C YDR123C
YFROOOW YOLITIC YORO0TC
YGLI154C YOR269W YLR254C
YKLOISW YPLOO3W YPROGOGW
YKLI83IW YPL209C YBRI156C
YKLI77W YPRO4GW YIRI35C
YGRI185C YPRO51W YELOS3C
YKRO35C YBR107C YDR254W
YDR252W YDROSOW YDLOT77C
YMLI12W YEROOGOW YILO71TW
YLR316C YEROOOW YKL211C
YKLIOSW YGLOOSC YCRO24C-A
YKLO36C YGL236C YMRO23C
YMLOIIC YGRO75C YBRI52W
YKRO6SC YHR004C YALOOOW
YDL149W YKLISZW YPL231W
YPRIOIC YLRO7SW YIROI2W
YBROOTW YNL259C YDR270W

2.2 Generating non-interacting protein sequence

['hough the number of interacting proteins is much smaller
than non-interacting proteins, -obtaining identified and
standard non-interacting protein pairs remains to be a
concern of all researchers working 1 predicting protein-
protein interaction. Therefore. in this case, the following
two steps are used for generating non-interacting protein
sequences. In the first step, it adopted a random method
using the amino acids (A, V, Y, P, M, L L, D, E, K, R, S, T,
Y, H, C, N, Q, W, Z) to generate non-interacting protein
pairs. In the second step it deleted all pairs that appear in the
DIP by chance for getting non-interacting data set. This
technique of generating non-interacting dataset is acceptable
for the purpose of comparing the feature representation
since the resulting inaccuracy will be approximately
antform with respect to each feature representation [9]. The

dataset that is considered for testing contains 150 protein
sequences which are involved in 75 interactions. For this
reason, the equal of non-interacting protein
sequences using the above technique is generated.

number

2.3 Preparation of experimental dataset

[nteracting and non-interacting protein  sequences are
grouped separately. All the protein sequences in each group
are then merged. The merged sequence 1s divided into some
substrings based on the window size. Then the similarity
score for each protein sequence against cach substring of the
merged sequence of each group is measured using proposed
edit distance based algorithm. Finally, the similarity scores
arc concatenated based on the prior knowledge of
mteraction. After getting similarity scores from both the
mizracting and non-interacting group, all the scores are
accumulated to prepare the final dataset.
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explain the procedure with an example using
protein sequences. The
ces are arranged into a group named Interacting
E5p): S0:G =18, Bo Sy s s v Sy} where S
-zizs protein sequence. Let, S, S, S; S, Ssand S, are six
- sequences  where.S;=  {MSSSTPFDPYAL},
INVQSKSR}, 8;= {EDKAD!}, S,= {VRKI!, S;=
VVI and S,= {LAVIIVPIAPSR}.

interacting protein

21so assumed that prior knowledge about the interaction
rmation between these proteins i1s known. Let, these 6
‘emns nteract in the following manner: S; interact with
>-teract with Sy and S interact with Ss.

=5 51X proteins sequences 1s then merged to make a
cnce named ‘MergedSequence’ as MergedSequence
S-S S.l,gﬂ‘ Sa)= !

ISSSTPEDPYALOQNVQSKSREDKADVRKIILLVVI
\VIIVPIA }.
ostrings according to a window size. Let, for the above
ample, window size is 7.Then the following substrings

be available in this case:SubString,= |{MSSSTPF!,

This merged sequence was divided into

ostrmg,= {DPYALED}, SubStrings= |(KADVRKI},
~ubString,= | HILLVVI }, SubStrings= |LAVIIVP! and
bSuing,~ | IAPSR}.

is notable here that the last substring is not necessarily
ng equal to 7; however, it should not be a problem since

o sensitivity agamst all the protein sequences of interest is
ted. Then similarity score between each of the substrings
the merged sequence and each protein sequence is
cnerated. This process was continued for each of the
crotein sequences of our interest. This procedure of
<mularity score measurement is illustrated in subsection 2 4.

the next step, the scores of the interacting protein
squences were concatenated. For the above example, as
protem sequence Sy interact with sequence Si. the respective
-cores of these sequences will be concatenated for preparing
the training dataset. In this way, the scores of S;and S,, S,
and Sy will be concatenated. Using all of these scores, the
maming dataset 1s prepared. In case of non-interacting
protein sequences, similar procedure 1s followed.

