
Plate-forme AFIA / Nice, du 30 mai au 3 juin 2005 

 

 

ATELIER : 

Apprentissage automatique et 
bioinformatique 

Florence D'Alche-Buc 
Laurent Bréhélin 



 



���������	��

��������������������! "�#�$��%'&(���)�*��+��,�! "�-�.�� /�1032,����%4%4 5+6 "�87( 5+.�$�)��&9�� 5:1��+�7(��+������;%4���(���-�.+	&<�,:9�>=���$=;��+�+.��?(�@�A�.�;�,�B7( C&9���,�.D5���( 5+EGF�H,I�J"K�LNMOF,PRQ,KTSULVH,WXQ,MOY@Z[LVF-Q�Q-H,I1Z@K	Y@\	L]H,I9Z�F-Q4^6_`_aH,I1PbK cd %4 "�)2� 5�9�@ feg�,�(���������9�( 5=�=; f7<hi:9�j%4���$�)�*03�,��2,�*�9�;+.%4 #&
�A�>��:1����0k�*��2����(��+��A�.�;�,�47( /+. 5+l2�m"�( 5+n F,Z�H�_aYpo�Y@Z$WGH,W
SrqXY)F,WXsut	KvY$Z@Z�YwLVF*WGHBY"\6t	KvY@Z$Z)Y!x#_yK;JAY z�{| :9�.��%4�A�����/ "�����������������}�,er�) 5=; @~��*�-�>�(�O7( 5+#�;���(�;�O�)�9 5%4�;�$��=��9 "�k���,���O+�X�A� F,��\vKvY$W��XF,��\vS�t	KvY@Z$Z)Y[�/I*�OH,WX\�Y"\[�r��Y@�[�pY$�5KT_`_aY �Oz� �,�(eg�*��%4���.�����j7( /�(�;�,%j�,=;D"�@:9=; 5+U "�>�A&(&9�� 5�-�.�;+.+���2� /7( 5+8�;�-�. "�������������9+#7( �~��*��7( "��������=;+&
�A��:(�}+��O+.�.m5%4 C%b:9=��.��0k��2� "�-�#��7(�A&9���A�.�;en F,P�KT_`_aY[o>Y@���$YRY"\ n F,Z�H�_aYpo�Y@Z$WGH,W c�c| +���:979�!��e | %4���(� | �@��7(+#�#���(�A�)�B�$�O7( 5+�pI(F,K;�*I(H'E(I�F,WGQ!^�W1��Y"_ � Y$Z"\lLVY.�(M-I}���*I1K��"H c-{| &(&(�) 5�-����+�+.��2� w7�h��*:1���,%4���. 5+#&(�A�peg:(+.�;�,�}7( b 1¡£¢¥¤T+���%4�;=��A�fe¦����2�%4 5�-��&(������+)§# "�f "��&<D"����0%4 5�-�.���.�����(+8+�:1�f=; 5+8&(���*��D5���( "+>¨V©�¢E
Z�F,WGª"H,K`� n H,��\uYbY@\/x>H*I(_y��Y$W�«wY@Z � Y"_`_aY�¬ ­�®¯� 5�@�,�(+��.��:9�$�.�����B+.:9&< "�)~O��+�D5 p79 p2,���A&(�( [2�D5�9D"�.�;°�:9 qXY)F,WG±�t	M-KT_yK��-�OY²�XY@Z@\ ­-³d =��A�<�,���A�.�;�,�B7( [�(�5�,��:9�!&��,:9��=Thi 5+�����%4�A�������47( C&9���,&9����D"��D"+>7( p&< "�.���. 5+#%4�,=;D5�$:(=� 5+´µK`�AF�¶8F�_aF,K`��H�_aF,S1qGH*WGF�\TMOF,W n MOY$WXS1qXH5¬)Y"_y·*WGY8o8Z@I(F,WGQ�S(t8Y@\3Y@Z�t	M-I1W1�,S �G¸ qXH,��M-I(F �(¹ F,sPbKvQ�F,���wY"\6t	KvY@Z$Z)Y[o�F�_aQ,K {Oz

º



»



¼



½



¾



¿



À



Á



Â



º�Ã



º@º



º)»



º�¼



º ½



�

����������	
����
���

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

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

�	���������������������	��	�����������������������
�	������� �
����!�"������

##$����������%��"�		��&�'#()*��������������+�(,�
{bernon, mano, glize}@irit.fr 

�������-� ���� �������� .� ��	��� �	� .������� .��� ����� �/�..��	�����0�� ��� ���.������	�� �/�	��
�������� �������	�� �	�� �� ����� .��������1��� ��� �/ ���0�	��� 2������ ���� �3��1���� �������0�	���
���.������4� �	� �����
� .��� ��� ������
� ���� .��.�� � �� ��	����		������ �/�	�� �������� 	�� .����	�� ���
� ������ ���� .��.�� � �� ��� ���� ������ ���.���	��5� 6/��0�	����� 7���������8�  ��"���� .���
�..��	�����0���	����1����/�	��������	���	��������.���	������ ����� ������ ���.�������01	�������
����� 9���� ��� ��	�� ����� ���� ��		 ��� "����0������ �+. ����	������ �����������
� ��� 	������
���	����.���		�����
�.� 	��3.���������� ��"�������5�

