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Abstract: A weighted ANNModel-based data reduction and classification algorithm, called wANNModel, is
proposed in this paper which aims to find some more meaningful representatives to replace the original dataset for
further classification. Each representative is formed by an instance and its weighted neighborhood which satisfies a
predefined threshold. Compared to ANNModel the proposed method as an alterative to other ANN algorithms,
further alleviates the effect of abnormal data, i.e. noisy or boundary disturbance data, to data reduction and
classification, thus contributing to the improvement of data reduction rate.
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1 Introduction

Classification is a method to establish categorization rules so as to classify new data on the basis that
each class has already had been defined by a certain sample data. Among the well-known classification
algorithms, ANN (the K-Nearest-Neighbors), which is simple but effective in many cases "' 2, is
widely studied and applied. The basic idea of ANN (the k-Nearest-Neighbors) is: among k data nearest
to a new datum ¢, the class that most data belong to will decide the class of ¢. Therefore two major
factors affecting the application of ANN include: (1) the selection of parameter k: the classification
accuracy of ANN, to some extent, depends on the selection of the value k; (2) the classification
efficiency: being a lazy learning algorithm without pre-modelling, ANN spends all computing time on
new data classification.

When dealing with a large repository, ANN often results in pretty high computing cost, which has
prohibited it from being applied to many areas. Many researchers are trying hard to alleviate this
problem by data reduction *!. The ANN algorithm considers that the class of a new instance to be
classified is determined by the category of its highest weighted nearest neighbors, which also means
instances from its nearest neighbors may belong to other classes. This paper proposed to discuss how to
apply the weighted ANNModel to deal with datasets with large size by the proposed data reduction and
classification method.

1.1 Related work

Two data reduction methods generally used in literature are: selection and replacing methods.

e Selection method: aims to reduce a dataset by selecting representatives from the training dataset.
Selection-based data reduction methods include: CNN (Condensed Nearest Neighbor Rule)

proposed by Hart ¥ at the end of the 1960’s, RNN (Reduced Nearest Neighbor Rule) proposed by

Gate ) in the 1970’s, SNN (Selective Nearest Neighbor Rule) proposed by Ritter [, a series of

sample-based learning methods (IB1~IB5) proposed by Aha "*] at the early stage of the 1990s and the

most recent (DROP1~DROPS5, DEL) proposed by Wilson B,

Their major shortcoming lies in the fact that there is no inductive learning in the selection process,
that is, there is no additional information useful for classification. Therefore, although it can effectively
reduce the number of training datasets, it can not “improve” but only “preserve” its classification
accuracy .

e Replacing metho replaces the original training dataset with a new training dataset, and
the data from the new training dataset may differ from any data in the original training dataset.

Two commonly used methods are Hierarchical Clustering method by Chang and Bezdek '”! and the
further improvements put forward by Mollineda ' ',

The major shortcoming of replacing method lies in its computing complexity. Plenty of computing
time is exhausted on endless amalgamation and post-amalgamation check over the consistency with
original data *].

kNNModel proposed by Guo et al [9] combines the strength of both selection and replacing methods.
By using kNNModel method, a representative datum chosen from training dataset (selection method),
plus its own category and neighborhood information, forms a representative tuple (or global
neighbourhood). It is a condensed result of a certain local region in its original data space. All data
from this local region share the same class with the representative data. A new training dataset (model)
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formed by these representative tuples will replace the original training datasets (replacing method) for
further classification.

In order to improve the classification accuracy of ANNModel algorithm, it is advised by Guo et al [9]
that a proper error tolerant degree should be set. During the modelling process, it is allowed that each
local neighbourhood covers ¢ data different from the category of this neighbourhood. Here ¢ is the so-
called error tolerant degree. In each modelling process, the value of ¢ is fixed. The purpose of setting
the error tolerant degree ¢ is to effectively classify the datasets containing noisy data to some extent.
And its effectiveness has been testified by the experiment results .