2.4 Similarity score. measurement

[he proposed algorithm uses a wansformation that converts

protein - sequence  into  fixed-dimensional representative
feature vectors, where each feature records the similarity of
2 set of substrings of amino acids to the protein sequences of
mterest. These features are then used in conjunction with
support vector machines (SVM) to predict the possible

mteractions between proteins.

The similarity of each feature was measured using a pair
wise sequence similarity algorithm. An edit distance based
algorithm was used to measure the similarity score between
a substring of the merged sequence and each protein
sequence. The score generated here is eventually used as
training data for the future step. The feature vector for each
protein is thus formulated as follows: The merged sequence
was arranged into a number of substrings (SubString,.
SubString,, SubStrings;, .., SubStringy) based on the
window size. Then the feature values in that case might look
like as follows,

Score g, Edit Distance Based Algorithm{ S, SubString,!
Score,si- Edit_Distance Based Algorithm | S| SubString-|
Scoreys)- Edit Distance Based Algorithm | S, SubString.!
Scoreg:- Edit_Distance Based Algorithm | S SubString, |
Scoreygs- Edit_Distance Based Algorithm | S, SubString-
Scoreys:- Edit_Distance Based Algorithm | S, SubString.,!

.Scorejgy- Edit Distance_Based Algorithm | Sy SubString, |
Score,gn- Edit Distance_Based Algorithm | Sy SubString, |

Scoreygy- Edit_Distance Based Algorithm | Sy SubString|

The proposed Edit Distance Based Algorithm is explained
in subsection 2.5. Using a shifting window over the merged
sequence of the training set may lead to gencrating a
subsequence comprises of the end of one sequence and the
beginning of the next sequence. This, however, is not a
problem since all protein sequences of interest score against
the same subsequence. Similarly. feature values for the non-
interacting dataset were also calculated. The block diagram
of overall procedure is shown in Figure 2 and the pseudo-
code for the algorithm is given in Figure 3.

2.5 The Algorithm

Edit distance is used to measure distance as the number of
operations required to transform a string into another. Given
two character strings, S1 and S2. the edit distance between
them is the minimum number of edit operations required to
transform S1 mto S2. Most commonly, the edit operations
allowed for this purpose are: inserting a character into a
string, deleting a character from a string and replacing a
character of a string by another character; for example, the
edit distance between cat and dog is 3. In fact, the notion of
edit distance can be generalized to allowing different
weights for different kinds of edit operations, for instance a
higher weight may be placed on replacing the character s by
the character p, than on replacing it by the character a.
Setting weights in this way depending on the likelihood of
letters substituting for each other is very effective in
practice.
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l Collecting interacting protein sequences

i

i

| AMerging collected interacting protein —I Merging generated non-interacting
| sequences ] protein seguences
T i
i
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“Generating non-interacting protein sequences

|

Generating feature values for each
interacting protein sequence against the
merged sequence using edit distance
based algovithm

L k IR
i

Generating feature values for each non-
interacting protein sequence against the
merged sequence using edit distance
based algorithm

.
Make the final dataset by merging both
the files |

( Result l

Fig. 2: Block diagram for the proposed algorithm

Alenrithim 1 Proposed Edit Distance based Aleorithm

Reguire: Two Strings(Siring 1, Strieg?;

Fnsure: sioilarey Score between Two :;!ll“ﬂlj_:s

1 for o= -som do - Meaccimnm length between the two strings
= Table D) @ =0 e lable = Holds scores of the respective positions
.8 Tableli () =l

ioend for
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R ek tor
e for
return Teblelm — 1 — L

Fig. 3: Proposed Edit Distance based Algorithm

means, it indicates the maximum number of matches
between the two strings. On the contrary,
conventional edit distance vector algorithm finds out
the minimum cost needed to make the two strings
similar.

