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Abstract. An experimental evaluation of Bagging K-nearest neighbor classifiers
(KNN) is performed. The goal is to investigate whether varying soft methods of
aggregation would yield better results than Sum and Vote. We evaluate the per-
formance of Sum, Product, MProduct, Minimum, Maximum, Median and \ote
under varying parameters. The results over different training set sizes show minor
improvement due to combining using Sum and MProduct. At very small sample
size no improvement is achieved from bagging KNN classifiers. While Minimum
and Maximum do not improve at almost any training set size, Vote and Median
showed an improvement when larger training set sizes were tested. Reducing the
number of features at large training set size improved the performance of the
leading fusion strategies.

1 Introduction

BaggingPredictors [4], proposed by Breiman is a method of generating multiple ver-
sions of a predictor or classifier, vimotstraping and then using those to getaare-

gated classifier. Methods of combining suggested by Breiman are Voting when classifier
outputs are labels, and Averaging when classifier outputs are numerical measurements.
The multiple versions of classifiers are formed by making bootstrap [8] replicas of the
training set, and these are then used to train additional experts. He postulates the nec-
essary condition for bagging to improve accuracy as a perturbation of the learning set
causes significant changes in the classifier, namely the classifier must be unstable. Bag-
ging has been successfully applied to practical cases to improve the performance of
unstable classifiers. A sample of such papers includes [6]. Many have investigated its
performance and compared it to boosting or other methods [9,12,7, 2, 13, 5]

Breimans results [4] show that bagging more than 25 replicas does not further im-
prove the performance. He also notes that a fewer replicas are required when the classi-
fier outputs are numerical results rather than labels, but more are required as the number
of classes increases. Regarding the bootstrap training set size, he used the size equal to
the cardinality of the original training set and his tests showed no improvement when
the boot training set was double the size of the original training set.

In this paper we Bagg K-NN classifiers, in order to find whether it is possible to
achieve an improvement under varying parameters. We focus on the small training set
case in which the KNN classifier can be expected to be unstable. We aggregate the
generated bootstrap sets using six different methods, namely: Sum, Product, MProduct,
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Minimum, Maximum, Median and Vote. MProduct is a method egd by [1] which
improves Product under small sample size situations wineredto effect exists. The
rest of the rules are commonly used [11, 10]. We repeat thererpnts under varying
feature set sizes and training set sizes. In our experinoaetsynthetic, two class, sym-
metric data set, was used, in addition to nine real data dethwere obtained from the
UCI- Repository, via the web [3]. We follow Breimans guicheds in our experiments
and limit the bagging to 25 bootstrap sets using a trainingige equal to the size of
the original training setK is selected to be the square root of the number of training
samplesV in a bootstrap or learning set,i.E. = v/N. We evaluate the performance of
the adopted fusion strategies under varying parameteesrd3ults over varying train-
ing set sizes show minor improvement due to bagging in caim with the Sum and
MProduct combination rules. At very small sample size, npriskement is achieved
from bagging KNN classifiers. While Minimum and Maximum do aprove for al-
most any training set size, Vote and Median show an improwemben larger training
set sizes were tested.

This paper is organized as follows; In section 2 the expeartm@ethodology, data
types used and the method of calculating expert error ra¢esalained. Experimental
results are presented in section 3. Discussion of the amtaisults and the conclusion
are noted in sections 4 and 5, respectively.

2 Experiments

2.1 The Synthetic Data Set

Controlled experiments were carried out using the commeaerated data set involv-
ing two features and two classes. The two class densities &rawverlap area which
was designed to achieve the maximum instability of the diasmdary. The theoretical
Bayes error of this data set is 6.67%. Using the generateglsarthe empirical Bayes
error was found to be 6.82.

2.2 Methodology

A single training set is taken from the original sample spate K-NN classifier built
using this original learning set is referred to as the simgigert. From the remaining
samples 600 randomly selected samples were used as a tédsisgtthe learning set,
25 boot sets are generated, by sampling randomly with repieat, i.e. by bootstrap-
ping. The decision of the 25 boot sets are aggregated tdfglagest set. These results
are referred to as the bagged expert results. We wish to gentipese results to those
obtained from the single expert.

The above is repeated for varying training set sizes. Whelieapfo real world
data, relatively similar percentages of samples from tlgiral data set were used for
the learning set. In Contrast to the synthetic data experinadl the remaining samples
were used as the test set.
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Table 1. Data sets and the number of training samples used for each data setthnttaining
set size columns, the first row indicates the number of samples, whiletoad row indicates
the training size in percentage.

Data Name [Total No. of sampleiNo. of featuref  Training set size
Synthetic 1231 2 12]25[49(86(123(616
1 ]2 |4 |7 ]10 [50
Diabet 768 8 8 [15[31|54|77 |614
112 (4|7 |10 (80
Breast cancef 699 9 7 14/28]/49(70 559
1 ]2 |4 |7 |10 [80
lonosphere 351 34 4 |7 [14]|25[35 [281
1 ]2 |4 |7 ]10 [80
Liver disorde 345 6 3 |7 [14]24|35 [276|
112 (4|7 |10 (80
Ecoli 336 7 3 |7 |13|24(34 |269
112 (4|7 |10 (80
Wine 178 13 4 |7 [12|18|89 |142
2 |4 |7 1050 [80
Iris 150 4 6 [11]15]45|75 [120]
417 [10[30[50 |80
Lung Cancer 32 56 3 |6 |10{16|26 |-
10|20(30[{50|80 |-
Lens 24 4 2 |7 |12|19|-
10|30(50(80|-