�� ����
�����
��

: ������ ���� ���.��	����� ��� ���.������	�� ���� �3��1���� ����	��� ��	�� ����� 0��"���� 
� �9���
������/����/�0����/�	�9�����	�����������
������	��";������������"����0�������	/����.����	����������	�5�6��
��� �������	�� �������
�����.�����������������	���3.���1����	���	���	��	��������	� ���	������+�
������ �"���� �
� 	/�� .��� �"����5� ������ � ������� � ��������  ������ .��	��.�����	�� ���� ��� ��	����	�
�/�	�  � ��	�� ��	��������� ��� �3��1��� ����	�� � .�	�� ��� ��	����		���	�� �������	 � ���� �������
 � ��	��5� 
��� ��� ������
� ���� .��.�� � �� ��	����		������ ��� ��� �������� 	�� .����	�� 9���� � ������� ����
.��.�� � �� ��� ���� ������ ���.���	��5� 6�� ���.��+�� � ��� ��� � .�	��� "����0����� ���� �� �� <� ���
���	�������	�����/�	��������	�.��� ��.����������	����.�����;����/�������.������	��.�3�����0����5�
=���� ������	��	�� ��� � ��"�����
� ��� ���+���� �����  0�����	�� ���� ���� ��	��� � ��	������ ���
� 0������	�-�����"��>
�� 0������	�0 	������
�� 0������	� 	��0 �����
���� ������������������?�


�����	�� ��� 0 	������� ��	����		����
� ������ ��� �/�	��3��� ���� .������� �/�+.������	� 0 	����� ���
.��� ����
� ���� �	� ������ .�����	�� ��	�� �/�	��3��� ���� �3��1���� ������������ .��� ��� ���	���������	�����
��������	���/�+.������	�����01	��
�� �����	�	���������� �����	�"����0����5�6������	���������.�����
<�@:%�.�������/ �������������	����.������/�	��������������������������	�����	��0 	 ��	����	����	��
��������	��� ��"����/�	��������	�
���	���	�	���/�+.������	�����01	�������������������
����������	��
9���� �	��3� ��� ��� �	���.� � ��5� :/������ .���
� ��� 	��"������� ��		 ��� ��������.������ 2��� �3.��
"����0��������.�3�����4���������/�+. ����	�����	����	�����.�	�"�������� �����"���5�

:�	���������.�������"����0����3	�� �����
��/�";���������.� ��	��.��;����������.����������/ ��"����
�	� ���1��� �	����������� ������	�� ��� ���.������	�� ��	����		��� �/�	� ��������0�	����� ��� �������
��	�������.����"���� ���/�	��3������� � ��	��������������������	�������	�5�A�	� ������	�� �� �����
���� �3��1���� ���.��+��
� �/7���0�	����� ��������8�  ��"���� .��� �..��	�����0�� �	� ���1���
�/�	��������	�� �	���� ���� .���	������ �� ��� ������ ��� .��� ���� 01	��
� ��� ��	�� ����� ���� � .�	����
�+. ����	������������������2���	����.���		�����
�.� 	��3.���������� ��"�������45�

6��������	������	������������������.� ��	��� ������/�"���� ��� ����	������/�..��	�����0�����.� ��
���� ��.���� ���� ��� �� ��������� �3��1�����������0�	��� ���.������5�6��������.���	����!�@����.������
�������	� ��� .��"�1��� ��		 � ���� �	������ � ������ �	� ������	� '
� �����.�0	 �� ��� � ��������
.� ����	��������	�����������	�.� � ��	�������	������	5�

º)¾



�

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

���������

6/�..��	�����0�� ��� ���.������	�� �/�	�� �������� <� �������� ���� ��		 ��� "����0������
�+. ����	�����������	�.��"�1������.��+��2���	��"������01	�����	���	���������0�	��������� ��� 
�
������		 ����+. ����	������<�.��	�����	����.�����	��	��"����������� � ��01	��4
���	�� �/��.����
�����������������0�0�	������������� 0�������������	/��.�������������	�����/��0������������ �������	�
��		��5� �/���� .�������� 	���� ���	�� � ��� � ��� 	�� .��� ��.��3��� ���� ����	������ �/�..��	�����0��
������������������� ����������������B:� �('C��������/�"�������	���.��3�	���	���� �����.��������1���
����/ ���0�	���-������������@�@!�2@��.�����������@0�	��!3�����45�

