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Overall Aim 

 
This workshop is a follow up to the successful IDDM-2001 workshop, which was 
held in Freiburg in September 2001 (http://www.cs.bris.ac.uk/~cgc/ECML-PKDD01/ 
cfp.html). It is aimed at researchers and practitioners in Data Mining, Decision 
Support, and Meta-Learning, especially those interested in the main European 
research Consortia whose work focuses on the above topics, e.g., METAL, Sol-Eu-
Net, and KDNet. Participants will gain a better appreciation of the issues facing the 
application and deployment of Data Mining solutions in the real world, as well as the 
approaches to the integration and collaboration of the mentioned disciplines. New 
ways of working together and combining results will be discussed, fostering further 
collaboration between participants' organisations. It is hoped that, as a result of this 
workshop, more people will work together more often, more effectively and in more 
sensible ways. 
 

Workshop Topics and Goals 
 
IDDM-2002 addresses the integration and collaboration aspects of Data Mining 
(DM), Decision Support (DS) and Meta-Learning (ML). In particular, this workshop 
is aimed at trying to upgrade the corresponding approaches and methodologies, such 
as CRISP-DM, through contributions, addressing the following issues. 
 
Combining Data Mining with Decision Support 
 
DM has a potential for solving DS problems, for example when previous decisions 
have been recorded as data to be used for analysis with DM tools. On the other hand, 
DS methodology usually results in a decision model, reflecting expert knowledge of 
decision makers. How can such expert knowledge be incorporated into problem 
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solutions by DM? Can it be used as background knowledge in relational data mining? 
Can such expert knowledge be induced automatically? Are there any systematic 
methodological means of combining the two approaches to problem solving? How 
can DM benefit from DS models, especially in cases where the data available for DM 
is incomplete or of insufficient quality? 
 
Collaborative Data Mining 
 
Usually, DM tasks are solved by a single individual or group of individuals working 
together. However, with the Internet and advances of group support methodologies 
and tools, DM tasks could be solved through a collaboration of different groups of 
researchers at different sites. Novel ideas, reviews of existing approaches, or different 
modes of collaboration should be explored (e.g., competitive vs. collaborative), and 
issues addressed such as infrastructure and methods for supporting distant 
collaborative work (e.g., how to integrate new individuals/groups following the 
start/stop-any-time principle). 
 
Combining Results of Classifiers and Meta-Learning 
 
Here, the emphasis is on novel ideas and/or reviews of existing approaches to model 
selection, model combination, model representation and all issues relevant to learning 
to learn (e.g., landmarking, performance prediction, knowledge transfer, data 
characterisation, meta-data collection and exploitation, standardised experimental 
setups/methods, etc). 
 
Relational Data Mining 
 
Most data in standard DM has the form of a single relational table. What if data is 
stored in multiple relational tables? Thus, how to combine the results of mining 
separate relational tables? A standard approach in ILP is to consider one table as the 
master data table, and all others as tables providing background knowledge. What if 
this is not natural? Would the mining of individual tables and combining results be a 
better solution? Are there other approaches to this problem? 
 
DM, DS, and ML Integration: Methodology, Tools, and Standardization  
 
This theme includes, but is not limited to, the following topics: 
• ML tools for classifier and model selection 
• ROC methodology for DM, DS and ML 
• Data pre-processing tools and methods for DM and DS 
• Representation languages for DM and DS models 
• Standards supporting the exchange of DM and DS models for different 

applications and visualization tools, such as PMML (Predictive Model Markup 
Language) 

• DS shells that seamlessly integrate models developed by DM 
• Shared ontology and methodology for solving DM and DS problems 
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-&.

)���� � C -��� ���� ��. �� ��� ���	��	�� ������� ��� � �	��	�
�� -	
�� �	

�� ����
�������. ��� 	��
� �����
�� �-�. �	� ��� ��

�)��� ����9

�-�. C 	� D

��

���

	��� -<.

)���� 	�# 
 C &� �����# ������ ��� ���Æ������ �� ��� � ����������� ������� 	 
��
������ ���������� ����
 ���
��� 1����� �����	��� �� ��� 	�� ���� 	� ��	� �	����5�
��� 
�4�
����� �� ��� ����
 -��	� ��# ��� ����	��
��� �� ��� �	�	 ����� ��� ����
.�
E��� ��	� ��� ���������	
 ����	��
��� �� ��� -&. �� �� ����� ��� ���������	
 ���
����	���� �-� C &��. ���	��� � �� ���	���

!�� ������������ �� 
������� ���������� ��	�� ��	� �� �� ��� 	 ���� ���	 ��
��������� 	 �	) ������
����	
 ��	���� ���� 	� ������	���� �� ��� �	����� ������
�
	� 	 ���	��	�� ���	��� 	� �����	�� ���� ���� 0' �� 0> �
���� ������� ����
�
�	�� 	� �������� ����� �� ��� ����	��
��� �� ��� 	������ ����� ��	� 	� �����	��
����# �	�# 0> �� 0F �
���� �������� B��	��� �� ���� 	�� ��� �� ����� ��	����#

branax
3



��� �$��� 	�� /�$/ ��� ��� �� ���� 	�����	�� ������ ��� ��� ��	���1�	�
���� �� ��� �������� �� �

���� 	� ���	��	��� �����	� �� ��� ��������	
 ��	������ �
������ ����� ����������� �� ���	��� ����	���� ���� ��� ��	
��� ��	��� 	�� �����
	 ������ ����	��
��� �� ��	��� 8������� �
������ ���������� �� ���� ���	
 	�������
����� ���� 	� ������
����	
 �	��	�
�� ���� ��	�� �	��# 	�� )���� �
��� ��

 �����G
������	���� �	��	�
�� ���� 	��G 	�� ���	��	��� ���������� �	�
��� ������� ��������
��� ��	��
� ��� ���	
 /�$/�,, ����� �	���� ���� A �� &H0 ������ 	�� �� ��
	���
�� 	 ����	��
��� �� ������	
 ����	
��� �	��� �� ��� ��

�)��� 
���� ����
9

�-����. C �>�>H0&D A�A>0> ����D A�FF>& ��-����D &.

/��� ����
� 	�� ���� �� ��	
��� �� �	�� �����	�� ���� 	� ��� E	����	
 ,��
������� 	�� ��	
�	���� -E,�. �����	�� E,� �� 	 �����	���� ���	�
����� ��
&FFH �� 	� �����	���� �� 	 ����������	
 ����� �� ������������ �� �	�� ������� 	��
�� ������� ��� ������������ 	�� �Æ������ �� 8���� ��������� �	�� ����� -,2�.�
�	�� �������� ,2� �� ��� E�����
	��� 	�� �������
� �	������	���� �� E,�� !��
��

�)��� �� 	 �4���� �� ��� ��������� ��

�)�� �� E,� �� ���������� ���������
	���� ��	
��� �� �	���

&� �	�� �	������	���� ,2 �������� ��� �	�����
	��� �	�	 ��

�)��� 	 ��	��	��
����	� ���������� 	��������� )���� 	�� ���������	
�5�� �� 	 �	�	 �������
�	��� ��� �	�� �	����� ���� ��	� <AA ����� 	�� ��

����� ���
����� �	�����
����������� 	�� �	����� �������� ���
����� 
����� �� ��	� 	�� ����	
����

<� !�� ������	���� ���� 	

 �	������	��� �� 	�����
	��� 	�� ������ �� ��� E,�
�������� 	���� �	�	 ��	
��� �	
��	���� ���������� �	�� �	4�� �
	���

0� B	��� �� �	�	 ���� 	

 ,2� �	����� ���������� ����
� 	�� ����������� ���
�
����� /�$/ 	�� �$����

=� �	�� ���������� ����
 �� �	
��	��� �� 	 
	��� ���� ��� ��	� ���
���� �	�	
���� 	

 �	������	���� ,2�� !�� �������3������) ����� ��� �������� �� 1�
	�� ���	

� ���� �� ���� ���� )���� ���
� ��� ����	����� ���)��� ���������
����	��
����� 	�� �������� ����������� �� ����	
��� )����� �	����� ����	��
�
��� �������

'� :��� 	 ���������� ����
 �� ����� �	����	����� �� �	� �� ���������� 	� ����
������� ��� *	���	�� ������� �� 	 �	����	
+ ,2� ,� �� ���� ���� �� �������
����	��
��� �������� �� ��) �	�	 ���� �	�� ,2� ��� ���� ,2 ��� ����
7�
����������� 	�� ���� 	�	�� 
����� ���� ����	��
��� ������ 	�� ����	���
)��� ��� 	���	
 ���������� �� ����	
��� �� ��	� ,2�

H�  ��������	����� �� ��� �	������	���� ����� ���� ��������	

� 	�� ������� ����
����	����� ���)��� ����� *�������	���+ 	�� ��� *�	����	
 	���	��+ �������
����� ��� ����� �	������� !�� ��	���� ��� ��� �������	��� 	�� ������9 �� �����
	 �������	��� �� ��1������� �� ���� �	�	 �����I �� ��� ����
 �� �� �������
��� 	 �����1� ���4 �����I �� ����� ��������� ��	� �	� �� 
�	���� ���� �����
,2� ��	� 	�� �	���� ������ ��	� 	���	��I

>� B	��� �� ��� �������� �� ��� 
	�� ����# ��������� 	�� �	�� ��� ������ ���
��������� �� �	���
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� ����� �������
�� ����	��

B����� )� ������� ��� ������ ��� ������������ ���������� ����
� ��� ��������
�������� ������� 	 )��� �� ��� 	���� ����
 ��	
�	���� 	������ �� ��	
��� �� �	��
�����	��� ������� �)� �������� ����
� �& 	�� �< ��	� )��� ����� 	 �����1�
�����# �����# 	� ��� ���	��	�� �	
�� ���� ������� �)� �������� ����	
��� ����	�
��
��� �����	���# �	� �'' 	�� �@'� ,� 	 ��������� �� ������ ��� 
��
�
���	 �	������
)��� �����# ���� ����
� )�

 ������� ����������	
 ��� �	�� �� ����� �	������ -���
�	��� ��� ����	��
��� 	������� ��� ��� ����� ;����������	
; �� ���	��� ��	� ���
����	��
��� 	������� ��� ������	
.� �������� ����� 	�� ���� ������������� ��	�
��������� 	���� ��� �	������ )��� �����# ����� �)� ����
� 	�� ���	

� ��������
�� ���������	���� ���)��� ��� �)� ������	
 ��	��� 	�� ����� )�

 ��6��� ��� �	��
���	
 ����� �	�� -��� B	��� ����� �	��. �� ���� ������

!���� �� ��)���� 	 �����	���	
 ��������� ���)��� ��� ����	��
��� �����	���
�� ��� �)� ����
� )���� �	���� �� ������� �� ��� �� ���������� �� ��� �����
	
��

�� 	� ����� )����� 	 ���� �� �	������� !� ?���� ��� �������	��� �� 	� ,2#
��� ����	��� ��� ���
����� �����
	
�� �� ����������	
 )��� ��� �������� ����

��	
�� ���� �� 	 �����1� ������ ,� >AJ �� �	������ )��� ����� ��� ��� �������
���� 	�������� �� �& ��� ,2 �� ���������� ���� ����
� ��� 	�������� �� �<
�� �� ���������� ���� ������ ��	� �������� ��� ��	� ����� �� �	������� "� 	��
����� ���������� �� 	 ���
�� ����
 ��	� �������� ������ �����	��� �� ��� ����

�����
	
�� �� 	� ����� �	���� ��	� ����
� 	 ���������	���� ����
 )��� ��� 	��
�
��� �� 	����� ��� ������� ����	��
��� �� ��� 	���	
 ����� �� �
	��� ��)����# �����
�	�� ���

 ����� ��� �� ��� ���� ���� ��	����� ��� ��	
�	���� �
	���1��� -�� �	�
����� 
�	����� 	�� ��	�������. %>(� �
��� )��� ����� ��	����� �� 	����	��# ����
	�  : - ������� :���	��� �	�	���������. 	�� ��� 	�����	��� 	��	 ����� ���
����� -�2.# ����� ��	����� 	�� �����
 ��� 	
��� �� ��� ��

 ��� )��
� ������
/�� %>( ��� 	 ������������� ��	��)��4 �� ��	
�	���� ������� 	�� ��	������

������ �	�� ����	� ��	
�	���� �� 
������� ���������� ����
� ���� 	� ���
�$����,, 	�� /�$/�,, ����
� ���	

� ��
� �� ��� �������3������) ��	����
���� %@( )���� �� �� �������� �� 	� �	
���	���� -��� %&>( ��� 	 ���� �����	
 �������
����.� !���� 	�� �������	

� ��������� ��	����� ��	� ����� ��������� ����	��
��
���� �� ��������	�
�� �������� � �	?�� ���	��	��	�� �� ��� �������3������)
��	������� �� ��	� ���� �	�� ���� ���)� �� �� ����� ��������� �� ��� ������ ������
���� �� ���� ��� �������� ����	��
��� ������� %F(�

,� ���� )��4 )� ���� �	����� ��	����� �� 	����	�� 	�� ��������� �� �����
�� ������� ��� �������	��� �� ���������� ����
�� !���� ���
��� ��� B���� �����#
	
�� 4��)� 	� ��� ��	� ��	��	��� ����� 	� 	 ��	���� �� 	����	��� ��� ���������
)� ���	�� ������	���� 	���� ��� *����+ ����	��
��� ���� ��� ���� ��� �� �)�
)	��9 � ������ ��� )���� 
��	
 ���������� �� ���� �� ������ ����	
��� �	�	
)���� ����������
� ��� ��	��	��� ����� �� ��� ��������� ���� �� ���� 	� ���
-��.��������� ��	����� ,� 	 ������ �������� )	� )� ����	�� 	 ��	������	����
������� ���	���� ���� ��� ��������� ����	��
����� �� ��� ���� ��� �� 	 ����
	�
����	�� ���	���� ���� ��� ���� �������� �������� ���� ��	� ���� ���� !��
��������� ���)��� ��� ����	���� 
�	�� �� 	 ��	������ ��	� �� �����1�	��
� ��������
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���� A )��� ��������� �� �	�� "� ��� ��� 
��	������� ��	������	���� %>( �� ���	��
�	�� ����	���

:�� ��������� ��	����� �� ��� ������� �������� �� ��������
	����� ����	��
�
��� ������ �� ��� �������� ����	��
��� �� ����	
���# 	�� ����� �� ��� ��	�� ���
��	)�	�4� �� ��� �������3������) ��	������� ��������� �� %F(� :�� ���������
��	����� ��
� �� ���� ��������� 	����� �� ��� ������������ �� 	 ����� �� ���
������� !��� ������������ �� ���	��� 	�� ����
	�� )��� ����� ��������������
�������� ��� ��	����� )�

 �� ���	���� �� �	����� ������ ��	���� �	����� ������
��� ��	�	���������� -���� ������
����	
 �	��	�
��. 	� )�

 �� ��������	��� ��
�)�

 ������� �!������ ���"��# �
�
�� ��� 	��$���

,� ���� ������� )� �����	�� ��� ��� �� 	 ������ 	���� 	� 	 ������ �������	�����
�� ��� , �	�	 	�� ��� ����
� 1���� �� �� �� ����� �� ���	��� �������� �	4���� ,�
���� ������ )� ��� �� ���
��� ������	���� ��	� �� ���
���� �� ��� �������� �� �

����
����� ���	��	��-�.� ��� �

����	���� �������� )� )�

 ��������	�� �� 	 ����
 ��	�
���� ��
� ��� ����� 	� �� ��� /�$/ ����
� �� 	� ��	��
� �� ��� ������	����
��	� �	� �� �	�4�� �� 	 ����� �������� ��	� 	 �	����� )��� ��������
�� �������
-@ ������. 	�� ����	
 ��	�� �	�� -A ������. )�

 ����� 	� 	 �	����� )��� 	 �����	

	�������� -H ������. )��� 	 ��	�� �	�� ���)��� =A 	�� HF -< ������.# 	�������
��� ����
����� ��	� ���� ����� ��� �	�� ��� ��� ����� 	���������� :�� 	����	�� ��
�� ���	�� ���������� ��	� ��	�� ���� �� ����� �����
���� 	�������� �	
����

score

P(
m
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ta
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)
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�� �� (�����	�� 	
 �	������ 	� � ���� ��� �� �	���� �������	� ,�	��� ���"�� #� 
/- ��� 0	#��� ,�	�� ���-& � � ��� �� ��� ���������� 0	#��� ��		� �� 	� � � ����
��� ����
&
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� �
	���1�	���� ���� �� ����� �� ���	�� ����� ������ )��
� ����� ����	
���
	� ��� �
	���1�	���� 	��������� !�� ���	 �� ��	� ���	���� ������ -��� ������ ����.
)��� �������� ������������ �� ��� ����	
��� 	�������� 	�� 1����� 
��	
 ����
� -���
������� ����. �� ���� )�

 ����� 	��	��	����� �� ����	��� �� ��� ������	
 �
��	

����
� !�� ���	
 ����� ��)���� )�

 �� ��� ��
� ���	��	�� �� ��� 
��	
 ����
�
1���� ���� 	 ����� �� ������1��� ��� ��� 
��	
 ����
� )� �	�� ������������ )���
���� -�	�	������. 
������� ���������� ����
� 	�� ����	�	������ 
��	
 ����������
����
� �	��� �� 
���
	��7� 3�)��� ��������� %H(� �� 	� ��	��
� �������� ���
����������� �� �)� ����
� -��	���� ��������
� �� 	 ���	�	�� ��	����� ��� �� ����
����
	� �	����� �����. �� ���� &9 ��� ����������� 	�� ����� �� 3������� ����������
-)��� ��� ��	�	��������� /���	��.# 	�� ��� �����	�	������ 
��	
 ���������� -���
��
�� 
���. 	�������� �� 3�)���� !�� �	���� 
��� ���������� 3�)��� ��������� ��
��� ���� ��� ����
� �� ����� �� ������� 	� ���	 �� ��� *����+ ����	
��� ���������
E��� ��) ��� �)� ����
� ���� �� ����������	�� ���� *����+ ����	��
��� �� ����
���� ����

���� �� � ����������� 	
 ��	����� �����%��� � � � �������&

�������� ��	� 
��������� ��������� ���	�� �����

�����	�� ����� ����	�� ��		� �����%�� 12&��32&4 �����11
�������� %��� ��	�%��	� � +��� 24  �� 2&5�2&3 ��

�������	�� ���%�  ���� ���� 6�&2�23&� 6����1
�������	�� ���%� �����	���� 22&4��&2 �2�
�������	�� ��7�%� �����	���� 2��4�� �2�

������� �	#��� 8����	# �	�� 9���� �3&:�3&2 ��
����	�� ��7�%� # �� ��		� ���� �	%�� �2&����&4 ���1&1

�������� ��	� 
��������� ����� �����

��	���� �����	� ����
������ �����	� � 4�&3;
%��� ��%��� �%����� 2 �6&6;
�� ��%��� �%����� 3 36&�;

�� 	� �

����	���� �� ��� ������# �������� ��� ����
� �
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������� ����
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������# E�/�$/ -��� E �� E,�.# ��	� )	� ����
���� �� 	 ��	����� ��� �� '<&@
, 	��������� �� E,�# ����� ��
� ��� /�$/�,, ����� 	� ���	��	�� -)������ ���

��	����� �� ��� �����# �� ����� �� ��������	�� ��
� �� ��� �����.� !��� ����

�� 
	��� ��	
�	��� �� 	 ���	�	�� ���� ��� �� <'@' 	���������� !�� E�/�$/ ����

�	� ��� ��

�)��� ����9

�-����. C �=�<'=@D A�A>0> ����
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%���	� �������� � � � 9��%� ��������� ���"��� # � � ��
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�� �� � � �� �����+���	� ���� ����� 	� � ��	�	���� �����%��� ��� �����	� �����
��� ����� � 
	� �����%�� �������	��& � � ������ ���	�� � � ��@	��� �����& � � �	���
��	�� � � ��� �� ��� �	����%�� � � ����+�� ��	%�� #� �%Æ���� �.�&

E�/�$/ )	� ���� ����	��� )��� 	 ����
 ����������� 	�������� �� ���
������ )���� �
	���1�	���� ���� 	���	�� �� ���� <� ��������� �	��� 	�� ���
	����
�� !	�
� &� !�� ����������� �� 	 ���	�� ���� �� 	���� 	� ����	���� ��	�����	����
	�� ���	��� 	

 	��������� 	�� ������ ���������� �� �����	
 -	�������� ���� �	�
�� �
����	

� ���)�� ���� )	� �� ��� ����� ��	� ������ �	
��� �� 	�������� ����
�����	�� ���� ������� ����������.� ,�����	���� �	�� �	��� �� ������� )	� ����
	� ��� ��������� ��� ��� ��
������ �� 	��������� �� ��� ����� E��� ��	� �	������ )���
��� �	�� ����� ���
� ��� �� �� �������� ����� �� ���� ���� 	� ���� ������ �	� ��
���	���� �� �������� ������	����� �� ���� ������
����	
 �	��	�
���

"��� ���)��� ��� ����	��
��� ��������� �� ��� �������� ����� �� ��� ��	���
��� ��� �� ��������� ��� �	) ����	
��� �	�	 -����� 3�)���. ����� )��� �������
���������� ���)��� ����� !�� ��������	
 ���� 	� �	�� ���� ������ ��� �� ��
���	
���
��	� ����
����� �� �	���� �	��
�� �� ��� �	�	 ���# 	� 
��� 	� ����� )���
��Æ����� ����	���� �� �	�� ����� !��� �������� ��	� ��� ���� �� ���
������ ������
�	���� )���� �	� ��� ���� ���
����
� ���� �� ��� ����� 	�� ����� �� �	�4�� ����
E�/�$/� :�� )	� �� ��� ���� ������� �� �������� ������� �� ����
� �� ������ ���
���� �	������� �� �	�	 ���� 	 �������� ,2# �� �	�	 ���� ��� �	�� ,2 ��� �	4��
	� 	 �������� ���� 	�� ������� ��� �������	��� �� ���� ��	
��	���� ���	���� ��
������ �����������

"��� ����	

� ���������� ��� ����
 �������	��� �� ���	����� ��� �������
�	��� ��	����� ��� ��� ���������� ����
� �� ��� ���� ����� )��� 	� 
�	�� &AA
�	��� -��� ����� 	���	���� 	���� ��� �	���� 
��� �� ���� <. ��� ��

�)��� ����
��
)��� ���	���� -��� !	�
�� < 	�� 0.9 !�� E�/�$/ ����
 �	� ���� ������������
�� 	����	�� 	�� ��������� �� ���� �� ��� �	��� ��	���� ��	� ��� 	��������� ���
���
���� ��� ����� �	��	�
� �� �	�� 	� 	���� �	
��� !�� 
��	
 3�)��� ����
� ���
��� ���������� ��� 
��	
 �	�	������ 
������� ���������� ����
 �����	���� ����	��
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���%�� ���� ����������� ���+���� ��� �����	�&

���� ��� ���������� �� ���� ���

� A � � B C 8 D �
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��	� ��� ����� �� ��� ����	�� ��Æ����� ����	���� �� 	

�) ��� 	 ����
��� ����
�	�	������ ����
� !�� �����	�	������ ����
 �� ��)���� ����� �����
 �� �����
�� ������� ��� ��	
��	���� ��	�� �� ��� ����	
��� ���������

"��� ���������� ��� ����
�� )��� E�/�$/ ���
� �� ��������# ��� ��

�)���
��������
	����� 	�� ���	�
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���� 	� ��������
����	
 ����� �� ���) �� �� ����������� ��� �������� �	4��� ��
��������	�� 	���� �	������ ����� ��� ������ �� ���4 �	������ "� �	� ���
��
��� ������ �� �������� ������	�� ���4 �	����� ��	� ����
����� ��� �������� ��
�

���� ����� ��	� �	� �� ���)�� 	� 	� ����	

 ���4 �	����� ,����	� �� ���
����
����� �	��� �� ��� �����
���� ������
����	
 	�� ����� �	) 	��������� ��� �	� ���
	��������� ��	� ����	�� �� ���
��
�� ���� ��� �	
��� �� ��� ����	
 �	����� ���
��	��
� �����	� �� ����� ��� �	���� �� ��	����	�� )� ��� ��� *���	
��+ ������
��� ��	����	�� 	� 	 ����	��	�� �� ��� ��������� �� ��� �
	���1�	���� �����

|
pnt.gcs.low< 19.5

pnt.urea< 3

pnt.bicarb< 4.5
0

0 1
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�� �� �����+���	� ���� ����� 	� �����	�� � � ���+7 '���) ������� ,�����	�-
�	��� 	
 � � �	�����	���� �����%��& B�� �	���	� �	�����	��� �	 � � �� � ����� &
� � � ��� � ��������� �%����� ��� ���� �����������&

!� �

����	��# �������� ���� 0 ��	� ���)� 	 ����	������	��� ���� ������� ����
	 ����
	� ��������� �	�� ��	����� ��� -����� �
����
� �������� ��������	����.� ��
������� ��� �� %&H( ��� ����
� �� �	����
 �� ������������ ���4 �	������ ,� �	�� ���
�� ��� ��	���� �� ��� ��) 	��������� 	� 	�����	�� ����������# 	�� �	�� ��	�
����� 	 ���	������	� -*�+. ��������� -��	���� )���� ���������. �������� )���
	 
������	� -*�+. ��������� ����
� �� ����������� )��� �	��� ��� ��	��
�# �� ���
���� ���4 ����� *���������� � &F�' K �������� � 0 K �����
��� � =�'+ ���
����
� ��� ����
��� ��	� ��� 
�) �	
�� �� ���������� ����
� �� 	�����	��� )���
���� ���4� !�� �	�� ��	� 
�) ���������� 	���	�� �� ��� �	�� �� 	 ���� ���4 �����
�� ��� �� ��1������ 	� �����	���� �� 	� �����	����� )��� ��� ����� �	����� �� ���
�	�� ��� ���
� �� ����
� �����	���� �� ����� ���� 	� 	 *����+ �	������ ��	� ���
���� �	� ���	��� )��� ����� ���� ���������� ��� ������������ ��� 1��� ������
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!��� �� 	 ���������� ���������� �� ��� )	� ����� 	�� ������� �� )���� ��������
�	4��� ���� �� 	)	���

% ���	���
���

���� ���� )��4# ��� �	� �����
	�� ��	� ����� ��� ������ ������ �� 	 �
	���1�	����
���� )��� 
��	
 ���������� �	�	������ 	�� �����	�	������ ����
� ������� ������
������� ���� ��� �	�	 	�� ����� ���	���� �������� �������� :�� �	� ����
���
��	� ��� 	��������� �����
���� �������� �� �

���� ������ �	� ������ ����������
�� ������ ����
�� ,� �� ����������� �� ���� ��	� �� ��� ��	��� ��� 	 �	
	��� ���
��	��
	���� �� ���	��	��� )� ��	���� ���� ��� �������� �� ����� )���� ����� ���
�� �� ��� 
�����# )��
� �� ����� 	����	���� ���� 	� %0( ��� ���4� 	 �	
	��� ��
��	������ ��� 	�����	����� �� -���. 
�) 
���
 ��	������

!�� ���	 �� ����	���� 
������� ���������� )��� �
	���1�	���� ����� -���� 	�
���� �� %&=(. �� ��� ������	���� �� 	 �
	���1�	���� ���� )��� ����� ����
� 	��
�� ������
��� ��� ��)� ,� %&<(# ��� ��	��
�# E	��� B	��� 
	���1��� 	�� 1� ��
���� �� ��� ���� ����� �� ����� �
	���1�	�����  �����
� 	 ��
	��� ���	 �� ���� �	�
���� �������� �� %'( ��� 
�	����� *!���� ����
�+ �	��� �� B	����	� �������
)���� 	
�� 
������� ���������� ����
� �	�� ���� ��������� !�� ������������ �� ���
)��4 
��� �� ��������� 	 �����	��� ��������� �� ����
��� 	�� ��	
�	���� ��������
�	�
���� �� ��� �����1� ������	���� �� �������� ������� �� ��	
��� �� �	�� �����	��
)��� ����	��� �� ���������� !��� ����	��� �� ��������� )��
�# ��� ��	��
�# ���
	

�) ��� ����
� ���� 	� E	��� B	��� 
	���1��� )���� 	�� 4��)�# �� ��� �	��#
�� �	�� ���� 	�� ������ �
	���1�	���� ����� ��� 	�� ����� ����� ����������

������� )��4 ���
���� ������� ��� ������ �� ��� ���� �� ��� �������� �������
������� �� ��� ��) �� 	����� ��� ������������7 �������� �	4���� ������� ����� ��
�� �������	

� ��������	�� )��� �� ���� ���)��� ��� ���� 	�� ��) �� �����������
���	

� ������� 	

 -���� �����. ����
 ����� ��� ��������� ��� ���� ���������� ��
������	�� �����
 �� ��� )��4 ��������� �� ���� �	��� �� ��� ���	����� �� �����
������� ��	����� ��	� ����	
���# ���� 	� 
����� �� ��	� �� ��� ,2 	�� ���	�
�	�
��� ������ ���������� �	�
� ��� �	�� �	�����# ��	� 	
������ ���� ����
�� ��
�	��
� ���� �� ������� ���� ��������� ��	����� �� ��	
��� �� �	���

:�� ����� ����
��� ��	� ��� ����
�� ������� ����� �� ������� ��	� �� ���� ��	
�� 
	��� 	������ �� �
�������� �	�	# ����� �� ���� ��� 	 �	����� �� ����
��� ����
����� ��� ���	����� �������� �������� "� ���
 ��	� ��� ���������� �� �����������
�	����� ��������
	����� �� 	� ������	�� ���������� �� ��� ��	������	
 
�������
���������� ����
��

���������� ��	 !�	�4� 	�� ��� �� ��� ��	�� �� ��� E	����	
 ,��������
	�� -E,�. �����	���� ��� ��� ������� 	�� �����	�4� !�� ��	�� �������� ��9 L�M�
/������#  � B���	�# �� �� M����# M���� M����# E��� �� N��5��# ������ N������#
M�L� �	� ��� ������# $���M� �	� ��� O����� �����������# )� 	�� ��	����
 �� 	
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������ ��� �	�	� /����	
 ��	�4� �� E���
���� �� N��5��
��� �����	�4 �� ���� )��4�
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�& ��%�D���� � ��� 0%��� (FC& (�	��	��� �	���� � ������ �� ��� 9��������
����	�� ��� ,��%�D���� �& ��� 0%��� (FC� ���&-& 9����� ��%� 	
 ��� 	�� 	

��
	����	� � ������ 2���� 4�G�H�&

2& ��%�D���� � ��� �� I�.�� !& � �����+���	������ D���� ��� 	� 
	� 9�%����
(�	��	��� �	���� � �������� ����� ���B 2���� 11H��:&

3& A	 ���� �� �%��� A� =�@"	�� E& �������	�� 	
 J%������� �%��������%�� ���
��	� �	���� � D���� ����& ��������	��� @	%���� 	
 ������ ��
	������& 2����
�	�& �:��1� �1�H2��&

4& A����� 0� C������ FD� K�� �� =�� 9�	�� �F& !�����"������ ��� #��������� $����&
A���	��G <���#	�� � �1:4&

�& � ���� D� 8�	��� B� ���%��	� =& A������ ����� �	����& ��� �� 0�������
4:� 211�32�� 2��2&

5& ��������� <9& =	�%�� 0	����� <�� ��� =������	� ��� 9�		� �� 9��������	��&
F& ����& 9�����& ���	�& 64� :21H:35� �161&

6& D��� �F& !����������� ��� %�����	��� � !�����"������ #����& � � �����G F	 �
<��� ��� 9	��� �116&

:& D	���� �< ��� 0���� 	# 9& %���� &������� #���������� <���� !�#�L	�"� �1:1&
1& D	���� �<� D	���� �� 0� ����� 9� 0���� 	# 9& � �	�����	� 	
 8		������	
�+�

����� 
	� � � 0	���� =������	� �	���& 9������� � ������ �116M �5G15�H1:�&
��& �� I�.�� !& �� ��
�����%��%�� 
	� J%���� ���������� � �������� ����M (�	��	��

�� �	���� ��� �����	�	���� 9������& ( � � ���� 2���� �������� 	
 �������
���&

��& I��%� <� ������ B� <����� �� �������� F& �(��DB ��G � 9������ 	
 ������
�����+���	� 9�����& ��� ���� ��� �1:�M �3G:�:H:21&

�2& I	 �� =& 9����� �� � � ���%���� 	
 !����A���� �����+���G � ����	������
D����& (�	�& 	
 � � 9��	�� ���& �	�
������ 	� I�	#����� ���	���� ��� ����
����& �115M 2�2H2�6&

�3& 0� 8��� F� 0���� 	# 9� 9�%���� C& � !�# 9���+�� ��%�� ( ��	�	�� 9�	��
,9�(9���- A���� 	� � B%�	����N!	�� ������� �%�������� 9�%��& F��� �113M
26�G21�6H2153&

�4& 0	�� <F& � �	�����	� 	
 0	���� =������	� �	 ����	������ ���%��	� � �
������ �	���& �	��� A	 =�� �113G64H16&

��& 0%��� (FC ��� ��%�D���� �& (�	��	��� ��� 	�� � ������ ,0%��� (FC ���
��%�D���� �& ���&-& 9����� ��%� 	
 ���+��� ����������� � ������& �111M
��,2-G���H��1&

�5& ���� ��� =F& � � %�� 	
 �����+���	� ��� =������	� ����� � ������ B�����
	�	��� F	%���� 	
 ������ B����	�	�� �4 ,5- ,2���- ��& 5�3�5�1&

�6& ����� �B ��� D% 90& E�����	� ��� �$%�� 
	� 0	���� =������	� �	����&
9������� � ������� �11�� E	� ��� ��& �2�3H�225&

�:& =	#�� I� I��� F� ��@	� B� ��( ���	� I� 9 	�� �� E����� �& �������� ����
9	����*� �(��DB �� 9�%�� � A���� ��� ����������& A�F �113M 3�6G166H1:�&

branax
12



���������
	������������������������������� ���!�����
"#�%$'&��(����)�*�+�
, ��-/. , �%���0��������1�2��)���0���3�45 76

8:9<;=9?>%@BA?CEDF@BG!H�AJILKJ9NMO9?M/PH�AJQSRTG�U

V/WSXZY�[]\]W%^J_<WS`]acbed�YfacWhgjilkZi<gmYfWSn�WSgpoq`]rBs+tfnvud�Yfi<wSgSx]y(`]i<z{Whtfg|iNY}d�Yj~{d�ben�W/o}x
� d�n�Xeb]gp�ji<b�k�WSwcxe���f���+�{��� � d+gmYfWS_<_h�s]xTkZX�d�i<`

�!���S�S�����+�c� ^Jd+�h�%_<W�d�tf`ei<`ea�n�WhYf�es�\ZgOg|b]�TWEtOrBtfs+n�Yf�eW�i<`�\]i<g|whtfi<n�i<`�d�YfW�gmYfs�t}d+acW
s�r�d�_<_(Y|t}d+i<`ei<`]a�i<`]gmY}d+`ewhWSgSx�tfWSg|b]_<Yfi<`]a�i<`:_�d�tfa+W�n�Whn�s+t|�'tfW���beiNtfWSn�WS`�Yfg�d+`e\
g|_<s��:Wh ZWSwSbZYfi<sc`!g|X¡WSW�\T[�¢��ei<g�Xed+X¡Wht£r¤s�wSb]g|WSgpsc`¥Yf�]WjXZtfsc¦]_�Whn§s�r?tfWS\]bewhi�`]a�Yf�eW
Y|t}d�i�`]i<`ea�g|WhY0g|i<�SW%¦���X]tfWSg|WS`�Yfi<`ea=`eWh�¨i<`egmY}d�`ewSW�g|Wh_�WhwhYfi<sc`�g|w}�eWSn�WSgS[

© ªe«�¬¡T®�¯=°²±l¬T³f®�«

8'H�A�´µCE¶T·lG�¸h¹e@¤CEG+IvDBG+HZ¸EA?@FATº»H�DBºZ¼]¸E@F½ER?¾»C(¶?CEG�H»Q�¼ZDBDBG+Q�½h@F¼]Aµ¼Z¿£½E¸SH�@BAT@BATº»@FAJCf½SH�A?Q�G+C+À]½f´�·¡Á
@BQ+H�DBDF´�Q�HZDFDBG+IL½h¸hHZ@FAT@BATºµCEG�½»ÂÄÃ%MTÅ�À?½h¼µGcCf½h@F¾�H�½hG�½ER?G)Q�D¤HZChC%D¤H�ÆlG�D�¼�¿pATG+ÇÈ@FA?·T¶¡½=¹]G+Q�½E¼Z¸SC+9
É�HZQSRÊ@FAJCf½SH�A?Q�G�@FAË½ER?G»Ã%MÊR?H]C�H�AÌH�½E½E¸h@FÆT¶T½EG�¹ZGcQ�½h¼Z¸�H�A?IÌH�Q�D¤HZChC¥D¤H�ÆlG�D%ÂÍ½hRTG�¼Z¶T½E·T¶¡½
¹{HZDF¶?GcÅ�9�>%¿Í½EG+¸!DFGcH�¸hAT@BATºµ¿Î¸h¼Z¾Ï½ERTG�Ã%MOÀ�½hRTG�H�DBºZ¼]¸E@F½ERT¾#@¤C¥·T¸hG+CEG�Ae½EGcI�Ç�@F½ER:H]ITI¡@F½E@B¼ZA?HZD
@FAT·?¶¡½L¹]G+Q�½E¼Z¸SCvHZA?IÐ¾�¶JCf½L¶?C}GËC}¼]¾»G�@BA?I¡¶?Q�½E@B¹ZG�Æ?@BH]C�½E¼ÑI¡G+Q�@BITG'½ER?GÊ¼]¶¡½E·T¶T½�¹�H�DB¶TGZ9
8�G�½hRT¼¡ITC/½ERJH�½%G�¾»·TDB¼�´�½hRT@BC�½EG+QSR?AT@BÒe¶TG�HZ¸EG�H�D¤CE¼)Ó�AT¼�Ç�A�HZC/D¤H�U+´vDFGcH�¸hATG�¸SC+9

Ã/RTG¥ATG+HZ¸EGcCf½�ATG+@Fº]ReÆl¼Z¶?¸!ÂÄÔ²Ô�Å�H�DBºZ¼]¸E@F½ER?¾ÏÕ Ö�×£@BC/¼]ATG�¼�¿�½ERTG�¾»¼eCf½%Ç�@¤I¡G�DB´�C}½E¶JI¡@FGcI
G�ØTH�¾»·TDBG+C£¼�¿TD¤H�U�´�DBG+H�¸hAT@BATº�¾»G�½hRT¼¡ITC�9{Ù=¶T¸E@BATº�Q�D¤HZChC}@FÚJQ�H�½E@B¼ZA�À�½ERTG(Ô²ÔÑCEQSRTG+¾»G0G�¾»·TDB¼�´¡C
H�A:H�·T·?¸E¼]·T¸E@¤H�½hG�IT@BC}½hHZA?Q�G»¾»G�½h¸E@¤Q�I¡G�ÚJATG+IË¼ZAÊ½ER?G�¿ÎG+H�½E¶T¸hG�C}·?H]Q�G�½E¼'ITG�½EG+¸E¾»@BATG�RT¼�Ç
Q�DB¼]CEG�H�ATG�ÇÛ@FA?·T¶¡½!¹ZGcQ�½h¼Z¸�ÜË@¤C�½E¼LG+H]QSR�@BA?C}½hH�AJQ�G»@FAÊ½ER?G»Ã%M�À�H�A?IÊ¶?CEG+C=½ERTG»ATGcH�¸hG+C}½
@FA?C}½hHZA?Q�G»½h¼'·T¸hG+I¡@¤Q�½�½ERTGµQ�DBH]CEC¥¼Z¿�Ü£9�>²A:@F¾»·T¸h¼�¹ZGcIË¹ZG�¸SCE@F¼]AÊ¼Z¿j½hRT@BC)Q�¼]¸E¸hG+CE·J¼]A?ITC�½h¼
½ERTG�ÝeÁ|Ô²ÔÞ¸h¶TDBGZÀTÇ�R?@BQSR�Q�¼]A?C}@¤C}½hC/@BA�H]CECE@BºZAT@BATº»H»ATG�Ç�@FA?·T¶¡½%¹ZGcQ�½h¼Z¸/½E¼�½hRTG!Q�D¤HZChC/¾»¼]C}½
¿Î¸EGcÒ]¶?G�Ae½EDB´v¸hG�·T¸hG+CEG�Ae½EGcI�HZ¾»¼ZATº)½ERTG�ÝLQ�DF¼eC}GcCf½�@BA?Cf½SH�A?Q�G+C�C}½E¼]¸EGcIv@BA�½hRTG!Ã%MO9

ß|A�ºZG�A?G�¸SH�DàÀ¡DBHZU�´µDBG+HZ¸EA?@FATºvHZDFº]¼Z¸h@�½hRT¾�C�¾�¶JCf½=ITG+Q�@¤I¡G!Ç�R?@BQSR�@BA?C}½hH�AJQ�G+C�½E¼µC}½E¼]¸EG�@BA
½ERTG�Ã%Mµ¿Î¼Z¸/¶?CEG�I¡¶T¸h@FATº�Q�DBH]CECE@�ÚlQ�H�½h@F¼]Av@BAL¼]¸hITG�¸j½E¼�H{¹Z¼]@BIµG�ØTQ�GcCECE@F¹]G=C}½E¼]¸hHZºZG¥H�A?Iv½E@B¾�G
Q�¼Z¾»·TDBG�Ø¡@F½f´ZÀ{H�A?I�·J¼eCECE@BÆTDF´�½h¼²@B¾�·?¸E¼�¹]G�Q�D¤HZChC}@FÚJQ+H�½E@B¼ZA!H]Q�Q�¶T¸hH]Q�´�Æ�´¥H{¹]¼Z@¤I¡@BATº%AT¼]@BCEGjHZA?I
¼�¹ZG�¸EÚT½E½E@BATº?9�áT¼]¸jG�Ø¡HZ¾»·TDFG]Àe½ERTG�@FAJCf½SH�A?Q�G+Cj¶?C}GcI�½h¼�½h¸hHZ@FA�½hRTG�Ô²Ô�Q�D¤HZChC}@FÚ?G+¸(HZ¸EG�Cf½h¼Z¸hG+I
@FA?IT@BChQ�¸h@F¾»@BA?H�½hG�DB´Z9�Ã/RT@¤C!¾»G+HZA?C!½hR?H�½)½ERTGLÔ²ÔâH�·T·T¸h¼]H]QSRÌR?HZC!½E¼ÊCEG+HZ¸hQSRË½hRT¸E¼]¶TºZRãHZDFD
H{¹{HZ@FD¤H�Æ?DFG�Q�H]C}GcC/½E¼vQ�DBH]CECE@F¿Î´�H»ATG+Ç§@BAT·T¶¡½=¹ZG+Q�½E¼]¸+À?CE¼»@�½�Q�H�A�ÆlG+Q�¼Z¾»G�½E¼�¼vCEDF¼�Ç�I¡¶T¸h@FA?º
Q�D¤HZChC}@FÚJQ�H�½E@B¼ZA�9?ä=A�½ERTG�¼Z½ERTG+¸/R?H�A?I�ÀTC}@BA?Q�G�@F½%Cf½h¼Z¸hG+C(G�¹]G�¸h´�@FAJCf½SH�A?Q�G�@BAL½ERTG�Ã%MOÀ?AT¼Z@¤C}´
@FA?C}½hHZA?Q�GcC�H�¸hG�H�D¤C}¼»Cf½h¼Z¸hG+I�À¡·l¼]ChCE@FÆTDB´µI¡G+ºZ¸SHZI¡@BATº»C}@BºZA?@�ÚJQ+H�Ae½EDB´�½hRTG!HZQ+Q�¶T¸SHZQ�´Z9

>%¾»¼ZATºã½ERTGÊ¾»HZA�´�·T¸h¼Z·l¼]ChH�D¤C»½h¼ã¸EGcI¡¶?Q�G'½ER?GÊC}½E¼Z¸SH�º]G�¸EGcÒ]¶?@F¸hG�¾»G�Ae½SCµH�AJIÑ½E@B¾�G
Q�¼Z¾»·TDBG�Ø¡@F½f´Ì¼�¿�½ER?GLÔ=Ô7¸h¶TDBGZÀ�@�½»@¤C�Ç(¼Z¸E½ERã¾»G+A]½h@F¼]AT@BATº'½hRT¼]CEGv½hR?H�½�½E¸h´Ë½E¼�¼]Æ¡½hHZ@FA�H
¾�¼]¸EG�G�åvQ�@FG+A]½%ChQSRTG�¾»G¥Æ�´�¸EG+¾»¼�¹e@BATº�C}¼]¾�G¥@BA?C}½hH�AJQ�G+Cj¿Î¸h¼Z¾æ½hRTG�Ã%MO9¡ß|A�½ERT@¤C�Q�¼]A]½hG�Ø�½+À
@�½0@¤C�·J¼eCECE@BÆTDFG(½h¼¥IT@�çOG�¸hG�Ae½E@¤H�½hG/ÆJG�½fÇjG+G�A�½fÇj¼�¾�H�@BA�½f´�·lG+Cp¼Z¿lÃ%M�¸EGcI¡¶?Q�½E@B¼ZA)½EG+QSR?AT@BÒe¶TGcC�è
½ERT¼eC}G(½ERJH�½0¸hG�½hHZ@FA�H¥CE¶TÆ?CEG�½0¼�¿J½ERTG²¼Z¸h@Fº]@FA?HZD�@FA?C}½hHZA?Q�GcC�Õ�é]ÀÍêTÀÍë�×?HZA?I�À�½hRT¼]CEG/½ER?H�½0¾»¼�IT@�¿Î´
½ERTG¥½h¸hHZ@FAT@BATº»@BA?Cf½SH�A?Q�G+C/¶?CE@BATº�H)A?G�Ç�¸EG+·T¸EGcC}G+Ae½hH�½h@F¼]AÊÕ ìTÀmí�×m9
î²ï d�t|Yfi�d+_<_N�»g|b]XeX¡s�t|YfW�\)¦���a+t}d�`�Y�ðjs][e¢�o � �+�+�c���}���+�+ñ�� � �cñ��à�+ñ�rFtfscnÞYf�eW²k�X�d�`ei<g|� � o ��ò ¢([

branax
13



ó ô�Tõp³}«=³}«²öæ÷(ø�¬ù÷/³}ú�øüûýø£¯=°²±l¬T³f®�«þô�ø£±Jÿ²«²³��/°%ø��

ß|A�D¤H�U�´�DBG+HZ¸EA?@FATºJÀ�½hRTG(·T¸E¼]ÆTDBG�¾È¼�¿J@FA?C}½hHZA?Q�G/CEG�DBG+Q�½h@F¼]A�@¤C�·T¸E@B¾�H�¸h@FDB´¥¸EG+DBH�½EGcI¥½E¼�@FAJCf½SH�A?Q�G
I¡G�DBG�½h@F¼]A»H]C�@F¸h¸hG�DBG�¹�H�Ae½0H�A?I)R?HZ¸E¾�¿Î¶TD?Q+HZCEG+CpHZ¸EG/¸hG�¾»¼�¹ZGcI!Ç�RT@BDFG�¸hG�½SH�@BAT@BATº¥¼ZATDB´)Q�¸E@F½E@¤Q�HZD
@FA?C}½hHZA?Q�GcC�9Jä²½hRTG�¸SC/¾»¼¡I¡@�¿Î´µ½ERTG�@BA?C}½hHZA?Q�GcC(½ERTG+¾»CEG�DB¹ZGcC(½E¼�¸hG+I¡¶JQ�G�½ERTG!Ã%M�CE@FU+GZ9

����� 	�
������������������������� ���"!#�$����%'&(��)���!*���+
,)
-²H�¸E½�. C%HZDFº]¼Z¸h@�½hRT¾ Õ ê�×£@¤C/½hRTG!G+HZ¸EDB@BG+C}½²H�½}½hG�¾»·¡½=H�½²¾»@FA?@F¾»@BU�@BATº�½ER?G!A�¶T¾�ÆlG�¸%¼Z¿0Cf½h¼Z¸hG+I
@FA?C}½hHZA?Q�GcC%Æ�´�¸EG�½hHZ@FAT@BATºv¼]ATDB´LH0/21�3*4657468:9;3<8�C}¶?Æ?C}G�½=¼Z¿p½ERTG)¼Z¸h@Fº]@FA?HZD£Ã%MO9O>ÛQ�¼ZA?CE@¤Cf½hG�Ae½
C}¶TÆJC}G�½+À>=/ÀO¼�¿/HµÃ%MOÀ�?!Àl@¤C�C}¼]¾�G�C}¶?Æ?C}G�½=½hR?H�½!Q�¼Z¸h¸EGcQ�½EDB´�Q�D¤HZChC}@FÚ?GcC²G+¹ZG�¸h´�@FAJCf½SH�A?Q�G)@BA
?7¶?CE@FA?º�½hRTGÌé�Á|Ô²Ôâ¸E¶TDBGZ9�ä=ATG�º]G�ATG+¸hHZDFDB´Ì@BC�@BA]½hG�¸hG+C}½EGcIã@BA¨½hRTGA@B5C3�5C@ED�F�Q�¼ZA?CE@¤Cf½hG�Ae½
C}¶TÆJC}G�½=½h¼L¾»@BAT@B¾�@BU�G�½hRTG�Q�¼]C}½=¼Z¿(C}½E¼]¸hHZºZG�HZA?IÊQ�¼Z¾»·T¶¡½h@FA?ºµ½h@F¾»GZ9>-=H�¸E½�. C¥Q�¼ZAJI¡G�A?CE@BATº
I¡¼�G+C�AT¼�½�ºZ¶JH�¸SH�Ae½EG+G0Ú?A?IT@FATº=½ER?G(¾»@BAT@B¾»HZDTC}¶?Æ?C}G�½�HZA?I�¿Î¶?¸}½hRTG�¸h¾»¼Z¸hGZÀ�I¡@FçlG+¸EG+A]½pCE¶TÆ?CEG�½hC
H�¸hG�º]@F¹]G�A�Ç�RTG�AL½ER?G!Ã%Mµ¼]¸hITG�¸/@BC²QSR?H�ATº]G+I�9

>%R?HLG�½�HZDq90ÕFéZÀHG{×p·T¸hG+CEG�Ae½EGcI'½hRTG�@BA?Q�¸hG�¾»G�Ae½SH�D�DFGcH�¸hAT@BATº�CEQSRTG+¾»G+C�ßJI�é�ÁmßJIjíJ9LKÐ@�½hR
ßJIMGTÀ�@�¿�H�ATG+ÇüQ�H]C}G=½E¼�ÆlG¥H]ITI¡GcIµQ�HZA�HZDF¸hG+H]I¡´»ÆJG�Q�¼]¸E¸hG+Q�½EDB´�Q�DBH]CECE@FÚ?G+IµÆe´»½hRTG�Q�¶T¸h¸hG�Ae½
½E¸SH�@BAT@FA?º�@BA?C}½hHZA?Q�GcC�À{½hRTG�A�½ER?G%Q�HZCEG(@BCpI¡@¤ChQ�H�¸SI¡GcI)HZA?I�A?¼�½�C}½E¼Z¸hG+I)H�½�HZDFDà9�ßJI/ì�H]ITI¡¸hG+ChC}GcC
½ERTG�·T¸h¼ZÆ?DFG+¾ ¼�¿lÓZG+G�·T@BATº¥AT¼Z@¤CE´!@FAJCf½SH�A?Q�G+CpÆ�´!¸hG�½SH�@BAT@FA?º�¼]ATDB´)HZQ+Q�G+·¡½hHZÆTDFG/¾»@¤CEQ�DBH]CECE@�ÚJG+I
Q�HZCEG+C+9{ßJI(í²@¤C�½ERT¼]¶TºZRe½�½E¼�R?H�A?ITDFG/@B¸E¸hG�DBG�¹�H�Ae½�H�½}½h¸E@BÆT¶¡½hG+C�Æ�´�ÆT¶T@BD¤I¡@FA?º¥H�CEG�½�¼�¿lH�½}½h¸E@BÆT¶¡½hG
ÇjG+@Fº]R]½SC(¿Î¼Z¸�GcHZQSR�Q�D¤HZChC
KÐ@FD¤C}¼]A�Õ ë�×J@BA]½h¸E¼¡I¡¶JQ�G+I)½hRTG%Ú?¸SC}½0G+I¡@F½E@BATº!·T¸h¼Z·l¼]ChH�Dà9+I(¸h@FG;N?´ZÀ�½hRT@¤C�Q�¼]A?CE@BC}½hCp@BA�¶?CE@FA?º

½ERTGjÝ�ÁmÔ=ÔÌ¸E¶TDBGp½h¼�G+C}½E@B¾»H�½EG�½hRTG�Q�D¤HZChC�¼Z¿eGcHZQSR¥@FAJCf½SH�A?Q�Gp@FA¥½hRTG�Ã%MOÀ�HZA?I¥¸hG�¾»¼�¹�@FATºj½ER?¼]CEG
Ç�RT¼]CEG)Q�DBH]CEC=DBHZÆJG+DpI¡¼�G+C=AT¼�½�H�º]¸EG+G!Ç�@�½hR'½hR?H�½¥¼�¿0½hRTG�¾»H�Of¼Z¸h@�½f´�¼Z¿0@�½SC¥Ý'ATG�@BºZR�Æl¼Z¶T¸SC+9
Ã/RT@BC�H�DBºZ¼Z¸h@F½ERT¾þ½h¸E@BG+C¥½h¼�G�DB@F¾»@BA?H�½hG�¾�@¤CEDBHZÆJG+DFDBG+IË@BA?Cf½SH�A?Q�G+C¥¿Î¸h¼Z¾Ï½ERTGvÃ%MËHZC¥Ç(G�DBD�H]C
Q�DB¼]CEG�Æl¼Z¸SI¡G+¸�@FA?C}½hHZA?Q�GcC�ÀTCE¾»¼�¼�½ER?@FATº�½hRTG!I¡G+Q�@BCE@B¼ZALÆJ¼]¶TA?ITHZ¸E@BG+C+9

���C� 	�
�����������������QPR
��
ST!#�����"%VUWST�������2��XY
)
M�¼Z¾»G�H�DBºZ¼]¸E@F½ERT¾�C)½E¸h´:½h¼Ë¾»¼¡I¡@F¿Î´ã½hRTG�@FA?C}½hHZA?Q�GcC»@FAÑ¼Z¸SI¡G+¸)½h¼Ì¸EGcI¡¶?Q�GL½hRTG'Ã%M¨CE@BU�GZÀ
@FA?C}½EGcHZIµ¼�¿�I¡GcQ�@¤I¡@BATº)Ç�R?@BQSRL¼ZATGcC0½h¼)¸hG�½SH�@BA�9TM�¼Z¾»G�¼�¿�½hRTG�¾âH�¸E½E@FÚJQ�@¤H�DBDF´»º]G�ATG+¸hH�½EG²·?¸E¼ZÁ
½E¼�½f´�·lG+C/@BA�DF¼¡Q�H�½E@B¼ZA?C�H]Q�Q�¶T¸hH�½EG+DF´vI¡G�½EG+¸E¾»@BATG+I�9

;jR?H�ATº!Õ ì�×e@FAe½h¸E¼¡I¡¶?Q�G+I�HZA¥HZDFº]¼Z¸h@�½hRT¾ü@BA!Ç�RT@¤QSR�G+H]QSR¥@FA?C}½hHZA?Q�G�@FA¥½hRTGjÃ%M�@¤C�@BAT@F½E@¤H�DBDF´
Q�¼ZAJC}@¤I¡G�¸hG+I�H]C%Hv·?¸E¼Z½E¼�½f´�·lGZ9?Ã/R?G�A�Àl@�½¥Q�¼]A?C}@¤C}½hC%@BA'¸hG�·lG+H�½EG+ITDF´�H�½E½EG�¾»·¡½h@FA?ºv½E¼µ¾�G+¸Eº]G
½ERTG�ATGcH�¸hG+C}½/½fÇj¼�G�Ø�@¤C}½E@BATº»@FA?C}½hHZA?Q�GcC�@BA]½h¼�H»ATG�ÇÞC}@BATº]DFG¥·T¸h¼�½h¼�½f´�·JG]9?Ã/Ç(¼�@BA?C}½hHZA?Q�GcC[Z
H�A?I�\!H�¸hG²¾»G�¸hºZGcI�¼ZA?DF´�@F¿£½hRTG�´vHZ¸EG²¿Î¸E¼]¾ ½ERTG¥CEHZ¾»G�Q�DBH]CEC(H�A?I�À�H�¿Í½EG+¸(¸hG�·?DBH]Q�@BATº�½ER?G�¾
Ç�@�½hRL·?¸E¼Z½E¼�½f´�·lG^]?À�½hRTG!Q�¼]A?C}@¤C}½EG�AJQ�´v·T¸h¼Z·lG�¸E½f´vQ�HZA�ÆlG�ºZ¶JH�¸SH�Ae½EG+G+I�9

;jRTG�A:H�AJI:K�P¼]U�Ç�@BÓ¨Õ íZ×�·T¸h¼Z·l¼]CEG+IÌH�A:HZDFº]¼Z¸h@�½hRT¾ÏÇ�RT@¤QSRãQ�¼]A?C}@¤C}½hC¥@BAãI¡@F¹�@¤I¡@BATº�½ER?G
Ã%M�@BAe½E¼�CE¶TÆ?CEG�½SCp¶?CE@FA?º¥½ERTG%Q�¼ZA?Q�G�·¡½0¼Z¿`_�5�DT@a9(8b9;cd1Je�D^4;9;8�ÂÎ@à9 GZ9BÀ�½ERTG=I¡@BC}½hHZA?Q�G�ÆlG�½fÇ(G�G+A
@�½SC�½fÇ(¼�¿ÄHZ¸}½hRTG+C}½!·l¼Z@BA]½SChÅ�9�Ã/RTG�H�DBºZ¼Z¸h@F½ERT¾�C}½hHZ¸}½SC¥Æ�´Ê·?HZ¸}½h@�½h@F¼]AT@BATºL½ERTGµÃ%MË@BAe½E¼�½fÇ(¼
C}¶TÆJC}G�½hC¥Æ�´�½ERTG»¾»@¤ITI¡DBG�·J¼]@FAe½�ÆJG�½fÇjG+G�AÊ½ERTG�½fÇ(¼µ¿ÄHZ¸}½hRTG+C}½!Q�H]C}GcC�9OÃ/RTG»ATG�Ø�½!I¡@B¹�@BCE@F¼]A
@BC�·lG�¸E¿Î¼Z¸h¾�GcI�¿Î¼]¸=½hRTG»C}¶TÆJC}G�½=½hR?H�½!Q�¼]Ae½hH�@BA?C�Hµ¾»@FØ�½E¶T¸hG)¼Z¿�@BA?Cf½SH�A?Q�G+C=¿Î¸h¼Z¾ÏI¡@FçlG+¸EG+Ae½
Q�D¤HZChC}GcC�9+ßm¿?¾»¼Z¸hG0½ERJH�A!¼]ATGjCE¶TÆ?CEG�½pCEH�½E@¤CfÚJG+C�½hRT@¤C�Q�¼ZA?IT@�½h@F¼]A�À�½hRTG�A�½ER?H�½�Ç�@F½ER�½ERTGjDBHZ¸Eº]G+C}½
I¡@BHZ¾»G�½EG+¸�@¤C�I¡@B¹�@BITG+I�9�Ã/RTGvA�¶T¾)ÆJG+¸�¼�¿�·?HZ¸}½h@�½h@F¼]A?C!Ç�@BDBDjÆlGvG+Òe¶?HZD0½h¼�½ERTG�A�¶T¾�ÆlG�¸)¼�¿
@FA?C}½hHZA?Q�GcC¥@FA?@�½h@BHZDFDB´ÊI¡G�Ú?ATGcI�9£á�@FAJH�DBDF´]À�½ERTGvCE¶TÆ?CEG�½SC!H�¸hG»¸EG+·TD¤HZQ�GcI�Æ�´�½hRTG�@B¸�Q�G�Ae½E¸h¼Z@¤ITC+À
Ç�RT@BQSR�Ç�@BDFD�H]CECE¶T¾»G�½ERTG!ChH�¾»G�Q�D¤HZChC/D¤H�ÆlG�D£H]C�½hRTG�¾�HTOf¼]¸E@F½f´v¼�¿�Q�H]C}GcC/@FA�G+H]QSR�CE¶TÆ?CEG�½c9

branax
14



f ªe«g�]¬¡õ�«=±OøÞûÑø�¯²°²±l¬T³}®�«ihkj�÷kl²õp±Oønm�õ�¡¬T³|¬T³f®�«=³}«²ö

Ã/RTG�HZDFº]¼Z¸h@�½hRT¾�C�I¡G+¹ZG�DB¼Z·lG+Iã@FA¨½ERT@¤C)CEG+Q�½E@B¼ZA¨HZ¸EG�I¡@F¸hG+Q�½EGcI:½E¼�Ç/H�¸SITC!ITG�Ú?AT@BATºÊ·T¸E¼Z½E¼ZÁ
½f´e·lG+C=Æ�´�·JH�¸E½E@F½E@B¼ZAT@BATºv½hRTG!¿ÎGcH�½h¶T¸EG)C}·?H]Q�G]9lÃ/RTG+´�Ç�@BDBD�ÆlG�R?G�¸hG�Q�HZDFDBG+I�ßJo=M#p%é�ÁàßJo²M*p0í
ÂÎß|A?C}½hHZA?Q�Gqo%G+I¡¶?Q�½E@B¼ZA�Æ�´�M�·?HZQ�GrppH�¸E½E@F½E@B¼ZAT@BATº�Å�9?á?¸E¼]¾âAT¼�Ç�¼ZA£ÀT½ER?G!¼Z¸h@Fº]@FAJH�D£Ã%MLÇ�@BDFD
ÆJG!I¡G+AT¼�½hG+ILÆ�´s?!À¡Ç�RT@BDBGq=ãÇ�@BDFD£¸EG�¿ÎG�¸/½E¼�½hRTG�¸EGcC}¶?D�½h@FATº»¸hG+I¡¶JQ�G+ILCEG�½+9

t>��� &(	vu>UE�
ä=ATG/·T¸E¼]ÆTDBG�¾ HZChCE¼�Q�@BH�½EGcI!Ç�@F½ER)½ERTG/RTG+¶T¸E@¤C}½E@¤Qj@BAe½E¸h¼¡I¡¶?Q�GcI�Æ�´);jRTG+A�HZA?I�K�P¼]U�Ç�@BÓ�¸EG�¿ÎG�¸SC
½E¼:½hRTG'¿ÄH]Q�½v½hR?H�½cÀj@BAùC}¼]¾»G�Q�H]C}GcC�À�HZDFD=@FAJCf½SH�A?Q�G+C�¿Î¸h¼Z¾ ¼ZA?G'¼�¿¥½ER?GÊQ�D¤HZChCEG+CvQ+H�AÐÆlG
G�DB@F¾»@BA?H�½hG+IË¿Î¸h¼Z¾#½hRTGµÃ%MO9�ßJo=M#p%é�¼�¹]G�¸SQ�¼Z¾»GcC²½hRT@¤C�Æ�´ÊQ�¼]¾»·T¶¡½E@BATº�¼]ATGvQ�G+A]½h¸E¼]@BIÊ¿Î¼]¸
G+HZQSR)I¡@�çOG�¸hG�Ae½0Q�D¤HZChC�G�Ø¡@BC}½E@BATº�@FA�½ERTG�CE¶TÆ?CEG�½c9$KËG/Ç�@FDBD�¼ZÆ¡½SH�@BABwj·T¸h¼�½E¼Z½f´�·JGcC£·lG�¸pCE¶TÆ?CEG�½+À
ÆJG+@FATºsw²½ER?G�Ae¶?¾�ÆlG�¸%¼Z¿�I¡@FçlG+¸EG+Ae½²Q�D¤HZChC}GcCj·?¸EGcC}G+A]½�@BA�@�½c9