1.2 Contributions of this paper

Compared to ANNModel in terms of representative selection, the proposed wkNNModel (Weighted 4-
Nearest Neighbors Model) data deduction and classification method takes into account the similarity-
based weighted cohesion of the data from local neighbourhood to the central point. The setting of
threshold value alleviates noisy data’s effect over the area covered by each representative tuple, that is,
to make the area covered by a representative tuple and its cohesion to the data from the same class as
large as possible, while the effect of noisy data from different category becomes as little as possible.

Compared with representative tuple in [9], the class-representative generated from the model
construction process enlarges the number of same-class data covered by a neighbourhood. Due to the
use of weighted method, the number of different—class data contained in each class representative is
decided by weight values. Different class representatives may include different number of data
belonging to other classes. However, the error tolerant degree ¢ in [9] limits the number of data from
different classes in each representative tuple. Therefore, wkNNModel aims at improving both data
reduction rate and classification accuracy.

The rest of this paper is organized as follows: Section 2 gives a brief introduction about the basic
idea of wkNNModel and its algorithm; Section 3 describes and evaluates experimental environment
and results. This paper ends with some conclusions and further research directions.

2 The proposed wkNNModel method
2.1 Basic idea

“Birds of a feather flock together” is a basic principle of data classification. Data from the same class is
characterized with strong cohesion among them. However, applications indicate that it doesn’t
necessarily mean there is no data from other class existing in the local space occupied by a certain class.
There may exist some noisy and boundary disturbance data generated in the process of using different
similarity measures or measuring errors generated during data collecting process. The proposed
weighted method is to deal with such data cohesive to each other in a local space whilst allowing few
data belonging to other classes. These data and their neighborhoods will serve as class representatives
(called representative tuples in [9]). It aims at reducing the effect of data from other classes in the
process of classification, and to form a classification model (the reduced dataset of the original training
dataset). On this basis, a new instance is still classified in the spirit of ANN. This is the basic idea of the
proposed wkNNModel method.

When Euclidean distance is used as similarity measure, data of a class often cluster in a
neighbourhood whose corresponding central data have rather strong cohesion to data of the same class,
while data from different classes have weaker weighted influence to the central part. The basic idea of
data reduction is to find those representative data d and its neighbourhood O(d,r) which covers a

number of nearest neighbours through defining the influence between any two data. In O(d,r), d is

the generalised center, 7 is the radius of the neighbourhood and c is the effect among the nearest
neighbours whose class is the same as that of representative data d and should be far stronger than that
of the data with different class. The effect from different-class data is set within a scope controlled by
threshold value.

Therefore, for the purpose of data reduction, it is expected that 5(d ,r) contains as much data
from the same class with d as possible. So d becomes the representative data of the class covered by
5(d ,7) . The meaning of other symbols used in this paper are: Num(d) — the number of data with the
same class as d covered by O(d,r); Sim(d) or r — the distance between the most marginal data and
its central point d within O(d,r). As a model, the group formed by those representatives will replace
the original training dataset, thus complete the task of reducing original training dataset. For a new



data ¢ to be classified, if it is only covered by O(d,r)of one representative, it will be determined to

share the class with d; if it is covered by several representatives, the number of those representatives
will be counted according to the number of their categories. The class with the most members will

serve as the category of . If ¢ is not covered by O(d,r)of any representative, its category will be

determined by O(d,r) whose border is the nearest to it.

The following graphs briefly illustrate the difference of class representative selection between
kNNModel and wkNNModel.

Given a training dataset with two classes denoted as squares and triangles in Figure 1, its
distribution in the two-dimensional space is presented as follows:
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Fig 1. Data distribution in two-dmensional space Fig 2. The difference between 5(d, ry) of WkNNModel and
O(d,r,) of KNNModel

In Figure 2, 5(0’ R rl) represents a neighborhood covered by the first representative tuple d that is
found by AKNNModel (e=0). O(d ,¥,) represents a neighborhood covered by the first class

representative found by whkNNModel. It is clear that there is a noise because of an instance from other
classin O(d, 7, ) within the scope controlled by weighted threshold value; but d and its neighborhood

O(d,r,) cannot serve as a class representative, because the cohesion (weighted value) of the four
instances from other classes has exceeded the scope allowed by the threshold value (maximum 3 for
example).

