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Abstract- With the rapid growth of online documents available 
on the World Wide Web necessitate the task of classifying those 
documents into semantic categories. Text categorization is the 
task of automatically classifying the textual documents into a set 
of predefined categories. In this paper, we report the empirical 
evaluation of lazy learning classifier such as kNN and its variant 
like distance weighted kNN and our newly proposed evident 
theoretic kNN for text categorization task over two benchmark 
datasets. We observed the superiority of evident theoretic kNN 
method over others in all experiments we conducted. 
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I. INTRODUCTION 
 

Text Categorization is a traditional classification problem applied 
to high dimensional textual documents. It performs a task of 
assigning textual documents into a set of predefined categories. 
With the exponential growth of textual documents in World 
Wide Web, there is growing need to organize these documents 
becomes interesting from an academia and also from industry 
perspective. Large numbers of machine learning methods have 
been found in the literature, to deal with this problem of 
categorizing text. A comprehensive empirical evaluation of the 
text categorization task is also reported [13], against quite 
number of standard benchmark datasets. Most of the empirical 
evaluations reported on text categorization mention the 
application of lazy learning method such as k-Nearest neighbors 
as the most promising and widely used technique for text 
categorization task. In this paper, we study the approach of 
applying purely lazy learning classifiers to text categorization 
task and also present an empirical result on TC performance of 
three lazy learning methods. For this purpose we choose some 
pure lazy learning methods such as majority voting kNN, distance 
weighted kNN and improved evident theoretic kNN for our TC 
task. We then compared the performance of each method on two 
benchmark dataset such as Reuters and WebKB. Based on the 
comparison, we find that newly proposed evident theoretic kNN 
is superior to other methods in terms of micro averaged F1 
measure. 

II.  TEXT CATEGORIZATION 
 

The prime objective of machine learning approach to TC is to 
devise a classifier which is capable of classifying given text 
documents with respect to number of predefined categories.. This 

task has been fallen within the paradigm of supervised learning 
most of the times. In this paper we focus on more common 
supervised learning approach to TC. More formally TC is 
formulated as follows [2].TC is the problem of approximating the 
unknown target function Φ: D × C → {T, F} (that defines the 
way by which documents are to be classified by the human 
expert) by means of a function ˆΦ: D×C → {T,F} called the 
classifier, where C = {c1, . . . , c|C|} is a predefined set of 
categories and D is a set of documents. If Φ(dj, ci) = T, then dj is 
called a positive example of ci, while if Φ(dj, ci) = F it is called a 
negative example of ci. At the outset, this problem looks like a 
typical classification problem but there are some distinctive 
characteristics or properties of textual documents which makes 
the problem as quite challenging to machine learning researchers. 
These properties are high dimensionality of feature space, 
statistical sparseness and high level of redundancy.With respect 
to task at hand, one may consider TC as either a single-label task 
(i.e. exactly one ci ∈ C must be assigned to each dj ∈ D), or a 
multi-label task (i.e. any number 0 ≤ nj ≤ |C| of categories may 
be assigned to a document dj ∈ D). A special case of single-label 
TC is binary TC, in which, given a category ci, each dj ∈ D must 
be assigned either to ci or to its complement ĉi. A binary 
classifier for ci is then a function ˆΦi : D → {T,F} that 
approximates the unknown target function Φi :D →{T,F}. A 
problem of multi-label TC under C = {c1. . . c|C|} is usually 
handled as |C| independent binary classification problems under 
{ci, ĉi}, for i = 1, . . . , |C|. In this case, a classifier for C is thus 
actually composed of |C| binary classifiers. This paper deals with 
comprehensive comparative study involving only binary 
classifiers. 

