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Abstract

An evidence theoretic classification method is proposed in this paper. In order
to classify a pattern we consider its neighbours, which are taken as parts of a single
source of evidence to support the class membership of the pattern. A single mass
function orbasic belief assignmeig then derived, and the belief function and the
pignistic (“betting rates”) probability function can be calculated. Then the (poste-
rior) conditional pignistic probability function is calculated and used to decide the
class label for the pattern.

It is shown that such a classifier extends the standard majority voting based
k-nearest neighbour classifier, and it is an approximation to the optimal Bayes
classifier.

In experiments this classifier performed as well as or better than the voting and
distance weighted k-nearest neighbours classifiers withkbasat its performance
became stable when the number of neighbours considered is greatdr than

Keywords: Dempster-Shafer theory, mass function, basic belief assignment,
probability, classification,k-nearest neighbours.

1 Introduction

The Dempster-Shafer theory of evidence [1] is now widely accepted as a rich and flex-
ible framework for representing and reasoning with imperfect information. Situations



of weak knowledge and heterogeneous information sources can be easily modelled,
making them quite suitable for many application domains such as medical diagnosis
and pattern recognition [2].

Denoeux proposed an evidence theoretic k-nearest neighbour (kNN) method for
classification based on Dempster-Shafer theory, which is also calld®teclassifier
[3, 4], where TBM is short fofTransferable Belief Moddb]. In this method, each
neighbour of a pattern to be classified is considered as a piece of evidence to support
certain propositions about the class membership of the pattern. Based on the evidence,
basic beliefs are assigned to the subsets of all classes. asahbelief assignments
are obtained for each of thenearest neighbours and aggregated using the Dempster
Rule. In order to improve the classification accuracy of this method, a procedure is
proposed [6] to determine the optimal or near-optimal parameter values from the data
by minimising an error function. This method proves to be very competitive with the
standard kNN methods.

With the TBM classifiek basic belief assignments are derived and then combined
into a single basic belief assignment using Dempster Rule. It is well known, however,
that combining basic belief assignments is computationally expensive [2, 7]. As re-
marked in [2], the demands in space and time of the combination operation are so high
that the operation becomes impractical whenftame of discernmerf2 has more than
15to 20 elements.

Many methods have been designed to speed up the combination process [2, 8—
12]. These solutions are approximations of the combined basic belief assignment. If
we need an exact solution to the combination for lafjewe have yet to explore
new efficient methods [2]. For applications with large number of classes (e.g., text
categorisation, where there are usually tens or even hundreds of categories) the TBM
classifier may not be applicable without an efficient combination method.

In this paper we suggest an alternative method for evidence theoretic classification
to avoid the need of combination and the problem of choosing thekdeskNN. In-
stead ok basic belief assignments as used in the TBM Classifier we construct a single
basic belief assignment from the neighbours. A classification rule is designed based
on the basic belief assignment. This rule is shown to be an extended kNN method and
an approximation of the optimal Bayes classifier. Experimental results are presented to
show the competence of this rule.

2 Related work

2.1 Areview of k-nearest neighbour rule

k-Nearest neighbour rule [13], KNN, is well known in the pattern recognition literature.
According to this rule, an unclassified pattern (sample, instance) is assigned to the class



represented by a majority of itsnearest neighbours. This rule is nowadays usually
calledvoting kNN rule Cover and Hart [14] have shown that, as the nunibesf
patterns andét both tend to infinity in such a manner thettN — O, the error rate of the
kNN rule approaches the optimal Bayes error rate.

kNN is popular in pattern recognition community due mainly to its good perfor-
mance and its simple-to-use feature.

Since the inception of kNN some variations have been proposed in order to improve
its performance.

2.1.1 Distance weighted kNN rule

In voting kNN thek neighbours are implicitly assumed to have equal weight in de-
cision, regardless of their distances to the patteta be classified. It is intuitively
appealing to give different weights to thkeneighbours based on their distancex,to
with closer neighbours having greater weights.

Let d be a distance measure, ardxo,--- , X« be thek nearest neighbours of
arranged in increasing order dfx;,x). Sox; is the first nearest neighbour »f [15]
proposes to assign to thik nearest neighbour a weightw; defined as
W " Sk CBX i d(x,X) # d(xa,X)

1, if d(x,x) = d(x1,X)
Patternx is assigned to the class for which the weights of the representatives among the
k nearest neighbours sum to the greatest value. This rule was shown by Dudani to yield
lower error rates than those obtained using the voting kNN rule. However some other
researchers reached less optimistic conclusions [16—18]. [3] provides an excellent and
detailed review of distance weighted KNN.

