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Abstract

Indexing was majorly used in different applications like information retrieval (IR), Document categorization. In the field of IR, indexer is
used by search engines to represent the content of a document with short and content-bearing terms so that the retrieval process obtained
great performance. The text index systems produce better results based on the assignment of suitable weights to the terms. These results
crucially depend on the selection of the efficient term weighting measures. In this work, the experimentation carried out with different
types of term weight measures to assign weights to the terms in the query and document representation. Cosine similarity measure is used
to find the similarity between the query vector and document vector. The experimentation is performed on four standard datasets and recall
as a performance evaluation measure. The results obtained in this work are promising than most of the approaches in IR field.
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1. Introduction

Since the digital technology has emerged, massive amount of data
has been produced in electronic format. As the available electronic
data in every sector got increased, accessing valuable information
was become a critical issue. In order to dig up information from
huge repositories with less time and energy, we need to use an ef-
fective indexing mechanism. Indexing is a way of locating docu-
ments using representative terms or concepts to make information
searching or document categorizing easy and fast. There are two
main categories of indexing such as manual and automatic index-
ing. Manual (Human) indexing is the process of representing docu-
ments by domain experts without computerized systems whereas
automatic indexing is done with automated systems without any hu-
man intervention.

Indexing was used in various applications like information retrieval
(IR), Document categorization. In the case of document categoriza-
tion, index terms are used to identify the predefined category of a
document. Various researches [1], [2] proposed different types of
approaches in the area of document indexing for different languages
with an intention of bringing a means for better document pro-
cessing and retrieval. In general, there are two main categories for
these indexing approaches such as keyword-based and concept-
based indexing (semantic indexing). Keyword-based methods are
not capable of capturing the implicit relation among terms or the
semantics of the words in the document. To remove this weakness,
concept-based indexing comes into existence.

The important phases in the IR process are user interface, indexing,
query evaluation and ranking. The user interface provides an envi-
ronment for specifying the needs of the user. Simple and relaxed
interfaces improve the performance and user friendliness. The most
commonly used interfaces in the IR literature were keyword based,
form based, natural language based and graph based interfaces. In-
dexing plays a vital role in IR system to retrieve relevant results to

the user query. Indexing is the process of organizing the terms,
phrases and concepts which differentiate the types of documents.
Documents are indexed so that searching for the relevant docu-
ments for user query become faster. Most of the researchers pro-
posed various Indexing techniques to improve the query perfor-
mance and the response time. Indexing is one of the components in
IR which plays a great role in making searching easy, quick and
effective. The classical indexing mechanism, exact term matching,
was not capable of dealing with these two vital properties of the
language (Synonymy and Polysemy).

In query evaluation phase, the user search statements were con-
verted into the internal form that the system can understand. In this
process, various processing tasks were performed such as stop word
removal and stemming. The terms in the search statement were
compared with the indexed terms, which are maintained by the IR
system. The matched document results were forwarded to the rank-
ing phase. Ranking phase is used to assign ranks to the documents
given in the query evaluation phase. The ranks are assigned based
on the similarity score between the query and document. The doc-
uments were displayed according to the similarity score, high sim-
ilarity score documents were displayed in top.

IR systems was majorly classified into three types of models such
as Boolean model, vector space model and probabilistic model
based on the representation used for query and document. In Bool-
ean Model, the queries are just Boolean expressions and the docu-
ments were represented as set of terms. A document is considered
as relevant if it contains all the terms specified in the Boolean ex-
pression. The vector space model represents both the queries and
documents as vectors of term weights. The documents are retrieved
based on the degree of similarity between the document and query
vectors. The vector space model also retrieves partially matched
documents, when compared with the Boolean model. In probabilis-
tic model, the relevant documents were retrieved to the query ac-
cording to the probabilities derived using the bayes theorem.
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This paper is structured in 7 sections. Section 2 analyzes the differ-
ent approaches proposed to indexing techniques in information re-
trieval area. The dataset characteristics and evaluation measures
were explained in section 3. The term weight measures used to rep-
resent the document vectors were described in section 4. Section 5
explains our approach and experimental results of our approach
were presented in section 6. Section 7 concludes this work with fu-
ture directions.

