aann

v A

anm

Research Article

A medoid-based weighting scheme for nearest-neighbor decision rule
toward effective text categorization

Avideep Mukherjee' - Tanmay Basu?

Received: 1 October 2019 / Accepted: 10 April 2020 / Published online: 4 May 2020
© The Author(s) 2020 OPEN

Abstract

The k-nearest-neighbor (kNN) decision rule is a simple and robust classifier for text categorization. The performance of
kNN decision rule depends heavily upon the value of the neighborhood parameter k. The method categorize a test docu-
ment even if the difference between the number of members of two competing categories is one. Hence, choice of k is
crucial as different values of k can change the result of text categorization. Moreover, text categorization is a challenging
task as the text data are generally sparse and high dimensional. Note that, assigning a document to a predefined category
for an arbitrary value of k may not be accurate when there is no bound on the margin of majority voting. A method is
thus proposed in spirit of the nearest-neighbor decision rule using a medoid-based weighting scheme to deal with these
issues. The method puts more weightage on the training documents that are not only lie close to the test document
but also lie close to the medoid of its corresponding category in decision making, unlike the standard nearest-neighbor
algorithms that stress on the documents that are just close to the test document. The aim of the proposed classifier is
to enrich the quality of decision making. The empirical results show that the proposed method performs better than
different standard nearest-neighbor decision rules and support vector machine classifier using various well-known text
collections in terms of macro- and micro-averaged f-measure.

Keywords kNN classifier - Text categorization - Data mining - Machine learning

1 Introduction

The task of kNN decision rule is to assign a test document
to a particular category using a set of training documents.
The method first finds the k-nearest neighbors of the test
document from the training set by using a similarity meas-
ure. Therefore, the category of the test document is deter-
mined by taking a majority vote among these k-nearest
neighbors [1, 2]. Thus the performance of kNN decision
rule is heavily influenced by the neighborhood parameter
k [3]. Different values of k can change the result of text
categorization and hence choice of k is crucial for effective

result. Moreover, text categorization is a challenging task
as the text data are generally sparse and high dimensional.
Hence, assigning a document to a predefined category for
an arbitrary value of k may not be accurate when there is
no bound on the margin of majority voting. The cross-val-
idation technique is generally used to estimate an optimal
value of k [4], but choosing an optimal k which provides
satisfactory results for all test documents is still a difficult
job. Moreover, a slight change in the value of k also leads
to different results. For example, consider a two-class clas-
sification problem. Let there be 8 documents in the train-
ing set and d, be a test document. Let A and B be the two
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categories. According to kNN algorithm, the training docu-
ments are arranged according to non-decreasing order of
similarity with d,. Let the labels of the categories of the
ordered training documents are given as {A, A, B, B, A, B, B,
A} It can be seen that for k = 5, d, is categorized to A, for
k = 6 there is a tie and for k = 7, d, belong to B. It is clear
from this example that simple majority voting rule may not
be useful for text categorization. In principle, when there
is more or less same representation from the competing
categories among the nearest neighbors, it is preferable to
keep the test document unclassified rather than making a
wrong judgment [5].

A tweak on the kNN (TKNN) decision rule have been
proposed by Basu et al. to overcome these issues [5]. The
method puts a bound on the majority voting of kNN by
using a predefined threshold to enhance the confidence of
the majority voting process. It starts with an arbitrary k and
increases the value of k until it can categorize a test docu-
ment. A document is thus categorized, if the difference
between the number of documents of two competing cat-
egories is greater than a given threshold. The method does
not require the knowledge of neighborhood parameter
k to execute kNN. However, this method does not check
the similarity of the documents when increasing the span
of neighborhood, which is crucial. In principle, the simi-
larity between the test document and the training docu-
ments should be checked to expand the neighborhood
as the term-document matrices are generally sparse and
high dimensional. The other widely used variant of kNN
decision rule is distance-weighted kNN decision rule [6].
The method gives different weights to different k nearest
neighbors based on their distances with the test docu-
ment, where the closer neighbors get higher weights.
Likewise, kNN decision rule this method too put no bound
on the margin of majority voting for decision making. A
method is thus desirable to overcome these limitations
of the kNN decision rules and its variants for effective text
categorization.