2.1.2 Evidence theoretic KNN rule

The evidence theoretik:nearest neighbour rule [3] is a pattern classification method
based on the Dempster-Shafer theory of belief functions. In this approach, each neigh-
bour of a pattern to be classified is considered as an item of evidence supporting certain
hypotheses concerning the class membership of that pattern. Based on this evidence,
basic belief masses are assigned to each subset of the set of classes. Such masses are
obtained for each of the k nearest neighbours of the pattern under consideration and
aggregated using the Dempster’s rule of combination. In [6] Zouhal and Denoeux state
“... in many situations, this method was found experimentally to yield lower error
rates than other methods using the same information”. They then proposed an opti-
misation procedure to determine optimal or near-optimal parameter values from the
data by minimizing an error function. This refinement of the original method is shown
experimentally to result in substantial improvement of classification accuracy.



2.2 Classifier combination

Researchers have long pursued the promise of harnessing multiple classifiers to
thesize a more accurate classification procedure via some combination of the out
of the contributing classifiers to buildraultiple classifier systeifMCS) [19, 20]. The
development of multiple classifier systems has received increasing attention rece
[21-24].

It should be noted that, in general, there is no guarantee that a multiple classi
system will be more robust or more accurate than either the individual classifiers
which it is comprised or than the best single classifier that might otherwise be b
[22].

2.2.1 Classifier combination strategies

Since the best combination of a set of classifiers depends on the application an
the classifiers to be combined, there is no single, best combination scheme nor
unequivocal relationship between the accuracy of a multiple classifier system and
individual constituent classifiers.

Here are some typical combination strategies:

o A classifier is composed from multiple distinct classifiers by selecting the be
classifier to use in different situations or contexts. For example, we may perfo
analytical or empirical studies to identify the most accurate classifier in so
setting, seeking to learn about accuracy over output scores or some combina
of output scores and features considered in the analysis.

e Another procedure for combining classifiers considrrigputs generated by the
contributing classifiers. For example, in a voting analysis, a combination fun
tion considers the final decisions made by each classifier as votes that influe
an overall decision about the best classification.

¢ In a finer grained approach to combining multiple classifiers,stteresgen-
erated by the contributing classifiers (e.g., confidence measures or estimate
the posterior probabilities of the output classes, as Bayes classifiers and prop
trained feed-forward neural networks do) are taken as inputs to a combinati
function.

e More complex strategies are used in ensemble methods. They first solve a cl
fication or regression problem by creating multiple learners that each attemp
solve the task independently, then use the procedure specified by the partic
ensemble method for selecting or weighting the individual learners. Ense
ble methods include such techniques as Bayesian averaging, bagging, boos
stacking, cascade generalization, and hierarchical mixture of experts.




Much of the work on combining text classifiers has centred on the use of ba§c
strategies for selecting the best classifier or for combining the output of multiple clgk-
sifiers. As some examples, [25] used weighted linear combinations of system raflks
or scores; [26] used linear combinations of probabilities or log odds scores; [27] uged
a linear combination of normalized scores; [28] used voting and classifier selectifgpn
techniques; and [29] used category-averaged features to pick a (potentially differgnt)
classifier to use for each category. [20] presents a probabilistic combination proge-
dure that uses theontext-sensitive reliabilitiesof classifiers [30] — a set of features
that provide a low-dimensional abstraction on the discriminatory context for learni
about reliability, along with th@utputs or scoresof classifiers and thdomain-level
features

3 Definition and notations

Let Q be a finite set calledrame of discernment A mass functioror basic belief
assignmenis a mappingm: 22 — [0,1] such that

The massn(X) measures the amount of belief that is exactly committed.tX C Q
is called afocal elemenbf mif m(X) > 0. Note that in TBMm(0) need not b&, but
we assume so to simplify the presentation and this does not affect the validity of our
results.

Given two mass functionsy andmy, defined over the sam@ we can combine
them using thd®empster Rule of Combinatidras follows:

> xny=z Mu(X) - mp(Y)
2 m & mp(Z) = .
@) HOm(2) =17 ¥ xnv=oM(X) - mp(Y)
The pignistic probability functior{5, 31] associated witim is BetP: 2% — [0, 1]
such that for anfg C Q

ENX|

3) BEtRE) = 5 m(X) g

XCQ

For E1,E, C Q, we can defineconditional pignistic probabilityBetR(E; |E,) as
follows, in a way similar to conditional (classical) probability:

BetP(E1|E2) = BetP(Elﬂ Ez)/BetF(Ez).

