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Abstract� Principal components �PCO�s� analysis is an unsupervised
projection method that computes linear combinations of the original at�
tributes that are constructed to explain maximally the variance� We show
that the method is useful as a pre�processing step for various learning
algorithms� Adding PCO�s as new attributes results in decrease of error
rate for a signi�cant number of data sets for C��	 decision tree learner�
instance�based learner� and naive Bayes classi�ers� It the case of C��	 the
decrease of error rate can be achieved without an increase of decision tree
complexity� Replacement of attributes with PCO�s results in increase of
accuracy only for naive Bayes classi�er�

� Introduction

In the process of learning it is very often transformation and reduction of data�
that play an important role� A good transformation�reduction technique may
result in new attributes that are more appropriate for a learning algorithm�
A wide range of constructive induction techniques ��� 	� 
�� has been explored
aiming at enriching the language of propositional learners�

Principal components 
PCO�s� ��� 
�� are useful linear functions that capture
linear dependencies among attributes� This data preprocessing technique serves
frequently for better understanding 
e�g� visualisation� or compressing the data
��� ��� To our best knowledge few systematic studies have been carried out to
evaluate their bene�ts and the associated computational costs� The aim of this
work is to contribute to this issue�

We have shown in �
�� 

� that if knowing the query examples 
attribute values
of a test set� combination of principal components method and decision tree
learner C��� leads to a decrease in error rate without an increase in hypothesis
complexity 
the size of a decision tree�� Here we bring results for the usual
setting when query examples are not known in advance� We show that also
for this settings some decrease of error rate was observed for several learning
algorithms�

The method presented here consists of two steps� In the �rst step we compute the
principal components from numerical attributes� In the second step we use these



principal components to add them to the original attributes� The �rst step is
actually a form of constructive induction ��� applicable for numerical variables�
which uses the methodology of the principal component analysis to generate
derived attributes�

We show that for three learning algorithms � C���� an instance�based learner and
naive Bayes � addition of PCO�s displays decrease of error rate for a signi�cant
number of data sets� For C��� we introduce new criteria that say when PCO�s
have such an e�ect and what pro�t can be expected�

The paper is organised as follows� In Section � we brie�y overview main ideas
of principal components� Information about data set can be found in Section ��
The method used is described in Section 	� General overview of experimental
results can be found in Section �� Discussion of results follows in Section ��

� Principal Components Method

Principal components analysis ��� 
�� 
or the Karhunen�Loeve expansion� is a
statistical method for dimensionality reduction� Principal components are com�
monly used to replace attributes with smaller number of new attributes� It is
an unsupervised projection method that computes linear combinations of the
original attributes that are constructed to explain maximally the variance� Let
X � �X�� ���� Xn� be a random vector with variance matrix V � When looking
for the �rst principal component c� we look for a vector c� � �c��� ���� c�n� such
that c�c

T
� � � and variance of c�X

T is maximal� It means that c�X
T describes

as much of variablity of data X as possible� The next principal component is
computed in a similar way� and must be uncorrelated with the �rst one� etc�
Thus the �rst few principal components are supposed to contain most of the
information implicit in the attributes� It can be shown ��� 
�� that the principal
components ci are equal to eigenvectors of the variance matrix V �

� Data sets

The datasets used represent a subset of datasets used in comparative studies
within project METAL ��� 
October ������ We explored all data sets that do
not contain missing values� We also removed from our experiments the data sets
for which most learners reached accuracy better than ��� as no pro�t can be
obtained for such data� Because of dimensionality problems 
too many attributes
or too many records � ������ musk and pyrimidines data set were removed�
too� We evaluated both methods on 
� datasets containing both numerical and
categorical attributes�

� Method

Learners� We explored propositional learners that are frequently used in ma�
chine learning community� decision tree learner C��� without boosting � c��tree�



instance�based learner mlcib �
� and naive Bayes classi�er mlcnb �
� ��� For all
learners the default settings of parameters has been used�

Algorithm� All results below are computed using 
��fold cross validation� In
each step the following algorithm was called�


� Normalise data 
i�e� continuous attributes��
�� Compute the �rst N principal components 
linear functions� from the learn�

ing set�
�� Employ these linear functions to compute PCO�s for the learning set as new

attributes�
ADD the computed values of principal components to the learning set�

	� Normalise the test set using means and standard deviations that have been
computed from the learning set�

�� Employ the same linear functions as above to compute PCO�s for the test
set�
ADD the computed values of the principal components to the test set�

�� Run a learning algorithm on the extended learning set �
�� Test the result on the extended test set�

We tested all possible values of N � ���Number of Attributes for each data
set�

� Results

In Fig� 
 there are results for four data sets and three learners c��tree� mlcib�

mlcnb that display typical trends of increase�decrease of accuracy� Four typical
trends can be observed that are independent on a particular learner� For some
data sets PCO�s displayed no e�ect � when increasing their number error rate was
not changing 
diabetes for all three learners� letter for c��tree�� Sometimes
the trend of error rate was decreasing but it never decrease below the default level
� error rate on the data set without PCO�s 
letter and c��tree�� The most
interesting trends can be seen for satimage and waveform�� data sets� For small
number of PCO�s � 
 or � � the error rate is higher but for ��	���� PCO�s it decrease
below the default level 
satimage for any of the three learners� waveform�� for
c��tree� mlcnb�� The important fact is that this trend is typical for majority
of data sets for which an extension of data with PCO�s results in increase of
accuracy�

Tables 
� �� � contain results for C��� without boosting 
c��tree�� instance�
based learner mlcib� and naive Bayes classi�er mlcnb when PCO�s have been
added to the original data� In the �rst three columns there are results for the
optimal number of PCO�s � the number of them� comparison with error rate on
the original data 
�� � decrease of error rate � ���� � � decrease of error rate
� ����� error rate ratio 
error rate for the extended data set divided by the
error rate for the original one�� and error rate for the extended data� The second



Fig� �� Results for diabetes� letter� satimage� waveform��
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Table �� Results for C��	 without boosting �c��tree�
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Table �� Results for mlcib instance�based learner

mlcib
 mlcib
best N of PCO�s added � PCO�s added � PCO�s

N e�r�ratio err�rate e�r�ratio err�rate e�r�ratio err�rate
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and the third triple of columns di�er only in the �rst column� The last column
of the tables displays error rates for the original data set�

First we have to answer the question about usefulness of PCO�s for particular



learner� For c��tree 
Tab� 
�� for 

 out of 
� data sets decrease of error rate
has been observed� It means that a decrease of error rate appeared for signi�cant
number of data sets 
one�sample Wilcoxon test on the level ����� However� the
decrease is not signi�cant on level � ��� 
t�test�� It should be noticed that none
of accuracy but waveform�� is smaller than the accuracy for C��� with boosting�

For an instance�based learner mlcib� we can see 
�rst triple of columns in Tab
�� that for any data set the error rate with PCO�s is smaller than error rate for
original data Using t�test� hypothesis that PCO�s do not in�uence error rate can
be rejected on level ��� 
T����	�� n�
��� We can conclude that extension of a
data set with PCO�s results in a signi�cantly lower error rate� Unfortunately� a
similar assertion does not hold for � PCO�s�

As can be seen from Tab� �� even for naive Bayes the method results if decrease
of error rates for most of data sets� It is signi�cant on level ��� 
one�sample
Wilcoxon test� but the decrease of error rate is not signi�cant on level � ���

t�test��

In the next section we mainly discuss results obtained with C����

Table �� Results for mlcnb naive Bayes

mlcnb
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� Discussion

For what data set are PCO�s useful � The statement above can be reformu�
lated by such a way� for most of data sets there exists a number N of PCO�s that
are good candidates for adding to the original set of attributes� A question that
needs to be answered now is� what is the optimal number N of PCO�s that we
should add One way of �nding N is based on eigenvalues of variance matrix� In
�
�� 

�N was set the number of PCO�s to the number of eigenvalues that are sig�
ni�cantly greater than one� It can be computed using the following criterion�
	� �

N � �eigenvaluesjeigenvalue � � � � �
q

�attributes��

�examples��

Another possibility is to exploit the level of variance that is explained with
the �rst N principal components� Let X � �X�� ���� Xn� be again a random
vector with variance matrix V � Let Zi� i � �� ���� r be principal components� r
is a number of positive eigenvalues of variance matrix V � Then the following
equalities hold�

varZ� � varZ� � ���� varZr � varX� � varX� � ���� varXn

As varZi � �i � where �i is the i�th eigenvalue of V � the previous equation can
be rewritten as�

�� � �� � ���� �r � varX� � varX� � ���� varXn

The sum �� � varX��varX�� ����varXn can be seen as a variability measure
of vectorX � Thus to explainX in terms of Z we need such numberN of principal
components that ��� � ���� �N ���

� is close to 
�

It was already mentioned above that for most of data sets a trend of accuracy as
a function of N has a similar shape� For small number of PCO�s � 
 or � � the
error rate is higher than the error rate of c��tree but starting from � PCO�s
the error rate decreases below this level� Compare now the �rst and the third
triple of columns in Tab� 
� We can see that all data sets that are promising
for any value of N are also promising for N � 	� It does not mean at all that
for some N � 	 the error rate ratio will be even smaller� However� the expected
di�erence will not be big 
see Tab 
�� To prevent from over��tting we prefer to
add as little of attributes as possible� Thus N � 	 seems be a good choice�

Let us validate this hypothesis� As showed above ��� � ��� � �N ���
� displays a

quality of approximation via �rst N PCO�s� For the 
� of 
� data sets explored
it was observed that if a sum of the �rst three PCO�s express more than three
�fth of variability

��� � �� � �����
� � ��


then increase of accuracy appears� It is signi�cant on level ��� 
Sign test��

In the following text we call a promising data set 
for a given learner� if the error
rate on the extended data is smaller than for the original set of attributes�



How a hypothesis size changed� We compared the sizes of decision trees

number of nodes� with the corresponding sizes of trees when using PCO�s� For 
�
out of 
� datasets the size of the decision tree generated decreased when using
principal components� From promising data sets only for fluid data the tree
complexity overcame the complexity of tree without PCO�s� Some small increase
in hypothesis complexity was observed for fluid from 
��	 to 
��� 
����� what
corresponds to 
 extra node in the decision tree� More extra nodes appeared for
australian 
increase from 
��� to �
��� ������� i�e� approx� � extra nodes��
yeast 

����� 
�
��� ����
�� 
� nodes� and diabetes 
���
� ���	� ��
	����
approx� � extra nodes�� When adding the complexity of � PCO�s 
number of
attributes ! �� to the complexity of the tree this sum was smaller than c��tree

complexity only for waveform���

Where PCO�s appear in a decision tree� We observed that at least one
of PCO�s appeared in the root 
on level 
� of the decision tree or not deeper
than on level 	 for the promising data sets� It holds for 
� out of 
� data sets

australian was removed because no PCO�s appeared in the tree� 
signi�cant
for the Sign test on level ���� It must be noticed that it is the �nd principal
components that appears "sooner# � for � out of 

 such data sets it appeared
��times 

st PCO three�times� �rd PCO twice� as the �rst in the decision tree��

Table �� Training time
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Training time� In our analysis of times 
Tab� 	�� we �rst compared the training
with and without PCO�s� For 
� out of 
� data sets the training time for data
with PCO�s was smaller than for the same data without PCO�s� From promising
data sets� only vowel displayed greater training time for data with PCO�s� Then
the time to compute PCO�s was added to the training time of the decision tree
and compared with the time used to construct a decision tree without PCO�s�
Only for ann data set the ratio of these times overcame �� and only for � out
of 
� the ratio was greater �� i�e� more than twice slower than without PCO�s�
For optical data the sum of PCO time and the training time was smaller than
the time without PCO�s� Thus� we can conclude that time complexity seems
acceptable�

Other learners We also performed �rst experiments with other learners� namely
with C��� with boosting� with linear discriminant method� and with linear trees

a decision tree that can introduce linear function in its nodes� ���� However� no
signi�cant decrease of erro rate has been observed for them� The reason may be
that they actually form some kind of linear combination of attributes�

� Conclusion

We described a method that employed the principal components analysis as a
pre�processing stage for propositional learners� To summarise our results�

� adding principal components to the original dataset results in a decrease in
error rate for signi�cant number of datasets for C���� instance�based learner
and naive Bayes learner�

� a decrease of error rate is signi�cant for the instance�based learner�
� for c��� decrease of error rate can be achieved without increasing complexity

of the decision tree�

The naive Bayes is the only algorithm where replacement of attributes with
PCO�s leads to decrease of error rate� It happened for 

 out of 
� data sets�

Some of results are pretty preliminary� e�g� criterion for usefulness of PCO�s� and
need to be evaluated on other data sets� Neither we compared PCO�s with other
preprocessing methods for attribute reduction�

Further work should be carried out to explore some other way of exploitation
of principal components� e�g� pruning them 
simplifying the linear functions� or
choosing only some of them� No theoretical analysis has been performed yet to
answer these questions� Exploitation of other statistical methods� e�g� correspon�
dence analysis� is also a challenge�
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