2. Related work

Indexing is the process of representing documents so as to make
searching information out of documents and locating them easily,
quickly and effectively. There are two broad categories of indexing,
manual and automatic indexing. Manual indexing, also called as
human indexing, is one kind of indexing methods where indexing
experts, human indexers, use their domain knowledge to understand
the contents of the documents and select candidate terms which they
think are capable of representing the meaning or concept of the doc-
uments [1]. Automatic indexing refers to an indexing mechanism
where indexing is done by computer algorithms without the in-
volvement of humans. As it is indicated in [1], manual indexing is
slow and expensive whereas automatic indexing is cheaper, fast,
and easy to modify. Automatic indexing was used in different com-
puter applications like document categorization, information re-
trieval, information extraction and so on.

Indexing is one component in document categorization which has a
substantial impact on the performance of the categorizer [2]. Clas-
sifying documents into the correct category depends on the perfor-
mance of the indexer. As the quality of the indexer increases the
performance of the categorizer also increases. Additionally, indexer
is a vital component of information retrieval (IE) systems and its
performance has a considerable impact on the overall system per-
formance.

According to the authors in [3], the different indexing approaches
are grouped into three major categories such as statistical, probabil-
istic and linguistic methods depending on the extraction techniques
used to extract index terms from documents. The linguistic ap-
proaches have two main subdivisions such as syntactic and seman-
tic methods. In statistical approach, the terms which are believed to
be capable of reflecting the content of the documents are extracted
by applying statistical methods on the words that appear in the en-
tire document collections. The basic notion of this approach is to
explore the occurrences of concept bearing words in one document
and in the collection as a whole. Inverse Document Frequency (IDF)
is one of the well-known statistical methods. It takes those words
which occur in a few documents from the entire collection but ap-
pear frequently in a single document as index terms [4]. Term fre-
quency and document frequency needs to be calculated before com-
puting IDF. Term frequency is the number of occurrences for the
term in a document, whereas document frequency is the number of
occurrences for the term in the whole collection [5]. There are other
techniques which belong to this approach like N-gram based
method to extract concept-bearing terms from documents and Sta-
tistical Corpus-Based Term Extractor [6].

The probabilistic techniques are based on the interdependency
among terms and the probability of these closely interconnected
terms exist in relevant documents to extract more document-bear-
ing complex index terms [7]. As it is stated in [3], even though the
dependencies among terms were explicitly defined by users, this
approach and the statistical approach are not giving quality index
terms because it is not possible to say that terms that occur together
are necessarily related semantically.

The syntactic approach makes use of the sentence structure of the
document in order to extract the relationship among words so that
it can identify the appropriate index terms to represent the document
[8]. Using syntactic information makes this approach able to over-
come the problem of generating incorrect phrases in non syntactic
approaches. However, this approach is incapable of capturing the
semantics of the content of documents. There are some research

works conducted using this indexing approach such as The Effect
of Syntactic Phrase Indexing on Retrieval Performance for Dutch
Texts [9] and Syntactic Approaches to Automatic Book Indexing
[4].

The semantic approach is more dedicated to capture the meaning of
the contents of the documents using concepts rather than words as
index terms. The concepts were expressed using different terms in
different documents. This approach looks at the semantic relation-
ship among index terms (concepts) to overcome the problems of the
keyword based approaches [10]. Semantic methods are expected to
handle the synonymy, polysemy and other challenges of natural lan-
guages. Latent Semantic Indexing (LSI) is one of the known ap-
proaches that identify implicit concepts from documents using
mathematical computations [11].

In [12], the researcher applied latent semantic indexing (LSI) with
Singular Value Decomposition (SVD) method in an attempt to
solve the problem of VSM scheme. The researcher had tried to con-
struct a semantic indexer which considers documents which do not
share common words with the query by exploring the LS| method.
The LSI extracts concepts from a given corpus by looking at the
words that occur together frequently without giving emphasis to the
relationship between concepts. However, this approach is incapable
of handling indirect queries because it does not consider the rela-
tionship among concepts. The other problem of the LSI methodol-
ogy is providing irrelevant query results out of the user’s demand.
The other problem of this methodology is as the size of the docu-
ments gets enlarged, the performance of the indexer degrades.

3. Dataset characteristics and evaluation

measures

The table 1 shows the characteristics of standard corpuses used in
this work. In this table, LISA stands for Library and Infor-
mation Science Abstracts. The files in this directory contain the
LISA collection as provided by PeterWillett of Sheffield University.
The LISA documents contain just the title and abstract fields. The
NPL collection is a collection document titles. Cranfield dataset is
a collection of abstracts and a set of queries with relevance judg-
ments. Medline dataset contain a collection of articles from a med-
ical journal.