1This is callechormalised conjunctive rule of combination[4], where thedisjunctive rule of combina-
tion is also defined, which is not further pursued in this paper.



This conditional pignistic probability is different in general from the pignistic proba-
bility computed from conditional belief functions [5]. A full discussion of this issue is
beyond the scope of this pager

4 Classification based on a single mass function from
neighbours

In the TBM classifierk mass functions are derived from neighbours for classification.
In this section we show how to derive a single mass function from neighbours and how
such a mass function is used for classification.

4.1 Probabilistic modelling of classification

Classification is a process to assign patterns to predefined categories (classes) [3]. The
patterns are described by two variables:

e X: vector ofd attributes or features. Thi¢h attribute isx; whose domain is
denoted bydom(x;), and the domain ox is denoted by d:Efdon(xl) X e X
dom(xg). In other words/ is ad dimensional space.

e V. class variable, whose domain is a finite set denoted/by

A classifier is a mapping
f:v—-W

which generates a class value (label) for any new pattern described by featurexvector
Building a classifier from data is usually callsdpervised learningThe data for
building the classifier, araining datasetcan be specified as

D={{t,c):t eV, eW, wherei=1,2--- /n}

It is usually assumed th&l is a sample drawn from an (unknown) distributiprover
V x W, and that new examples will be drawn from the same distribution.

4.2 Deriving mass function

We take the frame of discernment to¥Yei.e.,Q d:efv. We are to show how to derive

a mass function from given datagt
Suppose we want to classifye Q. In order to classify we consideh neighbour-
hoodsof t: Ej,E»,---,Ey. Eachneighbourhoods a region inQ (V) covering a set

?Interested readers are invited to look at the example in [5] about Peter, Paula and Mary.



of neighbours ot. For simplicity we takeE; as a set of the neighbours, Bpe 2.
We letE =N E, |E| =k, andN = Zihzlka — the total number of neighbours con-
sidered. The neighbourhoods may overlap, therefore it is likely|Elat. N. Some
neighbours are counted more than some others so they play more important roles. This
is in spirit similar to the weighted kNN methods [15, 32]. Figure 1 shows an example
of 3 neighbourhoods.

The neighbours provide a source of evidence supporting propositions concerning
the class membership of In the standard kNN, one neighbourhoodkaieighbours
is considered and classification is done, for example, by a majority voting among the
neighbours. In the TBM classifier one neighbourhood okighbours is considered.
The neighbours are taken as separate sources of evidence and used to ganasate
functions, each of which represents the support by a single neighbour.

Here we consideh neighbourhoods. Each neighbourhood is taken aspame
of a source of evidence, and all neighbourhoods — together as a source of evidence —
are used to generate a single mass function representing partial supports by different
neighbourhoods.

ConsiderE; € 22 andc € W. We are interested in the joint probabili(E;, c) —
the probability that a randomly selected element Q belongs tdg; and is in clasg,
i.e.,x € B andf(x) = c. Having no specific knowledge about the distributjpwe can
applythe principle of indifferencé approximateéP(E;, c) by

P(Ei,c) = |Ef|/|D|

whereEf = {x € E; : f(x) =c}.
Then we define a functiom[t], induced fort from the h neighbourhoods, as a
mappingm(t] : 2% — [0, 1] such that, foX € 22 andc e W,

P(X,c)/K, if X =E; for somei

mit] (X, ) = {0

otherwise

)

HereK is a normalising factor. It follows that = 5" ; 5w P(E;,c). Note that by
m[t](X,c) we meammit](XN{x € Q: f(x) = c}), which is similar to the interpretation
of joint probability P(X, c) (see, for example, [33]).

Clearlym(t] is a mass function. In particul@cy ¥ x o0 Mt](X,¢) = 3 cew Sy mit)(Ei,¢) =

4.3 Classification based omit]

We propose to classify new patterns through conditional pignistic probability. For this
we specify the joint pignistic probability &etP: 22 — [0,1] such that, foiX € 22



andce W,

XNE
o= 3 e« X

The following proposition confirms that this is indeed a probability function.

