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Abstract. With the surge in web corpus, document classification is a vital issue in information retrieval. Term weighting
increases the accuracy of classification for documents represented in the vector space model. This paper proposes an ontoTf-
idf term weighting method based on the assessment of semantic similarity between the group label and the term. In this
paper, a comparative analysis of the performance of the traditional Term Frequency-Inverse Document Frequency (Tf-idf)
method and ontoTf-idf method is carried on the WebKB and Reuters-21578 benchmark datasets. The efficiency of ontoTf-
idf method is validated with kNN (k nearest neighbor) and Fuzzy kNN classifier on the WebKB and Reuters-21578 datasets.
The experimental results obtained with the proposed ontoTf-idf method outperform the Tf-idf method. In the proposed work,
distance metrics like Euclidean distance, Cosine similarity, Manhattan distance, and Jaccard co-efficient are applied with
Fuzzy KNN classifier on the WebKB and Reuters-21578 dataset.
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l. INTRODUCTION

With the evolution of the web, searching relevant
information from a large corpus is a challenging issue.
Information retrieval plays a significant role to search for
user's necessities within large collections. Term Frequency-
Inverse Document Frequency does not consider semantic
information related to the term. In document classification, a
collection of | documents D where d; € D and a group of
categories C where c; € C are considered. The aim is to
estimate the finction £:.DxC— {1,0} and provide a Boolan
value {1, 0} to each < d;,c; >. Avalue 1 ks assigned to d;, if
d; is relevant to ¢;, and a value 0 if d; is not relevant to c;.
Document chassification is categorized into statistical and
context-based. Statistical approaches are based on the word
occurrence and context-based approaches assess the semantic
significance of a given category. Words are hierarchically
related by ontological networks, namely, WordNet and
DBpedia which include synonyns, hyponyns, etc. The
contribution of this research paper is to semantically
categorize the documents using the term weighting method
basedon ontologies.

The paper is organized as follows; Section 2 reviews the
literature. In Section 3, the preliminaries are discussed.
Section 4 elaborates the proposed term weighting
methodology. The experimental results are deliberated in
Section 5. Section 6 concludes the paper.

Il. LITERATURE REVIEW

The weighting of a term empowers information retrieval
systers by increasing their effectiveness. Ibtihel et al. [1]
proposed a semantic framework for improving the accuracy
oftext classificationbased on feature expansion from

knowledge bases like WordNet. Kim et al. [2] presented a
multi-cotraining framework for document classification.
The proposed approach represented documents using Tf-idf,
Latent Dirichlet allocation, and Doc2Vec. Patel & Sharma
[3] proposed a framework for the classification of the
newsfeed. The process involved URL crawling, parsing of
news content, weighting of keywords, and identifying a
relevant category. Cheng et al. [4] presented an improved Tf-
idf method that used relative entropy as the calculation factor
to optimize the performance. Semantic similarity improves
the accuracy of information retrieval systems [5]. Sebastiani
[6] proposed an automated framework for categorization of
text by term weighting. Luo et al. [7] proposed a weighting
technique by considering the semantics of category labek
and indexing of terns. Sabbah et al. [8] presented a hybrid
term weighting method for web content classification using
SVWM. The proposed hybrid technique combined features
obtained by Tf-idf, Glasgow, and Entropy into a single
feature setfor classification.

Information content (IC) based methods measure the
similarity amongst the concepts by calculating the
distribution of concepts in a given corpus. Hu et al. [9]
discussed the analysis of the distance measures using kNN
classifier for medical datasets. Abu Alfeilat et al. [10]
investigated the performance using the kNN classifier with
various distance measures, on clean and noisy data sets. Ryu
et al. [11] discussed the Fuzzy kNN classifier with a case-
based selection technique and indicated improvement in the
performance. Biswas et al. [12] presented a parameter-
independent Fuzzy kNN method to measure the feature
weight. Liangxiao Jiang et al. [13] discussed the importance
of classspecific attribute weighting for state-of-the-art naive
Bayes text classifiers and achieved noteworthy advances.
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1. PRELIMANARIES
A. Benchmark Datasets

The WebKB dataset represents the collection of hypertext-
related information. It contains the web pages collected from
computer science department of Washington, Comell, Texas
and Wisconsin universities by the CMU text learning group.
Four classes i.e., student, faculty, course, and project are
considered and experimentation is carried on 2,798 training
and 1,259 test documents.