2.2 Description of algorithm

To maintain the generality, the “data” mentioned here is not particularly referring to the data in a
certain application case. Similarly, the so-called “similarity” can be any one of commonly used
similarity measures if it is suitable for a given application. Taking Euclidean distance as an example,

the distance between data d |, d , is presented as p(d ,,d ,) -

Given a dataset D with n classes denoted as c¢,,c,,...,c,, where C;is a collection of data from

¢, class, then D can be represented as

o= Jc (1)
i=1

Forvd€D, O(d,r)represents a data group from D, whose distance to d is less than or equal to r. If
d € C; the proposed wkNNModel algorithm finds the O(d,r) which can serve as a class representative
neighborhood. When r extends outwards, the cohesion of data from O(d,r)to the data of the same

class should be far stronger than the cohesion of data from other classes (which is controlled by
threshold value.). For each C;such class representative is probably more than one.



The cohesion between every two data and the distance between them is inversely proportional, that
is, the closer they are to each other, the stronger the cohesion between them, and vice versus. For any

instance d; from O(d, r), its effect to d, is defined as follows:

d,d . d,d .
effect=1 —M where, 0 <1 —Q <1 ()
The total effect from all instances in O(d, r) to the center d is defined as w(d, 7) :
pd.d ;)
wd.r= Y (-—5) (3)

dj eO(d,r)/\dj eD

Here, w C(d ,7'), the cohesion weight of the data from 5(@’ ,7) sharing a category C; with d is
defined as:

d,d
> a2

d ;€C;nd ;€0(d,r) r

4
Wd.r) Y
W g (d,r), the cohesion weight of data different from the class of d is
CERY
d ;¢C;nd ;€0(d,r)nd ;€D r

5
Wdor) v
Obviously, the sum of W .(d,r)and w . (d,r) satisfies the following condition:
weld,r)+w,.(d,r)=1 (6)

wa(d,r)=

wp(d,r) =

As a class representative, it is expected that » and W .(d, 7) is as big as possible, while w ..(d, ) is

as small as possible.

An algorithm based on aforementioned idea and the definition of weight, called wANNModel o,
represents the original algorithm of wkNNModel. Unfortunately, wkNNModel o doesn’t reach
anticipated accuracy and reduction rate in the experiment. Through carefully analysing each
representative generated by wkNNModel o, we found that some representatives have pretty low
density. A typical example of such representatives is shown in Fig. 3. A candidate of class
representative is expanded outwards along the radius rl, r2, r3, until R. Because d1, d2 are far away
from d, their effects to d are quite small. Adding them into O(d,r ,) may not exceed predefined

threshold of O(d,r,), thus O(d,r,) could be chosen as a representative. However, O(d, r,) covers a

too large size of sparse space between O(d,r,) and o, r ,)» resulting in relatively lower density of

this representative, thus affecting its representativity to the local area covered by it. In order to solve
this problem, a new parameter p is introduced to control density of each representative in the final
algorithm, called wkNNModel d. The density control value is used to avoid choosing a candidate as a
class representative which covers a too large size of sparse space, in order to improve the quality of
each class representative. The experimental results indicate that the density control value indeed very
much influence the reduction rate and classification accuracy of wkNNModel.
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Fig3. Od,r ,) - An example of a representative without counting density

The detailed model construction algorithm of wkNNModel d, is described as follows:
(1) Input a threshold & , a density control value p and a dataset D with n classes and ¢ features.

(2) Create a normalized version of D: Dy ={ d,d....dp }, where d, €D, denoted as
(d“,d,z,...,d,.q) , Obviously, for Euclidean distance, Dy 5(0,2\/5). 0 is the centre of

area covered by 5(0,2\/; ) ; Select a similarity measure and create a similarity matrix from

m . . — .

