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    Abstract: The recent advancement in technologies are 
generating huge amount of data and extracting information from 
it is being outpaced by data accumulation. The development of 
hybrid approaches by combining different algorithms for 
extraction of required from the stock-pile of data is a demand of 
the hour. One such algorithm is vector space model for inverted 
indexing that has been used traditionally for search engine 
indexing in computers. In bioinformatics also it has been used for 
assembly of DNA fragments generated after sequencing. But it 
has not been applied for retrieval of relevant protein sequence to 
the query, based on presence or absence of motifs and domains in 
it. In this paper the concept of inverted indexing has been applied 
on small motif/domain data of proteins contained in Motivated 
Proteins database at http://motif.gla.ac.uk/motif/index.html. The 
index has been built using 17 small hydrogen bonded motifs 
present in a dataset of 430 proteins. The entire dataset of 430 
proteins has been divided into 19 classes. Seven classes’ example 

cyanovirin, antibiotic and concavalin etc. had very few instances 
(1 or 2), hence have been omitted from further studies. Rest 12 
classes with more than 10 proteins were considered further for 
testing information retrieval (IR) strategy. The document vector of 
all the proteins belonging to one class was averaged and 12 
queries with averaged vector were prepared for testing. The 
similarity coefficient (SC) was then compared between query and 
all the proteins of the dataset. This approach could successfully 
classify the query as belonging to the class from which it derived. 
To further validate the importance of document vector as novel 
attribute for classification, entire dataset of document vector was 
clustered to ten (10) clusters. Testing was then performed with 
similarity coefficient (SC) of the query with clusters obtained 
above. The allocation of cluster to the 12 query sequences 
followed the same pattern as done with relevant document search 
using inverted indexing approach. But clustering allocated the 
queries to only four (4) classes. Maximum number of query 
proteins (7 proteins or 58%) were found belonging to cluster 5. 
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I. INTRODUCTION 

In a world laden with data, retrieval of useful data or 
information has been most demanding, as evident from 
development of new algorithms, models and software. 
Concepts from various branches have been incorporated for 
relevant data (Information) retrieval from biological data 
warehouse. This becomes especially important since all 
modern day high throughput technologies are outpacing 
information generation over data accumulation. The realm of 
information retrieval here involves picking a document (out 
of bulk) that is most similar to the input query. There may be 
many documents sharing great amount of similarity with 
query, but through similarity coefficient the weight or 
relevance of ranking can be used to ascertain the one most 
near to the query [1]. Traditionally IR has been used in digital 
libraries, media search, search engines and many more. 
Recently it has started to be used in biomedical literature, the 
information of which has been compiled on the Biomedical 
Literature Mining Publication (BLIMP) [2]. 

From a biologist point of view getting the highest match of 
a documents (protein or DNA or RNA sequence or 
macromolecular structure) with the query can be of great 
value. The Entrez search engine of NCBI devised by NCBI’s 

John Wilbur and several bioinformatics including BLAST 
and FASTA search performs the same task of match finding 
[1]. However, specialized algorithms have been formulated as 
a part of information retrieval strategy. The most notable are 
Vector Space Model, Probabilistic Retrieval Strategies, 
Inference Networks, Language Models, Neural Networks, 
Extended Boolean Retrieval, Latent Sementic Indexing, 
Genetic Algorithms and Fuzzy Set Retrieval. 

The above mentioned approaches use document vectors or 
vector space model for relevant document search. Document 
vectors represent frequency of occurrence of a term in the 
document. The inverted document frequency (idf) is then used 
to assign weight to each term in the query. The greater number 
of times a term appears in document the lesser is its weight, 
and the lesser times it appears the more is its weight. 

Proteins, as biological entity, are macromolecules 
composed of multiple motifs and domains with each motif or 
domain present multiple times. With same motifs and 
domains present in both query and database an ideal 
biological information retrieval strategy can be formed. 
Although IR strategy for DNA alignment has been developed 
in the past with nucleotide sequence as attribute but no IR 
search with domain and motif information has been done till 
now [3]. 
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To understand the role of frequency of occurrence of motif 
and domain information in relevant protein search, the vector 
space model has been implemented on protein small motif 
dataset obtained from http://motif.gla.ac.uk/. The Motivated 
Protein database contains a list of 430 proteins with various 
frequencies of 17 small hydrogen bonded motifs. 