The Reuters-21578 (R8) dataset i a collection of text
documents widely used for document classification. The
documents were grouped by Reuters Ltd and ModApte train
and test split is used in many research works. R8 dataset is
formed by documents of 8 classes i.e., acq, eam, crude, gain,
interest, money-fx, ship, and trade, having the maximum
count of samples. The experimentation is carried on 4,172
training and 1,549 test documents.

Table 1. WebKB Datasetwith four categories

Class Total# docs
project 504

course 930

faculty 1124
student 1641

Table 2. Reuters-21578 Dataset with eight categories

Class Total# docs
acq 2292
crude 374
earn 3932
grain 51
interest 271
money-fx 293
ship 144
trade 326
B. Classifiers
In..... k Nearest Neighbor (KNN) is a machine leaming

algorithm that calculates the proximity between the two
points. The train and test samples are represented as feature
vectors. The Euclidean distance amongst two vectors,
P =(pypy -, p) and Q = (q1,9,,...,9;) 18,

dist(P,Q) =

w/Z?zl(Pi_ qi)z ©)

Fuzzy k Nearest Neighbor (Fuzzy kNN) clusters the
vectors V. = {v,,v,,...,v,} into p [1 <p <n] fuzzy subsets.
The matrix of fuzzy membershlp is given by M, where M; |s
the fuzzy membershlp degree of vj in class i where, =
12,..pandj=1, 2,...n

The matrix M has two limitations as follows:
=1 M;; =1 M;; €[0,1] (6)
0< XMy <n,M;el01] (7)

Equation (6) checks that all the objects across the classes
have a degree of membership and the summation of all the
degrees of membership equak one. Equation (7) specifies the
fuzzy membership degree in the interval of [0, 1]. Fuzzy
kNN provides membership degree to each of the vector
based on the distance fromits k nearestneighbors as follows,

-/ 2
M) = 5k Z“# ®

j=1 [ Z
o

where, k refers to the total nearest neighbors and m is a
constant parameter. Equatlon (8) computes the membership
degree ofan objectto thei™ class.

C. Distance Measures

Here Distance measures assess the proximity between the
two documents in the vector space. Euclidean Distance
represents the distance between two points in a Euclidean
space. Let A and B be represented by vectors A =
(ajaz,...,a,,) , B=(byb,,...,b,) and m be the
dimensionality of the featurespace.

d(A,B)=
J@y, —b)?+(ay;— b))%+ -+ (ap—bp)?  (9)
Cosine similarity refers to the degree of resemblance
between the two documents with value between O and 1. The

two documents are similar if the value obtained is equal to 1
and non-similar if it is 0.

ll(Docu i*Docuy )

[EE(oc,) - [Ez,(bocuy)

Simi

(Docu,,Docu,) = (10

cos

where, Docupl is the i" term in the document vector p, Docug
is the i" term in the document vector g and m is the total
termcount.

Jaccard Coefficient compares the resemblance between a
query vectoranda documentvector.

Simijaccard(Docup,Docuq) =
Y| (Docupi*Docugy) (11)
Y (Docup;) +IM (Docug;) — TM (Do cup;* Docug)

Manhattan Distance refers to the sum of the lengths of
the projections of the line segment between the objects onto
the coordinateaxes.

d(4,B) =XY" . la; — b;|? (12)
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D. Performance Measures

Precision represents the count of correctly classified positive
samples divided by the total count of samples i.e.
Precision (p) == Recall represents the count of

correctly classified positive samples divided by the total

count of positive samples in the data i.e. Recall (r) =
e F1 measure represents the harmonic mean of
precsion and recall ie. F, measure (F,) = 2‘;:

Micro_averaging i obtained by the summation over all
o _ ummation ovel
individual results, Micro— F,= recision, * Recally

Precision+Recall,
Macro_averaging evaiuates the precision and recall of each

recisiony * Recally
category, Macro — F, = 2 eciionm - Recallm
Precisiony+Recallyg

IV. PROPOSED TERM WEIGHTING METHOD: ONTO TF-IDF

TH-idf reflects the importance of a term in a document. The
Tf-idf is computed by,

IDOCU|

0; :
Tf—idf.: = b l 1
P S0 Tdogroe dog)] Y

where, o, ;is the count of term occurrence in a document
doc;and X, 0, ; is the total occurrence of all the terms o,
in the document doc; with 1 <k <0. [DOCU| represents the
document corpus and |{doc;: 0, € dog;}| is the set of
documents with the termoy and o, ; # 0.