Text Representation 
In order to represent and process the documents by the classifier, 
each document dj is converted into a compact representation of 
its content. This can done by a technique called Vector Space 
Model, borrowed from IR, where a text dj is typically represented 
as a vector of words quantified by weights dj = <w1j, . . . , w|T |j>. 
Here, T is the controlled dictionary, i.e. the set of terms (also 
known as features) that occur at least once in at least k 
documents (in TC: in at least k training documents), and 0 ≤ wkj 
≤ 1 quantifies the term strength of tk in representing the 
semantics of document dj . This transformation process is 
characterized by what a term is and a method to compute term 
weights. Regarding term, there are many linguistic features such 
as word, phrase, sub-word and much more but the most popular 
choice is to identify terms either with the words occurring in the 
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document after eliminating stop words, i.e. topic-neutral words 
such as articles and prepositions, or with their stems (i.e. their 
morphological roots, obtained by applying a stemming 
algorithm. Regarding a term weights, it may be binary-valued 
(i.e. wkj ∈ {0, 1}) or real-valued (i.e. 0 ≤ wkj ≤ 1), depending on 
the designer of the algorithm to decide whether to include binary 
input or not. In case of binary weights, weight simply indicates 
presence/absence of the term in the document. Otherwise, 
weights are computed by either statistical or probabilistic 
techniques, the former being the most common option. One of 
the common statistical criterion to weigh the term is tf∗idf [3] 
where two basic intuitions are playing crucial role, the more 
frequently tk occurs in dj, the more important for dj it is; the more 
documents tk occurs in, the less discriminating it is, i.e. the 
smaller its contribution is in characterizing the semantics of a 
document in which it occurs. Weights computed by tf∗idf 
techniques are often normalized so as to contrast the tendency of 
tf∗idf to emphasize long documents. 
In TC, another important pre-processing step is to apply a 
dimensionality reduction phase so as to substantially reduce the 
feature space from T to T'  (T>>T') a much smaller feature space 
in terms of number of features. Dimensionality reduction often 
takes the form of feature selection: each term is scored by means 
of a scoring function that captures its degree of (positive and 
sometimes also negative) correlation with ci, and only the highest 
scoring terms are used for document representation. 
Alternatively, dimensionality reduction may take the form of 
feature extraction: a set of artificial terms is generated from the 
original term set in such a way that the newly generated terms are 
both fewer and stochastically more independent from each other 
than the original ones used to be. 

Inductive  learning 
In supervise leaning paradigm, a text classifier for ci is 
automatically learned by a general inductive process (the 
learner) which, by observing the characteristics of a set of 
documents pre-classified under ci or ĉi, gleans the characteristics 
that a new unseen document should have in order to belong to ci. 
In order to build classifiers for C, one thus needs a set Ω of 
documents such that the value of Φ(dj, ci) is known for every dj, 
ci ∈ Ω × C. In experimental TC it is obvious to split Ω into three 
disjoint sets Tr (the training set), Va (the validation set), and Te 
(the test set). The training set is the set of documents observing 
which the learner constructs the classifier. The validation set is 
the set of documents on which the designer of classifier fine-
tunes the classifier, e.g. adjusting a parameter p on which the 
classifier performance depends, the value that has yielded the 
best effectiveness when evaluated on Va. The test set is the set on 
which the effectiveness of the classifier is finally evaluated. In 
both the validation and test phase, evaluating the effectiveness 
means running the classifier on a set of pre-classified documents 
(Va or Te) and checking the degree of correspondence between 
the output of the classifier and the pre-assigned classes. 

III. LAZY LEARNING METHODS 
 

The k-Nearest-Neighbor algorithm (kNN) is one of the most 
conceptually simple TC algorithms in the literature. All 
documents in D are considered as vectors in a space with a 

similarity measure m. To determine whether an unseen document 
di is assigned to a category cj, the k most similar documents to di 
using the measure m are determined, where k is a user-adjustable 
parameter. If the number of these k documents that belong to cj 
(possibly weighted by the similarity measure m for each similar 
document) is greater than some predefined threshold, then di is 
assigned to cj, and otherwise not. This technique has been 
popularly known as majority voting kNN described in [7].Since 
the inception of kNN, several variation of kNN method has been 
found in the literature, we consider following variation of kNN 
methods for our experimental evaluation purpose. 