A nearest-neighbor decision rule is proposed here in
spirit of the weighted kNN and TkNN decision rules. The
proposed decision rule forms the neighborhood of a test
document by considering the documents from the train-
ing set that are closely related to both medoid of a cat-
egory and the test document. The medoid of a category
is a representative document whose average dissimilar-
ity to all the other documents in that category is minimal
[7, 8]. Note that medoids are always restricted to be the
members of a data set. The method first finds the medoid
of each category in the data set and subsequently it identi-
fies the training documents that are closely related to the
medoid of individual categories and the test document.
These training documents constitute the neighborhood
of the test document. The weight of a training document
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in that neighborhood is computed by considering the dis-
tance of that document from the medoid and also from
the test document. Thereafter the first few neighbors are
considered and the weights of these documents belong-
ing to the individual categories are aggregated. The test
document is then assigned to a particular category that
has the maximum aggregated weight and this weight is
greater than the weight of its competing categories by
a given threshold. The method continues until this con-
dition is not satisfied or the method has checked all the
documents in the neighborhood. The objective of the pro-
posed decision rule is to enrich the quality of the decision
making. In worst case, it may happen that the proposed
decision rule has examined all the neighbors of the test
document, but could not take a decision. The test docu-
ment will remain unclassified in such cases. Note that, in
practice it is better not to take a decision when we are not
sure about it. The proposed technique is developed in this
spirit. The performance of the proposed method is com-
pared with different standard nearest-neighbor decision
rules and support vector machine classifier using standard
text collections. The empirical results show that the pro-
posed method outperforms the state of the arts in terms
of macro- and micro-averaged f-measure.

The paper is organized as follows. The related works to
this study are described in Sect. 2. Section 3 explains the
vector space model for representation of text data. The
proposed method is described in Sect. 4. Section 5 pre-
sents the experimental evaluation. Finally, we conclude
with the scopes of future works in Sect. 6.

2 Related works

Text categorization is the problem of assigning predefined
categories to the new documents. It assigns a new docu-
ment to a particular category when the document is simi-
lar with more number of documents of that category than
any other category [9]. A number of methods have been
developed for effective text categorization [9]. Support
vector machine (SVM) was introduced to solve two class
classification problems using the structural risk minimiza-
tion principle [10]. In its simplest linear form, SVM finds a
hyperplane that separates the documents of two different
categories with maximum margin [11]. Joachim reported
an efficient implementation of SVM and its application
in text categorization on Reuters-21578 corpus [12]. The
kNN decision rule is a simple and effective similarity-based
classifier and it has performed well for text categorization
[13, 14]. Cover and Hart [1] introduced the kNN decision
rule, where a test sample is assigned to a particular cat-
egory, which has the maximum number of representative
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training samples among the k nearest neighbors of the
test sample.

The other widely used variant of kNN decision rule
is distance weighted kNN decision rule [6]. The method
assigns different weights to different k nearest neighbors
based on their distances with the test document, where
the closer neighbors get higher weights. Letd,, d,, ..., dy
be the k nearest neighbors of a test document, say, d,. Let
the corresponding distances of these neighbors from d, is
denoted by p(dj,dt), Vj=1,2,...k, where pis a distance
function. The weight w; associated with the jth nearest
neighbor d; is defined as

p(dyd)—p(d;dy) .
W, = { E TN it pded) # pld,,d) (1)
1 if  p(d,,dy) = p(d,,d,)
The test document d, is assigned to the category for which
the sum of the weights of the representative documents
of the category among these k nearest neighbors is maxi-
mum [6]. The major limitation of this method is that it also
suffers from the influence of neighborhood parameter k.
Different values of k may lead to different assignments of
categories to the test document.