To measure the proposed term weighting method (ontoTf-
idf), initially, each document doc; of the collection DOCU is
subjected to removal of stop words and tokenization. The
term frequency term_freq; is computed for each term te;
in the token set TOK. Let CATG represent the number of
classes of the documents and CLASS, = {cl,,cl,, ..., clcare}
denotes the set of class labels of the documents. Let SYN,,
where ¢ = 1, 2,...,CATG, be the first synonym of clt,.
category obtained from WordNet. Construct the set of
synonymlabels
SYNgass, = {SYNy ,SYN,y,, ..., SYN,, }

and Lin’s similarity between the term te; and synonym
SYN,_ is calculated.

Calculate,

Beta; « max SYN ¢, € SYNcpassy, (LINSIM (tei' SYNCLC)) (2)
where,
LINgv (m,n) « 2log(LCS(m,n))/(log(P(m) +
log(P(n))))
with m, n representing the terms and LCS(m, n) represents
the least common subsumer of m, n. The maximum Seta;
among the CATG classes s found, which provides the
semantic similarity betweenthe terms.

Modified term frequency mod_term_freq; for each
term te; is calculated by considering Equation (1and 2),

modtemﬁeqi= termp.eq, + Peta;  (3)
By considering Equation (3), for each document doc; €
DOCU and foreachterm te; € TOK of doc;,

|DOCU |
Calculate, W;; « mOdfemeECIi *log <d0cf7”9qi> @

where, |D| represents the total number of documents
Equation (4) and doc_freq;is the number of documents
containingtermte;.

V. EXPERIMENTAL ANALYSIS

A. Performance on the WebKB dataset

Removal of stop-words and stemming are the techniques
applied to the documents before they are classified.
Experimental analysis of an information retrieval model in
the literature suggests that it is necessary to decrease the size
of the feature space toimprove the retrieval performance.

| ; THidf ——
062 [ e e ontaTE i i

Micro-F1

250 500 750 1000

MNo. of features

Tf-idf —— _|
ontoTf-idf ——

Macro-F1

G i i
250 500 750 1000

No. of features
Figure 1. Micro-F, and Macro-F, values for the varying
count of features with kNN (k=5) and WebKB dataset.
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Figure 2. Micro-F, and Macro-F, values for the varying ) ) Ho. of features )
count of features with kNN (k=10) and WebKB dataset. Figure 4. Micro-F; and Macro-F, values for the varying
count of features with Fuzzy kNN (k=5) and WebKB
08 ; : dataset.
: ; THidf ——
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ontoTf-idf —*—
- 0.78
§ o 077
T e ors
250 500 750 1000 ; i
0.73
No. of features 250 500 750 1000
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=
0.65 i i 07 i i
250 500 750 1000 250 500 750 1000
No. of features No. of features
Figure 3. Micro-F, and Macro-F; values for the varying ~ Figure 5. Micro-F, and Macro-F, values for the varying
count of features with kNN (k=15) and WebKB dataset. count of features with Fuzzy kNN (k=10) and WebKB
dataset.
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Figure 6. Micro-F, and Macro-F, values for varying count
of features with Fuzzy KNN (k=15) and WebKB dataset.

In Figure 1, for Micro-F; values with 250-500 features,
onto Tf-idf yields better results. For 500-750 features, Tf-idf
yields better results and for 500-1000 features, ontoTf-idf
yields better results. For 1000 features, Micro-F; value
computed using the proposed ontoTf-idf method is
increased by 1.6% as conpared to Tf-idf method. For
Macro-F; values with an increase in the number of features,
onto Tf-idf outperforns Tf-idf by yielding significant results.
For 1000 features, Macro-F; value computed using the
proposed ontoTf-idf method & increased by 5.5% as
compared to Tf-idf method. In Figure 2, for Micro-F,
values with 250-500 features, Tf-idf yields better results.
For 500-750 features, onto Tf-idfyields better results and for
500-1000 features, onto Tf-idf yields better results. For 1000
features, Micro-F; value computed using the proposed
ontoTf-idf method is increased by 2.8% as compared to Tf-
idf method. For Macro-F; values with 250-500 features,
onto Tf-idf yields better results. For 500-750 features, Tf-idf
yields better results and for 500-1000 features, onto Tf-idf
yields better results. For 1000 features, Macro-F; value
computed using the proposed ontoTf-idf method is
increased by 1.5% as comparedto Tf-idf method.