���� ���������������� �

�	���3�	��/�..��	����.�����	��3��1�����������.��	0 ���	���	��	����		���	�����	0��	������
����/3����.���5�6/���.�����	�.�������� ��������	��..�����	�����.��	��.���/�������0�	������	
�.��	��.��
������� � ��	�� ������	�� .� 	��1	��� 	�������� 2����	���� ��� �������
� ��������?� B��	�"���DEC45�
F�3��0��	�� ��	����/�������0�	������	�������7��/ ���0�	����.�	��	 ���/�	����� ��	���0��"����<�
.������ �/�	��������	�� �������� �	���� ���� ���.���	��� �	��������	�� �	� .�	��	���8� BF�3��0�	(#C5�
:�.��������������		 ��
�	���� �����	���/�������0�	������	������������3�	�����/�����	�����������
���.��+�� � ��� ��� �/���������� ���� �..�������	�� �	������������ <� ������� �	� G����� B���.�D$C5� 6��
� ������� ��� ������  ����� 	���� �� .���� � <� .��.����� �	�� �� ����� �..�� �� @�@!� B�������DDC� ��	��
��������� ��� ���. �����	� ���� ���������� 0�H��� ������� ��� �3��1��� �/�������0�	���� .���� �..��	���� <�
�/�;������ ��+� ���	0���	��� ��� ��	� �	����		���	�5� 6��� �	��������	�� �	���� ���� ���.���	��� ���
�3��1���� .�	��	���������	���������������������/����.���1��	���������������.���� �<����. ��������
�	������� ����������5����	0��� ������ �	��������	�� �����	��<���������� �/��0�	������	�����3��1������<�
���	0��� ��	��� ��� ���.������	�� 0��"��� ��� ��� �3��1��5� ��� ���.������	�� 0��"���  ���0�� ����
�	��������	�� �	���� ���.���	��
� ��� �����	�� �	������ ��� ��� ��		�I���� ��� ��� ��� � �����
� ����� ���
���.������	���������.���	��������9������		 5�

:�	���������..����������@�@!
�����3��1����������0�	�����.������������	�����.�� ��/�0�	���
�����7����. �������8���	������3�������������	������<�.����������������������	��������	����		���	�
�<�
� ������ ��� ��� ��	�1��� ��	�� ��� ��	�� �0��� �	� �����	�� ��� .���� ���. ������ �	����� ���� ������
� .���� <�
�..������� �/�����	� �������5� @�� 	������ �/�	� �0�	�
� ��� ���. �����	� ���� � ������ ��� ��	�1���
7�.������.�����8��5�5���/���������������		�I����������������	����	��������������	��0�	���������. �����
�
��������� �������������������	����	����������������	/����.�������. �����
���������	���..�� ���!�������	��
%�	����. ��������2!%�45�:1����/�	��0�	��� ��������/���������������	���	����������������	
�����0���
.���� ����	��� <� �	�� ��������	� ��/��� ;�0�
� ��� ��	� .��	�� ��� ���
� 9���� ���. ������� �	����� ���� ������
�
������������	����������9���J��	��0�	�����. ������	/����.������������5�

���� !
���"����"���������
�

6�� ��������0�	����� ��"��� ��� �/ ����� ���� ��� ������� 7�!��������3���� �����������8� ��	�� ���
0 	���
� .���������	�� ��		�
� ���.����� )*((� 01	��� B@���	���(,
� F�����(#C5� ���� ��0�	����� ��
�/���	��0���/9�����	������3�����	������������.��� ��	������������ ���+. ����	������2	�	�.����01	�
�
� ��"��?4�������������	��	� �9�� ��	������5�

6�� �3��1��� �	����������� ������ ��	�� �..��	���� <� ��	����		��� ������ �	�� .�.������	� ���
�������� �	� ��	����	� ��� ��	� �	����		���	�
� �	� �/�..�3�	�� ���� ���+� �3.��� ��� ��		 ���
�+. ����	������-�

K� :��� ��		 ��� ���	����.��������� �"��	���� 0�H��� ��� .��������� ���� .����� <� @:%� .����
����� ��� �������������	�� .��� ���� ����������� �	� "����0��#5� ���� ��		 ��� ����	����	��
	������	�� �	�� ��0	�� ��� ������.���	� ��� �����	� ���� 01	��� �+.��� �� ����	��
�/�+. ����	�����	�������� �
�������	����	�)(((� ��0	��������		 �5�
����� ���� �	��������	��
��	���	�	���	�01	�
�	����	/�	����	������	�����������+�.�������� ��������	����.�����3.��
� ����.. �-����	������01	�������	����+������������������+.������	5�

�����������������������������������������������������������
#� ��� �������� ���� ������� � �	� �����"������	� ����� ��� 6�"��������� �������	���0�������.��� � �� 2���� LL(,4� ��� �/�%!@� ���
��������5� º�¿