Proposition 1. BetPis a probability function orQ. That is,
1. ForanyX € 2% andc € W, BetR(X,c) > 0;
2. BetRQ) =1,

3. For anyX;, X, € 22 andce W, BetR( X1 UXy,c) = BetR( Xy, ¢) + BetR Xy, ¢) if
X1NX = 0.

Proof. The first claim is true following the fact thatt](X,c) > 0 for anyX € 22,
The second claim is true since

BetRO) = ¥ BetRO.0

h
QNE;
=%ZWEMQEM
cEWi= |
:;immm'a %ZmEh_l
cEWi= |E'
Now we consider the third clainE; N (X UX2) = (ENX1) U(EiNXp). If XgNXe =
0then|E N (X UX2)| = |Ei N X1| + |EiNXz|. As a result we have

Ei N (X, UX
BetP(Xy UXz,C) Zlm (Ei,c) |' (|E1| 2)|
|

h
EinXi|+|ENX
:;mﬁm“ %ﬁ 2
=

|E N Xy h |Ei N Xa|

h
=2, MES g+ 2 mUE.9 g
= mxl, ) -‘rmxb c)

O

Note thatE; is a region covering some neighbourst & we have < E;. We can
understand as a singleton set, therefdre E® = {t} and|{t}| = 1. Then we have the



following joint, marginal and conditional pignistic probabilities for Q,

h

etAt,c) = Zm[t](EhC)/\Eil

BetR(c|t) = BetR(t,c)/BetRAt)
_ SLamiti(E.c)/IE| _ 34 P(Ei0)/[El
Beth() K x BetR(t)

_ SEVEL g e
= 1B K x BerRy ~ 2.2, [EI/IE

whered(t)~! = |D| x K x BetR(t).
Classification then proceeds using the following rule:

Rule 1. Forx € Q, f(x) = c, if BetRc,|x) > BetF(c|x) YceW.

If h=1and we use Rule 1 for classification, tH@etP(c|t) = 3(t)|{x € E1 : f(x) =
c}|/|Ez1| and we end up with a majority voting kNN. Therefore Rule 1 is an extended
majority voting based kNN.

Note that we don’t assume that classes are exactly known for the neighbours. Con-
sider a neighbous. It is possible that the class labB(s) is either known or unknown.

It turns out that both cases can be dealt with by our kNN methofisifis known, the
contribution ofsin classifyingt is accounted for as above. fi{s) is unknown sis not
counted in any class in the calculationBétP(c|t). Therefores has no contribution to
the classification of. We argue that this agrees well with our intuition about the role
of sif f(s) is unknown.

5 An approximation of optimal classifiers

Here we discuss the relationship between our classifier and the Bayes optimal classifier
from a theoretical perspective.

If the distributionp is known, therP(X) is available for everx € 22. We can then
define a mass function not specificttasm: 22 — [0, 1] such that, for an§ < 2 and
cew,

4) m(E,c) = P(E,c)/K

whereK d:eszezQ7C€W P(X,c) is a normalising factor. We then haBetRE,c) as in
the previous section.



5.1 Optimal Bayes classifier

Theoptimal (Bayes) classifief* : Q — W is defined by
f* : x— ¢, such thaR(c,|x) < R(c|x) forallce W
with

R(c,|x) = Z\/L(c*,c)P(qx)

ce

andL(c,,c) is the loss incurred if the actual classcisbut the assigned classés f*
minimizes the overall risk:

R() = R0 pOgax

We take a simplistic approach by setting

Lic..c) = 0, ifc,=c
" 1, otherwise.

Thus the optimal classifier can be described by the following rule.
Rule 2. Forx € Q, f*(x) = c, if P(c,|X) > P(c|x) YceW.

Similarly if the pignistic probability is known completely we have the following
optimal pignistic classifier.

Rule 3. For x € Q, f*(x) = c, if BetRc.|x) > BetRc|x) VceW.

5.2 BetRc|t) vsP(c|t)

Assume thaf2 is finite. Let(ﬁ) be the combinatorial number representing the number
of ways of pickingn unordered outcomes froh possibilities. From combinatorics we
know that(}) = -

N—Z)

_ def N-2 def N-
LetN =0, K= 3N, (M, a &' 23N, 5 angp®Lyn (52),

Theorem 1. BetR(x) = ap(x) + B for x € Q.

10



Proof.