Gowda et al. have developed the condensed nearest-
neighbor (CNN) technique [15], which eliminates similar
or redundant data sets that do not add extra information.
Although it reduces the memory requirements and rec-
ognition rate while improving query time, it still poses
the problem of computational cost. The reduced nearest-
neighbor (RNN) algorithm [16] does an extra job over CNN
by removing the samples that are independent of the
training set. Rank-based kNN (RNN) decision rule is quite
effective in case of data with huge variations between fea-
tures [17]. Bagui et al. [17] have proposed a generalization
of the RNN rule by assigning ranks to the training data for
each category. However, these methods have never used
for text categorization.

Guan et al. have proposed a modification on kNN deci-
sion rule for text categorization, which considers mostly
the documents that lie on the boundary region of indi-
vidual categories in decision making and ignores the
other documents [18]. The efficiency and effectiveness of
the method is demonstrated using the standard Reuters
corpus [18]. Tan has proposed a method called neighbor-
weighted K-nearest neighbor (NWKNN) for unbalanced
text categorization problems [19]. Instead of balancing the
training data, NWKNN assigns high weight to the neigh-
bors belong to the categories containing a few documents
and provides small weight to the neighbors belong to the
categories containing large number of documents [19].

Basu et al. have proposed the TkNN decision rule by put-
ting a bound on the majority voting process of the kNN
decision rule as discussed earlier [5]. TKNN rule restricts the

majority voting of kNN by a predefined positive integer
threshold, say g, to assign a test document to a category.
The method starts with # number of neighbors, i.e., k = g.
Subsequently, it checks whether the difference between
the number of members of the best and the second-best
competing categories is g. If so, then the test document is
categorized to the best competing category by this rule.
Otherwise, the value of the neighborhood parameter k is
increased by one. Thus the process continues till a decision is
made or it reaches the last document of the set of neighbors.
The set of neighbors is literally the training set ordered as per
the distance with the test document. If the test document
is not categorized till the process checks all the documents
of the set of neighbors, then it remains unclassified. How-
ever, this method does not consider the distance between
the neighbors and the test document when performing the
majority voting for decision making. A training document
that is far away from the test document can take part in deci-
sion making by this rule, which is not desirable.

3 Representation of text data

The length of different documents in a corpus are different.
Note that here length means the number of terms in a docu-
ment. It is very difficult to find the similarity between two
document vectors of different dimensions (length). There-
fore, it is necessary to maintain the uniform length of all the
documents in the corpus. Several models have been intro-
duced in the information retrieval literature to represent the
document data sets in the same frame [20, 21].

The vector space model enables efficient analysis of huge
document collections in spite of its simple idea [21]. It was
originally introduced for indexing and information retrieval,
but is now used in several text categorization and clustering
techniques as well as in most of the currently available docu-
ment retrieval systems [22].

Let us assume that the number of documents in the cor-
pus is n and the number of terms is m. Let us also assume
that the ith term is represented by t;and the number of times
the term t; occurs in the jth document is denoted by
th, i=1,2,...,m;j=1,2,...,n.Document frequency df; s
the number of documents in which t; occurs. Inverse docu-
ment frequency idf; = Iog(diﬂ), determines how frequently

a term occurs in the corpus. The weight of t; in the jth docu-
ment, denoted by w;;, is determined by combining the term
frequency with the inverse document frequency [22] as

follows:

Vi=1,2,..., mand
Vj=12,..,n

w; = tf; X idf; = tf; x Iog(difi),

SN Applied Sciences

A SPRINGER NATURE journal



Research Article

SN Applied Sciences (2020) 2:1009 | https://doi.org/10.1007/s42452-020-2738-8

The documents can be efficiently represented using the
vector space model in most of the text categorization and
clustering algorithms [22]. In this model each document dj
is considered to be a vector dj, where the ith component
of the vectoriswy, i.e., d; = (W, Wy, ..., Wp,).

The similarity between two documents is achieved
through some distance function. Given two document
vectors d; and d;, it is required to find the similarity (or dis-
similarity) between them. Various similarity measures are
available in the literature, but the commonly used measure
is cosine similarity between two document vectors [20],
which is given by

cos(d, dy— T T X )
B |di| |dj| \/ka 1 Wlf‘ X ka 1 W/f.