é]9/ßJo²M#p%éeÂx?!À<y�Å�èz=
GT9|{�G�½�y;}Y~Þé�Â�y(}�@¤C(½ERTG!Q�¶T¸h¸EG+A]½�A�¶T¾)ÆJG+¸�¼�¿pC}¶TÆJC}G�½hC/@BAR?�Å�ÀTH�AJI��[~Èé]9
ì?9|{�G�½g��~�?!9
íJ9�á�@BA?I�½ER?G¥½fÇj¼�¿ÄH�¸E½ER?G+C}½%·J¼]@FAe½hC+ÀTZL��HZA?IBZ���À?@FA��v9
ÖT9�Ù²@B¹�@BI¡G¥½hRTG!CEG�½g� @BA]½h¼�½fÇj¼�CE¶TÆ?CEG�½hC|�^��H�AJIR�d��À?Ç�RTG�¸hG
�W��~n��Z��v� è+�lÂ�Z���ZL��ÅM���lÂ�Z"��Z��{ÅH�
����~n��Z��v� è+�lÂ�Z���Z��cÅM���lÂ�Z"��ZL�+ÅH�

ê?9|{�G�½�y;}Y~�y;}"�ùéZÀ<�»Âx�fÅ�~��W��ÀTH�AJIv�»Â�y(}SÅ`~��d��9
�¡9|{�G�½�����~����)è��»Âx�fÅ�Q�¼ZAe½hHZ@FAJC�@FAJCf½SH�A?Q�G+C¥¿Î¸h¼Z¾ ½fÇj¼'IT@�çOG�¸hG�Ae½)Q�DBH]CECEG+C!H�½
DFGcHZC}½;�]ÀTHZA?I�DFG�½g� � ~����0è��Y��y } ���A� � 9

ë?9|{�G�½g��~�� � @F¿�� �B�~���G+DBCEG^�B~�� � 9
  9�á�@BA?I�½ER?G¥½fÇj¼�¿ÄH�¸E½ER?G+C}½%·J¼]@FAe½hC+À*\ � Âx�fÅ(H�AJIR\ � Â��|Å�ÀT@BALGcHZQSR��»Âx�fÅj¿Î¼Z¸|�Y�R�J9
é$¡T9/á�@BA?I�½ER?G!C}G�½��»Â£¢�Å/Ç�@F½ERL½ERTG�D¤H�¸hºZGcCf½�I¡@¤H�¾»G�½hG�¸c9
é]éZ9M{�G�½g��~��»Â£¢�Å�À�Z � ~�\ � Â£¢�Å�ÀlH�A?IBZ � ~�\ � Â£¢�Å�9
é¤G¡9(ßm¿�y(}���y²½ER?G�A�ºZ¼�½E¼vMe½hG�·'Ö¡9
écìT9/á�@BA?I!½ERTG(Q�G�Ae½h¸E¼]@BITC�w�Â�¥¦�¦�fÅl¿Î¼Z¸�G+H]QSR!Q�D¤HZChC>¥¡@BA�CE¶TÆ?CEG�½[�»Â��fÅ�À$�[~ é+�2G*�;§�§;§6�2y�9
é+í?9Mp0¶¡½�½hRTGrw�Â�¥¦�¦�fÅj@FAL½hRTG�¸EGcC}¶?D�½h@FATº�CEG�½g=/9
áT¼Z¸O½hRT@¤C£H�·?·T¸E¼eHZQSR�ÀS½hRTG0A�¶T¾)ÆJG+¸�¼�¿�·?H�¸E½E@F½E@B¼ZAJC�@BC�ºZ@B¹ZG�A£À�Ç�RT@¤QSR�¸EGcC}¶TDF½hCO@BA!H/A�¶T¾�ÆlG�¸

¼�¿�@BA?C}½hH�AJQ�G+C=ºZ¸hG+H�½EG+¸²¼Z¸�G+Òe¶?HZD£½h¼µ½hRTG�Ae¶?¾�ÆlG�¸¥¼�¿�CE¶TÆ?CEG�½SC�HZA?I�DBG+ChC�¼Z¸�G+Òe¶?H�D�½E¼�½ER?G
Ae¶?¾�ÆlG�¸0¼Z¿l·?HZ¸}½h@�½h@F¼]A?C�¾�¶?D�½h@F·TDB@BG+I»Æ�´!½hRTG�A�¶T¾�ÆlG�¸0¼Z¿OQ�DBH]CECEG+C+À{½ERJH�½�@¤C�Ày���¨ =g¨,��yª©�«ÊÀ
Ç�RTG�¸hGry%@¤C/½ER?G�Ae¶?¾�ÆlG�¸�¼�¿pCE¶TÆ?CEG�½hC�HZA?IR«#@BC�½ERTG�A�¶T¾)ÆJG+¸�¼�¿�Q�DBH]CECEG+C/@BAL½ERTG!Ã%M�9

t>�C� &(	vu>Uq�
Ã/RTG�¼]¸E´LI¡@BQ�½hH�½EG+C%½ER?H�½=Q�H]C}GcC/¿Î¸h¼Z¾þHvQ�D¤HZChC�Ç(¼Z¶TD¤ILÆJG�HZC%Q�DF¼eC}G¥½h¼vG+H]QSR�¼�½ER?G�¸²H]C%·l¼]C}Á
C}@BÆTDBGZÀlÇ�RT@FDBG�@BA?C}½hHZA?Q�GcC�¿Î¸h¼Z¾þI¡@�çOG�¸hG�Ae½¥Q�D¤HZChC}GcC%Ç(¼Z¶TD¤I�ÆJG)DF¼¡Q+H�½EGcI'HZC%¿ÄH�¸�HZC%·l¼]ChCE@FÆTDBGZ9
Ã/RTG�¸hG�¿Î¼]¸EG]À�@�½(C}G+G�¾�C0¾»¼Z¸hG%H�·?·T¸E¼]·T¸h@BH�½EG(½E¼�CE·TDB@�½j½ERTG=C}¶TÆJC}G�½�Æ�´�½hRTG%RT@BºZRTGcCf½(I¡G�º]¸EG+G�¼�¿
¼�¹ZG�¸hD¤H�·T·T@BATº¥H�¾»¼ZA?º�@BA?C}½hHZA?Q�GcC�¿Î¸E¼]¾ÛI¡@FçlG+¸EG+Ae½�Q�D¤HZChC}GcC�9�>%A?¼�½ER?G�¸�I¡@FçOG�¸hG�A?Q�G�¸EG+º]H�¸SI¡@BATº
ßJo²M#p%é)@BC²½ERJH�½=ßJo=M#pYGvºZG�A?G�¸SH�½EGcC%¼]ATDF´�¼]ATG!·T¸h¼�½h¼�½f´�·JG�¿Î¼Z¸�G+H]QSR'C}¶TÆJC}G�½�H�AJI'HZChC}@BºZAJC
@�½�½h¼»½ERTG!Q�DBH]CEC(Ç�@F½ER�H�¾»H�Of¼Z¸h@�½f´µ¼�¿�Q+HZCEG+C+9

branax
15



Ã/RTG²¼�¹]G�¸hDBHZ·T·T@BATº!I¡G�º]¸EG+G%¼�¿£H�C}G�½M¬�ÀeChH{´E�®(À¡Q�H�A�ÆlG¥I¡G�Ú?A?G+IvH]C0½hRTG²¸SH�½h@F¼)¼�¿�½ER?G
H{¹ZG�¸SH�º]G)I¡@¤C}½hH�AJQ�G�ÆlG�½fÇ(G�G�A:@BA?C}½hHZA?Q�GcC¥ÆJG+DF¼]ATºZ@BATº�½E¼'IT@�çOG�¸hG�Ae½)Q�DBH]CECEG+C+À>¯a°�À�H�A?IÊ½ER?G
H{¹ZG�¸SH�º]G=I¡@¤C}½hH�AJQ�G¥ÆJG�½fÇjG+G�A�@BA?Cf½SH�A?Q�G+C/ÆlG�@BATº�¿Î¸E¼]¾ ½hRTG!CEHZ¾»G¥Q�DBH]CEC+À#¯a±{9

é]9/ßJo²M#pYG?Âx?!À#²£Å�è =
GT9|{�G�½�² } ~ÞévÂ�² } @BC�½ERTG!Q�¶T¸E¸hG�Ae½/A�¶T¾�ÆlG�¸%¼Z¿�CE¶TÆ?CEG�½SC�@FAR?=Å�À?H�A?I��[~ÈéZ9
ì?9|{�G�½g��~�?!9
íJ9�á�@BA?I�½ER?G¥½fÇj¼�¿ÄH�¸E½ER?G+C}½%·J¼]@FAe½hC+ÀTZ � HZA?IBZ � À?@FA��v9
ÖT9�Ù²@B¹�@BI¡G¥½hRTG!CEG�½g� @BA]½h¼�½fÇj¼�CE¶TÆ?CEG�½hC|� � H�AJIR� � À?Ç�RTG�¸hG
�W��~n��Z��v� è+�lÂ�Z���ZL��ÅM���lÂ�Z"��Z��{ÅH�
����~n��Z��v� è+�lÂ�Z���Z��cÅM���lÂ�Z"��ZL�+ÅH�

ê?9|{�G�½�²�}k~³²�}��ùé]À<�»Âx�fÅ`~��W��À?H�A?Iv�»Âx²�}SÅ�~����]9
�¡9|{�G�½�����~����)è��»Âx�fÅ�Q�¼ZAe½hHZ@FAJC�@FAJCf½SH�A?Q�G+C¥¿Î¸h¼Z¾ ½fÇj¼'IT@�çOG�¸hG�Ae½)Q�DBH]CECEG+C!H�½
DFGcHZC}½;�]ÀTHZA?I�DFG�½g�(��~����0è��Y�´²�};���A����9

ë?9|{�G�½g��~����=@F¿���� �~���G+DBCEG^�B~��(�Z9
  9�á�@BA?I�½ER?G!C}G�½��»Â£¢�Å/Ç�@F½ERL½ERTG�R?@Fº]RTG+C}½�¼�¹ZG�¸hD¤H�·T·T@BATº�I¡G�º]¸EG+GZÀ<|µg~i¶�·¶�¸ 9é$¡T9/á�@BA?I�½ER?G¥½fÇj¼�¿ÄH�¸E½ER?G+C}½%·J¼]@FAe½hC+À*\$�ZÂ£¢�Å/HZA?I�\��ZÂ¹¢eÅ�À?@BAº�»Â£¢�Å�9
é]éZ9M{�G�½g��~��»Â£¢�Å�9
é¤G¡9(ßm¿�² } ��²�½ERTG+ALº]¼�½E¼vMe½EG+·�Ö¡9
écìT9/á�@BA?I�½ER?G!Q�G�Ae½h¸E¼]@BITC|wZÂx�fÅj¿Î¼Z¸�GcHZQSR�C}¶TÆJC}G�½��»Â��fÅ�À*��~Èé»�2G#��§;§�§6�¦²p9
é+í?9Mp0¶¡½�½hRTGrw�Âx�fÅ(@BAµ½hRTG�¸hG+CE¶TD�½h@FA?º»CEG�½�=�9

Ij´ÐHZ·T·TDB´e@BATº�½ERTGËßJo²M#pkG¨HZDFº]¼Z¸h@�½hRT¾�À�½hRTGËAe¶?¾�ÆlG�¸�¼�¿�@BA?C}½hHZA?Q�GcC�@BA¼= Ç�@FDBD�ÆlG
ÆJ¼]¶TA?I¡GcIÊÆ�´�½hRTG�A�¶T¾�ÆlG�¸�¼Z¿j·T¸h¼ZÆTDBG�¾ÏQ�DBH]CECEG+C¥HZA?I'½hRTG»A�¶T¾�ÆlG�¸�¼Z¿j@BA?Cf½SH�A?Q�G+C¥º]@F¹]G�A
@FA�HZIT¹{HZA?Q�G]ÀTCEH{´a²pè<«½�n¨ =�¨��²p9

t>�7t &(	vu>Urt

ßJo²M#p�ì�Q�¼]¸E¸hG+CE·l¼ZA?ITC�½E¼¥H=Q�¼Z¾)ÆT@FAJH�½E@B¼ZA�¼�¿?ßJo²M*p%é/H�A?I�ßJo²M#pYGT9cÃ/R?G(CE¶TÆ?CEG�½0I¡@B¹�@BI¡GcI�H�½
G+HZQSR!C}½hHZºZGp@¤C�½hR?H�½�Ç�@�½hR�½ERTGjRT@BºZRTGcCf½£¼�¹]G�¸hDBHZ·T·T@BATº�I¡G�º]¸EG+G0H�A?I�À�¼ZA?G0·T¸h¼�½E¼Z½f´�·JGp¿Î¼]¸£GcHZQSR
I¡@�çOG�¸hG�Ae½²Q�DBH]CEC(G�Ø¡@¤Cf½h@FA?º�@BAL½ERTG�¸hG+CE¶TDF½E@BATº�C}¶?Æ?C}G�½hC/@¤C�Q�¼]¾�·?¶¡½EGcI�9?Ã/RT@¤C�RTG+DF·?C(½h¼vH{¹Z¼]@BI
½ERTG�·J¼eCECE@FÆ?DFGvG�ØTQ�G+ChCE@F¹]GvI¡@BCE·TD¤HZQ�G�¾»G�Ae½�¼Z¿�½ERTGLI¡G+Q�@BCE@F¼]A:ÆJ¼]¶TA?ITHZ¸E@BG+C�Ç�RTG�A:¸hG�·?DBH]Q�@BATº
C}¶TÆJC}G�½hC�Ç�@�½hRÊH�RT@BºZR�¼�¹]G�¸hDBHZ·T·T@BATºµI¡G+ºZ¸hG�G)Æe´�¼]ATDB´�¼ZATG�Q�G�Ae½h¸E¼]@BI�9�Ã/RTG�@BAT·T¶¡½¥½E¼�½ER?G
H�DBºZ¼Z¸h@F½ERT¾æ@¤C/½ER?G�Ae¶?¾�ÆlG�¸�¼�¿�·?H�¸E½E@F½E@B¼ZAJC(½E¼»·JG+¸}¿Î¼]¸E¾âH�A?I�Q�¼]A?CEG+Òe¶TG�Ae½hDF´]À]½hRTG�A�¶T¾�ÆlG�¸
¼�¿�¸EGcC}¶TDF½E@BATº�Q�H]C}GcC(Ç�@FDBD�ÆlG¥½ERTG!ChH�¾»G�HZC(½hR?H�½%¼Z¿�ßJo²M#p²éZ9

t>�¹¾ &(	vu>U^¾

Ã/RTGjD¤HZC}½�¸EGcI¡¶?Q�½h@F¼]A�RTG+¶T¸h@BC}½E@¤Q/Q�¼ZAJC}@¤Cf½SC£@BA�·JG+¸}¿Î¼]¸E¾»@BATº²·?HZ¸}½h@�½h@F¼]A?C�¶TAe½E@BDTH�DBD¡C}¶TÆJC}G�½hC�H�¸hG
RT¼Z¾»¼Zº]G�ATG+¼Z¶?C¥ÂÄAT¼�C}¶TÆJC}G�½²Q�¼ZAe½SH�@BA?C/H)¾»@FØ�½E¶T¸hG�¼�¿�@FA?C}½hHZA?Q�GcC(¿Î¸E¼]¾7I¡@FçlG+¸EG+Ae½²Q�D¤HZChC}GcChÅ�9
ßm½�@¤C�AT¼�½�ATG+Q�G+ChCEHZ¸E´Ê½E¼Ë·T¸h¼�¹e@¤I¡GµHZA�´Ê½h¶TAT@BATºË·?H�¸SH�¾»G�½hG�¸�ÂÎA�¶T¾)ÆJG+¸)¼Z¿²·?H�¸E½E@F½E@B¼ZAJC�¼]¸
Ae¶?¾�ÆlG�¸µ¼Z¿!@FAJCf½SH�A?Q�G+CSÅ�½E¼:½hRTGÊHZDFº]¼Z¸h@�½hRT¾�90ßJo²M#p�í¨Q�HZAÐ¶?CEG'ÆJ¼Z½ERüIT@F¹�@¤C}@B¼ZAùQ�¸E@F½EG+¸E@¤H
I¡G�Ú?A?G+I�·T¸EG+¹�@F¼]¶?C}DB´Z9eß|A�¿ÄHZQ�½cÀe½ERTG¥·?HZ¸}½h@�½h@F¼]A�Q�¸h@F½EG�¸h@B¼ZAµ@¤C(AT¼�½/@B¾�·l¼Z¸E½hHZAe½(RTG+¸EG�ÆlG+Q�HZ¶?CEG
H�DBD�RTG�½hG�¸h¼ZºZG+ATG�¼]¶?C/C}¶?Æ?C}G�½hC/R?H{¹]G�½E¼»ÆJG¥ÚJA?H�DBDF´LI¡@B¹e@¤I¡GcI�9

branax
16



¿ ÀRÁ|l�ø�?³�ÂÛø�«�¬¡õ�Ã)ûÑø"�e°�Ã|¬*�

Ã/RTGµChQSRTG�¾»G+C!@FAe½E¸h¼¡I¡¶?Q�G+IÌ@BA¨M�G+Q�½+9�ì'R?H{¹ZG»ÆlG�G�A¨G�¾»·T@B¸E@¤Q�HZDFDB´ÊQ�¼Z¾»·?H�¸hG+IÊÇ�@F½ER KÐ@BD�Á
C}¼]A>. C+À+-=H�¸E½�. C�ÀZHZA?Iµ;jRTG+A>. CjH�DBºZ¼]¸E@F½ERT¾�C+9�Ã/RTG%Æ?H]C}@¤Q¥é�Á|Ô²Ôù¸E¶TDBG�Ç�@F½ER�é�¡»¡ÄÈ¼�¿O½E¸SH�@BAT@BATº
Q�HZCEG+CjR?H]C�H�D¤C}¼)ÆJG+G�AL@FA?Q�DF¶JI¡G+I�RTG�¸hG=¿Î¼Z¸�Q�¼]¾�·JH�¸h@BCE¼ZAv·?¶T¸E·l¼]CEG+C+9,KÊG¥R?H{¹]G²¶¡½h@FDB@BU�G+ILCE@�Ø
ITH�½SH)CEG�½SC(¿Î¸E¼]¾ ½ERTG^Å�;jßko�G�·l¼]CE@F½E¼Z¸h´'Õz�c×mÀ�HZA?Iµ½ERT¸hG�G=¿Î¸E¼]¾æ½ER?G¥ÉY{£ÉjÔ²>¼p0¸h¼�OfG+Q�½+9,KËG
R?H{¹ZG�Çj¼]¸EÓ]G+Iµ¼ZATDB´µÇ�@F½ER�I¡¼]¾»HZ@FAJC/Ç�RTG�¸hG�H�DBD�H�½}½h¸E@BÆT¶¡½hG+C�HZ¸EG�Q�¼]Ae½E@BAe¶?¼Z¶?C+9
-%¼ZD¤I¡¼]¶¡½£H{¹ZG+¸hHZºZG+I²¼�¹ZG+¸JÚJ¹ZGp¸SH�A?I¡¼]¾ü·?HZ¸}½h@�½h@F¼]A?COR?H]C�ÆJG+G�A�¶?CEG+I=¿Î¼]¸�G+H]QSR¥I?H�½hHZÆ?HZCEGZ9

>Þ·JG+¸hQ�G�Ae½hHZºZG¥¼�¿�½ERTG�@BA?C}½hH�AJQ�G+C/RJHZC�ÆlG�G+AL¶JC}GcI�H]C(½ERTG�Ã%M�H�AJIµ½hRTG�¸hG+C}½/¼Z¿�Q+HZCEG+C(¿Î¼]¸
½ERTG�½hG+C}½µC}G�½+9�É0Ø¡·JG+¸E@B¾»G�Ae½hCvQ�¼ZA?CE@¤Cf½�@BAýHZ·T·TDB´�@FATºÌ½hRTGãé�ÁmÔ=Ôâ¸h¶TDBG�½E¼Ì½hRTG�½EGcCf½µCEG�½SC�À
Ç�RTG�¸hG�½ER?G%½E¸SH�@BAT@BATº!·l¼Z¸E½E@B¼ZA�R?H]C0ÆlG�G+A�·T¸EG+·T¸h¼�Q�G+ChC}GcI�Æe´�CE¼Z¾»G�¸hG+I¡¶?Q�½E@B¼ZAµHZDFº]¼Z¸h@�½hRT¾�9

Æ �]��Ç¹ÈvÉ�� � _�d+g|g|izÊ�wSd�Yfi<sc`µd+whwSb]t}d�wh�»d�`�\!tfW�\]b]whYfi<sc`»X¡WhtfwhWS`�Y}d+acW/rBs+t�W�d�wE��\]d�Y}d�g|WEY�[

V�d�Y}d�g|WhY �E�qðjð Ë:i<_<g|sc`<Ì gÎÍ/d�t|Y6Ì g � �eWh`�Ì g oq�/k ï � oq�/k ï � oà�(k ï ñ oà�(k ï>Ï
� d�`ewSWht Ð Ï [ Ñ�ñ Ð Ï [ Ò$Ð ÐZ�c[ � Ï Ð¤Ñ�[ ��� Ð Ï [ Ñ+ñ Ð$Ñ�[<��ñ Ð Ï [ ��Ò Ð Ï [ ��Ò

ñ�[ �c� Ð$ÓZ[ ��� Ð$Ð�[ ��� Ð$Ò�[ �c� Ð�ÐZ[ �Z� Ð�ÒZ[ Ócñ Ð�ÓZ[ Ò$Ð
� _<scbe\]g Ò Ï [ Ó+� Ò�ÒZ[ Ï � Ò$ÒZ[ ��Ò Ñ�Ò�[ �+� Ó¤Ñ�[ ÓZ� Ñ;ÒZ[ Ò{� Ó�ÒZ[ ñ¤Ñ Ò$Ñ�[ Ñc�

����[ �+� Ð Ï [ �;Ó Ð$Ð�[ �;Ð Ð$Ð�[ �+ñ Ð�ÐZ[ ��Ð Ð�ÐZ[ Ó$Ò � Ï [ Ñ�Ò
Ô _�d+g|g �c��[ Ñ�� Ó�ÓZ[ �$Ñ Ó{��[ Ñ�� ñ{��[ Ñ�� Ñ+��[ Òcñ Ï �c[ Ó{� Ñ Ï [<��� Ó+ñZ[ �$Ñ

ñ$Ñ�[ Ócñ Ò{��[ ñ�Ó Ð$Ó�[ Ð+ñ Ð¤Ñ�[ Ò$Ð Ð�ÓZ[ Ðcñ Ð$Ñ�[ �$Ò Ó�ÐZ[ Òcñ
ÍjW�d�t|Y Ñ�Ð�[ �;Ó Ó Ï [ ÒZ� Ó$ÓZ[ Óc� Ócñ�[ �+� Ó$Ó�[ Ó{� Ó$Ñ�[ � Ï Ó Ï [ ÒZ� Óc��[ � Ï

ñ�ÓZ[<�c� Ò$ÓZ[<�+� Ð{��[ Ñ�ñ Ð$Ó�[ �c� Ðc��[ Ñ+ñ Ð�ÓZ[ ��Ð � Ï [ �{�
^?i�zcWht Ó$Ò�[���� ���Z[ ��Ð ÓcñZ[ �+� Ñc��[ �+� ÓZ�+[<�c� Ñ+��[ �c� Ó+�Z[ Ócñ Óc��[ ñ$Ð

ñ�ÓZ[ �+ñ Òc�Z[ Ò+� Ð{��[ � Ï Ð$Ó�[ Ó$Ò Ðc��[ � Ï Ð�ÓZ[ Ñ�Ó Ó Ï [ Ò$Ó
ï �es+`eWSn�W���Ó�[ ��Ò �+��[ Ð¤Ñ �+�Z[<� Ï Ó¤Ñ�[ Ò�� Ó¤Ñ�[ Ó$Ò Ó�ÒZ[ ñ{� Ó�ÒZ[ �{� �+��[<�6Ð

Ï ñZ[ Ñ$Ñ ��ÐZ[<��� Ð$Ð�[ Ó�Ò Ð$Ð�[ Ó$Ó Ð�ÐZ[ Ó$Ò Ð�ÐZ[ Ó$Ð Òc��[ Ðcñ
ï i<n!d Ócñ�[ Ï � Ó�ÒZ[ Ð$Ó Ó{��[ �$Ñ Ó¤Ñ�[ Ï � Ó{��[ Ò{� Ó�ÓZ[ �+ñ ���Z[ Ñ�Ð Ó�ÐZ[ Ð Ï

�;ÐZ[ Ò Ï Ò Ï [ ñ�Ó Ð$Ð�[��Sñ Ð$Ò�[ Ï ñ Ð�ÐZ[<��ñ Ð�ÒZ[ Ñ�Ð Ò��c[<� Ï
kZd�Yfi<n!d+a+W ��Ð�[ Ð�Ò �;ÐZ[ Ó{� ��ÒZ[ � Ï Ó Ï [��6Ñ �$Ñ�[ Ï � Ó Ï [ �c� �;ÓZ[ �Z� �;ÒZ[ Ò{�

Ó�[ ��Ó �c��[ ñ�Ò Ð$Ð�[ Ñ�ñ Ð$Ð�[ Ñ$Ñ Ð�ÐZ[ Ñ+ñ Ð�ÐZ[ Ñ�Ð ��Ñ�[ �{�
Ë:i<`]W �+ñ�[ Ñ�ñ ��ñZ[ Ñ Ï ���c[ ñ�Ð Ó¤Ñ�[ Ó�Ð Ó{��[<�6Ó Ó$Ñ�[ Ó$Ð Ó�ÓZ[<�6Ò ��ñZ[ Ñ+ñ

ñ+�Z[ ��� ÒcñZ[ Ð�� Ð$Ó�[ ��� Ð¤Ñ�[ �$Ñ Ð�ÓZ[ �+� Ð$Ñ�[ Ócñ Òc��[<�(Ñ
Õ z{Wht}d+a+W � Ï [ Óc� ��Ñ�[ Ñ+ñ �+ñZ[ �;Ð Ócñ�[ Ñ+� Ó$Ò�[ ñ{� Ó Ï [ � Ï Ó�ÐZ[ �+ñ � Ï [<�6Ó

��Ñ�[ Ò{� Ò¤Ñ�[ Ó�� Ð$Ò�[ ñ�Ð Ð{��[ Ðc� Ð�ÒZ[ ñ$Ð Ðc��[ �$Ñ �;ÒZ[ Ï Ð

M�G�¹]G�¸SH�D�Q�¼]¾»¾�G+Ae½hC£Q+H�A¥ÆlG�¾�HZI¡G0¿Î¸E¼]¾ù½ER?G�¸hG+CE¶TD�½SC�@BA!Ã�HZÆTDFG²éZ9+>=C�G�Ø�·lG+Q�½EGcI�ÀZé�ÁmÔ=Ô
H�A?I�KÐ@BD¤C}¼]A>. C¥HZDFº]¼Z¸h@�½hRT¾�C%·T¸hG+CEG�Ae½²½hRTG�RT@Fº]RTG+C}½�H{¹]G�¸SH�º]G!HZQ�Q�¶T¸SHZQ�´]À?ÆT¶T½�@F½�@¤C=¾»HZ@FA?DF´
I¡¶TG/½E¼�¸hG�½SH�@BAT@BATº�H�DBDT¼Z¸p¾»¼]C}½0¼�¿l½ER?G�@FA?C}½hHZA?Q�GcC%ÂÎ@BAvH{¹ZG+¸hHZºZG]À�KÐ@BDBCE¼ZA�. C0HZDFº]¼Z¸h@�½hRT¾È¼ZA?DF´
¸EG+¾�¼�¹]G+CqG]Ö¡9 ë�»Ä#¼Z¿�½ERTGLQ�HZCEG+CSÅ�9�-%¼�Ç(G�¹]G�¸cÀ�@FA�ºZG+ATG�¸SH�DàÀ£H�DBD(ßJo²M#p ¾»G�½ERT¼¡ITC�HZQSRT@BG�¹]G
RT@Fº]RTG�¸¥HZQ+Q�¶T¸SHZQ�´v½hR?H�A:;jRTG�A>. C�CEQSRTG+¾»GZÀlÇ�@�½hR'·T¸SHZQ�½h@BQ+H�DBDF´�½ER?G�ChH�¾»G�¸hG+IT¶?Q�½h@F¼]A'¸hH�½EG]9
-²H�¸E½�. C(Q�¼ZAJI¡G�A?CE@BATº�¸hG+CE¶TDF½hC/H�¸hG=Òe¶T@F½EG¥C}@B¾»@FD¤H�¸j½E¼�½ERT¼eC}G�¼�¿�ßJo²M#p0íJèeH)C}¶Tå�Q�@FG+Ae½EDB´�RT@Fº]R
¸EGcI¡¶?Q�½h@F¼]ALITG�ºZ¸hG�G¥Ç�@F½ERT¼]¶¡½²H�AL@B¾�·l¼Z¸E½hHZAe½�ITG�ºZ¸SHZI?H�½E@B¼ZA�@FA�H]Q�Q�¶?¸hH]Q�´Z9

>%¾»¼ZATºË½hRTG'H�DBºZ¼]¸E@F½ERT¾�C�·T¸h¼Z·l¼]CEG+I�@FAÑ½hRT@BCv·?H�·lG�¸cÀpßJo²M#p²éZÀpßJo²M#pjìÌH�A?IÑßJo²M#p�í
C}G+G�¾�½E¼%ÆlGj½ERTGjÆJGcCf½�@FA�½hG�¸h¾�C£¼Z¿TÆ?H�D¤H�A?Q�@FA?º²HZQ+Q�¶T¸SHZQ�´²Ç�@F½ER�C}½E¼]¸hHZºZGp¸hG+I¡¶?Q�½E@B¼ZA�9cßJo²M#p�í

branax
17



C}RT¼�Ç%C�½hRTG'RT@BºZR?G+C}½µQ�D¤HZChC}@FÚJQ�H�½E@B¼ZAýHZQ+Q�¶T¸SHZQ�´¨H�A?IÑ@F½�C}½E@BDFD%¸hG�¾»¼�¹]G+C»¾�H�A�´¨@BA?C}½hHZA?Q�GcC
Â���ë?9 í   Ä @FAËH{¹ZG+¸hHZºZGcÅ�9#KÐRTG�AËQ�¼]¾�·JH�¸h@FATºv½ERT@¤C¥H�·T·T¸h¼]H]QSR�Ç�@�½hR'KÐ@BDBCE¼ZA>. C=G+I¡@F½E@BATº?ÀlÇ(G
Q�H�A'CEG�G�½ER?H�½=ßJo²M*p0íµH]QSRT@FG+¹ZGcC%H�A�H]Q�Q�¶T¸hH]Q�´LQ�DB¼]CEG!G�AT¼]¶TºZR�½h¼v½hR?H�½�¼�¿`KÐ@BDBCE¼ZA>. C+À?ÆT¶¡½
Ç�@�½hR'H»¹ZG�¸h´µ@B¾»·J¼]¸}½SH�Ae½²I¡@FçlG+¸EG+A?Q�G�@FA�½hRTG!¸hG+I¡¶?Q�½E@B¼ZA�·lG�¸SQ�G�Ae½SH�ºZG�ÂàÖ+G¡9 ê»GÄ RT@BºZR?G�¸%@BA
H{¹ZG�¸SH�º]GcÅ�9�ä=AÊ½ERTG�¼Z½ERTG+¸�R?H�AJI�À�ßJo²M#p²é»HZA?IÊßJo²M#p�ìLG+DF@B¾»@FA?H�½EGvQ�DF¼eC}G)½E¼   ëÄâ¼�¿(½ER?G
Q�HZCEG+C�HZA?Iµ½ERTG!H{¹]G�¸SH�ºZG�HZQ+Q�¶T¸SHZQ�´�@BC/¼�¹]G�¸�êZë,Äv9

ßm½pQ+H�A�ÆJG/¼]Æ?C}G+¸E¹]G+I¥½hR?H�½0ßJo=M#pYG=H�A?I�;jRTG+A>. CpHZDFº]¼Z¸h@�½hRT¾�C�HZQSRT@BG�¹]G�Ç(¼Z¸SC}G/HZQ+Q�¶T¸SHZQ�´
¸EGcC}¶TDF½hC(½hR?H�AL½hRTG�¼�½hRTG�¸�ChQSRTG�¾»G+C/·?¸E¼]·J¼eC}GcI�9¡ßm½²C}G+G�¾�C(½ERJH�½/½ERTG�A�¶T¾)ÆJG+¸%¼�¿�Q�G+A]½h¸E¼]@BI?C
Q�¼Z¾»·T¶T½EG+IL¿Î¼]¸%G+H]QSRLCE¶TÆ?CEG�½²Q+H�A�ÆlG+Q�¼]¾»G!¾»¼Z¸hG�@B¾»·J¼]¸}½SH�Ae½�½ERJH�A�½ER?G!·?H�¸E½E@F½E@B¼ZA�Q�¸E@F½EG�Á
¸E@B¼ZA!¶JC}GcI!Æ�´¥½ERTG/H�DBºZ¼]¸E@F½ER?¾L9cß|A!¿ÄH]Q�½cÀc@BA�¾»HZA�´¥Q+HZCEG+C+À+Ç�R?G�A)HZ·T·TDB´�@FATº!;jRTG+A>. C�¾»G�½hRT¼¡I
¼Z¸/ßJo²M#pkG�ÂÄ@q9 GZ9BÀ¡½hRT¼]CEG�CEQSRTG+¾»G+Cj½ER?H�½²Q�¼]¾�·?¶¡½EG¥¼ZA?DF´v¼]ATG¥·T¸h¼�½E¼Z½f´�·JG¥@BA�GcHZQSR�C}¶TÆJC}G�½SÅ�À
H�DBDO½ERTG�@BA?C}½hH�AJQ�G+C/ÆlG�DB¼ZA?ºZ@BATº�½E¼vCE¼Z¾»G�Q�D¤HZChC}GcCjRJH{¹ZG�ÆJG+G�A�¸hG�¾»¼�¹ZGcI�¿Î¸h¼Z¾æ½hRTG!Ã%MO9

Ö ×Ê®j«²±�Ã}°=¯²³E«%ö ûÑø"ÂÛõ�*Ø|�

Ã/RT@BC�·?HZ·JG+¸µR?H]Cv¿Î¼¡Q�¶JC}GcIý¼ZAù¸hG+I¡¶JQ�½E@B¼ZAù½EG+QSR?AT@BÒe¶TGcC�¿Î¼]¸µD¤H�U�´ýDBG+HZ¸EAT@BATºãHZDFº]¼Z¸h@�½hRT¾�C
Æ?HZCEG+I�¼]A'ºZG+ATG�¸SH�½h@FATº�A?G�ÇÞ·T¸h¼�½E¼Z½f´�·JGcC�¿Î¸h¼Z¾â½ERTG)¼Z¸h@Fº]@FA?HZD�½E¸SH�@BAT@BATºµQ+HZCEG+C+9JáT¼]¶T¸²A?G�Ç
CEQSRTG+¾»G+C%RJH{¹ZG!ÆlG�G+A�@BA]½h¸E¼¡I¡¶JQ�G+I�Æ�´�¶?CE@FA?ºv½ER?G)Q�¼]A?Q�G+·¡½=¼Z¿�C}·JHZQ�G�·?H�¸E½E@F½E@B¼ZAT@BATºJ9lÃ/Ç(¼
I¡@�çOG�¸hG�Ae½�I¡@B¹e@¤CE@F¼]AÊQ�¸h@F½EG�¸h@¤H�R?H{¹ZG)ÆJG+G�AÌH�A?HZDF´�U+G+I�ÀOH�DB¼ZATº�Ç�@�½hR'½fÇ(¼�I¡@¤C}½E@BA?Q�½�¾�H�ATA?G�¸SC
½E¼vQ�¸hG+H�½EG=½ERTG�A?G�Ç�·T¸E¼Z½E¼Z½f´e·lG+C(@BA�G+HZQSR�CE¶TÆ?CEG�½+9

áT¸h¼Z¾æ½hRTG�G�Ø¡·lG�¸h@F¾»G�Ae½SC�ÀT@F½²CEG�G�¾�C(½hR?H�½%º]G�ATG+¸hH�½E@BATº»¼ZATDB´v¼ZA?G�·T¸E¼Z½E¼Z½f´e·lG�¿Î¼Z¸�GcHZQSR
C}¶TÆJC}G�½�º]@F¹]G+C�DF¼�Ç(G�¸�HZQ�Q�¶T¸SHZQ�´�½hR?H�A�Q�¸hG+H�½h@FA?º²¼ZA?G0¿Î¼Z¸�GcHZQSR�Q�DBH]CEC�·T¸hG+CEG�Ae½�@BA)GcHZQSR!·JH�¸E½E@FÁ
½E@B¼ZA�9�Ã/RTG%CE·TDB@�½0Q�¸E@F½EG+¸E@B¼ZA�H�çOG+Q�½SCpHZQ+Q�¶T¸SHZQ�´ZÀ{ÆT¶¡½p¾�¶JQSR)DBG+ChC�½ER?HZA�½hRTG�¾»G�½hRT¼¡I�¶?CEG+I)¿Î¼]¸
ºZG�A?G�¸SH�½E@BATº�·T¸h¼�½h¼�½f´�·JGcC�9�>=Q�Q�¼Z¸SI¡@FA?ºZDB´ZÀ�ßJo²M#p²évH�A?IËßJo�p(M¡ì�C}R?¼�Ç ½ER?GvRT@BºZRTGcCf½�H]Q�Q�¶TÁ
¸hH]Q�´»Ç�@�½hRLH�¹ZG+¸E´�CE¾»HZDFDOA�¶T¾)ÆJG+¸(¼Z¿£@BA?Cf½SH�A?Q�G+C+9TM�G+Q�¼ZA?I¡DB´ZÀ�ßJo²M*pYG�RJHZCj½ERTG�H]I¡¹�H�Ae½hHZºZG
½ER?H�½j@F½jH�DBDF¼�Ç%Cp½E¼�Q�¼ZAe½E¸h¼ZD¡½hRTG²A�¶T¾)ÆJG+¸�¼Z¿O¸hG+CE¶TDF½E@BATº�Q+HZCEG+C0HZA?I�Àe@�½jC}½E@BDBDJ¼]Æ¡½hHZ@FA?C�RT@BºZRTG+¸
HZQ�Q�¶T¸SHZQ�´�½ERJH�AË;jRTG+A>. C�HZDFº]¼Z¸h@�½hRT¾�9Já�@BA?H�DBDF´]ÀOßJo²M#p0íLHZQSRT@BG�¹]G+C/½hRTG�RT@Fº]RTG+C}½�HZQ�Q�¶T¸SHZQ�´]À
H�DF½ERT¼]¶TºZRL@�½²HZDBCE¼»Q�¸hG+H�½hG+C/¾»¼Z¸hG¥·T¸h¼�½E¼Z½f´�·JGcC�½hR?H�AL½hRTG�¼�½hRTG�¸%ChQSRTG�¾»GcC�9

ûÑø�Ùhø£Tø£«²±Oø"�
�+[ Õ ��dZx]V�[ Ëý[<x,Ú�i<¦]_�WEt�xeV�[<x Õ _<¦¡Wht|Y�x,Û�[ Ú¥[�Üeoà`egmY}d�`ewSWE�q¦ed+g|W�\�_<W�d�tf`]i�`]a!d+_<acs�tfiNYf�en�gS[*Û»d�wE�]i<`eW
^?W�d�tf`]i�`]aqÝ�Þm�6Ð�ÐZ�6ß�ñc����Ó$Ó�[

��[ Õ ��dZx�V�[ Ëý[�Üc¢lsc_<Wht}d�Yfi<`ea�`es+i<gm��x+iNt|tfWS_<WSz+d+`�Y�d+`e\=`]s�zcWS_Zd�Y|YfiNtf¦ebZYfWSg�i<`�i<`egmY}d�`ewSWh�Ä¦ed+g|W�\�_<W�d�tf`]�
i<`ea¥d+_<acs�tfi<Yf�]n�gS[�oq`�Y�[]~cs+b]tf`ed+_ls�r�Û»d+`Z��Û»d+w}�ei<`eW²k�Yfb�\]i<WSg�àÝRÞm�6Ð$Ðc�$ß���Óc���à��Òc��[

ñ�[ � �ed+`eaZx � [ �q^£[�ÜªáOi<`�\]i<`]a�X]tfs�Yfs+Yq�]X¡Whg/r¤s+t²`]W�d�tfWSgmY%`]WSi<ac��¦¡s+t²wS_�d�g|g|i�ÊeWhtfgS[Ooà���£�¨¢Jt}d+`]gS[ls+`
� s+n�Xeb]YfWEtfg�â,àRÞm�6Ðc� Ï ß/�c����Ð��}�+�6Ò Ï [

Ï [ � �]WS`Jx � [ Í=[<xZ~��s+�h�0i�ã¡x Õ [�Ü Õ gfd+n�Xe_<W�g|WhY�whsc`�\ZWS`egfd�Yfi<sc`)d+_<acs�tfi<Yf�]n�r¤s�t�Yf�eW�wS_�d+g|g�g|WS`eg|iNYfi<z{W
d�t|Yfi�ÊewSi�d+_J`eWSbZt}d+_?`eWhYq��s+tJã¡[ ï d�Y|YfWhtf`��jWSwhscac`]iNYfi�s+`�^JWEY|YfWhtfg É»ä Þm�6Ð�Ð$Ó¤ß`ÒZ�HÐ���Ò{��ñZ[

Ñ�[ � s�z{Wht�x�¢([ Û�[<x>Í(d�t|Y�x ï [ �p[åÜ�ðjW�d�tfWhgmY�`]WSi<ac��¦¡s+t�X�d�Y|YfWEtf`�wS_�d+g|g|izÊ�w�d�Yfi<sc`J[�oà���£�Ð¢Jt}d�`egS[�s+`
oq`]r¤s�tfn!d�Yfi<sc`»¢��eWSs�t|� É àRÞm�HÐ$Óc�$ß����h�à�+��[

Ó�[MÍ(d�t|Y�x ï [�Ü�¢��eW0wSs+`�\ZWS`eg|W�\�`]W�d�tfWSgmY�`eWhi�a+��¦¡s+t�tfb]_<Wc[�om�£�£��¢Jt}d+`]gS[�sc`�oq`]r¤s�tfn!d�Yfi<sc`�¢��]WSs+t|�
ÉTæ Þm�HÐ$Ó�Ò¤ß�Ñ+�¤Ñ���Ñ��6Ó�[

��[�Û�Whtf�+x � [ ~Z[�xªÛ�bZtfXe����x ï [ Û�[�ÜTy � o0�jWhX¡scg|iNYfs+t|��s�r�Û»d�wE�]i<`eW=^JW�d�tf`ei<`ea�V�d�Y}d�¦�d�g|WSgS[Ty(`]i�z¡[
s�r � d+_<iNr¤s+tf`]i�dZx¡oÄtfzZi<`]Wc[e��Y|YfX<Ü ç�ç��p�p��[ i<wSgS[ bewSiÍ[ W�\Zb#ç�n�_<W�d�tf`ºÞm�6Ð$Ð�Ò¤ßE[

Ò�[kË:i<_<g|sc`?x{V�[ ^>Ü Õ gm�]n�XZYfs+Yfi<w�XZtfscX¡Wht|Yfi<WSg£s+r�`eW�d�tfWSgmY£`eWSi<ac��¦¡s�t£tfb]_<WSg�b]g|i<`ea/W�\ZiNYfW�\�\]d�Y}d(g|WhYfgS[
oà���£�Ë¢Jt}d�`egS[esc`�k��ZgmYfWSn�gSxÛ»d+`�d�`�\ � �Z¦¡Whtf`]WhYfi<wSgYâ�Þm�6Ðc�c�$ß Ï ��Ò�� Ï ���c[

branax
18



Descr ibing Decision Suppor t, Data Mining, and 
Text/Web Mining Studies in SolEuNet 

Marko Bohanec, Bojan Cestnik, Marko Grobelnik, Dunja Mladeni
�
 

Jožef Stefan Institute, Ljubljana, Slovenia 

Mário Alves, Alípio Jorge 
LIACC, Oporto, Portugal 

Steve Moyle 
Oxford University, Oxford, UK 

Abstract. We present a schema for documenting and classifying completed 
Data Mining, Decision Support and Text and Web Mining cases. Project de-
scriptions from these areas are unified in a hierachically structured relational 
database. The main objectives and benefits of the repository are presented and 
discussed. 

1 Introduction 

Working with end-user problems usually implies that most of the results cannot be 
published even though the experts performing the data analysis have learned general 
lessons that can be potentially useful when approaching other end-user problems. That 
kind of experience is usually related to specific information about the problem charac-
teristics and the used methodology; it can be shared without revealing confidential 
information about the problem and the customer. In our work on developing prototype 
solutions for customer problems within project SolEuNet (Mladeni

�
, 2001), we aim 

not only at solving end-user problems (e.g., Cestnik and Bohanec, 2001), but also at 
developing new methods for collaborative data mining (Jorge, et al., 2002), combining 
problem solutions as well as combining data mining and decision support with infor-
mation systems. The idea is to work on prototype solutions that have a potential for 
later commercial exploitation, and also to analyse failed and successful approaches 
using a joint infrastructure, education and dissemination. So, one of the main objec-
tives is, based on the experience and lessons learned from practical cases, to propose a 
compact description of the cases in the form of a repository. 

Among several benefits that are expected as a result of having the past projects 
stored in a repository, we emphasize the following ones: 
• Unified project documentation; 
• Stored knowledge and experience that could facilitate learning about the stored 

cases as well as replicating the successful solutions on similar new problems; 
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• Fast search among the end-user projects by using descriptive criteria (when the 
repository gets implemented in the form of a database); 

• Summarized lessons learned from similar end-user problems, which might help 
avoiding obstacles when facing new problems. 

The following section describes typical categories and examples of projects ap-
proached within SolEuNet. Section 4 presents a unified project description schema, 
designed as a flexible relational data base. 

2 SolEuNet end-user  projects 

End-user projects, approached within SolEuNet, belong to three different areas: (1) 
Decision Support, (2) Data Mining, and (3) Text and Web Mining. 

Decision Support (DS). In SolEuNet, DS has been mostly based on qualitative hierar-
chical multi-attribute modeling, using the supporting computer programs DEX and 
DEXi (Bohanec and Rajkovi � , 1990; Bohanec, 2002). Six different DS projects have 
been approached and completed. One of them, Housing (Bohanec et al., 2002), was 
aimed at supporting the task of housing loan allocation for the reconstruction of dena-
tionalised buildings in the city of Ljubljana. Two multi-attribute models have been 
developed and used for this purpose. The characteristics of this project – already using 
the unified schema proposed in section 3 – are shown in Table 1. 

Prior to SolEuNet, the completed DS projects had been documented in various 
ways. While some of them produced a written text report and/or some form of sche-
matic description (Urban� i � , et al., 1998), others were mostly documented with print-
outs from DEX and DEXi, and some outstanding projects were described as practical 
cases in scientific papers (e.g., Bohanec, et al., 1996). 

Data Mining (DM). An example of a SolEuNet DM project is Mediana (Škrjanc, et 
al., 2001), where different data mining methods were used for the analysis of the me-
dia space in Slovenia. A media space consists of many different factors fighting for 
the attention of the customer population in some environment. We have analyzed data 
describing the entire media space of the whole country (Slovenia) with the population 
of 2 million people. The data were collected by the private research institute Mediana. 
The database consists of 8000 questionnaires, each containing 1200 questions, gath-
ered in 1998. 

Text and Web Mining. The problem of this kind comes from the Portuguese Institute 
of Statistics (INE), the governmental agency which is the keeper of national statistics. 
INE has the task of monitoring inflation, cost-of-living, demographic trends, and other 
important indicators. Its goal was to get information and on this basis provide better 
services on Infoline (www.ine.pt), a web site that makes statistical data available to 
the Portuguese citizens. The specific task was to extract knowledge from the web 
site’s access data log, using DM techniques such as association rules, clustering and 
classification (Jorge and Moyle, 2002; Alves and Jorge, 2002). Association rules, for 
instance, can tell what is the next page a user would like to see, and help them finding 
the information they are looking for. This ability of “guessing”  the user’s wishes can 
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be provided to the site by analyzing the usage of the site by other users, and discover-
ing their own preferences. Also, the technique of clustering can, from the same stream 
of data, discover natural groups of users with similar preferences and behavior. This 
knowledge can help improve the usability of the site. Data collection is nearly cost-
less, but the patterns found in the data can help the Portuguese save thousands of 
hours in their quest for statistical data. 
 
Initially, several project description schemas for these specific areas have been de-
signed by different SolEuNet workpackages (Mladeni

�
, 2002). For instance, a descrip-

tion schema for DS projects was proposed in (Cestnik and Bohanec, 2002). A differ-
ent schema was used for INE (Jorge and Moyle, 2002). Almost independently, the 
SolEuNet Information Collector (SENIC) database has been developed as a web sys-
tem designed to support the task of collecting information about tools and case studies 
in SolEuNet. SENIC was engineered with the reliable web technologies described in 
(Alves, 2001). Although designed as a general repository, SENIC has been found 
more appropriate for describing DM than DS projects, clearly exposing the need for a 
unified project description schema. 

3 Unified project descr iption 

The unified approach to describing Data, Text, and Web Mining and Decision Sup-
port solutions of completed end-user projects draws on two facts. First, these projects 
share a considerable number of common characteristics, which can be used for all of 
them. Second, project descriptors can be layered in order to cope with the specifics of 
approaches and applied methods in different areas. 

This leads to a hierarchically organized relational database in which, at the top 
level, a project description is divided into three categories: (A) general description, 
(B) problem description and (C) method-specific parameters. This division is rather 
natural: first, a project is described in general, regardless of the specific type of the 
project and applied methods. Then, the specific problem is elaborated in more detail, 
using descriptors that are specific for the taken approach, such as DM or DS. Finally, 
method-specific parameters are presented on the third level. 

Each higher-level category can contain one or more lower-level categories. For ex-
ample, consider a hypothetical project, whose general characteristic can be described 
by descriptors of the category A. Suppose it is a DS project; in this case, the descrip-
tion can be supplemented by DS-specific parameters B. The problem can be ap-
proached by one or more different DS methods (C), for instance by two qualitative 
multi-attribute models (C1 and C2), a quantitative multi-attribute model (C3) and 
decision trees (C4). In addition, the same project (A) may have some data available, 
which can be analyzed by DM techniques. So, this is also a DM project and can be 
described by DM-specific parameters (say, B2). Again, several methods can be used 
for DM, such as association rules (B2.C1) and clustering (B2.C2). 
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Table 1. Project Housing described by the unified schema. 

A. General 
Project acronym Housing 
Project title Loan allocation for the Housing Fund of Ljubljana 
Keywords Loan allocation, housing 
Business sector  Finance 
End-user  mission Housing, mortgage market 
Customer  institution The Housing Fund of Ljubljana Municipality 
Location Ljubljana, Slovenia 
Involved SolEuNet par tners Temida, IJS 
Other  par tners None 
Star t date January 2000 
End date September 2001 
Time span 9 months 
Exper t team size 5 
Exper t resources 14 MM 
Press release text describing the project (omitted) 
Summary Decision support of a tender for renovating old 

Denationalized blocks of flats in Ljubljana 

B. DS Problem Descr iption 
Problem acronym Housing 
Problem title Loan allocation 
Business success criteria Undefined 
Internal champion  Not available 

Background 

Problem owner(s) accessible Yes 
Problem type Two-time 
Problem structure Semi-structured 
Problem definition Medium 
Organizational level Tactical/strategic, management involved 
Supporting methods Modelling, qualitative ranking/evaluation models, 

computational models, database, what-if analysis 
Primary DS elements Data, models 

Problem 
style 

Group decision problem No (no different interests) 
     Problem owner 1 
     Additional experts 1 
     Decision analysts 3 
     Users 0 

Team 
members 

     Others 0 

C. Method-specific parameters 
 C1. C2. 
Method type Qualitative multi-attribute model Qualitative multi-attribute model 
Model name A B 
Model descr iption Priority ranking of applicants that 

own only one flat in which they 
reside (the flat must be in a 
denationalised block) 

Priority ranking of applicants that 
own also some other flats (in the 
denationalised block) that are 
rented non-profitably 

Tools used DEX DEX 
Basic attributes 10 6 
Aggregate 
attributes 

7 4 
Size 

Ranks 5 5 
Number  of options 109 258 
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Thus, this hypothetical project can be described by the following instance of the 

unified schema: 
A: General description (Project acronym, Title, Keywords, …) 

• B1: DS Problem description: Background, Problem style, Evaluation 
o C1: First DS qualitative multi-attribute model  
o C2: First DS qualitative multi-attribute model   
o C3: DS quantitative multi-attribute model  
o C4: DS decision tree  

• B2: DM Problem description: Background, Problem style, Evaluation 
o C1: DM association rules  
o C2: DM clustering  

Organized in this way, the schema is highly flexible. First, it facilitates the descrip-
tion of projects that are approached by a variety of different approaches and methods. 
Second, it can be easily extended by new sets of descriptors corresponding to new 
types of problems (B) or new methods (C). 

For the illustration of specific descriptors, the DS project Housing is described by 
this schema in Table 1. Notice that the descriptors in section A are standardized and 
equal for all projects. Section B is specific to DS projects, but equal for all of them. 
Section C contains two descriptions, C1 and C2, each corresponding to one of the 
multi-attribute models developed in the project. 

4 Conclusion and fur ther  work 

The main goal of this work was to propose a unified schematic description of com-
pleted end-user cases that can serve as a basis for the repository. The repository is one 
of the prerequisites for promoting and extending exploitation of Data Mining, Deci-
sion Support and Web/Text Mining technology into practice. 

There are several benefits of having the past projects stored in a repository. First, 
the stored projects are documented in a similar formal way; as a result, it is relatively 
easy to get information about a single project as well as to mutually compare two or 
more projects. Second, stored knowledge and experience in the repository facilitate 
the discovery and learning about the recorded cases as well as replicating the success-
ful solutions in similar new problems. Next, when the repository gets implemented in 
the form of a database, it will facilitate fast searching among the stored projects by 
using descriptive criteria. Last but not least, one can gain access to summarised les-
sons learned from similar problems, which might help avoiding obstacles when facing 
new problems. 

The proposed project description schema is highly flexible. Its hierarchical struc-
ture facilitates the description of problems that are of different types and that are ap-
proached by a variety of methods. Also, it can be easily extended to new types of 
problems and methods used. 

