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Abstract
Diverse methods for linear and non-linear weighing in method of k-nearest
neighbors (k-NN) for documentary data classification are studied in the paper.
New weighing formulae are proposed, comparison of k-NN method errors and kNN weighted method is carried out. Possibility of using weighing formulae is
considered to carry out reduction (decrease) of initial selection (sampling) of
documents and raising k-NN method classification speed.
AMS subject classification: 62H30; 68T50
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INTRODUCTION
Currently non-parametric methods are widely used to solve tasks of documentary data
processing and analysis, first of all, the nearest neighbor method (NNM) and its
modifications [1-4]. Most of the studies aimed at improvement of NNM are carried out
in two main directions: improving the accuracy and raising the classification speed.
In applied statistics the nearest neighbors weighing is considered to be one of possible
approaches that can help improving the k-NN method classification accuracy. However,
currently specialists have no shared opinion on how does weighing improve the
resulting classification accuracy [4-6]. The purpose of this paper – is a comprehensive
experimental study of the nearest neighbors weighing formulae and assessment of their
impact on documentary data grouping error, i.e. text documents consisting of title,
abstract and keywords.
Along with weighing formulae the authors also consider using them for raising the
documents classification speed to improve the accuracy of non-parametric methods.
Thus, reduction procedure is carried out, based on the weighing formula proposed in
the paper.

MATHEMATICAL MODEL OF DOCUMENTARY DATA
The studies are carried out with documentary data selections (samples), presented in
form of vectors:
 x (j1) 
 



(1)
X j   x (ji )  ,


 
 x (jM ) 


where x (ij ) – i word weight in document j (j=1…N, N – number of documents in
selection, i=1…M, M – vocabulary size, i.e. number of words in selection documents).
The stop words (prepositions, conjunctions, pronouns, etc.) and uninformative (rare)
terms are deleted during preliminary processing of text documents. The tf–idf –
weighing is generally used to determine the weight of terms x (ij ) [7]:

N
x (ji )  f ij  log
 Ni





(2)

Here fij – i word frequency in document j, Ni – total number of selection documents,
containing i word.
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The tfc – weighing was used in the studies, being one of modifications of formula (2):
N 
f ij  log 
 Ni 
x (ji ) 
.
(3)
2
М 

N 
 f ij  log 

i 1 
 N i 

NEAREST NEIGHBOR METHODS AND MODIFICATIONS

Assuming that by the moment a new document X N 1 appears, all the previous N

documents are already grouped by G classes, then X N 1 according to nearest neighbor

method will be assigned to the class that its nearest neighbor X *j belongs to. We can
write the decision rule as:
 
 
(4)
d X *j , X N 1  min d X j , X N 1 , for  j=1,…,N.









Here operator d  ,  means proximity metrics or measure. As a rule the following is used
for documentary information processing:
 The Euclidean metrics (Euclidean distance):
M
 
d ( X j , X l )   ( x (ji )  xl(i ) ) 2
(5)
i 1



Cosinusoidal proximity measure [7]:
M
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Let’s note a number of disadvantages of the nearest neighbor method (NNM):
 when taking decision on the nearest neighbor rule, the other (N-1) documents are
ignored,
 the classification accuracy is decreased in case there are irrelevant documents and
x (ij )
uninformative terms
in the selection,
 a computational problem arises, as soon as you have to calculate all the distances

X N 1
between the new document
and N of already existing elements of training
selection.
In k-nearest neighbors method (k-NN method) there is not one nearest neighbor that is
determined, but a group of neighbors closest to a new document. Number of neighbors
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k is adjustable at the stage of training by parameter. Decision to assign the X N 1 to Qg
class is taken via correlation of its k-nearest neighbors by a simple votes count. If the

greatest number of k-nearest neighbors belongs to Qg class, the X N 1 also belongs to
this class. Thus, with k-NN method one of disadvantages of NNM is eliminated and
decisions are taken based on voting of several elements of initial selection, instead of
one element.
In practice a situation often arises when a large number of different classes

representatives, including quite remote (unlike X N 1 ) documents, get into hypersphere

near X N 1 . Weighing is applied to reduce their impact on the classification results. In
weighted k-nearest neighbors method, the neighbors being the closest to a new
document dominate (have greater weight) at voting. Special formulae are used to
determine the neighbor’s weight. These formulae determine the contribution degree of
the closest and the farthest neighbors into the final decision.

DEVELOPMENT OF NEW WEIGHING FORMULAE
Quite a number of special weighing approaches for k-NN are proposed in literature on
classification theory and applied statistics [4-6, 8].
One of the first and the most simple weight calculation method was based on ranks:
(7)
r  k-j  1
And the nearest neighbor ( j  1 ) is assigned the highest rank r  k , and the farthest
neighbor ( j  k ) – the lowest rank r  1 , and hence the weights of the nearest
neighbors are changed within the range of ω j  1;k .
The formula of linear weighing (Dudani formula) was proposed in paper [5], based on
calculation of distances:
 dk  d j
,d j  d1

ω j   d k  d1
(8)
 1
,d j  d1.

where d1 , d j , d k - respectively, are the distances to the first, j and k neighbors.

