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Design of Lazy Classifier based on Fuzzy k-Nearest Neighbors
and Reconstruction Error
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k-Nearest Neighbors

Abstract

In this paper, we proposed a new lazy classifier with fuzzy k-nearest neighbors approach and feature selection which
is based on reconstruction error. Reconstruction error is the performance index for locally linear reconstruction. When
a new query point is given, fuzzy k-nearest neighbors approach defines the local area where the local classifier is
available and assigns the weighting values to the data patterns which are involved within the local area. After
defining the local area and assigning the weighting value, the feature selection is carried out to reduce the dimension
of the feature space.

When some features are selected in terms of the reconstruction error, the local classifier which is a sort of polynomial
is developed using weighted least square estimation.

In addition, the experimental application covers a comparative analysis including several previously commonly
encountered methods such as standard neural networks, support vector machine, linear discriminant analysis, and C4.5
trees.

Key Words : Lazy Learning, Local Learning, Lazy Classifier, Locally Linear Reconstruction, Feature Selection, Fuzzy
k-Nearest Neighbors
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Table 1 Basic notation used in the study
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(q: query point, n: nearest neighbor)
Fig. 1. Reconstruction Error

(g: query point, n: nearest neighbor)
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yq—{Q’ 50 17
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o]7]4, y,i= query pattern x,°] class label & €]7] gt

6. 8 AT H Z uF

2 AFAE Atd ERVIY S HUsh] $lsk
Aetd BH7|E 2ol dole ¥ (synthetic dataset)¥}

A stE dlo]lE] ¥ (machine learning dataset)ol] 28
st EF7IZA ] AeS B R 2Aeh 48 s
TRV Aggozy B dFdaes 2-Fd s EFaAl
ws oFH, 7)A sF dlely 32 UCI machine
learning repository2F-E 53 5719 dHolE HIE
< o]&3sl 7|E =iolA AdE E£F/V] 7IHEY v
Hrieith B8 dolg e 7:39 v &R AYsA oy
tolEl e} HAE dolHZE 10 #3tuo] 238 =35k

Heh Agke Aloj71e &7/ A% H7b
A A08), (199 #ol
(misclassification rate) P]&= 3t}

N
,.Zf (v =) (18)

o714, N2 dlo[gfe] =5 ondtt.

~ |0y, #y;

flyi—y) = B (19)
Ly, =y

2. ALE BRI AA FEbeE
Table 2. Design parameters of the proposed classifier

Polynomial Order (O)| O(constant), 1(Linear), 2(Quadratic)

2,3,4,5 6,7 8 910, 20, 30, 40, 50,

Number of neighbors 60, 70, 80, 90, 100

Fuzzification In the range of 1.274.0 varying with
Coefficient (p) step of 0.2
Shape Parameter |In the range of 0.272.0 varying with
(WF) step of 0.2
Number of selected 109 ~ 70% of the whole input
feature (SV) variables

At ER7IE AAY o dad g ES E 200

NS

6.1 2ol tlolel &g

Ake w5719 A% AE g8 1Y 25k 2L 249
5ol dlolg Yol Ak BHI)E A gste] AL 74
a9

« Chass1
Class 2

) mi= | 5, ma= [92], me= ]3],

0.5 —0.5 0.5
_[~05] . _[02% 0
M {*0.5] 2= [ 0 0.22]
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(c)classl: xy= Sin(ml) + Ulo),
class2: x, =sin(z,) — U(o)
a8 2 23k 2 S Bejdlely ¥
Fig. 2 Two dimensional two class synthetic datasets

a9 2-(0)olA Ulo) e T%5 X 52 gujey, o
= 5 ¥ gae] B eugr,
Ul)e [0 o9 9499 go] w53 FEEELE /X E
2 ou)dit) o= w5 BE BE Y & oul3l
1

3 2= o)

= T M1

T 3 ztzte] me) diole] Pl sl Aty 2]
£ Agele de AR F M Fo AEL BT

¥ 3.7 2o doly Aol gt Aetd 7] AT
Table 3. Classification performance of the proposed
classifier for the synthetic data sets

Error Rate
Datasets | O K m Training data | Testing data
0 6 | 34 8.4+2.29 7.35£2.61
Dataset A| 1 4 | 36 6.9+1.24 6.9+1.24
2 4 | 1.8 7.65+2.01 71£1.24
0 | 10 | 3.8 14.4+1.18 13.73£1.83
Dataset B| 1 3| 20 13.08+2.09 13.73+2.04
2 2 | 36 14.75+1.57 13.4+2.38
0 4 |12 18.68+2.87 19.08+6.66
Dataset C| 1 5 | 24 5.21+0.78 4.92+2.06
2 2 112 2.96+0.56 2.92+2.31
3 3elA HRl wkel o] tiAHor HF e} 23
Sate] Asdew wAEE B wrks B A%l
958 Jo et
a9 38 dold A% Aol ul@ Ak 2R719) B4
AAE Helth

(a) Constant

106

(¢) quadratic polynomial
T8l 3. Dataset Al g E/719 #A A7
Fig. 3. Boundary of classification for Dataset A

a9 4% dole A% Bel e Alkd BRvle] w4
AAE nelt
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(c) quadratic polynomial
% 4. Dataset Aol Wg /719 &4 AA
Fig. 4. Boundary of classification for Dataset A

a3 5% dlolg #E Col hdt Aokd EH719]
AAE Rtk

F-Ef

A

!

x1

(¢) quadratic polynomial
32! 5. Dataset Aol th3t E/F719] 4 A7
Fig. 5. Boundary of classification for Dataset A

6.2 7| A &&H ol H

At E5719 A B/ deS vl 7}5}] H 3]
718 7719 benchmark data® ©]&5+= 714 <
olf] 3ol ALt ot /7Y 74l g ] Sl
AEE FolA 2 class wwAIQ] 5719 714 85 wlelE 3

g AAsel 498 S stk A4 delr gl
e kel 49e E 40 YA,

¥ 4. 23] Al-8% machine learning dataset
Table 4. Machine learning dataset used in the
experiment

Dataset Number of features | Number of patterns
Heart 13 270
Tonosphere 34 351
Pima 8 768
Sonar 60 208
WDBC 30 569

® 5% 579 714 g5 deoly 3ol Aol Altd
L 4 ]Q]r o0& 2 4l EF771EHE] s vlagt Ao
t}. Standard Neural Networks, @94l linear discrim-
inant analysis (LDA)®} Support vector machine (SVM)
(http://theoval.sys.uea.ac.uk/ gcc/svm/toolbox/) <
MATLABS o]&3te] 7% A& o] &3 Aol

C45 trees= MATLAB classification  toolbox
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