For further work we plan to implement the resulting repository schema as an ob-
ject-oriented computer database, accessible through WWW, and include additional 
completed projects in the repository. 
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$EVWUDFW�� 7KH� SDSHU� SUHVHQWV� D� FDVH� VWXG\� LQ� WDUJHWLQJ� D�PDUNHWLQJ� FDPSDLJQ�
IRU�D�VSHFLILF�QRQ�DOFRKROLF�EHYHUDJH�EUDQG�QDPH��EDVHG�RQ�WKH�UHVXOWV�RI�FRP�
SOHWHG�TXHVWLRQQDLUHV�DERXW�EUDQG�QDPH�UHFRJQLWLRQ�LQ�6ORYHQLD��)LUVW��ZH�JLYH�
D�PRWLYDWLRQ� IRU� WKH� WDVN�� 7KHQ��ZH� EULHIO\� GHVFULEH� WKH� GDWD� DQG� H[SODLQ� WKH�
SUHSURFHVVLQJ�VWHSV��,Q�WKH�PDLQ�SDUW�RI�WKH�SDSHU�ZH�KLJKOLJKW�WKH�PDMRU�VWHSV�
LQ�DFWLRQDEOH�NQRZOHGJH�JHQHUDWLRQ�IRUP�WKH�VWXGLHG�WDVN��7KH�SDSHU�FRQFOXGHV�
ZLWK�OHVVRQV�OHDUQHG�DQG�GLUHFWLRQV�IRU�IXUWKHU�ZRUN��

�� ,QWURGXFWLRQ�

2QH�RI� WKH�PRVW� LPSRUWDQW� WDVNV�RI�D�PDUNHWLQJ�H[SHUW� LV�KRZ� WR�HIILFLHQWO\� WDUJHW�D�
SRSXODWLRQ�IRU�DGYHUWLVLQJ�D�VSHFLILF�SURGXFW�RU�VHUYLFH��H�J��%HUU\�DQG�/LQRII���������
8VXDOO\�� WKHUH� LV�D� WUDGH�RII�EHWZHHQ�WKH�FRVW�RI�FRPPXQLFDWLQJ�D�PHVVDJH�WR�HYHU\�
ERG\��RQ�RQH�KDQG��DQG�D�ORVV�GXH�WR�VHOHFWLQJ�D�WRR�QDUURZ�SRSXODWLRQ�VHJPHQW��ZKLFK�
PD\�UHVXOW�LQ�PLVVLQJ�VRPH�RI�WKH�SRWHQWLDO�FXVWRPHUV��RQ�WKH�RWKHU�KDQG��7KHUHIRUH��
the area is particularly suitable for applications of Data Mining (Škrjanc, et al., 2001) 
DQG�'HFLVLRQ�6XSSRUW�PHWKRGV��%RKDQHF��HW�DO���������&HVWQLN�DQG�%RKDQHF����������

$PRQJ�WKH�DYDLODEOH�WRROV�WKDW�FDQ�KHOS�PDUNHWLQJ�H[SHUWV�DFFRPSOLVK�WKHLU�WDVNV��
'DWD� 0LQLQJ� WRROV� KDYH�� VLQFH� UHFHQWO\�� JDLQHG� VLJQLILFDQW� LPSRUWDQFH�� 1DPHO\�� LQ�
PRVW�ODUJH�FRPSDQLHV�WKH�TXDQWLW\�DV�ZHOO�DV�WKH�TXDOLW\�RI�GDWD�DERXW�FXVWRPHUV�DQG�
RUGHUV� KDV� LQFUHDVHG� GUDPDWLFDOO\� LQ� WKH� ODVW� GHFDGH�� ,Q� DGGLWLRQ�� WKHUH� DUH� VHYHUDO�
JOREDO� VWXGLHV� DQG� UHSRUWV� DERXW� FXVWRPHU� EHKDYLRU� SXEOLVKHG� HDFK� \HDU�� 6WDWLVWLFDO�
WRROV� WKDW� ZHUH� VXFFHVVIXOO\� DSSOLHG� LQ� WKH� SDVW� WR� VWXG\� JOREDO� SKHQRPHQD� FDQ� QR�
ORQJHU� SURYLGH� VXIILFLHQW� DQVZHUV� WR� VSHFLILF�� LQGLYLGXDOO\� IRFXVHG� TXHVWLRQV� �%HUU\�
DQG�/LQRII���������

,Q�WKLV�SDSHU�ZH�SUHVHQW�D�FDVH�VWXG\�LQ�WDUJHWLQJ�D�PDUNHWLQJ�FDPSDLJQ�IRU�D�6ORYH�
QLDQ� QDWXUDO� QRQ�DOFRKROLF� VSDUNOLQJ� EHYHUDJH� EUDQG� �VLQFH� ZH� DUH� QRW� DOORZHG� WR�
XQFRYHU�WKH�LGHQWLW\�RI�WKLV�EUDQG��WKH�EUDQG�QDPH�LV�ODEHOHG�;���7KH�VWXG\�LV�EDVHG�RQ�
WKH� GDWD� WKDW� ZHUH� FROOHFWHG� IURP� D� SXEOLF� VXUYH\� GRQH� E\� WKH� PDUNHWLQJ� DJHQF\�
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.OLQH	.OLQH� XVLQJ� GHGLFDWHG� VRIWZDUH� IRU� TXHVWLRQQDLUHV� 4$� GHYHORSHG� E\� WKH�
7HPLGD� FRPSDQ\�� 0RUH� VSHFLILFDOO\�� WKH� WDVN� ZDV� WR� LGHQWLI\� WKH� FKDUDFWHULVWLFV� RI�
WKRVH�FRQVXPHUV�WKDW�GR�QRW�\HW�NQRZ�DQG�RU�XVH�EUDQG�;��,Q�UHDOLW\��WKH�WDUJHW�SRSXOD�
WLRQ� LV� IXUWKHU� VHJPHQWHG� WR� �$��GULQNHUV�RI�RWKHU�QRQ�DOFRKROLF� VSDUNOLQJ�EHYHUDJHV�
DQG� �%�� RWKHUV� WKDW� GR� QRW� GULQN� DQ\� EHYHUDJHV� RI� WKLV� NLQG�� 7KH� ODWWHU� FDQ�� E\� DOO�
PHDQV��EH�H[FOXGHG�IURP�RXU�WDUJHW�VLQFH�LW�LV�IDLU�WR�DVVXPH�WKDW�WKH\�DUH�QRW�LQFOLQHG�
WR� XVH� WKH�SURGXFW�JHQHULFDOO\�� ,Q� DQRWKHU�ZRUGV�� LQ�RXU� FDPSDLJQ�ZH�ZRXOG� OLNH� WR�
FRQWDFW� WKH� XVHUV� RI� FRPSHWLWLYH� EUDQGV� DQG� SUHVHQW� WKHP�ZLWK� WKH� TXDOLWLHV� RI� QHZ�
SURGXFW� ;�� +RZHYHU�� WKH� PDUNHWLQJ� H[SHUW� LQ� RXU� WHDP� SRLQWHG� RXW� RQH� DGGLWLRQDO�
FRQVWUDLQW��7KHUH�VHHPV�WR�EH�RQH�SDUWLFXODU�EUDQG��ODEHOHG�EUDQG�<��WKDW�LV�VR�ILUPO\�
SRVLWLRQHG�RQ�WKH�PDUNHW�WKDW�LW�ZRXOG�EH�D�ZLVH�LGHD�WR�H[FOXGH�DOVR�WKH�XVHUV�RI�WKLV�
SDUWLFXODU�EUDQG�IURP�RXU�WDUJHW�SRSXODWLRQ��,Q�IDFW��LW�LV�UHDVRQDEOH�WR�H[SHFW�WKDW�WKH�
UHJXODU� GULQNHUV� RI� EUDQG�<� DUH� YHU\� XQOLNHO\� WR� FKDQJH� WKHLU� SUHYDOHQW� EHKDYLRU� QR�
PDWWHU�ZKDW�RXU�DUJXPHQWV�DERXW�WKH�EUDQG�;�DUH��

7KH�UHVW�RI�WKH�SDSHU�LV�RUJDQL]HG�DV�IROORZV��7KH�QH[W�VHFWLRQ�GHVFULEHV�WKH�VWHSV�
UHTXLUHG�WR�DFFRPSOLVK�WKH�FDVH�VWXG\�LQ�D�PRUH�GHWDLOHG�PDQQHU��$�VSHFLDO�HPSKDVLV�
LV�GHGLFDWHG�WR�GDWD�GHVFULSWLRQ��GDWD�SUHSURFHVVLQJ��DQG�DFWLRQDEOH�NQRZOHGJH�JHQHUD�
WLRQ�� ,Q� FRQFOXVLRQ�ZH� SUHVHQW� VRPH� OHVVRQV� OHDUQHG� DQG� JLYH� GLUHFWLRQV� IRU� IXUWKHU�
ZRUN��

�� 'DWD�0LQLQJ�IRU�WDUJHWLQJ�D�PDUNHWLQJ�FDPSDLJQ��

7KLV�VHFWLRQ�ILUVW�GHVFULEHV�WKH�GDWD�XVHG�IRU�WKH�VWXG\��7KHQ�LW�SUHVHQWV�WZR�PDMRU�
WDVNV� WKDW�ZHUH�DFFRPSOLVKHG�ZLWKLQ�WKH�VWXG\��GDWD�SUHSURFHVVLQJ�DQG�VXEJURXS�GLV�
FRYHU\�DLPHG�DW�DFWLRQDEOH�NQRZOHGJH�JHQHUDWLRQ�IRU�WKH�GHYHORSPHQW�RI�D�PDUNHWLQJ�
FDPSDLJQ��7KH�PDUNHWLQJ�SUREOHP�DGGUHVVHG�LQ�WKLV�SDSHU�LV�KRZ�WR�WDUJHW�D�PDUNHWLQJ�
FDPSDLJQ�IRU�D�6ORYHQLDQ�QDWXUDO�QRQ�DOFRKROLF�VSDUNOLQJ�EHYHUDJH�EUDQG��7KH�VWDUWLQJ�
SRLQW�LV�D�UHODWLRQDO�GDWDEDVH�REWDLQHG�E\�LQWHUYLHZLQJ�SRWHQWLDO�FXVWRPHUV��7KH�WDUJHW�
LQJ�WDVN�LV�WKH�SUREOHP�RI�VHOHFWLQJ�SRWHQWLDO�FXVWRPHU�VXEJURXSV�WKDW�FDQ�EH�WDUJHWHG�
E\�DGYHUWLVLQJ�FDPSDLJQV��

%XVLQHVV�WR�EH�VXFFHVVIXO�KDYH�WR�YLHZ�WKHLU�PDUNHWV�DV�FRQVLVWLQJ�RI�GLVWLQFW�JURXSV�
RI�FRQVXPHUV��HDFK�ZLWK� WKHLU�RZQ�GLVWLQFW�VHW�RI�UHTXLUHPHQWV�� �7UXH�FRQVXPHU�VHJ�
PHQWDWLRQ�KDV�VXFK�D�SURIRXQG�LPSDFW�RQ�D�EXVLQHVV�WKDW�JHWWLQJ�LW�ULJKW�FDQQRW�EH�OHIW�
WR� FKDQFH� �0F'RQDOG�DQG�'XQEDU���������/LWHUDWXUH�RQ�PDUNHW� VHJPHQWDWLRQ�XQGHU�
OLQHV�WKH�YLHZ�WKDW�PDUNHWV�DQG�WKHLU�VHJPHQWV�DUH�FOXVWHUV�RI�SRWHQWLDO�FXVWRPHUV��.RW�
OHU�������7\QDQ�DQG�'UD\WRQ��������2QO\�VRPH�RI�WKHP�DUH�VXLWDEOH�WR�EH�VHOHFWHG�DQG�
DSSURDFKHG�RU�WDUJHWHG�WR�SXUVXH�ZLWK�ULJKW�RIIHUV�IURP�D�SDUWLFXODU�PDUNHWLQJ�DJHQW���

(YHU\� VHJPHQWDWLRQ� \LHOG� VHYHUDO� VHJPHQWV� DQG� WKH� NH\� TXHVWLRQ� LV� KRZ� WR� KHOS�
PDUNHWLQJ�SODQQHUV�WR�GHFLGH�ZKLFK�RQHV�DUH�OLNHO\�WR�EH�PRVW�SURPLVLQJ��7KH�UXOH�RI�D�
WKXPE�LV�WR�WDUJHW�WKH�VHJPHQW�ZLWK�WKH�KHDYLHVW�XVHUV��2Q�VXUIDFH�WKLV�PDNHV�WKH�PRVW�
VHQVH��KRZHYHU��WKHUH�DUH�VRPH�VWURQJ�LQGLFDWLRQV�WKDW�VXFK�DSSURDFK�LV�QRW�WKH�PRVW�
SURPLVLQJ�RQH��0\HUV�������S���������

• 2QH� RU�PRUH�PDMRU� FRPSHWLWRUV�PD\� KDYH� DOUHDG\� WDUJHWHG� WKLV� JURXS� VXF�
FHVVIXOO\��
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• 7KH�FRPSDQ\�SURGXFW�OLQH�LV�QRW�ZHOO�GHVLJQHG�IRU�WKLV�JURXS��
• ,Q�UHDOLW\�WKHUH�DUH�QR�KHDY\�XVHUV��
• 7KH�FRPSDQ\�LV�WR�VPDOO�WR�JR�DIWHU�WKH�KHDY\�XVHU�VHJPHQW��
• 7KH�FRPSDQ\�DQG� LWV�DJHQF\�ZDQW� WR�GHYHORS�GLIIHUHQW�PDUNHWLQJ�FDPSDLJQ�

IRU�LWV�EUDQG�IRU�DOO�XVDJH�JURXSV��

���� 'DWD�GHVFULSWLRQ�

7KH�LQSXW�GDWD�IRU�WKH�WDUJHWLQJ�WDVN�ZDV�JDWKHUHG�DV�D�UHVXOW�RI�D�VXUYH\�GRQH�E\�WKH�
.OLQH	.OLQH� PDUNHWLQJ� DJHQF\� DERXW� EUDQG� QDPH� UHFRJQLWLRQ� DQG� UHSXWDWLRQ�� 7KH�
GDWD� FRQVLVW� RI� WKUHH� UHODWLRQDO� WDEOHV�� ���� JHQHUDO� FXVWRPHU� UHVSRQVHV� DQG� GHPR�
JUDSKLF� IDFWV�� ���� UHVSRQVHV� DERXW� VSHFLILF� EUDQG� QDPHV�� ���� YHULILFDWLRQ� RI� EUDQG�
QDPHV�UHFRJQLWLRQ��

7KH�ILUVW� WDEOH�FRQWDLQV�FXVWRPHU�UHVSRQVHV�WR�JHQHUDO�TXHVWLRQV�DQG�GHPRJUDSKLF�
IDFWV��(DFK�FXVWRPHU�LV�LGHQWLILHG�E\�XQLTXH�NH\�4��7KHUH�DUH������URZV��FXVWRPHUV��
LQ� WKH� WDEOH��7KH� FXVWRPHUV� DUH� GHVFULEHG� E\� WKHLU� DQVZHUV� FRQFHUQLQJ� DJH�� OHYHO�RI�
HGXFDWLRQ��RFFXSDWLRQ��DUHD�RI� OLYLQJ��FRQVXPHU�SUHIHUHQFHV�DQG�KDELWV�OLNH�ZKDW�79�
SURJUDPV�WKH\�ZDWFK�DQG�ZKDW�QHZVSDSHUV�WKH\�UHDG�UHJXODUO\��

7KH�VHFRQG�WDEOH�FRQWDLQV�UHVSRQVHV�DERXW�VSHFLILF�EUDQG�QDPHV��7KHUH�DUH�����GLI�
IHUHQW� EUDQG� QDPHV� DQDO\]HG� LQ� WKLV� VXUYH\�� WR� DYRLG� DQ� RYHUNLOO� HDFK� FXVWRPHU� LV�
JLYHQ�D�VXEVHW�RI����EUDQG�QDPHV�WR�HYDOXDWH�ZLWK�UHVSHFW�WR�WKHLU�UHFRJQLWLRQ��UHSXWD�
WLRQ�DQG�XVDJH��7KHUHIRUH��WKH�VHFRQG�WDEOH�FRQWDLQV�4�DV�D�IRUHLJQ�NH\�DQG�'�DV�D�NH\�
IRU�D�VSHFLILF�EUDQG��7KHUH�DUH�LQ�WRWDO�������OLQHV��UHSUHVHQWLQJ����������DQVZHUV��

7KH�WKLUG�WDEOH�FRQWDLQV�FRQWURO�TXHVWLRQV�WKDW�FDQ�EH�XVHG�WR�HVWLPDWH�WKH�TXDOLW\�RI�
DQVZHUV� LQ� WKH�VHFRQG� WDEOH��+HUH��DGGLWLRQDO�TXHVWLRQV�DERXW�HDFK�EUDQG�QDPH�ZLWK�
UHVSHFW�WR�LWV�SURGXFW�FDWHJRU\�DUH�DVNHG��)RU�H[DPSOH��LI�D�FXVWRPHU�UHVSRQGV�WKDW�KH�
NQRZV� DQG� XVHV� D� VSHFLILF� EUDQG�� DQG� DW� WKH� VDPH� WLPH� FDWHJRUL]HV� WKH� EUDQG� LQ� D�
wrong product category, one can reasonably conclude that the customer’s knowledge 
DERXW� WKH�EUDQG� LV�TXHVWLRQDEOH��(LWKHU� WKH�EUDQG� LV�PLVWDNHQO\�PL[HG�XS�ZLWK�VRPH�
RWKHU�EUDQG�RU�KH�VLPSO\�PDGH�D�PLVWDNH��)RU�WKH�VSHFLILF�WDVN�GHVFULEHG�LQ�WKLV�SDSHU�
ZH�GLG�QRW�WDNH�WKH�WKLUG�WDEOH�LQWR�DFFRXQW��

7KH�PRVW� LPSRUWDQW� DWWULEXWH� IRU� RXU� VWXG\� LV� WKH� IUHTXHQF\� RI� FRQVXPSWLRQ� RI� D�
SDUWLFXODU�EUDQG�'��,W�LV�LQFOXGHG�LQ�WKH�VHFRQG�WDEOH�DQG�FDQ�KDYH�YDOXHV�IURP���WR����
��PHDQLQJ�WKDW�WKH�FXVWRPHU�GRHV�QRW�NQRZ�WKH�EUDQG��DQG�WKHUHIRUH�GRHV�QRW�XVH�LW���
DQG���PHDQLQJ�WKDW�KH�UHJXODUO\�XVHV�LW��)RU�IXUWKHU�DQDO\VLV�ZH�WRRN�DQVZHUV���DQG���
DV�SRVLWLYH��XVHV�WKH�EUDQG��DQG������DQG���DV�QHJDWLYH���

7KH� QHHG� IRU� GDWD� SUHSUocessing arose from the fact that the concept “drinker of 
EUDQG�;” can only be determined for a limited number of respondents: only to those 
WKDW� ZHUH� RULJLQDOO\� DVNHG� WKLV� TXHVWLRQ�� 7KH� VDPH� KROGV� IRU� WZR� RWKHU� FRQFHSWV��
“drinkers of brand <” and “drinker�RI�QRQ�alcoholic sparkling beverage brands”. Note 
WKDW�ZKHQ�FRPELQJ�WKH�VSDUVH�FRQFHSWV�ZLWK�ORJLFDO�RSHUDWRU�$1'�RQH�FDQ�TXLWH�HDV�
LO\�HQG�XS�ZLWK�DQ�HPSW\�VHW��7KHUHIRUH�� WKH�FRQFHSWV�QHHG� WR�EH�VWUHWFKHG� WR�DOO� UH�
VSRQGHQWV�LQ�RUGHU�WR�REWDLQ�D�VHW�ODUJH�HQRXJK�WR�SURGXFH�UHOLDEOH�DFWLRQDEOH�GHVFULS�
WLRQV��
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���� 'DWD�SUHSURFHVVLQJ�

(YHU\�UHVSRQGHQW�JRW�WR�HYDOXDWH�RQO\����EUDQGV�RXW�RI������7KLV�PHDQV�WKDW�RQO\�RQH�
FXVWRPHU�RXW�RI����ZDV�DVNHG�DERXW�WKH�UHFRJQLWLRQ�DQG�UHSXWDWLRQ�RI�D�VSHFLILF�EUDQG��
,Q�RUGHU�WR�FRPELQH�VHYHUDO�GLIIHUHQW�FRQFHSWV�LW�LV�QHFHVVDU\�WR�FRQVWUXFW�D�FODVVLILHU�
WKDW�FDQ�EH�XVHG�WR�ILOO�LQ�WKH�GDWD�DERXW�XVLQJ�QRQ�XVLQJ�D�VSHFLILF�EUDQG�IRU�WKH�UHVW�RI�
���FXVWRPHUV�RXW�RI�����7KH�SURFHVV�RI�GDWD�SUHSURFHVVLQJ�LV�GHVFULEHG�LQ�IXOO�GHWDLO�LQ�
�äHOH]Qê��HW�DO����������

,Q� RUGHU� WR� ILOO� LQ� WKH� PLVVLQJ� FRQFHSW� DVVLJQPHQW�� ZH� XVHG� WKH� &1�� DOJRULWKP�
�&ODUN�DQG�1LEOHWW��������WR�OHDUQ�IURP�WKH�NQRZQ�WUDLQLQJ�FDVHV�WR�SURGXFH�FODVVLILFD�
WLRQ�UXOHV�WKDW�FDQ�EH�XVHG�WR�DVVLJQ�D�FODVV�WR�RWKHU�LQVWDQFHV�WKDW�FRXOG�QRW�LQLWLDOO\�EH�
HYDOXDWHG� ZHDWKHU� WKH\� EHORQJ� WR� D� JLYHQ� FRQFHSW�� ,I�� IRU� H[DPSOH�� WKH� FRQFHSW� LV�
“drinker of brand ;”, then only the respondents that were asked about brand ;� FDQ�
RULJLQDOO\�EH� LQFOXGHG�LQ�RU�H[FOXGHG�IURP�WKH�FRQFHSW��7KH�OHDUQHG�&1��UXOHV�ZHUH�
XVHG�WR�FODVVLI\�DOO�WKH�RWKHU�UHVSRQGHQWV��

$�FRPPRQ�H[SHULHQFH�RI�GDWD�PLQLQJ�HIIRUWV�DSSOLHG�DV�ZHOO�LQ�DFKLHYLQJ�WKH�PHQ�
WLRQHG�JRDO��VHYHUDO�WRROV�KDG�WR�EH�DSSOLHG�WR�REWDLQ�D�XVHIXO�UHVXOW��%HVLGHV�&1���ZH�
HPSOR\HG� WKH�6XPDWUD�7UDQVRUPDWLRQ�7RRO� �$XEUHFKW�� HW� DO��� ������ DQG� WZR�3URORJ�
SURJUDPV��LQ�WKH�VHTXHQFH�GHVFULEHG�EHOORZ��

Firstly, the transformation of responders’ grading (1���� LQWR�SRVLWLYH�DQG�QHJDWLYH�
H[DPSOHV�RI�SDUWLFXODU�FRQFHSWV�ZDV�GLFWDWHG�E\� WKH�SULQFLSOHV�JLYHQ�E\� WKH�GRPDLQ�
expert and in some cases it was not trivial. For example, although the concepts of “X –�
drinker” and “Y – drinker” are straightforward (satisfied by persons who gave a rH�
VSRQVH�HTXDO�RU�JUHDWHU�WKDQ���WR�WKH�TXHVWLRQ�UHJDUGLQJ�WKH�FRQVXPSWLRQ�RI�;�RU�<��
respectively), the concept of “drinker of RWKHU sparkling drinks” was defined in a more 
FRPSOLFDWHG�PDQQHU�� 3RVLWLYH� H[DPSOHV�ZHUH� SHRSOH� QRW� DVNHG� DERXW� EUDQG�<��ZKR�
UHVSRQGHG� ZLWK� FRQILGHQFH� HTXDO� RU� JUDWHU� WKDQ� �� IRU� DW� OHDVW� RQH� VSDUNOLQJ� GULQN��
1HJDWLYH�ZHUH�WKRVH�DVNHG�DERXW�DW�OHDVW�RQH�VSDUNOLQJ�GULQN�H[FOXGLQJ�;�DQG�<�DQG�
WKH�PD[LPXP�RI�WKH�DQVZHUV�WR�WKH�TXHVWLRQV�RQ�VSDUNOLQJ�GULQNV�ZDV�HTXDO�RU�VPDOOHU�
WKDQ����3RVLWLYHV�DQG�QHJDWLYHV�DUH�WKXV�GLVMRLQW��EXW�WKHLU�XQLRQ�LV�D�SURSHU�VXEVHW�RI�
DOO�UHVSRQGHUV��QRW�DOO�UHVSRQGHUV�TXDOLI\�WR�EH�H[DPSOHV���)XUWKHUPRUH��WKH�UHTXLUHG�
notion of “other sparkling drink” is itself a pre�GHILQHG�FRQFHSW��DPRQJ�DOO�GULQNV��DV�
ZHOO��

7R� SUHVHUYH� FODULW\� RI� VXFK� WUDQVIRUPDWLRQV��ZH� GHFLGHG� WR� HQFRGH� WKHP�GHFODUD�
WLYHO\�LQ�3URORJ��7KH�LQSXW�GDWD�WKXV�KDG�WR�EH�WUDQVIRUPHG�LQWR�3URORJ�IDFWV�DQG�6X�
PDWUD�77�SURYLGHG�WKLV�VHUYLFH��

7KH�&1��DOJRULWKP�ZDV�WKHQ�DSSOLHG�RQ�WKH�H[DPSOH�ILOH�WKDW�ZDV�JHQHUDWHG�E\�WKH�
3URORJ�SURJUDP��,W�WKHQ�SURGXFHG�D�VHW�RI�UXOHV�RI�WKH�IRUP�

�
%RG\�→�&ODVVB$VVLJQHPHQW�
>1��1�@�

�

ZKHUH�WKH�%RG\�LV�D�FRQMXQFWLRQ�RI�DWWULEXWH�YDOXH�DVVLJQPHQWV��ZKHUH�DWWULEXWHV�
DUH�PRVWO\� GHPRJUDSKLF� SDUDPHWHUV� RI� WKH� UHVSRQGHUV�� WKHLU� SUHIHUUHG�79� FKDQQHOV��
MRXUQDOV�HWF��7KH�QXPEHUV�1���1���GHILQH�WKH�TXDQWLW\�RI�SRVLWLYH��QHJDWLYH��H[DPSOHV�
complying with the rule’s body conditions. An example of the rules is e.g.�

�
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,)�MRXUQDOB��� ���$1'�WYB�� ���$1'�WYB�� ���7+(1�FODVV� ���
>����@�
�
6XFK�UXOHV�ZHUH�HDVLO\�UHWUDQVODWHG�LQWR�D�IRUPDW�LQWHUSUHWDEOH�E\�D�3URORJ�PDFKLQH���

6XEVHTXHQWO\��WR�SUHGLFW�D�UHVSRQVH�RI�D�SHUVRQ�LQ�WKH�UDQJH�RI���WR����WKH�GLVWULEXWLRQV�
�1�’s and 1�’s) are summed up for all rules whose bodies are satisfied by the attribute 
DVVLJQPHQWV�RI�WKH�JLYHQ�SHUVRQ�LQWR�D�FXPXODWLYH�GLVWULEXWLRQ��1������ �DQG�1� ����� ���7KHQ�
WKH�SUREDELOLW\�3�RI�WKDW�SHUVRQ�VDWLVI\LQJ�WKH�JLYHQ�FRQFHSW��EHLQJ�D�FRQVXPHU�RI�WKH�
GULQN��FDQ�EH�HVWLPDWHG�DV�

�
� 3� �1������ ����1� ����� ���1������ ��
�
�DQG� WKLV� YDOXH� ZDV� XVHG� WR� FDOFXODWH� WKH� PRVW� OLNHO\� UHVSRQVH�5� LQ� WKH� RULJLQDO�

UDQJH�RI���–����E\�D�OLQHDU�SURMHFWLRQ�
�
� 5� �������3���

�
,Q� RUGHU� WR� DVVHVV� WKH� H[SHFWHG� HUURU� RI� WKH�&1�� LQGXFHG�FRQFHSWV��ZH�SULPDULO\�

�IRU� HYDOXDWLRQ� SXUSRVHV� RQO\�� VSOLW� HDFK� RI� WKH� WKUHH� FRQFHSWV� LQWR�����RI� WUDLQLQJ�
DQG� ����RI� WHVWLQJ� GDWD��)RU�REWDLQLQJ� WKH� ILQDO� FRQFHSW�GHVFULSWLRQV��ZH��KRZHYHU��
XVHG������RI�WKH�GDWD�IRU�WUDLQLQJ��7KH�UHVXOWV�DUH�SUHVHQWHG�LQ�7DEOH����$OWKRXJK�WKH�
DFFXUDFLHV�RQ�WKH�WHVWLQJ�VHWV�DUH�RQO\�VOLJKWO\�KLJKHU�WKDQ�WKH�PDMRULW\�YRWH�DFFXUDF\��
LW� VKRXOG� EH� QRWHG� WKDW� WKLV� NLQG� RI� PHDVXUHPHQW� WUHDWV� WKH� SUHGLFWLRQ� WDVN� DV� SXUH�
ELQDU\�FODVVLILFDWLRQ��ZKHUHDV�LQ�IDFW�&1��DOJRULWKP�SURGXFHV�D�SUREDELOLVWLF�FODVVLIL�
FDWLRQ��%\�PHDVXULQJ�WKH�DYHUDJH�VTXDUHG�HUURU�RQ�SUREDELOLWLHV��ZH�REWDLQHG�WKH�ILJ�
XUHV�LQ�7DEOH����ZKLFK�DUH�PRUH�IDYRUDEOH�IRU�WKH�LQGXFHG�PRGHOV��1RWH�WKDW�WKH�DYHU�
DJH�VTXDUH�HUURU�LV�PHDVXUHG�RQ�WUDLQLQJ�H[DPSOHV�ZLWK�NQRZQ�RXWFRPHV��

�

7DEOH����&ODVVLILFDWLRQ�DFFXUDF\�RI�WKH�LQGXFHG�FRQFHSWV�

0HWKRG� %UDQG�;� %UDQG�<� 2WKHU�VSDUNOLQJ�
0DMRULW\�YRWH� ����� ����� �����
7UDLQLQJ�DFFXUDF\� ����� ����� �����
7HVWLQJ�DFFXUDF\� ����� ����� �����

7DEOH����$YHUDJH�VTXDUHG�HUURU�RI�WKH�LQGXFHG�FRQFHSWV�RQ�WKH�WUDLQLQJ�H[DPSOHV�

0HWKRG� %UDQG�;� %UDQG�<� 2WKHU�VSDUNOLQJ�
5DQGRP�JXHVV� ����� ����� �����
0DMRULW\�YRWH� ����� ����� �����
,QGXFHG�FRQFHSW� ����� ����� �����
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���� 'LVFRYHULQJ�LPSRUWDQW�IDFWRUV�IRU�'HFLVLRQ�6XSSRUW�

%\�GDWD�SUHSURFHVVLQJ�ZH�PDQDJHG� WR�REWDLQ� WKH�GDWD� VHW� WKDW� LV� VXLWDEOH� IRU� IXUWKHU�
LQYHVWLJDWLRQ�RI� WKH�FRQFHSW�XQGHU� VWXG\��)URP�7DEOHV���DQG���RQH�FDQ�REVHUYH� WKDW�
WKH�FODVVLILFDWLRQV�DUH�QRW�SHUIRUPHG�ZLWK�KLJK�VWDWLVWLFDO�VLJQLILFDQFH��7KLV�LV�PRVWO\�
GXH�WR�WKH�IDFW�WKDW�WKH�LQKHUHQW�QDWXUH�RI�WKH�GRPDLQ��WDUJHWLQJ�D�SRSXODWLRQ�LQ�PDUNHW�
LQJ�� LV� LQH[DFW� DQG� SUREDELOLVWLF�� )RU� H[DPSOH�� LW�PDNHV�QR� VHQVH� VD\LQJ� WKDW� DOO� WKH�
UHDGHUV�RI�D�VSHFLILF�QHZVSDSHU�ZLOO�EX\�D�FHUWDLQ�SURGXFW��KRZHYHU��LW�PLJKW�EH�IDLU�WR�
FRQFOXGH�WKDW�WKH�SUREDELOLW\�RI�WKHP�EX\LQJ�WKH�SURGXFW�LV�KLJKHU�WKDQ�DYHUDJH���

,QGHHG��LQVWHDG�RI�WU\LQJ�WR�GHVFULEH�WKH�ILQDO�FRQFHSW�ZLWK�D�UXOH��ZH�ILQG�LW�PRUH�
EHQHILFLDO�WR�SUHVHQW�LW�E\�OLVWLQJ�LWV�VXSSRUWLQJ�IDFWRUV�DV�ZHOO�DV�LWV�RSSRVLQJ�IDFWRUV��
ZKLFK� IROORZV� WKH� EDVLF� SULQFLSOHV� RI� %D\HVLDQ� DQDO\VLV� �H�J�� %HUJHU�� ������� 7KHVH�
IDFWRUV� ZHUH� IRXQG� LQ� VXFK� ZD\� WKDW� WKH\� UHVSHFWLYHO\� PD[LPL]H� RU� PLQLPL]H� WKH�
FRQGLWLRQDO� SUREDELOLW\� RI� WKH� FRQFHSW�� 2QO\� WKH� IDFWRUV� ZLWK� VWDWLVWLFDO� VLJQLILFDQFH�
KLJKHU� WKDQ� ����ZHUH� VHOHFWHG� DV� LQIOXHQWLDO� DQG�ZHUH� LQFOXGHG� LQ� WKH� OLVWLQJV��7KH�
PDUNHWLQJ�H[SHUW�IRXQG�VXFK�GHVFULSWLRQV�YHU\�LQWXLWLYH�DQG�HDV\�WR�DSSO\�LQ�SUDFWLFH��
HVSHFLDOO\� LQ� WKH�FDVHV�ZKHUH� WKH�FRUUHVSRQGLQJ�JURXS�FDQ�EH�QDPHG�ZLWK�D�VXLWDEOH�
PHWDSKRU�� ,W� VHHPV� WKDW� VXFK� D� GLVMXQFWLYH� DSSURDFK� LV� SDUWLFXODUO\� VXLWDEOH� LQ�
PDUNHWLQJ��DQG�SRVVLEO\�UHODWHG�GRPDLQV���ZKHUH�WKH�WDVN�LV�WR�LQFUHDVH�WKH�SUREDELOLW\�
RI�D�FHUWDLQ�HYHQW��RUGHU��EX\��UHSO\��LQ�D�WDUJHW�SRSXODWLRQ�DQG�QRW�WR�DFFXUDWHO\�GH�
VFULEH�D�SRUWLRQ�RI�WKH�WDUJHW�SRSXODWLRQ��

In our case, we first have the concept of “drinker of brand ;”. This group can be 
FKDUDFWHUL]HG�E\�WKH�IROORZLQJ�VXSSRUWLQJ�IDFWRUV��

• 7KH�FXVWRPHUV�FRPH�IURP�D�FHQWUDO�6ORYHQLDQ�UHJLRQ��
• Label “Monitored food” is neither important nor unimportant,�
• 7KH\�UHJXODUO\�UHDG�'QHYQLN�DQG�RU�0ODGLQD��DQG�
• 7KHLU�HGXFDWLRQ�GHJUHH�LV�KLJKHU�RU�HTXDO�WR�XQLYHUVLW\�GHJUHH��

2Q�WKH�RWKHU�KDQG��WKH�QRQ�XVHUV�RI�EUDQG�;�FDQ�EH�FKDUDFWHUL]HG�DV�IROORZV��
• $YDLODELOLW\�RI�D�SURGXFW�LQ�GLIIHUHQW�TXDQWLWLHV�LV�QRW�LPSRUWDQW��DQG�
• 3URGXFW�SULFH�LV�QRW�VR�LPSRUWDQW��

�
The next concept is “user of non�alcoholic sparkling drinks”. The members of this 

FRQFHSW�FDQ�EH�FKDUDFWHUL]HG�ZLWK�WKH�IROORZLQJ�GHVFULSWLRQV��
• 7KH\�UHDG�UHJXODUO\�)LQDQFH�DQG�9HþHU��
• 7KHLU�HGXFDWLRQ�OHYHO�LI�KLJKHU�RU�HTXDO�WR�XQLYHUVLW\�GHJUHH��
• +HDOWK\�IRRG�LV�LPSRUWDQW��
• 7KH\�ZDWFK�UHJXODUO\�*DMED�79��ORFDO�79�VWDWLRQ���
• $YDLODELOLW\�RI�D�SURGXFW�ZLWK�GLIIHUHQW�WDVWHV�LV�QRW�LPSRUWDQW��DQG�
• 1LFH�SURGXFW�RXWILW�LV�LPSRUWDQW��

,Q�FRQWUDVW��WKH�RSSRVLQJ�IDFWRUV�IRU�WKH�DERYH�FRQFHSW�DUH�WKH�IROORZLQJ��
• 7KH�UHDG�UHJXODUO\�1Dã�GRP��0DJ��1HGHOMVNL�GQHYQLN�RU�*HD��
• 7KH\�GR�QRW�ZDWFK�323�79��
• *RRG�FRPPHUFLDOV�DUH�QRW�LPSRUWDQW��
• 7KHLU�DJH�LV����DQG�RYHU��

�
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The last simple concept is “user of brand <”. We found the following supporting 
IDFWRUV���

• 7KH\�DUH�\RXQJHU�WKDQ����\HDUV��
• 7KH\�UHDG�UHJXODUO\�1HGHOMVNL�GQHYQLN��
• $GHTXDWH�EUDQG�QDPH�LV�YHU\�LPSRUWDQW��
• $YDLODELOLW\�RI�D�SURGXFW�LQ�GLIIHUHQW�TXDQWLWLHV�LV�LPSRUWDQW��
• They have a free profession (lawyer, architect, artist, …),�
• +HDOWK\�IRRG�LV�LPSRUWDQW��
• 7KH\�ZDWFK�79���DQG�
• *RRG�FRPPHUFLDOV�DUH�YHU\�LPSRUWDQW��

7KH�QRQ�XVHUV�RI�EUDQG�<�DUH�FKDUDFWHUL]HG�E\�WKH�IROORZLQJ�IDFWRU��
• *RRG�FRPPHUFLDOV�DUH�QRW�LPSRUWDQW��

�
+HUH��OHW�XV�UHVWDWH�RXU�WDUJHW�SRSXODWLRQ��WKH\�DUH�WKH�RQHV�WKDW�GR�QRW�\HW�NQRZ�RU�

XVH�WKH�EUDQG�;��EXW�GR�GULQN�RWKHU�QRQ�DOFRKROLF�GULQNV��ZLWK�WKH�H[FHSWLRQ�RI�WKRVH�
WKDW� UHJXODUO\� GULQN� EUDQG� <�� 7R� GHVFULEH� LW�� RQH�PLJKW� XVH� WKH� FRPELQDWLRQ� RI� WKH�
DERYH� VXSSRUWLQJ� IDFWRUV�� KRZHYHU�� VLQFH�ZH� VWUHWFKHG� WKH� FRQFHSW� LQ� WKH� GDWD� SUH�
SURFHVVLQJ�SKDVH��E\�OHDUQLQJ�ODEHOV�IRU�PLVVLQJ�FRQFHSWV���ZH�FDQ�ILQG�WKH�IROORZLQJ�
VXSSRUWLQJ�IDFWRUV�IRU�WKH�FRPELQHG�FRQFHSW��

• $YDLODELOLW\�RI�D�SURGXFW�LQ�GLIIHUHQW�TXDQWLWLHV�LV�QRW�LPSRUWDQW��
• *RRG�FRPPHUFLDOV�DUH�QRW�LPSRUWDQW��
• 'LIIHUHQW�WDVWHV�RI�D�SURGXFW�DUH�QRW�LPSRUWDQW��
• *RRG�QDPH�RI�D�SURGXFW�LV�QRW�LPSRUWDQW��
• 3RSXODULW\�RI�D�SURGXFW�LV�QRW�LPSRUWDQW��DQG�
• 7KH\�UHDG�9HþHU�UHJXODUO\��

+HUH�LV�WKH�OLVW�RI�IDFWRUV�DJDLQVW�WKH�FRPELQHG�FRQFHSW��
• *RRG�FRPPHUFLDOV�DUH�LPSRUWDQW��
• 7KH\�UHDG�'QHYQLN��1HGHOMVNL�GQHYQLN��0ODGLQD�DQG�RU�1Dã�GRP��
• *RRG�QDPH�RI�D�SURGXFW�LV�LPSRUWDQW��
• 7KH\�UHJXODUO\�UHDG�PRUH�WKDQ���QHZVSDSHUV��
• 7KH\�DUH�IURP�FHQWUDO�6ORYHQLDQ�UHJLRQ��DQG�
• 7KHLU�HGXFDWLRQ�OHYHO�LV�KLJKHU�RU�HTXDO�WR�XQLYHUVLW\�GHJUHH��

�
2QH� LPSRUWDQW� REVHUYDWLRQ� WR� EH�PDGH� LV� WKDW� WKH� VXSSRUWLQJ� IDFWRUV� RI� WKH� FRP�

ELQHG� FRQFHSW� DUH� QRW� QHFHVVDULO\� LQFOXGHG� LQ� WKH� EDVLF� FRQFHSWV�� )RU� H[DPSOH�� WKH�
FRQFHSW�RI�UHDGLQJ�PRUH�WKDQ���QHZVSDSHUV�GLG�QRW�DSSHDU�LQ�DQ\�RI�WKH�EDVLF�FRQFHSW�
GHVFULSWLRQV��+RZHYHU��WKHUH�DUH�DOVR�VRPH�VWURQJ�IDFWRUV�WKDW�FDQ�EH�WUDFHG�IURP�WKH�
FRPELQHG� FRQFHSW� WR� WKH� EDVLF� RQH�� )RU� LQVWDQFH�� WKH� FRQVXPHUV� IURP� WKH� FHQWUDO�
6ORYHQLDQ�UHJLRQ�WHQG�WR�EH�H[FOXGHG�IURP�WKH�FRPELQHG�FRQFHSW��EHFDXVH�WKH\�WHQG�
WR�EH�PRUH�WKHQ�DYHUDJH�FRQVXPHUV�RI�EUDQG�;���

1RWH�WKDW�WKH�GHVFULSWLYH�IDFWRUV�GLIIHU�LQ�KRZ�DFWLRQDEOH�WKH\�UHDOO\�DUH��,I�WKH�GH�
VFULSWLRQ� LQFOXGHV� UHDGHUV� RI� D� VSHFLILF� QHZVSDSHU�� WKH� LQIRUPDWLRQ� FDQ� EH� XVHG� IRU�
WDUJHWLQJ�ZKHUHDV�WKHUH�LV�QRW�PXFK�WKDW�FDQ�EH�FKDQJHG�DERXW�WKH�WDUJHW�DXGLHQFH�RI�
WKH�QHZVSDSHU��SURYLGHG�WKDW�\RX�DUH�QRW�WKH�HGLWRU�LQ�FKLHI��$OVR��LI�RQH�RI�WKH�FKDUDF�
WHULVWLFV�RI�WKH�WDUJHW�SRSXODWLRQ�LV�What they don’t value good commercials, you can’t 
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UHDFK�WKHP�E\�PDNLQJ�EDG�FRPPHUFLDOV��2Q�WKH�RWKHU�KDQG��LI�WKH\�WKLQN�WKDW�KHDOWK\�
IRRG� LV� LPSRUWDQW� RU� WKDW� WKH� QLFH� SURGXFW� RXWILW� LV� LPSRUWDQW�� \RX� FDQ� DGGUHVV� WKHLU�
QHHG�E\�VWDWLQJ�WKH�KHDOWK\�LQJUHGLHQWV�RI�\RXU�SURGXFW�RU�LQWURGXFLQJ�LWV�QLFHU�RXWILW��

:KHQ� GHVFULELQJ� VXEJURXSV�ZLWK� D� VHW� RI� LQIOXHQWLDO� IDFWRUV� LW� LV� LPSRUWDQW� WR� EH�
DEOH�WR�VXEVWLWXWH�WKH�IDFWRUV�ZLWK�D�SURSHU�PHWDSKRU��)RU�H[DPSOH��WKH�ILUVW�ILYH�IDFWRUV�
IURP� WKH�GHVFULSWLRQ�RI� WKH� WDUJHW�SRSXODWLRQ�FDQ�EH��DFFRUGLQJ� WR� WKH�PDUNHWLQJ�H[�
SHUW�� IRUPXODWHG� DV� VWRUH�EUDQG�FRQVXPHUV��7KHVH� FRQVXPHUV�GR�QRW�EX\�HVWDEOLVKHG�
SRSXODU�EUDQGV��7KH\�VHWWOH�IRU�QR�EUDQG�SURGXFWV�WKDW�DUH�XVXDOO\�VROG�XQGHU�WKH�VWRUH�
EUDQG�QDPH�� DUH�SDFNHG� LQ� VLPSOH�SDFNDJHV� DQG�RIIHU�JRRG�TXDOLW\� IRU�D� UHDVRQDEOH�
SULFH��6XFK�FRQVXPHUV�FDQ�EH�DGGUHVVHG�E\�ORZ�SURILOH�DGYHUWLVLQJ��$FFRUGLQJ�WR�WKH�
PDUNHWLQJ�H[SHUW�WKH�GLVFRYHU\�RI�WKLV�SLHFH�RI�NQRZOHGJH�LV�VXEVWDQWLDO�IRU�WKH�PDU�
NHWLQJ�DQDO\VW�ZKHQ�SODQQLQJ�DQG�GLUHFWLQJ�D�PDUNHWLQJ�FDPSDLJQ���

�� &RQFOXVLRQV�DQG�OHVVRQV�OHDUQHG�

,Q�V\PEROLF�SUHGLFWLYH�LQGXFWLRQ��WZR�PRVW�FRPPRQ�DSSURDFKHV�DUH�UXOH�OHDUQLQJ�DQG�
GHFLVLRQ�WUHH�OHDUQLQJ��7KH�JRDO�RI�UXOH�OHDUQLQJ�LV�WR�JHQHUDWH�VHSDUDWH�PRGHOV��RQH�IRU�
HDFK�FODVV��LQGXFLQJ�FODVV�FKDUDFWHULVWLFV�LQ�WHUPV�RI�FODVV�SURSHUWLHV�RFFXUULQJ�LQ�WKH�
GHVFULSWLRQ�RI� H[DPSOHV��&ODVVLILFDWLRQ� UXOH� OHDUQLQJ�SURGXFHV�FKDUDFWHULVWLF�GHVFULS�
WLRQV� WKDW� DUH� XVXDOO\� JHQHUDWHG� IRU� HDFK� FODVV� E\� UHSHDWHGO\� DSSO\LQJ� WKH� FRYHULQJ�
DOJRULWKP��,Q�GHFLVLRQ�WUHH�OHDUQLQJ��RQ�WKH�RWKHU�KDQG��WKH�UXOHV�WKDW�FDQ�EH�IRUPHG�RI�
SDWKV�OHDGLQJ�IURP�WKH�URRW�QRGH�WR�FODVV�ODEHOV�LQ�WKH�OHDYHV�UHSUHVHQW�GLVFULPLQDWLQJ�
GHVFULSWLRQV�� IRUPHG�RI�SURSHUWLHV� WKDW�EHVW�GLVFULPLQDWH�EHWZHHQ� WKH�FODVVHV��7KHUH�
IRUH��FODVVLILFDWLRQ�UXOHV�VHUYH�WZR�GLIIHUHQW�SXUSRVHV��FKDUDFWHUL]DWLRQ�DQG�GLVFULPLQD�
WLRQ��7KH\�IRUP�DFWLRQDEOH�NQRZOHGJH��ZKHQ�WKH�DFWLRQ�WR�EH�SHUIRUPHG�LV�FODVVLILFD�
WLRQ� DQG�RU� SUHGLFWLRQ�� 7KLV� PHDQV� DFWLRQDELOLW\� MXVW� LQ� WHUPV� RI� GHWHUPLQLQJ� FODVV�
PHPEHUVKLS� RI� LQGLYLGXDO� QRQ�ODEHOHG� LQVWDQFHV�� DQG� QRW� QHFHVVDULO\� XQFRYHULQJ� WKH�
SURSHUWLHV�RI�SRSXODWLRQ�WKDW�FDQ�JXLGH�D�GHFLVLRQ�PDNHU�LQ�GLUHFWLQJ�D�WDUJHWLQJ�FDP�
SDLJQ��

,Q�D�PDUNHWLQJ�FDPSDLJQ�WDUJHWLQJ�SRWHQWLDO�FOLHQWV�RI�D�QDWXUDO�QRQ�DOFRKROLF�VSDU�
NOLQJ� GULQN�� WKH� WDUJHW� FODVV� DUH� SHRSOH�ZKR� GR� QRW� XVH� RU� NQRZ� WKLV� EUDQG�� EXW� GR�
GULQN� RWKHU� QRQ�DOFRKROLF� GULQNV�� H[FHSW� RI� WKRVH�ZKR� UHJXODUO\� GULQN� EHYHUDJHV� RI�
ZRUOG�IDPRXV� EUDQGV��:K\� VKRXOG� FRQVXPHUV� RI� ZRUOG�IDPRXV� EUDQGV� EH� H[FOXGHG�
IURP�WKH�WDUJHW"�$FFRUGLQJ�WR�WKH�PDUNHWLQJ�H[SHUW��WKHVH�FRQVXPHUV�DUH�YHU\�XQOLNHO\�
WR�FKDQJH�WKHLU�KDELWV�� WKHUHIRUH�LW�PDNHV�QR�VHQVH�WR�GLUHFW�D�PDUNHWLQJ�FDPSDLJQ�DW�
WKHVH�FRQVXPHUV��0RUHRYHU��LQ�WKH�GLVFXVVLRQ�ZLWK�D�PDUNHWLQJ�H[SHUW�LW�EHFDPH�FOHDU�
WKDW�WKH�QHJDWLYH�FODVV�VKRXOG�QRW�EH�IRUPHG�RI�DOO�WKH�RWKHU�FRQVXPHUV��/LPLWLQJ�WKH�
SRSXODWLRQ� WR�QRQ�DOFRKRO�GULQNHUV�PDNHV�PRUH�VHQVH� LQ�XQFRYHULQJ�VSHFLILF�SURSHU�
WLHV�RI�WKH�WDUJHW�SRSXODWLRQ��,I��IRU�H[DPSOH��DOFRKRO�GULQNHUV�ZHUH�WR�EH�LQFOXGHG�LQ�
FODVV� QHJDWLYH�� WKH� VXEWOH� Gifferences between people who don’t use the Slovenian 
EUDQG�� EXW� GR� GULQN� RWKHU� QRQ�DOFRKROLF� GULQNV� ZRXOG� EH� KLGGHQ� E\� PXFK� VWURQJHU�
UHJXODULWLHV�GLVFULPLQDWLQJ�QRQ�DOFRKRO�GULQNHUV�WR�WKRVH�GULQNLQJ�DOFRKRO�GULQNV��1RWH�
WKDW�HYHQ�VXEWOHU�SURSHUWLHV�FRXOG�EH�XQFRYHUHG�LI�WKH�HQWLUH�SRSXODWLRQ�ZHUH�OLPLWHG�WR�
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FRQVXPHUV�RI�QRQ�DOFRKROLF�GDUN�FRORUHG�VSDUNOLQJ�GULQNV��VLQFH�WKH�FRORU�RI�WKH�DQD�
O\]HG�EUDQG�LV�GDUN��

,Q� WKH�PDUNHWLQJ� SUREOHPV�ZKHUH� WKH� WDVN� LV� WR� ILQG� VLJQLILFDQW� FKDUDFWHULVWLFV� RI�
FXVWRPHU�VXEJURXSV�ZKR�GR�QRW�NQRZ�D�EUDQG�FRPSDUHG�WR�WKH�FKDUDFWHULVWLFV�RI�WKH�
SRSXODWLRQ�WKDW�UHFRJQL]HV�WKH�EUDQG��RQH�RI�WKH�OHVVRQV�OHDUQHG�LV�WKDW�WKH�52&�VSDFH�
�)ODFK�DQG�*DPEHUJHU��������LV�YHU\�DSSURSULDWH�IRU�WKH�FRPSDULVRQ�RI�LQGXFHG�PRG�
HOV��2QO\�VXEJURXSV� O\LQJ�RQ� WKH�FRQYH[�KXOO�PD\�EH�RSWLPDO�VROXWLRQV�DQG�DOO�RWKHU�
VXEJURXSV� FDQ� EH� LPPHGLDWHO\� GLVFDUGHG��:KHQ� FRQFUHWH� SDUDPHWHUV� RI� WKH�PDLOLQJ�
FDPSDLJQ� DUH� NQRZQ�� OLNH�PDUJLQDO� FRVW� SHU�PDLOLQJ� DQG� WKH� VL]H�RI� WKH�SRSXODWLRQ��
WKH\�GHILQH� WKH�VORSH�RI� WKH� OLQHV�ZLWK�HTXDO�SURILW� LQ�WKH�52&�VSDFH��0RYHPHQWV�LQ�
WKH�52&�VSDFH�DORQJ�WKHVH�OLQHV�ZLOO�QRW�FKDQJH�WKH�DPRXQW�RI�WKH�WRWDO�SURILW��ZKLOH�
PRYHPHQWV� XSZDUG� RU� GRZQZDUG� ZLOO� LQFUHDVH� RI� GHFUHDVH� WKH� SURILW�� UHVSHFWLYHO\��
7KH�RSWLPDO�VXEJURXS�LQ�D�FRQFUHWH�PDUNHWLQJ�VLWXDWLRQ�LV�WKH�SRLQW�RQ�WKH�FRQYH[�KXOO�
WKDW�KDV�DQ�HTXDO�SURILW�OLQH�DV�LWV�WDQJHQW��$GGLWLRQDOO\��LQ�WKH�GLUHFW�PDUNHWLQJ�SURE�
OHP� LW� ZDV� GHWHFWHG� WKRVH� RSWLPDO� VXEJURXSV�PD\� EH� FRPELQDWLRQV� RI� LQGXFHG� VXE�
JURXSV�� ,Q� RUGHU� WR�PDNH� XVH� RI� WKLV� SRVVLELOLW\��ZH� KDYH� LQGXFHG�PDQ\� SRWHQWLDOO\�
JRRG�VROXWLRQV�E\�FKDQJLQJ�WKH�JHQHUDOL]DWLRQ�SDUDPHWHUV��,Q�WKH�SUREOHP�RI�WDUJHWLQJ�
D� PDUNHWLQJ� FDPSDLJQ� IRU� D� 6ORYHQLDQ� QDWXUDO� QRQ�DOFRKROLF� VSDUNOLQJ� GULQN� EUDQG��
PRVW�RI� DOUHDG\�GHVFULEHG� WHFKQLTXHV�KDYH�EHHQ�XVHG��DGGLWLRQDOO\��PXFK�HIIRUW�ZDV�
VSHQW�RQ�GDWD�SUHSDUDWLRQ��

2QH�RI�WKH�PDLQ�UHTXLUHPHQWV�IRU�VXFFHVVIXO�DSSOLFDWLRQ�RI�'DWD�0LQLQJ�PHWKRGV�LQ�
PDUNHWLQJ�LV�WKDW�WKH�OHDUQHG�FRQFHSWV�DUH�DFWLRQDEOH��7KLV�LV��KRZHYHU��LQ�PRVW�FDVHV�
KDUG� WR�DFKLHYH�� ,I�� IRU�H[DPSOH�� WKH� OHDUQHG�FRQFHSW� LQFOXGHV�FXVWRPHUV�RI�D�FHUWDLQ�
DJH�DQG�OLYLQJ�LQ�D�FHUWDLQ�DUHD��WKHUH�LV�QRW�PXFK�WR�DFW�DERXW��7KH�RQO\�WKLQJ�RQH�FDQ�
GR� LV� WR� WDNH� LW� LQWR� DFFRXQW� ZKHQ� WDUJHWLQJ� WKH� FRPPHUFLDO�PHVVDJH��2Q� WKH� RWKHU�
KDQG��LI�WKH�OHDUQHG�FRQFHSW�LQFOXGHV�FXVWRPHUV�WKDW�ZHUH�VHQW�D�SURPRWLRQDO�PDWHULDO��
WKHQ�ZH�FDQ�DFWLYHO\�HQODUJH�WKH�FRYHUDJH�RI�WKH�FRQFHSW�E\�VHQGLQJ�VRPH�DGGLWLRQDO�
FDWDORJV��

:KHQ� GHVFULELQJ� VXEJURXSV�ZLWK� D� VHW� RI� LQIOXHQWLDO� IDFWRUV� LW� LV� LPSRUWDQW� WR� EH�
DEOH�WR�VXEVWLWXWH�WKH�IDFWRUV�ZLWK�SURSHU�D�PHWDSKRU��)RU�H[DPSOH��WKH�ILUVW�ILYH�IDFWRUV�
IURP� WKH� GHVFULSWLRQ� RI� WKH� ODVW� WDUJHW� FRQFHSW� LQ� VHFWLRQ� ���� FDQ� EH� IRUPXODWHG� DV�
VWRUH�EUDQG�FRQVXPHUV��7KRVH�DUH�WKH�FRQVXPHUV�WKDW�GR�QRW�EX\�HVWDEOLVKHG�SRSXODU�
EUDQGV��LQVWHDG��WKH\�VHWWOH�IRU�QR�EUDQG�SURGXFWV�WKDW�DUH�XVXDOO\�VROG�XQGHU�WKH�VWRUH�
EUDQG�QDPH�� DUH�SDFNHG� LQ� VLPSOH�SDFNDJHV� DQG�RIIHU�JRRG�TXDOLW\� IRU�D� UHDVRQDEOH�
SULFH�� ,Q�PDUNHWLQJ�VXFK�FRQVXPHUV�FDQ�EH�DGGUHVVHG�E\�ORZ�SURILOH�DGYHUWLVLQJ��$O�
WKRXJK�WKLV�FRQFOXVLRQ�LV�UHODWLYHO\�VLPSOH�DQG�VHHPV�UDWKHU�VWUDLW�IRUZDUG��LW�RIIHUV�D�
FUXFLDO�OHYHUDJH�WR�WKH�PDUNHWLQJ�DQDO\VW�LQ�SODQQLQJ�D�PDUNHWLQJ�FDPSDLJQ��

)RU�IXUWKHU�ZRUN�ZH�HQYLVDJH�VRPH�PRUH�UHSOLFDWLRQV�RI�WKH�SULQFLSOH�GHVFULEHG�LQ�
WKLV�SDSHU�RQ�GLIIHUHQW�PDUNHWLQJ�SUREOHP�DUHDV��,Q�WKHVH�QHZ�FDVHV�ZH�SODQ�WR�VSHFLIL�
FDOO\�PRQLWRU�UHODWLRQV�EHWZHHQ�GLIIHUHQW�OHYHOV�RI�DFWLRQDEOH�NQRZOHGJH�DQG�LWV�LQIOX�
HQFH�WR�SRWHQWLDO�XVH�LQ�SUDFWLFH��
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$FNQRZOHGJPHQW�

7KH�ZRUN� UHSRUWHG�KHUH�ZDV� LQ�SDUW� VXSSRUWHG�E\�(8�SURMHFW�6RO(X1HW�� ,67��������
DQG�E\�WKH�6ORYHQLDQ�0LQLVWU\�RI�(GXFDWLRQ��6FLHQFH�DQG�6SRUW��

5HIHUHQFHV�

$XEUHFKW�3���äHOH]Qê�)���0LNãRYVNê�3���âW SiQNRYi�2���6XPDWUD77��7RZDUGV�D�8QLYHUVDO�'DWD�
3UHSURFHVVRU��3URF����WK�(XURSHDQ�0HHWLQJ�RQ�&\EHUQHWLFV�DQG�6\VWHP�5HVHDUFK��YRO�����S��
���������$XVWULDQ�6RFLHW\�IRU�&\EHUQHWLFV�6WXGLHV��,6%1���������������������

%HUJHU�-�2���6WDWLVWLFDO�'HFLVLRQ�7KHRU\�DQG�%D\HVLDQ�$QDO\VLV��6SULQJHU�9HUODJ��������
%HUU\�0�-�$���/LQRII�*�6���0DVWHULQJ�'DWD�0LQLQJ��7KH�$UW�DQG�6FLHQFH�RI�&XVWRPHU�5HODWLRQ�

VKLS�0DQDJHPHQW��:LOH\��������
%RKDQHF�0���5DMNRYLþ�9���&HVWQLN�%���5HSRUW�RQ�'HFLVLRQ�6XSSRUW�3UDFWLFDO�&DVHV��3KDVH�,,��

-RåHI�6WHIDQ�,QVWLWXWH��/MXEOMDQD��5HSRUW�'3��������������
&HVWQLN�%���%RKDQHF�0���6RO(X1HW�5HSRUW�RQ�WKH�UHSRVLWRU\�RI�SUREOHP�GHVFULSWLRQV��6RO(X1HW�

5HSRUW�'������������
&ODUN�3���1LEOHWW�7���7KH�&1��LQGXFWLRQ�DOJRULWKP��0DFKLQH�OHDUQLQJ����������������������
)ODFK�3���*DPEHUJHU�'���6XEJURXS�HYDOXDWLRQ�DQG�GHFLVLRQ�VXSSRUW�IRU�GLUHFW�PDLOLQJ�SUREOHP��
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&RPELQHG�'DWD�0LQLQJ�DQG�'HFLVLRQ�6XSSRUW�

$SSURDFK�WR�WKH�3UHGLFWLRQ�RI�$FDGHPLF�$FKLHYHPHQW�

6LOYDQD�*DVDU�
�
��0DUNR�%RKDQHF�

��� �
��9ODGLVODY�5DMNRYLþ�

��� �

�
+LJK�6FKRRO�-HVHQLFH��5XSDUMHYD����6,������-HVHQLFH��6ORYHQLD�

VLOYDQD�JDVDU#WHOHVDW�VL��
,QVWLWXWH�-RåHI�6WHIDQ��-DPRYD�����6,������/MXEOMDQD��6ORYHQLD��

8QLYHUVLW\�RI�/MXEOMDQD��6FKRRO�RI�3XEOLF�$GPLQLVWUDWLRQ�/MXEOMDQD��6ORYHQLD�
PDUNR�ERKDQHF#LMV�VL�	

8QLYHUVLW\�RI�0DULERU��)DFXOW\�RI�2UJDQLVDWLRQDO�6FLHQFHV��.UDQM��6ORYHQLD�
YODGLVODY�UDMNRYLF#IRY�XQL�PE�VL�

$EVWUDFW��:H� SUHVHQW� WKH� GHYHORSPHQW� RI�PXOWL�DWWULEXWH� KLHUDUFKLFDO� PRGHOV�
IRU� WKH� SUHGLFWLRQ� RI� ILQDO� DFDGHPLF� DFKLHYHPHQW� LQ� D� SDUWLFXODU� KLJK�VFKRRO�
HGXFDWLRQDO�SURJUDP��7KH�PRGHOV�ZHUH�GHYHORSHG�E\�D�VHTXHQWLDO�DSSOLFDWLRQ�RI�
GDWD�PLQLQJ��'0��DQG�GHFLVLRQ�VXSSRUW��'6��WHFKQLTXHV��$�GDWDEDVH�RI�SXpils’ 
DFKLHYHPHQWV�ZDV�ILUVW�DQDO\]HG�E\�'0�PHWKRGV��VWDWLVWLFDO�DQDO\VLV��FOXVWHULQJ��
GHFLVLRQ�WUHHV�DQG�KLHUDUFKLFDO�PXOWL�DWWULEXWH�PRGHOV��7KH�ILQGLQJV�ZHUH�LQFRU�
SRUDWHG�LQWR�H[SHUW�GHYHORSHG�'6�PRGHOV��3UHGLFWLYH�DFFXUDF\�RI�WKHVH�PRGHOV�
LV�FRPSDUDEOH�WR�WKDW�RI�H[SHULHQFHG�KXPDQ�H[SHUWV��

�� ,QWURGXFWLRQ�

'DWD�0LQLQJ� �'0�� DQG�'HFLVLRQ� 6XSSRUW� �'6�� DUH� FRPSOHPHQWDU\�PRGHOLQJ� GLVFL�
SOLQHV��'6� >�@� WHQGV� WR� UHO\�RQ�NQRZOHGJH�DFTXLUHG� IURP�H[SHUWV��ZKLOH�'0�>�@� DW�
WHPSWV�WR�H[WUDFW�LW�IURP�GDWD��5HFHQWO\��%RKDQHF�DQG�=XSDQ�>�@�SURSRVHG�DQ�DSSURDFK�
WKDW� FRPELQHV� '0� DQG� '6� IRU� WKH� GHYHORSPHQW� RI� TXDOLWDWLYH� KLHUDUFKLFDO� PXOWL�
DWWULEXWH�PRGHOV��7KH�DSSURDFK�FRPELQHV�WZR�PHWKRGV��'(;�>�@�DV�D�'6�PHWKRG�IRU�
PRGHO�GHYHORSPHQW�EDVHG�RQ�H[SHUW�NQRZOHGJH��DQG�+,17�>�@�DV�D�'0�PHWKRG�WKDW�
GLVFRYHUV�FRQFHSWV�DQG�PRGHOV�IURP�GDWD��6LQFH�ERWK�PHWKRGV�VKDUH�D�FRPPRQ�PRGHO�
UHSUHVHQWDWLRQ��WKH\�FDQ�EH�FRPELQHG�LQ�D�QXPEHU�RI�ZD\V��VXFK�DV�VXSHUYLVHG��VHULDO��
RU�SDUDOOHO��7KHVH�PRGHV�RI�RSHUDWLRQV�ZHUH�GHPRQVWUDWHG�RQ�D�UHDO�OLIH�FDVH�RI�KRXV�
LQJ�ORDQ�DOORFDWLRQ�>�@��LQGLFDWLQJ�D�FRQVLGHUDEOH�LPSURYHPHQW�RI�FODVVLILFDWLRQ�DFFX�
UDF\� DQG�FRPSUHKHQVLELOLW\�RI�PRGHOV�GHYHORSHG� LQ� D� FRPELQHG�ZD\��+RZHYHU�� WKDW�
VWXG\�KDG�D�ZHDN�SRLQW�� LW�ZDV�EDVHG�RQ�D�FDVH� WKDW�KDG�EHHQ�RULJLQDOO\�DSSURDFKHG�
RQO\�E\�'(;��DQG�IRU�WKH�LQWHJUDWLRQ�RI�'(;�DQG�+,17��WKH�FDVH�ZDV�UHYLVLWHG�VHY�
HUDO�\HDUV� ODWHU� LQ�D�VRPHZKDW�K\SRWKHWLFDO�VHWWLQJ��7KXV��WKH�VWXG\�H[SOLFLWO\�UHFRP�
PHQGHG�IXUWKHU�SUDFWLFDO�HYDOXDWLRQ�RI�WKH�DSSURDFK��

,Q�WKLV�SDSHU��ZH�SUHVHQW�VXFK�D�UHDO�OLIH�FDVH�LQ�ZKLFK�WKH�FRPELQDWLRQ�RI�'0�DQG�
'6�PHWKRGV�KDV�WDNHQ�SODFH�IURP�WKH�EHJLQQLQJ��7KH�FDVH�LV�LQ�WKH�DUHD�RI�HGXFDWLRQ��
WKH�DLP�ZDV�WR�GHYHORS�D�KLHUDUFKLFDO�PXOWL�DWWULEXWH�GHFLVLRQ�PRGHO�IRU�WKH�SUHGLFWLRQ�
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RI� ILQDO� DFDGHPLF� DFKLHYHPHQW� LQ� D� SDUWLFXODU� KLJK�VFKRRO� HGXFDWLRQDO� SURJUDP��:H�
XVHG�D�GDWDEDVH�RI�SXSLOV�FROOHFWHG�LQ�RQH�RI�6ORYHQLDQ�KLJK�VFKRROV��,Q�RUGHU�WR�GLV�
FRYHU�WKH�SDWWHUQV�DQG�LQGLFDWRUV�WKDW�GHWHUPLQH�DFDGHPLF�VXFFHVV�RU�IDLOXUH��WKLV�GDWD�
EDVH�ZDV�DQDO\]HG�E\�D�QXPEHU�RI�'0�PHWKRGV�� LQFOXGLQJ�EDVLF�VWDWLVWLFDO�DQDO\VLV��
FOXVWHULQJ�� DQG� PDFKLQH� OHDUQLQJ� RI� GHFLVLRQ� WUHHV� DQG� KLHUDUFKLFDO� PXOWL�DWWULEXWH�
PRGHOV��7KHVH�ILQGLQJV�ZHUH�WKHQ�WDNHQ�LQWR�DFFRXQW�LQ�GHYHORSLQJ�D�SUHGLFWLYH�PXOWL�
DWWULEXWH�PRGHO��ZKLFK�ZDV�GRQH�LQ�D�'6�ZD\�E\�LQYROYLQJ�DQ�H[SHUW�DQG�XVLQJ�'(;��
,Q�WKH�ILQDO�VWDJH��WKH�PRGHO�ZDV�WKRURXJKO\�HYDOXDWHG�IURP�WKH�YLHZSRLQW�RI�LWV�SUH�
GLFWLYH�DFFXUDF\�DQG�VXLWDELOLW\�IRU�SUDFWLFH��

7KLV�SDSHU� LV�RUJDQL]HG�DV� IROORZV��6HFWLRQ���GHVFULEHV� WKH�SUREOHP�RI� DFDGHPLF�
DFKLHYHPHQW� SUHGLFWLRQ�� DQG� IRUPXODWHV� UHVHDUFK� TXHVWLRQV�� JRDOV� DQG�PHWKRGRORJ\��
7KH� UHVXOWV� RI� GDWD�PLQLQJ� DUH� SUHVHQWHG� LQ� VHFWLRQ����7KHVH� UHVXOWV�ZHUH� FRPELQHG�
ZLWK�H[SHUW�NQRZOHGJH�WR�GHYHORS�WZR�PRGHOV��ZKLFK�DUH�SUHVHQWHG�LQ�VHFWLRQ����7KH�
TXDOLW\�RI�WKH�PRGHOV�LV�DVVHVVHG�LQ�VHFWLRQ����7KH�SDSHU�LV�FRQFOXGHG�E\�D�VXPPDU\�
DQG�UHFRPPHQGDWLRQV�IRU�IXUWKHU�UHVHDUFK��

�� 3UREOHP�

Academic achievement depends on the consistency between individual’s features and 
GHPDQGV�RI�VFKRRO��7KHUHIRUH��WKH�SUREOHP�RI�KLJK�VFKRRO�IDLOXUH�KDV�LWV�URRWV�PRVWO\�
LQ� DQ� LQDSSURSULDWH� FKRLFH�RI� VFKRRO��7KH� FKRLFH�RI� VFKRRO�RU�SURIHVVLRQ� LV�D�PXOWL�
DWWULEXWH�GHFLVLRQ�PDNLQJ�SURFHVV� LQ�ZKLFK� WKH�FKRLFH� WDNHV�SODFH�DW�ERWK�VLGHV��7KH�
JRDOV�RI�SXSLOV�DQG�VFKRROV�DUH�RIWHQ� LQ�FRQIOLFW��SXSLOV�ZLVK� WR�FKRRVH� WKH�PRVW�DS�
SURSULDWH�VFKRRO� IRU� WKHPVHOYHV��DQG�VFKRROV�ZDQW� WR�VHOHFW�RQO\�WKH�EHVW�FDQGLGDWHV��
%HFDXVH�RI�XQFHUWDLQW\� LQYROYHG� LQ� WKH�SURFHVV�� WKHUH� LV� DOZD\V� D� ULVN�RI� LQDGHTXDWH�
FKRLFH� RI� VFKRRO� ZLWK� QHJDWLYH� FRQVHTXHQFHV�� )XUWKHUPRUH�� ZKHQ� SDVVLQJ� IURP� SUL�
PDU\�WR�KLJK�VFKRRO��SXSLOV�DUH�VWLOO�LPPDWXUH��WKH\�GR�QRW�NQRZ�WKHPVHOYHV�DQG�WKH\�
DUH�QRW�IXOO\�DZDUH�RI�GLIIHUHQW�RSSRUWXQLWLHV�DQG�GHPDQGV�RI�IXUWKHU�HGXFDWLRQ��7KH\�
QHHG�SURIHVVLRQDO�DGYLFH�IRU�FKRRVLQJ�VFKRROV�DQG�HGXFDWLRQDO�SURJUDPV�>�@��

(GXFDWLRQDO� DQG� SURIHVVLRQDO� FRXQVHOLQJ� LQ� RXU� FRXQWU\�� 6ORYHQLD�� LV� SURYLGHG�
mostly by schools’ counseling services. A study of their work [7] revealed a number 
RI�SUREOHPV��&RXQVHORUV�DUH�WRR�EXV\�IRU�HGXFDWLRQDO�FRXQVHOLQJ�RI�KLJK�TXDOLW\��7KHLU�
VXJJHVWLRQV�DUH�XVXDOO\�LQWXLWLYH�DQG�EDVHG�RQ�YHU\�IHZ�DQG�RIWHQ�LQFRPSOHWH�GDWD��$OO�
schools try to reject “bad” pupils. There is little time and there is a lack of alternatives. 
$W�WKH�WLPH�RI�KLJK�VFKRROV�HQUROPHQW�LW�LV�DOUHDG\�WRR�ODWH�IRU�DSSURSULDWH�DFWLYLWLHV�WR�
SUHYHQW� DFDGHPLF� IDLOXUH�� %HFDXVH� RI� WKH� FRQIOLFW� VLWXDWLRQ� DQG� VXEMHFWLYH� DGYLFH��
pupils and their parents rarely consider counselors’ warnings.�

7KHUHIRUH��FRXQVHORUV�QHHG�D�WRRO�IRU�WKH�SUHGLFWLRQ�RI�ILQDO�DFDGHPLF�DFKLHYHPHQW�
LQ� DQ� HDV\� XQGHUVWDQGLQJ� ZD\� ZLWK� KLJK� DFFXUDF\�� 6XFK� D� WRRO� ZRXOG� SURYLGH� DQ�
RSSRUWXQLW\� WR�SUHGLFW� VFKRRO� IDLOXUH�DQG� UHDFW�SURSHUO\�RQ� WLPH��,QGLUHFWO\�� LW�ZRXOG�
DOVR� KHOS� WR� GHFUHDVH� VRPH� XQGHVLUDEOH� VRFLDO� SKHQRPHQD� VXFK� DV� XQHPSOR\PHQW��
GHOLQTXHQF\�� GUXJ� DGGLFWLRQ�� YLROHQFH�� HWF�� >�@�� ,Q� JHQHUDO�� DFDGHPLF� DFKLHYHPHQW�
GHSHQGV�RQ�WKH�LQWHUDFWLRQ�RI�SK\VLFDO��SK\VLRORJLFDO��VRFLDO�DQG�SV\FKRORJLFDO�IDFWRUV�
>�@��ZKLFK�SURYLGH�D�EDVLV�IRU�PXOWL�DWWULEXWH�PRGHOLQJ��
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2XU�UHVHDUFK�JRDO�ZDV�WR�GHYHORS�D�PXOWL�DWWULEXWH�PRGHO�IRU�WKH�SUHGLFWLRQ�RI�ILQDO�
DFDGHPLF�DFKLHYHPHQW�RQ�DQ�LQGLYLGXDO�KLJK�VFKRRO�HGXFDWLRQDO�SURJUDP��:H�ZDQWHG�
WR�YDOLGDWH� WKH�PRGHO�� WR� VKRZ� LWV� VWUHQJWKV� DQG�ZHDNQHVVHV�� DQG�JLYH� UHFRPPHQGD�
WLRQV�IRU�LWV�DSSOLFDWLRQ��,Q�SDUWLFXODU��ZH�ZHUH�ORRNLQJ�IRU�WKH�DQVZHUV�RQ�WKH�IROORZ�
LQJ�TXHVWLRQV��

• ,V�LW�SRVVLEOH�WR�GLVFRYHU�JHQHUDO�SDWWHUQV�DQG�UXOHV�RI�DFDGHPLF�DFKLHYHPHQWV�IURP�
D�GDWDEDVH�RI�SXSLOV��VXFK�DV�WKH�RQH�FRPPRQO\�XVHG�LQ�6ORYHQLDQ�SULPDU\�DQG�KLJK�
VFKRROV"�

• 2Q�WKLV�JURXQG��LV�LW�SRVVLEOH�WR�EXLOG�D�PXOWL�DWWULEXWH�PRGHO�IRU�WKH�SUHGLFWLRQ�RI�
ILQDO�DFDGHPLF�DFKLHYHPHQW�RQ�DQ�LQGLYLGXDO�KLJK�VFKRRO�HGXFDWLRQDO�SURJUDP"��

• +RZ�DFFXUDWH�LV�WKH�SUHGLFWLRQ�RI�VXFK�PRGHOV"�
• ,I�DQG�KRZ�FDQ�PRGHOV�FRQWULbute to the quality of achievements’ estimations and 

TXDOLW\�RI�VFKRRO�FKRLFHV"�
• &RXOG�WKH\�LPSURYH�DFKLHYHPHQWV�LQ�JHQHUDO"�
• +RZ�WR�LPSOHPHQW�WKH�DSSURDFK�LQ�SUDFWLFH"�
�
7KH�PHWKRGRORJ\�LQYROYHG�LV�D�FRPELQDWLRQ�RI�'0�DQG�'6�PHWKRGV��ZKLFK�ZHUH�XVHG�
VHTXHQWLDOO\�DV�SUHVHQWHG�LQ�WKH�IROORZLQJ�WZR�VHFWLRQV���

�� 'DWD�0LQLQJ�

7KH�'0�VWDJH�ZDV�FDUULHG�RXW�XVLQJ�VWDWLVWLFDO�PHWKRGV��YLVXDOL]DWLRQ��FOXVWHULQJ��DQG�
PDFKLQH� OHDUQLQJ�� $PRQJ� PDFKLQH� OHDUQLQJ� PHWKRGV� ZH� XVHG� WKH� GHYHORSPHQW� RI�
FODVVLILFDWLRQ� GHFLVLRQ� WUHHV� DQG� GHYHORSPHQW� RI�PXOWL�DWWULEXWH� KLHUDUFKLFDO�PRGHOV��
:H�XVHG�WKH�WRROV�6366�>��@��:HND�>��@�DQG�2UDQJH�>��@��,Q�DFFRUGDQFH�ZLWK�D�JHQ�
HUDO� '0�PHWKRGRORJ\� >�@�� WKH� DQDO\VLV� ZDV� SUHFHGHG� E\� GDWD� SUHSDUDWLRQ� DQG� SUH�
SURFHVVLQJ��DQG�IROORZHG�E\�WKH�LQWHUSUHWDWLRQ�DQG�HYDOXDWLRQ�RI�UHVXOWV��

���� 'DWD�3UHSDUDWLRQ�DQG�3UH�3URFHVVLQJ�

The analysis was based on a pupils’ database that was created in one of Slovenian 
KLJK�VFKRROV�XVLQJ�D�FRPSXWHU�SURJUDP�(YLGHQFD�>��@��7KH�GDWDEDVH�ZDV�H[SRUWHG�WR�
0LFURVRIW�64/�6HUYHU������>��@��ZKLFK�ZDV�XVHG�DV�D�WRRO�IRU�GDWD�SUHSDUDWLRQ��$IWHU�
QRUPDOL]DWLRQ�� WKH� GDWDEDVH�ZDV� LQWHJUDWHG� LQWR� D� VLQJOH� WDEOH�� LQ�ZKLFK� HDFK� UHFRUG�
FRQWDLQHG�DOO�GDWD�DYDLODEOH�DERXW�RQH�SXSLO��,Q�WRWDO��WKHUH�DUH����DWWULEXWHV��$�SDUW�����
DWWULEXWHV��LV�NQRZQ�EHIRUH�HQUROPHQW�LQ�KLJK�VFKRRO��ZKLOH�WKH�UHPDLQLQJ����DWWULEXWHV�
UHSUHVHQW� VFKRRO� PDUNV� DQG� RWKHU� GDWD� REWDLQHG� LQ� VXFFHVVLYH� JUDGHV� RI� WKH� KLJK�
VFKRRO��7KH�PDLQ�JURXSV�RI�DWWULEXWHV�DUH��

• Pupil’s personal and demographic data: gender, date and tRZQ�RI�ELUWK��FLWL]HQVKLS��
SULPDU\�VFKRRO�QDPH��HWF��

• 'DWD� RQ� DFDGHPLF� DFKLHYHPHQWV� LQ� SULPDU\� VFKRRO�� LQGLYLGXDO� VXEMHFW�PDUNV� DQG�
JHQHUDO�DFKLHYHPHQW�PDUNV�LQ�WKH�ODVW�WZR�\HDUV�RI�SULPDU\�HGXFDWLRQ��
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• 'DWD�RQ�DFKLHYHPHQWV�DQG�EHKDYLRU�LQ�WKH�ILUVW��VHFRQG��WKLUG�DQG�IRXUWK�KLJK�VFKRRO�
JUDGH�� LQGLYLGXDO� VXEMHFW� PDUNV�� JHQHUDO� DFKLHYHPHQW� PDUN�� GLVFLSOLQH� VDQFWLRQV��
KRXUV�RI�H[FXVHG�DQG�XQH[FXVHG�DEVHQFH�IURP�VFKRRO��HWF��

)RU�HDFK�SXSLO�LQ�WKH�GDWDEDVH��KLV�RU�KHU�DFDGHPLF�DFKLHYHPHQW�LV�DOUHDG\�NQRZQ��
,W�LV�UHSUHVHQWHG�E\�WKH�IROORZLQJ�ILYH�FDWHJRULHV��

• ���JUDGXDWHV�ZLWK�JHQHUDO�DFKLHYHPHQW�PDUN���RU����%�RU�$��DIWHU�IRXU�\HDUV��
• ���JUDGXDWHV�ZLWK�JHQHUDO�DFKLHYHPHQW�PDUN���RU����&�RU�'��DIWHU�IRXU�\HDUV��
• ���JUDGXDWHV�DIWHU�ILYH�RU�VL[�\HDUV��SURORQJHG�WLPH�RI�HGXFDWLRQ���
• ���IDLOV�DQG�VWRSV�HGXFDWLQJ�DIWHU�RQH�RU�WZR�\HDUV��
• ���IDLOV�DQG�VWRSV�HGXFDWLQJ�DIWHU�WUHH�RU�PRUH�\HDUV��

7KLV�GDWDEDVH–KHUHDIWHU�UHIHUUHG�WR�DV�'%�–FRQWDLQHG�GDWD�DERXW�1� ������SXSLOV��
$OO� WKH�UHFRUGV�FRQWDLQHG�FRPSOHWH�GDWD�NQRZQ�EHIRUH� WKH�HQUROPHQW�DQG�GDWD�DERXW�
ILQDO� DFDGHPLF� DFKLHYHPHQWV�� +RZHYHU�� D� FRQVLGHUDEOH� SURSRUWLRQ� RI� GDWD� IRU� DOO�
VFKRRO�\HDUV�ZDV�LQFRPSOHWH��7KHUHIRUH��ZH�DOVR�FUHDWHG�D�VPDOOHU�GDWDEDVH��'%���RI�
1� �����SXSLOV�IRU�ZKLFK�FRPSOHWH�GDWD�ZDV�DYDLODEOH�IRU�DOO�VFKRRO�\HDUV��

���� %DVLF�6WDWLVWLFDO�$QDO\VLV�

:H� VWDUWHG� WKH� DQDO\VLV�ZLWK� HVWDEOLVKLQJ� JHQHUDO� VWDWLVWLFV��PHDVXUHV� RI� FRUUHODWLRQV�
EHWZHHQ� YDULDEOHV� DQG� YLVXDOL]DWLRQ� LQ� 6366�� 'HVFULSWLYH� VWDWLVWLFV� DQG� IUHTXHQF\�
GLVWULEXWLRQV�RI�YDULDEOHV�ZHUH�DVVHVVHG�IRU�ERWK�GDWDEDVHV��DQG�6SHDUPDQ�FRHIILFLHQWV�
RI� UDQN� FRUUHODWLRQ�ZHUH� FRPSXWHG� EHWZHHQ� QXPHULFDO� YDULDEOHV� DQG� ILQDO� DFDGHPLF�
DFKLHYHPHQW��7KH� UHODWLRQ�EHWZHHQ�QRPLQDO�YDULDEOHV�DQG� ILQDO�DFKLHYHPHQW�ZDV�HV�
WDEOLVKHG�XVLQJ�FKL�VTXDUH�WHVW�DQG�FRQWLQJHQF\�FRHIILFLHQW���

�
7DEOH����)UHTXHQF\�GLVWULEXWLRQ�RI�DFKLHYHPHQW�FDWHJRULHV�LQ�'%���

&DWHJRU\� �� �� �� �� ��

)UHTXHQF\�>�@� ����� ����� ����� ����� ����
�

7KH�GLVWULEXWLRQ�RI�DFKLHYHPHQW�FDWHJRULHV� LV�VKRZQ�LQ�7DEOH����,W� WXUQHG�RXW�WKDW�
DFDGHPLF�IDLOXUH��FDWHJRULHV���DQG����ZDV�TXLWH�FRPPRQ�–�PRUH�WKDQ�����SXSLOV�OHIW�
WKH�VFKRRO�DQG�QHYHU�JUDGXDWHG��6XFK�OHYHO�RI�IDLOXUH�ZRXOG�EH�FRQVLGHUHG�D�GLVDVWHU�LQ�
HYHU\�ZRUN�RUJDQL]DWLRQ�>�@��EXW�VXUSULVLQJO\�QRW�LQ�VFKRROV��+LJK�SHUFHQWDJH�RI�IDLO�
XUH�LQ�RXU�KLJK�VFKRROV�FRQILUPV�D�SRRU�SHUIRUPDQFH�RI�SURIHVVLRQDO�FRXQVHOLQJ��

7KH�PDMRULW\�RI�SXSLOV�JUDGXDWH�LQ�WLPH�ZLWK�JHQHUDO�DFKLHYHPHQW�PDUN���RU����&�RU�
'� LQ�$PHULFDQ�V\VWHP��� ,Q�RXU�DQDO\VLV�� WKH\� UHSUHVHQW� WKH�PDMRULW\�FDWHJRU\���ZLWK�
DSULRUL�FODVVLILFDWLRQ�DFFXUDF\�RI���������*HQHUDO�DFKLHYHPHQW�PDUNV�LQ�WKH�ILUVW�KLJK�
VFKRRO�JUDGH�DUH�RQ�DYHUDJH�RQH�RU�WZR�PDUNV�ORZHU�WKDQ�JHQHUDO�DFKLHYHPHQW�PDUNV�
LQ�SULPDU\�VFKRRO��0RVW�PDUNV�DUH�EHWZHHQ���DQG����(�DQG�&���DQG�SXSLOV�ZLWK���DQG���
�%�DQG�$��DUH�YHU\�UDUH��

$EVHQFHV� IURP� VFKRRO� DQG� GLVFLSOLQH� VDQFWLRQV� DUH� LQ� QHJDWLYH�� ZKLOH� GLIIHUHQW�
PDUNV� LQ� SULPDU\� DQG� KLJK� VFKRRO� DUH� LQ� SRVLWLYH� FRUUHODWLRQ� ZLWK� DFKLHYHPHQWV��
$FKLHYHPHQWV�PRVW� VWURQJO\�FRUUHODWH�ZLWK�JHQHUDO�DFKLHYHPHQW�PDUNV�DW� WKH�HQG�RI�
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grades. Pupils’ age at high school enroOPHQW�QHJDWLYHO\�FRUUHODWHV�ZLWK�DFKLHYHPHQWV��
2EYLRXVO\��SUHdictions based on “later” data are more accurate and valid, but also less 
XVHIXO�LQ�SUDFWLFH��DV�WKH\�FRPH�WRR�ODWH�IRU�D�VXFFHVVIXO�FRUUHFWLYH�DFWLRQ��

6WDWLVWLFDO� DQDO\VHV� DOVR� UHYHDOHG� VRPH� LQWHUHVWLQJ� DQG� XQH[SHFWHG� ILQGLQJV�� VXFK�
WKDW� SDUWLFXODU� VXEMHFW�PDUNV� IURP� D� SDUWLFXODU� WHDFKHU� KDYH� QR� YDOLGLW\� DW� DOO��ZKDW�
deserves serious consideration and appropriate actions of school’s maQDJHPHQW��

���� 0DFKLQH�/HDUQLQJ�RI�'HFLVLRQ�7UHHV�

&ODVVLILFDWLRQ�GHFLVLRQ� WUHHV�ZHUH�EXLOW�ZLWK� WKH�SURJUDP�:HND��XVLQJ� WKH�DOJRULWKP�
-����>��@��D�YHUVLRQ�RI�ZHOO�known Quinlan’s algorithm C4.5 [15]. An initial decLVLRQ�
WUHH�ZDV�EXLOW�IURP�DOO�DWWULEXWHV��'LIIHUHQW�GHFLVLRQ�WUHHV�ZHUH�WKHQ�GHYHORSHG�RQ�WKH�
EDVLV�RI�GLIIHUHQW�VHOHFWLRQV�RI�DWWULEXWHV��&ODVVLILFDWLRQ�DFFXUDF\�ZDV�HVWLPDWHG�E\����
IROG�FURVV�YDOLGDWLRQ��

:KHQ� XVLQJ� DOO� WKH� DWWULEXWHV�� WKH� FODVVLILFDWLRQ� DFFXUDF\� WXUQHG� RXW� DV� KLJK� DV�
��������7KLV�PHDQV� WKDW� DW� WKH� HQG�RI�KLJK�VFKRRO� HGXFDWLRQ� WKH�SUHGLFWLRQ�RI� ILQDO�
DFKLHYHPHQW�LV�DOPRVW�FHUWDLQ��+RZHYHU��WKLV�LV�QRW�SUDFWLFDO�DV�ZH�ZLVK�WR�PDNH�SUH�
GLFWLRQV�VHYHUDO�\HDUV�HDUOLHU��SRVVLEO\�DW�WKH�HQUROPHQW�LQ�KLJK�VFKRRO�RU�DW�OHDVW�DIWHU�
WKH�ILUVW�KLJK�VFKRRO�JUDGH��:KHQ�ZH�OLPLW�WKH�SUHGLFWLRQ�WR�DWWULEXWHV�WKDW�DUH�NQRZQ�
DW�WKDW�WLPH��WKH�FODVVLILFDWLRQ�DFFXUDF\�RI�FRUUHVSRQGLQJ�GHFLVLRQ�WUHHV�GHJUDGHV�FRQ�
VLGHUDEO\��)LJXUH���VKRZV�WKDW�WKH�FODVVLILFDWLRQ�DFFXUDF\�RQ�WKH�EDVLV�RI�GDWD�NQRZQ�
EHIRUH� HQUROPHQW� ���� DWWULEXWHV�� RQO\� VOLJKWO\� H[FHHGV� ����� $W� WKH� HQG� RI� WKH� ILUVW�
JUDGH�����DWWULEXWHV���WKH�FODVVLILFDWLRQ�DFFXUDF\�LPSURYHV�WR�DERXW������DQG�RQH�\HDU�
ODWHU�����DWWULEXWHV��WR�VOLJKWO\�EHORZ������
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)LJ�����&ODVVLILFDWLRQ�DFFXUDF\�RI�GHFLVLRQ�WUHHV�GHYHORSHG�IURP�GLIIHUHQW�DWWULEXWHV�

,Q�RUGHU� WR� LPSURYH�FODVVLILFDWLRQ�DFFXUDF\��ZH�FRQGXFWHG�D�QXPEHU�RI�DGGLWLRQDO�
H[SHULPHQWV�� ����GHYHORSLQJ� WUHHV�RQ�GDWD�FRUUHVSRQGLQJ� WR�VSHFLILF�HGXFDWLRQDO�SUR�
JUDPV������XVLQJ�GLIIHUHQW�DFKLHYHPHQW�FODVVLILFDWLRQV������XVLQJ�FRVW�VHQVLWLYH�FODVVLIL�
FDWLRQ�� DQG� ���� GHYHORSLQJ� WUHHV� RQ�'%�� LQVWHDG� RI� '%��� 7KH� UHVXOWV� UHYHDOHG� WKDW�
GHYHORSLQJ�WUHHV�ZLWK�UHVSHFW�WR�HGXFDWLRQDO�SURJUDP�ZLWK�DWWULEXWHV�NQRZQ�DW�OHDVW�DW�
WKH�HQG�RI�ILUVW�KLJK�VFKRRO�JUDGH�VHHP�WKH�PRVW�UDWLRQDO��'LIIHUHQW�DFKLHYHPHQW�FODVVL�

branax
45

branax
� ���



�� �
�

ILFDWLRQV� DQG� FRVW�VHQVLWLYH� FODVVLILFDWLRQ� GLG� QRW� LPSURYH� FODVVLILFDWLRQ� DFFXUDF\��
'HYHORSLQJ�WUHHV�RQ�'%��UHVXOWHG�LQ�VPDOOHU�WUHHV�ZLWK�VLJQLILFDQWO\�EHWWHU�FODVVLILFD�
WLRQ�DFFXUDF\�–�RIWHQ�RYHU�����EHWWHU�WKDQ�ZLWK�'%���

:H� FRQFOXGHG� WKDW� IRU� GHYHORSLQJ�PXOWL�DWWULEXWH� GHFLVLRQ�PRGHOV�� WKH� EHVW� EDVLV�
SURYLGH�WKH�WUHHV�GHYHORSHG�RQ�'%���FRUUHVSRQGLQJ�WR�VSHFLILF�HGXFDWLRQDO�SURJUDP��
DQG� XVLQJ� ��� RU� ��� H[SHUW�VHOHFWHG� DWWULEXWHV�� 'HVSLWH� FRQVLGHUDEOH� GLIIHUHQFHV� EH�
WZHHQ�WUHHV��LW�VHHPV�WKDW�WKH�EHVW�SUHGLFWRU�DPRQJ�WKH�DWWULEXWHV�NQRZQ�EHIRUH�HQURO�
PHQW� LV� WKH� ILQDO�JHQHUDO�DFKLHYHPHQW�PDUN�RI�SULPDU\�VFKRRO��DQG�DPRQJ�DWWULEXWHV�
NQRZQ�DW�WKH�HQG�RI�ILUVW�KLJK�VFKRRO�JUDGH�WKH�ILQDO�JHQHUDO�DFKLHYHPHQW�PDUN�RI�WKH�
ILUVW�KLJK�VFKRRO�JUDGH��

2WKHU�JRRG�SUHGLFWRUV�GHSHQG�RQ� WKH�HGXFDWLRQDO�SURJUDP��)RU�H[DPSOH�� WKH�EHVW�
tree using 30 attributes for educational program referred to as “L” is shown in FiJXUH�
���$PRQJ�DWWULEXWHV�NQRZQ�DW�WKH�HQG�RI�WKH�ILUVW�JUDGH�WKH�PRVW�LPSRUWDQW�DUH�WKH�ILUVW�
JUDGH� JHQHUDO� DFKLHYHPHQW� PDUN�� VXEMHFW� PDUNV� LQ� 6ORYHQH� ODQJXDJH�� +LVWRU\� DQG�
3K\VLFV�LQ�WKH�ILUVW�KLJK�VFKRRO�JUDGH��DJH�DW�WKH�KLJK�VFKRRO�HQUROPHQW�DQG�XQH[FXVHG�
DEsence in the third semester. These attributes indicate that the program “L” demands 
JHQHUDO� LQWHOOLJHQFH�� YHUEDO� DELOLWLHV�� ZRUN� KDELWV�� PHPRU\� DQG� ORJLFDO� DELOLWLHV� DQG�
WKDW�WKH�DEVHQFH�GLPLQLVKHV�WKH�SRVVLELOLW\�RI�VXFFHVV��
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<!BDCE�FHGHI JKHL�MNGOLQP;L;I JQR�J�S;TOU LVL;W�L;P�FHX�YHF TQL'Y U I EFZTOU G[T'E;SQT;XQXOR GHI JKHL
\?R XVL;P;L'MNW�JQI ]!X�YHEH^;_ ` L;SFH\?R X�VLOPQL�R JQP�G[^;JGOL
a�U EQF X;I b�McW�JQI ]!X�YHEH^Q_ ` L;S FZa!U EF XOI b
d=TQb E;U S�E�MNW�JQI ]!X�YHEH^;_ ` L;SF[d=TQb E;S;U E
JGOL�L;POI X;R MZJQGOL�JFHL;POI XOR W'L;PFZe U P�W�XQP�F TQEf
^;P;L g'JQ_�hHI K�E;LQW MN^OP;Lg�S;^�E;L�KiJQ_�EOLQP;SQL�U P�F T�L'F TOU I K�E;L;W�LE�F LOI[e TQXO^;I Ef

�

)LJ��� The best tree for educational program “L” (Q� ������FODVVLILFDWLRQ�DFFXUDF\�LV��������

,Q� VXPPDU\�� FODVVLILFDWLRQ� DFFXUDF\� RI� WUHHV�XVLQJ� DWWULEXWHV�NQRZQ�EHIRUH� HQURO�
PHQW�LV�JHQHUDOO\�ORZ��DERXW������DQG�VOLJKWO\�H[FHHGV�WKH�DSULRUL�DFFXUDF\����������
6RPHZKDW�EHWWHU��DERXW������LV�WKH�FODVVLILFDWLRQ�DFFXUDF\�RI�GHFLVLRQ�WUHHV�GHYHORSHG�
IURP�DWWULEXWHV�NQRZQ�DW�WKH�HQG�RI�ILUVW�KLJK�VFKRRO�JUDGH��
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���� &OXVWHULQJ�

,Q�:HND�� SXSLOV� ZHUH� FOXVWHUHG� LQWR� WKUHH�� IRXU� DQG� ILYH� JURXSV� XVLQJ� WKH� N�PHDQV�
DOJRULWKP�>��@��7ZR�VHWV�RI�DWWULEXWHV�ZHUH�XVHG���������H[SHUW�VHOHFWHG�DWWULEXWHV��DOO�
NQRZQ�EHIRUH�HQUROPHQW�LQ�KLJK�VFKRRO��DQG��������DWWULEXWHV��NQRZQ�DW�WKH�HQG�RI�ILUVW�
KLJK�VFKRRO�JUDGH��

&OXVWHULQJ� UHIOHFWHG� GLIIHUHQW� DELOLWLHV� DQG� PRWLYDWLRQ� RI� SXSLOV�� 7KH� EHVW� UHVXOWV�
ZHUH� DFKLHYHG�E\� FOXVWHULQJ� LQWR� ILYH�JURXSV�RQ� WKH�EDVLV�RI�DWWULEXWHV�NQRZQ�DW� WKH�
HQG�RI�ILUVW�KLJK�VFKRRO�JUDGH��EHFDXVH�VRPH�GLIIHUHQFHV�PDQLIHVW�RQO\�RQ�WKH�KLJKHU�
DQG� PRUH� GHPDQGLQJ� OHYHO� RI� HGXFDWLRQ�� 7KH� ILYH� FOXVWHUV� GLIIHU� PRVWO\� LQ� VXEMHFW�
grades and general achievement grades. It is interesting that “worst” pupils in prLPDU\�
VFKRRO�RIWHQ�FKRVH�D�OHVV�GHPDQGLQJ�HGXFDWLRQDO�SURJUDP��LQGLFDWLQJ�WKH\�KDG�DW�OHDVW�
SDUWLDOO\� FRQVLGHUHG� DGYLFH� RI� HGXFDWLRQDO� FRXQVHORUV�� %XW� SXSLOV� IURP� ODUJH� FLWLHV�
VHHP�WR�KDYH�KLJKHU�HGXFDWLRQDO�DVSLUDWLRQV�DQG�GHVSLWH�WKH�VDPH�DFKLHYHPHQW�WHQG�WR�
FKRRVH�PRUH� GHPDQGLQJ� SURJUDPV�� UHVXOWLQJ� LQ� WKH� ORZHVW� DFKLHYHPHQWV� RI� WKH� ILUVW�
KLJK�VFKRRO�JUDGH��:KHQ�DELOLWLHV�DUH�ORZ��KLJK�DVSLUDWLRQV�DUH�QRW�HQRXJK�IRU�VXFFHVV��

���� 0DFKLQH�/HDUQLQJ�RI�0XOWL�$WWULEXWH�+LHUDUFKLFDO�0RGHOV�ZLWK�+,17�

)LQDOO\�� ZH� XVHG� +,17� WR� FRQVWUXFW� PXOWL�DWWULEXWH� PRGHOV� IURP� GDWD��:H� XVHG� LWV�
LPSOHPHQWDWLRQ�ZLWKLQ� WKH�'0�VXLWH�2UDQJH�>��@��ZKHUH�+,17�LV�OLPLWHG�WR�GLVFUHWH�
GDWD� ZLWKRXW� PLVVLQJ� YDOXHV�� 7KXV�� FRQWLQXRXV� DWWULEXWHV� ZHUH� ILUVW� GLVFUHWL]HG� DQG�
PLVVLQJ�YDOXHV�ZHUH�UHSODFHG�ZLWK�PDMRULW\�YDOXHV��0RGHOV�ZHUH�EXLOW�XVLQJ����DQG����
H[SHUW�VHOHFWHG� DWWULEXWHV�� XVLQJ� XQVXSHUYLVHG�PLQLPDO�HUURU� GHFRPSRVLWLRQ�ZLWK� WKH�
GHIDXOW�ERXQG�VHW�VL]H�RI�WZR��$JDLQ��WKH�FODVVLILFDWLRQ�DFFXUDF\�ZDV�HVWLPDWHG�E\����
IROG�FURVV�YDOLGDWLRQ��

7KH� FODVVLILFDWLRQ� DFFXUDF\� RI� +,17�PRGHOV� ZDV� TXLWH� ORZ� DQG� XQVDWLVIDFWRU\� –�
PRVW�RIWHQ� LW�ZDV�FORVH� WR� WKH�DSULRUL�DFFXUDF\��6XFK�UHVXOWV�DUH�SDUWO\�GXH�WR�D�UHOD�
WLYHO\�VPDOO�OHDUQLQJ�VDPSOH��1� ������DQG�FRPSOH[LW\�RI�GDWD��

$OWKRXJK�WKH�PRGHOV�ZHUH�QRW�DSSURSULDWH�IRU�GLUHFW�XVH��WKH\�SURYLGHG�D�QXPEHU�RI�
LPSRUWDQW�JXLGHOLQHV�IRU�FRPSRVLQJ�DWWULEXWHV�DQG�GHILQLQJ�GHFLVLRQ�UXOHV�LQ�WKH�IRUWK�
FRPLQJ� PDQXDOO\� GHYHORSPHQW� RI� '(;�PRGHOV�� )RU� H[DPSOH�� DPRQJ� WKH� DWWULEXWHV�
NQRZQ� EHIRUH� WKH� HQUROPHQW�� WKH�PDUNV� RI�0DWK� DQG� 3K\VLFV� WXUQHG� RXW� WR� EH� YHU\�
JRRG�SUHGLFWRUV��7KH�DQDO\VLV�DOVR�UHYHDOHG�WKH�VR�called “rule of chain“: the marks of 
0DWK�DQG�3K\VLFV�PRVWO\�OLPLW�WKH�KLJKHVW�JHQHUDO�DFKLHYHPHQW��(YHQ�PRUH�REYLRXVO\�
WKDQ�GHFLVLRQ�WUHHV��+,17�PRGHOV�UHYHDOHG�LQWHUHVWLQJ�SDWWHUQV�RI�DEVHQFH��SXSLOV�DUH�
QRW�DEVHQW�FRLQFLGHQWDOO\�RU�EHFDXVH�RI�KHDOWK�UHDVRQV��EXW�V\VWHPDWLFDOO\�DQG�UHODWHG�
WR�H[DPV�WDNLQJ�SODFH�LQ�VFKRRO��

�� 'HYHORSPHQW�RI�'HFLVLRQ�6XSSRUW�0RGHOV�

7KH� ILQDO�PXOWL�DWWULEXWH� GHFLVLRQ�PRGHOV�ZHUH� GHYHORSHG�PDQXDOO\� XVLQJ�'(;� DQG�
IROORZLQJ�WKH�WKUHH�W\SLFDO�'6�GHYHORSPHQW�VWDJHV�>�@������DFTXLVLWLRQ�RI�DWWULEXWHV������
GHYHORSPHQW�RI�WKH�KLHUDUFK\�RI�DWWULEXWHV��DQG�����GHILQLQJ�GHFLVLRQ�UXOHV��7KH�H[SHUW�
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WULHG� WR� LQFRUSRUDWH�KHU�SUHYLRXV�NQRZOHGJH�DERXW� DFDGHPLF�DFKLHYHPHQW�SUHGLFWLRQ�
DQG�VXSSOHPHQW�LW�E\�WKH�UHVXOWV�RI�WKH�'0�VWDJH��

)LUVW��D� OLVW�RI�DWWULEXWHV�ZDV�FUHDWHG�RQ�WKH�EDVLV�RI�H[SHUW�RSLQLRQ��WKH�EHVW�GHFL�
VLRQ� WUHHV� DQG� EHVW� PRGHOV� GHYHORSHG� E\� +,17�� %HVLGH� GHPRJUDSKLFDO� YDULDEOHV��
ZKLFK�UHSUHVHQW�H[WHQXDWLQJ�FLUFXPVWDQFHV�RU�GLIILFXOWLHV�LQ�UHDFKLQJ�D�KLJK�DFKLHYH�
PHQW��WKH�OLVW�PRVWO\�LQFOXGHG�GLIIHUHQW�VFKRRO�PDUNV��KRXUV�RI�DEVHQFH�DQG�GLVFLSOLQH�
sanctions, which reflect pupil’s knowledge, abilities, motivDWLRQ�DQG�RWKHU�SHUVRQDOLW\�
WUDLWV��&RQWLQXRXV�DWWULEXWHV�ZHUH�GLVFUHWL]HG�LQ�WKH�VDPH�ZD\�DV�ZLWK�+,17��

1H[W��DWWULEXWHV�ZHUH�RUJDQL]HG�LQWR�D�KLHUDUFKLFDO�VWUXFWXUH�DFFRUGLQJ�WR�WKHLU�GH�
SHQGHQFH�DQG�LQWHUDFWLRQ��LQWURGXFLQJ�QHZ�DJJUHJDWH�DWWULEXWHV��LQWHUQDO�QRGHV��ZKHQ�
HYHU�QHFHVVDU\��7KLV�WXUQHG�RXW�WR�EH�WKH�PRVW�GLIILFXOW�WDVN��VLQFH�HDFK�QHZ�DWWULEXWH�LV�
D�UHVXOW�RI�FRPSOH[�LQWHUDFWLRQ�RI�PXOWLSOH�EDVLF�DWWULEXWHV��6RPHWLPHV�LW�LV�GLIILFXOW�WR�
DFFXUDWHO\�HVWLPDWH�WKH�FRQWULEXWLRQ�RI�HDFK�VLQJOH�IDFWRU��EHFDXVH�LW�LV�FKDQJHDEOH�DQG�
PD\�GHSHQG�RQ�DQ�LQGLYLGXDO�SXSLO��

(YHQWXDOO\�� WZR� DWWULEXWH� KLHUDUFKLHV�ZHUH� GHYHORSHG� LQ� WKLV�ZD\� �)LJXUH� ����7KH�
ILUVW�RQH�XVHV�RQO\�DWWULEXWHV�WKDW�DUH�NQRZQ�EHIRUH�WKH�HQUROPHQW�LQ�KLJK�VFKRRO��7KH�
VHFRQG�KLHUDUFK\�FRQWDLQV�DQ�H[WHQGHG�VHW�RI�DWWULEXWHV�IRU�WKH�SUHGLFWLRQ�DW�WKH�HQG�RI�
ILUVW�KLJK�VFKRRO�JUDGH��%RWK�VWUXFWXUHV�DUH�PHDQW�WR�EH�JHQHUDO�LQ�WKH�VHQVH�WKDW�WKH\�
GR�QRW�DGGUHVV�DQ\�SDUWLFXODU�HGXFDWLRQDO�SURJUDP��

,Q�WKH�ILQDO�VWDJH��WKH�H[SHUW�GHILQHG�GHFLVLRQ�UXOHV��L�H���UXOHV�WKDW�GHWHUPLQH�WKH�DJ�
JUHJDWLRQ� RI� YDOXHV� IURP� WKH� OHDYHV� WRZDUGV� WKH� URRW� RI� WKH� KLHUDUFK\�� 7KH� H[SHUW�
MXGJHG�WKH�LPSRUWDQFH�RI�DWWULEXWHV�DQG�GHWHUPLQHG�WKHLU�ZHLJKWV��7KH�UHVXOWV�RI�GDWD�
PLQLQJ�ZHUH� WDNHQ� LQWR�DFFRXQW�� IRU�H[DPSOH��GXH�WR�WKHLU�LPSRUWDQW�LQIOXHQFH�WR�WKH�
ILQDO�DFKLHYHPHQW�� UHODWLYHO\�KLJK�ZHLJKWV�KDYH�EHHQ�JLYHQ� WR� VFKRRO�PDUNV�RI�0DWK�
DQG�3K\VLFV��

)LQDOO\��ZH�ILQH�WXQHG�WKH�PRGHOV�WR�WKH�UHTXLUHPHQWV�RI�D�VLQJOH�HGXFDWLRQDO�SUR�
gram “L”. Decision rules were appropriately modified; all rules in decLVLRQ� WDEOHV�
ZHUH� UHYLHZHG� LQ� GHWDLO� DQG� FKDQJHG�� LI� QHFHVVDU\��:H� FRQVLGHUHG� WKH� DFFXUDF\� RI�
XVHG�SUHGLFtors and the “rule of chain” by which one single weak link or sub�FULWHULD�LV�
HQRXJK�IRU�IDLOXUH��7KH�VWUXFWXUH�RI�PRGHO���ZDV�VLPSOLILHG�E\�H[FOXGLQJ���OHVV�UHOH�
YDQW�DWWULEXWHV��

Table 2 shows an example of decision rules for model 1 and program “L”. The 
UXOHV� SUHGLFW� SXSLOV
� ILQDO� DFDGHPLF� DFKLHYHPHQW� RQ� WKH� EDVLV� RI� WKHLU� DELOLWLHV� DQG�
SUHYLRXV� NQRZOHGJH��PRWLYDWLRQ�� DQG� FLUFXPVWDQFHV��2QO\� UXOHV� IRU� WKH� DFKLHYHPHQW�
FDWHJRULHV� �� DQG� �� DUH� VKRZQ� LQ�7DEOH� ���5XOH� ��� IRU� H[DPSOH�� VWDWHV� WKDW� LI� SXSLOV
�
DELOLWLHV� DQG� SUHYLRXV� NQRZOHGJH� DUH� LQDSSURSULDWH� DQG� WKHLU�PRWLYDWLRQ� LV� ORZHUHG��
UHJDUGOHVV�RQ�FLUFXPVWDQFHV��WKH\�ZLOO�DFKLHYH�WKH�FDWHJRU\����$FFRUGLQJ�WR�UXOH����WKH�
FDWHJRU\� �� ZLOO� EH� DFKLHYHG� LI� WKHLU� DELOLWLHV� DUH� DW� OHDVW� DSSURSULDWH�� PRWLYDWLRQ� LV�
ORZHUHG�DQG�FLUFXPVWDQFHV�DUH�QHJDWLYH��

 

7DEOH��: An example of decision rules for model 1(program “L”).�

� $ELOLWLHV�DQG�S��NQRZOHGJH� 0RWLYDWLRQ� &LUFXPVWDQFHV� )LQ��DFKLHYHPHQW�

�� ,QDSSURSULDWH� /RZHUHG� � ��

�� ,QDSSURSULDWH� � � �$SSURSULDWH� ��

�� ,QDSSURSULDWH� $SSURSULDWH� 3RVLWLYH� ��

�� ! �$SSURSULDWH� /RZHUHG� 1HJDWLYH� ��
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)LJ�����6WUXFWXUH�RI�WKH�WZR�PXOWL�DWWULEXWH�PRGHOV�

�� (YDOXDWLRQ�RI�0RGHOV�

$�����VWUDWLILHG�VDPSOH��1� �����ZDV�H[WUDFWHG�IURP�WKH�GDWDEDVH�'%��DQG�XVHG�IRU�
WKH�HYDOXDWLRQ�RI�GHYHORSHG�PRGHOV��:H�FRPSDUHG�WKH�FODVVLILFDWLRQ�DFFXUDF\�RI������
ERWK�'(;�PRGHOV������GHFLVLRQ�WUHHV�GHYHORSHG�LQ�WKH�'0�VWDJH��DQG�����WKH�FODVVLIL�
FDWLRQ�RI�WKH����FDVHV��ZKLFK�ZDV�SURYLGHG�E\�DQ�H[SHUW�FRXQVHORU��

$OO� WKH� WKUHH�JURXSV�RI�PRGHOV� DFKLHYHG�DOPRVW� WKH� VDPH�FODVVLILFDWLRQ� DFFXUDF\��
DERXW�����XVLQJ�GDWD�NQRZQ�DW�WKH�WLPH�RI�HQUROPHQW�LQ�KLJK�VFKRRO��DQG�DERXW�����
DIWHU�RQH�\HDU�RI� VWXG\��7KH�PRGHOV�DOPRVW�QHYHU�SUHGLFW� IDLOXUH� WR�UHDOO\�VXFFHVVIXO�
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SXSLOV�� ZKLOH� SXSLOV� ZLWK� EDG� SUHGLFWLRQ� XVXDOO\� UHDOO\� IDLO�� 2FFDVLRQDOO\� �L�H��� LQ�
������DQG������RI�FDVHV��UHVSHFWLYHO\��WKH�PRGHOV�ZURQJO\�SUHGLFW�VXFFHVV�WR�XQVXF�
FHVVIXO�SXSLOV��7KH\� UHFRJQL]H� W\SLFDOO\� VXFFHVVIXO� DQG� W\SLFDOO\�XQVXFFHVVIXO�SXSLOV�
UHODWLYHO\�ZHOO��:URQJ�SUHGLFWLRQV��ZKLFK�DUH�PRUH�WKDQ�RQH�FDWHJRU\�DSDUW�IURP�UHDO�
DFKLHYHPHQWV��DUH�UHODWLYHO\�UDUH��RFFXUULQJ�LQ�������DQG����RI�FDVHV��UHVSHFWLYHO\��

,Q�SDUWLFXODU�� WKH�PRGHOV�SHUIRUP�EHVW�LQ�UHFRJQL]LQJ�SXSLOV�IURP�WKH�DFKLHYHPHQW�
FDWHJRU\����DQG�ZRUVW�LQ�UHFRJQL]LQJ�SXSLOV�IURP�WKH�FDWHJRU\����7KH\�RIWHQ�LQWHUPL[�
FDVHV� IURP� WKH� FDWHJRULHV� �� DQG� ��� WKLV� GLVWLQFWLRQ� LV� LQGHHG� GLIILFXOW� EHFDXVH� ERWK�
FDWHJRULHV� FRUUHVSRQG� WR� SXSLOV� ZKR� HGXFDWH� D� ORQJ� WLPH� DQG� SURJUHVV� VORZO\�� %XW�
DOPRVW�XQWLO�WKH�HQG�ZH�FDQQRW�VD\�LI�WKH\�ZLOO�VXFFHVVIXOO\�SDVV�WKH�SURJUDP��FDWHJRU\�
���RU�IDLO��FDWHJRU\�����

,Q� VXPPDU\��ZLWK� UHJDUG� WR�D�UHODWLYHO\�VPDOO�QXPEHU�DQG� ORZ�TXDOLW\�RI�XVHG�DW�
tributes, which are not “pure” neither accurate measures of pupil’s features, the 
SUHGLFWLYH�DFFXUDF\�RI�WKH�PRGHOV�LV�VXUSULVLQJO\�KLJK��:H�PXVW�QRWLFH�WKDW�H[SHUWV�LQ�
SUDFWLFH� DOVR� WDNH� LQWR� FRQVLGHUDWLRQ� RWKHU� GDWD�� REWDLQHG� LQ� SHUVRQDO�PHHWLQJV�ZLWK�
SXSLOV�DQG�WKHLU�SDUHQWV��ZKDW�XVXDOO\�LQFUHDVHV�WKH�DFFXUDF\�RI�WKHLU�SUHGLFWLRQV��2XU�
H[SHUW�FRXQVHORU�ZDV�YHU\�H[SHULHQFHG��EXW�KLV�SUHGLFWLYH�DFFXUDF\�GRHV�QRW�WHOO�PXFK�
DERXW�DYHUDJH�SUHGLFWLRQ�DFFXUDF\�RI�VFKRRO�FRXQVHORUV��ZKLFK�GLIIHU�D�ORW�LQ�H[SHUL�
HQFH��DELOLWLHV��NQRZOHGJH��LQWXLWLRQ��DQG�PRWLYDWLRQ��$V�KLJKO\�H[SHULHQFHG�DQG�FDSD�
EOH� H[SHUWV� DUH� UDUH�� WKH� XVH� RI� SUHGLFWLYH�PRGHOV� IRU� HGXFDWLRQDO� FRXQVHOLQJ� VHHPV�
PHDQLQJIXO��,W�PD\�DOVR�SURYLGH�D�VWHS�WRZDUG�PRUH�FRQVLVWHQW��REMHFWLYH�DQG�V\VWHP�
DWLF�HVWLPDWLRQ��HYLGHQFH�DQG�HYDOXDWLRQ�RI�SUHGLFWLRQV��

)RU�IXUWKHU�ZRUN��LW�LV�LQWHUHVWLQJ�WR�FRPSDUH�'0�DQG�'6�PRGHOV�GHYHORSHG�LQ�WKLV�
VWXG\�DQG�QRWLFH�DQ�LPSRUWDQW�GLIIHUHQFH�LQ�WKH�WUHDWPHQW�RI�SUHIHUHQFH�RUGHUHG�DWWULE�
XWHV��ZKLOH�'6�PRGHOV�GR�WDNH�LQWR�DFFRXQW�WKH�RUGHULQJ�LQIRUPDWLRQ��'0�RQHV�GR�QRW��
)RU�H[DPSOH��WKH�DFKLHYHPHQW�FDWHJRULHV�WKHPVHOYHV�DUH�SUHIHUHQFH�RUGHUHG��EHFDXVH�
���JUDGXDWHV�DV�$�RU�%��LV�EHWWHU�WKDQ����JUDGXDWHV�DV�&�RU�'���ZKLFK�LV�EHWWHU�WKDQ����
HWF��7KH�UXOH�DFTXLVLWLRQ�PHFKDQLVP�RI�'(;�HQVXUHV�WKHLU�FRQVLVWHQF\��VR�WKDW�LI�RE�
MHFW�[� LV� EHWWHU� WKDQ�RU� HTXDO� WR�\� RQ�DOO�FRQVLGHUHG�SUHIHUHQWLDOO\�RUGHUHG�DWWULEXWHV��
WKHQ�[�LV�QRW�DVVLJQHG�D�ZRUVH�FODVV�WKDQ�\��1HLWKHU�GHFLVLRQ�WUHHV�QRU�+,17�FDQ�HQVXUH�
WKLV�NLQG�RI�FRQVLVWHQF\��,Q�IXUWKHU�LQWHJUDWLRQ�RI�'0�DQG�'6��LW�LV�WKXV�LPSRUWDQW�WR�
LQFOXGH� '0�PHWKRGV� WKDW� FDQ� GHDO� ZLWK� SUHIHUHQFH�RUGHUHG� DWWULEXWHV�� IRU� H[DPSOH�
PHWKRGV�EDVHG�RQ�URXJK�VHWV�>��@��

�� &RQFOXVLRQ�

8VLQJ�D� FRPELQDWLRQ�RI�GDWD�PLQLQJ�DQG�GHFLVLRQ�VXSSRUW� WHFKQLTXHV��ZH�GHYHORSHG�
DQG�HYDOXDWHG�PXOWL�DWWULEXWH�PRGHOV�IRU�WKH�SUHGLFWLRQ�RI�ILQDO�DFDGHPLF�DFKLHYHPHQW�
LQ� KLJK� VFKRROV�� 7KHLU� SUHGLFWLYH� DFFXUDF\� LV� FORVH–DOWKRXJK� LQ� SUDFWLFH� SUREDEO\�
ORZHU�WKDQ–WKH�DFFXUDF\�RI�DQ�H[SHULHQFHG�KXPDQ�H[SHUW��EXW�PD\�EH�EHWWHU�WKDQ�WKH�
DFFXUDF\�RI�DQ�LQH[SHULHQFHG�H[SHUW��7KXV��ZH�EHOLHYH�WKDW�DW�WKLV�VWDJH�WKH�PRGHOV�DUH�
DSSURSULDWH�IRU�H[SHULPHQWDO�XVH�E\�VFKRRO�FRXQVHORUV��EXW�QRW�\HW�E\�SXSLOV�DQG�WKHLU�
SDUHQWV��:H�DOVR�EHOLHYH�WKDW�WKHLU�DSSOLFDWLRQ�ZRXOG�LQFUHDVH�WKH�DFFXUDF\�RI�SUHGLF�
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WLRQV�DQG�TXDOLW\�RI�HGXFDWLRQDO�FRXQVHOLQJ��KHOSLQJ�WR�SUHYHQW�LQDSSURSULDWH�FKRLFHV�
RI�VFKRRO�DQG�LPSURYH�DFDGHPLF�DFKLHYHPHQWV���

%RWK�'(;�PRGHOV�KDYH�D�QXPEHU�RI� VWURQJ�SRLQWV��7KH\�ZRUN�ZLWK�GDWD� WKDW�DUH�
SUDFWLFDOO\�DOZD\V�DYDLODEOH�RU�HDV\�WR�JHW��7KH\�IDFLOLWDWH�D�FRQVLVWHQW�DQG�V\VWHPDWL�
FDO�SUHGLFWLRQ�DQG�HYDOXDWLRQ�RI�HVWLPDWHV��5H�HVWLPDWLRQ�DW�WKH�HQG�RI�ILUVW�KLJK�VFKRRO�
JUDGH� LQFUHDVHV� WKH� UHOLDELOLW\� RI� SUHGLFWLRQ��7KH� XVH�RI�PRGHOV�ZRXOG�SUREDEO\� LP�
prove pupils’ and parents’ trust in estimates and consequently contribute to more VHUL�
RXV�VHOHFWLRQ�RI�VFKRROV�DQG�HGXFDWLRQDO�SURJUDPV��

2Q� WKH�ZHDN� VLGH�� WKH�PRGHOV� RFFDVLRQDOO\�ZURQJO\� SUHGLFW� JRRG�DFKLHYHPHQW� WR�
SXSLOV�ZKR�ZLOO�UHDOO\�IDLO��%\�WKDW�WKH\�HQFRXUDJH�WKHP�WR�SHUVLVW�LQ�VFKRRO�WKDW�LV�WRR�
GHPDQGLQJ�IRU�WKHP��$OVR��WKH�PRGHOV�KDYH�QRW�EHHQ�YDOLGDWHG�RQ�GDWD�RWKHU�WKDQ�WKDW�
XVHG�LQ�WKH�DQDO\VLV��VR�WKHLU�JHQHUDO�SUHGLFWLRQ�DFFXUDF\�LQ�SUDFWLFH�LV�XQNQRZQ��EXW�LW�
LV�SUREDEO\�ORZHU�WKDQ�HVWDEOLVKHG��7KH�SUHGLFWLYH�DFFXUDF\�RI�PRGHOV�FDQ�HDVLO\�GH�
JUDGH�GXH�WR�FKDQJHV�RI�VFKRRO�V\VWHP�DQG�JHQHUDWLRQDO�FKDQJHV�RI�SXSLOV��7KXV��WKH�
PRGHOV�VKRXOG�EH�DGDSWHG�DQG�YDOLGDWHG�SHUSHWXDOO\��

0HWKRGRORJLFDOO\��WKH�PRGHOV�ZHUH�GHYHORSHG�E\�D�FRPELQDWLRQ�RI�GDWD�PLQLQJ�DQG�
GHFLVLRQ� VXSSRUW� WHFKQLTXHV�� )URP� WKH� YLHZSRLQW� RI� '6�PRGHOLQJ��ZKLFK� LV� XVXDOO\�
FDUULHG�RXW�ZLWKRXW�H[WHQVLYH�GDWD�DQDO\VLV�DQG�UHOLHV�PDLQO\�RQ�H[SHUW�NQRZOHGJH��WKH�
SUHFHGLQJ�'0�VWDJH�EURXJKW�FRQVLGHUDEOH�EHQHILWV��$OWKRXJK�GLIILFXOW�WR�TXDQWLI\��LW�LV�
FOHDU�WKDW�WKH�'0�VWDJH�KHOSHG�WKH�H[SHUW�WR�EHWWHU�XQGHUVWDQG�WKH�FKDUDFWHULVWLFV�RI�WKH�
SRSXODWLRQ� DQG� WR� GLVFRYHU� VRPH� LPSRUWDQW� UXOHV� DQG� SDWWHUQV� WKDW� DIIHFW� DFDGHPLF�
DFKLHYHPHQW��,Q�SDUWLFXODU��LPSRUWDQW�FRQWULEXWLRQV�RI�'0�WR�'6�ZHUH�WKH�IROORZLQJ��

�
• 0DFKLQH� OHDUQLQJ� RI� GHFLVLRQ� WUHHV� �VHFWLRQ� ����� SURYLGHG� HYLGHQFH� RI� ZKDW� ZDV�

DFKLHYDEOH�ZLWK�WKH�DYDLODEOH�DWWULEXWHV�DQG�GDWD��DQG�HVWDEOLVKHG�WKH�WDUJHW�FODVVLIL�
FDWLRQ�DFFXUDFLHV�WR�EH�DFKLHYHG�E\�'6�PRGHOV�XQGHU�YDULRXV�FRQGLWLRQV��

• $W�WKH�LQWHUVHFWLRQ�RI�'0�DQG�'6��ZH�XVHG�+,17�WR�GHYHORS�SDUWV�RI�'6�PRGHOV�
IURP�GDWD��Vection 3.5). Although HINT’s models themselves exhibited poor classL�
ILFDWLRQ� DFFXUDF\�� VRPH� GHYHORSHG� VXEWUHHV� WXUQHG� RXW� H[WUHPHO\� XVHIXO� DQG� UH�
vealed important patterns, such as the “rule of chain”. Some concepts diVFRYHUHG�
E\�+,17�ZHUH� XVHG� DOPRVW� XQFKDQJHG� LQ� WKH� ILQDO�PRGHO��7KXV��+,17�KDV� EHHQ�
SDUWLFXODUO\�XVHIXO�DV�D�NQRZOHGJH�H[SORUDWLRQ�DQG�IHDWXUH�GLVFRYHU\�WRRO��

• $IWHU�WKH�'6�PRGHOV�KDYH�EHHQ�GHYHORSHG��WKH�DYDLODEOH�'0�GDWDEDVH�IDFLOLWDWHG�D�
UHODWLYHO\�HDV\�HYDOXDWLRQ�RI�WKH�TXDOLW\�RI�'6�PRGHOV��VHFWLRQ�����ZKLFK�LV�XVXDOO\�
YHU\�GLIILFXOW�DQG�WKXV�WRR�RIWHQ�RPLWWHG�IURP�'6�PRGHOLQJ��

�
)URP� WKH�'0�YLHZSRLQW�� WKH�EHQHILWV�RI�FRPELQLQJ� LW�ZLWK�'6� LQ� WKLV�SURMHFW�DUH�

VRPHZKDW�OHVV�FOHDU��8VLQJ�RQO\�'0��ZH�ZRXOG�VWLOO�REWDLQ�D�QXPEHU�RI�PRGHOV��GHFL�
VLRQ�WUHHV��RI�VXIILFLHQW�FODVVLILFDWLRQ�DFFXUDF\��%ULQJLQJ�LQ�WKH�H[SHUW�DQG�GHYHORSLQJ�
D�'6�PRGHO� FOHDUO\� GLG� QRW� LPSURYH� WKH� DFFXUDF\� LQ� WKLV� FDVH��:KDW�ZH� GLG� REWDLQ�
XVLQJ�'6��KRZHYHU�� LV�D�JHQHUDO�KLHUDUFK\�RI�DWWULEXWHV� �)LJXUH���� WKDW�FDQ�EH�HDVLO\�
DGDSWHG�WR�YDULRXV�HGXFDWLRQDO�SURJUDPV�DQG�XVHG�IRU�W\SLFDO�'6�WDVNV��VXFK�DV�ZKDW�LI�
DQG�VHQVLWLYLW\�DQDO\VLV��DQG�JHQHUDWLRQ�RI�DOWHUQDWLYHV��3UREDEO\�LWV�JUHDWHVW�DGYDQWDJH�
LV� WKDW� LW� FDQ�EH� UHODWLYHO\�HDVLO\�H[WHQGHG� IXUWKHU�XVLQJ�'6� WRROV�VXFK�DV�'(;��7KH�
H[WHQVLRQ� FDQ� LQWURGXFH� QHZ� DWWULEXWHV� WKDW� KDYH� QRW� EHHQ� DYDLODEOH� LQ� WKH� FXUUHQW�
GDWDEDVH��EXW�DUH�DFKLHYDEOH�E\�FRXQVHORUV�LQ�VFKRROV�DQG�PD\�SRWHQWLDOO\�FRQWULEXWH�
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WR�WKH�SUHGLFWLRQ�RI�DFDGHPLF�DFKLHYHPHQW��IRU�H[DPSOH�PHDVXUHV�RI�GLIIHUHQW�LQWHOOHF�
WXDO�DELOLWLHV��LQWHUHVWV��PRWLYDWLRQ�DQG�SHUVRQDOLW\�WUDLWV�RI�SXSLO��6XFK�DQ�H[WHQVLRQ�RI�
RXU�PRGHOV�UHPDLQV�D�FKDOOHQJH�IRU�WKH�IXWXUH��

$FNQRZOHGJPHQW�

7KH�ZRUN�UHSRUWHG�KHUH�ZDV�LQ�SDUW�VXSSRUWHG�E\�WKH�6ORYHQLDQ�0LQLVWU\�RI�(GXFDWLRQ��
6FLHQFH�DQG�6SRUW��DQG�E\�WKH�(8�SURMHFW�6RO(X1HW��,67��������
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�����������������–�����

branax
52

branax
� ���



�

�����������
	������������	������������������������ �����
�"!�� #���$��&%

'&(*),+.-/-/021�354/687.9&:2; <�=8>?:2@&A�@&<B@&CD4EC&=,F2C�684EC =,F2G&H�A�I
A�JLKMC&=,H�<ONPIQ:2A�R�ROS G&T*S T&FU ),9*>QFQ:2F2G&F2CDVWA�R�:2C&9&A�IO@&<B3X>?F2A�F2YM>?F2:QR�AO6Z4EC&=,F2G H A�I
KMC A�C*S T&C&R�AO>[NP:Q9 <OS T F\ 7W9&:2;�<�=8>?:2@&A�@&<B@&CD]^:29 _&C*6Z4EC =,FQG H A�I
TZK�A`N
@&:MS G Ja:29 _&C*S T&F

b.c�d�e,f�g�h�e,i +j>�>?C&R�:QA�F2:QC 9k=,G&I2<l<�9&H�:29&<O>.F2mnT&:2R�A�I2I2m^C G&F2T&G FXAl;�<�=,moI2A�=,H�<p>Q<�FLC&qW=,G I2<O>[S
r <O>?T :QF2<lF2_ <lqsA�R�FXF2_ A�FBAO>[>?C R�:2A�F2:2C&9^=,G&I2<O>BA�=,<�=,<�H A�=,@&<�@tAO>B_&:2H _ I2muR�C&JDT&=,<�_&<�9�>?:2v&I2<
A�9&@jG�>?<�qsG IEqsC =w@ A�F2AxJD:Q9 :29&H"A�9&@"@ <�R�:M>?:2C 9o>?G&T T&C =,F�:29"qs:2<�IQ@�>/>?G&R�_"AO>EJDA�=,y�<�F2:29&HE6�=,<�z
F2A�:QIM6*Ja<�@&:2R�:29 <O6*@&<�JDC&H�=,A�T _&:2RO>�65A�JaC 9&HkC FQ_ <�=8>[6�I2<�9 H F2_ mtC&G F2T&G&FM>WJDA�mt@ :M>?R�C G&=,A�H�<
G�>?<�=8>Dqs=,C&J{G*>?:29 H|F2_ <^F2<�R�_&9 :Q} G&<`S�),9|FQ_ :M>DT&A�T&<�="~.<uT&=,C T&C*>Q<^AuT&C�>?F2z,T&=,C&R�<O>[>Q:Q9 H
JD<�F2_ C&@&C I2C&H�mPA�9&@
FQC C&I5qsC =/v&=,C&~">?:29&H�05; :M>?G A�I2:2��:29&HPI2A�=,H�<�>?<�F�>�C&q�A`>[>?C&R�:2A�F2:2C&9�=,G I2<O>[S
� _ <�JD<�F2_&C @
:M>5v&AO>Q<�@PC&9PAl>?<�F*C&qwC&T&<�=,A�F2C&=8>5F2_&A�F*F2=,A�9*>?qsC =,J�>?<�FM>�C q�=,G IQ<`>�:29&F2Ct>?<�FM>
C qw=,G I2<O>[6�A�I2I2C&~X:Q9 HjqsC&R�G*>?:29 HjC&9�:29&F2<�=,<`>?F2:Q9 Hj=,<�H�:2C&9*>*C&q�F2_&<�=,G&I2<
>?T A�R�<`Sn35A�R�_^>?<�F�C&q
=,G I2<O>�R�A�9lv&<aF2_&<�9
@&<�T&:2R�F2<�@
~.:2F2_�@ :Qq�qs<�=,<�9&F5H =,A�T&_ :QR�A�I5=,<�T =,<O>?<�9&F2A�F2:2C&9�>[S � _ <�F2C&C I�:M>
~X<�v z,v&AO>Q<�@DA�9&@DG*>Q<O>����x�jS � _&<B:29&T&G F�>?<�FOC qEA`>[>?C&R�:2A�F2:2C&9D=,G&I2<O>�:�>�H :2;�<�9D:29a4�]^]u(BS

�"��� �D� f���d�� r A�F2AXJD:29&:29&HE68A`>[>?C R�:2A�F2:2C&9D=,G&I2<O>�68T&C�>?FOT&=,C R�<`>[>?:29&HE68@ <�R�:M>?:2C 9l>?G T&T C&=,FM68;�:M>?G&A�IQ:2��A�F2:2C&9*S

 
�"���8��� �?� �?�����u�x���?�
�M�"�x�.$����8� ��#�� �M�����"��M� �a� �w� �w� �[�&�����X�?���������������
� �����8� $��*�M���B$���� �?���?���
�������������?�"����$������ ���?����������������?� �����?�����p���?¡�� ������¡�� �j¢�����¡����j� �������O�8���8��������¡������?����a�������������
���?��$��o���X� ���������a$��������w����� �?�O���?�����X�
� $���������$�� �?� �5��������o����£������&�O¤B£����D���O���
���B¡��������?� $���
$��?������#������p�?�
��$���¥��������u��£����¦��£��^$������u�������?��¦�?� �8¡p£�� �����¦���?����?�u���������������o��¢n§¨� �����?#��o�?�
�M�����©���a���8��� £ª���u£����«�?�ª$��?�������?�����������¦�����$ª� �?���������o�M�M���¬¢�� $ª�������8���x���������M� �M���?����ª��£����
£������������t���®���������8���©����� �?�����¯���l�M� ������8���?���w�/°������?� ��$��a�?£��±�����±���
�"�²� �?�������u��£��|$���� �?���?���
����¡�����³B¡������a����$���o������¡����D���¦£�� #��o�������k$��?�M�©���������B#������������p��£��o$������E�E¤X£������o�����k¢��o�
�����w���L�� �������������� �?�x�����8���?¢��?�������5�
� �������M� ¢����j�M����¡��j´n��£����5� £�������� �?� �M��!�� �x�j�����$������?� ����µ ¶ �
´��a£�����£¯�?�������M����������M�������t���������?� �����^$��¯°�£���#���µ&¶���´n��£�����£ª���M��$���� �?�^$��¯�a£�����£®�����?� ���?�

' � _&:M>/~.C =,y�:�>D>?G T&T&C =,F2<�@ov&mlF2_ <P35G =,C&T&<�A�9�7W9 :2C&9�H�=,A�9&Fw)8� � z8·Z¸&¸ ¸&z8·&· S ¹&¸�º��nC I2z,3�G z,VW<�FwA�9 @�FQ_ <
4�»���),0Q¼ ½&½�·802-/I2AO>[>�4E=,C8KM<�R�F�>?T C&9*>QC&=,<�@Dv&mx1�- �

branax
53



¾�¿OÀ�Á�Â�Ã Ä?Ä�¿pÅ�Æ�¿OÇ È ÉËÊ�ÌÍ�ÎMÏ Í�Ð�Ï ÎMÑL¾�Ò�Ï^Ó�Ï�Â Á?Ô�Á?Í�Õ¦Ö�Ã�×�Ï ÎaÖ�Ã�¿pÏ Ð�Ï�Õ¦ØMÁ?Õ�Ó|Î�Ï�Ä�Ï�Ð�Ã Õ�¾XÀ�Ã�¾�¾?Ï ÎMÕ�ÔP¾�Ò�Ã�¾
Ó�ÍoÕ�Í�¾�Â�Í�ÎMÎ�Ï�Ô�À�Í�Õ�Ó�¾?Í�Ã Õ�¿�Ù�Æ�Ï Ô8¾�Á?Í�Õ�ØMÍ�Î�Ö
Æ�Ä?Ã ¾?Ï Ó�Å�Ï�ØMÍ�Î�Ï�Ò�Ã Õ�Ó�Ê ÚXÒ�Á?ÔxÔ�¾?¿OÄ�ÏjÍ�Ø/Ó�Ã�¾�ÃjÖ
Á�Õ�Á�Õ�ÛlÁ?Ô
Ô�Í�Ö�Ï�¾�Á?Ö�Ï�Ô.Â�Ã Ä?Ä�Ï�Ó�ÜnØMÁ?Ô�Ò�Á?Õ�Û�ÈaÝ�Ø©Í�Î�×�Õ�Í�Þ�Ä�Ï�Ó�Û�Ï�É�Ê

ß Æ�Ï^¾�Í|¾�Ò�ÏuÓ�Ã�¾�ÃuÂ Ò�Ã�Î�Ã�Â ¾?Ï ÎMÁ�à�Ã ¾?Á�Í�Õ¦Í�Å�áZÏ�Â ¾?Á�Ð�Ï ÔPÍ�Øa¾?Ò�ÏuÃ�Ô�Ô8Í�Â�Á�Ã�¾�Á?Í�Õ¦ÎMÆ�Ä?Ï^Ó�Á�Ô8Â�Í�Ð�Ï�Î�¿p¾�Ã�Ô8×�Ñ
â"ã Ó�Á?Ô�Â�Í�Ð�Ï�Î�¿�Ã�Ä�Û�Í�Î�Á?¾�Ò�Ö�ÔDÀ�ÎMÍ�Ó�Æ�Â ÏPÃPÂ Í�Ö�À�Ä�Ï�¾�ÏPÔ�Ï�¾�Í�ØLÎ�Æ�Ä�Ï�Ô�Ã Å�Í�Ð�Ï�Æ�Ô8Ï ÎMäMÀ�Î�Í�Ð�Á�Ó�Ï Óo¾�Ò�ÎMÏ Ô8Ò�ä
Í�Ä?Ó�ÔPÝ�¾?¿OÀ�Á?Â Ã�Ä�Ä?¿pÖ�Á�Õ�Á?Ö�Ã�Ä.Ô8Æ�À�À�Í�ÎM¾.Ã�Õ�Ó|Ö�Á?Õ�Á�Ö�Ã�Ä.Â�Í�Õ�Ø©Á�Ó�Ï�Õ�Â�Ï�Ñ/Ó�Ï�ØMÁ?Õ�Ï Ó¦Á�Õpå5Ï�Â ¾?Á�Í�Õpæ�ÉËÊEÚXÒ�Á?Ô
Á�Ö�À�Ä�Á?Ï Ô�¾?Ò�Ã ¾�¾�Ò�ÏpÍ�Æ�¾�À�Æ�¾�Í�ØjÔ�Æ�Â�ÒÃ�ÕÃ Ä?Û�Í�ÎMÁ�¾�Ò�ÖçÁ�Ô�ÃtÐ�Ï�Î�¿|Ä�Ã�Î�Û�ÏkÔ8Ï�¾xÍ�Ø"ÎMÆ�Ä�Ï�Ô�ÑXÞ�Ò�Á�Â�ÒèÂ�Ã Õ
Ï Ã�Ô�Á?Ä�¿�Û�Ï�¾�¾�Íu¾�Ò�ÏP¾�Ò�Í�Æ�Ô8Ã�Õ�Ó�Ô8Ñ�Í�Ð�Ï ÎMÞ�Ò�Ï�Ä�Ö�Á?Õ�Ûu¾?Ò�Ï
Æ�Ô8Ï ÎËÊ&ÚXÍoÖ�Ã�×�Ï�¾�Ò�Á�Õ�Û�Ô�Þ�Í�Î�Ô8Ï Ñ*¾?Ò�Ï�¾?¿OÀ�Á?Â Ã�Ä
Ã Ô8Ô�Í�Â�Á�Ã�¾�Á�Í�ÕpÎ�Æ�Ä?Ï�Ã Ä?Û�Í�Î�Á?¾�Ò�ÖéÍ�Æ�¾?À�Æ�¾�Ôj¾?Ò�Ï�Ä�Á�Ô8¾LÍ�ØxÎMÆ�Ä�Ï�ÔjÃ ÔjÃ�Ä?Í�Õ�Ûk¾?Ï ê�¾LÝ�Ï�Ð�Ï ÕkÁ?Õk¾�Ò�Ï�Â�Ã Ô8Ï�Í�Ø
Â Í�Ö�Ö
Ï ÎMÂ Á?Ã ÄX¾�Í�Í�Ä?Ô
Ä?Á�×�Ï^å5ë�å5å®ìxÄ?Ï Ö
Ï Õ�¾?Á�Õ�Ï ÉMÑ/Ã Õ�Ó¦Ä�Ã�Â�×�Ô�À�Í�Ô8¾BÀ�ÎMÍ�Â�Ï Ô8Ô8Á�Õ�ÛpÝ�Ô8Í�Ö
Ï ¾?Á�Ö
Ï Ô�Ã�Ä�Ô8Í
Â Ã�Ä�Ä?Ï Ó
Î�Æ�Ä�ÏaÖ�Á�Õ�Á?Õ�Û�É�Ø©Ã�Â Á?Ä�Á�¾?Á�Ï�Ô.Ø©Í�Î�Á�Õ�Ô�À�Ï�Â ¾?Á�Õ�Û
¾?Ò�Ï�Ô8Ï ¾�Í�Ø�À�Î�Í�Ó�Æ�Â�Ï�Ó�Î�Æ�Ä?Ï Ô&Ê
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À�ÎMÏ Ó�Á�Â�¾�Á?Ð�ÏoÖ
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Á�¾�Ï�Ö�Ô8Ï�¾�Ô&ÊOÚBÒ�Ï
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¾�ÍóÃ Ô8Ô8Í�Â�Á�Ã�¾�Á?Í�Õ
Î�Æ�Ä�Ï"Ó�Á�Ô8Â�Í�Ð�Ï�Î�¿OÑEÃ�Õ�ÓlÃ�Ô�Ô8Í�Â�Á�Ã�¾�Á?Í�Õ
Î�Æ�Ä�Ï�Ô�À�Ã Â�ÏEÊ�ô�Ïa¾�Ò�Ï ÕPÓ�Ï Ô8Â ÎMÁ�Å�Ï�ë�õ â"ã Ñ�¾?Ò�Ï
À�Í�Ô�¾*À�Î�Í�Â�Ï Ô8Ô�Á?Õ�Û�Ï�Õ�Ð�Á?Î�Í�Õ�Ö
Ï Õ�¾*Ø©Í�Î�Ã Ô8Ô�Í�Â�Á�Ã�¾�Á�Í�ÕPÎ�Æ�Ä�Ï�Ô.Ã�Õ�Ó�Á�¾?Ô.Á?Ö�À�Ä�Ï�Ö�Ï�Õ�¾?Ã ¾?Á�Í�ÕwÊnô�ÏaÓ�Ï�Ô8Â ÎMÁ�Å�Ï
¾�Ò�ÏpÔ�Ï�¾�Í�ØjÍ�À�Ï ÎMÃ ¾?Í�ÎMÔ�Á�ÕÖ
Í�ÎMÏpÓ�Ï�¾�Ã�Á�Ä?Ñ.Ô8Ò�Í�Þ²Í�Õ�ÏtÏ ê�Ã�Ö�À�Ä�ÏkÍ�Ø"¾�Ò�ÏkÃ�À�À�Ä?Á�Â�Ã ¾?Á�Í�ÕèÍ�Ø"ëwõ â"ã Ñ
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Ô�Æ�Û�Û�Ï Ô8¾�Á?Õ�Û
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Rule Sup Conf
Economics_and_Finance  <=  Population_and_Social_Conditions & Industry_and_Energy & External_Commerce 0,038 0,94
Commerce_Tourism_and_Services  <=  Economics_and_Finance & Industry_and_Energy & General_Statistics 0,036 0,93
Industry_and_Energy  <=  Economics_and_Finance & Commerce_Tourism_and_Services & General_Statistics 0,043 0,77
Territory_and_Environment  <=  Population_and_Social_Conditions & Industry_and_Energy & General_Statistics 0,043 0,77
General_Statistics  <=  Commerce_Tourism_and_Services & Industry_and_Energy & Territory_and_Environment 0,040 0,73
External_Commerce  <=  Economics_and_Finance & Industry_and_Energy & General_Statistics 0,036 0,62
Agriculture_and_Fishing  <=  Commerce_Tourism_and_Services & Territory_and_Environment & General_Statistics 0,043 0,51e�É�Ê�h4Ë�k(ÌNÍ�À4�����#�: ������)w���������§ z
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Rule Sup Conf
Territory_and_Environment  <=  Population_and_Social_Conditions & Industry_and_Energy & General_Statistics 0,043 0,77
Territory_and_Environment  <=  Population_and_Social_Conditions & Industry_and_Energy 0,130 0,41
Territory_and_Environment  <=  Population_and_Social_Conditions & General_Statistics 0,100 0,63
Territory_and_Environment  <=  Industry_and_Energy & General_Statistics 0,048 0,77
Territory_and_Environment  <=  General_Statistics 0,140 0,54ö�÷�ø�ù4ú�û(üNý�þ�á�á�Ó�éSÕ�Ö�Ø�Ü�Ï�Ð(Ú�á�Ð�Ñ�â�Ü�Ú�Ñ�ÿ�Ú�Ö�Ô�� å�Ý�Ú�Ö�Ô�Ð�ä�Ò�Ð�Ö�Ü�Ø�Ð�Ö�Ð�Ñ�â�Ó�Õ�õ�â�Ü�Õ�Ú�Ö�ë±ì
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ï?ï%ìÄíâñ òÄó ñ ìÄô	õ�öÄ÷ îâï

ø�ù¾úÄû ü¾ù)ý þ�ý ÿ�� ���¾ü¾ÿ��� � ���Äû ù)ý û ���
	���� þ ���  ù��?þ

Ô,à	à	åæ¾áâÙÅç¾è'ãÅéÈÝ� Ò��Kè�áâæ¾ã�� �

Ò��0Þ × Ý ×���× ä ã

��� Ü¾áâÚ Ý1Ý á8éÈã��Ô1à�à	åæ¾áâÙ?ç¾è�ãÅéÈÝ
��Ú ×�� Û Ù × �Ò�é × � �?ä Û ä

Ò�Ó1Ô1Õ Ó�����ÕÖ ×?Ø%× Ó,Ù?Ú Û Ü¾Ý � Þ�ß�à�� Ò�Ó1Ô,Õ Ö ×ÅØÈ× Ó,Ù?Ú Û Ü¾Ý ÕÞ�ß�à

Ò�Ó1Ô

Ò�Ó,Ô1ÕÖ ×?ØÈ× Ó1ÙÅÚ Û Ü¾Ý ÕÞ�ß�à

Ö ×ÅØÈ× Ó1ÙÅÚ Û Ü¾Ý ÕÞ�ß�à

Ò�Ó,Ô � Ó! �å�Ú ãÅä ç�� Ý �
Ò�Ó,Ô � Ó! �å�Ú ã�"¾ç¾ãÅä Ý �
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Abstract. Describing a learning task is crucial, not only for meta-
learning but also to gain insight in this learning task. The paper evaluates
the performance of a recent method for assessing quality standards for
case bases when used for a supervised meta-learning. Empirical results
on real-world data show this approach in combination with others as a
promising one.

1 Introduction

The problem of selecting an appropriate model for a given learning task is a
crucial one. Often, there is neither enough time nor space to select learning
algorithms from a given pool by simply trying them out. Thus, as users, we
want to relate to past experiences of and with learners in the pool to predict
which one is most suitable for a given task. This might be in terms of measures
such as predictive accuracy, time, or comprehensibility. In this work, we limit
ourselves to predictive accuracy.

How can we relate to a past experience with a learner, how can we describe
a new learning task adequately? We will concentrate on two already known
strategies for task description here, namely landmarking ([15], [2]) and data
characterization (which we will refer to as DCT due to the name of a software
used to compute the characteristics) ([7], [12], [11]). Additionally, we will exper-
iment with a new approach which has recently been in use in the field of case
base reasoning to assess the quality of case bases. This approach will be used for
meta-learning and will also be combined with other already used measures.

We begin by introducing the already mentioned strategies for task descrip-
tion, landmarking and DCT. Afterwards, we will dwell on the case properties
extracted from case bases to evaluate their quality by possible conflicts between
items within a case base. This is followed by empirical results with real-world
data. Eventually, the last section summarizes the paper and points at future
work.

2 Task Description Strategies

Probably the most common way is to use data characteristics to describe a given
learning task for either classification or prediction. At first, basic information is
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computed such as number of classes, number of attributes, both symbolic and
numeric, number of observations and number of missing values. These measure-
ments are supposed to give a first estimation of the learning problem.

They are extended by statistical measures which are supposed to inform
about the distribution of the numeric attributes. For instance, several measures
might be computed to check if the given learning task meets the assumption of a
discriminant analysis. Measures such as eigenvalues and discriminant functions
are computed from the data where the relative proportion of the first discrimi-
nant function is given by

Fract1 =
λmax

d
(1)

where λmax denotes the largest eigenvalue. In addition, the canonical correlation
of the best linear combination of attributes is given by [10]

CanCor1 =
√

λmax

1 + λmax
. (2)

Eventually, information theoretic measurements are computed to test how
much the symbolic attributes contribute to correctly classifying the labeled ob-
jects. The entropy of an attribute A as a realization of a discrete random variable
X with k characteristics is given by [19]

HA = H(A) = −
k∑

i=1

pi log2(pi) (3)

where pi (1 ≤ i ≤ k) is the probability for A taking the ith value (
∑k

i=1 pi = 1).
The entropy of a symbolic target variable with q characteristics, referred to as
the class entropy, is given by

HC = H(C) = −
q∑

i=1

pi log2(pi). (4)

If pij denotes the joint probability of observing class Ci and the jth value of
attribute A, the joint entropy defined as

HCA = H(C,A) = −
∑

i,j

pij log2(pij) (5)

is a measure of the total entropy of the joint system of these attributes, i.e. of all
combinations (C, A). Then, the information gain or mutual information is given
by [16][17]

Igain(C, A) = HC + HA −HCA. (6)

These measurements have been explored for a meta-learning approach within
the StatLog project (1991–1994) and a detailed description can be found in [14].

A completely different approach was chosen by [15] and [2]. Instead of using
measurements for describing a given learning problem statistically which is not
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directly related to the performance of algorithms, fast learning algorithms are
used to describe the problem adequately. There is little point in measuring data
characteristics to predict the performance of a classifier if this measurement
process takes longer to execute than running the classifier(s) in question. Rooted
in the StatLog project under the term ”yard stick methods”, this approach is
known as landmarking. The above mentioned authors proposed the use and
motivation of the following landmarkers.

1. Decision Node: Using C5.0’s information gain-ratio [17] a single decision
node is chosen which is then to be used for classifying test observations. The
goal of this landmark learner is to establish closeness to linear separability.

2. Randomly Chosen Node: An attribute is chosen randomly and then used for
splitting the training set and classifying new observations. The goal of this
landmark learner is to inform about irrelevant attributes.

3. Worst Node: By using the information gain ratio again, the least informative
attribute is used to make the single split. Together with the first landmark
learner, this landmarker is supposed to inform about linear separability.

4. Näıve Bayes: The necessary probabilities for using Bayes’ theorem [6] are
computed on the training set in order to classify observations in the test
set. The goal of this landmark learner is in measuring the extent to which
attributes are conditionally independent given the class.

5. 1-Nearest Neighbor: According to the closest observation in the training set,
a new observation in the test set is classified [6]. The goal of this landmark
learner is in determining how close instances belonging to the same class are.

6. Elite 1-Nearest Neighbor: This landmarker works like the previous one, al-
though it is computed on a subset of all attributes. This subset is determined
by the most informative attributes.1

7. Linear Discriminant: Using the training set, a linear target function is com-
puted which is then used to classify observations from the test set [10].

Landmarking proved to be a competitive method for task description since the
results of the landmarkers are directly related to more ”sophisticated” algorithms
instead of the indirect data characteristics. However, we might also want to
consider the meaning and interpretation of possible outcomes. At the end of a
meta-learning experiment, we might like to discover some useful insights into
when algorithms perform well. Thus, data characteristics are still of importance
for meta-learning.

Finally, a meta-data set comprises a number of meta-observations each of
which represents an actual data set. The above described data characteristics
(basic, statistical, and information theoretic measures) and landmarkers are used
as meta-attributes trying to adequately describe the original data sets with the
final aim of model selection. This can be either done by a classification approach
trying to predict the algorithm out of a given learners pool that will yield the

1 Here, only attributes are taken into account for which the information gain ratio
was smaller than 1. This threshold is due to results obtained by [1]. This algorithm
is part of a set of algorithms called Edited 1-Nearest Neighbor.

branax
67



lowest misclassification rate or by a regression approach where the error rate
of each learner from the pool is to be predicted [3] [11]. In the latter case, it
is up to the user’s experience which of the learners is eventually chosen. In the
section following the next one, we will use different sets of meta-attributes for
meta-learning. Their formation will then be explained in more detail.

3 Case Base Properties

One major drawback of the data characterization scenario is that information
theoretic and statistical measures take either numeric or symbolic attributes into
account. Often though, the measures describing the basic properties of a learning
task, say, contain nearly equally as much information. A possible way of taking
information contained in all attributes into account is to compare observations
with each other. This might be helpful in various ways. A data set may contain
two observations with similar or equal attribute values, but with different labels
which might cause a classifier to get ”confused”. Analogously, there might be two
or more observations which are identical. In such a case, the observation might be
given more weight, however, the information contained in it might be redundant
for the classifier. Also, in this very case, attribute values might be missing, so
that one observation would actually be a subset of another observation. Such
an approach is described in detail in [9]. There, case base properties are used to
assess the quality of given case bases in terms of measures such as redundancy
or incoherency. Following and using the notation given in [9], we will briefly
introduce some necessary requirements for the implementation of the case based
properties which is followed by an example demonstrating the approach. To
begin with, we have to settle on the notation. For a more thorough description,
however, see [9] and [18].

Definition 1 (Cases and Case Base).

1. An attribute aj is a name accompanied by a set Vj := {vj1, . . ., vjk, . . .,
vjNj} of values. We denote the set of attributes as A := {a1, . . ., aj, . . .,
aN}.

2. A problem is a set pi := {pi1, . . . , pij′ , . . . , piNi} with ∀j′ ∈ [1;Ni] ∃aj ∈ A
and ∃vjk ∈ Vj : pij′ = vjk, and ∀j ∈ [1; N ] : |(pi ∩ Vj)| ≤ 1. We denote the
set of problems as P := {p1, . . . , pi, . . . , pM}.

3. A solution si is any item.
4. A case is a tuple ci := (pi, si) with a problem pi and a solution si. A case

base is a set of cases C := {c1, . . . , ci, . . . , cM}.
5. We further assume a separation of C into a training set T and a test set (or

query set) Q with C = T ∪Q and T ∩Q = ∅.
Additionally, we have to define functions to be able to determine the similarity
between two given cases, that is to say two observations.

Definition 2 (Auxiliary Functions). Assume a local similarity measure simj :
Vj × Vj 7→ [0; 1].
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1. S↔ : P × P 7→ {1..N},
S↔(pi, pi′) :=

∣∣{j ∈ {1..N} : |pi∩Vj | = |pi′ ∩Vj | = 1 ∧ simj(pij , pi′j) = 1}∣∣
2. S! : P × P 7→ {1..N},

S!(pi, pi′) :=
∣∣{j ∈ {1..N} : |pi∩Vj | = |pi′ ∩Vj | = 1 ∧ simj(pij , pi′j) 6= 1}

∣∣
3. S← : P × P 7→ {1..N},

S←(pi, pi′) :=
∣∣{j ∈ {1..N} : |pi ∩ Vj | > |pi′ ∩ Vj |}

∣∣
4. S→ : P × P 7→ {1..N},

S→(pi, pi′) :=
∣∣{j ∈ {1..N} : |pi ∩ Vj | < |pi′ ∩ Vj |}

∣∣

The overall similarity in the following definition is the normalized weighted sum
of the above introduced and computed auxiliary values. Values coinciding for
the same attribute as positive are considered. Different values, however, do not
contribute positive to local similarity values. Note also that for all other val-
ues (S←(pi, pi′), S→(pi, pi′), and S−(pi, pi′)), weights w←, w→, and w− decide
whether we consider their relations as positive (w = 1) or negative (w = 0).

Definition 3 (Similarity Measure). Assume w←, w→, w− ∈ {0, 1}.
sim : P × P 7→ [0; 1],

sim(pi, pi′) := N−1 ·
(

S↔(pi, pi′) + w← · S←(pi, pi′)

+ w→ · S→(pi, pi′) + w− · S−(pi, pi′)
)

.

Eventually, the case base properties are defined as follows.

Definition 4. Assume G ⊆ C, ci ∈ G, and 1 ≤ ∆ ∈ N.

1. ci consistent within G :⇐⇒ @ci′ ∈ G : si 6= si′ ∧ S↔(pi, pi′)+S←(pi, pi′) =
Ni ≥ Ni′ ∧ S↔(pi, pi′) > 0 ∧ S←(pi, pi′) ≥ 0 ∧ S→(pi, pi′) = 0.

2. ci unique within G :⇐⇒ @ci′ ∈ G, ci′ 6= ci : si = si′ ∧ S↔(pi, pi′) = Ni =
Ni′ ∧ S↔(pi, pi′) > 0.

3. ci minimal within G :⇐⇒ @ci′ ∈ G : si = si′ ∧ S↔(pi, pi′) + S←(pi, pi′) =
Ni > Ni′ ∧ S↔(pi, pi′) > 0 ∧ S←(pi, pi′) > 0 ∧ S→(pi, pi′) = 0.

4. ci incoherent∆ within G :⇐⇒ @ci′ ∈ G : si = si′ ∧ S↔(pi, pi′) +
S!(pi, pi′) + S←(pi, pi′) = Ni = Ni′ ∧ S↔(pi, pi′) > 0 ∧ S!(pi, pi′) ≥
0 ∧ S←(pi, pi′) ≥ 0 ∧ S→(pi, pi′) ≥ 0 ∧ S←(pi, pi′) = S→(pi, pi′) ∧
S!(pi, pi′) + S←(pi, pi′) = ∆.

To illustrate the given definitions, the examples in Table 1 will be helpful. Pairs
of cases, their conflict to each other and the resulting values for the auxiliary
functions in Definition 2 are shown. Note that the symbol ¬ denotes the negation
of a proposition. Note as well that by using these case base properties, suspi-
cious observations which might impair the results of learning algorithms can be
removed which was the original intention behind this approach. This, however,
is more of a preprocessing task which is beyond the scope of our work. Instead,
we use the computed measurements as meta-attributes to add more information
to the meta-learners.
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pi si pi′ si′ Proposition S↔ S! S← S→ S− ∆

1 v11 v21 v31 s1 v11 v21 s2 ¬ consistent 2 0 1 0 2 -

2 v11 v21 v31 s1 v11 v21 v31 s1 ¬ unique 3 0 0 0 2 -

3 v11 v21 v31 s1 v11 v21 s1 ¬ mininmal 2 0 1 0 2 -

4 v11 v21 v31 v41 s1 v11 v21 v42 v51 s1 ¬ incoherent2 2 1 1 1 0 2

Table 1. Examples for Pairs of Cases and the corresponding propositions with respect
to general case properties

4 Results

A meta-data set was constructed using 78 data sets from the UCI repository [4].
The number of observations did not exceed 1066, and the number of attributes
ranged from 4 to 69. 32 data sets contained only symbolic attributes, 20 data
sets contained only numeric attributes. The remaining sets were mixed. The data
contained up to 25% missing values. Error rates for ten different classification
algorithms from the Metal project [13] were determined for different subsets of
data characteristics by a ten-fold cross validation, viz. c50boost, tree, and rules
[17], the neural networks clemMLP, clemRBFN, both implemented in Clemen-
tine, the discriminant tree learner Ltree [8], the rule learner RIPPER [5], a linear
discriminant learner, a naive Bayes learner and an instance-based learner. In all
cases, the default settings were used.

To begin with, we tried to evaluate various ways on how to represent the
data adequately. By adequately, we mean a representation that would give an
error rate as small as possible for each algorithm. As a basic set of data char-
acteristics to be used for meta-learning, denoted by DCTb, we computed the
number of attributes, both symbolic and numeric, the number of observations
and the number of classes. Additionally, this basic set was either amended by
the accuracy and standard deviation of the default class, denoted by DCTbd,
or the number of missing values and tuples containing missing values, denoted
by DCTbm. Consequently, DCTbmd represents the combination of all measure-
ments. Additionally, an often proposed strategy is to use seven features given by
the proportion of both symbolic attributes, attributes with outliers and missing
values, the number of observations, the class entropy and mutual information
as well as CanCor1, denoted by DCTcom. Note that we restricted ourselves here
to three base learners, namely Ltree, Naive Bayes, and c50rules. In case, the
learners performed equally, the meta-observation was labelled as ”TIE”. Our
goal was to predict the algorithm with the lowest error rate. The corresponding
error rates for a ten-fold cross-validation are given in Table 2. Obviously, DCTbd

performs best, being significantly better than most other approaches. The infor-
mation contained within the missing values contributes poorly to predicting the
correct class labels whereas the default accuracy seems much more appropriate.

As previously mentioned, we followed various ways to describe a given learn-
ing task. First, we computed data characteristics for a given data set. This was
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Meta-learner DCTb DCTbd DCTbm DCTbdm DCTcom

Default Class 63.16 63.16 63.16 63.16 63.16
c50boost 43.42 25.00 44.73 34.21 35.52
c50tree 50.00 43.42 53.94 44.73 40.79
IB 42.11 36.84 43.42 36.84 46.05
Ripper 52.63 52.63 59.21 51.32 39.47

Average 47.04 39.47 50.32 41.78 40.46

Table 2. Percentage error rates for DCT strategies and different meta-learners

followed by computing error rates using the landmarking algorithms as meta-
attributes. Ext-Land is based on the seven landmarkers given in [2] whereas
Landmarking goes without those learners being both in the learners and land-
markers pool, viz. LinDiscr, NB, and IB. Eventually, we computed the case base
properties for each of the data sets for different values of ε, ε = 0.01, 0.05, 0.1,
which indicates the possible distance between observations. As can be seen from
table 3, both Landmarking and Ext-Land perform on average significantly better
than the approach using case base properties, in particular than CBR0.1.

Meta-learner Landmarking Ext-Land CBP0.01 CBP0.05 CBP0.1

Default Class 63.16 63.16 63.16 63.16 63.16
c50boost 56.57 52.68 69.74 60.52 63.16
c50tree 56.58 53.94 59.21 67.11 71.05
IB 55.26 47.36 50.00 57.89 64.47
Ripper 57.89 52.63 59.00 69.73 67.11

Average 56.25 52.30 59.48 63.81 66.45

Table 3. Error rates for different meta-learners and task description strategies

Meta-learner DCTb DCTbd DCTbm DCTbmd DCTcom

Default Class 63.16 63.16 63.16 63.16 63.16
c50boost 38.15 36.82 46.05 42.11 34.12
c50tree 47.36 44.73 51.31 47.37 40.29
IB 47.36 39.47 51.31 44.73 44.39
Ripper 57.89 55.26 55.26 48.68 42.32

Average 47.69 44.07 50.98 45.72 40.28

Table 4. Error rates for different meta-learners combining case base properties with
ε = 0.01 and various DCT strategies
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Meta-learner DCTb DCTbd DCTbm DCTbmd DCTcom

Default Class 63.16 63.16 63.16 63.16 63.16
c50boost 40.78 35.52 42.11 34.21 36.21
c50tree 38.15 39.47 40.79 40.79 42.11
IB 51.31 43.32 55.26 47.36 42.11
Ripper 61.84 56.57 53.94 47.36 44.32

Average 48.02 43.72 48.03 42.43 41.19

Table 5. Error rates for different meta-learners combining case base properties with
ε = 0.05 and various DCT strategies

Meta-learner DCTb DCTbd DCTbm DCTbmd DCTcom

Default Class 63.16 63.16 63.16 63.16 63.16
c50boost 48.68 39.47 43.42 38.15 37.24
c50tree 40.79 43.42 44.73 43.42 43.16
IB 57.89 46.05 59.21 48.68 44.73
Ripper 56.57 59.21 57.89 55.26 43.42

Average 50.98 47.03 51.31 46.38 42.13

Table 6. Error rates for different meta-learners combining case base properties with
ε = 0.1 and various DCT strategies

Tables 4 through 6 show error rates of meta-learners on combined measures
from DCT and the case base approach. Although results on the average dete-
riorate, they are still quite similar when compared to table 2. This seems in
particular interesting, since we added a total of ten variables from the case base
approach to the different DCT approaches and the meta-data set consists only
of 78 observations. It is our believe that by choosing the right mixture of DCT
and case base measures, we might improve meta-learning, although maybe not
significantly. Encouraged by our results, we tried to evaluate them using all
learners as base and as meta-learners. The results for DCT strategies are given
in table 7. On average, all methods perform better than the default. The missing
values could not be computed. Table 8 shows the results for the landmarking
and case-based reasoning approaches. Again, methods perform better than the
default on average, though sometimes close to it. Tables 9 through 11 show var-
ious combinations of DCT strategies and case base measures. Again, the results
of the learners on average are not much different from the case when using only
DCT. This is particularly true for ε = 0.1.

5 Conclusions and Future Work

We have presented a new approach for task description as a means of model
selection in meta-learning. Tasks are described by their similarity, consistency,
incoherency, uniqueness and minimality. While this method does not outperform
any of the existing approaches on its own, combinations of methods seem very
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Meta-learner DCTb DCTbd DCTbm DCTbdm DCTcom

Default Class 77.63 77.63 77.63 77.63 77.63
C5.0boost 67.11 61.84 64.47 63.16 63.16
C5.0rules 65.79 67.11 61.84 64.47 64.48
C5.0tree 67.11 69.74 64.48 65.79 64.48
ClemMLP 77.61 73.68 80.26 77.63 77.63
ClemRBFN 68.08 ? 62.91 ? 78.19
LinDiscr 68.42 76.32 75.00 78.95 78.95
Ltree 67.11 68.42 67.11 67.11 72.37
IB 64.47 68.42 65.79 69.74 68.42
NB 73.68 69.74 77.63 76.32 86.84
Ripper 64.47 69.74 69.73 68.43 68.42

Average 68.38 69.44 68.92 70.18 72.29

Table 7. Percentage error rates for DCT strategies using all learners as base and
meta-learners

Meta-learner Landmarking Ext-Land CBP0.01 CBP0.05 CBP0.1

Default Class 77.63 77.63 77.63 77.63 77.63
C5.0boost 61.84 78.95 68.42 75.00 71.05
C5.0rules 65.79 78.95 68.42 75.00 71.05
C5.0trees 64.47 77.63 69.73 73.68 71.05
MLP 80.26 77.63 80.26 80.26 78.94
RBFN 70.58 80.26 ? 84.21 75.00
LinDiscr 84.21 75.00 72.37 73.68 72.37
Ltree 64.47 76.31 73.68 77.68 71.05
IB 64.47 68.42 71.05 80.26 77.63
NB 73.68 77.63 80.26 71.05 76.31
Ripper 71.05 75.00 76.31 78.95 73.68

Average 70.08 76.58 73.39 76.97 73.82

Table 8. Error rates for different meta-learners and task description strategies using
all learners as base and meta-learners
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Meta-learner DCTb DCTbd DCTbmd

Default Class 77.63 77.63 77.63
C5.0boost 61.84 61.84 65.79
C5.0rules 68.42 67.11 68.42
C5.0trees 68.42 67.11 67.11
MLP 80.26 81.58 78.95
RBFN 81.58 81.58 78.95
LinDiscr 72.37 73.68 69.74
Ltree 71.05 71.05 69.74
IB 68.42 71.05 75.00
NB 73.68 73.68 75.00
Ripper 68.42 71.05 72.37

Average 71.44 71.97 72.11

Table 9. Case base properties using ε = 0.01 and various DCT strategies using all
learners as base and meta-learners

Meta-learner DCTb DCTbd DCTbmd

Default Class 77.63 77.63 77.63
C5.0boost 60.52 61.84 60.53
C5.0rules 63.16 64.47 65.79
C5.0trees 67.11 67.11 67.11
MLP 80.26 77.63 81.58
RBFN 76.31 76.31 76.32
LinDiscr 73.68 75.00 73.61
Ltree 68.42 69.73 69.74
IB 67.11 68.42 73.68
NB 68.42 67.11 67.11
Ripper 73.68 71.05 73.68

Average 69.87 69.87 70.92

Table 10. Case base properties using ε = 0.05 and various DCT strategies using all
learners as base and meta-learners
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Meta-learner DCTb DCTbd DCTbmd

Default Class 77.63 77.63 77.63
C5.0boost 59.21 63.16 63.16
C5.0rules 63.16 63.16 63.16
C5.0trees 63.16 64.47 63.16
MLP 78.95 78.95 77.63
RBFN 85.52 82.83 84.21
LinDiscr 73.68 77.63 77.63
Ltree 60.53 61.84 61.82
IB 69.73 69.73 69.73
NB 71.05 69.73 67.11
Ripper 71.05 69.73 76.31

Average 69.61 70.13 70.39

Table 11. Case base properties using ε = 0.1 and various DCT strategies using all
learners as base and meta-learners

promising, in particular for real-world data. Using case base properties might also
help in understanding why methods perform differently. However, this serves as
an outlook for future work. We also intend to use larger data sets for creating our
meta-data set and to eventually use a larger meta-data set itself. Additionally,
we want to evaluate useful combinations including landmarkers as well as testing
which distance measure is most appropriate for meta-learning. One problem to
overcome is the computational complexity of the case base properties. Since the
complexity is quadratic, we think about drawing samples of smaller sizes, as the
size of data sets increases. In general, this seems to be an interesting field of
research.
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Abstract. Rule learning is typically used in solving classification and
prediction tasks. However, learning of classification rules can be adapted
also to subgroup discovery. This paper shows how this can be achieved by
modifying the CN2 rule learning algorithm. Modifications include a new
covering algorithm (weighted covering algorithm), a new search heuristic
(weighted relative accuracy), probabilistic classification of instances, and
a new measure for evaluating the results of subgroup discovery (area
under ROC curve). The main advantage of the proposed approach is that
each rule with high weighted accuracy represents a ‘chunk’ of knowledge
about the problem, due to the appropriate tradeoff between accuracy
and coverage, achieved through the use of the weighted relative accuracy
heuristic. Moreover, unlike the classical covering algorithm, in which only
the first few induced rules may be of interest as subgroup descriptors with
sufficient coverage (since subsequently induced rules are induced from
biased example subsets), the subsequent rules induced by the weighted
covering algorithm allow for discovering interesting subgroup properties
of the entire population. Experimental results on 17 UCI datasets are
very promising, demonstrating big improvements in number of induced
rules, rule coverage and rule significance, as well as smaller improvements
in rule accuracy and area under ROC curve.

1 Introduction

Classical rule learning algorithms were designed to construct classification and
prediction rules [5, 11]. In addition to this area of machine learning, referred to as
predictive induction, developments in descriptive induction have recently gained
much attention. These involve mining of association rules (e.g., the APRIORI
association rule learning algorithm [1]), subgroup discovery (e.g., the MIDOS
subgroup discovery algorithm [17]), and other approaches to non-classificatory
induction.

The methodology presented in this paper can be applied to subgroup dis-
covery. As in the MIDOS approach, a subgroup discovery task can be defined
as follows: given a population of individuals and a property of those individu-
als we are interested in, find population subgroups that are statistically ‘most
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interesting’, e.g., are as large as possible and have the most unusual statistical
(distributional) characteristics with respect to the property of interest.

This paper investigates how to adapt classical classification rule learning
approaches to subgroup discovery, by exploiting the information about class
membership in training examples. This paper shows how this can be achieved
by appropriately modifying the well-known CN2 rule learning algorithm [4, 5, 3],
which we have implemented in Java and incorporated in the WEKA data mining
environment [16]. The modified CN2 algorithm and its experimental evaluation
in selected domains of the UCI Repository of Machine Learning Databases [12]
are outlined. The experimental results are very promising, demonstrating big
improvements in number of induced rules, rule coverage and rule significance, as
well as smaller improvements in rule accuracy.

This paper is organized as follows. In Section 2 the background for this work
is explained: the standard CN2 rule induction algorithm, including the covering
algorithm and standard CN2 heuristics, as well as the weighted relative accu-
racy heuristic and probabilistic classification. Section 3 presents the modified
CN2 algorithm, called CN2-SD, adapting the CN2 algorithm for subgroup dis-
covery. Section 4 presents the experimental evaluation in selected UCI domains.
Section 5 concludes by summarizing the results and presenting plans for further
work.

2 Background

This section presents the backgrounds: classical CN2 rule induction algorithm,
including the covering algorithm and standard CN2 heuristics, as well as the
weighted relative accuracy heuristic, probabilistic classification and rule evalua-
tion in the ROC space.

The CN2 Rule Induction Algorithm. CN2 is an algorithm for inducing
propositional classification rules [4, 5]. CN2 consists of two main procedures: the
search procedure that performs beam search in order to find a single rule and
the control procedure that repeatedly executes the search.

The search procedure performs beam search using classification accuracy
of the rule as a heuristic function. The accuracy of the propositional classifi-
cation rule ifCond thenClass is equal to the conditional probability of class
Class, given that the condition Cond is satisfied: Acc(ifCond thenClass) =
p(Class|Cond).

We replaced the accuracy measure with the weighted relative accuracy, de-
fined in Equation 1 below. Furthermore, different probability estimates, like the
Laplace [3] or the m-estimate [2, 6], can be used in CN2 for estimating the above
probability and the probabilities in Equation 1. The standard CN2 algorithm
used in this work uses the Laplace estimate.

Additionally, CN2 can apply a significance test to the induced rule. The rule
is considered to be significant, if it locates regularity unlikely to have occurred
by chance. To test significance, CN2 uses the likelihood ratio statistic [5] that
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measures the difference between the class probability distribution in the set of
examples covered by the rule and the class probability distribution in the set of all
training examples. Empirical evaluation in [3] shows that applying a significance
test reduces the number of induced rules (and also slightly reduces the predictive
accuracy).

Two different control procedures are used in CN2: one for inducing an ordered
list of rules and the other for the unordered case. When inducing an ordered list
of rules, the search procedure looks for the best rule, according to the heuristic
measure, in the current set of training examples. The rule predicts the most
frequent class in the set of examples, covered by the induced rule. Before starting
another search iteration, all examples covered by the induced rule are removed.
The control procedure invokes a new search, until all the examples are covered.

In the unordered case, the control procedure is iterated, inducing rules for
each class in turn. For each induced rule, only covered examples belonging to that
class are removed, instead of removing all covered examples, like in the ordered
case. The negative training examples (i.e., examples that belong to other classes)
remain and positives are removed in order to prevent CN2 finding the same rule
again.

The Weighted Relative Accuracy Heuristic. Weighted relative accuracy
can be meaningfully applied both in the descriptive and predictive induction
framework; in this paper we apply this heuristic for subgroup discovery.

We use the following notation. Let n(Cond) stand for the number of in-
stances covered by a rule Class ← Cond, n(Class) stand for the number of
examples of class Class, and n(Class.Cond) stand for the number of correctly
classified examples (true positives). We use p(Class.Cond) etc. for the corre-
sponding probabilities. We then have that rule accuracy can be expressed as
Acc(Class ← Cond) = p(Class|Cond) = p(Class.Cond)

p(Cond) . Weighted relative accu-
racy [10, 15] is defined as follows.

WRAcc(Class ← Cond) = p(Cond).(p(Class|Cond)− p(Class)). (1)

Weighted relative accuracy consists of two components: generality p(Cond),
and relative accuracy p(Class|Cond)− p(Class). The second term, relative ac-
curacy, is the accuracy gain relative to the fixed rule Class ← true. The latter
rule predicts all instances to satisfy Class; a rule is only interesting if it improves
upon this ‘default’ accuracy. Another way of viewing relative accuracy is that
it measures the utility of connecting rule body Cond with a given rule head
Class. However, it is easy to obtain high relative accuracy with highly specific
rules, i.e., rules with low generality p(Cond). To this end, generality is used as
a ‘weight’, so that weighted relative accuracy trades off generality of the rule
(p(Cond), i.e., rule coverage) and relative accuracy (p(Class|Cond)−p(Class)).

Probabilistic Classification. The induced rules can be ordered or unordered.
Ordered rules are interpreted as a decision list [14] in a straight-forward manner:
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when classifying a new example, the rules are sequentially tried and the first rule
that covers the example is used for prediction.

In the case of unordered rule sets, the distribution of covered training exam-
ples among classes is attached to each rule. Rules of the form:

if Cond then Class [ClassDistribution]

are induced, where numbers in the ClassDistribution list denote, for each indi-
vidual class, how many training examples of this class are covered by the rule.
When classifying a new example, all rules are tried and those covering the exam-
ple are collected. If a clash occurs (several rules with different class predictions
cover the example), a voting mechanism is used to obtain the final prediction:
the class distributions attached to the rules are summed to determine the most
probable class. If no rule fires, a default rule is invoked which predicts the ma-
jority class of uncovered training instances.

3 The CN2-SD Algorithm for Subgroup Discovery

The main modifications of the CN2 algorithm, making it appropriate for sub-
group discovery, involve the implementation of the weighted covering algorithm,
incorporation of example weights into the weighted relative accuracy heuristic,
probabilistic classification also in the case of the ‘ordered’ induction algorithm,
and area under ROC curve rule set evaluation.

The Weighted Covering Algorithm. In the classical covering algorithm only
the first few induced rules may be of interest as subgroup descriptors with suffi-
cient coverage, since subsequently induced rules are induced from biased example
subsets, i.e., subsets including only positive examples not covered by previously
induced rules. This bias constrains the population for subgroup discovery in a
way that is unnatural for the subgroup discovery process which is, in general,
aimed at discovering interesting properties of subgroups of the entire population.
In contrast, the subsequent rules induced by the weighted covering algorithm al-
low for discovering interesting subgroup properties of the entire population.

The weighted covering algorithm is modified in such a way that covered
positive examples are not deleted from the current training set. Instead, in each
run of the covering loop, the algorithm stores with each example a count how
many times (with how many rules induced so far) the example has been covered.
Weights derived from these example counts then appear in the computation of
WRAcc. We have implemented two approaches.

Multiplicative weights. In the first approach, weights decrease multiplica-
tively. For a given parameter γ < 1, weights of covered examples decrease
as follows: e(i) = γi, where e(i) is the weight of an example being covered i
times. Note that the weighted covering algorithm with γ = 1 would result in
finding the same rule over and over again, whereas with γ = 0 the algorithm
would perform the same as the standard CN2 algorithm.
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Additive weights. In the second approach, weights of covered examples are
modified as follows: e(i) = 1

i+1 .

Modified WRAcc Heuristic with Example Weights. The modification
of CN2 reported in [15] affected only the heuristic function: weighted relative
accuracy was used as search heuristic, instead of the accuracy heuristic of the
original CN2, while everything else stayed the same. In this work, the heuristic
function was further modified to enable handling example weights, which provide
the means to consider different parts of the instance space in each iteration of
the weighted covering algorithm.

In the WRAcc computation (Equation 1) all probabilities are computed by
relative frequencies. An example weight measures how important it is to cover
this example in the next iteration. The initial example weight e(0) = 1 means
that the example hasn’t been covered by any rule, meaning ‘please cover this
example, it hasn’t been covered before’, while lower weights mean ‘don’t try too
hard on this example’. The modified WRAcc measure is then defined as follows

WRAcc(Class ← Cond) =
n′(Cond)

N ′ (
n′(Class.Cond)

n′(Cond)
− n′(Class)

N ′ ). (2)

where N ′ is the sum of the weights of all examples, n′(Cond) is the sum of the
weights of all covered examples, and n′(Class.Cond) is the sum of the weights
of all correctly covered examples.

Probabilistic classification. Each CN2 rule returns a class distribution in
terms of numbers of examples covered, as distributed over classes. The CN2
algorithm uses class distribution in classifying unseen instances only in the case of
unordered rule sets, where rules are induced separately for each class. In the case
of ordered decision lists, the first rule that fires provides the classification. In our
modified CN2-SD algorithm, the same probabilistic classification is used in both
classifiers, due to overlapping rules. This means that the terminology ‘ordered’
and ‘unordered’, which in CN2 distinguished between decision list and rule set
induction, has a different meaning in our setting: the ‘unordered’ algorithm refers
to learning classes one by one, while the ‘ordered’ algorithm refers to finding best
rule conditions and assigning the majority class in the head.

4 Experimental evaluation

We experimentally evaluated our approach on 17 data sets from the UCI Repos-
itory of Machine Learning Databases [12]. In Table 1, the selected data sets are
summarised in terms of the number of attributes, the number of examples, and
the percentage of examples of the majority class. These data sets have been
widely used in other comparative studies. Since our re-implementation of CN2
currently does not support continuous attributes and can not handle missing
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values, all continuous attributes have been discretised and data sets that con-
tain no missing values have been chosen. The discretisation described in [8] was
performed using the WEKA tool [16]. Moreover, all of the data sets have two
classes, either originally or by selecting one class as ‘positive’ and joining all the
other in a ‘negative’ class (in Table 1, the selected positive class is indicated by
[{ClassName}]); this was done for the purpose of enabling the area under ROC
curve evaluation.

Table 1. Characteristics of data sets used in the experiments.

# Data set #Attributes #Examples Majority class (%)

1 Anneal[{3}] 38 898 76.16
2 Australian 14 690 55.5
3 Balance[{L}] 4 625 46.08
4 Car[{unacc}] 6 1728 70.02
5 Credit-g 20 1000 70
6 Diabetes 8 768 65.1
7 Glass[{build wind non-float}] 9 214 35.51
8 Heart-stat 13 270 55.56
9 Ionosphere 34 351 64.1
10 Iris[{Iris-setosa}] 4 150 33.33
11 Lymph[{metastases}] 18 148 54.72
12 Segment[{brickface}] 19 2310 14.29
13 Sonar 60 208 53.36
14 Tic-tac-toe 9 958 65.34
15 Vehicle[{bus}] 18 846 25.77
16 Wine[{2}] 13 178 39.89
17 Zoo[{mammal}] 17 101 40.59

The performance of different variants of the CN2 rule induction algorithm was
measured using 10-fold stratified cross-validation. In particular, we compared the
CN2-SD subgroup discovery algorithm with the standard CN2 algorithm (CN2-
standard, described in [4, 5, 3]) and the CN2 algorithm using WRAcc (CN2-
WRAcc, described in [15]). All these variants of the CN2 algorithm were first
re-implemented in the WEKA data mining environment [16], because the use of
the same system makes the comparisons more impartial.

The results of these comparisons are presented in Tables 2 and 3, comparing
CN2-SD with CN2-standard and CN2-WRAcc in terms of accuracy (Table 2),
and size of the rule set (number of rules including the default rule), average
example coverage and likelihood ratio1 per rule (Table 3). Tables for the ordered
algorithm are skipped due to space restrictions, and due to the fact that the
unordered algorithm is better suited to the philosophy of subgroup discovery
due to its aim at inducing independent individual rules. The results of the CN2-
SD algorithm were computed using both the multiplicative weights (with γ =
0.5, 0.7, 0.9) and the additive weights. All other parameters of the CN2 algorithm
were set to their default values (beam-size = 5, significance-threshold = 99%).

The experimental results show that CN2-SD achieves improvements across
the board. Additive weights result in about half the number of rules on av-

1 The likelihood ratio is used in CN2 for testing the significance of the induced rule
[5]. For two-class problems this statistic is distributed approximately as χ2 with one
degree of freedom.
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Table 2. Accuracy with standard deviation (Acc ± sd) for different variants of the
unordered algorithm.

CN2 CN2 CN2-SD CN2-SD CN2-SD CN2-SD
# standard WRAcc (γ = 0.5) (γ = 0.7) (γ = 0.9) (add. weight.)

Acc ± sd Acc ± sd Acc ± sd Acc ± sd Acc ± sd Acc ± sd

1 98.33 ± 0.11 94.54 ± 0.20 94.77 ± 0.19 95.21 ± 0.19 93.88 ± 0.21 94.65 ± 0.21
2 38.55 ± 0.53 85.51 ± 0.35 84.93 ± 0.35 84.93 ± 0.35 84.78 ± 0.35 84.93 ± 0.35
3 75.68 ± 0.39 81.76 ± 0.38 85.12 ± 0.38 86.40 ± 0.38 86.40 ± 0.38 83.68 ± 0.39
4 97.74 ± 0.11 95.08 ± 0.33 95.14 ± 0.33 90.28 ± 0.32 89.53 ± 0.33 85.53 ± 0.34
5 74.40 ± 0.43 69.90 ± 0.43 70.70 ± 0.43 70.80 ± 0.43 70.50 ± 0.43 69.90 ± 0.43
6 68.62 ± 0.45 72.79 ± 0.42 72.14 ± 0.42 73.18 ± 0.42 74.22 ± 0.42 72.92 ± 0.42
7 80.37 ± 0.38 79.91 ± 0.40 68.22 ± 0.46 69.16 ± 0.45 69.63 ± 0.45 68.69 ± 0.46
8 66.30 ± 0.47 71.85 ± 0.46 76.67 ± 0.41 78.52 ± 0.39 81.11 ± 0.39 78.15 ± 0.41
9 85.76 ± 0.33 85.76 ± 0.33 86.04 ± 0.33 86.89 ± 0.31 87.75 ± 0.31 83.48 ± 0.34
10 99.33 ± 0.05 99.33 ± 0.05 100.00 ± 0.07 99.33 ± 0.10 99.33 ± 0.10 98.00 ± 0.14
11 86.49 ± 0.33 75.68 ± 0.39 83.78 ± 0.37 83.11 ± 0.37 83.11 ± 0.37 81.08 ± 0.38
12 90.22 ± 0.26 87.88 ± 0.31 97.71 ± 0.13 97.71 ± 0.13 97.58 ± 0.15 97.53 ± 0.15
13 71.15 ± 0.49 61.06 ± 0.50 66.83 ± 0.49 67.79 ± 0.47 67.31 ± 0.48 65.38 ± 0.48
14 98.33 ± 0.08 70.56 ± 0.42 84.45 ± 0.38 85.07 ± 0.38 88.41 ± 0.37 83.92 ± 0.39
15 87.47 ± 0.29 80.73 ± 0.36 89.60 ± 0.33 89.95 ± 0.33 90.19 ± 0.33 88.89 ± 0.34
16 85.39 ± 0.33 91.57 ± 0.27 93.26 ± 0.25 93.82 ± 0.25 93.82 ± 0.25 92.13 ± 0.29
17 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00

Average 82.60 ± 0.30 82.58 ± 0.33 85.26 ± 0.31 85.42 ± 0.31 85.74 ± 0.31 84.05 ± 0.33

Table 3. Average size (S), coverage (CVG) and likelihood ratio (LHR) of rules for
different versions of the unordered algorithm.

CN2 CN2 CN2-SD CN2-SD CN2-SD CN2-SD
# standard WRAcc (γ = 0.5) (γ = 0.7) (γ = 0.9) (add. weight.)