The weight function in formula (8) changes from maximum equal to one, that
corresponds to the nearest neighbor, to the minimum equal to zero, that corresponds to

the farthest k neighbor. The new document X N 1 refers to the class gaining the greatest
weight at k-NN voting.
A grate disadvantage of Dudani formula is zero weight of k neighbor. A lot of papers
propose using (k+1)-neighbor at weighing, or special modification of formula (8) is
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carried out. For instance, in [6,8] the weighing formula was surveyed, where a special
 parameter is implemented to estimate the k neighbor’s weight:
(d k  d j )  ρ(d k  d1 )
,d j  d1

ω j   ( 1  ρ)(dk  d1 )

1
,d j  d1.


(9)

ρ
. The ρ value is
1 ρ
recommended to be chosen depending on the number of neighbors using formula
1
G
  or   for calculation (considering the number of classes in initial selection).
k
k
At such weighing the k neighbor will have weight of ωk 

When surveying, the authors considered the appropriateness of  parameter
implementation similarly to (9) into Dudani formula. The proposed modification is:
dk  d j  
, d j  d1

(10)
 j   d k  d1  

1
, d j  d1 .

At weighing using formula (10), the k neighbor will have weight of k 


d k  d1  

.

Formulae (9) and (10) have common disadvantage – the  parameter has to be
determined experimentally. It may require more computational effort at the training
stage.
To eliminate the necessity of optional parameters adjustment, two new linear weighing
formulae are proposed with k neighbor weigh value determined only based on
characteristics of the selection surveyed.
According to the first formula, the nearest neighbors’ weights are:
 d k  d j  d1
, d j  d1

 j   d k d1
1

, d j  d1 .
d1


(11)

At weighing according to formula (11), the  k value depends solely on the distance

1
between X N 1 and k neighbor:  k 
. Thus, the weight of k neighbors are changed
dk

1 1
within the range of  j   ;  .
 d k d1 
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In equation (11) versus formulae (8), (9) and (10) the weights are not within the range
of 0 to 1. It aggregates the practical use and correct comparison of linear weighing
formulae. This disadvantage is eliminated in the second proposed formula for the
nearest neighbors weighing:
 d k  d j  d1
, d j  d1

j  
(12)
dk

1
, d j  d1.

At such weighing, the k neighbor has weight  k 

d1
, and the weight values vary
dk

d 
within the range of  j   1 ;1 .
 dk 
The appropriateness of using k-NN non-linear weighing formulae to raise classification
accuracy [8] is discussed in a number of publications related to non-parametric
methods. In particular, the formulae of exponential and Gauss weighing are considered.
Exponential weighing is determined as:

 j  k d

j

/ dk

2
j

/ d k2

(13)

Gauss weighing is determined as:

 j  k d

(14)

In formulae (13) and (14) the k neighbors’ weights change within the range of
 j  k ;1 . The “narrowest point” of non-linear weighing is  k , requiring special

 

experimental studies.

EXPERIMENTAL STUDY OF WEIGHING FORMULAE
For the studies, 9 selections of text documents were formed out of 3 databases (digital
library of Association for Computer Machinery (ACM), digital library of scientific
papers ResearchIndex (RI), databases of papers of the leading scientific journals
COMPuterized ENgineering inDEX ( Compendex)).
Each selection contains documentary data, distributed by 7 subjects, provided that 700
documents are used as training examples, and 140 documents – as examination ones,
for estimation of classification error.
During preliminary processing of data and parameters settings the following was
chosen [9]: Euclidean metric; tfc-weighing; number of informative features М=125;
k=25. Experiments for parameters settings of weighing formulae and k-NN method
classification accuracy determination were carried out.
Study No.1. The aim – choosing  value in weighing formulae (9) and (10), and k
value in weighing formulae (13) and (14). During the study the adjustable parameters
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are changed within the range of (0;1) and an average error of k-NN method is estimated
for nine examinational selections.
Figure 1 demonstrates connection of average classification error (by nine selections) of
the nearest neighbors weighted method with the  and k adjustable parameters. Here
Ro, DudaniRo, Gauss and Exp - weighing are carried out with (9), (10), (13) and (14)
formulae, respectively.