_o5 XY vy 1P(Y)
BetP(x)—YgQ v m(Y) YQZXGY YK

_1 Pv) _ 1 Sy P(2)
KYQg,XGY |Y| KYQ xeY |Y|
1 N1

T K i;TYgQ,M:i,xeYze )
1N1( N1 N

Sk 7| (P02 3 e
1 N1, N

=X _ZJ (1) P00+ (1) (1 p(x))
1N1, N

KT (M) PO+ (£2) = ap(x) +B

The claim then follows. O

Since bothP andBetPare probability functions they are both additive. Following
Theorem 1 we then have:

Corollary 2.
BetRE) = aP(E) + B|E]

The following theorem establishes the connection betvBetR(c|t) andP(c|t).

Theorem 2. Lett € Q, andci,c; € W. ThenP(cit) < P(cyft) < BetRcift) <
BetP(cy|t).

Proof.

BetRcy|t) < BetRcylt)
BetRt,c1) < BetRt,cy)
BetRt) — BetRAt)
BetR(t,c1) < BetRt,c))
oP(t,c1)+B <aP(t,c2) +B
P(t,c1) < P(t,c)
P(t,c1) < P(t,co)
Pt) — P(t)
P(caft) < P(caft)

[ A

11



This theorem says th&(c|t) and BetP(c|t) are equivalent in classifyinge Q.
Therefore Rule 3 is as optimal as Rule 2.

5.3 Approximating the optimal classifier

We have discussed two optimal classifiers, Rules 2 and 3, and have shown their equiv-
alence. In practice, however, the distribution is usually unknown and we can only ap-
proximate the optimal classifiers. We usually approximate the optimal Bayes classifier
(Rule 2) by estimating the posterior probabilfyc|x). Estimation strategies include
parametric or non-parametric estimation of the class-conditional denpitids) in
combination with prior$>(c), and direct estimation d?(c|x) [2].

The method presented in Section 4 is in fact an approximation of the optimal clas-
sifier (Rule 3) by estimating the posterior probabiltgt P c|X).

6 A classifier

Based on Rule 1 we can devise classifiers. The key issue is how neighbourhoodsjare

interpreted and selected. For example we can interpret a neighbourhood as a set of ffear-
esti neighbours (the neighbours are decided according Euclidean distance), denotef by

iNN, and we consider neighbourhoddéN fori = 1,2,--- . h. h can be a given value

or it can be set to the number of data instances in the dataset. We can also interpget a

neighbourhood as hyperrectangles (or hyperspheres or hypercubes) surrounding ajdata
instance, and take all or part of the hyperrectangles (or hyperspheres or hypercubej) as
the neighbourhoods needed to calcuB&tP(c|t).

Clearly there are other possible interpretations of neighbourhood and neighbofir-
hood selection strategies. A theoretical analysis or a comprehensive experimental sgidy
is beyond the scope of this paper. This task will be the subject of future work.

In this paper we adopt the hypercube interpretation of neighbourhood along witifla
simple selection strategy. We assume that the attributes in the dataset are all numerfcal.
For a positive integed we partition every attribute intd + 1 equal-sized intervals.

This effectively gives equal weights to all attributes. Consider an attributand let
dom(A) be its domain. We arrange the intervals in ascending ordey, &g Vo, - - - , Vg
such that fox € vi,y € vi, x <y if i < j. Then every value of the attribute belongs to
one and only one interval. For a valaef A, i.e.,ac dom(A), letv; be the interval that

a belongs to. For a non-negative integex d we call the following extended interval
theqth order intervalof a, written asv¥(a):

va(a) = {x € dom(A) : x < MaxXvj, ga,X > Minv;_qa}

12



where
0,iffn<O
nd=<d,ifn>d
n, otherwise.

ClearlyW(a) = v;.
For a data vector (tuple) its gth order hypercubés

VA(t) = |;|Vfl(t(A))

wheret(A) is the projection of to attributeA. Furthermore we letov(V9(t)) be the
coverageof V4(t), i.e., the number of data instances in the hypercube.

We take eacW(t) as a neighbourhood ¢f and so we havd + 1 neighbourhoods
for t: VO(t),Vi(t), - ,VI(t). Clearlycov(V'(t)) C cov(VI(t))if i < j.

Our neighbourhood selection strategy is as follows: for a giveme consider
h neighbourhoods$NN for i = 1,2, --- ;h whereINN is a non-emptyw9(t) with the
smallestg, and2NN is V*1(t), and so on.