In Figure 3, for Micro-F; values with 250-500 features,
TH-idf yields better results. For 500-750 features, onto Tf-idf
yields better results and for 500-1000 features, ontoTf-idf
yields better results. For 1000 features, Micro-F, value
computed using the proposed ontoTf-idf method is
increased by 2.6% as conpared to Tf-idf method. For
Macro-F; values with 250-750 features, Tf-idf outperforms
ontoTf-idf and for 750-1000 features, ontoTf-idf yields
better results. For 1000 features, Macro-F; value computed
using the proposed ontoTf-idf method & increased by 1.4%

as compared to Tf-idf method. In Figure 4, for Micro-F,
values, there is a rise in the ontoTf-idf curve till 250 features
and then there is a fall till 750 features. For 1000 features,
Micro-F; value computed using proposed ontoTf-idf method
is increased by 1.4% as compared to Tf-idf method. For
Macro-F; values, ontoTf-idf curve increases with an
increase in feature size and perforns significantly better
than Tf-idf curve. For 1000 features, Macro-F, value
computed using proposed ontoTf-idf method s increased by
4.6% as compared to Tf-idf method.

In Figure 5, for Micro-F; values the ontoTf-idf cunve
decreases with an increase in feature size, then the curve
increases at 750 features. For 1000 features, Micro-F; value
computed using proposed onto Tf-idf method is decreased by
4% as compared to Tf-idf method. For Macro-F; values the
ontoTf-idf curve increases gradually till 500 features and
remain constant with the increase in feature size. For 1000
features, Macro-F; value computed using the proposed
ontoTf-idf method is increased by 1.3% as compared to Tf-
idf method. In Figure 6, for Micro-F; values, the ontoTf-idf
curve decreases to 500 features, and then there is a
significant increase. For 1000 features, Micro-F;, value
computed using the proposed ontoTf-idf method is
increased by 2.3% as conpared to Tf-idf method. For
Macro-F; values the ontoTf-idf curve remains constant till
500 features, then the curve decreases till 750 features
followed by an increase. For 1000 features, Macro-F; value
computed using proposed ontoTf-idf method is increased by
1.3% as compared to Tf-idf method respectively.

B. Performanceon the Reuters-21578(R8) dataset

0.69 T T

0.67

Micro-F1

DUB3 |1 woms e

Th-idf —*—
ontoTf-idf —=—

0.62 ! !
250 500 750

No. of features

1000

0.66 T T

S

Th-idf —#—
ontoTf-idf —&—

Macro-F1

0.6 i i
250 500 750

No. of features
Figure 7. Micro-F; and Macro-F; values for the varying
count of features with kNN (k=5) and Reuters (R8) dataset.
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No. of features Figure 10. Micro-F, and Macro-F; values for the varying
Figure 8. Micro-F, and Macro-F, values for the varying  count of features with Fuzzy kNN (k=5) and Reuters (R8)
count of features with kNN (k=10) and Reuters (R8) dataset. ~ dataset.

0.79 T 0.76 T .
i THidf —#— : g Tf-idf —%—
ontoTf-idf —=— ontoTf-idf —=—

Micro-F1
Micro-F1

; ; 0.69 L !
073 i i 250 500 750 1000
250 500 750 1000

No. of features

No. of features 0.74 T T
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o of fentures Figure 11. Micro-F; and Macro-F; values for the varying

Figure 9. Micro-F; and Macro-F, values for the varying ~ count of features with Fuzzy kNN (k=10) and Reuters (R8)
count of features with kNN (k=15) and Reuters (R8) dataset. ~ dataset.
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Figure 12. Micro-F, and Macro-F; values for the varying
count of features with Fuzzy kNN (k=15) and Reuters (R8)
dataset.

In Figure 7, for 750 features, Micro-F; value computed
using the proposed ontoTf-idf method & increased by 1.5%
and Macro-F; value remains the same as compared to Tf-idf
method. In Figure 8 for 750 features, Micro-F; value
computed using the proposed ontoTf-idf method is
increased by 1.4% and Macro-F; value is increased by 1.5%
as compared to Tf-idf method. In Figure 9, for 750 features,
Micro-F; value conputed using the proposed ontoTf-idf
method is increased by 1.3% and Macro-F, value i
increased by 1.4% as compared to Tf-idf method. In Figure
10, for 750 features, Micro-F; value computed using
proposed ontoTf-idf method s increased by 4.3% and
Macro-F; value s increased by 4.6% as compared to Tf-idf
method. In Figure 11, for 750 features, Micro-F; value
computed using proposed ontoTf-idf method is increased by
2.7% and Macro-F, value is decreased by 1.4% as compared
to Tf-idf method. In Figure 12, for 750 features, Micro-F,
value computed using the proposed ontoTf-idf method i
increased by 2.5% and Macro-F; value is increased by 4%
as compared to Tf-idf method.