Note that the weight of each term in a document is
nonnegative. As a result the cosine similarity is non-
negative and bounded between 0 and 1, both inclusive.
cos(d;, d;) = 1means the documents are exactly similar
and the similarity decreases as the value goes to 0. An
important property of the cosine similarity is its inde-
pendence of document length. Thus cosine similarity
has become popular as a similarity measure in the vector
space model [23]. The vector space model is used here to
represent a document vector.

4 A medoid-based nearest-neighbor
decision rule for text categorization

In this work, a medoid-based weighting scheme is pro-
posed to overcome the influence of the boundary docu-
ments on nearest-neighbor decision rule. A medoid is a
document of a particular category whose average similar-
ity to all the other documents in the category is maximal
(8, 24]. Let D = {d;,d,, ..., d, } be the set of n document
vectors corresponding to n documents in the training cor-
pus. Here d; € R™,Vi = 1,2,...,nare generated from the
raw texts following the tf-idf weighting scheme of vector
space model [20]. Let us consider there are r categories in
the training corpus, say, C;,C,, ..., C,. The medoid of the
documents of a particular category, say, C; is defined as

~

d. = argmax 2

! Vi=1,2..,r
4€G  vaeq

Y, d,), @)

Note that ¥ is a normalized similarity measure i.e.,
¥ € [0, 1], where 1 indicates the highest similarity and
the similarity decreases when the value decreases to 0.
In the experimental analysis of this article, ¥ is treated as
cosine similarity.
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4.1 Medoid-based weighting scheme

Let d; be the test document, whose category is to be
identified. The proposed method considers a training
document as effective neighbor of d;, whose similarity
with d; is greater than a predefined threshold and the
similarity between d; and medoid of a particular cat-
egory. It forms the set of effective neighbors (EN) of d,
as follows:

EN={d € D : ¥(d,,d) > 0 and ¥(d,,d) > ¥(d,,d)),
j=1,...,r}

This indicates that the effective neighbors of a test docu-
ment are those training documents which lie between the
test document and medoid of individual categories and
have sufficient content similarity with d,. Here 6 > Ois a
threshold on document similarity and it ensures that the
documents in EN have sufficient content similarity with d,.
The weight of a particular document, say, d € ENin terms
of d, is defined as

wd,d,) = ¥, d,) x ¥(d, d), (6)

Hered € C,Vj=1,2,...,rand c?l is the medoid of C;. It
may be noted thatW(d, d,) € [0, 1].

e The highest value of W(d, d,) is 1, which indicates that
dis close to both 3] andd,.

e Thevalue of W(d, d;) = Owhen ¥(d,d,) = 0.

e Whendisclose to (3’1 but, far fromd,i.e., ¥(d, (ij) is high,
but ¥(d, d,) is low then W(d, d,) will be low.

Note that ¥(d,d,) in Eq. 6 indicates the similarity
between the test document and a training document,
whereas ¥(d, cij) denotes the similarity between the
same training document and the medoid of the cat-
egory of this training document. The product of these
two similarity values will be high only when their indi-
vidual values are very high. Thus this weighting scheme
ensures that the training documents which are not only
close to the test document but also close to the medoid
of the corresponding categories are given higher prefer-
ence than the other documents in EN to take part in the
majority voting of the proposed decision rule to catego-
rize the test document.
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Algorithm 1 Proposed Nearest Neighbor Decision
Rule Using Medoid Based Weighting Scheme

Input: a) D = {di,ds,...,dn} be n documents of training
set.

b) A set of r predefined categories, C = {C1,Ca,...,C:}

¢) Let d; be a particular test document, n be the initialization
parameter on neighborhood of d;.

d) ¥ and v respectively be the similarity measure and
threshold on weights of the categories.