S CVG LHR S CVG LHR S CVG LHR S CVG LHR S CVG LHR S CVG LHR

1 26 49.3 68.8 26 58.1 61.2 14 115.6 100.9 14 126.3 130.7 13 190.7 136.1 8 150.5 193.0
2 58 36.0 21.5 6 156.8 89.9 10 181.0 136.6 9 239.7 170.5 8 296.0 189.8 6 269.7 211.6
3 113 9.5 11.6 42 24.7 20.2 17 75.0 28.8 18 72.0 31.3 11 125.0 38.0 9 105.0 43.8
4 84 30.9 45.7 22 128.1 112.9 11 253.2 136.1 11 282.0 167.0 11 422.4 167.0 6 282.0 212.3
5 91 15.1 13.2 14 98.7 25.2 13 151.0 37.9 12 185.1 47.9 15 263.0 48.9 7 191.5 55.4
6 58 26.5 13.2 12 90.6 27.7 11 113.7 39.7 14 102.3 37.0 12 132.0 40.0 9 116.1 42.8
7 23 11.9 12.2 15 16.5 11.9 11 39.8 14.6 15 35.5 15.0 17 62.0 16.1 7 35.1 18.1
8 42 14.6 14.2 11 57.3 18.4 16 51.8 29.4 16 69.6 36.4 20 79.7 36.4 11 66.1 42.4
9 42 19.7 19.5 26 23.5 21.5 27 40.6 39.7 25 47.7 44.9 26 63.0 43.6 13 49.6 52.4
10 11 16.3 30.0 11 16.3 30.0 14 21.8 27.4 14 21.8 27.4 14 24.4 27.4 10 21.8 33.8
11 17 14.6 18.2 10 21.3 19.9 16 27.1 24.1 16 29.2 24.1 23 39.3 25.1 10 28.2 30.7
12 184 21.6 94.6 38 103.2 139.4 11 337.1 345.1 8 398.5 390.0 7 440.0 437.1 6 407.0 509.6
13 36 7.8 12.5 22 15.8 13.5 28 19.4 13.7 32 20.8 14.7 41 34.8 14.6 12 24.0 17.9
14 30 38.9 76.4 27 55.5 44.0 20 83.7 62.6 18 94.2 63.4 15 117.6 74.9 11 101.8 68.2
15 82 19.6 32.7 38 34.1 28.3 14 154.6 101.3 14 166.3 107.3 15 218.0 107.3 9 189.7 131.5
16 28 10.0 16.0 18 13.8 20.5 21 20.0 19.8 20 20.9 20.0 21 27.6 20.5 11 21.9 25.5
17 3 50.5 68.2 3 50.5 68.2 3 50.5 68.2 3 50.5 68.2 3 50.5 68.2 3 50.5 68.2

Avg 54.6 23.1 33.5 20.0 56.8 44.3 15.1 102.1 72.2 15.2 115.5 82.1 16.0 152.1 87.8 8.7 124.2 103.4

erage obtained by multiplicative weights. Average rule coverage is optimal for
multiplicative weights with high γ, improving on the average coverage of CN2-
standard rules with a factor of 6 and on CN2-WRAcc with a factor of 3. We
conclude that both rules obtained with additive weights and with multiplicative
weights with high γ are highly overlapping, due to the relatively modest decrease
of example weights.

In addition, there is also a big increase in the average likelihood ratio: while
the ratios achieved by CN2-standard are already significant at the 99% level,
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this is further pushed up by CN2-SD with maximum values achieved by addi-
tive weights. An interesting question, to be verified with further experiments,
is whether the weighted versions of the CN2 algorithm improve the significance
of the induced subgroups also in the case when CN2 rules are induced without
applying the significance test.

In summary, CN2-SD produces substantially smaller rule sets, where individ-
ual rules have higher coverage and significance. These three factors are important
for subgroup discovery: smaller size enables better understanding, higher cover-
age means larger support, and rules should describe discovered subgroups that
are significantly different from the entire population.

The increased accuracy of CN2-SD compared to CN2-standard and CN2-
WRAcc (see Table 2) improves on the findings in [15], where the rule size de-
creased at the expense of a small drop in accuracy. It should be noted that the
results of CN2-standard and CN2-WRAcc cannot be directly compared to those
reported in [15] due to the following reasons: first, different datasets were se-
lected in the two experiments, second, attribute discretisation was performed,
third, minor differences in the algorithm implementations exist, and finally, re-
sults in this paper were obtained for binarised learning problems. Our hypothesis,
that needs to be verified in further work, is that the improved results reported
in this paper may be due to the binarised problem domains for which WRAcc
may be better suited than for multi-class domains.

5 Conclusions

We have presented a novel approach to adapting standard classification rule
learning to subgroup discovery. To this end we have appropriately adapted the
covering algorithm, the search heuristics and the probabilistic classification pro-
cedure. Experimental results on 17 UCI datasets are very promising, demon-
strating big improvements in number of induced rules, rule coverage and rule
significance, as well as smaller improvements in rule accuracy.

In further work we will investigate the behaviour of CN2-SD in multi-class
problems. We are also planning to evaluate the approach using the area under
the ROC convex hull metric which is more appropriate for subgroup discovery
than the standard accuracy metric. See the appendix for some ROC results.
Finally, we plan to use our adapted procedure for subgroup discovery for solving
practical problems, in which expert evaluations of induced subgroup descriptions
will be of ultimate interest.
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6. Džeroski, S., Cestnik, B. and Petrovski, I. (1993) Using the m-estimate in rule
induction. Journal of Computing and Information Technology, 1(1):37 – 46.

7. Ferri-Ramı́rez, C., Flach, P. and Hernandez-Orallo, J. (2002) Learning Decision
Trees Using the Area Under the ROC Curve. Proceedings of the 19th International
Conference on Machine Learning, Morgan Kaufmann, in press.

8. Fayyad, U.M. and Irani, K.B. (1993). Multi-interval discretisation of continuous-
valued attributes for classification learning. In Bajcsy, R. (Ed.) Proceedings of the
13th International Joint Conference on Artificial Intelligence, Morgan Kaufmann,
1022–1027.
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10. Lavrač, N., Flach, P. and Zupan, B. (1999) Rule Evaluation Measures: A Uni-
fying View. In Proceedings of the Ninth International Workshop on Inductive
Logic Programming, volume 1634 of Lecture Notes in Artificial Intelligence: 74–
185. Springer-Verlag.
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Appendix: Area under ROC convex hull evaluation

A point on the ROC curve (ROC: Receiver Operating Characteristic) [9, 13]
shows classifier performance in terms of false alarm or false positive rate FPr =

FP
TN+FP (plotted on the X-axis) that needs to be minimized, and sensitivity 2 or
true positive rate TPr = TP

TP+FN (plotted on the Y -axis) that needs to be max-
imized. In the ROC space, an appropriate tradeoff, determined by the expert,
can be achieved by applying different algorithms, as well as by different param-
eter settings of a selected data mining algorithm or by taking into the account
different misclassification costs. The ROC space is appropriate for measuring the
success of subgroup discovery, since subgroups whose TPr/FPr tradeoff is close
to the diagonal can be discarded as insignificant. The area under the ROC curve
(AUC) can be used as a quality measure for comparing the success of different
learners.

In subgroup discovery there are two ways in which a rule learner can give
rise to a ROC curve.

AUC-Method-1. The first method treats each rule as a separate subgroup
which is plotted in the ROC space with its true and false positive rates. We
then calculate the convex hull of this set of points, selecting the subgroups
which perform optimally under a particular range of operating characteris-
tics. The area under this ROC convex hull (AUC) indicates the combined
quality of the optimal subgroups.3

AUC-Method-2. The second method employs the combined probabilistic clas-
sifications of all subgroups, as indicated below. If we always choose the most
likely predicted class, this corresponds to setting a fixed threshold 0.5 on the
positive probability: if the positive probability is larger than this threshold
we predict positive, else negative. A ROC curve can be constructed by vary-
ing this threshold from 1 (all predictions negative, corresponding to (0,0)
in the ROC space) to 0 (all predictions positive, corresponding to (1,1) in

2 Sensitivity measures the fraction of positive cases that are classified as positive,
whereas specificity measures the fraction of negative cases classified as negative. If
TP denotes true positives, TN true negatives, FP false positives, FN false negatives,
Pos all positives, and Neg all negatives, then Sensitivity = TPr = TP

TP+FN
= TP

Pos
,

and Specificity = TN
TN+FP

= TN
Neg

, and FalseAlarm = FPr = 1 − Specificity =
FP

TN+FP
= FP

Neg
.

3 In fact, we would have two convex hulls as some subgroups shift the distribution to
the positive class and others shift it to the negative class. This method does not take
account of overlapping subgroups.
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the ROC space). This results in n + 1 points in the ROC space, where n is
the total number of classified examples. Equivalently, we can order all the
examples by decreasing predicted probability of being positive, and tracing
the ROC curve by starting in (0,0), stepping up when the example is actu-
ally positive and stepping to the right when it is negative, until we reach
(1,1).4 The area under this ROC curve indicates the combined quality of
all subgroups (i.e., the quality of the entire rules set). This method can be
used with a test set or in cross-validation, but the resulting curve is not
necessarily convex. A detailed description of this method can be found in
[7].

Table 4. Area under the ROC curve with standard deviation (AUC ± sd) for different
variants of the unordered algorithm using 10-fold stratified cross-validation.

CN2 CN2 CN2-SD CN2-SD CN2-SD CN2-SD
# standard WRAcc (γ = 0.5) (γ = 0.7) (γ = 0.9) (add. weight.)

AUC ± sd AUC ± sd AUC ± sd AUC ± sd AUC ± sd AUC ± sd

1 99.41 ± 0.01 99.72 ± 0.00 99.24 ± 0.01 98.84 ± 0.01 98.51 ± 0.01 98.17 ± 0.01
2 35.10 ± 0.11 87.83 ± 0.05 83.15 ± 0.05 84.12 ± 0.04 84.32 ± 0.05 84.97 ± 0.04
3 86.22 ± 0.03 89.00 ± 0.03 93.89 ± 0.02 93.69 ± 0.02 93.56 ± 0.02 91.82 ± 0.03
4 99.93 ± 0.00 96.55 ± 0.02 94.67 ± 0.02 93.86 ± 0.02 93.00 ± 0.02 86.78 ± 0.02
5 70.10 ± 0.09 72.11 ± 0.06 71.38 ± 0.07 71.31 ± 0.07 72.68 ± 0.07 70.12 ± 0.06
6 69.52 ± 0.08 78.93 ± 0.05 79.89 ± 0.04 79.93 ± 0.05 80.14 ± 0.05 79.43 ± 0.05
7 68.23 ± 0.08 73.85 ± 0.12 70.71 ± 0.16 72.59 ± 0.15 72.91 ± 0.15 72.67 ± 0.14
8 74.75 ± 0.09 74.56 ± 0.07 82.96 ± 0.08 83.83 ± 0.11 86.16 ± 0.11 84.76 ± 0.09
9 93.81 ± 0.03 90.21 ± 0.06 90.66 ± 0.06 91.48 ± 0.06 91.80 ± 0.06 91.36 ± 0.05
10 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00
11 94.34 ± 0.04 89.16 ± 0.08 88.15 ± 0.07 91.14 ± 0.06 90.76 ± 0.06 88.53 ± 0.08
12 99.73 ± 0.01 99.79 ± 0.00 98.99 ± 0.01 98.69 ± 0.02 98.19 ± 0.02 98.05 ± 0.02
13 65.32 ± 0.12 60.61 ± 0.10 69.35 ± 0.13 72.04 ± 0.15 71.19 ± 0.16 65.10 ± 0.16
14 100.00 ± 0.00 81.00 ± 0.08 92.97 ± 0.03 92.37 ± 0.04 91.96 ± 0.04 90.24 ± 0.04
15 97.27 ± 0.02 92.41 ± 0.03 94.38 ± 0.03 94.60 ± 0.02 94.18 ± 0.02 93.43 ± 0.02
16 94.14 ± 0.05 96.30 ± 0.06 95.39 ± 0.05 95.53 ± 0.05 95.53 ± 0.05 92.16 ± 0.09
17 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00

Average 85.17 ± 0.04 87.18 ± 0.05 88.58 ± 0.05 89.06 ± 0.05 89.11 ± 0.05 87.51 ± 0.05

4 In the case of ties, we make the appropriate number of steps up and to the right at
once, drawing a diagonal line segment.
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/DUJH�DQG�7DOO�%XLOGLQJV��$�FDVH�VWXG\�LQ�WKH�

DSSOLFDWLRQ�RI�'HFLVLRQ�6XSSRUW�DQG�'DWD�0LQLQJ�

6WHYH�0R\OH
�
��0DUNR�%RKDQHF

��� �
��DQG�(ULF�2VWURZVNL

�
�

�
�2[IRUG�8QLYHUVLW\�&RPSXWLQJ�/DERUDWRU\��2[IRUG��8.�

VWHYH�PR\OH#FRPODE�R[�DF�XN��
�-RåHI�6WHIDQ�,QVWLWXWH��/MXEOMDQD��6ORYHQLD��

�8QLYHUVLW\�RI�/MXEOMDQD��6FKRRO�RI�3XEOLF�$GPLQLVWUDWLRQ��6ORYHQLD�
PDUNR�ERKDQHF#LMV�VL�	

�(&�+DUULV��/RQGRQ��8.�
HULF�RVWURZVNL#HFKDUULV�FRP�

$EVWUDFW��/DUJH�DQG�7DOO�EXLOGLQJV�FDQ�EH�EURDGO\�FODVVLILHG�LQWR�WKUHH�JURXSV��
VSUDZOLQJ��VTXDW��RU�WDOO��7KH�GHFLVLRQ�WR�EXLOG�D�SDUWLFXODU�W\SH�RI�ODUJH�EXLOG�
LQJ�FDQ�EH�EDVHG�RQ�D�ODUJH�QXPEHU�RI�DWWULEXWHV��2QH�VHW�RI�SRVVLEOH�YDOXHV�RI�
WKH�DWWULEXWHV�UHSUHVHQWV�D�EXLOGLQJ�GHVLJQ��ZKLFK�PXVW�EH�IHDVLEOH��,Q�DGGLWLRQ��
LW� LV� DOVR� LPSRUWDQW� WR�XQGHUVWDQG�KRZ�VXFK�D� VHW� RI� DWWULEXWHV� LPSDFWV�RQ� WKH�
YDOXH�RI�WKH�SURSRVHG�EXLOGLQJ�WR�WKH�FXVWRPHU�–� LQ�SDUWLFXODU�WKH�YDOXH�RI�WKH�
SURSRVHG�EXLOGLQJ�GHVLJQ�ZLWK�UHVSHFW� WR� WKH�FOLHQW
V�YDOXH�GULYHUV��$�EXLOGLQJ�
FRQVWUXFWLRQ� H[SHUW
V� DQDO\VLV� RI� VHYHQW\� LQWHUQDWLRQDO� EXLOGLQJ� SURMHFWV� ZDV�
XVHG� DV� LQSXW� WR� GHFLVLRQ� VXSSRUW� DQG� GDWD�PLQLQJ� DQDO\VHV��'HFLVLRQ�PRGHOV�
ZHUH�GHYHORSHG�WKDW�PDSSHG�FXVWRPHU�YDOXHV�RI�SURSRVHG�FRQVWUXFWLRQ�SURMHFW
V�
DWWULEXWHV��'DWD�PLQLQJ�–� RQ�DOEHLW� OLPLWHG�H[DPSOHV�–�ZDV�XVHG� WR�PRGHO� WKH�
IHDVLELOLW\�RI�FRQVWUXFWLRQ�SURMHFWV�IURP�WKHLU�LQSXW�DWWULEXWHV��2Q�WKLV�EDVLV��ZH�
SURSRVH�D�QRYHO�ZD\�RI�FRPELQLQJ�'DWD�0LQLQJ�DQG�'HFLVLRQ�6XSSRUW�PHWKRGV��
ERWK�WHFKQLTXHV�DUH�HPSOR\HG�WR�XWLOLVH�WKH�VDPH�LQSXW�YHFWRUV��EXW�RQH�–�'HFL�
VLRQ� 6XSSRUW� 0RGHOV� –� LV� GHVLJQHG� WR� DVVHVV� DQG� SRVVLEO\� PD[LPLVH� XWLOLW\��
ZKLOH�WKH�RWKHU�–�'DWD�0LQLQJ�0RGHOV�–�SURYLGHV�D�WHVW�IRU�IHDVLELOLW\��

��� ,QWURGXFWLRQ�

7KH� H[SHUWLVH� RI� D� ODUJH� QXPEHU� RI� LQGLYLGXDOV� LV� UHTXLUHG� WR� VXFFHVVIXOO\� FRPSOHWH�
DQ\�VLJQLILFDQW�HQJLQHHULQJ�SURMHFW��LQFOXGLQJ�WKDW�RI�FRQVWUXFWLQJ�D�ODUJH�EXLOGLQJ��$�
YDVW�UDQJH�RI�VNLOOV�–�LQFOXGLQJ�VXUYH\LQJ��DUFKLWHFWXUDO�GHVLJQ��VWUXFWXUDO�HQJLQHHULQJ��
DQG�VHUYLFH�IDFLOLW\�GHVLJQ�–�DUH�GHSOR\HG�LQ�WKH�EXLOGLQJ�GHVLJQ�SKDVH�DORQH��7KH�YHU\�
HDUO\�SKDVH�RI�GHILQLQJ�WKH�SURMHFW�VFRSH�DQG�EURDG�VSHFLILFDWLRQ�FDQ�OHDG�WR�GLIILFXOW�
QHJRWLDWLRQV�ZLWK�WKH�SURVSHFWLYH�RZQHU�RI�WKH�EXLOGLQJ��UHIHUUHG�WR�DV�WKH�FOLHQW���7KH�
FOLHQW� KDV� D� VHW� RI� SUHIHUHQFHV� DERXW� WKH� W\SH� RI� EXLOGLQJ� WKH\� GHVLUH� –� ZKLFK�PD\�
VLJQLILFDQWO\� LPSDFW�RQ�ERWK� WKH� IHDVLELOLW\�RI� WKH�GHVLJQ�DQG� WKH�FRVW�RI� WKH�SURMHFW��
0RUHRYHU�GLIIHUHQW�FOLHQWV�SODFH�GLIIHUHQW�YDOXHV�RQ�DWWULEXWHV�RI�WKH�EXLOGLQJ�SURMHFW��

,Q�WKH�HDUO\�EXLOGLQJ�VSHFLILFDWLRQ�SKDVH��FOLHQWV�ZRUN�ZLWK�FRQVWUXFWLRQ�SURMHFW�H[�
SHUWV�WR�VHWWOH�RQ�D�EURDG�EXLOGLQJ�GHVLJQ��7KLV�FDQ�UHTXLUH�WKH�VHOHFWLRQ�RI�SDUWLFXODU�
EXLOGLQJ�DWWULEXWHV� WKDW�DUH� IHDVLEOH��EXW�DOVR�PD[LPL]H� WKH�XWLOLW\�RI� WKH�EXLOGLQJ�IRU�
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WKH�FOLHQW��7KH�FRQVWUXFWLRQ�H[SHUWV�QHHG�WR�EH�DEOH�WR�DUWLFXODWH�WKH�FRPSOH[�LQWHUDF�
WLRQ�EHWZHHQ�WKH�DWWULEXWHV��WR�KHOS�JXLGH�WKH�FOLHQWV�WR�D�IHDVLEOH�DQG�YDOXDEOH�GHVLJQ���

�
���� /DUJH�DQG�WDOO�EXLOGLQJV��DQG�9DOXH�'ULYHUV�

7KH� VL]H� DQG� VKDSH� RI� D� EXLOGLQJ� KDV� D� GUDPDWLF� LPSDFW� RQ�PDQ\� DVSHFWV� LQFOXGLQJ�
FDSLWDO�FRVW��HDVH�RI�GHVLJQ��WKH�XVH�RI�VWDQGDUG�FRPSRQHQWV��SURJUDPPH��ORJLVWLFV�DQG�
ZKROH�OLIH�FRVWV�ZKLFK�DOO�DIIHFW�WKH�UDWH�RI�UHWXUQ�WR�D�FOLHQW��8QOLNH�PDQ\�RWKHU�LQGXV�
WULHV��FRQVWUXFWLRQ�LV�D�FRPSOH[�EOHQG�RI�GLVSHUDWH�QHHGV��VNLOOV�DQG�WHFKQLTXHV�WKDW�DUH�
GLIILFXOW�WR�FR�RUGLQDWH���

7KH�&DSLWDO�3URMHFWV�DQG�)DFLOLWLHV�&RQVXOWDQWV�(&�+DUULV�KDYH�UHFHQWO\�FRPSOHWHG�
D�VWXG\�H[DPLQLQJ�WKH�YDOXH�GULYHUV�EHWZHHQ�GLIIHUHQW�VKDSHV�RI�EXLOGLQJ��,Q�RUGHU�WR�
XQGHUVWDQG�WKH�LQWHUDFWLRQ�EHWZHHQ�WKH�GLIIHUHQW�VKDSHV�DQG�VL]HV��LW�ZDV�QHFHVVDU\�WR�
define 18 “virtual builGings” which are grouped by size (medium, large and very 
ODUJH��� VKDSH� �VTXDW�� VSUDZOLQJ� DQG� WDOO�� DQG� ILQDOO\�TXDOLW\� �PHGLXP�DQG�KLJK���7KH�
VWXG\�RI� WKH����EHQFKPDUNV�XQFRYHUHG� WKH�NQRZOHGJH� WKDW�EXLOGLQJV�ZLWK����VWRUH\V�
DUH�PRVW�OLNHO\�WR�JLYH�WKH�EHVW�UHWXUQ�RQ�LQYHVWPHQW��

$OWKRXJK�YDOXH�GULYHUV�KDYH�EHHQ�WDONHG�DERXW�RYHU�WKH�\HDUV��WKH\�KDYH�QRW�UHDOO\�
EHHQ�SURSHUO\�DFFRXQWHG�IRU�ZLWKLQ�WKH�FRQVWUXFWLRQ�LQGXVWU\�DV�D�ZKROH��,QVWHDG��PRVW�
RI�WKH�IRFXV�LQ�WKLV�JHQHUDO�DUHD�KDV�EHHQ�RQ�HVWDEOLVKLQJ�NH\�SHUIRUPDQFH�LQGLFDWRUV�
WKDW�FDQ�EH�HDVLO\�PHDVXUHG��D�IDFW�WKDW�WR�VRPH�H[WHQW�H[SODLQV�WKH�DSSURDFK�WR�GDWH��

,Q�RUGHU�WR�XQGHUVWDQG�WKH�SXUSRVH�RI�XQGHUWDNLQJ�WKLV�SDUWLFXODU�UHVHDUFK�LQWR�YDOXH�
GULYHUV�� LW� LV�QHFHVVDU\� WR�ILUVW� ORRN�DW� WKH�IXQGDPHQWDO�GLIIHUHQFH�EHWZHHQ�YDOXH�DQG�
SHUIRUPDQFH��3XW�VLPSO\��WKH�YDOXH�RI�DQ\�DVSHFW�RI�D�FRQVWUXFWLRQ�SURMHFW�WR�D�FOLHQW�
FRXOG�EH�VDLG�WR�EH�WKDW�ZKLFK�ZRXOG�PDNH�KLP�YHU\�KDSS\�DQG�YLHZ�WKH�SURMHFW�DV�D�
VXFFHVV��RU�SHUKDSV�WKDW�ZKLFK�ZRXOG�PDNH�KLP�GLVVDWLVILHG�ZLWK�WKH�SURMHFW�RXWFRPH��
,Q�WKLV�VHQVH��LI�WKH�FOLHQW�ZDV�D�IRRG�UHWDLOHU�FRQVLGHULQJ�EXLOGLQJ�D�QHZ�VWRUH��VRPH�RI�
KLV�YDOXHV�PLJKW�LQFOXGH�&OHDQOLQHVV��7LPH��$SSHDUDQFH��DQG�6KDUHKROGHU�9DOXH��

7KH� WUDGLWLonal method within the construction industry for measuring the clients’ 
VDWLVIDFWLRQ� WHQGV� WR� IRFXV� RQ� WDQJLEOH�� RU�PHDVXUDEOH� DWWULEXWHV� WKDW� FDQ� EH� GLUHFWO\�
FRPSDUHG�IURP�FOLHQW�WR�FOLHQW�RU�SURMHFW�WR�SURMHFW�DQG�ZRXOG�SHUKDSV�LQFOXGH�7LPH��
&RVW��6DIHW\�5HFRUG��DQG�1XPEHU�RI�'HIHFWV��

$OWKRXJK� YDOXH� DQG� SHUIRUPDQFH� DUH� VRPHWLPHV� WKH� VDPH� �H�J�� WLPH��� (&�+DUULV�
KDYH�EHHQ�ORRNLQJ�DW�ZD\V�LQ�ZKLFK�FOLHQW�YDOXH�GULYHUV�FDQ�EH�PHW�WKURXJK�WUDGLWLRQDO�
PHDQV��7KLV�LV�ZKDW�GURYH�WKH�UHTXLUHPHQW�IRU�WKLV�UHVHDUFK��ZKLFK�DERYH�DOO�ZDV�LQ�
WHQGHG�WR�LGHQWLI\�D�PHWKRG�RI�OLQNLQJ�FOLHQW�GULYHUV�ZLWK�EXLOGLQJ�FKDUDFWHULVWLFV��

�
���� 'DWD�0LQLQJ�DQG�'HFLVLRQ�6XSSRUW�

'DWD�0LQLQJ��'0��LV�D�SURFHVV�ZKLFK�XWLOL]HV�D�UDQJH�RI�WHFKQLTXHV�DQG�WRROV�WR�H[�
WUDFW�SDWWHUQV�IURP�GDWD��:Ltten and Fank [9] describe data mining as “solving proE�
OHPV�E\�DQDlyzing data already present in databases”. In this work, the SUREOHP�ZDV�WR�
DQDO\VH�WKH�YDOXH�GULYHUV�LQ�WKH�FRQVWUXFWLRQ�RI�ODUJH�DQG�WDOO�EXLOGLQJV��DQG�WKH�GDWD�

EDVH�ZDV�D�VHW�RI�EXLOGLQJV��7KH�PDLQ�REMHFWLYH�RI�WKH�'0�WDVN�ZDV�WR�LQYHVWLJDWH�WKH�
UHODWLRQVKLS�EHWZHHQ�WKH�DWWULEXWHUV�RI�ODUJH�DQG�WDOO�EXLOGLQJV�DQG�WKHLU�FODVVLILFDWLRQ�
LQWR�WKUHH�GLPHQVLRQV��6L]H��6KDSH��DQG�4XDOLW\��NQRZQ�KHUH�DV�WKH�664�GLPHQVLRQV���

'HFLVLRQ�6XSSRUW��'6��LV�D�EURDG�ILHOG�FRQFHUQHG�ZLWK�VXSSRUWLQJ�SHRSOH�LQ�PDNLQJ�
GHFLVLRQV� >�@�� ,Q� RXU� FDVH�� WKH� SUREOHP� ZDV� WR� HYDOXDWH� DQG� DQDO\VH� EXLOGLQJV� GH�
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VFULEHG�E\�YDULRXV�DWWULEXWHV��DQG�RQ�WKLV�EDVLV�WR�VHOHFW�EXLOGLQJV�DQG�WKHLU�FKDUDFWHULV�
WLFV� VR� DV� WR� EHVW�PDWFK� WKH� FOLHQW
V� YDOXH� GULYHUV�� 6XFK�'6�SUREOHPV� DUH� DGGUHVVHG�
ZLWKLQ� 'HFLVLRQ� $QDO\VLV� >�@�� ZKLFK� SURYLGHV� D� VXLWDEOH� PHWKRGRORJ\�� KLHUDUFKLFDO�
PXOWL�DWWULEXWH� PRGHOLQJ�� 7KH� LGHD� LV� WR� GHYHORS� D� PRGHO� WKDW� HYDOXDWHV� DYDLODEOH�
FKRLFHV� �RSWLRQV�� JLYLQJ� DQ� HVWLPDWH� RI� WKHLU� ZRUWKLQHVV� �XWLOLW\�� IRU� WKH� GHFLVLRQ�
PDNHU��,Q�WKH�PRGHO��WKH�ZKROH�GHFLVLRQ�SUREOHP�LV�GHFRPSRVHG�LQWR�VPDOOHU�DQG�OHVV�
FRPSOH[�VXESUREOHPV��7KHVH�DUH�UHSUHVHQWHG�E\�YDULDEOHV��ZKLFK�DUH�RUJDQL]HG�LQWR�D�
KLHUDUFK\��,Q�DGGLWLRQ��VRPH�UXOHV�RU�SURFHGXUHV�DUH�GHILQHG�WKDW�DJJUHJDWH�WKH�HYDOXD�
WLRQ�RI�VXE�SUREOHPV�LQWR�WKH�RYHUDOO�HYDOXDWLRQ�RI�RSWLRQV��7KH�GHYHORSPHQW�RI�PRG�
HOV�LV�SHUIRUPHG�LQ�DQ��H[SHUW�PRGHOLQJ��ZD\��ZKLFK�PHDQV�WKDW�WKH\�DUH�KDQG�PDGH�
E\�DQ�H[SHUW��SRVVLEO\�VXSSRUWHG�E\�D�GHFLVLRQ�DQDO\VW�DQG�VXLWDEOH�VRIWZDUH�WRROV��

�
���� 2XWOLQH�RI�WKH�UHPDLQGHU�RI�WKH�SDSHU�

6HFWLRQ���GHWDLOV� WKH�SUREOHP�VROYLQJ�PHWKRGRORJ\�–�EDVHG�RQ�&5,63�'0�–�DQG�LWV�
H[HFXWLRQ�IRU�WKLV�SURMHFW��0XFK�RI�WKH�SURFHVV�LV�FRPPRQ�EHWZHHQ�ERWK�GDWD�PLQLQJ�
DQG�GHFLVLRQ�VXSSRUW��EXW�LW�GRHV�GHYLDWH�LQ�WKH�PRGHOLQJ�SKDVH��6HFWLRQ���SURYLGHV�D�
GLVFXVVLRQ�RI�WKH�VROXWLRQV�SURYLGHG��ZKLOH�VXJJHVWLRQV�IRU�IXWXUH�ZRUN�DUH�FRQVLGHUHG�
LQ�6HFWLRQ����)LQDOO\��6HFWLRQ���SUHVHQWV�WKH�FRQFOXVLRQV��

��� 3UREOHP�VROYLQJ�PHWKRGRORJ\�DQG�H[HFXWLRQ�

'DWD�0LQLQJ�DQG�'HFLVLRQ�6XSSRUW�DQDO\VLV�SURFHVVHV�EURDGO\�FRQVLVW�RI�D�QXPEHU�RI�
SKDVHV��:LWKLQ� WKH�6RO�(8�1HW�FRQVRUWLXP�>�@�� WKH�&5,63�'0�PHWKRGRORJ\�LV�XVHG�
—�&5RVV�,QGXVWU\�6WDQGDUG�3URFHVV�IRU�'DWD�0LQLQJ�>�@��,Q�&5,63�'0��VL[�LQWHUUH�
ODWHG� SKDVHV� DUH� XVHG� WR� GHVFULEH� WKH� GDWD�PLQLQJ� SURFHVV��EXVLQHVV� XQGHUVWDQGLQJ��
GDWD�XQGHUVWDQGLQJ��GDWD�SUHSDUDWLRQ��PRGHOLQJ��HYDOXDWLRQ��DQG�GHSOR\PHQW��0DQ\�
RI�WKH�SKDVHV�DUH�XVHIXO�LQ�ERWK�'0�DQG�'6�SUREOHP�VROYLQJ�PHWKRGV��

�
���� %XVLQHVV�8QGHUVWDQGLQJ�

7KH�GDWD� DQDO\WLFDO�SUREOHP� WR�EH� VROYHG�PXVW�EH� VHW� LQ� WKH� FRQWH[W�RI� WKH�EXVLQHVV�
IURP� ZKLFK� LW� LV� GUDZQ�� 7KLV� LV� WKH� DLP� RI� WKH� EXVLQHVV� XQGHUVWDQGLQJ� SKDVH�� 7KH�
RZQHU�RI�WKH�SUREOHP�LQ�WKLV�ZRUN�ZDV�WKH�&DSLWDO�3URMHFWV�DQG�)DFLOLWLHV�&RQVXOWDQF\��
(&�+DUULV��ZKR�KDYH�RIILFHV� LQ�RYHU� WZHQW\�FRXQWULHV��7KH�IROORZLQJ�TXRWDWLRQV�DUH�
WDNHQ�IURP�WKHLU�ZHE�VLWH��ZZZ�HFKDUULV�FRP���

�(&�+DUULV�LV�D�OHDGLQJ�,QWHUQDWLRQDO�&DSLWDO�3URMHFW�DQG�)DFLOLWLHV�&RQVXOWDQF\�

ZLWK�QHDUO\�������SHRSOH�GLUHFWO\�PDQDJHG�DQG�HPSOR\HG�RQ�FRQVWUXFWLRQ�DQG�ID�

FLOLWLHV� FRQVXOWDQF\� ZRUOGZLGH�� «� :H� VHUYH� FOLHQWV� ZKRVH� QHHGV� VSDQ� WKH� ZKROH�

OLIH�RI�D�SURSHUW\�DVVHW��IURP�VHWWLQJ�ZLQQLQJ�VWUDWHJLHV�WKURXJK�GHOLYHU\�RI�WKH�DV�

VHW�DQG�LWV�RSHUDWLRQ��3HUIRUPDQFH�REMHFWLYHV�ZKLFK�UHIOHFW�FOLHQWV¶�QHHGV�W\SLFDOO\�

LQFOXGH�«�FDSDELOLWLHV�DV�D�&DSLWDO�3URMHFW�DQG�)DFLOLWLHV�&RQVXOWDQF\���

The main objective, from EC Harris’ point of view, of this project was to further e[�
SORUH� ZRUN� DOUHDG\� XQGHUWDNHQ� LQ� RUGHU� WR� HVWDEOLVK� RU� FRQILUP� WKH� IROORZLQJ� ZLWK�
UHVSHFW�WR�WKHLU�XQGHUVWDQGLQJ�RI�WKH�FRQVWUXFWLRQ�RI�ODUJH�DQG�WDOO�EXLOGLQJV��
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• 7KDW�WKH�ZRUN�GRQH�WR�GDWH�ZDV�HVVHQWLDOO\�VRXQG�DQG�YDOLG��
• 7R�H[SORUH�GLIIHUHQW�ZD\V�RI�ORRNLQJ�DW�WKH�H[LVWLQJ�GDWD�DQG�SRWHQWLDOO\�GLVFRYHU�

QHZ�OLQNV�EHWZHHQ�WKH�YDULRXV�DWWULEXWHV�RI�ODUJH�DQG�WDOO�EXLOGLQJV��
• 7KDW�LW�ZDV�UHDVRQDEOH�DQG�UHDOLVWLF�WR�DVVXPH�WKDW�FOLHQW
V�YDOXH�GULYHUV�FRXOG�EH�

OLQNHG�WR�EXLOGLQJ�DWWULEXWHV��
• 7R�HVWDEOLVK�D�PHWKRG�RI�OLQNLQJ�FOLHQW�YDOXHV�ZLWK�WDQJLEOH�DWWULEXWHV��
• 7KDW�FOLHQW�VDWLVIDFWLRQ�FRXOG�SUREDEO\�EH�LQFUHDVHG�E\�HVWDEOLVKLQJ�DQG�UHVSHFWLQJ�

ZKLFK�EXLOGLQJ�DWWULEXWHV�PRVW�FORVHO\�UHODWHG�WR�WKHLU�YDOXHV��
• 7R� FUHDWH� D� FRQFHSW�PRGHO� WKDW� FRXOG� EH� IXUWKHU� GHYHORSHG� DV� D� GLVFXVVLRQ� DQG�

GHFLVLRQ� VXSSRUW� WRRO�ZLWK� FOLHQWV�� 7KLV�ZRXOG� EH� XVHG� WR� HVWDEOLVK� FOLHQWV� YDOXH�
SULRULWLHV��WUDQVODWHG�LQWR�EXLOGLQJ�DWWULEXWHV��DW�D�YHU\�HDUO\�VWDJH�LQ�WKH�SURMHFW��

• 7R�H[SORUH�WKH�XVH�RI�'0�DQG�'6�DV�WHFKQLTXHV�IRU�ZLGHU�XVH�LQ�IXWXUH�SURMHFWV��
• 7R�H[SORUH�ZKHWKHU�VXEMHFWLYH�FOLHQW�YLHZV��YDOXHV��ZKLFK�DUH�ODUJHO\�WDFLW��FRXOG�

EH�H[WUDFWHG�DQG�OLQNHG�WR�WDQJLEOH�DWWULEXWHV�VXFK�DV�WKH�KHLJKW�RI�D�EXLOGLQJ��

$Q�H[LVWLQJ�GHFLVLRQ�VXSSRUW�WRRO�IRFXVLQJ�RQ�ODUJH�DQG�WDOO�EXLOGLQJV�KDG�DOUHDG\�EHHQ�
GHYHORSHG�DW�(&�+DUULV��7KLV�WRRO�LV�EDVHG�RQ�H[SHUW�DQDO\VLV�RI�VHYHQW\�EXLOGLQJV��DV�
ZHOO�DV�WKH�FRPELQHG�H[SHUWLVH�IURP�ZLWKLQ�WKH�(&�+DUULV�RUJDQL]DWLRQ��7KH�DSSURDFK�
ZDV� WR�SURGXFH�D�VHW�RI� W\SLFDO�RU�EHQFKPDUN�EXLOGLQJV�IRU�WKH�VSDFH�RI�WKH�664�GL�
PHQVLRQV��ZKLFK�FDQ�EH�VHHQ�DV�DQ����FHOO�FXEH��SLFWXUHG�LQ�)LJXUH�����

Medium
Large

Very Large

Medium

High

Sprawling

Squat

Tall

Quality

Size

S
hape

�
)LJXUH���7KH�6L]H�6KDSH�4XDOLW\�&XEH��664��

�
���� 'DWD�8QGHUVWDQGLQJ�

7KH�SXUSRVH�RI�WKH�GDWD�XQGHUVWDQGLQJ�SKDVH�LV�WR�EHFRPH�IDPLOLDU�ZLWK�DOO�VRXUFHV�RI�
WKH�GDWD��)RU� WKLV�SUREOHP��WKH�GDWD�ZDV�GHOLYHUHG�LQ�WKH�IRUP�RI�D�VSUHDGVKHHW��7KLV�
FRQWDLQHG� D� VHW� RI� EXLOGLQJ� FRQVWUXFWLRQ� SURMHFW� DWWULEXWHV�� ��� EHQFKPDUN� EXLOGLQJV��
DQG����IXUWKHU�UHDO�EXLOGLQJ�SURMHFWV��7KH�IROORZLQJ�LV�D�OLVW�RI�WKH�FDWHJRULHV�RI�EXLOG�
LQJ�FRQVWUXFWLRQ�SURMHFW�DWWULEXWHV��ZLWK�WKH�QXPEHU�RI�LWHPV�LQ�SDUHQWKHVHV��/RFDWLRQ�
����� )XQFWLRQ� ����� 'HVFULSWLRQ� ������ &DSDFLW\� �%XLOGLQJ�� ������ &DSDFLW\� �6HUYLFHV��
������&RVW� �������3URFXUHPHQW������3URJUDPPH������$FFHVV�	�6DIHW\������:KROH�/LIH�

�����$SSHDUDQFH������3URMHFW�7HDP�������)RU�HDFK�RI�WKH�EXLOGLQJV�����EHQFKPDUN��DQG�
���UHDO��YDOXHV�WR�WKH�DERYH�DWWULEXWHV�ZHUH�SURYLGHG���

'DWD�UHODWLQJ�WR�WKH�YDOXH�GULYHUV�ZHUH�DOVR�SURYLGHG�LQ�WKH�VSUHDGVKHHW��KHUHDIWHU�
UHIHUUHG�WR�DV�DWWULEXWH�YDOXH�GULYHU�PDWUL[��$9'0���)RU�HDFK�RI�WKH�EXLOGLQJ�DWWULE�
XWHV��D�VHULHV�RI�YDOXH�GLPHQVLRQV�ZHUH�DYDLODEOH��ZLWK�UHVSHFW�WR�WKUHH�GLIIHUHQW�FOLHQW�
W\SHV�� 'HYHORSHU�� *RYHUQPHQW�� DQG� 2ZQHU�RFFXSLHU�� 7KHVH� YDOXH� DWWULEXWHV� ZHUH�
FODVVHG� LQ� WR� WKUHH� FDWHJRULHV��)LQDQFLDO� �3URILW�� 6KDUHKROGHU�9DOXH��0DUNHW�9DOXH��
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*URZWK���3URFHVV��5LVN�&RQWURO��4XDOLW\��6WDQGDUGV��6DIHW\��%HVW�3UDFWLFH��,QQRYDWLRQ��
6XSSO\� &KDLQ�� 5HXVH� RI� 5HVRXUFHV�� :KROH� /LIH��� DQG� 0DUNHW� �,PDJH�� )OH[LELOLW\��
2FFXSDQWV� 1HHGV�� 3XEOLF� 3HUFHSWLRQ�� (QYLURQPHQWDO� ,PSDFW��� $9'0� LV� IXUWKHU� H[�
SODLQHG�LQ�VHFWLRQ��������DQG�D�SDUW�RI�$9'0�LV�VKRZQ�LQ�7DEOH����

�
���� 'DWD�3UHSDUDWLRQ�

7KH�GDWD�SUHSDUDWLRQ�SKDVH�FRYHUV�DOO�WKH�DFWLYLWLHV�IRU�FRQVWUXFWLQJ�WKH�ILQDO�GDWD�VHWV�
IRU�WKH�PRGHOLQJ�WRROV��

)RU�'0��WKH�IROORZLQJ�GDWD�SUHSDUDWLRQ�ZDV�SHUIRUPHG��7KH�PDLQ�REMHFWLYHV�RI�WKH�
'0�ZHUH� WR� ���� SHUIRUP� H[SORUDWRU\� GDWD� DQDO\VHV�� DQG� ���� WR� HVWDEOLVK�PRGHOV� EH�
WZHHQ�WKH�EXLOGLQJ�FRQVWUXFWLRQ�DWWULEXWHV�DQG�WKH�664�GLPHQVLRQV�–�WKLV�ZDV�IRFXVHG�
RQ� WKH� ��� EHQFKPDUN� EXLOGLQJ� FDVHV��'DWD�SUHSURFHVVLQJ�ZDV� DLPHG�DW� UHGXFLQJ� WKH�
QXPEHU�RI�DWWULEXWHV�IURP�WKH�����DWWULEXWHV��:LWK�UHVSHFW�WR�WKH�EHQFKPDUN�UHFRUGV��
WKHUH�ZHUH�PDQ\�DWWULEXWHV� WKDW�GLG�QRW�GLVFULPLQDWH�RQ� DQ\�RI� WKH�664�GLPHQVLRQV��
7KH�DWWULEXWHV�ZHUH�VRUWHG�LQWR�WKUHH�FDWHJRULHV�DV�IROORZV��1RQ�GLVFULPLQDWLQJ�PHDQV�
WKDW�WKH�DWWULEXWH�YDOXHV�GLG�QRW�FKDQJH��)XQFWLRQDOO\�GHSHQGHQW�ZHUH�WKRVH�DWWULEXWHV�
ZKLFK�ZHUH� IXQFWLRQDOO\�GHSHQGHQW�RQ�RWKHU�DWWULEXWHV� �DV� WKH\�ZHUH� IRUPXODH� LQ� WKH�
VSUHDGVKHHW���DQG�'LVFULPLQDWLQJ�DWWULEXWHV�KDG�YDOXHV�WKDW�YDULHG��7KH�GLVFULPLQDWLQJ�
DWWULEXWHV�IURP�WKH�DERYH��QXPEHULQJ�����ZHUH�DOO�VHOHFWHG�IRU�WKH�'0�GDWD�VHW��

�
���� 0RGHOLQJ�

7KH� PRGHOLQJ� WHFKQLTXHV� XVHG� E\� 'DWD� 0LQLQJ� DQG� 'HFLVLRQ� 6XSSRUW� GLIIHU� VXIIL�
FLHQWO\�WKDW�WKH\�FDQ�EH�FRQVLGHUHG�VHSDUDWHO\��

�
������ 'DWD�0LQLQJ�0RGHOLQJ�

7KUHH� '0� DSSURDFKHV� ZHUH� XVHG� LQ� WKH� PRGHOLQJ� SURFHVV�� &OXVWHULQJ�� $XWRPDWLF�
DWWULEXWH�VXEVHW�VHOHFWLRQ��DQG�'HFLVLRQ�WUHH�LQGXFWLRQ���
�
%DVLF� FOXVWHULQJ��7KHUH�ZDV� DQ� LPSOLFLW� DVVXPSWLRQ� IURP� WKH�GRPDLQ�H[SHUW� WKDW� WKH�
EHQFKPDUN� EXLOGLQJV� FRXOG� EH� JURXSHG� LQWR� FOXVWHUV�� 7R� WHVW� VXFK� D� K\SRWKHVLV��
FOXVWHULQJ�ZDV�SHUformed on the records of the 18 benchmark buildings. Weka’s [9] 
.0HDQV� LPSOHPHQWDWLRQ�ZDV� XVHG�ZLWK� WKUHH� FOXVWHUV� VHOHFWHG�� 6WXG\LQJ� WKH� FOXVWHU�
QXPEHUV� YHUVXV� YDULRXV� DWWULEXWHV�� OHDG� WR� WKH� WHQWDWLYH� FRQFOXVLRQ� WKDW� WKH� FOXVWHUV�
VHHPHG�WR�VHSDUDWH�EDVHG�RQ�%XLOGLQJ�6L]H��
�
$XWRPDWLF�DWWULEXWH�VXEVHW�VHOHFWLRQ��:HND�ZDV�XVHG�WR�GHWHUPLQH�IXUWKHU�ZKHWKHU�WKH�
DWWULEXWHV�FRXOG�EH�UHGXFHG��7KLV�ZDV�SHUIRUPHG�ZLWK�UHVSHFW�WR�HDFK�RI�WKH�664�&XEH�
GLPHQVLRQV��6L]H��6KDSH��DQG�4XDOLW\���1R�UHVXOWV�DUH�UHSRUWHG�KHUH���
�

'HFLVLRQ�WUHH�LQGXFWLRQ��7KH�DLP�RI�WKLV�PRGHOLQJ�ZDV�WR�SURGXFH�–�LI�SRVVLEOH�–�VLP�
SOH� GHFLVLRQ� WUHHV� WR�PDS� DWWULEXWHV� LQWR� HDFK� RI� WKH� 664� GLPHQVLRQV�� )RU� WKLV�� WKH�
:HND�LPSOHPHQWDWLRQ�RI�&����>�@�–�-���–�ZDV�GHSOR\HG��*LYHQ�WKH�OLPLWHG�GDWD��-���
ZDV�XVHG�ZLWK�QR�WHVW�VHW��RQO\�XVLQJ�WKH����EHQFKPDUN�EXLOGLQJV�DV�ERWK�WKH�WUDLQLQJ�
DQG� WHVW� VHWV��� ZLWK� YDOLGDWLRQ� RQO\� RQ� WKH� WUDLQLQJ� VHW�� 7KH� EDVLF� VFKHPH� ZDV�
ZHND�FODVVLILHUV�M���-��� �&� ����� �0� ��� XVLQJ� ��� UHFRUGV� DQG� ��� DWWULEXWHV�� 7KH� DS�
SURDFK� ZDV� WR� GHWHUPLQH� ZKLFK� DWWULEXWHV� ZHUH� VHOHFWHG� E\� -��� DV� VLJQLILFDQW�� )RU�
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IXUWKHU� UXQV�� WKRVH�DWWULEXWHV� WKDW�ZHUH�VLJQLILFDQW� LQ�SUHYLRXV� UXQV�ZHUH�H[FOXGHG� WR�
KLJKOLJKW� WKH�QH[W� OHYHO�RI� VLJQLILFDQW�DWWULEXWHV��6DPSOH� UHVXOWV� IRU�HDFK�RI� WKH� WKUHH�
WDUJHW�GLPHQVLRQV�RI�6L]H��6KDSH�� DQG�4XDOLW\� DUH� VXPPDUL]HG� LQ�7DEOH����7KH� WUHHV�
LQGXFHG�ZHUH�W\SLFDOO\�YHU\�FRQFLVH��7KH�UHVXOWV�ZHUH�GLVFXVVHG�ZLWK�WKH�H[SHUW�ZKR�
ZDV� DEOH� WR� LQWHUSUHW� HDFK�RI� WKH� WUHHV� LQ� OLJKW�RI�KLV�NQRZOHGJH��$�QXPEHU�RI� WUHHV�
SURYLGHG�QHZ�LQVLJKWV�LQWR�WKH�UHODWLRQVKLSV�EHWZHHQ�WKH�EXLOGLQJ�DWWULEXWHV��

7DEOH���6DPSOH�UHVXOWV�RI�GHFLVLRQ�WUHH�LQGXFWLRQ�IRU�WKH�664�GLPHQVLRQV�

7DUJHW� 5HVXOW�

6L]H� B6 “Flexibility Rating” <= 3
|   B3 “Hours of Building use” <= 12: medium (6.0)
|   B3 “Hours of Building use” > 12: large (6.0)
B6 “Flexibility Rating” > 3: very_large (6.0)

6KDSH� D10 “Clear Suspended Ceiling Depth” <= 350
|   H3 “Proportion of Prefabrication (Off Site)” <= 2: Squat (6.0)
|   H3 “Proportion of Prefabrication (Off Site)” > 2: Tall (6.0)
D10 “Clear Suspended Ceiling Depth” > 350: Spraw ���������
	�����

4XDOLW\� L2 “Finishes” <= 3: medium (9.0)
L2 “Finishes” > 3: high (9.0)

�

������ 'HFLVLRQ�6XSSRUW�0RGHOLQJ�

7KUHH�PXOWL�DWWULEXWH�PRGHOV�ZHUH� GHYHORSHG� IRU� WKH� HYDOXDWLRQ� RI� EXLOGLQJV��$OO� RI�
WKHP�DUH�KLHUDUFKLFDO�DQG�UHSUHVHQW�D�UHODWLRQVKLS�EHWZHHQ�D�EXLOGLQJ��GHVFULEHG�E\�D�
VHW�RI�LQSXW�YDULDEOHV��DQG�LWV�XWLOLW\�WR�WKH�FOLHQW��+RZHYHU��LQ�RUGHU�WR�H[SORUH�YDULRXV�
UHODWLRQV�EHWZHHQ�DWWULEXWHV�DQG�YDOXH�GULYHUV��DQG�WR�H[SHULPHQW�ZLWK�GLIIHUHQW�NQRZO�
HGJH�UHSUHVHQWDWLRQV��WKH�PRGHOV�JUHDWO\�GLIIHU�LQ�WKH��
• VHOHFWLRQ�RI�LQSXW�YDULDEOHV��ZKLFK�FDQ�EH�VXEVHWV�RI�WKH�DWWULEXWHV��YDOXH�GULYHUV��RU�

ERWK��
• OHYHO�RI�GHWDLO�LQ�WHUPV�RI�WKH�QXPEHU�RI�LQSXW�YDULDEOHV�DQG�WKH�GHSWK�RI�KLHUDUFK\��
• W\SH�RI�YDULDEOHV�XVHG�LQ�WKH�PRGHO��FRQWLQXRXV�RU�GLVFUHWH��
• UHODWLRQVKLS�EHWZHHQ�DWWULEXWHV�DQG�YDOXH�GULYHUV��GHSHQGHQW�RU�LQGHSHQGHQW��
,Q�WKH�IROORZLQJ��ZH�UHIHU�WR�WKH�PRGHOV�E\�WKH�QDPHV�RI�VRIWZDUH�SDFNDJHV�WKDW�KDYH�
EHHQ�XVHG�IRU�WKHLU�GHYHORSPHQW��0LFURVRIW�([FHO�>�@��+,9,(:�>�@��DQG�'(;L�>�@��

�
([FHO�0RGHO�

7KLV� LV� WKH�PRVW�GHWDLOHG�'6�PRGHO� WKDW�XVHV����� LQSXW�DWWULEXWHV��ZKLFK�SUDFWLFDOO\�
UHSUHVHQW�WKH�ZKROH�LQSXW�VHW��)URP�WKH�����DYDLODEOH�DWWULEXWHV��ZH�RQO\�H[FOXGHG����
IXQFWLRQDOO\�GHSHQGHQW�DWWULEXWHV�WKDW�DUH�REWDLQDEOH�IURP�RWKHU�DWWULEXWHV�E\�D�PXOWL�
SOLFDWLRQ�E\�D�FRQVWDQW��WKHVH�ZHUH�UHGXQGDQW�IRU�WKLV�WDVN��

$�EXLOGLQJ� SURMHFW�� GHVFULEHG� E\� WKH� LQSXW� DWWULEXWHV�� LV� HYDOXDWHG� E\� D� WZR�VWDJH�
OLQHDU�DJJUHJDWLRQ�SURFHGXUH��VNHWFKHG� LQ�)LJXUH����)LUVW�� WKH�YDOXHV�RI�DWWULEXWHV�DUH�
PDSSHG�LQWR����FULWHULD��ZKLFK�UHSUHVHQW�YDOXH�GULYHUV��,Q�WKH�VHFRQG�VWDJH��WKHVH�DUH��
DFFRUGLQJ� WR� WKHLU�RZQ�KLHUDUFKLFDO� VWUXFWXUH��DJJUHJDWHG� LQWR� WKH�RYHUDOO�HYDOXDWLRQ��
$OO�WKH�YDULDEOHV�DUH�FRQWLQXRXV�DQG�UHSUHVHQWHG�RQ�D�>���@�SUHIHUHQFH�VFDOH��ZKHUH���
DQG���FRUUHVSRQG�WR�WKH�PRVW�DQG�WKH�OHDVW�SUHIHUUHG�HYDOXDWLRQ��UHVSHFWLYHO\��

7KH�HYDOXDWLRQ�LQ�ERWK�VWDJHV�LV�FDUULHG�RXW�DFFRUGLQJ�WR�WKH�H[SHUW�GHILQHG�DWWULE�
XWH�YDOXH�GULYHU�PDWUL[� �$9'0���%DVLFDOO\�� WKLV� LV� D� ���×���PDWUL[� FRQWDLQLQJ� HOH�
PHQWV�H ��� � ∈>���@��VSHFLI\LQJ�WKH�H[SHFWHG�LQIOXHQFH�RI�DWWULEXWH�D�WR�WKH�YDOXH�GULYHU�Y��
WKH�YDOXH���LQGLFDWHV�QR�LQIOXHQFH��DQG���YHU\�LPSRUWDQW�LQIOXHQFH��$�VPDOO�IUDJPHQW�
RI� $9'0�� ZKLFK� GHILQHV� WKH� DWWULEXWH�YDOXH�GULYHU� UHODWLRQVKLS� IRU� JRYHUQPHQWDO�
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FOLHQWV��LV�SUHVHQWHG�LQ�7DEOH����)RU�WKLV�W\SH�RI�PRGHO��WKH�H[SHUW�DFWXDOO\�GHYHORSHG�
WKUHH� VXFK� PDWULFHV�� HVWLPDWLQJ� WKH� W\SLFDO� YDOXH� GULYHUV� IRU� WKUHH� W\SHV� RI� FOLHQWV��
*RYHUQPHQW��'HYHORSPHQW��DQG�2ZQHU�2FFXSLHU��
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)LJXUH���7ZR�VWDJH�HYDOXDWLRQ�VFKHPD�RI�WKH�([FHO�0RGHO�

7DEOH���$�SDUW�RI�DWWULEXWH�YDOXH�GULYHU�PDWUL[�IRU�JRYHUQPHQWDO�FOLHQWV�

9DOXH�'ULYHUV�

$WWULEXWHV� 3URIL
W�

6KDUHKOG��
9DOXH�

6DIHW\� %HVW�
3UDFWLFH�

)OH[LELO�
LW\�

2FFXpants’ 
1HHGV�

$��3URMHFW�,PDJH� �� �� �� �� �� ��
$��3URMHFW�1DPH� �� �� �� �� �� ��

'��2YHUDOO�+HLJKW� �� �� �� �� �� ��
'��1XPEHU�RI�)ORRUV� �� �� �� �� �� ��
�

,Q�WKH�DEVHQFH�RI�GHGLFDWHG�'6�VRIWZDUH�VXLWDEOH�IRU�WKLV�NLQG�RI�WZR�VWDJH�PRGHO�
LQJ�� WKLV�PRGHO�ZDV� LPSOHPHQWHG�XVLQJ�0LFURVRIW�([FHO��)LJXUH���VKRZV�D�IHZ�PRVW�
HVVHQWLDO�SDUWV�RI�WKLV�IDLUO\�ODUJH�VSUHDGVKHHW�–�KLGLQJ�VHYHUDO�FROXPQV�DQG�PRVW�RI�WKH�
1 ���� DWWULEXWHV�� ,QSXW� WR� WKH� HYDOXDWLRQ� LV� VSHFLILHG� LQ� FROXPQ� -�E\�RI�SUHIHUHQFHV�
S � ∈>���@��GHILQHG�IRU�HDFK�DWWULEXWH�D��7KHUH�DUH�IRXU�HVVHQWLDO�RXWSXWV�RI�WKH�PRGHO��

��� $EVROXWH�DQG�UHODWLYH�ZHLJKWV�RI�YDOXH�GULYHUV� �VHH�)LJXUH����FROXPQV�)�DQG�*��
URZV�����DQG�EHORZ���7KHVH�DUH�REWDLQHG�IURP�$9'0��)RU�HDFK�YDOXH�GULYHU�Y��
LWV�DEVROXWH�ZHLJKW�: � �LV�GHILQHG�DV� �

∑
=

=
h

i j
i

j
H:

1
, �

5HODWLYH�ZHLJKWV�DUH�WKHQ�SURSRUWLRQDOO\�QRUPDOLVHG�WR�WKH�>���@�VFDOH��
��� $EVROXWH� DQG� UHODWLYH� HYDOXDWLRQ� RI� YDOXH� GULYHUV� �FROXPQV�.� DQG�/�� URZV�����

DQG�EHORZ���7Kese are obtained from building’s preferences S�DQG�WDNLQJ�LQWR�DF�
FRXQW�HOHPHQWV�H�RI�$9'0��$JDLQ��UHODWLYH�HYDOXDWLRQ�LV�REWDLQHG�E\�QRUPDOLVD�
WLRQ�IURP�WKH�IROORZLQJ�DEVROXWH�HYDOXDWLRQ�� �

∑
=

=
h

i
i

j
i

j
SH(

1
, �
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��� 2YHUDOO�HYDOXDWLRQ��-�����.������)LQDO�HVWLPation of the building’s utility to the 
FOLHQW�� ,W� LV�REWDLQHG�E\�D�ERWWRP�XS�DJJUHJDWLRQ�RI� LQGLYLGXDO�( � ’s weighted by 
: � ’s aFFRUGLQJ�WR�WKH�KLHUDUFKLFDO�VWUXFWXUH�RI�YDOXH�GULYHUV��

��� :KDW�LI� DQDO\VLV� �FROXPQV�.�DQG�/�� URZV��� WR������)RU� HDFK� DWWULEXWH�� LW� VKRZV�
KRZ�ZRXOG� WKH�FKDQJH�RI�WKDW�DWWULEXWH�E\�RQH�XQLW�LQIOXHQFH�WKH�RYHUDOO�HYDOXD�
WLRQ�RI� WKH�EXLOGLQJ��)RU�H[DPSOH��WKH�LPSURYHPHQW�RI�WKH�DWWULEXWH�$��/RFDWLRQ�
from 4 to 5 would improve the overall evaluation by 45 absolute “points” or, in 
UHODWLYH�WHUPV��E\��������

�

�

)LJXUH����$Q�H[FHUSW�IURP�WKH�([FHO�0RGHO�

�

�

)LJXUH����+,9,(:�0RGHO��+LHUDUFKLFDO�VWUXFWXUH�RI�YDULDEOHV�DQG�D�PDS�
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+,9,(:�0RGHO�

,Q�WKH�VHFRQG�'6�PRGHO��WKH�DLP�ZDV�WR�H[SORUH�D�GLIIHUHQW�ZD\�RI�FRPELQLQJ�DWWULE�
utes and value drivers. Instead of the Excel Model’s two�ZD\� VHTXHQWLDO� SURFHGXUH��
WKH\�ZHUH�HYDOXDWHG�LQ�SDUDOOHO��E\�FRPELQLQJ�WZR�KLHUDUFKLHV�RI�SUHIHUHQFH�YDULDEOHV��
RQH�FRQVLVWLQJ�RI�DWWULEXWHV�DQG�WKH�RWKHU�FRQVLVWLQJ�RI�YDOXH�GULYHUV��7KH�KLHUDUFK\�RI�
DWWULEXWHV�ZDV�GHILQHG�LQ�OHVV�GHWDLO�WKDQ�SUHYLRXVO\��XVLQJ�RQO\����WRS�OHYHO�DWWULEXWHV�
�)LJXUH�����7KH�HVVHQWLDO�FKDUDFWHULVWLF�RI�WKLV�PRGHO�LV�WKDW�LW�IDFLOLWDWHV�D�GLUHFW�DQDO\�
VLV�RI�WKH�UHODWLRQVKLS�EHWZHHQ�DWWULEXWHV�DQG�YDOXH�GULYHUV�XVLQJ�PDSV��$OVR��+,9,(:�
SURYLGHV�WRROV�IRU�VHQVLWLYLW\�DQDO\VLV��ZKLFK�DUH�SDUWLFXODUO\�VXLWDEOH�IRU�WKLV�SUREOHP��
�
'(;L�0RGHO�

7KH�WKLUG�'6�PRGHO�SURGXFHG�LV�WKH�OHDVW�GHWDLOHG�RQH��,W�LQYROYHV�RQO\�YDOXH�GULYHUV��
ZKLFK� DUH� UHSUHVHQWHG� E\� D� IRXU�OHYHO� KLHUDUFK\� �)LJXUH� ����$OO� WKH� YDULDEOHV� LQ� WKH�
KLHUDUFK\�DUH�TXDOLWDWLYH��L�H���WKH\�DVVHVV�DQG�HYDOXDWH�YDOXH�GULYHUV�XVLQJ�TXDOLWDWLYH�
GHVFULSWLYH�YDOXHV�� VXFK�DV��XQDFFHSWDEOH��DFFHSWDEOH��JRRG��H[FHOOHQW��7KH�DJJUHJD�
WLRQ�LV�FDUULHG�RXW�E\�H[SHUW�GHILQHG�LI�WKHQ�GHFLVLRQ�UXOHV��

7KLV�PRGHO� LV� EHVW� VXLWHG� IRU� D� TXLFN�� TXDOLWDWLYH� DQDO\VLV� RI� YDOXH� GULYHUV�� HVSH�
FLDOO\� ZKHQ� FRPSDULQJ� GLIIHUHQW� EXLOGLQJV� DQG� WKHLU� YDULDQWV�� 7KH� PRGHO� VXSSRUWV�
ZKDW�LI� DQDO\VLV� DQG� FDQ� UHSUHVHQW� HYDOXDWLRQ� UHVXOWV� XVLQJ� UDGDU� FKDUWV� �)LJXUH� ����
)XUWKHUmore, since DEXi’s evaluation mechanism can deal with misVLQJ�GDWD��WKLV�LV�
WKH�RQO\�PRGHO�RI�WKH�WKUHH�WKDW�FDQ�SURGXFH�UHVXOWV�–�DOEHLW�OHVV�SUHFLVH�–�HYHQ�ZKHQ�
some client’s value drivers are unknown.�
�

�

)LJXUH����'(;L�0RGHO��+LHUDUFK\�RI�YDOXH�GULYHUV�DQG�UDGDU�FKDUWV�

�
���� (YDOXDWLRQ�

7R�GDWH��WKH�HYDOXDWLRQ�RI�WKH�PRGHOV�ZDV�EDVHG�VROHO\�RQ�IHHGEDFN�IURP�WKH�EXLOGLQJ�
FRQVWUXFWLRQ�H[SHUW��$IWHU� WKH�PRGHOV�ZHUH�SUHVHQWHG�DQG�GLVFXVVHG�� WKH�H[SHUW�JDYH�
WKH�IROORZLQJ�FRPPHQWV��

branax
96



³7KH�GDWD�PLQLQJ�DQG�GHFLVLRQ�VXSSRUW�WHFKQLTXHV�XVHG�RQ�WKLV�SURMHFW�KDYH�EHHQ�

H[WUHPHO\� YDOXDEOH� WR�PH�SHUVRQDOO\�DV�ZHOO� DV� WKH�(&�+DUULV�RUJDQL]DWLRQ�DQG�

GHVSLWH� WKH� UHODWLYHO\� OLPLWHG� SRRO� RI� GDWD� DQG� WLPH� DYDLODEOH� KDYH� VWLOO� DGGHG�

YDOXH�WR�WKH�ZRUN�WKDW�ZH�ZHUH�DOUHDG\�GRLQJ��7KH�LQLWLDO�H[SHFWDWLRQV�KDYH�EHHQ�

IXOILOOHG��ZLWK�WKH�NH\�EHQHILWV�EHLQJ��

• ([LVWLQJ�ZRUN�E\�(&�+DUULV�ZDV�YDOLGDWHG��

• 6RPH�QHZ�OLQNV�EHWZHHQ�DWWULEXWHV�ZHUH�GLVFRYHUHG��

• &OLHQW�YDOXHV�OLQNHG�WR�WDQJLEOH�DWWULEXWHV��

• &RQFHSW�YDOXH�YV��DWWULEXWH�PRGHO�FUHDWHG��

• (VWDEOLVKHG�SRWHQWLDO�IRU�IXWXUH�GDWD�PLQLQJ�DQG�GHFLVLRQ�VXSSRUW�´�

�
���� 'HSOR\PHQW�

7R�GDWH�QRQH�RI�WKH�PRGHOV�KDYH�EHHQ�GHSOR\HG�LQ�WKH�(&�+DUULV�RUJDQL]DWLRQ��7KHUH�
DUH�SODQV�WR�SHUIRUP�IXUWKHU�PRGHOLQJ��DQG�SRWHQWLDOO\�GHSOR\�VRPH�RI�WKH�PRGHOV��

��� 'LVFXVVLRQ�

7KH�LQSXWV�WR�WKLV�SURMHFW�ZHUH�GDWD�DERXW�WKH�FRQVWUXFWLRQ�RI�ODUJH�DQG�WDOO�EXLOGLQJV��
DV�ZHOO�DV�H[SHUW�RSLQLRQ�RQ�WKH�YDOXHV�RI�DVSHFWV�RI�WKHVH�EXLOGLQJV�IRU�WKHLU�RZQHUV��
7KH� GDWD� FRQWDLQHG� ���� DWWULEXWHV�� DQG� RI� WZR� W\SHV� RI� UHFRUGV�� ���� ��� H[SHUW�
DVVHPEOHG�EHQFKPDUN�EXLOGLQJV��ZKLFK�ZHUH�FUHDWHG� IURP�H[SHULHQFH�ZLWKLQ� WKH�(&�
+DUULV�RUJDQL]DWLRQ�� DQG� �������SDUWLDOO\�FRPSOHWH� UHFRUGV�RI� UHDO�EXLOGLQJ�FRQVWUXF�
WLRQ�SURMHFWV�RU�WKHLU�GHVLJQV��,W�ZDV�UHPDUNDEOH�WKDW�WKH�H[SHUW�ZDV�DEOH�WR�FRPSOHWH�
WKH� DVVLJQPHQW� RI� YDOXHV� WR� RYHU� WHQ� WKRXVDQG� LWHPV� LQ� OHVV� WKDQ� ��� KRXUV�� )XUWKHU�
PRUH�� WKH� DQDO\VHV� RI� WKH� YDOXH� GDWD� VKRZHG� WKDW� WKH� DVVLJQPHQWV� ZHUH� UHDVRQDEO\�
FRQVLVWHQW��

7KH�EURDG�JRDOV�RI�WKH�SURMHFW�ZHUH�WR������H[SORUH�LQ�GHWDLO�UHOHYDQW�GDWD�IRU�IXUWKHU�
NQRZOHGJH�GHYHORSPHQW������LGHQWLI\�DQG�DUWLFXODWH�WKH�NH\�LVVXHV�DURXQG�YDOXH�GULY�
HUV�LQ�FRQVWUXFWLRQ��DQG�����EXLOG�PRGHOV�IRU�XVH�LQ�D�GHFLVLRQ�VXSSRUW�V\VWHP��7KHVH�
REMHFWLYHV�ZHUH�FRQVLGHUHG�WR�KDYH�EHHQ�DFKLHYHG�E\�WKH�EXLOGLQJ�H[SHUW��

,Q�ZKDW�IROORZV�ZH�KLJKOLJKW�VRPH�RI�WKH�DFKLHYHPHQWV�RI�WKH�SURMHFW��
�

$WWULEXWH�PDSSLQJ�VWUDWHJLHV��7ZR�PDLQ�PDSSLQJ�VWUDWHJLHV�ZHUH�GHYHORSHG��7KH�ILUVW�
ZDV� WKH�PDSSLQJ�EXLOGLQJ�DWWULEXWHV� WR� WKH�HYDOXDWLRQ�RI� WKH�EXLOGLQJ�ZLWK�UHVSHFW� WR�
the client’s values. The seFRQG�ZDV�WKH�PDSSLQJ�RI�DWWULEXWHV�WR�WKH�W\SH�RI�EXLOGLQJ��
�

'HFLVLRQ�0RGHOV�ZLWK�WZR�VWDJHV�RI�HYDOXDWLRQ��'HFLVLRQ�0RGHOV�ZHUH�SURGXFHG�WKDW�
XWLOL]HG�D�WZR�VWDWH�HYDOXDWLRQ�SURFHGXUH�LQ�ZKLFK�EXLOGLQJ�FRQVWUXFWLRQ�SURMHFW�DWWULE�
XWHV� DUH� PDSSHG� WR� DQ� RYHUDOO� HYDOXDWLRQ�� 7KLV� LV� SHUIRUPHG� E\� D� WZR�VWDJH� OLQHDU�
DJJUHJDWLRQ� SURFHGXUH� �UHIHU� EDFN� WR� )LJXUH� ���� )LUVW�� WKH� YDOXHV� RI� DWWULEXWHV� DUH�
PDSSHG� LQWR� ��� FULWHULD�� ZKLFK� UHSUHVHQW� YDOXH� GULYHUV�� ,Q� WKH� VHFRQG� VWDJH�� WKHVH��
DFFRUGLQJ� WR� WKHLU�RZQ�KLHUDUFKLFDO�VWUXFWXUH��DUH�DJJUHJDWHG� LQWR� WKH�RYHUDOO�HYDOXD�
WLRQ��$OO�WKH�YDULDEOHV�LQ�WKH�PRGHO�DUH�FRQWLQXRXV��
�
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&RPELQLQJ�'DWD�0LQLQJ�DQG�'HFLVLRQ�6XSSRUW�PRGHOV��7KH�WZR�PDSSLQJ�VWUDWHJLHV��
RXWOLQHG�DERYH��ZHUH�SHUIRUPHG�XVLQJ� WZR�GLIIHUHQW�DQDO\VLV�DSSURDFKHV��7KH�GHYHO�
RSPHQW� RI� WKH� YDOXH� GULYHUV�PRGHOV�ZDV� SHUIRUPHG�XVLQJ�'6��ZKLOH� WKH�PRGHOV� IRU�
PDSSLQJ�DWWULEXWHV� WR�EXLOGLQJ� W\SHV�ZHUH�SURGXFHG�E\�'0��%RWK�RI� WKH�DSSURDFKHV�
XVH��LQ�SDUW��VLPLODU�LQSXW�DWWULEXWHV��7KLV�JLYHV�ULVH�WR�D�QRYHO�RSSRUWXQLW\�WR�FRPELQH�
WKH�WZR�DSSURDFKHV��)LJXUH�����

Decision Support Data Mining

Building Construction
Project Attributes

Models for 
Building Feasibility

Models for 
Client Value

Building 
Designs to 
maximise
Client ����� ���

Feasible
Building 
Designs

����� ���	�
�� �
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�� �

Qua
lity

Size

S
ha

pe

�

)LJXUH���&RPELQLQJ�'HFLVLRQ�6XSSRUW�DQG�'DWD�0LQLQJ�0RGHOV�

7KH� FRPELQDWLRQ� RI� WKH�'0�DQG�'6�PRGHOV� VXJJHVWV� D� GHYHORSPHQW� RI� GHFLVLRQ�
VXSSRUW�V\VWHP�WR�DVVLVW�FOLHQWV�LQ�FKRRVLQJ�WKHLU�PRVW�VXLWDEOH�EXLOGLQJ�W\SH��$�FOLHQW�
–�ZLWK� WKH�KHOS�RI�D�EXLOGLQJ�H[SHUW�–�FDQ�DUWLFXODWH�KLV�YDOXHV�RQ� WKH�DWWULEXWHV� WKDW�
KDYH�EHHQ�VHOHFWHG��7KHVH�YDOXHV�FDQ�EH�PD[LPL]HG�XVLQJ�WKH�GHFLVLRQ�VXSSRUW�PRG�
HOV��+DYLQJ�FKRVHQ�WKH�DWWULEXWHV��WKH�GDWD�PLQLQJ�PRGHOV�FDQ�WKHQ�EH�XVHG�WR�VXJJHVW�
ZKHWKHU�VXFK�D�EXLOGLQJ�SURMHFW�LV�EURDGO\�IHDVLEOH��7KLV�SURFHVV�FDQ�EH�UHSHDWHG�IXU�
WKHU�XQWLO�WKH�FOLHQW�LV�VDWLVILHG�ZLWK�D�EXLOGLQJ�W\SH��

�
$�JHQHULF�IUDPHZRUN�IRU�DQDO\VLQJ�YDOXH�GULYHUV�IRU�EXVLQHVV��7KH�SURFHGXUH�XWLOL]HG�
LQ� SURGXFLQJ� GHFLVLRQ�PRGHOV� IRU�YDOXH�GULYHUV� FRXOG�EH�GHSOR\HG� LQ�RWKHU�EXVLQHVV�
HQYLURQPHQWV��

��� )XWXUH�:RUN�

7KH�H[HFXWLRQ�RI� WKLV�SURMHFW�KDV�–�DV� LV�FRPPRQ�–�SURYLGHG�PDQ\�LQVLJKWV��EXW�KDV�
DOVR�OHDG�WR�QHZ�TXHVWLRQV�DQG�GLUHFWLRQV�IRU�IXWXUH�ZRUN��6RPH�RI�WKH�GLUHFWLRQV�DUH�
VSHFLILF�WR�WKH�SUREOHPV�WDFNOHG�LQ�WKH�SURMHFW��ZKLOH�RWKHUV�KDYH�EURDGHU�DSSOLFDELOLW\��
6RPH�GLUHFWLRQV�DUH�OLVWHG�EHORZ��

• 6LPSOLILFDWLRQ�RI�0RGHOV�
• $QDO\VLV�RI�GHVLJQ�FRQVWUDLQWV�DQG�EXLOGLQJ�SURMHFW�IHDVLELOLW\�
• ,QWHJUDWLQJ�'(;L�PRGHOV�ZLWK�WKH�([FHO�PRGHOV�
• (VWDEOLVK�PDSSLQJV�IURP�$WWULEXWHV�WR�WKH�SUHIHUHQFHV�RI�DWWULEXWHV��
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• )XUWKHU�GHYHORS�DQG�H[WHQG�D�IUDPHZRUN�IRU�WKH�JHQHULF�DQDO\VLV�RI�YDOXH�GULYHUV�LQ�EXVL�
QHVV��

'XH�WR�VSDFH�FRQVWUDLQWV��QRQH�RI�WKHVH�GLUHFWLRQV�DUH�GLVFXVVHG�LQ�DQ\�GHWDLO��

���&RQFOXVLRQV�

7KH�REMHFWLYH�RI�WKLV�ZRUN�ZDV�WR�HPSOR\�WKH�WRROV�DQG�WHFKQLTXHV�RI�WZR�UHODWHG�GLV�
FLSOLQHV�–�'DWD�0LQLQJ�DQG�'HFLVLRQ�6XSSRUW�–�WR�WKH�VROXWLRQ�RI�WKH�SUDFWLFDO�SUREOHP�
RI�NQRZOHGJH�GHYHORSPHQW�DQG�DUWLFXODWLRQ�LQ�WKH�GRPDLQ�RI�WKH�EXLOGLQJ�FRQVWUXFWLRQ�
RI�ODUJH�DQG�WDOO�EXLOGLQJV��

'DWD�0LQLQJ�WHFKQLTXHV�SURGXFHG�PRGHOV�WKDW�YDOLGDWHG�H[LVWLQJ�H[SHUW�DQDO\VHV��DV�
ZHOO�DV�SURYLGLQJ�VRPH�QHZ�LQVLJKWV��6LJQLILFDQW�PRGHOV��KRZHYHU��ZHUH�SURGXFHG�E\�
'HFLVLRQ�6XSSRUW�WHFKQLTXHV��WR�EH�XVHG�LQ�RSWLPL]LQJ�WKH�SHUFHLYHG�YDOXH�RI�SRVVLEOH�
EXLOGLQJ�SURMHFWV�E\�FOLHQWV��7KH�RULJLQDO�PRGHOLQJ�REMHFWLYHV�ZHUH�DFKLHYHG�ZLWK�WKH�
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Abstract� This contribution presents a parametric variant of committee�
�based selective sampling� The committee members learned on small sub�
sets obtained by random sampling from the original dataset are used to
classify the rest of the dataset� Those examples on which the committee
came to consensus are considered to be easy� the others to be hard� The
main idea is to select the resulting training subset with a di�erent ratio
of easy to hard examples� In the second part of the paper meta�learning
technique for parameter setting is introduced and experimental results
obtained with it are discussed� This selective sampling method has been
proven useful in reducing the learning time while keeping the accuracy
at a better level than random selection does� The meta�learning method
for parameter settings displays fairly low ranking error and is su�cient
for a reliable and immediate prediction of parameters�

� Introduction

Instance selection methods are aimed at �nding a representative subset of train�
ing data which would be smaller than the original dataset� but still would provide
enough information to achieve an accurate model� Three main motivations can
be found for reducing the number of training examples� The �rst reason could
be that a su�cient amount of labeled examples is di�cult to obtain	 a problem
frequently faced in natural language processing� If we cannot rely on unsuper�
vised learning and examples should be annotated manually by a human� then
we need to save the annotation costs 
�� ��

The second� quite an opposite situation arises when we have a cheap access
to a large� or even potentially unlimited amount of training data� It happens
when our data mining task can be solved with an unsupervised or implicitly
supervised approach 
�� But still� we need to select a �nite training subset of
reasonable size since we are always limited in learning time�

And the third convenience for a selection of training examples comes up
when the learning on a whole dataset leads to a huge model� This can be caused
either by presence of noisy examples or outliers in the training data 
�� or by
an inherent property of the given learning algorithm� Instance�based learning
algorithms are clearly the case� but also for several other algorithms �including
tree construction ones such as C���� and rule construction ones such as C���rules�
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it has been observed 
� that increasing the amount of data used to build a
model often results in a linear increase in model size� although that additional
complexity results in no signi�cant increase in model accuracy� Therefore� a
selection of training data could help us to make the model more compact and
concise�

This work was motivated by the fact that for large datasets which are being
treated in data mining the experiments took too much time� Therefore� our pri�
mary goal was to decrease the learning time �and perhaps the model size� while
keeping the error rate as low as possible	 a goal perfectly addressed by selective
sampling� Selective sampling proceeds� in general� by measuring the informa�
tion content of each training example� The objective is to select those examples
which could provide the most informative description of a target concept being
learned� The measure of information content can be either uncertainty�based 
�
or committee�based 
�� Approaches based on uncertainty often derive an explicit
measure of the expected information gained by using the example� However� the
main drawback of these approaches is that they are usually dependent on a
particular learning algorithm� Since we have been concerned with a simple selec�
tive sampling technique which could be easily applied to many di�erent learning
algorithms� we gave precedence to the committee�based approach�

The structure of this paper is as follows� In Section � we �rst explain the
main idea of our variant of selective sampling and then describe the algorithm�
Discussion on speed up of this way of sampling follows� Section � brings exper�
imental veri�cation of usefulness of this selective sampling method� The second
part of this paper concerns settings of parameters of the method� In Section � we
describe the meta�learning method used� Section � displays the results obtained
by meta�learning�

� Committee�Based Selective Sampling

��� General scheme

The general scheme of our variant of selective sampling driven by committee of
classi�ers is as follows� In the beginning� we learn a set of several fast classi�ers
� members of the committee� Then� we let the committee make a decision about
each given training example� which means that each member has to classify the
example according to its own knowledge about the target concept� Thus� we
get several �possibly di�erent� class predictions for each example� Hence� the
information content of the example is evaluated as a measure of disagreement
among the committee members� For �nal training we select a subset of examples
with highest information content�

If we want to devise a particular variant of committee�based selective sam�
pling� several questions should be answered�

�� How many committee members do we need�
�� How to choose the committee members�
�� How to measure the disagreement among committee members�
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�� How to select the resulting subset of training examples�

Our parametric variant of committee�based selective sampling adopts the fol�
lowing solution� It presumes that we have a fast �low complexity� learning algo�
rithm Ainit which we use for training initial classi�ers �committee members� and
a slow �but robust� learning algorithm A�nal which we use for training the �nal
classi�er� Both training and prediction times of the initial classi�ers are impor�
tant� due to the fact that predictions on the whole dataset have to be obtained��

Our method treats the number of committee members as a �xed parameter N �
The committee members are established by learning on small subsets obtained
by random sampling from the original dataset� The size of these small subsets
is given by another parameter I � Our measure of disagreement is rather rough�
since we distinguish only two categories� a complete consensus and a dissension�
Those examples on which the committee came to a consensus are considered
to be easy� while the others are considered to be hard� The main idea of our
method is to select the resulting training subset in such a way that the ratio of
easy to hard examples in the resulting subset is computed as a function of the
corresponding ratio which was observed in the initial dataset� As this function
we simply took a multiplication by a coe�cient X � The values � � X � � mean
that we want to decrease the ratio of easy examples in the �nal subset �actually�
X � � implies no easy examples there�� On the other hand� the values X � �
mean that we intend to add even more easy examples to the �nal subset� Note
that the value X � � results in no change of the easy�hard ratio� therefore this
setting corresponds to random sampling� Another parameter F determines the
size of the �nal training subset�

��� Algorithm

We can already see that our selective sampling technique is parameterised by
four numerical values�

N � a number of initial classi�ers �members of the committee�
I � a size of the initial training subset used for learning initial classi�ers
F � a size of the �nal training subset used for learning a �nal classi�er
X � a coe�cient for modifying the original ratio of easy to hard examples

More formally� our example selection works as follows�

�� The number of committee members is given by a parameter N � N � ��
�� From the given training set we draw randomly an initial subset of the relative

size I � � � I � �� as a fraction of the original dataset� The initial subset is
randomly split into N blocks and each block is used for training one initial
classi�er with a learning algorithm Ainit�

� However� this need not be the case� In Section ��
 we describe an improvement of
our basic method which estimates the size of a subset su�cient for submitting to
the committee�
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�� Each initial classi�er is applied to the whole training set� Therefore� we obtain
N class predictions for each example� Those examples which were classi�ed
consistently �it means that all N predictions were identical� are considered
as easy ones while the others are considered as hard ones� Let�s denote the
ratio of easy to hard examples as e�h�

�� We select randomly a �nal training subset so that its ratio of easy to hard

examples is given by the expressionX �e�h where the coe�cient X � X � �� is
another �xed parameter� The �nal subset�s size is determined by a parameter
F � � � F � �� as a fraction of the original dataset� The �nal subset is used
for training a �nal classi�er with a learning algorithm A�nal�

It is not di�cult to guess that a particular setting of the parameters presented
above has an important impact on performance of the method� The appropriate
parameter setting is not a trivial task since it depends not only on properties
of the dataset at hand� but also on our preferences with regard to the learning
time� the precision of learned model� and the model size�

��� Speeding up the Sampling

In the previous description of our basic sampling algorithm we have stated �
for the sake of simplicity � that the committee should give class predictions
on the whole dataset� On the contrary to this� for the �nal subset we want to
select only a certain �possibly small� amount of original training examples� Of
course� it makes many computed predictions redundant and� as a consequence�
it means that we would waste computational time for the sampling� Although
the initial classi�ers are assumed to be fast� they need some time to predict the
target class� Considering that we want to sample from large datasets and the
number of committee members can be higher as well� we have concerned us with
the question if there is a possibility to estimate the size of a subset of original
dataset which would be su�cient for subsequent processing�

Let s denotes the size of an original dataset� Then we know that the �nal
subset must contain F � s examples�� It implies that the committee should give
class predictions on F � s examples� at least� So� we run the committee on these
F � s examples and �nd out that e� examples out of them are easy and h� are
hard� e�� h� � F � s� From the fourth step of the basic algorithm in Section ���
we already know that e��h� � X � e��h� where e� and h� denote the required
numbers of easy and hard examples in the �nal subset� respectively� But� at the
same time� e� � h� � F � s� It follows that

e� �
X � e� � �e� � h��

X � e� � h�
� h� �

h� � �e� � h��

X � e� � h�
�

Now if h� � h� �which means X � �� then we need to �nd some additional
hard examples� otherwise� if e� � e� �which means X � �� then we need to �nd
some additional easy examples� Therefore� in the former case� it su�ces to let the

� Rounding to whole numbers is omitted in this section�
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committee judge �h��h�� ��e��h���� additional examples to obtain h��h� new
hard examples� and� in the latter case� it su�ces to judge �e� � e�� � �h��e� ���
additional examples to obtain e��e� new easy examples� Of course� an important
point here is that we assume the distribution of easy and hard examples to be
the same on the whole original dataset�

This improvement of our basic method makes the sampling algorithm two�
�fold� at �rst� the committee is applied to F �s examples� and then it is run on an
additional block of data� whose size is determined by the result of the �rst run�
As an asset� the committee does not need to explore the whole given dataset�
which signi�cantly saves sampling time in many cases�

� Experimental Results of Selective Sampling

Table �� The comparison of results achieved on whole dataset WD�� by selective
sampling SS�� and by random sampling RS�� The initial algorithm Ainit was c��tree

and the �nal algorithm A�nal was c��boost� The parameters of selective sampling were
set as follows� N � �� I � ���� F � ���� and X � ���� The random sampling was set to
select the same resulting fraction of data �����

Dataset Total Time sec� Model Size Error Rate ��
WD SS RS WD SS RS WD SS RS

adult �
��
 ���
 ���� �
��� ���� ���� ����� ����� ���


letter ���� ���
 ���
 ����� ���� ���� ���� ���� ���

optical �
�� ���� ��� ���� ���� ��� ���� 
��
 ����
pendigits 
��� ��� ��� ���
 ���� ��� ���� ���� ����
quisclas ���� ��
 ��� ���� ���� ���
 
���� 
���� 
����
satimage ���� ���� ��� ���� �
�� ��� ���� ���� ���
�

Table �� The similar experiment as above� but for the �nal algorithm c��rules� The
parameters of selective sampling were set here as follows� N � �� I � ���� F � ���� and
X � ���� The random sampling was set again to select the same resulting fraction of
data �����

Dataset Total Time sec� Model Size Error Rate ��
WD SS RS WD SS RS WD SS RS

adult ���
 ���� ���� 
�� ��� ��� �
��� ���
� �����
letter �
��� ���� ���
 ���� ��� ��� ����
 ���
� �����
optical ���� 
�
 ��� ��� ��� �� ���� ����� �
���
pendigits ���� 
�� ��� ��� ��� ��� 
��� ���� ����
quisclas ���� 
�� ��� ��� ��� ��� 
��
� 
���� 
����
satimage ���� 
�� ��� ��� �
� ��� �
�
� ����� �����

At �rst� we shall show that the selective sampling method really selects repre�
sentative subsets of the training data� A better quality of the dataset obtained
by selective sampling displays a better accuracy of the learned model when com�
pared to the random sampling� In our experiments we tried a family of C��� 
�
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algorithms�� While c��tree has been used as an initial learner� we have used
c��boost and c��rules as �nal learners� corresponding results on several datasets
explored inside the MetaL project� are shown in Tables � and �� respectively�
These tables show results concerning the total time� the size of learned model�
and its error rate on a test set� All numbers were computed through ���fold
cross�validation� We can see that the error rate achieved by selective sampling
remains in many cases close to the original error rate� For adult dataset it even
decreased� when c��boost has been used as a �nal learner� Furthermore� selective
sampling is always better than random sampling in terms of accuracy� except for
quisclas dataset �which has an excessive error rate on the whole dataset� either��
However� it should be noted that this singularity of quisclas dataset does not
mean that the selective sampling is not useful for it at all� If we use c��boost as
the �nal learner and choose a di�erent setting� namely N � �� I � ��	� F � ��	�
and X � ��	� then we get the following results� Total Time 
��� Model Size ��	��
and Error Rate 	����� Thus� the accuracy of selective sampling is better than of
random sampling for quisclas as well� but we must hit the appropriate parameter
setting�

As for the reduction of model size� often the selective sampling is almost as
successful as the random sampling� For adult dataset with c��boost as a �nal
learner and quisclas dataset with c��rules as a �nal learner� the selective sampling
produced even smaller model than random sampling did�

Nevertheless� the most signi�cant is the reduction of total time� The total
time comprises the time taken by sampling� training and testing together� It
means that in the case of selective sampling the total time subsumes also the
time spent on learning and application of initial classi�ers� Consequently� the
random sampling is a bit faster� but the extra time spent on selective sampling
seems to be really useful� considering the better preserved accuracy� The main
asset of time reduction does not rest in the fact that we are able to shrink
the total time from ���
 to ���� seconds� but the important thing is that ��� �
�time reduction with no considerable decrease in accuracy can help the learning
algorithm to scale up to signi�cantly larger datasets�

The results and discussion presented above concern the settings X � �� when
hard examples are being added to the �nal subset� We have also tried the settings
X � �� which means to add easy examples� These settings resulted in a greater
reduction of the total time as well as the model size� however� the accuracy was
worse than that of random sampling�

� Meta�Learning for Parameter Setting

��� Ranking Function

As we could see earlier� particularly in the discussion about �abnormal� quisclas

dataset� the performance of our selective sampling method strongly depends on

� http���www�rulequest�com
� http���www�metal�kdd�org
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the setting of its parameters� Table � demonstrates the impact of parameter X
�the coe�cient for modifying the original ratio of easy to hard examples� on the
performance criteria� It is not surprising that the demand on a fast processing
and small model goes against the demand on a high accuracy�

Table �� The impact of parameter X on the resulting time� model size and error rate�
shown on satimage dataset with c��tree as an initial learner and c��boost as a �nal
learner� The resting parameters are �xed to these values� N � �� I � ���� and F � ����
The expression e��h� denotes the original observed� ratio of easy to hard examples
whereas the expression e��h� refers to the resulting computed� ratio� The following
time values are listed� T� � sampling time� T� � training time� T� � testing time� and
T � total time� Selective sampling with the setting X � ��� corresponds to random
sampling� therefore the sampling time is considered to be zero�

X e��h� e��h� T� T� T� T Size Error

��� �
���
�� �������� ��� ���� ��� ���� �
�� ����
��� �
���
�� ������� ��� ���� ��� ���� ���� �����
��
 �
���
�� ������� ��� ��� ��� ���� ���� �����
��� �
���
�� �������� ��� ��� ��� ���� ���� �����
��� �
���
�� �������� ��� ��� ��� ���� ���� �����
��� �
���
�� �������� ��
 ��
 ��� ��� ���� �����
��� �
���
�� �������� ��� ��� ��� ��� ���� ���
�
��� �
���
�� �
������ ��� ��� ��� ��� ���� �����
��� �
���
�� �
���
�� ��� ��� ��� ��� ��� ����

��� �
���
�� �
���
�� ��� ��� ��� ��� ��� ���
�

Therefore� it is clear that search for the best parameters needs to take into con�
sideration not only the properties �the meta�characterisations� of the particular
dataset� but also our preferences with regard to some performance criteria �time�
accuracy� model size�� This observation naturally leads to ranking techniques�
Considering our experimental purposes we have resorted to very simple ranking
function which takes into account just time and error rate and not model size�

R�K�Ts�Tw� Es�Ew� � K � �Ts�Tw� � ���K� � �Es�Ew�

Here Ts and Tw are the total times achieved by learning from a sample and by
learning from a whole dataset� respectively� Similarly� Es and Ew are the error
rates achieved by learning from a sample and by learning from a whole dataset�
respectively� And �nally� K� � � K � � is a balance parameter� K � � means
that we are interested only in accuracy and� on the contrary� K � � means
that we regard the total time only� We always want to minimise this ranking
function�s value�

��� Generation of Meta�Learning Data

As the meta�data characteristics of a dataset we have exploited a learning time
Tp� a model size Sp� and an error rate Ep of a pilot classi�er� The pilot classi�er
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was a classi�er attained by learning with the initial algorithm Ainit on a random
sample of a small� �xed size ����� The choice of these meta�attributes was mo�
tivated by the fact that these characteristics are cheaper than most of statistical
and information�theory measures to obtain� and also by our belief that for our
purpose they will serve comparably well�

Then� we have run the selective sampling on six datasets with various set�
tings to �nd out corresponding values of total time Ts and error rate Es� As
for the tested settings� the values of their particular parameters were drawn
from these enumerations� N � f�� 	� �g� I � f���� ���� ��	g� F � ��	� and X �
f���� ���� ��	� ���� ���� ���� ���� ���� ��
� ���g� All combinations of these values were
tested� From all the obtained results we have compiled examples for learning
a meta�model� Figure � shows an example from a training meta�dataset� Each
training example for meta�learning consisted of attributes which could be di�

Table �� An example from a meta�dataset compiled from adult dataset� Using c��tree

and c��boost as an initial and a �nal learner� respectively� for the setting N � ��
I � ���� F � ���� and X � ��� we got the total time Ts � ���� and error rate
Es � ������� Corresponding results on the whole dataset without sampling� are
Tw � ����� and Ew � ������� Therefore� the resulting value of ranking function is
R	���� ����������� �����������
 � ������

group � group � group 
 group �

Tp Sp Ep N I F X K R

���� �� ����� � ��� ��
 ��� ��� �����

vided into four groups� �� data characteristics �pilot classi�er results�� Tp� Sp� Ep�
�� selective sampling parameters� N � I � F � X � �� balance parameterK� and �� the
corresponding value of ranking function R�K�Ts�Tw� Es�Ew�� The groups �����
represent independent �predictive� attributes� while the last attribute �group ��
is dependent �predicted��

��� Learning the Meta�Model

We do not aim at predicting the best parameter setting directly� Instead� a meta�
�model is designed to predict the value of ranking function� When processing an
unseen data� the data characteristics �attributes from the group �� and the bal�
ance parameter �group �� are known and we need to �nd such selective sampling
parameters �attributes from the group �� which would minimise the ranking
function value �output of the meta�model� group ���

We decided to use regression trees as a meta�model for our purpose since
in a regression tree it is easy to �nd values of unknown attributes which would
minimise the output function� For learning the meta�model we utilised the sys�
tem RT��� 
� which generates regression trees�� Figure � shows a part of the

� http���www�liacc�up�pt�	ltorgo�RT
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regression tree which we have obtained� If the condition in a node holds than
the left branch is chosen� otherwise the right one�

K � ���� �

�
�
�
�
��

H
H
H
H
HH

X � ���� �

�
�
�

H
H
H

N � � �

�
�
�

H
H
H

R���������� R����������

R����������

I � ���� �

�
�
�

H
H
H

R���������� R���������	

Fig� �� Example of a regression tree used as a meta�model for parameter setting�

� Experimental Results of Meta�Learning

Table � presents the results of our regression meta�model� We suppose that the
most important performance measure is a Relative Increase in Ranking Value
�RIRV�� It is a comparison of ranking values of the predicted parameter setting
and the best known parameter setting for a particular dataset and a learning
algorithm� Hit Rate �HI� is a percentage of those cases when the best known
parameter setting was also predicted� Relative Increase in Error Rate �RIER�
is a comparison of error rates of a resulting �non�meta� classi�er obtained from
the predicted parameter setting and a resulting classi�er obtained from the best
known parameter setting� Finally� Relative Increase in Total Time �RITT� is
a comparison of total time of a resulting �non�meta� classi�er obtained for the
predicted parameter setting and a resulting classi�er obtained for the best pa�
rameter setting�

As we can see in Table � RITT is negative and RIER is positive� It means that
our regression model tends to predict settings resulting in faster processing� but
worse error rate� All numbers were computed from leave�one�out validation on six
di�erent datasets� adult� letter� optical� pendigits� quisclas� satimage� As we can see�
the meta�attributes Tp� Sp� Ep made the parameter prediction surprisingly worse�
We obtained more accurate meta�model �especially for c��boost� by not using
those meta�attributes� This is probably due to the fact that the ranking function
has a very similar curve for di�erent datasets and thus the meta�characteristics
do not bring additional information � they mislead the regression model instead�
On the other hand� it should be noted that we have learned our regression model
from relatively small amount of datasets� In fact� the training set in each fold
of the leave�one�out validation consisted of �ve datasets� However� the presence
of meta�attributes in the case of c��rules �nal algorithm led to a signi�cant
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increase in hit rate� whereas the ranking deviation stayed at almost the same
level� Therefore� we suppose exploitation of the meta�attributes to be promising�

Table �� The results of meta�learning for selective sampling with c��tree as an initial
algorithm and c��boost and c��rules as �nal algorithms�

Algorithm Meta Att� RIRV HI RITT RIER

c��boost absent ������� ���
� �������� �������
c��boost present ������� ����� �������� �
����� �
c��rules absent ������� ����� �
��
��� ��
����
c��rules present ������� 
��
� ������
�� ���
���

� Conclusion

We have presented a new parametric variant of committee�based selective sam�
pling and a meta�learning technique for setting its parameters� The selective
sampling has been proven useful in reducing the learning time while keeping the
accuracy at a better level than random selection does� The main contribution of
the meta�learning is that its ranking error is fairly low ����	 for c��boost and
��
� for c��rules� which is su�cient for a reliable and immediate prediction of
the right parameters setting for selective sampling�
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Abstract. Appropriate selection of learning algorithms is essential for the suc-
cess of data mining. Meta-learning is one approach to achieve this objective by 
identifying a mapping from data characteristics to algorithm performance. Ap-
propriate data characterization is, thus, of vital importance for the meta-learning. 
To this effect, a variety of data characterization techniques, based on three 
strategies including simple measure, statistical measure and information theory 
based measure, have been developed, however, the quality of them is still 
needed to be improved. This paper presents new measures to characterise data-
sets for meta-learning based on the idea to capture the characteristics from the 
structural shape and size of the decision tree induced from the dataset. Their ef-
fectiveness is illustrated by comparing to the results obtained by the classical 
data characteristics techniques, including DCT that is the most wide used tech-
nique in meta-learning and Landmarking that is the most recently developed 
method and produced better performance comparing to DCT.  

1 Introduction 

Extensive research has been performed to develop appropriate machine learning tech-
niques for different data mining problems, and has led to a proliferation of different 
learning algorithms. However, previous work has shown that no learner is generally 
better than another learner. If a learner performs better than another learner on some 
learning situations, then the first learner must perform worse than the second learner 
on other situations [18]. In other words, no single learning algorithm can perform well 
and uniformly outperform other algorithms over all data mining tasks . This has been 
confirmed by the ‘no free lunch theorems’ [31,32]. The major reasons are that a learn-
ing algorithm has different performance in processing different dataset and different 
learning algorithms are implemented with different search heuristics, which results in 
variety of ‘inductive bias’ [15]. In real-world applications, the users need to select an 
appropriate learning algorithm according to the mining task that they are going to 
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perform [17,18,1,7,20,12]. An inappropriate selection of algorithm will result in slow 
convergence, or even produce a sub-optimal solution due to a local minimum.  

Meta-learning has been proposed to deal with the issues of algorithm selection [5, 
8]. One of the aims of meta-learning is assisting the user to determine the most suitable 
learning algorithm(s) for the problem at hand. The task of meta-learning is to find func-
tions that map datasets to predicted data mining performance (e.g., predictive accura-
cies, execution time, etc.). To this end meta-learning uses a set of attributes, called 
meta-attributes, to represent the characteristics of data mining tasks, and search for 
the correlations between these attributes and the performance of learning algorithms in 
general or the optimal learning algorithm in particular [5,10,12]. Instead of executing all 
learning algorithms to obtain the optimal one, meta-learning is performed on the meta-
data characterising the data mining tasks. Algorithm selection is performed by execut-
ing the meta-model induced on the characteristics of the dataset.  

Three basic procedures are involved in meta-learning: 1) describing the characteris-
tics of learning tasks using a set of meta-attributes; 2) developing the correlations 
between the meta-attributes and the performance of learning algorithms or the optimal 
learning algorithms, which is called meta-knowledge; 3) to search, given a new learning 
task, the optimal learning algorithm(s) according the developed meta-knowledge. It is 
obvious that the effectiveness of meta-learning is largely dependent on the descrip-
tion of tasks (i.e., meta-attributes). Several techniques have been developed, such as 
data characterisation techniques (DCT) [13] to describe the problem to be analyzed, 
including simple measures (e.g. number of attributes, classes et al.), statistical meas-
ures (e.g. mean and variance of numerical attributes), and information theory-based 
measures (e.g. entropy of classes and attributes). There is, however, still a need for 
improving the effectiveness of meta-learning by developing more predictive meta-
attributes and selecting the most informative ones [9]. 

In [3], the authors suggested to characterize dataset by measuring the characteristic 
of models induced on the dataset. Inspired by this idea, this paper presents new meth-
ods to measure the complexity of classification data mining tasks. The complexity of 
data mining tasks is related to the characteristics of datasets and the inductive bias of 
learning algorithms. The basic idea is to investigate the possibility of capturing data-
set characteristics by measuring the properties of a decision tree induced from the 
dataset, i.e., to measure the structural shape and size of the tree generated by standard 
methods (c5.0 [22] is used in this paper). More specifically, these measures capture the 
structural properties of decision tree by some simple measures counting the number of 
nodes, leaves and attributes in the tree. The extracted meta-attributes have been ap-
plied in ranking-based meta-learning for classification algorithm selection. The experi-
mental results clearly show the enhancement of ranking performance compared to the 
DCT techniques, which is the most commonly used technique, and landmarking, a 
recently introduced technique [19,2].  

This paper is organized as following. In section 2, some related work is introduced, 
including meta-learning methods for algorithm selection and data characterisation 
techniques. The proposed method for characterising the datasets is stated in detail in 
section 3. Experiments illustrating the effectiveness of the proposed method are de-
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scribed in section 4. Section 5 concludes the paper, and points out interesting possi-
bilities for future work. 

2 Related Work 

Two basic factors are involved in meta-learning: the description of the learning tasks 
(datasets), and the correlation between the task description and the optimal learning 
algorithm. The first aspect is associated to techniques to characterise datasets with 
meta-attributes, whilst the second is the learning at meta-level, which develops the 
meta-knowledge for selecting appropriate algorithm in classification. 

2.1 Work Related to Meta-Learning for Algorithm Selection 

For algorithm selection, several meta-learning strategies have been proposed 
[6,25,26]. In general, there are three options in generating the output of the meta-
learner. One is to select a single learning algorithm, i.e. to select the algorithm that is 
expected to produce the best model for the dataset. The second is to select a sub-
group of learning algorithms, including not only the best algorithm but also the algo-
rithms that are not significant worse that the best one. The third possibility is to rank 
the learning algorithms according to their performance. The ranking will assist the user 
to finally select the learning algorithm. This ranking-based meta-learning is the main 
approach in the Esprit Project MetaL (www.metal-kdd.org).  

Ranking the preference order of algorithms is performed based on estimating the 
performance of algorithms. In data mining, performance can be measured not only in 
term of accuracy but also time or understandability of model generated. In this paper, 
we assess performance with the Adjusted Ratio of Ratios (ARR) measure, which com-
bines the accuracy and time. ARR gives a measure of the advantage of a learning algo-
rithm over another algorithm in terms of their accuracy and the execution time for a 
specific dataset. The user can adjust the importance of accuracy relative to time by a 
tunable parameter. The ‘zoomed ranking’ method proposed by Soares [26] based on 
ARR, which will be described briefly in section 4.1, is used in this paper for algorithm 
selection, taking into account of accuracy and execution time simultaneously. 

2.2 Work Related to Dataset Characterization 

As different learner exhibit sensitivity to specific characteristics of the dataset, the 
task of meta-learning is to model how these characteristics affect the relative perform-
ance of different learning algorithms, and then predict the preference for each learning 
algorithms before performing data mining process. The methods used to describe the 
characteristics of the dataset were called Data Characterization Tool (DCT) [13]. 

The first attempt to characterise datasets in order to predict the performance of 
classification algorithm was done by Rendell et al. [23]. So far, two main strategies 
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have been developed in order to characterise a dataset for algorithm selection. First 
one describes the properties of datasets using statistical and informational measures. 
In the second one a dataset is characterised using the performance (e.g. accuracy) of a 
set of simple learners, called landmarker [19,2]. 

The description of a dataset in terms of its information/statistical properties, ap-
peared for the first time within the framework of the STATLOG project [14]. The au-
thors used a set of 15 characteristics, spanning from simple ones, like the number of 
attributes or the number of examples, to more complex ones, such as the first canonical 
correlation between the attributes and the class. This set of characteristics was later 
applied in various studies, aimed at solving the problem of algorithm selection [5,29,27]. 
They distinguish three categories of dataset characteristics, namely simple, statistical 
and information theory based measures. Statistical characteristics are mainly appropri-
ate for continuous attributes, while information theory based measures are more ap-
propriate for discrete attributes. Linder and Studer [13] provide an extensive list of 
information and statistical measures of a dataset computed for each attribute or pairs 
of attributes. They provide a tool for the automatic computation of these characteris-
tics, which was called Data characterisation Tools (DCT). However, they pointed out 
that only a limited set of these measures is relevant in providing recommendation, 
which in fact was very similar to the one defined in STATLOG. Sohn [27], also uses 
the STATLOG set as a starting point, and she proceeds with careful evaluation of their 
properties in a statistical framework. She discovers that some of the characteristics are 
highly correlated, and she omits the redundant ones from her study. Furthermore, she 
introduces new features that are transformation or combinations of the existing ones, 
like ratios or seconds powers, with the goal of providing successful predictions. 

An alternative approach to characterise datasets called landmarking was proposed 
in [19,2]. The intuitive idea behind landmarking is that the performance of simple 
learner, landmarker, can be used to predict the performance of given candidate algo-
rithms. That is, given landmarker A and B, if we know landmarker A outperforms land-
marker B on the present task, then we could select the learning algorithms that has the 
same inductive bias of landmarker A to perform this data mining task. It has to be en-
sured that the chosen landmarkers have quite distinct learning biases. As a closely 
related approach, Bensusan [3, 33] had also used the information computed from the 
induced decision trees to characterise tasks in meta-learning, such as the ratio of the 
number of nodes to the number of the attributes, the ratio of number of nodes to the 
number of training instances. He listed 10 measures based on the unpruned tree, but 
the performance of these measures in algorithm selection was not evaluated.  

3 The proposed measures for describing data characteristics 

The task of characterizing dataset for meta-learning is to capture the information about 
learning complexity for the dataset. This information should enable the estimation of 
performance of the given learning algorithms. It should also be computable within a 
relative short time comparing to the whole learning process, which is desired to be 
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predictive in estimating the performance of the given learning algorithms. In this sec-
tion we introduce new measures to measure the characteristics of the dataset based on 
measuring a variety of properties of a decision tree induced from that dataset. 

The major idea here is to measure the complexity of learning by measuring the struc-
ture and size of decision tree, and use these measures to predict the model complexity 
generated by other learning algorithms. We employed the standard decision tree 
learner, c5.0tree. There are several reasons for selecting decision trees. The major rea-
son is that decision tree has been one of the most popularly used machine learning 
algorithms in classification, and the induction of decision tree is deterministic, i.e. the 
same training set always produces the similar structure of decision tree.  

 

Definition. A standard tree induced with c5.0 (or possibly ID3 or c4.5) consists of a 
number of branches, one root, a number of nodes and a number of leaves. One branch 
is a chain of nodes from root to a leaf; and each node involves one attribute. The oc-
currence of an attribute is the number of times the attribute occurs in the tree, which 
provides the information about the importance of the associated attribute. The tree 
width is defined as the number of lengthways partitions divided by parallel nodes or 
leave from the leftmost to the rightmost nodes or leave. The tree level is defined as the 
breadth-wise partition of tree at each success branches, and the tree height is defined 
by the number of tree levels, as shown in Fig.1. The length of a branch is defined as 
the number of nodes in the branch minus one. 

 

We propose, based on above notations, to describe decision tree in term of the fol-
lowing three aspects: a) outer-profile of tree; b) statistic for intra-structure: including 
tree levels and branches; c) statistic for tree elements: including nodes and attributes.  

To describe the outer-profile of the tree, the width of tree (treewidth) and the height 
of the tree (treeheight) are measured according to the number of nodes in each level 
and the number of levels, as illustrated in Fig.1. Also, the number of nodes (NoNode) 
and the number of leaves (NoLeave) are used to describe the overall property of a tree. 
In order to describe the intra-structure of the tree, the number of nodes at each level 
and the length of each branch are counted. Let us represent them with two vectors 
denoted as NoinL=[v1,v2,…vl] and LofB=[L1,L2,….Lb] respectively, where vi is the 
number of nodes at the ith level, Lj is the length of jth branch, l and b is the number of 
levels (treeheight) and number of branches. Based on NoinL and LofB, four measures 
are generated. The maximum and minimum number of nodes at one level:  

maxLevel = max(v1,v2,...v l)
minLevel = min(v1,v2, ...v l )

 (1) 

(As the minLevel is always equal to 1, it is not used.) The mean and standard deviation 
of the number of nodes and leaves on levels: 

( ) lvmeanLevel
l

i i∑ =
=

1
, 

)1()(
1

2 −−= ∑ =
lmeanLevelvdevLevel

l

i i  

(2) 

The length of longest and shortest branches: 
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LongestBranch = max(L1,L2, ...Lb )
ShortestBranch = min(L1,L2, ...Lb )

 
(3) 

The mean and standard deviation of the length of each branch: 

( ) bLmeanBranch
b

j j∑ =
=

1
, 

)1()(
1

2 −−= ∑ =
bmeanBranchLdevBranch

b

j j  

(4) 

Besides the distribution of nodes, the frequency of attributes used in a tree pro-
vides further information regarding the dataset. For that, we calculate the times each 
attribute is used in a tree, which is represented by a vector NoAtt=[nAtt1, nAtt2, …. 
nAttm], where nAttk is the number of times the kth attribute is used and m is the total 
number of attributes in the tree. Again, the following measures are used: 

The maximum and minimum occurrence of attributes: 

maxAtt = max( nAtt1,nAtt2,...nAttmm)

minAtt = min(nAtt1,nAtt2 ,...nAttmm)
 (5) 

Mean and standard deviation of the number of occurrences of attributes: 

( ) mnAttmeanAtt
m

i i∑ =
=

1
, 

)1()(
1

2 −−= ∑ =
mmeanAttnAttdevAtt

m

i i  

(6) 

As a result, a total of 15 meta-attributes is used in our experiments. 
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Fig. 1. Structure of Decision Tree. 

4 Experimental Evaluation 

In this section we experimentally evaluate the proposed data characteristics. In section 
4.1 we describe our experimental set-up, in section 4.2 we compare our proposed meta-
features with DCT and landmarking, and in section 4.3 we study the effect of meta-
feature selection, and compare the performance of DCT and our methods for selected 
number of meta-features. 
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4.1 Experimental set-up 

The technique of meta-learning employed in this paper is called ranking with zooming 
[26], which includes two phases: 1) training phase to collect the meta-data; 2) reason-
ing phase to rank the candidate learning algorithms for a given data mining task. 

In the training phase, all the benchmark datasets are characterised using the data 
characterisation methods (e.g., DCT, landmarking or the method proposed in this pa-
per). As a result, one dataset is described with a vector of a set of meta-attributes. 
These meta-attributes together with the analyzed performance (including accuracy and 
time) constitute the meta-data. In the reasoning phase, two steps are involved: 1) 
given a data mining problem (a dataset to analyze), the k-Nearest Neighbor (kNN) 
algorithm is used to select a subset with k  dataset from the benchmark datasets, 
whose characteristics are similar to the characteristics of the present dataset according 
to some distance function; this step is called zooming [26]; 2) ranking the order of 
preference of candidate learning algorithms according to their performance on these 
datasets selected in zooming phase; this step is named ranking. The ranking is per-
formed based on the adjusted ratio of ratios (ARR), a multi-criteria evaluation measure 
that combine the predicated accuracy and time. ARR has a parameter to enable the 
user to adjust the relative imp ortance of accuracy and time according to fulfill his par-
ticular data mining objective. More details can be found in [26].  

To evaluate a recommended ranking, we calculate its correlation to an ideal ranking 
obtained for the same dataset. The ideal ranking is obtained by estimating the per-
formance of the candidate learning algorithms using 10-fold cross-validation. The 
similarity between the generated ranking and the ideal ranks is measured using the 
Spearman’s rank correlation coefficient [30]. 

rs =1−
6D2

n(n2 −1)
,D2 = Di

2

i=1

n∑ = (ri − ri )2

i=1

n∑  (7) 

where the ir and ir  are the predicted ranking and actual ranking for algorithm i re-

spectively. The bigger 
sr  is, better of ranking result is, with 1=sr  if the ranking is same 

as the ideal ranking. 

4.2 Comparison with DCT and Landmarking 

In our experiments, a total of 10 learning algorithms, including c5.0tree, c5.0boost and 
c5.0rules [21], Linear Tree (ltree), linear discriminant (lindiscr), MLC++ Naive Bayes 
classifier (mlcnb) and Instance-based leaner (mlcib1) [11], Clementine Multilayer Per-
ceptron (clemMLP), Clementine Radial Basis Function (clemRBFN) and rule learner 
(ripper), have been evaluated on 47 datasets, which are mainly from the UCI reposi-
tory [4]. The error rate and time were estimated using 10-fold cross-validation. Our aim 
in this paper is to evaluate the effect of new proposed meta-attributes (called DecT 
from now on) on ranking of these 10 learning algorithms. In other words, we are inter-
ested in comparing the rankings generated by DecT (15 meta-attributes) to the ranking 
generated by DCT (25 meta-attributes) and Landmarking (5 meta-attributes). 
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The first experiment is performed to rank the given 10 learning algorithms on the 47 
datasets. The leave-one-out method is used to evaluate the performance of ranking, 
i.e., the performance for ranking the 10 given learning algorithms for each dataset on 
the basis of the other 46 datasets. In the first experiment, the parameters k=10, Kt=100, 
meaning that we are willing to tread 1% in accuracy for a 10 times speed-up or slow-
down. The ranking performance is measured with sr  (Eq. (15)). The results of ranking 

performance of using DCT, landmarking and DecT are shown in Fig. 2. The overall 
average performance for DCT, Landmarking and DecT are 0.613875, 0.634945 and 
0.676028 respectively, which demonstrates the improvement of using DecT in ranking 
algorithms, comparing to DCT and Landmarking. 
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Fig. 2. Ranking performance for 47 datasets using DCT, landmarking and DecT. 

 

In order to look in more detail at the improvement of DecT over DCT and Landmark-
ing, we performed the experiment of ranking using different values of k and Kt. As 
stated in [26], the parameter Kt represents the relative importance of accuracy and 
execution time in selecting the learning algorithm (i.e., higher Kt means the accuracy is 
more important and time is less important). Fig.3 shows the ranking performances of 
DCT, landmarking and DecT along with different values of Kt={10, 100, 1000}, from 
which it is observed that, for all the used Kt, DecT improves the performance with 
different increased degree, comparing to DCT and landmarking.  
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Fig. 3. The ranking performance for different values of Kt. 

 

Fig. 4 shows the performance of ranking based on different zooming degree (differ-
ent k), i.e., selecting different number of similar datasets, based on which the ranking is 
performed. From these results, we observe that 1) for all different values of k, DecT 
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produces better ranking performance than DCT and landmarking; 2) best performance 
is obtained by selecting 10-25 datasets among 46 datasets. 
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Fig. 4.  The ranking performance for different values of k. 

4.3 Performing meta-feature selection 

The k-nearest neighbor learning method, employed to select k datasets for ranking the 
performance of learning algorithms for the given dataset, is known to be sensitive to 
the irrelevant and redundant features. Using smaller number of features could help to 
improve the performances of k-nearest neighbor learning, as well as to reducing the 
time used in meta-learning. In our experiments, we manually reduced the number of 
DCT meta-features from 25 to 15 and 8, and compare their results to those obtained 
based on the same number of DecT meta-features. The reduction for DCT meta-
features is performed by removing the features thought to be redundant, and the fea-
tures having a lot of non-appl values, and the reduction for DecT meta-features are 
performed by remo ving redundant features. 
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Fig.5. Results for reduced meta-features. 

The ranking performances for these reduced meta-features are shown in Fig.5, in 
which DCT(8), DCT(15), DecT(8) represent the reduced 8, 15 DCT meta-features and 8 
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DecT meta-features, DCT(25) and DecT(15) represent the full DCT and DecT meta-
features respectively. From Fig.5, we can observe that feature selection did not signifi-
cantly influence the performance of either DCT or DecT, and that the latter outper-
forms the former across the board. 

5 Conclusions and Future Work 

Meta-learning strategy, under the framework of MetaL, aims at assisting the user in 
selecting appropriate learning algorithm for the particular data mining task. Describing 
the characteristics of dataset in order for estimating the performance of learning algo-
rithm is the key to develop a successful meta-learning system. 

In this paper, we proposed new measures to characterise the dataset. The basic idea 
of is to process the dataset using a standard tree induction algorithm, and then to 
capture the information regarding the dataset’s characteristics from the induced deci-
sion tree. The decision tree is generated using standard c5.tree algorithm. A total of 15 
measures, which constitute the meta-attributes for meta-learning, have been proposed 
for describing different kind of properties of a decision tree.  

The proposed measures have been applied in ranking the learning algorithms based 
on accuracy and time. Extensive experimental results have illustrated the improvement 
of ranking performance by using the 15 meta-attributes generated by the proposed 
method, compared to the 25 DCT and 5 Landmarking meta-features. In order to reduce 
the effect of redundant or irrelevant features on the performance of zooming ranking, 
we also compared the performance based on selected 15 DCT meta-features and DecT, 
and selected 8 DCT and DecT meta-features. The results  suggest that feature selection 
does not significantly change the performance of either DCT or DecT.  

In other experiments, we observed that the combination of DCT with DecT or 
Landmarking with DCT and DecT did not produce better performance than DecT. This 
is an issue that we are interested in further investigation. The major reason may come 
from the use of k-nearest neighbor learning in zooming based ranking strategy. One 
possibility is to test the performance of the combination of DCT, landmarking and 
DecT in other meta-learning strategies, such as best algorithm selection. Another 
interesting subject is to look at the change of shape and size of the decision tree along 
with the change of examples used in tree induction, as it will be useful if it is possible 
to capture the data characteristics based on sampled dataset. This is especially impor-
tant for large datasets.  

 

Acknowledgements: this work is supported by the MetaL project (ESPRIT Reactive 
LTR 26.357).  