In our algorithm cdit distance has been used in the following
way:

17 The mzin target of cur proposed Edit Distance based

Algorithm is to find out the similarity ratio. That
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2) Edit Distance Algorithm minimizes the result
whereas our proposed Edit Distance based Algorithm
maximizes the output.

With proposed algorithm if two strings are considered, for
example, Stringl = {abababbab} and String2 ={ababbabb}
then the scenario that will be obtained is shown in Figure 4.

L jalolalblalb]bTaln
oo wlelojolololo]o
a 02121210 2] 1]
b O 1L 4|3/ 4/31 4 31214
0213656l 5454
b 011" 4]5/8/7/8 7,617
p0[07314177/ 9710/ 9|8
«|0]2]2/5/6/9)/8[9 12]11]
5001 447 8 11[10[11]14
p 003367 10/13 12]13

Fig. 4: Similarity score obtained by using proposed algorithm

Proposed edit distance based algorithm compares two
sequences and when both the positions of the two strings
match, adds 2 whereas if the positions mismatch, negates |
Using this rule, the final feature values of the strings which
determine their respective similarity scores is obtained.
Here, the problem is solved by identifying a collection of
sub-problems and tackling them one by one, smallest first,
using the answers to small problems to help figure out larger
ones, until the whole lot of them is solved. As proposed
algorithm follows above mentioned criteria, the algorithm is
dynamic in nature. It needs to mention here again that the
cdit distance based dynamic algorithm has been used in
protein-protein teraction for the first time.

2.6 Cross Validation

In k-fold cross-validation, the original sample is randomly
partitioned into k sub samples. Of the k sub samples, a
sngle sub sample 1s retained as the validation data for
testing the model, and the remaining k-1 sub samples are

used as training data. The cross-validation process is then
repeated k times (the folds), with each of the k sub samples
used exactly once as the validation data. The k results from
the folds then can be averaged (or otherwise combined) to
produce a single estimation. The advantage of this method
over repeated random sub-sampling is that all observations
are used for both training and validation, and each
observation is used for validation exactly once. A 10-fold
cross-validation is carried in our experiment. The training
and testing sets were used in Support vector machine
(SVM).

2.7 Classification using SVM

Support vector machines (SVMs) are a set of related
supervised learning methods used for classification and
regression. In simple words, given a set of training
examples, each marked as belonging to one of two classes,
an SVM training algorithm builds a model that predicts
whether a new example falls into one class or the other.
Support Vector Machine (SVM) with our prepared dataset is
used. SVM was used for both training and testing data. By
the result of SVM, it was possible to predict whether two
protein sequences interact or not.

3. Experimental results
3.1 Window size determination

The proposed method is based on the assumption that two
proteins may interact if their pair wise scores against large
subsequences of amino acids created by shifting a window
over concatenated protein training sequences are similar. As
window size is a considering factor in this case, the first step
in our investigation was to determine the optimal sliding
window length. It is tested with 5 different window sizes
starting from 500. The others were 1000, 1500, 1800 and
2000 respectively. Sensitivity, specificity and accuracy
recorded from testing our method on 150 interacting protein
sequences and 150 non-interacting protein sequences for
various window sizes are shown in the Table 2.

Table 2: Sensitivity, specificity and accuracy recorded from our experiment

Window Size Sensitivity (%) Speciticity (%) Accuracy (%)
500 68.38 7547 78.44
1000 79.47 81.91 83.13
1500 77.60 85.47 87.33
. 1800 65.42 78.70 80.39
- 2000 79.18 84.20 79.87

In this way it is empirically determined that the method
vorks well when the window size is 1500 and at that time
sensitivity, specificity and accuracy are 77.60%, 85.47%
and 87.33% respectively.