Classification is done according to Rule 1. We call this classification procedure s
ekNN or extended kNN based on evidence theory

6.1 Discussion

The essence of the way in whi&etP(c|t) is estimated is averaging the conventional
k-NN estimates of the posterior probabilitipgc|t) over different k-NN subsets. This
coincides with some heuristics used in classifier combination. As discussed in [2]],
classifiers can be combined by a combination function whose inputs ascdnes
generated by the contributing classifiers. The scores can be, for example, confidghce
measures or estimates of the posterior probabilities of the output classes, as Bfyes
classifiers and properly trained feed-forward neural networks do.

The contribution of this paper in this respect is the following.

1. First of all, although such a heuristic is implied in some discussions a theoretidgal
justification for the heuristic is still needed. kNN as a classification heuristic w
first proposed in [13], but it didn’t gain popularity until after Cover and Hart [14]
have shown that, as the numi¢iof patterns and both tend to infinity in such
a manner thak/N — 0, the error rate of the kNN rule approaches the optima
Bayes error rate.

As discussed above, Rule 3 is equivalent to the optimal Bayes classification Rfle
2, and Rule 1 is an approximation of Rule 3. We can therefore say that tije
principle behind rule 1 is theoretically justified.

13



2. Secondly, although such a classifier combination heuristic is implied in sore
discussions a comprehensive evaluation of a multiple classifier system, wh@re
kNN classifiers are combined by a linear function and the inputs are the postergr
probabilities, is yet needed. This paper serves this purpose.

3. Thirdly, it has been accepted that there is no guarantee that the combined clagsi-
fier is better than any single one of the component classifiers, or the more clgs-
sifiers the better [34]. According to the proved relationship between the abofe
classification rules, the more neighbourhoods we use the closer the estimgjed
posterior probability is to the true posterior probability. We can therefore co
clude that if we combine more kNN classifiers this way we end up with a co
bined classifier more robust, stable, and accurate than the component single dias-
sifiers.

7 Evaluation

The evaluation was done via experiments. The purpose of the evaluation is to show if
and how the above classification procedure improves upon the standard kNN andghe
weighting kNN.

The data used in the experiments are public datasets from UC Irvine Machige
Learning Repository. General information about these datasets is shown in Tab
1.

In our experiments we set= 30 (i.e., all attributes are partitioned in89 equal-
sized intervals)h to various values, and recorded the classification accuracy. As
comparison we implemented the voting based kNN classifier (referred to by kNN) agd
the distance weighted kNN classifier (referred to by wkNN) as discussed in Sectigpn
2.1.1%, and experimented with various values foffrom 1 to 10) and recorded the
classification accuracy for ea&hvalues. To make the results comparable we used th
same interpretation of neighbourhood as for ekNN, as discussed above. In other w@ds
the neighbourhood dfused in KNN and wkNN wittkisV9(t) such thatov(V9(t)) > k
andq is the smallest such value. As a result, ekNN with 1 should be the same as
kNN with k = 1, but not the wkNN withk = 1.

We also include the C4.5 and SVM (support vector machineyults on the same
set of data. However the purpose of this inclusion is not for comparison but as a rf-

Shttp://www.ics.uci.edu/~mlearn/MLRepository.html

4The weighting function used is Eq. 1

5Support vector machines are a recent development and are gaining popularity while decision trees are
a classical type of classifiers and are still the most widely used machine learning/data mining technique
[35]. C4.5 is a popular implementation of decision tree induction technique. For an overview of various
machine learning/data mining techniques, the readers are invited to clttsiww.kdnuggets.com/
publications/surveys.html

14



erence. Note that ekNN assumes a simple neighbourhood interpretation and equal
weighting for the attributes; furthermore, the implementations of ekNN, kNN an
WKNN were not as optimised as the versions of C4.5 and SVM we used. Throudp-
out the experiments the validation method is 5-fold cross validation.

The results for C4.5 and SVM are shown in Table 2, and the results for KNN, wkNN
and ekNN are shown respectively in Tables 3, 5, and 4.

From the results we observe the following facts:

e On average ekNN performed better than KNN and wkNN on these datasets.

e For h > 3 ekNN performed as well or better than the voting kNN with best
values.

e Forh > 3 the performance of ekNN did not change much with different values
of h. Such a saturation property is useful since it relieves the designer of kNN
system from the burden of searching for the optimal value of

¢ Inthe cases of KNN and wkNN, the best performance comes with Viaxiddle
in the case of ekNN the best performance saturates or stablibegoas higher.
This observation leads us to conclude that making better use of the same set of
neighbours can give rise to better performance.