 

branax
120



References 

1. Brodley, C. E.: Recursive automatic bias selection for classifier construction. Ma-
chine Learning, (1995) 20:63-94. 
2. Bensusan, H., and Giraud-Carrier, C.: Discovering Task Neighbourhoods through 
Landmark Learning Performances. In Proceedings of the 4th European Conference on 
Principles of Data Mining and Knowledge Discovery. 325-330. Springer. (2000) 
3. Bensusan, H., Giraud-Carrier, C., and Kennedy, C.: Higher-order Approach to Meta-
learning. In Proceedings of the ECML'2000 workshop on Meta-Learning: Building 
Automatic Advice Strategies for Model Selection and Method Combination, 109-117. 
ECML'2000. (2000)  
4. Blake, C., Keogh, E., and Merz, C.: www.ics.uci.edu/~mlearn/mlrepository.html. Uni-
versity of California, Irvine, Dept. of Information and Computer Sciences. (1998) 
5. Brazdil, P., Gama, J. and Henery, R.: Characterizing the Applicability of Classification 
Algorithms using Meta Level Learning. Machine Learning-ECML94. (1994) 83-102, 
Spinger Verlag. 
6. Dietterich, T G.: Approximate statistical tests for comparing supervised classification 
learning algorithms. Neural Computation, , (1998) 10(7):1895-1924. 
7. Gordon F. and desJardin, M.: Evaluation and selection of biases. Machine Learning, 
(1995) 20:5-22. 
8. Kalousis A. and Hilario, M.: Model Selection via Meta-learning: a Comparative 
Study. In Proceedings of the 12th International IEEE Conference on Tools with AI, 
Vancouver. IEEE press. (2000) 
9. Kalousis, A. and Hilario, M.: Feature Selection for Meta-Learning. In Proceedings of 
the 5th Pacific Asia Conference on Knowledge Discovery and Data Mining. Springer. 
(2001) 
10. Koepf, C., Taylor, C. and Joerg Keller J.: Meta-analysis: Data characterisation for 
classification and regression on a meta-level. In Antony Unwin, Adalbert Wilhelm, and 
Ulrike Hofmann, editors, Proceedings of the International Symposium on Data Min-
ing and Statistics, Lyon, France, (2000). 
11. Kohavi, R.: Scaling up the Accuracy of Naïve-bayes Classifier: a Decision Tree 
hybrid. Proceedings of 2nd International Conference on Knowledge Discovery and 
Data Mining,  (1996) 202-207. 
12. Lagoudakis, M. G. and Littman, M. L.: Algorithm selection using reinforcement 
learning. In Proceedings of the Seventeenth International Conference on Machine 
Learning (ICML-2000),  511-518, Stanford, CA. (2000) 
13. Linder, C. and Studer, R.: AST: Support for Algorithm Selection with a CBR Ap-
proach. Proceedings of the 16th International Conference on Machine Learning, Work-
shop on Recent Advances in Meta-Learning and Future Work. (1999). 
14. Michie, D., Spiegelhalter, D., and Toylor, C.: Machine Learning, Neural Network 
and Statistical Classification. Ellis Horwood Series in Artificial Intelligence. (1994) 
15. Mitchell, T.:  Machine Learning. MacGraw Hill. (1997) 
16. Salzberg. S.: On comparing classifiers: Pitfalls to avoid and a recommended ap-
proach. Data Mining and Knowledge Discovery, Vol. 1 . (1997) 

branax
121



17. Schaffer, C.: Selecting a Claassification Methods by Cross Validation, Machine 
Learning, 13, 135-143. (1993) 
18. Schaffer, C.: Cross-validation, stacking and bi-level stacking: Meta-methods for 
classification learning. In P. Cheeseman and R. W. Oldford, editors, Selecting Models 
from Data: Artificial Intelligence and Statistics IV, pages 51-59. Springer-Verlag. 
(1994) 
19. Pfahringer, B., Bensusan, H., and Giraud-Carrier, C.: Landmarking various Learning 
Algorithms. Proceedings of the 17th International Conference on Machine Learning. 
743-750. Morgan Kaufman. (2000) 
20. Provost F.J. and Buchanan B. G: Inductive policy: The pragmatics of bias selection. 
Machine Learning, 20:35-61. (1995) 
21. Quinlan, J. R.: C4.5: Programs for Machine Learning, Morgan Kaufman. (1993) 
22. Quinlan, J. R.: c5.0: An Informal Tuorial, RuleQuest, www.rulequest.com/see5-
unix.html. (1998). 
23. Rendell, L. Seshu, R., and Tcheng, D.: Layered Concept Learning and Dynamically 
Variable Bias Management. 10th Inter. Join Conference on AI. 308-314. (1987). 
24. Schaffer, C.: A Conservation Law for Generalization Performance. Proceedings of 
the 11th International Conference on Machine Learning. (1994). 
25. Soares, C.: Ranking Classification Algorithms on Past Performance. Master’s The-
sis, Faculty of Economics, University of Porto. (2000) 
26. Soares, C.: Zoomed Ranking: Selection of Classification Algorithms based on Rele-
vant Performance Information. Proceedings of the 4th European Conference on Princi-
ples of Data Mining and Knowledge Discovery, 126-135. Springer. . (2000) 
27. Sohn, S.Y.: Meta Analysis of Classification Algorithms for Pattern Recognition. 
IEEE Trans. on Pattern Analysis and Machine Intelligence, (1999) 21, 1137-1144.  
29. Todorvoski, L. and Dzeroski, S.: Experiments in Meta-Level Learning with ILP. 
Proceedings of the 3th European Conference on Principles on Data Mining and Knowl-
edge Discovery, 98-106. Springer. (1999) 
30. Webster, A.: Applied Statistics for Business and Economics, Richard D Irwin Inc, 
779-784. (1992). 
31. Wolpert, D.: The lack of a Priori Distinctions between Learning Algorithms. Neural 
Computation, 8, 1341-1390. (1996) 
32. Wolpert, D.: The Existence of a Priori Distinctions between Learning Algorithms. 
Neural Computation, 8, 1391-1420. (1996). 
33. Bensusan, H. God doesn't always shave with Occam's Razor - learning when and 
how to prune. In Proceedigs of the 10th European Conference on Machine Learning, 
pages 119--124, Berlin, Germany, April 1998. Springer. 
 

branax
122



Meta�Learning for Stacked Classi�cation

Alexander K� Seewald

Austrian Research Institute for Arti�cial Intelligence� Schottengasse �
A����� Wien� Austria� alexsee�oefai�at

Abstract� In this paper we describe new experiments with the ensemble
learning method Stacking� The central question in these experiments was whether
meta�learning methods can be used to accurately predict various aspects of
Stacking	s behaviour� The resulting contributions of this paper are two�fold

When learning to predict the accuracy of stacked classi�ers� we found that
the single most important feature is the accuracy of the best base classi�er�
A simple linear model involving just this feature turns out to be surprisingly
accurate� When learning to predict signi�cant di�erences between Stacking and
three common meta�classi�cation methods� we have found simple models� all
but one of which are based on single features which can be e�ciently com�
puted directly from the dataset� For one of these models� we were able to
o�er an interpretation� These models may ultimately be used to decide in
advance which meta�classi�cation scheme to use on a given dataset� since
neither of them is always the best choice� Furthermore� aiming to understand
these models can lead to new insights into Stacking	s behaviour�

� Introduction

Meta�learning focusses on predicting the right algorithm for a particular problem
based on characteristics of the dataset ��� or based on the performance of other�
simpler learning algorithms ���� Here we are concerned with meta�learning of meta�

classi�cation schemes� Stacking can be considered the best�known such scheme and
was introduced in ����� We take a more general view of meta�learning and use it
to predict two aspects of Stacking	s behaviour
 accuracy as estimated via ten�fold
crossvalidation� and also signi�cant dierences vs� other commonmeta�classi�cation
schemes� We use Stacking in the extension proposed in �����

� Experimental setup

In our experiments� we used twenty�six datasets from the UCI machine learning
repository ���� Details can be found in ���� We used Stacking with all of the follow�
ing seven base classi�ers for our experiments� which were chosen in an attempt to
maximize diversity� All algorithms were taken from the Waikato Environment for
Knowledge Analysis �WEKA��� Version ������

� DecisionTable
 a decision table learner�
� IBk
 the IBk instance�based learner using K� nearest neighbors�
� J��
 a Java port of C��� Release � ���
� KernelDensity
 a simple kernel density classi�er�

� The Java source code of WEKA has been made available at www�cs�waikato�ac�nz�

branax
123



� KStar
 the K� instance�based learner ���� using all nearest neighbors�
� MLR
 a multi�class learner based on linear regression� which separates each class from

all other classes by linear discrimination �Multi�response Linear Regression�
� NaiveBayes
 the Naive Bayes classi�er using kernel density estimation ��K�

We used the following four meta�classi�cation schemes�

� Stacking is the stacking algorithm as implemented in WEKA� which follows ����� It
constructs the meta dataset by adding the entire predicted class probability distribution
instead of only the most likely class� We used MLR as the level � learner�

� X�Val chooses the best base classi�er on each fold by an internal ten�fold CV� This is
just the selection by cross�validation we mentioned in the beginning�

� Voting is a straight�forward adaptation of voting for distribution classi�ers� i�e� the
mean class distribution of all classi�ers is calculated� It is the only scheme which does
not use an expensive internal cross�validation�

� Grading is an implementation of the grading algorithm evaluated in ��� which uses IBk
�K  ��� as meta�classi�er�

We used seventeen dataset�related features which characterize the dataset� inspired
by ���� A reference implementation is available from the author upon request�

� Inst� the number of examples�
� log�Inst� which is the natural logarithm of Inst�
� Classes� the number of classes�
� Attrs� the number of attributes �excluding the class�
� PropNomAttrs� number of nominal attributes as a proportion of NumAttrs�
� PropContAttrs� number of numeric attributes as a proportion of NumAttrs�
� PropBinAttrs� number of binary�valued attributes as a proportion of NumAttrs�
� ClassEntropy� the entropy of the class attribute�
� AttrEntropy� the entropy of all attributes�
� MutualEntropy� the mutual entropy of class and attributes�
� EquivAttrs� the equivalent number of attributes� ClassEntropy

MutualEntropy

� RelEquivAttrs� EquivAttrs
Attrs

� S�N� the signal�to�noise ratio�
� MeanAbsCorr� the mean absolute correlation over all pairs of numeric attributes�
� MeanAbsSkew� the mean absolute skew of all numeric attributes�
� MeanAbsKurtosis� the mean absolute kurtosis of all numeric attributes�
� defAcc� the default accuracy� i�e� the proportion of the most common class�

Additionally� we used the accuracies of our seven base�learners as features� We also
calculated standard statistical features of this set of seven accuracies� Furthermore�
we used the same statistical features over pairwise base classi�er ��statistics��

� � accuracies� one for each base classi�er �DT� IBk�K�� J��� KD� KStar� MLR� NB�K �
� � statistical features describing the set of accuracy values �MinAcc� MaxAcc� MeanAcc�

StDevAcc� SkewAcc� SkewAcc�� KurtosisAcc� relRangeAcc 	 MaxAcc�MinAcc
StDevAcc

�
� Eight statistical features describing the set of all pairwise ��statistics between base

classi�ers �MinK� MaxK� MeanK� StDevK� SkewK� SkewK�� KurtosisK� relRangeK �
� relMeanAcc	AvgAcc

defAcc
� the ratio of average accuracy to default accuracy�

The above features were computed both on predictions estimated from the full data
set �training set accuracy and diversity� and on predictions estimated via tenfold
crossvalidation� For meta�learning of signi�cant dierences� we only used the latter
set because it consistently oered better estimates during the �rst task� This also
simpli�ed the experimental evaluation� All statistical dierences for meta�learning
were computed via a t�Test with ������

� ��� stands for identical predictions between two learners while ��� represents random
correlations� A negative value signi�es systematic disagreement� see ����
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� Estimating Stacking�s Accuracy

This section is concerned with predicting the accuracy of Stacking� In order to ob�
tain a reasonable estimate� a ten�fold CV was used for accuracy estimation� We �rst
investigated the simplest models
 based on only a single feature� Thus� we assumed
linear relationships between each feature and the accuracy of our stacked classi�er
and characterized this relation by statistical correlation coe�cients and mean abso�
lute errors �MAE�� Afterwards� we considered more complex and non�linear models
obtained by various regression algorithms from machine learning�

We computed statistical correlation coe�cients and mean absolute errors �MAE�
for all our features� always versus the accuracy of the stacked classi�ers� Space re�
strictions prevent us from showing detailed results� which can be found in ����

Correlations and MAEs were determined for all meta�data �All� and also via
leave�one�out crossvalidation �CV�� In the former� this estimate was based on the
output of one linear regression model computed from all meta�examples� In the latter
case� the estimate was based on twenty�six linear models which were trained using all
but one meta�example and tested on the last one� This latter case is a more reliable
indicator of model performance on unseen data than the former�

In the case of base�classi�er related features� we have an additional dimension

we can estimate the base classi�er accuracies on the full dataset �AllT� CVT�
i�e� training set accuracies� or via tenfold crossvalidation �All� CV�� yielding two
dierent set of features� Since Stacking uses CV internally� we expect All and CV to
be better predictors for stacked accuracy� This is indeed the case � a single feature�
MaxAcc� already yields excellent results� However� computing a crossvalidation on the
original dataset comes with a non�negligible computational cost� A computational
cost reduction by an order of magnitude could be obtained by using training set
output to compute our features � which motivates AllT and CVT� As expected� in
this case we get less good but still acceptable results for best single feature�MeanAcc�

As should be expected from a high�bias linear model� all base�classi�er related
features show a graceful degradation fromAll to CV� We were surprised to note that
this is not always true for the dataset�related features � about half of the features
have a negative correlation for CV whose absolute value is higher than the positive
correlation forAll� This higher negative correlation can unfortunately not be used to
predict stacked accuracy� and is always coupled to a large MAE� It seems that a lot
of the dataset�related features are not relevant to this task or that a one�dimensional
linear model is not appropriate to �nd a relevant relation�

In order to test how we may improve our results by using multiple features�
we resorted to using standard machine�learning approaches for regression on our
meta�dataset� We created one meta�dataset with accuracy estimation via training
set �MetaTrain� and one estimated via tenfold CV �MetaCV �� The dataset�related
features were included in both cases� We evaluated linear regression� LWR �locally
weighted regression�� model trees� regression trees� KStar and IBk instance based learn�
ers at the meta�level� Linear regression and model trees proved superior�� However�

� The maximum negative correlation appears in feature defAcc ������� CV� This correla�
tion is based on twenty�six di�erent models� one per leave�one�out training fold� All data
would have to be used to determine the �nal regression line� but then this result can no
longer be validated and seems certainly too optimistic�

� Both were always best by highest correlation and lowest MAE�
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we were still unable to �nd any model which performed better than the best linear
model based on a single feature�

Concluding� features derived from classi�ers seem to be more relevant in the
context of predicting accuracy than those derived directly from the datasets� which
was also found in ���� For example� the formula StAcc � ����� �MaxAcc � �����
predicts Stacking	s accuracy with a correlation of ���� and a MAE of ������ Notice
that although it seems at �rst glance that Stacking performs slightly worse than the
best component classi�er� this view is biased
 MaxAcc� i�e� the best base classi�er by
hindsight� is a less fair comparison than accuracy of X�Val since its decision is based
on all available data while X�Val and Stacking only see the training data from the
leave�one�out CV� i�e� all but one meta�instance� Notice also that while computing
MaxAcc leaves us with a lot of data which could be used directly by Stacking� this
would only enable us to compute the training set accuracy for Stacking and not the
ten�fold cv estimate we used here�

Given our results� it is surprising that other meta�learning approaches have not
considered that quite simple models may su�ce� but instead rely on complex models
whose interpretation may be quite di�cult�

� Meta�Learning of Signi�cant Di�erences

This section is concerned with predicting signi�cant dierences between Stacking and
three other meta�classi�cation schemes� For each of Stacking vs� Voting� Stacking vs�
Grading and Stacking vs� X�Val� we generated a separate meta�dataset consisting of
all dataset�related and classi�er�related features� followed by a binary class variable�
being � if Stacking is signi�cantly better than the other scheme and � otherwise� In
case there is no signi�cant dierence� we removed the respective example from the
meta�dataset� under the premise that in this case we can consider both variants to
be equivalent and thus judge either answer to be correct�

On these meta�datasets� we evaluated a number of standard machine learning
algorithms available in WEKA� via leave�one�out crossvalidation� We only discuss
the best models which in most cases seem to be rather simple and based on single at�
tributes only� hinting that they may be robust� In one case� insight into the workings
of both meta�classi�cation schemes suggests an interpretation�

For Stacking vs� Voting� there are twelve datasets without signi�cant dierences�
After removing them from our meta�dataset� we have fourteen instances� seven with
class��� seven with class��� The baseline accuracy is thus ���� Here� IBk is the
best meta�learner with an accuracy of ������ and a single error for vote� A cross�
validation using only seven folds produces the exact same result�

When removing the base�classi�er dependent features� IBk is still the best classi�
�er with an additional error on labor� the smallest dataset� In this case MLR� another
high�bias and global learner� is equally good� So we may tentatively conclude that
for this meta�dataset� there seems to be no single feature which can predict the
signi�cant dierences as good as a combination of all features�

For Stacking vs� Grading� there are again twelve datasets on which there are no
signi�cant dierences� After removing them from our meta�dataset� we have fourteen

� Because of the much better results in predicting stacked classi�er accuracy and also to
simplify our experiments� we only considered those classi�er features estimated via CV�

� All base learners plus �R and DecisionStump�
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instances whose classes are again equally distributed� Thus the baseline accuracy is
also ���� Here� J�� is the best choice with ������ accuracy and only a single error
on the smallest dataset� labor� The training set model is based on a single attribute�
PropNomAttr� In all fourteen folds but two there is the same model�� which also
appears as the training set model� In the two other folds� the same attribute appears
in the same formula with ���� and �������� resp� as value on the right side� It seems
that the proportion of nominal attributes plays a role on the performance between
Stacking and Grading
 in case there about �

�
or less of the attributes are nominal�

Stacking works signi�cantly better than Grading�
A smaller proportion of nominal attributes makes learning harder for the base�

learners� since most of them are better equipped to handle nominal data� Stacking
seems to be able to compensate for this� since its meta�level data is independent of
the base�level data� and is processed by MLR which is among all base learners best
equipped to handle numeric data� However� Grading seems to be unable to compensate
for this since its meta�level data contains just the base�level attributes� Thus its meta
learner IBk can be expected to be susceptible in the same way as the base learners�

For Stacking vs� X�Val� seventeen examples oer no signi�cant dierences� Only
nine examples remain for our experiments� the baseline accuracy is already ������ In�
terestingly in this case the best model is from DecisionStump which learns a single J��
node� obtaining ����� accuracy� corresponding to a single error on dataset balance�
scale� It seems J�� is prone to over�tting on this meta�dataset� The training set
model	 is based on MeanAbsSkew and appears in seven folds� Once the same model
appears with value ���� instead of ����� Once a model based on numClasses ��
�� 
 class � � appears� The same overall accuracy is also obtained in a six�fold
cross�validation�

	 Related Research

Up to now there is no research aiming to either predict the accuracy of meta�
classi�cation schemes or to predict which meta�classi�cation scheme to use for a
given dataset� In this paper we have investigated both tasks and found them to work
quite well�


 Conclusion

In this paper we have investigated the use of machine learning techniques in the
context of meta�learning both to predict stacked classi�er accuracy and signi�cant
dierences between Stacking and three other meta�classi�cation schemes� We used
both dataset�related and base�classi�er related features in our tasks�

In the context of predicting classi�er accuracy� we found that classi�er�related
features� namely some of those derived from accuracy� are excellently suited to this
task� as have others� ��� ��� As feature� the accuracy of the best component classi�er in
the ensemble is able to predict the accuracy of the stacked classi�er quite well� Other
meta�learning approaches seem not to take into account that such simple models may
be competitive to more complex models� but far much easier to understand�

� IF PropNomAttr � �������� THEN class  � OTHERWISE class  �
� Meta�level data for Stacking  class probability distributions from all base learners�
	 IF �MeanAbsSkew� ���� OR missing� THEN class  � OTHERWISE class  �
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In the second part of the paper we investigated the prediction of signi�cant dier�
ences between stacking and other meta�classi�cation schemes� In this case we found
that features derived directly from the dataset were usually better suited� For the
model which predicts signi�cant dierences between Grading and Stacking� intimate
knowledge of the inner workings of both schemes have enabled us to formulate a
tentative explanation of the learned model�

At last we have found that there is no single best meta�classi�er for predicting
signi�cant dierences � a variety of machine learning algorithms had to be evaluated
for best results� Although most of our best models were based on single features� it
seems that no single learning algorithm is able to �nd all of them� This hints that
pairwise learning problems have quite dierent properties� which may explain why
meta�learning is usually so hard�
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Abstract. Several knowledge discovery support engines (KDDSE) feature the
export and in a few cases even the import of data mining models in the Predictive
Modeling Markup Language (PMML) standard. A visualization tool for PMML
models that is independent of a specific KDDSE is presented in this paper. An
extension of the PMML model for association rules that allows the definition of
propositional and first order rules is also presented in its document type descrip-
tion form (DTD).

1 Introduction

The emerging standard for the platform and system independent representation of data
mining models PMML (Predictive Markup Modeling Language [1]) is currently sup-
ported by a number of commercial and non-commercial knowledge discovery support
engines (KDDSE). Most of these systems can export one or several model types in
PMML, some can even import models generated by other KDDSEs. The primary pur-
pose of the PMML standard is to separate model generation from model storage in order
to enable users to view, post-process, and utilize data mining models independently of
the KDDSE that generated the model.

This paper makes two contributions that are only related through the fact that they
both employ PMML: it proposes an extension to the PMML model for association rules
(AssociationModel) for the definition of (first-order) classification and regression rules
(Section 2) and it describes a KDDSE-independent PMML visualizer (Section 3). A
short discussion of the utility of such a visualizer in Section 4 is followed by a descrip-
tion of planed extensions to the tool (Section 5).

2 PMML DTD for (first order) rules and subgroups

This section describes a DTD (document type description) for propositional and first
order rules. Subgroups [8] can also be represented by this PMML model type. The
proposed DTD closely follows the AssociationModel DTD that is part of the PMML
standard.

The rule models in PMML allow for defining either a classification or prediction
structure. Each Rule holds a logical predicate expression that defines the conditions
under which a rule will fire and a similar expression for the conclusions that can be
drawn from the rule.
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<!ELEMENT RuleModel (Extension*, MiningSchema,
ModelStats?, GeneralRuleItem*,
Itemset*, Rule+,
Extension*)>

The RuleModel element starts the definition of a rule model. It has a few optional
slots (denoted by ’*’ and ’?’ and one required slot, the element Rule. Extension, Min-
ingSchema, and ModelStats are standard PMML. GeneralRuleItem, Itemset, and Rule
are extensions that are described in detail below. The attributes of the RuleModel are
not shown as they are identical to the attributes of the AssociationModel.

The Rule element is an encapsulation for a propositional or a first order rule. Ev-
ery rule contains an antecedent and a consequent. The antecedent is either a simple
predicate, a compound predicate or a reference to an Itemset. A compound predicate
combines simple predicates and Itemsets. An Itemset is a generalization of an associa-
tion rule Itemset. It represents a literal in first order logic terminology. The consequent
is either a simple predicate or an Itemset.

The element GeneralRuleItem is an element of an Itemset and denotes a general-
ization of Item as defined in AssociationModel or a RuleItem as defined in this model:

<!ELEMENT GeneralRuleItem (Extension*, (RuleItem|Item))>
<!ATTLIST GeneralRuleItem EMPTY>

RuleItems are contained in Itemsets and represent a field (variable).
<!ELEMENT RuleItem EMPTY>
<!ATTLIST RuleItem

id %ELEMENT-ID; #REQUIRED
field CDATA #REQUIRED
mappedValue CDATA #IMPLIED >

Attribute description:
id: An identification to uniquely identify an item.
field: This must point to a field that was previously defined in the DataDictionary
mappedValue: Optional, a value to which the internal field value is mapped. This should
be kept empty, since this information is redundant to the information given in the Data-
Dictionary (it is only included here for compatibility with Item in AssociationModel).

Itemsets are contained in compound predicates of rules or directly in the antecedent
or consequent. They are a generalization of AssociationModel Itemsets:

<!ELEMENT Itemset (Extension*, ItemRef+, DisplayTerm?)>
<!ATTLIST Itemset

id %ELEMENT-ID; #REQUIRED
predicate CDATA #REQUIRED
support %PROB-NUMBER; #IMPLIED
numberOfItems %INT-NUMBER; #IMPLIED >

Attribute description:
id: An identification to uniquely identify an Itemset
predicate: the name of the predicate that will be used to combine the arguments. This
can be a simple predicate (equals, greaterThan, ...), but shouldn’t, since a SimplePred-
icate is better in this case. The predicate is the name of a functor and the items are its
arguments. Example: predicate=”father of” ... itemRef=”1” .. itemRef=”2” indicates
that the person indicated by item #1 is the father of the person indicated by item #2.
support: The relative support of the Itemset
numberOfItems: The number of items contained in this Itemset
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DisplayTerm: The Itemset (Literal)described in natural language. Placeholders within
the DisplayTerm allow for insertion of actual values.

<!ELEMENT DisplayTerm EMPTY >
<!ATTLIST DisplayTerm value CDATA #REQUIRED>

Attribute description:
value: The ItemSet described in natural language. A visualization of this model should
use this term instead of the standard predicate(arg1, arg2, ..., argn) representation. Place-
holders in this value are denoted by %0, %1, ... where %0 is replaced by the actual value
of the TermRef at position one, %1 by the TermRef at position two, and so on. The order
of the placeholders is arbitrary, and not all TermRefs must be listed.

Each Rule consists of:
<!ELEMENT Rule ( Extension*, ScoreDistribution*,

Antecedent, Consequent )>
<!ATTLIST Rule

support %PROB-NUMBER; #REQUIRED
confidence %PROB-NUMBER; #REQUIRED
ruleId CDATA #IMPLIED >

Attribute description:
support: The relative support of the rule
confidence: The confidence of the rule
ruleId: The id value of the rule

The standard PMML definition of PREDICATE is extended here by ItemSetRef in-
dicating that a predicate can also be a more complicated operator as foreseen by the
standard:
<!ENTITY % PREDICATE "( SimplePredicate | SimpleSetPredicate |

CompoundPredicate | ItemSetRef |
True | False ) " >

Each Antecedent consists of:
<!ELEMENT Antecedent ( Extension*, (%PREDICATE;) )>

The antecedant has an empty attribute list. The definition of a Consequent is identical
to the definition of an antecedent.

3 Visualization of PMML models

Data visualization methods have been part of statistics and data analysis research for
many years. This research concentrated primarily on plotting one or more indepen-
dent variables against a dependent variable in support of explorative data analysis [4,
6]. The visualization of analysis results, however, only recently gained some attention
with the proliferation of data mining[2]. This recent interest was spawned by the often
overwhelming number and complexity of data mining results.

The visualization of analysis results primarily serves four purposes: (1) to better
illustrate the model to the end user, (2) to utilize comparison of models, (3) to increase
model acceptance, and (4) to enable model editing and provide support for ”what-if
questions”.

The tool presented in this section was designed by the author to address these four
issues. It is a Java implementation that can be run as an application or as an Applet. 1

1 The software is available upon request from the author. See also:
http://soleunet.ijs.si/website/other/pmml.html.
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It allows for viewing of models by users that either do not have access to the actual
KDDSE, want to avoid the overhead of starting a KDDSE or want to present their re-
sults in the internet. This visualization wizzard currently supports the following PMML
models: decision and regression trees (Figure 1), association rules (Figure 2), propo-
sitional and first order rules (non-standard PMML, Figure 3), and subgroups (non-
standard PMML, Figure 4).

Figure 1 shows a decision tree for the well known Iris domain. The tree is fully
expanded and is normally shown in color, where different colors in the nodes denote
the number of instances from each class contained in that node. The user can browse
through the tree and open or close subtrees as needed.

Fig. 1. Visualization of a decision tree for the Iris data set (courtesy of G. Meyer, IBM, visualized
from PMML model exported from Intelligent Miner)

Figure 2 shows an interactive visualization for association rules. For each rule, con-
fidence and support are displayed. The bar below each rule display graphically these
two numbers where the length of the bar shows the support and the color of the bar its
confidence (from red denoting low confidence to green denoting high confidence). The
two sliders at the bottom of the display allow the restriction of the rules to be displayed
to those that satisfy selected minimal confidence and support values.

Fig. 2. Visualization of three association rules (courtesy DMG, slightly modified example for
AssociationModel).

Figure 3 displays a modified set of rules learned by Aleph in the animal domain.
The rules for each class are summarized by the bars at the right of the figure. The left
bar shows the number of instances correctly covered, and the right bar the number of
exceptions covered by the rule.
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Fig. 3. Visualization of first order rules for the animals task (courtesy S. Moyle, Oxford Univer-
sity)

Figure 4 displays a set of subgroups discovered by Midos [8] in the Cleveland Heart
Disease domain. Shown is the size of each subgroup, how it compares to the entire pop-
ulation and the distribution of the target values within each subgroup. Experience gained
from working with non-technical end users has shown that a pie chart visualization is
more appealing to these users because they more closely resemble business charts. Pie
charts, however, often mislead the perception of the user due to difficulties with relating
the size of pie slices to actual values. Hence, alternative visualizations are possible (see,
for example [3]).

4 Discussion

The visualization tool presented is a simple, yet powerful tool that can function as a
dissemination tool for data mining results. Its simplicity ensures that non-KDD users
can operate the tool and interpret the results obtained by a data mining expert. Java
technology ensures that platform issues are secondary and that results could even be
part of online content management or workgroup support systems.

The proposed extension to the PMML AssociationModel should be seen as a first
proposal of a first order PMML rule model. It does not at this time utilize the extension
mechanism that can be used in PMML models. The reason for this deviation from the
proposed extension procedure is that first order rules models are sufficiently generic
data mining models to justify the existence of a distinct model type. However, signifi-
cant effort has been extended to stay as close as possible to the terminology employed
by the AssociationModel.

5 Future Work

The tool presented should be enhanced in three directions: (1) Addition of visualiza-
tion methods for the other PMML models that are supported by the current standard.
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Fig. 4. Visualization of selected subgroups for the Cleveland Heart Disease domain (generated by
Midos, exported from Kepler)

(2) Addition of functionality that enables the user to edit PMML models. Straight for-
ward editing operations are the deletion of entire rules or subgroups or of conditions
within these. More complex editing operations are the modification of existing rules
or the addition of entirely new rules. Likewise, the editing of decision and regression
trees will be supported. (3) Addition of a model evaluator. A common request voiced
by current users of the visualizer is to be able to evaluate single records or entire tables
on the model that is displayed (and possibly modified by the user). However, in order
to avoid a significant increase in tool complexity, it is envisioned to realize the PMML
model evaluator as a separate tool.
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Abstract. Most feature selection approaches perform either exhaustive
or heuristic search for an optimal set of features. They typically only
consider the labelled training set to obtain the most suitable features.
When the distribution of instances in the labelled training set is differ-
ent from the unlabelled test set, this may result in large generalization
error. In this paper, a combination of heuristic measures and exhaustive
search based on both the labelled dataset and the unlabelled dataset is
proposed. The heuristic measures concerned are two contingency table
measures — Goodman-Kruskal measure and Fisher’s exact test —
which are used to rank the feature according to how well a feature pre-
dicts the class. Secondly, an exhaustive search is employed: by using
test for goodness-of-fit, information on both the labelled dataset and the
unlabelled dataset is applied to choose a better combination of features.
We evaluate the approaches on the KDD Cup 2001 dataset.

1. Introduction

Feature selection aims at finding a feature subset that can describe the data for a
learning task as good as or better than the original dataset. It is of importance for both
data mining and machine learning, in particular for high-dimensional data. Most algo-
rithms for feature selection perform either heuristic or exhaustive search [1]. Heuristic
feature selection algorithms estimate the feature’s quality with a heuristic measure,
for instance, information gain [2], Gini index [3], discrepancies measure [4] and chi-
square test [5]. Other examples of heuristic algorithms include the Relief algorithm
[6] and its extension, the PRESET algorithm [7]. Exhaustive feature selection algo-
rithms search all possible combinations of features and aim at finding a minimal com-
bination of features that is sufficient to construct a model consistent with a given set
of instances, for example, the FOCUS algorithm [8].

In supervised learning we use a labelled training set to obtain a model, which is
then executed on an unlabelled test set to obtain predictions. However, the model de-
veloped from the labelled dataset may not perform well on prediction for the unla-
belled dataset because of differences in class distribution and cost distribution be-
tween the labelled dataset and the unlabelled data. For classification, ROC analysis
[9] can be used to choose the best model from a model set if distribution of positives
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and negatives and distribution of misclassification costs for the unlabelled dataset are
given. Whereas misclassification costs may be given, it is often impossible to obtain
the class distribution of positives and negatives for the unlabelled data. What can be
obtained from the unlabelled data is information about the distribution of instances.
For instance, the transduction technique [10] aims at maximizing the classification
margin on both the labelled and the unlabelled data.

Algorithms for both heuristic and exhaustive feature selection in the literature,
however, only focus on the labelled dataset. This may lead to large generalization er-
ror when the instance distribution in the labelled dataset is different from that of the
unlabelled data. This paper introduces two feature selection approaches: feature se-
lection based on the Goodman-Kruskal measure and feature selection based on both
labelled and unlabelled datasets. The Goodman-Kruskal measure is used to select a
subset of features, which is then exhaustively searched for a sub-subset with similar
distributions in both the labelled and the unlabelled datasets. Experimental evaluation
shows that the proposed approach performs well compared with other feature selec-
tion approaches.

The paper is organized as follows. Section 2 introduces two contingency table
measures — the Goodman-Kruskal measure and Fisher’s exact test — to rank the im-
portance of features. Section 3 proposes a new feature selection approach based on
the unlabelled dataset and the Chi-squared test for goodness-of-fit. Section 4 evalu-
ates the approach on the KDD Cup 2001 dataset [11]. Section 5 concludes with a dis-
cussion and the main conclusions.

2. Heuristic measures for feature selection

Heuristic feature selection algorithms search the feature set with a heuristic measure
such as information gain. Assume that the input features are independent of each
other, we can compare associations between each input feature and the class to select
important features. Let the value of the class be P (positive) or N (negative), and the
value of an input feature be C1…, Cr, then a contingency table can be built up as fol-
lows.

Class = P Class = N
Input Feature = C1 n1P (µ1P) n1N (µ1N) n1*

… … … …
Input Feature = Cr nrP (µrP) nrN (µrN) nr*

n*P n*N n

Table 1. An 2×r  contingency table

In table 1, nij is the number of instances for which the value of a feature is Ci and

the value of the class is j . ∑
=

∗ =
r

i
ijj nn

1

, iNiPi nnn +=∗ , NP nnn ∗∗ += , and
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n

nn ij
ij

∗∗=µ , where n  is the number of instances in the labelled data, ri ,,1 L=  and

j=P, N. The table has r–1 degrees of freedom.

2.1 Chi-squared measure

Most methods to measure the association between two features in a contingency table
are based on the Chi-squared test [5]. The Chi-squared measure can be used to meas-
ure the association between class and input feature. In the 2-by-r case in Table 1 it is
defined as

χ2 = (
(n iP − µ iP )2

µ iP

+
(n iN − µ iN )2

µ iN

)
i =1

r

∑
(1)

This value is compared with a threshold value corresponding to a confidence level.
For instance, if r=2 (1 degree of freedom) the χ2 value at the 5% level is 3.84 — if our
χ2 value is larger than that, the probability is less than 5% that discrepancies this large
are attributable to chance, and we are led to reject the null hypothesis of independ-
ence.

2.2 Fisher’s exact measure

If one uses the Chi-squared measure to test whether an association exists between two
random variables, µij>5 should be satisfied for each i and j. When µij ≤ 5 and r=2,
Fisher’s exact test can be applied to test the association. Assume that µ1P ≤ 5,

Pnn ∗∗ ≤1  and Nnn ∗∗ ≤1 . Below is Fisher’s exact measure [13]

∑
∗

= ∗∗∗∗∗∗

∗∗∗∗

++−−−
=

1

1
)!()!()!()!(!

!!!!

2111

21
n

nk NP

NP
F

P
nnknnknknk

nnnn
P

(2)

This measure is normalised between 0 and 1. When PF is less than 0.05, we are led to
reject the null hypothesis of independence (at the 5% level). It should be noted that
Fisher’s exact test can become computationally expensive for large n and r.

2.3 Goodman-Kruskal measure

The Chi-squared measure and Fisher’s exact test can only measure the association
between two features, as they are symmetric in the two features. Goodman and
Kruskal [14] introduced an asymmetric measure λ  that measures the predictivity of
one feature with respect to another, say, predicting class with an input feature. The
measure is
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),max(

),max(),max(
1

NP

r

i
NPiNiP

nnn

nnnn

∗∗

=
∗∗

−

−

=
∑

λ

(3)

where 10 ≤λ≤ . λ =0 means no predictive gain when using an input feature to pre-
dict the class, and λ =1 means perfect predictivity. If we want to select features that
have strong association with the class in a dataset, both Pn∗  and Nn∗  which are the

number of instances in which the class equals to P  and N , respectively, will be con-
stant. In this case, a simplified version of the Goodman-Kruskal measure is

∑
=

=λ
r

i
iNiP nn

1
0 ),max(

(4)

Section 4 in this paper will give examples that performance of models based on fea-
tures selected with Goodman-Kruskal measure is sometimes better than those based
on Chi-squared measure and information gain measure.

2.4 Information gain

For the sake of comparison, we use a feature selection approach based on information
gain. Information gain is commonly used as a surrogate for approximating a condi-
tional distribution in the classification setting [15]. Below is a simplified version of
information gain for our problem (the remaining part only depends on the class).

)loglog(
221 11 ∗∗= ∗∗

+−= ∑ n
n

n
n

n
n

n
n

I iNiN
r

i

iPiP
gain

(5)

3. Feature selection based on labelled and unlabelled data

Heuristic measures like the above can be used to rank features. However, such a
ranking does not consider that the probability distribution of the features in the la-
belled dataset may be different from those in the unlabelled dataset. In general, a
model developed from the labelled dataset may have large generalization error if the
probability distribution of the model’s features in the labelled dataset is considerably
different from their distribution in the unlabelled dataset. Assume M  features, say,

Mxxx ,,, 21 L , are selected with a certain criterion from N  features, where NM ≤ ,
and a model below is built up based on the M  features.

),,,( 21 Mxxxfy L= (6)

where y  represents the class. The probability distribution of Mxxx ,,, 21 L  in the la-
belled dataset is expected to be close to the one in the unlabelled data. In other words,
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the closer the probability distributions of Mxxx ,,, 21 L between the labelled dataset
and the unlabelled data, the lower generalization error the model (6) has.

Let the probability distribution of Mxxx ,,, 21 L  in the labelled dataset be

),,,( 21 MxxxF L . According to the assumption of the heuristic search, Mxxx ,,, 21 L
are independent of each other.  Therefore, ),,,( 21 MxxxF L  can be simplified as

)()()(),,,( 221121 MMM xFxFxFxxxF LL = (7)

where )( ii xF  ),,2,1( Mi L=  is the probability distribution of ix  in the labelled data.

Similarly, let the probability distribution of Mxxx ,,, 21 L  in the unlabelled dataset be

),,,( 21 MxxxG L , we have

)()()(),,,( 221121 MMM xGxGxGxxxG LL = (8)

where )( ii xG  ),,2,1( Mi L=  is the probability distribution of ix  in the unlabelled

data.
If the distribution function ),,,( 21 MxxxF L  and ),,,( 21 MxxxG L  come from the

same distribution, the performance of the model on the labelled dataset and on the
unlabelled dataset will be similar. If the probability distributions )( ii xF  and )( ii xG
are similar, the distribution functions ),,,( 21 MxxxF L  and ),,,( 21 MxxxG L  will be
similar.

Assuming that ix  is a categorical feature, the Chi-squared test for goodness-of-

fit can be used to estimate whether two random variables come from the same distri-
bution. For the labelled data, let ijπ be the probability that the value of feature i  falls

in category ijC , Cj ,...,2,1= , which can be estimated as

ijπ = the number of instances with feature i falling in category Cij  in labelled data
the total number of instances in training dataset

(9)

Similarly for the unlabelled data, let ijθ  be the probability that the value of feature i

falls in category ijC , estimated as

ijθ =
dataset in working instances ofnumber   totalthe

data unlabelledin  category in  falling  feature with instances ofnumber  the ijCi (10)

The Chi-squared statistic for goodness-of-fit can be employed to measure the close-

ness between the distribution ijπ  and ijθ  for Cj ,...,1= :

∑
=

π

π−θ
=χ

C

j ij

ijij
i n

1

2
2 )( (11)
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The smaller the value of 2
iχ  is, the more similar the distributions ijπ  and ijθ  are. We

average this over all features as follows:

∑
=

=
M

i
inew M

1

21 χχ
(12)

which measures the similarity between ),,,( 21 MxxxF L  and ),,,( 21 MxxxG L .
We can now formulate our proposed feature selection approach. We first use a heu-

ristic measure to select the ∗N  best features, then apply a exhaustive search based on
measure newχ  to select the combination of M features which minimizes the value of

newχ , where NNM << ∗ .

4. Experimental Evaluation

The thrombin dataset from KDD Cup 2001 consists of 139351 features and 1909 in-
stances and one class in the labelled data. All features and the class are binary. There
are 42 instances labelled ‘A’ (standing for ‘active’, the positive class) and 1867 in-
stances labelled ‘I’ (standing for ‘inactive’, the negative class). Below is the contin-
gency table.

Class Activity =A Class Activity =I
Input Feature = ’1’ An1 ( A1µ ) In1 ( I1µ ) ∗1n

Input Feature = ‘0’ An0 ( A0µ ) In0 ( I0µ ) ∗0n

42 1867 1909

Table 2. Contingency table.

A test dataset (below we call it the unlabelled data) with 634 unlabelled instances
is given. We will use this dataset to test the performance of models. ROC analysis is
used compare the performances of several classifiers within a ROC space. It allows,
through the construction of the convex hull of a set of points, identification of classi-
fiers that are optimal under certain parameter settings. Once the application context is
known, say, distribution of positives and negatives and misclassification costs, the
optimal classifiers can be determined from the convex hull. Only the classifiers on the
convex hull are optimal under some circumstances.

4.1 Heuristic feature selection

Chi-squared measure, Fisher’s exact measure, Goodman-Kruskal measure and infor-
mation gain measure discussed above are used to select the features.
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If the measure 2χ  in equation (1) is used to select features, 120941 features can

be selected from the labelled dataset when a criterion 84.32 >χ  is applied.

When 2281 <∗n , A1µ  will be less than 5. Chi-squared test will not be suitable

for the case and Fisher’s exact measure FP  in section 2.2 can be used. In order to

simplify the calculation, Fisher’s exact test FP  in equation (2) is applied no matter

whether ∗1n  is greater than or less than 228. 102326 features whose FP  values are all
less than 0.05 can be selected.

By using Goodman-Kruskal measure in equation (4), we can select 51540 fea-
tures whose λ  are greater than zero.

If information gain measure in equation (5) is used to select the features, a set of
features with ascending order of measure can be obtained. The set only shows the im-
portance of each feature.

At the same time, the ID3 algorithm is used to build a decision based on the
whole labelled dataset, and eight features occur in the tree.

Because we only focus on the comparison of different measures instead of the
number of features to be selected, in order to compare and simplify our calculation,
analogous to the number of features selected by the ID3 decision tree, eight features
selected with other measures are chosen to develop models.

As it turns out, the first eight features selected with Fisher’s exact measure are the
same as those selected with the information gain measure. The order of features se-
lected with Fisher’s exact measure and information gain measure is very similar. Un-
fortunately, it is hard to prove that measure of FP  in equation (2) and the measure of

gainI  in equation (5) can lead a similar result. Because the features selected by infor-

mation gain and those by Fisher’s exact measure are the same, we only compare the
information gain measure with other measures below.

Based on the labelled data, logistic regression model, Naive Bayes model, IB1
model, support vector machine---sequential minimal optimisation (SMO) algorithm,
Kstar model and ID3 decision tree are built. Descriptions of those approaches can be
found in [12]. The Weka toolkit is used to build the models. We use ten-fold cross
validation to estimate the error of a model on the labelled data. In order to explain the
evaluation metrics used, let the confusion matrix be

Positive examples Negative examples
Instances predicted positive a b
Instances predicted negative c d

Table 3. A confusion matrix

Then the metrics are as follows:

Accuracy=
dcba

da
+++

+
,

Recall Average= )(
2
1

db
d

ca
a

+
+

+
,
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True Positive Rate=
a

a+ c
, and False Positive Rate=

c
b + d

.

A model is expected to possess high accuracy, high recall average, high TPrate and
low FPrate.

In Table 4, for instance, 0.833(0.991) in the second row and the second column
means, recall average=0.991 and accuracy=0.833 for the logistic model on the la-
belled dataset (lbl).  0.484(0.416) in the third row and the second column means, re-
call average=0.484 and accuracy=0.416 for the logistic model on the unlabelled da-
taset (ulbl), and so on. ID3 in the first row means the feature set selected by the ID3
decision tree, Info Gain means information gain measure, Chi-squared means Chi-
squared measure and Goodman means Goodman-Kruskal measure.

The underlined numbers indicate the maximum value in the same row in table 4.
From the table, both accuracy and recall average are maximum for Naive Bayes
model and support vector machine and accuracy for Prism model and ID3 decision
tree are maximum for the unlabelled dataset when Goodman-Kruskal measure is used,
and no performance for other measures is better than Goodman-Kruskal measure.

Model ID3 Info Gain Chi Squared Goodman
Logistic (lbl) 0.833(0.991) 0.736(0.984) 0.749(0.986) 0.772(0.985)
Logistic (ulbl) 0.484(0.416) 0.509(0.626) 0.564(0.598) 0.546(0.597)
NaiveBayes (lbl) 0.838(0.979) 0.839(0.982) 0.820(0.988) 0.900(0.988)
NaiveBayes (ulbl) 0.480(0.402) 0.552(0.379) 0.538(0.435) 0.543(0.544)
SMO (lbl) 0.806(0.984) 0.806(0.984) 0.808(0.988) 0.819(0.987)
SMO (ulbl) 0.485(0.319) 0.500(0.457) 0.525(0.509) 0.564(0.615)
Prism (lbl) 0.812(0.989) 0.682(0.983) 0.756(0.987) 0.707(0.985)
Prism (ulbl) 0.501(0.497) 0.492(0.655) 0.577(0.587) 0.607(0.576)
ID3 (lbl) 0.867(0.990) 0.748(0.985) 0.808(0.988) 0.748(0.985)
ID3 (ulbl) 0.495(0.475) 0.542(0.642) 0.609(0.697) 0.618(0.651)
IB1 (lbl) 0.808(0.988) 0.795(0.986) 0.761(0.987) 0.748(0.985)
IB1 (ulbl) 0.548(0.555) 0.551(0.662) 0.541(0.584) 0.533(0.596)
Kstar (lbl) 0.702(0.986) 0.724(0.985) 0.774(0.990) 0.737(0.988)
Kstar (ulbl) 0.449(0.569) 0.534(0.632) 0.560(0.623) 0.544(0.645)

Table 4. Results based on different measures

Figure 1 is a ROC curve based on models for the unlabelled dataset. The X-axis and
the Y-axis in the ROC curve represent FPrate and TPrate, respectively. The ROC
curve shows that Naïve Bayes model based on features selected with information gain
measure, both Prism model and ID3 decision tree based on features selected with
Goodman-Kruskal measure and ID3 decision tree based on features selected with Chi-
squared measure are on the convex hull. In other words, those models are the optimal
models in certain circumstances.
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Fig. 1. ROC curve---comparison of different measures

4.2 Feature selection based on labelled and unlabelled data

By using Goodman-Kruskal measure, all features in the labelled dataset can be ranked
in a descending order. The first twenty and thirty features from the ranked feature set
are selected to form two feature sets, respectively. Then an exhaustive search for this
two sets is performed to find the best combination of eight features to minimize newχ
in equation (12). Let F20 and F30 be the exhaustive search on the twenty-feature set
and on the thirty-feature set, respectively. Table 5 shows the performances of models
based on features selected with different measures.

The underlined numbers indicate the maximum values in the same row for the un-
labelled dataset in table 5. From the table, only Naïve Bayes model based on features
selected with information gain measure and ID3 decision tree based on features with
Goodman-Kruskal measure have higher accuracy than F20 search or F30 search. Lo-
gistic model based on features selected with information gain measure, support vector
machine model based on features selected with Goodman-Kruskal measure and ID3
decision tree model based on features selected with Chi-squared measure have higher
recall average than F20 search or F30 search.

Figure 2 is a ROC curve based on prediction of models for the unlabelled dataset.
The ROC curve shows that Naïve Bayes model based on features selected with infor-
mation gain measure, Prism model on features selected with F20 are on the convex
hull, IB1 on features selected with F20, Prism model on features selected with F30
and Kstar-kstar model on features selected with F30 are close to convex hull, which
mean that F20 and F30 are better than other feature selection approaches.
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Model ID3 Info Gain Chi Squared Goodman F20 F30
Logistic (lbl) 0.833(0.991) 0.736(0.984) 0.749(0.986) 0.772(0.985) 0.772(0.985) 0.784(0.987)
Logistic (ulbl) 0.484(0.416) 0.509(0.626) 0.564(0.598) 0.546(0.597) 0.559(0.623) 0.588(0.691)
NaiveBayes (lbl) 0.838(0.979) 0.839(0.982) 0.820(0.988) 0.900(0.988) 0.785(0.990) 0.820(0.990)
NaiveBayes (ulbl) 0.480(0.402) 0.552(0.379) 0.538(0.435) 0.543(0.544) 0.514(0.569) 0.579(0.691)
SMO (lbl) 0.806(0.984) 0.806(0.984) 0.808(0.988) 0.819(0.987) 0.761(0.986) 0.761(0.987)
SMO (ulbl) 0.485(0.319) 0.500(0.457) 0.525(0.509) 0.564(0.615) 0.604(0.577) 0.576(0.696)
Prism (lbl) 0.812(0.989) 0.682(0.983) 0.756(0.987) 0.707(0.985) 0.723(0.987) 0.774(0.989)
Prism (ulbl) 0.501(0.497) 0.492(0.655) 0.577(0.587) 0.607(0.576) 0.688(0.735) 0.614(0.722)
ID3 (lbl) 0.867(0.990) 0.748(0.985) 0.808(0.988) 0.748(0.985) 0.738(0.988) 0.773(0.988)
ID3 (ulbl) 0.495(0.475) 0.542(0.642) 0.609(0.697) 0.618(0.651) 0.644(0.667) 0.610(0.721)
IB1 (lbl) 0.808(0.988) 0.795(0.986) 0.761(0.987) 0.748(0.985) 0.785(0.988) 0.773(0.988)
IB1 (ulbl) 0.548(0.555) 0.551(0.662) 0.541(0.584) 0.533(0.596) 0.677(0.744) 0.569(0.689)
Kstar (lbl) 0.702(0.986) 0.724(0.985) 0.774(0.990) 0.737(0.988) 0.726(0.988) 0.691(0.986)
Kstar (ulbl) 0.449(0.569) 0.534(0.632) 0.560(0.623) 0.544(0.645) 0.571(0.716) 0.561(0.751)

Table 5. Comparisons of different approaches.

Fig. 2. ROC curve comparing different measures based on labelled and unlabelled
data.

5. Concluding remarks

In the above experiments in section 4, we first selected candidate feature set (say,
twenty and thirty features in this paper) from features selected with Goodman-Kruskal
measure, then use newχ  in equation (13) to search a best combination of eight features
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among the candidate feature set. However, if the candidate feature set is too large,
some features with small Goodman-Kruskal measure may be included. Therefore, if
more features are searched with newχ , a smaller newχ  may probably be achieved, but

prediction association between features and the class will degrade which means the
performance of models based on features selected with newχ  will become poor. If few

features are searched with newχ , a larger newχ  is probably obtained. That means that
the distribution of the labelled dataset and that of the unlabelled dataset may have a
big difference, which will lead to larger generalization error. In other words, there is a
trade-off between the size of search space and the value of newχ .

Contingency table measures have been discussed by statisticians for a long time.
The most well-known technique for analyzing the contingency table is the Chi-
squared test. Furthermore, Fisher’s exact test is used to test on contingency table with
small expectations and Goodman-Kruskal measure is used to measure the prediction
association. This paper firstly borrowed Fisher’s exact test, Goodman-Kruskal meas-
ure to select feature. Below we summarize the results given in this paper

A. The rank order with Fisher’s exact measure is similar to the one with infor-
mation gain measure.

B. The performance of feature selection based on the Goodman-Kruskal meas-
ure is better than those based on other measures.

C. Feature selection with a measure based on the features from the labelled da-
taset and the unlabelled dataset has a lower generalization error than those
based only on the labelled dataset.
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Abstract. In machine learning, ROC (Receiver Operating Characteristic) analy-
sis is widely used in model selection when we consider both class distribution
and misclassification costs that must be given at test time. In this paper we con-
sider the case of a dynamic process, such that the class distributions are differ-
ent in different time periods or states. The main problem is then to decide when
to change models according to the different states of the generating process. In
this paper we use a control chart to choose models for the process when mis-
classification costs are considered. Four strategies are considered and model
selection approaches are discussed.

1. Introduction

In machine learning, ROC analysis for two classes measures the quality of models by
studying the distribution of true positive rates and false positive rates of models. Both
the class distribution and misclassification costs may be unknown during training time
whereas they must be known at application time in order to select a suitable model. In
practice, however, it may be difficult to know the exact class distribution which may
change over time. In such cases, we need to know which point is a change point from
one class distribution to another even when the class distributions in different periods
may be known. Suppose instances {(Xt, ,yt), t=1,2,…} is a multivariate time series,
where yt is a binary class and Xt is a vector of independent features . From the ROC
analysis point of view, we need to know the class distribution of yt in order to choose
a suitable model. In other words, we need to know where the change point from on
state to another is.

The change-point detection has been discussed in [1,2,3]. A control chart, or cu-
mulative count control chart (CCC-chart) can detect the change of class distributions
that may be skewed in a process. This paper considers model selection by using CCC-
chart.

This paper is organized as follows. Section 2 briefly reviews ROC analysis and
CCC-chart. In Section 3, different situations from cost viewpoints will be taken into
account and assumptions will be introduced. We distinguish four strategies for the dif-
ferent states of the process. Section 4 will give the costs for the four strategies and
some analytical expressions for the average number of instances classified are de-
rived. An example is given in section 5. Section 6 concludes.
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2. ROC analysis and CCC-chart

ROC analysis [4, 5] studies the distributions of points (F,T) of models on a two-
dimensional plane. Here, F stands for false positive rate (the ratio between the number
of negative instances incorrectly classified and the total number of negative in-
stances), and T stands for true positive rate (the ratio between the number of positive
instances correctly classified and the total number of positive instances).

Assume that the relative frequency of negative instances in the test dataset is p. As-
sume that the cost for a correct classification is zero; the cost for classifying a positive
instance to be a negative one is Cpn and the cost for classifying a negative instance to
be a positive one is Cnp. Then, the expected cost of applying model 1 with false posi-
tive rate and true positive rate (F1,T1) in the ROC space is (1-p)(1-T1)Cpn+pF1Cnp.
Similarly, the expected cost for model 2 is (1-p)(1-T2)Cpn+pF2Cnp. Obviously, if (1-
p)(1-T1)Cpn+pF1Cnp>(1-p)(1-T2)Cpn+pF2Cnp, then model 2 will be chosen. Otherwise,
we shall choose model 1.

Assume labelled instances appear within a dynamic process one after another inde-
pendently, and some candidate models can classify the instances into positives and
negatives. An example would be a production line, where most items are manufac-
tured correctly (positive) but some have production errors (negative). The number of
positive instances until the next negative instance is observed is a geometric random
variable. Let a process consist of two states S1 and S2 with relative frequencies of
negative instances p1 and p2, respectively, where p1<p2. Let the probability of the
event that the number of positive instances  until a negative instance being observed is
less than n0 be α, or P(n≤n0)= α. Since n is a geometric random variable, we have
P(n≤n0)= α=−− 0)1(1 1

np  or n0=log(1-α)/log(1-p1) if the process is in S1. Or if

n≥n0+1, the process may be in S1 with a probability 1-α and n is called a type 1 signal
(denoted as s1). If n≤n0, the process may have shifted to S2 with a probability 1-α and
n is here called a type 2 signal (denoted as s2). The approach here comes from CCC-
chart methods[6, 7].

Because signal s1 and s2 show the state with a probability, they may be false ones.
In order to confirm if a signal is true, an investigation may be carried out to check the
true state of the process, which raise the different strategies in section 3. We assume
that an investigation can recover the true state of the process. In what follows we
make the following assumptions:
(1) Model 2 is more suitable for S2 and model 1 is more suitable for S1.

(2) When the process is in S1, it may shift to S2 with a probability π12. When the pro-
cess is in S2, it may shift to another state with a probability π23.

3. Four Different Strategies

One may decide whether a control chart will be used to monitor the process for differ-
ent situations. We consider four possible strategies to decide when to switch between
the two models.
(1) Strategy 1: In this strategy, no control chart will be used for the process. Because
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the true state is not known, either model 1 or model 2 can be used throughout.
(2) Strategy 2: In this strategy, no control chart will be used. In order to know the ex-

act state of the system, investigations for each instance are needed and two dif-
ferent models will be used according to the results of the investigations.

(3) Strategy 3: In this strategy, model 2 is used as soon as a signal s2 appears. Al-
though the signal s2 may be a false one, no investigation on this signal will be
carried out. In this strategy, the following two events may occur. Event A1 — Be-
fore the process shifts to S2, a signal 2s  appears when the process is in S1, and

then model 2 is used, and Event A2 — in S1, no signal 2s  appears. After the pro-

cess shifts to S2, a signal 2s  occurs when the process is in S2, and then model 2 is
used.

(4) Strategy 4: In this case, whenever a signal s2 occurs, an investigation will be car-
ried out to check the true state of the process. In this strategy, the following two
events may occur. Event 3A — before the process shifts to S2, several s2’s occur
and investigations are carried out. Model 2 is used until the process is confirmed
to be in S2 after a signal s2 appears, and Event 4A — in state 1, no signal 2s  ap-

pears. After the process shifts to S2, a signal s2 occurs in S2 and an investigation
is carried out and then model 2 is used.

4. Costs for the four strategies

Let Q1(i) (i=1,2) be the probability for signal is  to appear when the process is in state

1S  and model 1 is being used, and Q2(i) (i=1,2) be the probability for a type i signal to

appear when the process is in state 2S  and model 1 is still being used. Let
q1=(1-p1)(1-T1)+p1(1-F1) and q2=(1-p2)(1-T1)+p2(1-F1), then we have

∑
∈
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Recall that 1T  and 1F  are the true positive rate and the false positive rate of model

1, respectively, and 2T  and 2F  are the true positive rate and the false positive rate of

model 2, respectively. Let the cost for investigating a signal be inC  and the cost for

maintaining the CCC-chart be chartC . Then, we can derive the following expressions
for the expected cost for each of our four strategies.

Lemma 1. The expected cost for strategy 1 using model i is
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Lemma 2. The expected cost for strategy 2 is
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Lemma 3. The expected cost for strategy 3 is
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Lemma 4. The cost for strategy 4 is
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5. Example

Let p1=0.002, p2=0.008, T1=0.995, T2=0.990, F1=0.004, F2=0.002, Cnp=1000, Cnp=1
and α=0.05. It can be shown that we should use model 1 in S1 and model 2 in S2, re-
spectively. When π12=0.00002, π23=0.00006, from Lemma 1, Lemma 2, Lemma 3 and
Lemma 4, we can obtain

A. If Cchart=0 and Cin==0, then c11=1265, c12=1131, c2=1081.5, c3=1130.1 and
c4=1081.7, both strategy 2 and strategy 4 are the best cases;

B. If Cchart=0 and Cin=0.5, then c11=1265, c12=1131, c2=34414, c3=1130.1 and
c4=1111.6, strategy 4 is the best;

C. If Cchart==100 and Cin=0.5, then c11=1265, c12=1131, c2=34414, c3=1230.1
and c4=1211.6, strategy 1 with model 2 used in both states S1 and S2 is the
best.

To sum up, the data analyst can choose a strategy to minimize the cost. Say, when
the cost for maintaining the CCC-chart is small or the cost for investigating the state
of the system is small, strategy 3 or strategy 4 may be the best choice. In other words,
maintaining the CCC-chart for the process is helpful in these cases.
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6. Conclusions

When the class distributions of different states in the process are known and the
change point of the states is not known, it is hard to apply different models for the dif-
ferent states. This paper combines both ROC analysis and CCC-charts to optimize the
cost. Four different strategies have been considered and expressions for the expected
costs for each of these strategies have been obtained. This aids the data analyst in de-
ciding which strategy to choose under particular cost distributions.
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Appendix

It is easy to prove the following results. When the process is in state 1, the number of
instances immediately before the process has shifted to state 2 is a geometric random
variable with parameter π12, and expectation 1/ π12. The expected number of instances
since the transition of the process from state S1 to state S2 until it shifts to another
state, is 1/π23. Under event A1, the expected number of instances since the start of the
process until the appearance of the first signal s2 in S1 with model 1 being used is E1.
The probability of event A1 is p(A1) and the probability of event A2 is p(A2). Under
event A2, the expected number of instances since the start of the process until the time
of the transition from state S1 to state S2 and no s2 appearing during that time with
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model 1 being used is E2. Under event A1 or A3, the expected number of instances
since the time of the first appearance of signal s2 until the transition from state S1 to
state S2 is E3. Under event A2, the expected number of instances since the time of the
transition from state S1 to state S2 until the appearance of the first signal s2 in state 2
with model 1 being used is E4. Under event A3, the expected number of signal s1 since
the appearance of the first signal s1 until the signal confirmed to be in state S2 is E5.

Proof of Lemma 1: The expected cost of applying model 1 in state 1 is (1-p1)(1-
T1)Cpn+p1F1Cnp. Similarly, the expected cost of applying model 1 in state 2 is (1-
p2)(1-T1)Cpn+p2F1Cnp. From the definition of strategy 1, and the above statement, we
can obtain Lemma 1.

Proof of Lemma 2: If model 1 is being used in state 1 and model 2 is being used in
state 2, the cost is ((1-p1)(1-T1)/π12+(1-p2)(1-T2)/π23)Cpn+(p1F1/π12+p2F2/π23)Cnp. In
order to know the exact state of the system, investigations for each appeared instance
are needed, the total cost for the investigation is (1/π12+1/π23)Cin, then, we can get
Lemma 2.
Proof of Lemma 3: For strategy 3,
(1) Under event A1, the number of instances appearing before the appearance of the

first signal s2 in state 1 is E1 and model 1 is being used during that time. The cost
for this time period is E1((1-p1)(1-T1)Cpn+p1F1Cnp). The number of instances ap-
pearing since the appearance of the first signal s2 until the time of the transition
from state 1 to state 2 is E3, and model 2 is being used during this time. The cost
for this time is E3((1-p1)(1-T2)Cpn+p1F2Cnp). The number of instances since the
system has shifted from state 1 to state 2 is 1/ π23, then, the cost for this time pe-
riod is ((1-p2)(1-T2)Cpn+p2F2Cnp)/π23.

(2) Under event A2, the number of instances appearing in state 1 since the start of the
process until the time of the transition from state 1 to state 2 is E2 with model1
being used during that time. The cost for this time period is E2((1-p1)(1-
T1)Cpn+p1F1Cnp). The number of instances appearing since the time of the transi-
tion from state 1 to state 2 until the appearance of the first signal s2 is E4,. The
cost for this time period is E4((1-p2)(1-T1)Cpn+p2F1Cnp). The number of instances
since the appearance of the first signal s2 is 1/π23-E4, then, the cost for this time
period is (1/ π23-E4)((1-p2)(1-T2)Cpn+p2F2Cnp)

To sum the above results of (1) and (2), and consider the probability of event A1
and A2, we get Lemma 3.
Proof of Lemma 4: For strategy 4, from the start of the process until transition from
state 1 to state 2, model 1 is used; Between transition from state 1 to state 2 and ap-
pearance of the first signal s2, model 1 is used. The number of instances in this time
period is E4.
(1) In state 2, after the first signal s2 appears, model 2 is used; the number of the in-

stances in this time period is 1/ π23-E4.
(2) In state 1, the number of investigations on signal s2 when event A3 and A4 occur

are P(A1)E5 and 0, in state 2, respectively. The number of investigations on signal
s2 when either event A3 or A4 occurs is 1.

Then, we can obtain Lemma 4
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