�

�

K� :��� ��		 ��� .����	�	�� ��� ��� ������ �������	� ��������.����� ��� ���.������	�� ��� ���
������� .���� ���� �	����		���	��� �. ��������� ��� �������5� ���� ��		 ��� �+.����	�� ���
���	��� � ���� ���.���	��� ��������.������ 2����� ���� ��� .F� ��� ��� �M*4� .� ��	��� ��	�� ���
"��� ������
��	���	����	�������.�������	���	�	���/����������������������������. ������5�

�������<�	��������� �������+��	���"���������		 ���	����	��.����3	����	�� �
� ����.� �1����	���
���� ���+� �3.��� ��� ��		 ��� ��	�� ������� �� ����	� ����  ������� ���.�������� ��1�� ���� ��	���� 2�/�	�
������������	�<������4
����	����	��.�������9������������0��	����5��������	�� � �	 ����������/���������
�	������	������/�	���.������	����.�������������		 ����	��������	�������.��	�����"�����5��

#� $���
����	
��������
�����

6/�";���������	����� ��������������	���������	��3��1�����	���������.���	������	���..��	����<�
�	����0����������/����/�0��������/�	��3��1�������	�5�N�.������������		 ����"�����"���
�����3��1���
����������� ����� .����	��� <� .� ����� �/�+.������	� 0 	������� ��� ��� ������� ��"��� �	� � �����	�	��
�/��0�	������	� �	����������� ��� ����������� ��� ���� ��	������	��� ���	� ��� ��	���� ����� ���� ��		 ���
�"�����"���5� �	�� ����� �/��0�	����� �������� ��� ��� 
� ��� .������ .� ����� ���� ��		 ���
���	����.��������� ����� ��� <�.������ ���	�����������		 �����������.�����
� �������.��������������
� ������� ��� 	��������� �+. ���	���� "����0������ ����� ��� ��	�� ������ �������� <� ��� � ������ .����� <�
@:%
�����	������	 �����5�

6�� .����1���  ��.�� ���� ��� ��	����� ��� �����"���� � �/�	� ���� ����������
� "H��� ���� �	�� �+.������	�
���.���������	����	������01	��
���	��������	����		���	����	����0	�	�
����	��/�	������������������	��
��	����	� ���0�	��5�

#����� $���%��������
���������

6�����		 ������	����.��������������������.��������������3��1��������.��	�����	����.����	��
"����	� �/�	� ��.� ��	�����	� ��	�� ��� �3��1��� ���� ������ ��	�� 3� �0��� .���� �;������ ����� ���	��� � �	�
��	����	� ���� ��	�����	�� �+. ����	�����5�@��	� ������ ������ ��� .���� ;����� ��� ���.������	�� ��� ���
������
��/���������������� �	���� �������
� �	�����	�	����	�� ��� � 0������	
������	��������9����.�����	�
���.����������������.��� �	�������/���������"���	���5�

������		 ������	����.��������
���������.������������	�������	���� ���������	�������������
���� ���.���	���� ��� �3��1��� �/�..��	�����0�5� =����� ��	�� ����� ������ ���� �	��� �� ����	����
�
	/�3�	����/�	����������������������	����		���	�
��3�	�������	���	�"���.��.�������������������������
���� ��	����	���� ��� ��� �/�;������ .���� �+.������ ��� "�		�� ���	��� � ��	�� ��� �3��1��5� ��� ��	�� ����
��		 ���������� ��	����	�������������	��9���� ��.� ��	� ���.��������0�	������. ������� 2����� ��0����
#4�-��

K� ���� �0�	��� ���	����.��������� ����0 �� ��� ��.� ��	���� ���� )*((� �	���	���� ��� 01	��� ��� ���
������5�����.����	�������������	��������	������������������������3.����/�0�	����J�

K� ���� �0�	��� ��������.������ ��.� ��	��	�� ���� '(� �	���	���� ��� ���.���	��� ����� ����
�/�+301	�
� �/ ���	��?� ���� �	����0����	�� ����� ���� �0�	��� ���	����.��������� ���
�	���� ������������� 	/�	����0����	�� .��� �	���� ��+� ���� ���� ��		 ��� ������.�	��	���� ��	��
��..�� �����I���� ��5�

K� ��������0�	��� �	���� ������������ ��.� ��	����	�� �������������������
�����������.��� �	��
�
�����	����0����	������������������������3.����/�0�	��5�

6��!�@�������	��������������	�� ������3	��������/�0�	������������	�5�6��.�����.� ����	�����
�����	��������	�������� �������	������<��	� 0���������0�	�����������.������������	����.������������
<��������;��	�����������	���� �������5�6��	��"���������	�
��	��	�� ������	�������
�����.����.��� ����
�	� �0�	�� ���� ��+ � ��"���������	�5� ���� ���	�� ������.�	��	�� <� �/�	����	��� �/���������	O�	��"����	�
��/�	��0�	��.���������������	������5�@�	��
��	����	������	�����+��0�	������������ �����.���-�

K� �	�.�����������.�	��	��<��	��������� ����.��������	�.�����/�0�	��.�����������������	�����
�	���	��J�

K� �	�.�����������.�	��	��<��	��������� ������	��������	�.�����/�0�	��.�����������������	�
���������	��J� º À



�

K� �	��	��������������	���	������������<�� ��		������������	�������/������"��<�(5�

�/�����/������������������/�	��0�	�������������.���������������	0����������	���������������������
��	��� ��� ������  ���0��� �	�� 	�������� ��0�	������	� ��� � ����5� 6�� �3��1��� ���� ��	��� ��.�"��� ���
�/���.��������/�..��	�����	���	����	����������	�����	�������	����		���	�5�

#����� !
��
���������

������	����������������
�����

:�	�� ���� @�@!
� ��� ���. �����	� ��� � ��	��� ������ �����-� 2#4� ����� ��0	��� .��P�� .���� 9����
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Abstract : In this paper we describe a novel method for extracting a set of nodes
that best capture the connections between k given nodes of interest in a biochem-
ical network. This method relies on the projection of the nodes of the network,
seen as an undirected graph, into an euclidean space. Euclidean distances be-
tween nodes in the projected space correspond to their commute time distances in
the original graph, a measure based on a random walk model on the graph. Com-
mute time reflects the distance between two nodes while considering all paths
connecting them. Results on artificial data illustrate the interest of this approach.

Keywords: biochemical network analysis, subgraph mining, commute time dis-
tance, spectral graph analysis

1 Introduction
Biochemical networks model interactions between biochemical entities within cells.
Metabolism can be viewed as a network of chemical reactions catalyzed by enzymes,
and connected via their substrates and products; a metabolic pathway is then a coor-
dinated series of reactions. Other types of biochemical networks include regulatory
or signal transduction networks. Several models exist to represent biochemical net-
works (Deville et al., 2003). In most cases, these networks can be viewed as directed
or undirected graphs. The present work is part of the BioMaze project which aims
to produce computer tools for analyzing biochemical networks. BioMaze extends the
Amaze project which aims to build a biochemical database integrating the three types
of networks mentioned above and to provide dedicated query tools (van Helden et al.,
2000).
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The specific problem we address here is the extraction of a relevant subgraph of an
undirected1 graph, which best explains the relations between k given nodes of interest
in this graph. Assume, for instance, we are analyzing the synthesis of pyruvate from
glucose and would like to study the possible influence of the expression of a given
gene on a protein, say phospho-fructokinase-2, in the context of the regulation of this
metabolic pathway. In this case, we have 4 nodes of interest in a possibly very large
graph of interactions and we would like to extract a relevant subgraph explaining the
relations between these 4 nodes. The methods described in this paper are also applicable
to other practical domains.

This paper presents a novel approach to this problem. It relies on the projection of
the nodes of the graph into an euclidean space. Euclidean distances between nodes in
the projected space correspond to their commute time distances in the original graph, a
measure based on a random walk model on the graph (Saerens et al., 2004). Commute
time reflects the distance between two nodes while considering all paths connecting
them. This contrasts with simpler approaches which would extract only specific paths
between each pair of nodes of interest, such as shortest distance or maximal flow paths.
Here the goal is the extraction of a relevant subgraph as this is considered to be more in-
formative. An inspiring approach to this problem was presented recently in (C. Falout-
sos & Tomkins, 2004) but the problem was restricted to 2 nodes of interest. We adopt
here a different point of view allowing for a direct solution to the general problem with
any number of nodes of interest. We propose to solve the problem in two steps: the
extraction of a subset of relevant nodes in the graph followed by the construction of a
subgraph connecting them. The present contribution focuses on the first step.

Section 2 proposes a formal statement of the problem we address. Some possible
methods to solve it are discussed and contrasted with our approach. The theory behind
the notion of commute time distance is summarized in section 3. Section 4 details how
to use commute time distances in order to extract a subset of relevant nodes in a graph.
Practical experiments are presented in section 5.

2 The problem of extracting a subset of relevant nodes
Problem statement: Given a connected undirected graph G = (V, E), where V denotes
a set of nodes (or vertices) and E denotes a set of weighted edges, a non-empty set
K ⊆ V of nodes of interest and s a strictly positive integer, find a set S ⊆ V \ K of
nodes, with |S| = s, optimizing a goodness function g(S, K). The goodness function
g(S, K) measures how well the s extracted nodes explain the relations between the
k = |K| ≥ 2 nodes of interest in the graph.