Average error of k-NN method classification, %
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Figure 1: Connection of classification average error of nearest neighbors weighted
method with  and k parameters
We can see from the connections presented that the minimal average classification error
is obtained at  =0.98 parameter value for formula (9);  =0.38 for modified Dudani
formula (10); k =0.11 for exponential weighing (13); k =0.26 for Gauss weighing
(14).
Study No.2. The aim – accuracy comparison of k-nearest neighbors weighing and k-NN
weighted method when using diverse nearest neighbors weighing formulae.
Figure 2 demonstrates the average classification errors, obtained with nine selections
using k-NN method and k-NN weighted method at nearest neighbors weighing method
variation. Here Simple voting – is classification of observations based on simple votes
count (k-NN method); Rank, Dudani, Ro, DudaniRo, 1_dk, d1_dk, Gauss, Exp –
weighing of the nearest neighbors using formulae (7), (8), (9), (10), (12), (11), (14) and
(13), respectively.
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Figure 2: Average errors of k-NN and k-NN weighted methods classification at
diverse methods of nearest neighbors weighing
The classification results (see Figure 2) differ from each other not significantly, but
analysis of these results using non-parametric Friedman test [10,11] showed the
processing effect. After the errors results of k-NN method classification with rank
weighing and Dudani formula weighing (the greatest value of the average classification
error) were excluded from the analysis of the classification, the second Friedman test
showed no statistically significant differences in the results of the classification when
using remaining k-NN modifications.
Based on the results obtained we can make conclusion that during documentary
information processing it is not possible to ensure stable and statistically significant
domination of k-NN weighted method over the basic classifier (k-NN method). In
addition, when using weighing formulae (9)-(14), with the greatest part of selections
studied the k-NN weighted method shows higher accuracy and lower average error.
WEIGHING FORMULAE FOR INITIAL SELECTION REDUCTION
Vital task of classification theory is to improve non-parametric methods. Various
approaches [8, 12-18] are proposed to solve this task. One of such approaches is to
perform reduction of the initial selection, i.e. reduction of observations number
involved in making decision on assigning a document to particular class.
This paper considers the reduction procedure, when based on the weighing formulae
developed, criterion is implemented for revealing “internal” documents mostly
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surrounded by the same class documents, and being far from elements of other classes.
Next, the “internal” documents are checked for possibility of grouping, and thus
selection is reduced and performance is raised.
The criterion for revealing “internal” documents, using linear weighing is as follows:
w
(15)
 
 1 
w  w


Here w  and w  - are sums of weights of the nearest neighbors of X j document,
belonging and not belonging to g class, the weights can be calculated using formulae
(7)-(14);  - the threshold value, allowing to control the reduction rate and selected
from the range 0; 0,5 .
It was determined during experimental studies that formula (12) in the best way suits
for documents weighing in criterion (15). The reduction procedure, considered in
details in paper [18], includes four main stages. At the first stage the target indicator is
set, determining the required reduction rate and allowable classification error increase.
At the second stage the radii of regions are calculated for each class R1 ,…, Rg ,…, RG ,
the threshold value  is chosen, and using criterion (15) the “internal” documents
collection (file) is revealed. At the third stage the reduced training selection is formed
and the following steps are implemented:

1. For all the “internal” documents X j the following two operations are performed:


in collection of pairwise distances W  for X j the “friendly” neighbors X т  Qg

and “alien” neighbors X p  Qg are located, falling into Rg radius region; the
difference value Z between the number of “friendly” and “alien” neighbors is
calculated.
2. The list of documents is made, arranged in descending order of Z difference value.
3. S documents from this list belonging to different classes S  G  are selected.

4. X j meshing (by averaging) is performed for each of the selected documents with
its nearest “friendly” member.
5. For the new element obtained by averaging, value of  criterion is determined.
The meshing is a success, if for all the S of new documents the condition   1  
is true (i.e. documents are still assigned to category “internal”), otherwise, another

selection of documents is performed. At success meshing, many vectors X j are
reduced by S documents. If it is not possible to find a document meeting the
specified requirement for none of the classes, it shall be proceeded to step 7.
6. If classification error of test selection by k-NN method during training on reduced
collection does not exceed error of test selection classification during training on
initial collection by over 3%, the matrix of pairwise distances is recalculated and
it is returned to step 1 to choose new elements for meshing.
7. The reduced collection of internal documents is determined.
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At step 6 of reduction procedure with test selections, that contrary to training selections
were not considered for reduction parameters settings, the accuracy and performance
of non-parametric classifier prior and after reduction is estimated.
In this experiment when performing reduction of initial selections, formula (12) was
used for weighing, the regions radii for classes were chosen from range [0.87; 1.18],
the threshold, assigning the reduction rate,   0,4 . The reduction procedure allowed to
decrease the selections size averagely by 19%, and, thus, to increase the performance
of k-NN method averagely by 19%.
All the studies and parameters matching were carried out in the software suit developed
for processing and analysis of text documents [19].
The k-NN method accuracy at reduced selections only slightly differed from the results
presented in Figure 2 for classification with complete (not reduced) selection, and the
error increase was under 0.5%.

CONCLUSION
The performed analysis of the existing and newly developed weighing formulae showed
that these formulae did not allow ensuring statistically significant increase of
classification accuracy of documentary information using k-NN method.
Nevertheless, using weighing for the greatest number of selections considered improves
classification accuracy, performed using non-parametric methods. And also the
classification accuracy is influenced by peculiarities of initial selections and “nature”
of data.
In practice when analyzing real selections using k-NN method it is relevant to assess
appropriateness of weighing to obtain the higher accuracy of documentary information
grouping (currently such assessment is not carried out most often). It will allow to better
consider peculiarities of specific selection and determine the most efficient method of
classification among the family of non-parametric procedures.
In addition, possibility to use weighing formulae in classification theory is much
broader. This paper demonstrates successful application of such formulae to build a
criterion for revealing “internal” documents and reducing selections, i.e. ensuring
higher speed of k-NN method classification at the specified accuracy.
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