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tion techniques as and when introduced may thus be incorporated
in the system and tested.
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A Note on Distance-Weighted k-Nearest Neighbor Rules

T. BAILEY anp A. K. JAIN

Abstract—A distance-weighted k-nearest neighbor rule is not
necessarily better than the majority rule for small sample size if ties
among classes are broken in a judicious manner. The behavior of
several tie-breaking procedures is demonstrated using the bivariate
distributions for three classes used by Dudani. In the infinite sample
case, the majority rule is the best among all distance-weighted rules.

I. INTRODUCTION

In a recent paper, Dudani [1] introduced the concept of a
distance-weighted k-nearest neighbor rule. This rule differs from a
majority k-nearest neighbor rule in that it assigns a weight to each
of the k nearest neighbors. A pattern with unknown classification
is then assigned to that class for which the weights assigned to its
training samples sum to the greatest value. Dudani proposed that
when the number of training samples is small or of moderate size,
then the distance-weighted rule will yield a smaller probability of
error than the majority rule. He showed the admissibility of the
distance-weighted k-nearest neighbor rule by demonstrating that
the probability of error, for a particular data set, obtained by the
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distance-weighted rule is strictly lower than that for the majority
rule.

The main reason for the superior performance of the distance-
weighted rule over the majority rule seems to be the absence of
ties in the former. While Dudani’s implementation of the majority
rule counts all ties as errors, there are several intuitive methods to
resolve ties. In this correspondence, we have duplicated the experi-
ments reported by Dudani and demonstrated that if ties occur-
ring in the majority rule are resolved in a judicious manner, then
the admissibility of the distance-weighted rule is questionable. We
have also proved that, in the infinite sample case, the majority rule
has the lowest probability of error among all distance-weighted
rules.

II. RESOLUTION OF TIES FOR SMALL SAMPLE CASE

The following strategies have been implemented in our experi-
ments to resolve ties which occur when the majority k-nearest
neighbor rule is used.

1) Ties are resolved by randomly selecting one of the tied pat-
tern classes. This method is frequently employed [2, p. 223].

2) Ties are resolved by considering fewer than k nearest neigh-
bors. That is, if a tie occurs among the k nearest neighbors, then
we consider (k — 1), I = 1,2, -, k — 1, nearest neighbors succes-
sively until the tie is resolved. Patrick [2, p. 224] mentions a simi-
lar approach.

3) Ties are resolved by considering more than k nearest neigh-
bors. As in method 2), if a tie occurs among the k nearest neigh-
bors, then we use (k+1), /=1 2,--- nearest neighbors
successively until the tie is resolved.

Computationally, method 3) is least attractive. However, im-
plementing any one of the above methods to resolve ties takes no
more effort than computing the weights in [1]. Each training set
used in our experiments consists of 50 samples from each of the
three bivariate distributions described in [1]. The test set contains
1000 samples per class for a total of 3000 samples. An average
performance was obtained by considering six independent train-
ing sets thus duplicating Dudani’s experiments. The results of our
experiments are shown in Fig. 1. Curves (A) and (A)in Fig. 1 are
identical to the two curves in Fig. 1 of [1]. The first two strategies
for resolving ties as discussed above give almost identical results,
and their performance is shown by curve ([J). These results show
that if any one of the methods for resolving ties is used, the major-
ity rule gives better performance than the distance-weighted rule
for moderate values of k(k < 26). For large values of k(k > 26) the
error rate of the majority rule starts to increase, while the error
curve of the distance-weighted rule remains essentially flat.

One advantage claimed in [1] for the distance-weighted rule is
that its performance does not peak. While this is true for k < 50,
as far as the average performance on this data set is concerned, for
specific training sets there are instances where the probability of
error of the distance-weighted rule attains a minimum and starts
to increase as k increases. The deterioration in the performance of
the majority rule, even with a provision to resolve ties, for large
values of k is to be expected, and it is a consequence of the “curse
of finite sample size.” The same phenomenon occurs for the
distance-weighted rule. Thus, when only a finite number of train-
ing samples is available, the value of k chosen should be a small
fraction of the number of training samples [3, p. 105].

I1I. ASsYMPTOTIC PERFORMANCE OF A WEIGHTED RULE

We now define the problem in a more formal way. Let x be a
test pattern, and let 6 be the class of x. Let X, be a set of n training
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patterns whose classes are known. Let X, = {x;, i = 1, k) be the
sequence of k patterns in X, which are closest to x. Let 0, = <0,
i=1, k) be the sequence of classes of the k patterns in X. Sup-
pose there are ¢ classes {w;, j = 1, c}. A weighted k-nearest neigh-
bor rule T classifies x using a weight function t; = t;(x,X;),i = 1k
which assigns a nonnegative weight to each element of X,. The
weight assigned to class w; is

Z 100,

i=1
where ¢ is the Kroneker delta. The rule T is

classify x as w, if 7, = max 1;.
j=1c
If the weights of the k closest patterns are all the same, t; = t;,
i =1, k, then the weighted rule T reduces to the usual majority
rule M. We assume ties are broken by randomly choosing from
among the tied classes.