The goodness function should measure how well the nodes of interest are connected
through paths to which the extracted nodes belong. A naive approach to this problem
consists in extracting nodes belonging to shortest paths between pairs of nodes of in-
terest. Consider, for instance, the graph depicted in Figure 1 and assume this graph
represents a road map between cities A and B (i.e. k = 2, in the present case). The

1Even though there is a direction of flow in a metabolic pathway, the type of graph analysis considered
here does not require directed edges.
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shortest distance2 approach would typically select nodes C and D belonging to the high-
way connecting A and B. However, as soon as one edge is removed along this path (e.g.
in case of a traffic jam) no alternative route from A to B goes through C or D. Nodes
included in the dashed circle are more relevant here as they belong to many alternative
routes connecting A and B, even though none of these routes might be shorter than the
highway. Thus the goodness function should take into account many alternatives routes,
possibly all of them.

C D

A B

Figure 1: Nodes that best capture the connections between A and B are in the dashed
circle as they belong to many alternative routes from A to B, or conversely.

Faloutsos et al. proposed an interesting approach to the more general problem of
extracting a relevant subgraph (C. Faloutsos & Tomkins, 2004). This approach can di-
rectly be applied to our problem of extracting a subset of the graph nodes. They restrict
their attention to the case for which k = 2. The goodness function g(S, K) is based
on an electrical analogy. The 2 nodes of interest are respectively considered to be the
source and the sink of an electrical current. The algorithm searches the paths followed
by the current fl ow and maximizes the sum of current fl ow in the extracted subgraph.
In addition, each node includes some current loss in order to penalize long paths and
very highly connected nodes (hubs)3. This approach takes into account several paths
between the nodes of interest. The fraction of current captured by the subgraph depends
on the number and weight of such paths. One drawback of this method is that, due to
the current loss, the solution depends on which of the 2 nodes of interest is chosen to be
the current source. We propose in the present work an alternative method which deals
with any number of nodes of interest with no preference a priori defined between them.

2This distance may correspond to the travel time in this particular case.
3While it is interesting to extract nodes offering alternative routes to the nodes of interest, hubs do not

explain well the specific relations between the nodes of interest as they are well connected to most nodes.
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3 Euclidean commute time distance
As motivated by the discussion in section 2, we are looking for a measure describing
how well several nodes are connected in a graph by considering all possible paths con-
necting them. This measure will then be applied to the extraction of a subset of relevant
nodes in a graph as detailed in section 4.

The proposed measure relies on a random walk model on the graph. This model
assigns transition probabilities to the edges, so that a random walker will jump from
one node to another with a probability proportional to the weight of the edge connect-
ing them. The average commute time4 between nodes i and j computes the average
time taken by a random walker for reaching node j from node i, and coming back to
i. The square root of this quantity is a distance measure between any two nodes called
the euclidean commute time distance (ECTD). Most of the theory, summarized in the
present section, was introduced in (Saerens et al., 2004). The application of this dis-
tance measure to the extraction of a subset of relevant nodes in a graph is detailed in
section 4.

Section 3.1 introduces some notations and, in particular, the Laplacian matrix L of a
graph. Section 3.2 details how to compute the ECTD from L.

3.1 The Laplacian matrix of a weighted graph
We consider a weighted undirected graph G = (V, E) with strictly positive weights
between each pair of connected nodes. The graph order |V | is also denoted n in the
sequel. The larger the weight wij of the edge connecting node i to node j, the easier the
communication between i and j is assumed to be. Moreover, the weights are required
to be symmetric (wij = wji). The adjacency matrix A is defined in the usual way:

aij =

{

wij , if node i is connected to node j
0 , otherwise.

The diagonal degree matrix D is defined as follows. dii =
∑n

l=1 ail and dij = 0,
if i 6= j. A related quantity is the graph volume, that is the sum of node degrees:
DG =

∑n
i=1 dii.

The Laplacian matrix L of the graph is defined as L = A − D. When G has a single
connected component, the rank of L is n − 1. Moreover, one can easily show that L is
symmetric and positive semidefinite (Chung, 1997).

3.2 Computation of the commute time distances
Klein and Randic proposed in (Klein & Randic, 1981) a distance measure between
graph nodes, called resistance distance which has the property of decreasing when the
number of paths between two nodes increase. As shown by Chandra (Chandra et al.,

4This notion of commute time is equivalent to the average number of steps a random walker would make
on average to commute between both nodes, since the random walker is assumed to make one step at each
time clock.
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1989), this measure can be expressed in terms of the random walk model described
below.

A random walk on a graph is a Markov chain describing the sequence of nodes visited
by a random walker. A state of the Markov chain is associated with every node of the
graph. A random variable X(t) represents the current state of the Markov chain at time
t. The probability of transiting to state j at time t+1, given the current state is i at time
t, is given by:

P (X(t + 1) = j|X(t) = i) = pij = aij/dii.