Dy; Calculate p, =—-= - the density of class ¢; on the radius of 0(0,2\/; ), where m; is

2l
the number of instances with class ¢;in Dy; Finally, set to ‘0’ the tag of all data in Dy,
(3) For each instance d with tag ‘0’ (assume that d € C,), the algorithm starts from the nearest
instance with tag “0” or “1” and expands it outwards along the radius until it does not
Num(d) S P
rooop
w.(d,r) < ais chosen as a candidate of class representative. If it doesn’t satisfy the
Num(d :
# < vl once the nearest data is chosen, the tag of d is set to “-1”.
r p
(4) Among the candidates generated from step 3, we choose one with largest Num(d) as a class
representative and add it into M, . Meanwhile, we set “1” to the tag of all the data covered
by it.
(5) Repeat step 4 to 5 until all the data’s tag in Dy is set to “1” or “-1”.
(6) Output the created model M

In the above algorithm, a data with tag “0’ means it has not been treated; a data with tag “-1”
means it is not qualified as a candidate of class representative; a data with tag “1” means the data has
already been covered by one of generated representatives.

In Step 4, if there is more than one candidate having the same largest value of Num(d), the one
with smallest value of  is chosen as a class representative. Choosing a candidate with smallest radius
but covering largest number of data as a class representative is to improve reduction rate whilst keeping
higher density of a class representative as possible.

satisfy the condition of , the latest O(d,r) satisfies the condition of

condition of

For model M, , a class representative O(d,r) is denoted as the form of <Cls(d) » Sim(d) ,
Num(d),Rep(d)>, where Cls(d) represents the class label of d, Sim(d) represents the radius 7 of

ow,r), Num(d) represents the number of data in O(d,r) with category d, and Rep(d) represents a
representation of d itself.



The classification process of wkNNModel d is described as follows:
(1) For a new data ¢ to be classified, calculate its similarity to all representatives in the model
Ma .
(2) Iftis covered only by one representative O(d,r), t is classified as the category of d.

(3) Iftis covered by at least two representatives with different categories, count the number of
representatives in each class, classify 7 as the category with the largest number.

(4) If no representative in the model M« covers ¢, find a O(d,r) with minimal p(d,¢)—r
and classify ¢ as the category of d.

3 Experiment and Evaluation

3.1 Datasets

Experiments using the 10-fold cross validation method have been carried out to evaluate the prediction
accuracy of wkNNModel d, and to compare the experimental results with wkNNModel o, ANN,
kNNModel and other data reduction algorithms in literature.

Fifteen public datasets were chosen from the UCI machine learning repository. Some information
about these datasets is listed in Table 1.

Table 1 General information about the chosen datasets

Dataset NA | NN NO NB NE CD
Aust 14 4 6 4 690 383:307
Colic 22 16 7 0 368 232:136
Diabetes 8 0 8 0 768 500: 268
Glass 9 0 9 0 214 | 70:76:17:13:9:29
HCleveland 13 3 7 3 303 164:139
Heart 13 3 7 3 270 150:120
Hepatitis 19 7 1 12 155 32:123
Ionosphere 34 0 34 0 351 126:225
Iris 4 0 4 0 150 50:50:50
LiverBupa 6 0 6 0 345 145:200
Sonar 60 0 60 0 208 97:111
Vehicle 18 0 16 0 846 | 212:217:218:199
Vote 16 0 0 16 232 124:108
Wine 13 0 13 0 178 59:71:48
Zoo 16 16 0 0 90 37:18:3:12:4:7:9

In Table 1, the meaning of the title in each column is follows: NA-Number of attributes, NN-
Number of Nominal attributes, NO-Number of Ordinal attributes, NB-Number of Binary attributes,
NE-Number of Examples, CD-Class Distribution.

As we use Euclidean distance as a similarity measure in the experiment for ANN, ANNModel and
wkNNModel o and wkNNModel d, fifteen datasets were pre-processed, i.e. normalized, before
conducting the classification.