As a part of IR strategy an attempt have been made at 
generating inverted index for motif or domain based 
information of protein dataset obtained from Motivated 
Protein database [4]. The frequency of motif/domain 
information of 430 proteins multiplied with their inverse 
document frequency produced a document vector (DV). The 
DV constituted the training dataset. For testing the model, 
twelve (12) queries were made by averaging the document 
vector of all proteins belonging to a class in the training 
dataset itself. Hence it was a case of self-validation. The 
similarity coefficient (SC) between query and 430 proteins in 
the training dataset was calculated. The queries were said to 
belong to the class with which the similarity coefficient was 
the highest. Ten (10) out of twelve (12) proteins were found to 
belong to the respective classes from where derived but two 
queries were not able to locate their respective classes on the 
basis of similarity coefficient. 

To analyze the working of inverted indexing and similarity 
coefficient based approach for protein classification, the 
entire dataset of 430 proteins with 17 attributes was 
considered without class label and was used to train an 
unsupervised clustering algorithm. On testing with document 
vector of 12 queries the document vector based classifier 
allocated the 12 query proteins into 4 classes. Maximum 
number of query proteins (7 proteins or 58%) were found 
belonging to cluster 5. 

The unsupervised learning based clustering algorithm has 
been used on the above dataset to highlight the importance of 
document vector in partitioning data. Although SC based 
approach has been successful in classifying queries into their 
respective classes, application of unsupervised learning 
algorithm further strengthened the power of attribute 
frequency based methods for the same. 

II. MATERIAL AND METHODS 

1. The motif data set obtained from http://motif.gla.ac.uk/ 
was used to retrieve the comprehensive list of the small motifs 
found in 430 proteins obtained from PDB database.  

2. Weka suite of software at http://www.cs.waikato.ac.nz, 
is a software for performing various data mining activities [5]. 
Clustering was performed in protein motif dataset for 
assigning groups to previously unsupervised data. 

III. RESULTS 

Initially an Inverted Index indicating the presence as well 
as frequency of all the 17 small hydrogen bonded 
motifs/domains in 430 proteins was built. The 17 motifs taken 

for the study are Alpha Beta Loop, Asx motif, Asx Turn, Beta 
Bulge, Beta Bulge Loop, Beta Bulge Turn, Beta Turn, Bulge 
Loop Motif, Crown Bridge, Crown Bridge Loop, Nest, Niche, 
Schellman Loop, ST Loop, ST Motif, ST Staple and ST Turn. 
The proteins have been taken from various classes and have 
various disease implications like cancer, schizophrenia and 
TB to name a few. The construction of inverted index avoids 
lengthy sequential scan through every document to find terms 
in the query. It is a look up table for every term occurring in 
the document. 

The inverse document frequency of each term was 
thereafter calculated with the formula idf = log (d/dfi), where 
d is number of documents (430) and idf is the occurrence 
frequency of each motif in the entire document set. The idf for 
all the17 motifs is shown in Table I.  

Table- I: The inverse document frequency for all 17 
motifs 

Table Column Head 

S. No. Motif Idf a 

1.  Alpha Beta Loop 0.67  

2.  Asx motif 0.106  

3.  Asx Turn 0.093  

4.  Beta Bulge 0.279  

5.  Beta Bulge Loop 0.302  

6.  Beta Bulge Turn 0.666  

7.  Beta Turn 0.0128  

8.  Bulge Loop Motif 0.108  

9.  Crown Bridge 1.047  

10.  Crown Bridge Loop 1.2  

11.  Nest 0.019  

12.  Niche 0.0128  

13.  Schellman Loop 0.171  

14.  ST Loop 0.265  

15.  ST Motif 0.156  

16.  ST Staple  0.106  

17.  ST Turn 0.15 

a. idf : inverse document frequency  

A document vector with seventeen terms for few proteins is 
shown in Table II. It reflects the importance of each term 
appearing in the document and is obtained by multiplying the 
idf with frequency of its occurrence in each document. 
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Table- II: Document vector for first 23 proteins 
 

       Motif  
     
    Protein     

ID 
 
 