Distance Weighted kNN 
In voting kNN the k neighbors are implicitly assumed to have 
equal weight in decision, regardless of their distances from the 
pattern x to be classified. It is intuitively appealing to give 
different weights to the k neighbors based on their distances from 
x, with closer neighbors having greater weights. Let d be a 
distance measure, and x1,x2,….xk be the k nearest neighbors of x 
arranged in increasing order of d(xi,xj). So  x1 is the first nearest 
neighbor of x. Reference [10] proposes to assign to the ith nearest 
neighbor xi a weight wi defined as 

                               w =  
( , ) ( , )
( , ) ( , ) , if d(x , x) ≠ d(x , x)

1                          if d(x , x) = d(x , x)
 

Pattern x is assigned to the class for which the weights of the 
representatives among the k nearest neighbors sum to the greatest 
value. This rule was shown by Dudani to yield lower error rates 
than those obtained using the voting kNN rule.  

Evidence Theoretic kNN 
Reference [11] proposed an evidence theoretic k-NN method for 
classification based on Dempster Shafer Theory, in which each 
neighbor of a pattern to be classified is considered as a piece of 
evidence to support certain proposition concerning the class 
membership of a pattern. Based on the evidence, basic beliefs are 
assigned to the subset of all classes. Such basic belief 
assignments are obtained for each of k nearest neighbors and 
aggregated using the Dempster rule of combination. It is well 
known that combining basic belief assignment is computationally 
expensive and it becomes impractical when the frame of 
discernment Ω has more than 15 to 20 elements. Reference [5] 
proposed an alternative method for evidence theoretic 
classification to avoid the need of combination and the problem 
of choosing the best k for kNN. In this method, a single basic 
belief assignment is constructed for the neighbors. A 
classification rule was designed based on the basic belief 
assignment and it is known as extended kNN. In extended kNN, 
the key issue was how neighborhoods were interpreted and 
selected. The Hypercube interpretation of neighborhood was 
adopted and neighbors were selected. Reference [8] proposed an 
improved evidence theoretic kNN method for multivariate 
classification. Instead of using hypercube interpretation of 
neighborhood as used in extended kNN, we adopt a distance 
metric based neighborhood. Each neighborhood is considered as 
a piece of evidence to support the class membership of the 
pattern to be classified. Multiple neighborhoods are combined 
together to induce a mass function which represents the partial 
evidence supported by different neighborhoods. Then the new 
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instance is classified through conditional pignistic probability 
[6]. The algorithm is known as an improved evidence theoretic 
kNN which is given below.   

 

IV. EVALUATION 
 

An evaluation of text categorization performance has always 
been centered on two main issues; they are computational 
efficiency and categorization effectiveness. The computational 
efficiency of the learning algorithms is actually not a concern of 
researchers because of the currently available processing ability 
and memory speed. Therefore here we deal with categorization 
effectiveness only since it is believed as more reliable one when 
it comes to experimentally comparing different learning 
algorithms. In single-label TC, researchers measure effectiveness 
in terms of accuracy, i.e. the percentage of correct classification 
decisions reported by the learning algorithm. However, in binary 
as well as multi-label TC, accuracy is not generally believed as a 
good measure. The underlying intuition is that in binary TC 
applications the two categories ci and ĉi are usually imbalanced, 
i.e. one contains far more members than the other. In this case, 
the classifier trivially assigns all documents to the most heavily 
populated category (i.e. ci), thus the classifier has indeed very 
high accuracy.We measure the empirical effectiveness of single-
label text categorization task in terms of the classical information 
retrieval parameters of precision and recall and micro-averaged 
F1 measures [2]. Effectiveness with respect to category is 
measured by a combination of precision with respect to ci (π), the 
percentage of documents deemed to belong to ci that in fact 
belong to it, and recall with respect to ci (ρ), the percentage of 
documents belonging to ci that are in fact deemed to belong to it 

precision (π) =
True Possitive

True Positive + False Positive 

recall (ρ) =
True Possitive

True Positive + False Negative 

If one is interested in a single quantity that measures the 
performance of the classifier there are a number of sensible 
options. The following one is commonly used:  F1-measure: The 
harmonic mean of precision and recall; that is  

F =
2 ∗ Precision ∗ recall

Precision + Recall  

RESULTS 
This section provides empirical evidence that an improved 
evident theoretic kNN classifier performs better than the other 
kNN variants. The results are based on the following two 
standard benchmark data sets. 