Thus, from any state i, the probability to jump to a state j is proportional to the weight
aij of the edge between i and j. The transition matrix P = [pij ] of the Markov chain is
related to the degree and adjacency matrices as P = D

−1
A.

The average first-passage time m(j|i) is defined as the average number of steps a
random walker, starting in state i, will take to reach state j for the first time. These
measure can be computed by the following recurrence (Norris, 1997):

{

m(j|i) = 1 +
∑n

l=1,l 6=j pi,l m(j|l) for i 6= j

m(j|j) = 0
(1)

A closely related measure is the average commute time, q(i, j), defined as the average
number of steps a random walker, starting in state i, will take to enter state j for the first
time, and go back to state i for the first time: q(i, j) = m(j|i) + m(i|j). Note that, in
general, m(i|j) 6= m(j|i), while the average commute time is symmetric by definition.
As shown by several authors, the average commute time is a distance (Klein & Randic,
1981; Gobel & Jagers, 1974). Moreover the square root of the average commute time
defines an euclidean distance (Saerens et al., 2004).

A first method for computing euclidean commute time distances is based on the iter-
ative solving of the recurrences (1). An alternative approach derives from the Moore-
Penrose pseudoinverse of the Laplacian L, denoted by L

+, as proposed in (Saerens
et al., 2004):

q(i, j) = DG(l+ii + l+jj − 2l+ij) (2)

If we further define ei as the ith column of the n×n identity matrix, equation (2) can
be rewritten as

q(i, j) = DG(ei − ej)
T
L

+(ei − ej), (3)

where each node i is represented by a unit base vector ei. These nodes can be mapped
into an euclidean space that preserves the commute time distances as L

+ is positive
semidefinite. Indeed, every positive semidefinite matrix can be transformed to a di-
agonal matrix (see, e.g., (Meyer, 2000)), Λ = U

T
L

+
U, where U is an orthonormal

matrix made of the eigenvectors of L
+, U = [u1,u2, . . . ,un−1,un = 0]. Hence, the

commute time distances can be rewritten as:

q(i, j) = DG (x′
i − x

′
j)

T(x′
i − x

′
j) (4)

where the following transformations have been applied: xi = U
T
ei, and x

′
i = Λ

1/2
xi.

So, in this n-dimensional Euclidean space, the transformed node vectors, x
′
i, are

exactly separated by euclidean commute time distances (up to the scaling factor DG).
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Close points in this ECTD space represent nodes well connected in the original graph
G according to any possible paths between them, and the euclidean distance between
them measures this connectivity in the original graph.

The ECTD space has dimensionality n, the graph order, but projection to a subspace
preserving as much information as possible can reduce computation time. The so-called
spectral (or eigenvector) decomposition of L

+ is given by:

L
+ = UΛU

T =
n−1
∑

l=1

λl ulu
T
l (5)

where λ1 > λ2 > . . . > λn−1 > λn = 0 are the eigenvalues of L
+, and ul the

associated eigenvectors. The eigenvector expansion of L
+ can be computed up to m <

n − 1, by considering only the m largest eigenvalues of L
+. This gives rise to an m-

dimensional subspace where the commute time distances are approximately preserved.
Finally, since L and L

+ have the same set of eigenvectors but inverse (non zero)
eigenvalues, we do not need to explicitly compute the pseudoinverse of L. It is only
necessary to compute the smallest non zero eigenvalues of L, which correspond to
the largest eigenvalues of L

+, and their associated eigenvectors. Fast iterative meth-
ods exists for this purpose (Golub & Loan, 1996; Sorensen, 1996). The complexity
for computing one eigenvalue/eigenvector is O(n2) and the overall complexity for this
method is thus O(mn2).

4 Node subset minimizing euclidean commute time
The relevant node subset problem can be easily formulated and solved using the eu-
clidean commute time distances between any graph nodes and the nodes of interest.
More specifically, we consider the following goodness function :

g(S, K) =
∑

i∈S

dr(i, K) (6)

with
dr(i, K) = min

W⊆K,|W |=r

∑

j∈W

q(i, j)

Thus, the contribution of each extracted node to the goodness of the subset S is the sum
of the commute time distances to its r (1 ≤ r ≤ k) closest nodes of interest in the
ECTD (sub-)space. In the experiments reported below, we considered the distances to
the two closest nodes of interest, for each extracted node (r = 2). The choice r = k
would correspond to considering the distances to all nodes of interest. On one hand,
this would allow to take into account the connectivity to all nodes of interest. On the
other hand, as this measure would be more global, the extracted nodes might not be
particularly well connected to any specific node of interest. We will further study this
trade-off in our future work.

Computing an optimal S, which minimizes g for a given number s of nodes to be
extracted, is straightforward once the commute time distances between any node of
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interest and the other nodes of the graph have been computed. It simply amounts to
compute dr(i, K) for each possible node i of the graph (except the k nodes of interest
themselves) and to return the nodes with the s smallest values.