ABL 
 

AM AT BB BBL BBT BT BLM CB CBL NT N SL STL STM ST 
S 

STT 

1BS9 0.41
64 

0.30819
7355 

0.343
0014
14 

0 0 0 0.084
9502
84 

0 0 0 0.051
2227
16 

0.139
8241
33 

0.210
8100
83 

0.644
4207
67 

0.292
3083
35 

0.4
42
97
28
49 

0 

1BDO 0 0 0 1.138
4219
81 

0 1.294
7759
21 

0.050
9701
71 

0 0 0 0 0.038
1338
55 

0 0 0 0 0.093
5 

2ACT 0.27
76 

0.20546
4903 

0 0.487
8951
35 

0.178
1994
89 

0 0.067
9602
28 

0 0 0 0.089
6397
53 

0.076
2677
09 

0.210
8100
83 

0.161
1051
92 

0.097
4361
12 

0.3
16
40
91
78 

0.093
5 

1BTE 0 0.10273
2452 

0.085
7503
53 

0.162
6317
12 

0 0 0.025
4850
85 

0 0 0 0.025
6113
58 

0.038
1338
55 

0 0 0 0 0 

2ACY 0.13
88 

0 0 0.162
6317
12 

0 0 0.016
9900
57 

0 0 0 0.064
0283
95 

0.025
4225
7 

0.105
4050
41 

0.161
1051
92 

0 0.1
89
84
55
07 

0.093
5 

1MUN 0.76
34 

0.10273
2452 

0 0 0 0 0.059
4651
99 

0 0 0 0.102
4454
32 

0.146
1797
76 

0.210
8100
83 

0 0.292
3083
35 

0.3
79
69
10
13 

0 

1QB7 0.41
64 

0.10273
2452 

0.085
7503
53 

0 0 0 0.042
4751
42 

0 0 0 0.102
4454
32 

0.152
5354
18 

0.105
4050
41 

0.483
3155
75 

0.487
1805
59 

0.1
26
56
36
71 

0.187 

2DPM 1.11
04 

0.30819
7355 

0.343
0014
14 

0.162
6317
12 

0.178
1994
89 

0 0.050
9701
71 

0.332
6488
23 

0 0 0.102
4454
32 

0.088
9789
94 

0.105
4050
41 

0 0.584
6166
71 

0.1
89
84
55
07 

0.093
5 

1BX4 0.97
16 

0.20546
4903 

0.171
5007
07 

0 0 0 0.084
9502
84 

0 0.420
0503
99 

0.445
6883
36 

0.115
2511
11 

0.120
7572
06 

0.421
6201
66 

0 0.194
8722
24 

0.3
16
40
91
78 

0.093
5 

1QHV 0 0.61639
471 

0.514
5021
21 

0.162
6317
12 

0.178
1994
89 

0 0.084
9502
84 

0.332
6488
23 

0 0 0.038
4170
37 

0.101
6902
79 

0 0.322
2103
83 

0 0.1
26
56
36
71 

0.187 

1ZIN 0.41
64 

0.20546
4903 

0.085
7503
53 

0 0.356
3989
78 

0 0.042
4751
42 

0 0 0 0.140
8624
69 

0.050
8451
39 

0.421
6201
66 

0 0.389
7444
47 

0.1
89
84
55
07 

0 

1QS1 0.27
76 

0.71912
7161 

0.171
5007
07 

0.975
7902
7 

0 0.971
0819
41 

0.152
9105
12 

0 0 0 0.153
6681
48 

0.190
6692
73 

0.316
2151
24 

0.966
6311
5 

0.292
3083
35 

0.3
16
40
91
78 

0.374 

1OUW 0 0 0.171
5007
07 

1.138
4219
81 

0.178
1994
89 

0 0.033
9801
14 

0 0 0 0.025
6113
58 

0.025
4225
7 

0 0 0 0 0.093
5 

1BD0 0.41
64 

0.41092
9806 

0.343
0014
14 

0.813
1585
58 

0 0.647
3879
61 

0.135
9204
55 

0 0.420
0503
99 

0 0.128
0567
9 

0.152
5354
18 

0.527
0252
07 

0.161
1051
92 

0.389
7444
47 

0.4
42
97
28
49 

0.093
5 
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3BTO 0.62
46 

0.41092
9806 

0.600
2524
74 

0.487
8951
35 

0.178
1994
89 

0.323
6939
8 

0.152
9105
12 

0 0.420
0503
99 

0.445
6883
36 

0.243
3079
02 

0.184
3136
31 

0.421
6201
66 

0.483
3155
75 

0 0.5
06
25
46
84 

0.280
5 

1DOS 0.97
16 

0.20546
4903 

0.171
5007
07 

0 0 0 0.067
9602
28 

0 0 0 0.166
4738
27 

0.076
2677
09 

0.421
6201
66 

0 0.097
4361
12 

0.6
96
10
01
91 

0.187 

1ADS 0.55
52 

0.71912
7161 

0.257
2510
6 

0 0.178
1994
89 

0 0.110
4353
7 

0 0 0 0.243
3079
02 

0.165
2467
03 

0.632
4302
49 

0.161
1051
92 

0.194
8722
24 

0.3
16
40
91
78 

0.187 

1VJS 0.76
34 

1.13005
6967 

0.943
2538
88 

0.487
8951
35 

0.356
3989
78 

0.323
6939
8 

0.144
4154
84 

0.665
2976
46 

0 0 0.294
5306
18 

0.222
4474
85 

0.316
2151
24 

0.322
2103
83 

0.097
4361
12 

0.4
42
97
28
49 

0.374 

1PEN 0.20
82 

0 0 0 0 0 0.008
4950
28 

0 0 0 0 0.012