Steps of the Algorithm:

1: Find the median of each category, say cij, Vi=12..r
following equation 4

2: EN «(

3: for i < 1 ton do

4: for j+ 1tordo

5: if ¥(ds,d) > 6 and ¥(ds,d;) > ¥(dy, d;) then
6: EN +— ENUd;

7 end if

8: end for

9: end for

0

—_

: Rearrange E'N in non-decreasing order of similarity with
respect to d¢ and rearrange D and C' accordingly

11: L+

12: S1, + First L documents from EN

13: for all d € S;, do

14:  for j < 1 tor do

15: if d € C; then

16: Compute W (d, d¢)) following equation 6
17 W(C;j) = W(C;) + W(d,dy))

18: end if

19:  end for

20: end for

21: Category(d:) + 0

22: while L < EN do

23:  W(Cmae1) ¢ max{W(C1), W(Cz2),..., W(Cm)}

24:  W(Cmaw2) + max{{W(C1),W(Cz),...W(Cm)} —

{W(Cmazl)}}
25: if M) — HGua) > 5 then
26: Category(di) = Cmaz1
27: Return Category(d:)
28:  else
29: L=L+1
30: Sy, =8,Udy
31: for j «+ 1 tor do
32: if dp € C; then
33: Compute W (dy,d¢)) following equation 6
34: W(C7) = W(C]) + W(dL,dt))
35: end if
36: end for
37  end if

38: end while
39: Return Category(d:)

4.2 Proposed text categorization technique

In the first stage, the proposed method finds the medoids
of the individual categories. Therefore it creates the effec-
tive neighborhood, EN of the test documentd,. EN is then
rearranged in non-increasing order of similarity values
between d, and individual members of EN. The method
considers the first L documents of EN and stores them in

S, to categorize d,. The initial values of L is predefined and
it is denoted as # in Algorithm 1. Subsequently, W(d;, d,))
is computed for each document d; € S,. The weight of a
category, C;, j = 1,2, ..., ris computed by aggregating the
weights of the individual documents of C; as follows.

W)= ) Wdyd)), Vj=12..r
vd,eC,s,

7)

The weights of the maximum and the second maximum
category are obtained from the set of category weights
{W(C) :j=1,...,r}. Let they be called W(C,,) and
W(C,.x2) respectively. These weights are then divided by
the total number of documents of the respective catego-
ries, i.e., |Craxa | @nd |Cax2 | respectively to get normalized
scores. The proposed decision rule assigns the test docu-
ment to the best category, when the normalized weights
of the best category and its competing category is differed
by a predefined threshold, say, y, i.e., if

% - % > y. If this criterion is not satisfied then
max1 max2

the value of L is increased by 1 and the weight of the next
document in EN is computed. The method is repeated until
the aforesaid condition is satisfied or the method has
checked all the members of EN. In worst case, d, is kept
unclassified, if the method cannot categorize it after
exploring all the documents in EN. The steps of the pro-
posed method is presented in Algorithm 1.

Note that # = Timplies one nearest-neighbor decision
rule and thus the minimum value of # is 2. The value of
n can be at most |EN|. Note that y is ensuring sufficient
difference between the weights of majority category and
its competing categories and thus it is enriching the con-
fidence of the decision making. The value of y is at least 0.
As the category weights are normalized between 0 and 1,
the maximum value of y cannot be greater than 1. Thus the
value of y lies between 0 and 1, both inclusive.

5 Experimental evaluation
5.1 Description of data

The proposed method and the state of the arts are evalu-
ated using seven text corpora. All the corpora are devel-
oped by Karypis and Han [25] and these are mostly col-
lected from TREC." These corpora consists of documents
as less as 204 to at most 4069, and has number of terms
ranging from 3758 to 18,483. The number of categories
of these corpora vary from 5 to 25. The overview of the
corpora are presented in Table 1.

! https:/trec.nist.gov/.
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Table 1 Overview of the corpora

Dataset #Documents #Terms #Categories
rel 1657 3758 25
reviews 4069 18,483 5
tr45 690 8261 10
tr41 878 7454 10
tr11 414 6429 9
tr23 204 5832 6
tr12 303 5804 8

5.2 Evaluation techniques

The performance of the proposed method and the state-
of-the-art classifiers are evaluated using the standard pre-
cision, recall and f~measure [13]. The precision and recall
for two class classification problem can be computed as
follows:

TP

orecision —

recision =z (8)
TP

Recall =

Al =IPIEN ©)