3.2 Evaluation

In the experiment, the parameters setting for each algorithm is described as follows:

e For wkNNModel o (WANNM_O in the Table 2 and 3 for short), the threshold & is set
from 0.01 to 0.1 with step 0.01. the ¢ value with best classificaiton accuracy is chosen and
reported in Table 2 and 3.

e  For wkNNModel d (wkNNM_D for short), the threshold ¢ is set from 0.01 to 0.1 with
step 0.01, and p is set from 1 to 20 with step 1 for each & , we choose the & and p values
with the best classification accuracy.

e For ANNModel (KNNM for short), the error tolerant degree  is set to 0.



reduction rates are presented in Table 3.

For kNN, the value of & is set to 5. In our experiment, the average classificaiton accuracy of
5-NN over 15 datasets is better than 1-NN and 3-NN.

The classification accuracies of ANNM_O, wkNNM_D, kNN, ANNM and other data reduction
algorithms ! using 10-fold cross validation method are presented in Table 2. The corresponding

Table 2 A comparison of data reduction methods by classification accuracy

Dataset o WKNNM_o o p wWkNNM_ d| kNN | kKNNM | CNN | SNN IB3 | DROP3 | DEL
Aust 0.05 71.88 0.09 3 83.47 85.22 84.64 77.68 81.31 85.22 83.91 84.78
Colic 0.05 78.28 0.04 13 82.08 83.06 82.50 59.90 64.47 66.75 70.13 67.73
Diabetes 0.01 6537 | 001 19 67.84 | 7421 | 7408 | 6576 | 67.97 | 69.78 75.01 | 71.61
Glass 0.03 57.05 0.03 17 61.68 67.62 65.24 68.14 64.39 62.14 65.02 69.60
HCleveland | 0.10 7353 | 007 17 78.19 | 81.00 | 8033 | 73.95 | 7625 | 81.16 80.84 | 79.49
Heart 0.05 73.70 0.09 5 80.37 80.37 80.74 70.00 77.04 80.00 83.33 78.89
Hepatitis 0.08 81.25 0.03 2 84.58 83.33 85.33 75.50 81.92 73.08 81.87 80.00
Ionosphere 0.06 80.65 0.07 5 87.17 84.00 93.71 82.93 81.74 85.75 87.75 86.32
Iris 0.02 94.66 0.08 2 96.67 96.67 96.00 90.00 83.34 94.67 95.33 93.33
LiverBupa 0.03 64.87 0.04 13 65.52 66.47 64.41 56.80 57.70 58.24 78.00 61.38
Sonar 0.04 75.50 0.01 10 81.33 85.00 82.50 74.12 79.81 69.38 78.00 83.59
Vehicle 0.01 59.42 0.01 15 62.87 69.29 65.36 67.50 67.27 67.62 65.85 68.10
Vote 0.09 88.76 0.08 8 92.21 92.17 88.70 93.59 95.40 95.64 95.87 94.27
Wine 0.07 89.80 0.04 7 93.82 94.71 94.71 92.65 96.05 91.50 94.93 94.38
Zoo 0.07 96.66 0.09 13 98.89 95.56 92.22 91.11 76.67 92.22 90.00 90.00
Average / 76.76 / / 81.11 82.58 82.03 75.98 76.76 78.21 81.72 80.23
Table 3 A comparison of data reduction methods by reduction rate
Dataset o wkNNM_o o p  WKNNM_d | kNN | KNNM CNN SNN IB3 | DROP3 DEL
Aust 0.05 95.65 0.09 3 99.13 0 90.43 75.78 75.85 95.22 94.04 97.40
Colic 0.05 9293 | 004 13 92.39 0] 8424 ] 6434 | 5135 9151 89.70 | 78.18
Diabetes 0.01 83.98 0.01 19 83.59 0 86.98 63.11 57.05 89.03 83.10 87.36
Glass 0.03 76.17 0.03 17 76.17 0 88.32 61.47 57.37 66.20 76.12 61.58
HCleveland 0.10 98.68 0.07 17 98.02 0 87.79 69.16 66.12 88.89 87.24 86.36
Heart 0.05 95.56 0.09 5 97.41 0 88.52 73.83 66.22 86.42 86.38 95.30
Hepatitis 0.08 98.06 | 0.03 2 99.35 0] 8839 ] 7470 | 69.04 | 94.91 9220 | 92.41
Ionosphere 0.06 80.65 0.07 5 98.86 0 85.15 78.38 80.79 85.41 92.94 87.12
Iris 0.02 97.33 0.08 2 98.00 0 96.00 87.26 85.93 80.22 85.19 90.44
LiverBupa 0.03 79.71 0.04 13 83.77 0 83.48 59.13 47.41 89.34 75.01 87.36
Sonar 0.04 94.23 0.01 10 91.83 0 86.06 67.15 71.74 87.98 73.13 70.14
Vehicle 0.01 7872 | 0.0l 15 79.43 0] 87.83 ] 6296 | 5679 | 71.64 77.00 | 67.49
Vote 0.09 99.14 0.08 8 99.14 0 93.53 90.88 89.79 94.56 94.89 98.00
Wine 0.07 97.75 | 0.04 7 98.31 0] 9045 ] 8570 | 8577 | 83.40 83.89 | 91.00
Zoo 0.07 91.11 0.09 13 91.11 0 92.22 87.53 89.38 70.62 80.00 81.73
Average / 90.65 / / 92.43 0 88.63 73.43 70.04 85.02 84.72 84.79