Table 4. Classification accuracy on WebKB dataset

Macro-F1 Micro-F1

Classifir  Size - °MOTE i OMOTE
250 071 075 080 083

-5 500 073 076 08 081

750 072 075 083 087

1000 07 077 08 086

250 077  0.77 0.8 0.83

kNN -, 500 075 075 083 082
750 070 076 0.8 0.85

1000 073 074 08 087

250 076 075 082 084

k=15 900 076 075 081 082
750 07 071 084 086

1000 072 073 084 087

250 077 077 080 084

-5 500 076 077 08 083

750 07 071 083 086

1000 072 074 083 085

250 073 076 081 084

o ieqe 0 076 076 08 082
750 07 072 084 086

1000 073 073 085 087

250 074 077 081 082

k=15 900 076 076 081 083
750 07 072 082 084

1000 071 073 08 086

Table 4. Classificationaccuracy on Reuters-21578(R8) dataset
Macro-F1 Micro-F1

Classifer  Size - °MOTF qrigr OMOTH
250 078 077 081 084

kes 500 076 077 08 082
750 07 071 084 086

1000 073 074 085 087

250 078 077 081 084

kNN ko 00 076 077 083 082
750 07 071 084 086

1000 073 074 085 087

250 078 077 081 084

k=15 D900 076 077 083 082
750 07 071 084 086

1000 073 074 08 087

250 078 077 081 084

-5 500 076 077 08 082

750 07 071 084 086

1000 073 074 085 087

250 078 077 081 084

'T(L:\lzily o 0 076 077 083 082
750 07 071 084 086

1000 073 074 085 087

250 078 077 081 084

k=15 D00 076 077 083 082
750 07 071 084 086

1000 073 074 085 087
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Manhattan —&—

C. Performance of ontoTf-idf method using similarity : :
measuresand Fuzzy kNN classifier S e Taccard —a— |

The Figure 13 shows Micro-F; values for varying count
of features computed by using the proposed ontoTf-idf
method with Fuzzy kNN (k=15) classifier based on
similarity measures for WebKB dataset. For 250 features, it
is observed that the proposed ontoTf-idf method using
Fuzzy kNN classifier and Jaccard coefficient yields better
Micro-F; value as compared to the other similarity

Micro-F1

measures. For 250-500 features, the Jaccard coefficient 250 a0 750 1000
yields better results, and for 500-750 features, Euclidean o of features

distance yields better results. For 750-1000 features, it i Sl : Teren
observed that the proposed ontoTf-idf method using Fuzzy o e

kNN classifier and Cosine similarity yields better Macro-F;
values as compared to the other similarity measures. In
Figure 14, for 1000 features, it is observed that the proposed
ontoTf-idf method using Fuzzy kNN classifier and Cosine
similarity yields better Micro-F; and Macro-F; values as
compared to the other similarity measures.

Macro-F1

o e e e s e Euclidean T T
n
Cosine Similaeity —¥— 250 500 750 1000

L e A e ‘ Gened —o— RHLEE

: Figure 14. Macro-F; values for the varying count of features
with Fuzzy kNN (k=15) based on similarity measures for
Reuters (R8) dataset.

Micro-F1

VI. CONCLUSION

In this paper, an experimental analysis of the proposed
onto Tf-idf method with KNN and a Fuzzy kNN classifier is
; ; , presented. It is observed that the proposed ontoTf-idf term
s s e e e e e - Weighting method using Fuzzy kNN classifier yiEIdS better
Micro-F; and Macro-F; values. The comparison is done with
the traditional Tf-idf method on the WebKB and Reuters-
21578(R8) benchmark datasets. The experimental results of
the proposed ontoTf-idf method using different similarity
measures, namely, Euclidean distance, Manhattan distance,
Cosine similarity and Jaccard coefficient with Fuzzy kNN
classifier are presented. It is observed that the proposed
ontoTf-idf method using Fuzzy kNN classifier and Cosine
similarity yields better Micro-F, and Macro-F; values as
compared to the other similarity measures on the benchmark
datasets. The proposed ontoTf-idf method can be further
improved to obtain better features for document
classification. As a future work, the proposed method can be
3 5 : applied for multi-label classification using deep leaming.
0.7 e ; ...................................... 1:1 ..................................... = ABO’ the proposed V\Drk Can be rmdified for ClaSS-dependent
250 500 750 e term weighting to address the real-world text classification

] ) No. of features ; issues.
Figure 13. Micro-F; and Macro-F; values for the varying

count of features with Fuzzy kNN (k=15) and WebkB Acknowedgments
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