Here TP stands for true positive and it counts the number
of documents correctly predicted to the positive category.
FP stands for false positive and it counts the number of
documents that actually belong to the negative category,
but predicted as positive (i.e., falsely predicted as positive).
FN stands for false negative and it counts the number of
documents that actually belong to the positive category,
but predicted as negative. The f-measure combines recall
and precision with an equal weight in the following form:
2 X Recall x Precision

F-Measure =
casure Recall + Precision (10

The closer the values of precision and recall, the higher is
the f-measure [26]. F-measure becomes 1 when the values
of precision and recall are 1 and it becomes 0 when preci-
sion is 0, or recall is 0, or both are 0. Thus f-measure lies
between 0 and 1. A high f-measure value is desirable for
good classification [26].

There are two conventional methods to generalize
these evaluation functions for multi class classification
problem, namely macro-averaging and micro-averaging
[27]. The macro-averaged measure finds the precision and
recall score for each class, and then these scores for all
the categories are aggregated [13]. The micro-averaged
measure individually aggregates the true positives, false
positives and false negatives over all the categories and
then finds the precision and recall [13]. We have used both
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macro-averaged and micro-averaged f-measure to evalu-
ate the performance of the classifiers.

5.3 Experimental setup

The performance of the proposed method is compared
with SVM [10], kNN [1], weighted kNN [6] and TKNN [5, 28]
classifiers. It may be noted that SVM has been widely used
for text categorization in the last few years [29] and so that
the performance of SVM is reported in this work for com-
parison. The concept of the proposed method has been
introduced in spirit of nearest-neighbor decision rule,
and therefore the performance of the proposed method
is compared with kNN, weighted kNN and TKNN classifiers.
The corpora used here have no specific training and test
sets. Therefore we have randomly split the data sets into
two parts—80% is considered as training set and the rest
as test set. The random split is done in such a way that
ensures the representative documents of each category
in both training and test set. The training set is used to
train the classifiers and the test set is used to evaluate the
performance of individual classifiers.

The proposed algorithm has two major parameters: The
first one is n, which is used to initialize the neighborhood
of the test document and the other one is y, which is used
as the bound on the weights of the competing categories.
It may be noted thatn € [2,3, ..., |EN]|], where EN is the set
of effective neighbors of the test document. In the experi-
ments 5 = 3is used. The value of y is experimentally fixed
by using grid search-based tenfold cross-validation tech-
nique on the training set by usingy = 0.1,0.2,0.3,0.4,0.5.
The value of 6 is fixed as 0.3.

The parameters of the state-of-the-art classifiers, e.g.,
kNN, SVM etc. are tuned using grid search-based tenfold
cross-validation technique on the training set. In case of
kNN and weighted kNN classifiers, the value of k is chosen
by varying it from 2 to 20. The state-of-the-art classifiers
are implemented using Scikit-learn? [30], a machine learn-
ing tool in Python.

5.4 Analysis of results

The performance of the proposed method and state-of-
the-art classifiers on different text corpora are shown in
Tables 2 and 3 respectively using micro-averaged and
macro-averaged f-measure. The raw text data are trans-
formed into feature vectors using the vector space model
as described in Sect. 3. The value of the parameter k that
has been selected by the tenfold cross-validation tech-
nique on training set to perform kNN and weighted kNN
algorithms on the test documents are shown in Tables 2

2 http://www.scikit-learn.org.
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Table2 Micro-averaged

Dataset SVM k WKNN k kNN L (avg) tkNN L (avg) y Proposed
F-measure of the proposed
classifier and state-of-the- rel 077 12 083 15 082 5 0.80 3 001 084
igtr;f::ﬁers on various text reviews 080 14 080 15 079 3 080 10 0025 083