8 Summary and conclusion

Based on the conceptual framework of Dempster-Shafer theory and TBM, a new non-
parametric classifier has been proposed. To classify a pattern, this method considers
several neighbourhoods, each of which is a set of neighbours. These neighbourhoods
are taken as a single source evidence supporting propositions about the class member-
ship of that pattern. This evidence is represented as a single mass function in order to
quantify the uncertainty attached to the class membership of that pattern. This classifier
is shown to be an extension of the standard voting based kNN.

This classifier is different from the TBM classifier in that it does not use the time
consuming Dempster Rule of Combination to aggregate mass functions for classifica-
tion.

On a theoretical side we discussed an optimal classifier based on pignistic proba-
bility. It was shown to be equivalent to the optimal Bayes classifier. Our kNN classifier
(Rule 2) is an approximation of the optimal classifier.

In experiments using real world datasets this classifier outperformed on average the
voting kNN and distance weighted kNN, and performed as well as or better than the
voting KNN with bestk values. Its performance became stable when the number of
neighbourhoods considered is greater tBaSuch a property is useful since it relieves
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the designer of a KNN system from the burden of searching for the optimal number of
neighbours.
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Dataset | #Attribute | #Example| #Class|

Anneal 38 798 6
Australian 14 690 2
Auto 25 205 6
Diabetes 8 768 2
Glass 9 214 3
Heart 13 270 2
Hepatitis 19 155 2
Horse-Colic 22 368 2
lonosphere 34 351 2
Iris 4 150 3
Sonar 60 208 2
Vehicle 18 846 4
Wine 13 178 3

Table 1:General information about the datasets.

Figure 1:Three neighbourhoods of a patterr the black dot. The region delineated by
each circle represents one neighbourhood. Each grey coloured rectangle is a neighbour
of t. NeighbourhoodE; covers three neighbourg; covers six, andes covers eight.

The total number of distinct neighbourslie.
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Dataset | SVM | C45 |

Anneal 91.32| 89.80
Australian | 85.29| 85.20
Auto 68.29 | 68.70
Diabetes | 77.65| 72.90
Glass 81.90| 63.90
Heart 83.33| 77.10
Hepatitis | 80.65| 80.70
Horse-Colic| 83.01| 80.90
lonosphere| 87.14 | 84.50
Iris 94.00| 94.00
Sonar 72.20| 69.40
Vehicle 76.80| 67.90
Wine 94.29| 91.00

Table 2: Classification accuracy by SVM and C4.5 as a reference. The C4.5 is the
module in the SPSS-Clementine package, and the default parameters were used. SVM
is an implementation by Chih-Chung Chang and Chih-Jen Lin [36]. The command
line used was “-s 0 -t 0 -c 1 -v 5", which means the type of SVM is C-SVC (C-support
vector classification), the kernel function is linear, and the cost upper bouhd is
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Data Min Max Avg. Samples
Accu. | k [ Accu.| k | Accu | k=1 ] k=3|k=5]|k=7]k=9
anneal [ 77.88]10[ 83.83| 1 [ 80.01] 83.83] 81.33] 79.20] 78.63] 78.51
australian| 83.04 | 2 | 85.48| 10 | 84.62| 83.99| 84.71| 84.61] 84.61 | 85.41
auto | 42.44| 7 [ 59.02] 2 | 48.63| 58.05| 52.68| 48.29| 42.44 | 43.41
colic | 79.64| 7 | 82.89] 2 | 80.84| 81.80| 81.27| 79.91| 79.64 | 80.74
diabetes | 71.73| 1 | 74.22| 2 | 72.61| 71.73| 73.57 | 72.52| 72.00| 72.78
glass | 76.18| 1 | 79.46| 8 | 78.52| 76.18| 78.53 | 78.98| 78.99| 79.46
heart | 71.11]| 10| 76.30| 4 | 74.26| 74.07| 75.19| 74.81| 74.81| 73.33
hepatitis | 78.71| 1 | 79.35| 2 | 79.29| 78.71] 79.35| 79.35| 79.35| 79.35
iono | 76.93| 10 | 84.63| 1 | 79.10| 84.63| 78.93| 78.36| 78.64| 77.50
iis | 93.33| 1 [ 96.00| 3 | 95.33| 93.33] 96.00| 96.00| 95.33| 95.33
sonar | 65.89| 10 | 72.08| 1 | 68.62| 72.08| 69.22 | 68.29| 68.29 | 65.90
vehicle | 51.71| 9 | 55.32| 2 [ 53.32| 55.02| 54.90| 53.07 | 52.54| 51.71
wine [ 89.29| 3 [ 92.65| 1 | 91.04] 92.65] 89.29| 90.43| 90.41[ 91.56
Average | 73.68| 6 | 78.56| 3 | 75.86| 77.39| 76.54| 75.68| 75.05 75.00 |

Table 3:The classification accuracy of standard voting based kNN.