7112
85 

0 0 0 0 0 

1QQ4 0.06
94 

0 0.171
5007
07 

1.626
3171
16 

0.534
5984
67 

1.294
7759
21 

0.110
4353
7 

0 0 0 0.064
0283
95 

0.076
2677
09 

0.105
4050
41 

0 0 0 0.093
5 

1TUD 0 0 0.171
5007
07 

0.325
2634
23 

0 0.323
6939
8 

0.016
9900
57 

0 0 0 0 0.044
4894
97 

0 0 0 0 0 

1MRJ 0.55
52 

0.51366
2258 

0.514
5021
21 

0.162
6317
12 

0.534
5984
67 

0 0.084
9502
84 

0.665
2976
46 

0.420
0503
99 

0.445
6883
36 

0.076
8340
74 

0.108
0459
21 

0 0.322
2103
83 

0.097
4361
12 

0.7
59
38
20
27 

0 

1AAC 0 0 0.085
7503
53 

0.325
2634
23 

0 0.647
3879
61 

0.050
9701
71 

0 0 0 0.012
8056
79 

0.057
2007
82 

0 0 0 0 0 

 
ABL: Alpha beta loop, AM: Asx motif, AT: Asx Turn, BB: Beta Bulge, BBL: Beta Bulge Loop, BBT: Beta Bulge Turn, BT: Beta Turn BLM: Bulge Loop Motif, CB: Crown Bridge, CBL: Crown Bridge Loop, 

NT: Nest, N: Niche, SL: Schellman Loop, STL: ST Loop, STM :ST Motif, STS: ST Staple, STT: ST TURN 
To further implement this vector space model a set of 

twelve (12) hypothetical queries was prepared that are shown 
in Table III.  The proteins in the Motivated Protein database 
have been obtained from PDB database at www.rcsb.org [6]. 
The PDB classified the 430 proteins into more than 19 classes. 
Few classes had one or two proteins only, therefore, in an 
alternative strategy only 12 protein classes out of 19, from 

PDB having more than 10 instances, were considered for 
similarity coefficient (SC) based analysis. The document 
vectors of all proteins belonging to one class were averaged. 
The averaged vector comprised a query vector for testing. 
Following the similar protocol 12 queries from 12 protein 
classes were prepared. Now the similarity coefficient of 12 
queries was calculated. 
 

Table- III: Twelve (12) queries prepared by averaging document vector of all proteins belonging to one class 

  
The SC based approach successfully retrieved relevant 

proteins to the query. The top three similarity coefficient 
based relevant documents for the query are shown in Table 
IV.  

 
 
 
 

http://www.rcsb.org/
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The similarity coefficient (SC) reflecting relevance of the 
query with each of the 430 sequences in the database was 
calculated by multiplying document vector of each sequence 
with query vector shown in table 2. On summing up the 
similarity coefficient (SC) for every document, the highest SC 
was given the greatest significance or a particular query was 
found belonging to the document having the highest SC. 
Table- IV: Relevant document allocation on the basis of 

similarity coefficient 
Query (Initial 

Class) 
Similarity 
coefficient  

(highest 
similarity 

with protein 
ID) (Class) 

Similarity 
coefficient 

(second highest 
similarity) 

Similarity 
coefficient 

(third 
highest 

similarity) 

Q1 (Hydrolase) 1SMD 
(19.42) 

(Hydrolase) 

1VJS (15.30) 
(Hydrolase) 

1CS1 (14.62) 
(Lyase) 

Q2 (Electron 
transport) 

1PLC 
(19.082) 
(Electron 

Transport) 

1RIE (15.0058) 
(Electron 

Transport) 

1JER (14.47) 
(Electron 

Transport) 

Q3 (Sugar 
Binding Protein) 

1OUW 
(3.266)(Sugar 

Binding 
Protein) 

1A7S (3.212) 
(Ligand Binding 
Protein) 

2IGD (3.198) 
(Igg Binding 

Protein) 

Q4 (DNA 
Binding Protein) 

1C1K (17.78) 
(DNA 

Binding 
Protein) 

3HTS (15.17) 
(DNA Binding 

Protein) 

1AAC 
(14.5214) 
(Electron 
Transport 
Protein) 