Table 1: Dataset Characteristics

Dataset Number of Docu- Number of tsalszeet of De-
Name ments Queries (MB's)
LISA 5872 35 3.4

NPL 11429 93 3.1
Cranfield 1400 225 1.6
Medline 1033 30 1.1

The researchers used various evaluation measures such as Recall,
precision, and F-measure to evaluate the performance of the infor-
mation retrieval systems. Recall is the ratio of the number of docu-
ments retrieved correctly to the total number of relevant documents
in the document collection whereas precision is the ratio of the
number of documents retrieved correctly to the total number of doc-
uments retrieved. F-measure is the standard measure for evaluating
IR by combining recall and precision techniques. F-measure is the
harmonic mean of precision and recall. Precision and recall are used
to show how many of the relevant documents are captured and
missed by the IR system for each query whereas the F-measure
shows the overall performance of the system for each query by
combining the recall and precision values. The harmonic F-measure
gives equal weight for recall and precision. In this work, recall
measure was used to evaluate our system.
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4. Term weight measures

The main utilization of term weighting system is improvement of
effectiveness of relevant information retrieval. This system identi-
fies the relevant documents for the given query as well as rejection
of irrelevant documents in the results of a query. The content bear-
ing words were used to represent the document and query vectors.
Term weight measures allocate suitable weight to the terms based
on the information of terms distribution in the dataset [13]. Tradi-
tional term weighting measures are Term Frequency (TF), binary
and Term Frequency Inverse Document Frequency (TFIDF). Bi-
nary weight measure assigns 1 or 0 to the term based on the term
presence or absence in a document [14]. TF measure computes the
frequency of a term in a document. TF may assign large weights to
the common terms (a, an, the, of, etc.,) which are weak in text dis-
crimination [15]. To overcome this shortcoming, TFIDF measure is
proposed by the researchers to reduce the weight of common terms
[16]. In TFIDF measure, the IDF allocate more weight to the terms
that were appeared in less number of documents [17]. The next sec-
tions explain the different term weight measures proposed in the
text categorization domain.

4.1. Term frequency
(TFIDF)

inverse document frequency

The TFIDF measure [18] computed using (1).

TFIDF (t:,d) =tf (t.,dk)x|og(¥j 1)

Where, tf(ti, dk) is the number of times ti occurred in document dk,
N is the number of documents in the dataset, DFi is the number of
documents in the dataset which contain the term ti.

4.2. Non uniform distributed term weight measure
(NDTW)

The NDTW measure assigns more weight to the terms which are
distributed non uniformly across the documents [19]. Equation (2)
shows the NDTW measure.

o (tf (t6,d4) 1+t (t,dv)
W, =log(TOTF:)— [ 2
= log( ) Z‘l(TOTH Og[umm D @

Where, TOTFiis the total occurrence of term ti in all the documents
of a dataset, tf (i, dk) is the frequency of term ti in document dx.

4.3. Normalized document length term weight measure
(NDLTW)

A NDLTW Measure is used to avoid the differentiation of small
sized and large sized documents [20]. Equation (3) represents the
NDLTW measure.

(L+log(TF)) / 1+ log(AVGTF))

W( = m
" Y (1-slope) x AVGUT. +slope xUT
k=1

®)

Where, TFi is the number of times the term ti is occurred in docu-
ment Dj, AVGTFi is the ratio of TFi to total number of terms in all

the documents of a dataset, slope =0.2, UTk is number of unique
terms in document dk, AVGUTk is the ratio of UTk to total number
of terms in document dk.

5. Approach

Figure 1 shows the model of our approach. First, two preprocessing
techniques such as stop word removal and stemming were per-
formed on the dataset. Stop word removal removes non informative
words and stemming techniques convert words into its root words
to avoid the different forms of same word. After cleaning the text,
identify the distinct terms and represented as a bag of terms. Rep-
resent the documents and query as a vector using this bag of terms.
Each term value in a vector is computed using term weight
measures. The similarity between query and document is calculated
using cosine similarity measure. The results of similarity measure
are given to performance evaluation (recall) measure. Recall meas-
ure gives the number of relevant documents was identified for the
given query. In this model, (D1, D2, Dm) is a set of documents in the
dataset, (T1, T2, Tn) is a set of distinct terms identified in the dataset
after performing stop word removal and stemming, WDTn, WQTn
are the weight of term tn in document and query vector respectively.
The next section explains the cosine similarity measure.