Theorem: In the infinite sample case (n — o) the probability of
error of the majority k-nearest neighbor rule is minimum among
all weighted k-nearest neighbor rules.

Proof: The probability of error of a weighted rule T may be
written
= | Bl

e|x,X,,T) dF (X | x) dF(x). (1)

Error rates for several nearest neighbor rules.

Let 6’ be the class assigned to x by rule T. Then the probability of
error for a given sample x and a given sequence of closest neigh-
bors X, is

w(e] X4, T) =w;, 0 = wj|x. X;. T)

-1_21:

=1-=Y P(w;|x)Pu(w;| X:.T) (2)

since 6 is determmed independently of 0. In (2), P,(w;| X4.T)is an
average over all ¢* possible values for the sequence of classes 0,

ck

(w;| X, T) =Y, Puw

i1 ALT)P,(A1] X 3)
where 4, = {aj, i=1, k) is one of the possible values of 0.
aie{w,j=17¢c}.

For a particular x and X,, the difference in the probability of
error between the weighted rule T and the majority rule M may be
written as

A, = Pye|x. X, T) = Pyle]x.X . M). (4)
Using (2) and (3) in (4).
Z (A X) Z P(w;|x)
lP"(wj| A‘,M) - P,,(W’jl AI.T): (5)



CORRESPONDENCE

For a particular A4, let w, be the classification of x using rule T

(t, = max 1;),
j=1,

and let w,, be the classification of x using rule M

(km = max k;),
j=1,c

where k; is the number of times class w; appears in A4;.
Then

P,,(le AX,M) = 5wjvwm’

Pn(Wj| AI’T) = 6w1,w,’

and (5) becomes

ck

Y, Pu(Ai] X P(wm|x) = P(we|x)} (6)

=1

A, =

Since the k samples in X are chosen independently, the proba-
bility of a particular class sequence 4, is

P,,(AIIX,‘)= )

i

k
P,(a;| x;).

=1

Now,

P(a;| x). ()

:»

lim Pn(A,IXk) hd

n— o i

1]
—

Since class w; appears k; times in A,

o

T Palx) = [T (P00 )

J

Using (6)-(8), the difference in the asymptotic probabilities of
error for the weighted and majority rules is

ck

A=lim A= 3 {P(wn|x) = P(w]x)} ]1'[1 [P(w;] x)J

n— o =1

The sum over all ¢* possible values of 0, can be written in another
order. For each A, there is an unique A; such that (a; = w,,) =
(@i =w,), (a;=w)=(ai=w,), and (a; = w;)= (ai = w;) for all
J # m, t. Thus, for A, rule T classifies x as w,,, and rule M classifies
x as w,. Since {4;} and {A}} are identical, A may be written as

A=3A,+Ay)

=3 &, (POsnlx) = POu ) [T [P0 1
+5 L (Pbualx) = POl [T (P05

where w,, = w,, w; = w,,, and w} = w; for j £ m, ¢.
The above equation can be rewritten as

A= 5 T Posf s + 5 o)
I=1 j¥£mu
where
o | PORlPOa X (Pbsa ) = POsJ i
o, if Wy = w,

and
[P(we| )T [P (Wi | X)J {P(w, ] x) = P(wi | X)},

0, if w, =w,.

S’={ if w, # w,

To simplify the notation let g,, = P(w,,| x) and g, = P(w,| x). Then

S4s = | Imgtlan —g)gr ™ —glmM) i wn w,
, if w, = w,.
Since, by definition,
k,, = max k;,
j=1,c
we have k,, — k, > 0.
For arbitrary g,, and g, we have
km = ki 2 0=> (g — g.)gm 5 — gin*) 2 0
=>5+85=>0
=>A>0

=P(e|T) > P(e| M)

and the theorem is proved.

IV. CoNcLUSION

We have shown that if the number of training samples is large,
then the probability of error of a majority rule will be no more
than that of any weighted rule. In addition, experiments in a data
base of small sample size indicate that, for small values of k, the
majority rule (with provision to resolve ties) performs better than
the distance-weighted rule proposed by Dudani. These results
suggest that distance-weighted k-nearest neighbor rules offer little
advantage over the majority rule.
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A Study of Adaptive Control Principle Orthoses
for Lower Extremities

M. KLJAJIC anp A. TRNKOCZY

Abstract—Using qualitative analysis of the stochastic model of
human locomotion, and its experimental verification on the basis of
gait parameter variability and energy consumption in relation to
cadence, some properties relevant to normal walking and to the
choice of adequate control principles of orthoses based on functional
electrical stimulation (FES) are established. It is pointed out that in
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