Q5 (Isomerase) 1QRE (19.18) 
(Lyase) 

1HMT (14.97) 
(Lipid Binding 

Protein) 

1AYL (14.31) 
(Lipid 

Binding 
Protein) 

Q6 (Lyase) 4XIS (17.85) 
(Isomerase) 

1QIP (15.02) 
(Lyase) 

3STD (14.50) 
(Lyase) 

Q7 (Metal 
Binding Protein) 

5ICB (19.30) 
(Metal 

Binding 
Protein) 

1CYD (15.05) 
(Oxidoreductase

) 

1A8E (14.59) 
(Metal 

Transport) 

Q8 
(Oxidoreductase

) 

1CYD 
(18.25) 
(OxRd) 

1B4V (15.19) 
(OxRd) 

1ADS (14.57) 
(OxRd) 

Q9 (Transferase) 1QB7 (19.28) 
(Transferase) 

1A8D (15.19) 
(Toxin) 

1BGF (14.57) 
(Transcriptio
n Regulator) 

Q10 (Viral 
Protein) 

1EGW 
(19.19) 

(Transcriptio
n Regulator) 

1XWL (15.19) 
(Tranferase) 

1YTB (14.42) 
(Transcriptio
n Rregulator) 

Q11 
(Transcription 

regulator) 

1MOF 
(16.2481863 ) 

( Viral 
Protein) 

1MFI (15.2345) 
(Viral Protein) 

1BKB (15.05) 
(Translation 

Initiation 
Factor) 

Q12 (Toxin) 3SEB 
(17.234) 
(Toxin) 

1KPT 
(17.04567) 

(Toxin) 

1PEN 
(15.0534) 
(Toxin) 

For further validating the importance of document vector as 
classification attribute the document vector for all 430 
proteins were clustered using WEKA 3.8.1. The dataset was 
considered to be unsupervised, since no class labels were 
initially provided. The k-means method of clustering was 
adopted for the study since it produces tighter clusters with 
large amount of attributes [7]. With document vector for 430 
proteins as training dataset, ten (10) clusters were prepared as 
shown in Figure 1.  

The test data set comprised of query vectors for all the 12 
queries. The allocation of cluster to the 12 query sequences 
followed the same pattern as done with relevant document 

search using inverted indexing approach. But clustering 
allocated the queries to only four (4) classes. The results for 
clustering analysis are shown in Figure 2. Maximum number 
of query proteins (7 proteins or 58%) were found belonging to 
cluster 5 

 
Fig. 1.   Cluster information obtained from Weka 3.8.1 

(Eibe Frank et.al.; 2013) 

 
 Fig. 2.   Cluster allocation for 12 query proteins 

IV. DISCUSSION AND CONCLUSION  

Initially the 413 proteins downloaded from 
http://motif.gla.ac.uk/ on careful observation were found to 
belong to more than 19 different classes. Few classes had very 
few instances example class Cyanovirin had only 1 instance. 
Class antibiotic and Concavalin had 2. Therefore, only those 
classes were considered for analysis that had more than 10 
protein instances. There were twelve (12) classes that fulfilled 
this criterion, as shown in table 3. The document vector of 
proteins belonging to one class was averaged. This was 
repeated for all 12 classes to generate 12 queries. The 
similarity coefficient of all the queries with all the proteins 
was generated. 10 protein queries namely were able to locate 
their respective class of origin. On careful observation it was 
found that query 5 and query 6 obtained from class Isomerase 
and Lyase shared document vector at many places. Similarly 
document vector for query 10 and query 11 of viral protein 
and transcription regulator shared many values. Hence 
queries on the basis of similarity coefficient could not be 
distinguished into two classes. 

To analyze the importance of document vector as an 
attribute for classification, the dataset was made to undergo 
unsupervised learning in the form of clustering. The training 
of k-means algorithm for clustering was performed with 
document vectors as attributes. The classifier clustered the 
dataset into 10 instances.  

 
 
 

http://motif.gla.ac.uk/
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On testing Weka clustering algorithm with vectors of query, 
the k-means algorithm allocated the query into 4 groups as 
shown in figure 2. Although clustering based classifier could 
not very well distinguish the query into respective groups, it 
could partly be due to less demarcation between document 
vectors. Hence document vector can prove to be an effective 
attribute for protein classification. This approach can also 
help in classifying a new protein with motif or domain 
information, as belonging to a particular class.  

The implementation of vector space model using inverted 
index can be very well applied to big datasets. It can avoid 
lengthy sequential search through every document to find the 
most relevant one to the query.  
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