Data Sets 
The ModApte train/test split of the Reuters 21578 [1] data set 
consists of 12902 Reuters newswire articles in 135 overlapping 
topic categories. Following several other studies [], we build 
binary classifiers for each of the 8 most popular classes. We 
filtered the words of vocabulary using a stop list and stemming. 
The resulting vocabulary has 14506 words.  
The WebKB data set [9] contains web pages gathered from 
university computer science departments. The pages are divided 
into seven categories: student, faculty, staff, course, project, 
department and other. In this paper, we use the four most popular 
entity-representing categories: student, faculty, course and 
project, all together containing 4199 pages. We did both 
stemming and a stop words removal in order to increase the 
performance of the classifier. Thus the resulting vocabulary has 
7095 words. Results are reported as micro averaged classification 
accuracy across trials.  

Discussion 
Figure 1 shows micro-averaged F1 measure results on the 
Reuters data set using chi-Square feature selection method. The 
improved evident theoretic kNN classifier reaches a maximum of 
94.10% at a vocabulary size of 850 words. Note that although an 
improved evident theoretic kNN performs best with a large 
vocabulary and keeps a rapid increase in performance as the 
vocabulary size grows, whereas the majority voting kNN and 
distance weighted kNN are more even across vocabulary size. 
Result by evident theoretic kNN do an average of 6.2 points 
higher than other two variants. 
 
 
 
     
     Figure 1.AComparision of lazy learning classifiers for  
 
 
 
 
 
 
different vocabulary size on Reuters dataset using chi-square 
feature selection 
Figure 2 shows micro-averaged F1 measure results on the Reuters 
data set using information-gain feature selection method. The 
majority voting kNN reaches a maximum of 86.76% with only 
150 words, whereas that an improved evident theoretic beats the 
majority voting kNN and distance weighted kNN at this small 
vocabulary by showing best performance.  Moreover the 
improved evidence theoretic kNN achieves a highest measure of 
91.38% at 450 words. 
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Figure 1.AComparision of lazy learning classifiers for different  
vocabulary size on Reuters dataset using IG feature selection 
 

 
Figure 3.AComparision of lazy learning classifiers for different 
vocabulary size on WebKB dataset using chi-square feature 
selection 
 
Figure 3 and Figure 4 shows micro-averaged F1 measure on 
WebKB data set using chi-square and information-gain feature 
selection respectively. The same kind of pattern as seen in the 
Reuters is found on this data set. Here, an improved evidence 
theoretic kNN achieves slightly higher F1 measure both on 
smaller and larger vocabularies, but on average its best 
performance is 8.6 points higher than other kNN variants. 
 

 
 
Figure 4.AComparision of lazy learning classifiers for different  
vocabulary size on WebKB dataset using IG feature selection 
Based on results obtained from the experiments, we observed the 
superiority of our newly proposed an improved evident theoretic 
kNN over other kNN variants irrespective of vocabulary size. The 
experimental results on these two data sets are consistent with 
best results that were obtained by previous studies. It is also 
observed from previous study that smaller vocabulary is 
sufficient for high performance, but many real world 
classification tasks do not adhere to this phenomenon due to the 

fact that a category consists of diverse subject matters with 
overlapping vocabularies. Such classification tasks manifest the 
use of larger vocabularies for adequate classifier performance. 
Our results are consistent with this remark in that the best 
performance is often achieved with large vocabulary size. 

V.  CONCLUSION 
 

With the dramatic rise in digital documents on the World Wide 
Web necessitate the task of classifying these documents into 
semantic categories. In this paper, we described the typical text 
categorization process which consists of pre-processing, 
dimensionality deduction and inductive learning. We also studied 
the lazy learning approach to text categorization and improving 
the performance of the lazy learning thru theory of evidence. We 
reported the comprehensive empirical evaluation of three lazy 
learning methods over two benchmark datasets. In all 
experiments conducted, newly proposed improved evidence 
theoretic kNN performed reasonably well on all datasets.  
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