3 Results

3.1 Using Synthetic data

The results for the best combiner, i.e. MProduct, are sunzexin table 2. The results
indicate that Maximum and Minimum have the highest errasaand were never better
than the single expert. Only for a very small sample size ofdples, did the single
expert outperform all combiners. In all other sizes Sum arRfdduct were the best
rules, followed by Median and Vote, which were identicalodRict was the most sen-
sitive to the training set size. At low set sizes it perfornasdoad as Minimum, while
at large training set sizes, it performed close to Sum andollifit. At medium size
ranges it was much better than Minimum but not always beltt@n the single expert.
This behavior of Product was consistent for all data setd.U=ar all set sizes we notice
that Median and Vote have identical performance and moatybehind Sum, but are
very close. Maximum and Minimum give relatively close résuAs we decrease the
learning set size the error rate of all rules increased. Kew®dagging did improve the
KNN performance at larger training set sizes, although theunt of improvement de-
creased as the set size increased. An improvement is coegisignificant if it is larger

than:y/ 6(11\76), where N is the number of test samples used.

3.2 Using Real data

The above tests were repeated using real data obtained fi@td @I repository, [3].
The performance of the rules when using the diabetic, ltesrs, ecoli, wine and iris
data is similar to when using the synthetic data. For breasees Sum and Mproduct
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Table 2. Difference between single expert error rate and combiner errordestreases as the
training set size increases for the synthetic data experiment

Training set size 12 25 49 86 [123 |616
Improvement in percent over single KNH0.25980.06240.02770.04710.01870.0112
Significance 0.0174|0.01370.01250.0120.01140.0108

had an error rate lower than the KNN single expert, by .02,dnly for training set
sizes above 10%. Otherwise, the single expert outperfoatieygregation methods.
For the lonosphere data they showed a very variable perfusenrom one training
size to another. MProduct and Sum were best at three sizesatone, Minimum and
Maximum at one and the single expert at the largest trairtgige. The lung cancer
was a very difficult data, with small number of samples andrg large dimension of
56 features. At small sizes MProduct and Sum were betterttfesingle expert, but at
larger sizes the single expert was better.

3.3 Reduced features

When we randomly reduced the number of features used for ddbb oeal data sets,
we did not notice any change in the relative performanceefules. An exception was
observed for the training set size of 80%. In this case thaivel performance changes
as the number of features used is reduced.

We repeated the experiments for a reduced number of featqgaaling to half the
total number of features available, and finally reduced te&ures. Contrary to our
expectation reducing the number of features did not alway®ase the error rates. For
the BCW and Iris data sets we observed the error rate to iseraa the number of
features is decreased. On the other hand for the diabeticndabbserved the error rate
to decrease as the number of features is reduced to 4. Whers itedaced to 2 we
still had an improvement over the full feature set experitnieat not over the 4 feature
experiments. Although the relative performance did nohgeavhen four features were
used at a training set size of 80%, the Sum and MProduct welenger better than the
single expert. They exhibited error .01% higher. Theserdjsncies point to the need
of more investigation in this regard.

4 Discussion

The aggregation method which was the most sensitive toiveng set size was Prod-
uct. It improves at larger set sizes, and sometimes reabledseist performance pos-
sible, while at small set sizes it performed worse than aldther rules in line with
Minimum and Maximum.

The results over the varying training set sizes show mingravement due to bag-
ging and combining using Sum and MProduct. While Minimum arakivhum do not
improve at almost any training set size, Vote and Mediangimegal, show an improve-
ment for larger set sizes. Vote was the best for three dagavdetn a very small training
set size was tested.
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Between the six aggregation methods MProduct had the besalbperformance
followed very closely by Sum. Vote had very bad performartceany phases of the
experiment. This suggests that one should be using an aggregnethod other than
\Voting if level 11l information is available. Classifiers @aducing level Il outputs are
ones that output measurement values in addition to the ddakels.

Table 3. The best performance rule as a function of training set size. Initial $ettave been
used to indicate each rule. SE:single expert, S:Sum, M:MProduct, P:Rrdd¥dMaximum,
MN:Minimum, V:Vote, MD:Median

Data name Training set size
1 2 3 4 5 6
Artificial data SE | M&S M&S M&S [M&S| M&S
Pima Indian Diabetes SE | M&S M&S M&S [M&S|M,P&S
Wisc. Breast Cancer SE SE SE SE M&S| M&P
lonosphere \Y, M&S M&S M&S MN SE
Liver Disorder ||[M&S| M&S M&S M&S [M&S| M&P
Ecoli V |[M,S&SEM,S&SEM,S&SE M, S P
Wine M&S SE SE M&S [M&S|M,P&S
Iris \% SE M&S M M [M,P&S
Lung cancer SE M&S M&S SE SE -
Contact lenses SE | M&S M M,S &SE| - -

We also notice that Vote performed best three times whenwdasavery noisy, i.e.
for very low training set size (size 1). Also, for the sameadsét Sum and MProduct
were the best rules at the very low training size. In geneegjging did not work for
very small training set size (size 1). At this size, the sngtpert was the best for six
out of ten data sets.

5 Conclusion

Itis possible to improve the performance of the KNN classsfiespecially if MProduct
or Sum are used as an aggregation method.

It was noticed that for very small sample sizes bagging mayatke the perfor-
mance as compared to the single expert. At very small sang#e the single expert
outperforms the bagged experts because the bootstrapfteetsontain samples from
one class only. In such situations the resulting very highreates dominate the boot-
strap expert outputs and the underlying benefits of baggieganceled. In order to
benefit from bagging, the investigation should be direabeditds methods of selecting
best bootstrapped classifiers and ignoring the worst ones.
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