3.2 Performance Analysis

3.2.1 Performance measurement terms

[nteraction prediction has to fulfill two competing demands.
['he predictor should cover as many of the real interacting

residues as possible, but at the same time should predict as
few false positive as possible. These two demands are
measured by sensitivity and specificity respectively.
Including these two criteria, the results reported in this
paper concern the evaluation of protein-protein interaction
przdiction based or the following quantities:

e The number of true positives (TP) (residues
correctly classified as interacting)
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e The number of true negatives (TN) (residues
correctly classified as non-interacting)
e The number of false positives (IFP) (non-interacting
residues incorrectly classified as iteracting)
e The number of false negatives (FN) (interacting
residues incorrectly classified as'non-interacting).

Based on the above definition and according to Xue wen
Chen et al [10]: ‘

\ e 1P
Sensitivity = —————
FN+ TP

” TN
Specificity = —————
FP+1TN
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TP + TN
TP+ TN + FP+ FN

Accuracy =

3.2.2  Performance Comparison

In this section a comparative analysis of result is given. It is
to be noted that comparing protein-protein interaction
prediction systems with the other existing systems is always
a difficult task because most of the authors used different
types of data, experimental setup, and evaluation measures.
Table 3 summarizes the performance of proposed method in
terms of different performance measurement terms and
shows the comparative results with other methods.

Table 3: Performance comparison among different interaction prediction methods

Method Sensitivity (%) Specificity (%) Accuracy (%)
- Proposed Algorithm ) 77.60 85.47 87.33
Ensemble Method[14] 76,76 63.16 B 79.76
- Integrative approach|12] N 58.97 82.50 13523
| Statistical Scoring System| 11| 50.00 98.00 71.42
’ PPI-GS[15] 51.65 38.78 68.42

Kim eroal |11] developed a statistical scoring system to
measure the intractability between protein domains which
could be used to predict protein-protein interaction. The
prediction system gives about 50% sensitivity and more
than  98% specificity. Ng er. af. [12] developed an
inteerative approach to computationally derive putative
domain interactions from multiple data sources. Authors
reported true positive value of 58.97% and false positive
value of 12.51%, which approximately yields sensitivity of
538.97%, specificity of 82.5% and accuracy ol 73.23%. PIPE
[13] produced a sensitivity of 61% for detecting yeast
protein interaction with specificity 89% and an overall
accuracy ol 75%. Figure 5 shows the comparison of our
method with other different existing methods in terms of
accuracy, specificity and sensitivity.

One  significant  characteristic  of any  protein-protein
meraction prediction algorithm is whether the method 1s
computationally efficient or not. In order to gange the
computational cost of the approach with the proposed
aleorithm, edit distance based algorithm has an important

benefit in terms of computation time. This method includes

Method with  Ensemble Integraiive

Proposed Iethod approach
Algonthm

Fig. 5: Different interaction prediction methods and their Accuracy

an SVM optumization, which is roughly O(n7), where n is
the number of training set examples. The feature sensitivity
measure step of the method involves computing n’ pair-wise
scores. Using edit distance based algorithm, isell 1s
computed by dynamic programming and cach computation
is O(m"), where m is the length of the longest training set
sequence, yielding a total running time of O(n'm’).
However, it worth the cost as life scientists 1s interested in
precision more than in speed.
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4. Conclusion

In this study a dynamic method for protein-protein
mteraction prediction using only sequence information is
proposed.  The method was developed based on a
combination of similarity score measurement by using edit

distance based algorithm and support vector machine. It is

shown that similarity score provides relevant measure of

sinlarity - between  protein  sequences. This  similarity
mcorporates biological knowledge about proteins and it is
extremely powerful when combined with support vector

machine to predict protein-protein  interaction. The

experimental result shows that accuracy and sensitivity of

our algorithm is better than most of the existing algorithms
and stand second in terms of specificity.
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