Data Min Max Avg. Samples
Accu. | h | Accu.| h | Accu | h=1]h=3][h=5|h=7][h=9
anneal | 83.71| 9| 83.96] 5 | 83.84] 83.83] 83.83] 83.96] 83.90] 83.71
australian| 83.77 | 2 | 85.29| 4 | 84.88| 83.99| 84.57 | 85.29| 85.22| 85.14
auto | 58.05| 1| 61.95| 10 | 60.15| 58.05 | 59.51 | 60.00 | 60.98 | 61.46
colic [ 81.80| 1| 82.63| 6 | 82.44] 81.80] 82.35| 82.35| 82.63| 82.63
diabetes | 71.73[ 1| 75.12| 4 | 74.43| 71.73| 74.86| 74.73| 74.73| 74.86
glass [ 76.18| 1] 78.52| 2 [ 78.00| 76.18] 78.05| 78.05| 78.05| 78.52
heart | 74.07| 1| 75.56| 2 | 75.08| 74.07| 74.81| 75.19| 75.19| 75.19
hepatitis | 78.71| 1] 79.35| 2 [ 79.29| 78.71| 79.35| 79.35| 79.35| 79.35
iono | 84.63| 1| 85.77| 2 | 85.48| 84.63| 85.77 | 85.77| 85.48| 85.48
iis | 93.33] 1] 96.00| 3 | 95.67| 93.33| 96.00| 96.00 | 96.00 | 96.00
sonar | 72.08| 1| 76.43| 4 | 75.66| 72.08| 75.47 | 76.43| 76.43| 76.43
vehicle | 55.02| 1| 56.91| 4 | 56.57| 55.02| 56.80 | 56.80 | 56.68 | 56.74
wine [ 92.65| 1] 93.78| 4 [93.21] 92.65] 93.21| 93.78| 93.21] 93.21
Average | 77.36| 2| 79.33] 4 | 78.82] 77.39] 78.81] 79.05] 79.07] 79.13]

Table 4:The classification accuracy of our extended kNN classifier — ekNN.
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Min Max Avg. Samples

Data Accu. | k | Accu. Accu | k=1 \ k=3 \ k=5 \ k=7 \ k=9

anneal 78 10| 84.71 80.491| 84.71| 81.76| 79.45| 79.32| 79.19

australian| 83.62 86.09 85.354| 85.65| 85.8 | 85.63| 85.19| 85.77

auto 44.88 61.95 51.218| 61.95| 55.12| 50.73 | 46.34| 45.85

diabetes | 72.65 75.52 73.657| 72.91| 74.74| 72.65| 73.43| 74.09

glass | 76.66 79.46 78.666| 76.66| 78.53| 78.99| 78.99 | 79.46

k
1
2 4
8 1
colic 7992 | 8 | 83.15| 2 | 81.108| 81.26| 81.81| 81 80.46 | 80.47
5 2
1 9
4

heart 71.11| 10| 76.3 74.445| 74.81| 75.19| 75.19| 75.19| 73.33

hepatitis | 78.71| 1 | 79.35| 10| 79.286| 78.71| 79.35| 79.35| 79.35| 79.35

iono 76.65| 10 | 85.77 79.615| 85.77| 79.78 | 79.22| 79.22| 77.51

iris 9467 | 1 96 95.465| 94.67| 96 96 | 95.33| 95.33

vehicle | 51.77| 9 | 56.97 53.883| 56.97 | 55.67 | 53.72| 52.72 | 51.77

1
5
sonar | 66.36| 10 | 76.91| 1 | 70.344| 76.91| 73.05| 69.25| 69.25| 67.34
1
1

wine 89.87| 8 | 93.24 91.1 | 93.24| 90.98| 89.87| 90.41| 91

Average | 74.22| 6 [ 79.65] 3 | 76.51 | 78.79| 77.52| 76.23| 75.78| 75.42 |

Table 5:The classification accuracy of the distance weighted KNN — wkNN.
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