tras 0.93 3091 6 087 5 091 6 0025 093

tra1 096 4 095 8 091 5 0.92 4 010 095

tr11 090 2 087 2 087 4 0.84 3 005 092

tr23 087 3 090 6 085 3 0.85 5 010 091

tr12 085 2 082 2 084 4 0.81 3 0025 085

Bold value indicates the best performance (i.e., the highest value) in each row
Table3 Macro-averaged Dataset SVM Kk WKNN  k KNN  L(avg) tkNN  L(avg) v Proposed
F-measure of the proposed
classifier and state-of-the- rel 061 12 072 15 071 5 0.70 3 001 073
i;tr;'j::'ﬁers on various text reviews 052 14 052 15 052 3 043 10 0025 053

tras 086 4 087 3 08 5 0.86 2 0025 0.90

tra1 095 3 084 7 08 5 0.93 4 010 094

tr11 078 3075 5 074 4 0.69 5 005 081

tr23 088 4 091 6 083 3 0.82 7 010 092

tr12 0.85 5 071 2 063 4 0.81 6 0025 0.86

Bold value indicates the best performance (i.e., the highest value) in each row

and 3 beside individual f-measure values. The values of
L, the average of the number of nearest neighbors of all
test documents of the individual corpora for both TkNN
and the proposed method are presented in Tables 2 and
3 beside individual ~measure values. The value of y of the
proposed technique for the individual corpora are also
reported in these tables.

Tables 2 and 3 show that the proposed method per-
forms better than the other classifiers for all the data sets
except tr41. For the tr41 data set, SVM performs better than
the proposed method in terms both macro-averaged and
micro-averaged f-measure scores. It can be seen from
Tables 2 and 3 that there are 56 comparisons for the pro-
posed method and the proposed one has performed bet-
ter than the other methods in 51 cases. The statistical sig-
nificance of these results is to be tested. For example, for
tr12, the macro-averaged f-measure of SVM is 0.85 and for
the proposed method it is 0.86, so we have to test whether
this difference is statistically significant.

A paired t test is suitable for testing the equality of
means when the variances are unknown. A suitable test
statistic is described and tabled in [31] and [32], respec-
tively. The statistic uses the null hypothesis of equal means
assuming unequal variance on same sample size. The sta-

tistic t is measured ast = —"2—— where p,, u, are

/o2 Im+fo2/n,
the means, ¢, 0, are the standard deviations and n,, n, are
the number of observations [31]. It has been found that
the results are statically significant in 39 out of 51 cases,
where the proposed technique performs better than the

other methods for the level of significance 0.05. The test
results are statistically significant in 3 out of 5 cases for the
same level of significance, when other methods have an
edge over the proposed technique. Thus in 92.85% cases
the performance of the proposed technique is significantly
better than the other classifiers. The effectiveness of the
proposed method can be observed from these results.
The robustness of different classification algorithms can
be determined by using the idea of Friedman [33]. Robust-
ness of a classifier h for a particular data set is defined as
E, = E,/E, where E is either macro-averaged or micro-
averaged f-measure of h and E, = m;;;\th [28]. The best

classifier for a particular corpus will have E,, = 1, while the
other competing algorithms will have £, < 1. Lower values
of £, indicate the lack of robustness of the algorithm h. We
have computed this ratio for all the classifiers and for all
the corpora using micro-averaged and macro-averaged
f-measure, and they are graphically shown by box-plots,
respectively, in Figs. 1 and 2. It can be observed from these
figures that the proposed method outperforms the com-
peting classifiers.

6 Conclusion

A method has been introduced in this article to over-
come some of the limitations of the state-of-the-art
nearest-neighbor decision rules for effective text
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Fig.2 Robustness of different classifiers using macro-averaged
F-measure

categorization. The performance of the proposed
method is evaluated on different standard benchmark
corpora. The method uses a parameter y to provide a
bound on the difference between the weights of the
competing categories. Note that for a high value of y,
many documents may remain unclassified and for a
low value of y, we may compromise with the quality of
the decision making. Thus choice of y is crucial. In the
experiments, the value of y is chosen using the cross-
validation technique on the training set. The empirical
analysis show that the proposed technique outperforms
the state-of-the-art classifiers in most of the cases. It is
also observed that no document remain unclassified by
the proposed method for all corpora. This proves the
effectiveness of the method. In future, the performance
of the proposed method should be tested in different
other applications, e.g., customer review analysis.
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