In Table 2 and 3, the number with bold-font in each row represents the best classification accuracy

or the highest reduction rate over the leftmost dataset. Some selection technique-based data reduction
methods are chosen for comparison in the experiment. More information about data reduction methods
can be found in literature [3].

wkNNM_d mainly relies on selection technique. So in the experiment, we compared whiNNM_d
with few well-known selection technique-based data reduction methods, i.e., CNN, SNN, IB3, Drop3
and Del. From the experimental results, it is clear that wkNNM o obtained the highest average
reduction rate among 9 algorithms for comparison without decreasing classification accuracy.
wkNNM_d also obtains the highest reduction rate over 7 out of 15 individual datasets.

From the experimental results, it is also clear that the problems of wkNNM o appeared in Figure
3 have been solved by introducing the density control value in wkNNM _d. This justifies our hypothesis.
Moreover, a study of the influence of density control value p to classification accuracy and reduction
rate of wkNNM_d has been conducted in the experiment. The experimental results are shown in Figure
4 and Figure 5.

In the experiment, the relationship between classification accuracy and density control value,
reduction rate and density control value are similar. They have similar movement over fifteen datasets.
Figure 4 demonstrates the relationship between classification accuracy and density control value p over
five datasets. Figure 5 demonstrates the relationship between reduction rate and density control value p
over other five datasets.
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Fig 5. Relationship between reduction rate and density control value

In Figure 4, p is varied from 1 to 20 with step 1. The graph demonstrates similar movement over 5
different datasets — when p=1 (least control), the classification accuracy is pretty low. With the increase
of p, the classification accuracy increases quickly at the first few steps. But after reaching a certain p
value, the classification accuracy moves steady within a small range. However, with the increase of p,
the reduction rate decreases slightly. So, the value of p can be tuned within a small range.

4 Conclusions

In this paper, we propose a similarity-based weighting computing technique aimed at overcoming the
influence of different noisy data to the representative tuple. The introduction of a density control value
in wkNNM _d significantly improves the quality of chosen class representatives thus improving the
classification accuracy of wkiNNM o as well. Moreover, the proposed wkiNNM d significantly
improves the reduction rate, thus improving the efficiency of classification of wANNM d. The
experimental results on 15 public datasets show that wkNNM has obtained the highest average
reduction rate among nine data reduction algorithms compared whilst preserving the classification
accuracy.
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