5.1. Cosine similarity measure (CSM)

In VSM, the sets of documents and queries are viewed as vectors.
Cosine similarity measure is a popular method for calculating the
similarity value between the vectors [21]. With document and que-
ries being represented as vectors, similarity signifies the proximity
between the two vectors. Cosine similarity measure computes sim-
ilarity as a function of the angle made by the vectors. If two vectors
are close, the angle formed between them would be small and if the
two vectors are distant, the angle formed between them would be
large. The cosine value varies from +1 to -1 for angles ranging from
0 to 180 degrees respectively, making it the ideal choice for these
requirements. A score of 1 evaluates to the angle being 0o, which
means the document are similar. While a score of 0 evaluates to the
angle being 900, which means the documents are entirely dissimilar.
The cosine weighting measure is implemented on length normal-
ized vectors for making their weights comparable. Equation (4)
gives the formula for Cosine Similarity.

m

w (t,q)xw (t,d)
CSIM (q,d) = e ——
«F‘:w(n q)z x «’;w(m)Z

Where, w (ti,q), w(ti,d;) are the weights of the term ti in query g and
document dj respectively.

(4)

6. Experimental results

Table 2: The Accuracies of Recall Measure

Term Weight Measure Med- Cran-

/Dataset line field HE NPL
TF 0.7725  0.7595 0.8031 0.8315
TFIDF 0.7960  0.7815 0.8380 0.8416
NDTW 0.8270  0.8235 0.8515 0.8771
NDLTW 0.8405  0.8320 0.8605 0.8839



http://ir.dcs.gla.ac.uk/resources/test_collections/medl/
http://ir.dcs.gla.ac.uk/resources/test_collections/medl/
http://ir.dcs.gla.ac.uk/resources/test_collections/cran/
http://ir.dcs.gla.ac.uk/resources/test_collections/cran/
http://ir.dcs.gla.ac.uk/resources/test_collections/lisa/
http://ir.dcs.gla.ac.uk/resources/test_collections/npl/

International Journal of Engineering & Technology

835

Documents Dataset
(Dy,Dypeennes, D)

Preprocessing Techniques

| (Stop Word Removal and Stemming)

Representingall the distinct terms as
bag of terms
P P

)

| Query |

Preprocessing Techniques
(Stop Word Removal and Stemming)

Query is Represented as a vector using Bag of Terms. Each

Each vector value is computed using Term Weight Measures
<WDTy, WDT,,ummessissssssssssenss, WDT,>

Every Document is Represented as a vector using Bag of Terms.

vector value is computed using Term Weight Measures
<WQT,, WAT,, eeeeeermmsseesssssennnn WQT, >

]

All Documents Vectors |

]

| Query Vector

Compute the Cosine Similarity between Query vector and all
the Document vectors

Number of documents are relevant to the query

| Performance Evaluation

(Recall)

Evaluation Results

Fig.1: The Model of Our Approach.

Table 2 shows the results of our approach on different datasets
when term weight measures were used to represent the document
vectors. The NDLTW measure obtained good recall value for all
datasets.

It was observed that the datasets used in our experimentation con-
tains documents of varied sizes. In general if the document size is
large, there is a possibility of the document is matching to more
number of queries and the term frequency also more in that docu-
ments. The terms that are occurred in more number of documents
have more weight and the terms that occurred in less number of
documents have less weight.

The NDLTW is one measure it considers these factors and normal-
izes the weights of the terms. It normalizes the document lengths
whether it contains more number of terms or less number of terms.
This is the reason the NDLTW measure obtains good performance
to match relevance documents. NPL dataset obtained good recall
value, because this dataset contains less number of queries and
more number of documents under each query. In general, more
number of documents in the dataset is useful for computing effec-
tive weights of the terms.

7. Conclusion

The proposed approach in this work obtained good recall value of
0.8839 for NPL dataset. The NDLTW obtained best recall value
when compared with other term weight measures in all the datasets
experimented in this work. In this approach the terms are inde-
pendently participated in the document and query representation.
The relationship between terms in a document and query was not
specified in the representation. This is one reason for not getting
best recall value.

In our future work, it was planned to propose an approach which
capture the semantic similarity between the terms by proposing a
new semantic similarity measure. It was also planned to apply deep
learning techniques to improve the performance of information re-
trieval systems.
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