Figure 2 presents the graph of Figure 1 with nodes indexed in increasing order ac-
cording to d2(i, K) (here, K = {A, B}). Unit weight edges were considered in this
example.

A B

4 1

6
6

4 2

3

5

Figure 2: The nodes of this graph are labeled in increasing order (ties are assigned the
same rank) according to the sum of their commute time distances to A and B respec-
tively.

5 Experiments
The ultimate objective of this work is to provide a method for a biologist to automat-
ically extract a subset of relevant nodes related to given nodes of interest in a large
biochemical network. In order to assess the performance of the proposed method, pre-
liminary experiments with artificial graphs are reported here.

 1
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 1  10

N
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r 
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 n
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Degree

Figure 3: Average degree distribution of graphs used for testing.

A set of 10 graphs of 100 nodes were randomly generated using a power-law graph
generator (Barabasi et al., 2000). For each graph, five nodes were used as initial seeds.
Next, 95 nodes were iteratively added and randomly connected to 3 nodes of the current
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graph. At each step, the probability of an existing node to be connected to the new node
is proportional to its current degree. Each generated graph contains a single connected
component and all edges have a unit weight. The degree distribution (averaged over all
generated graphs) is depicted (in log scales) in Figure 3.

For each graph tested, 10 sets of k nodes of interest were randomly selected. Results
are reported for k = 2, 4 and 8. In each case, an increasing number of s nodes were

extracted. The distance measure D =

∑

i∈S
d2(i,K)

∑

i∈V \K
d2(i,K)

is the cumulated distance of the

subset S of extracted nodes relative to the distance of the total set V \K of nodes which
can possibly be extracted. As we aim at minimizing a distance in this case, the smaller
D the better.

Comparative results with the method proposed by Faloutsos et al. (C. Faloutsos &
Tomkins, 2004) are possible when k = 2. These results are presented in Figure 4. Both
approaches perform very similarly in this setting, showing that they capture essentially
the same information (at least for the tested graphs). However, Faloutsos method can-
not extract more than 29 % of nodes in this case (28 out of the 98 nodes which can
potentially be extracted with our approach). This comes from the fact that this method
only extracts nodes on loopless paths between the 2 nodes of interest. Hence a sig-
nificant fraction of the graph nodes (here 71 %) may not respect this constraint. One
one hand, this illustrates an advantage of our approach. On the other hand, Faloutsos
method is more general as it does not only extract a node subset but a connected sub-
graph. Extension of our method to deal with this more general problem is part of our
future work.

0 0.1 0.2 0.3 0.4 0.5
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

% extracted Nodes

D

Figure 4: Distance of the extracted subsets for increasing number of extracted nodes.
The x axis gives the value of s

n−k , that is the percentage of extracted nodes. The green
curve (circles) corresponds to our approach minimizing commute times, while the blue
curve corresponds to the method of Faloutsos. Results are obtained for k = 2 and
averaged over 100 tests.
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Figure 5 illustrates the results of our approach for k = 4 and 8 on the same graphs.
Both curves behave similarly and illustrate the generalization of our approach to larger
sets of nodes of interest. Note that the computational complexity remains essentially
the same as it is dominated by the computation of the same commute time distances in
all cases.
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(a) k = 4
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(b) k = 8

Figure 5: Distance of the extracted subsets for increasing number of extracted nodes for
k = 4 or k = 8.
In all results presented so far, all edge weights were assumed to be equal (standard

deviation σ = 0). Figure 6 presents the extraction results for another set of 10 graphs of
200 nodes for which a normal distribution on edge weight with a much larger standard
deviation (σ > 200) was defined. As slightly better performance is obtained for these
graphs as the distribution of commute time distances is sharper in this case.
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Figure 6: Extraction results for equal weight for all edges (σ = 0) or large standard
deviation (σ = 239) for a normal weight distribution. Average results for 100 tests with
k = 2 (10 randomly selected pairs of nodes of interest for each graph).
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6 Conclusion and future work
We propose in this paper a novel approach to the extraction of nodes in a biochemical
network which best explain the connections between k given nodes of interest in this
network. This approach uses commute time distances between nodes, a measure of
how well two nodes are connected in a graph by considering all possible paths between
them. It is based on the projection of the nodes of the network, seen as an undirected
graph, into an euclidean space. Euclidean distances between nodes in the projected
ECTD space correspond to their commute time distances in the original graph.

Several questions need to be addressed in the future.

1. The commute time distances can be approximated if the nodes of the original
graph are projected into a subspace of the full ECTD space. A lower dimension
subspace corresponds to a coarser approximation to the actual commute times
while reducing the computational complexity. We will study the trade-off be-
tween this complexity and the quality of the set of extracted nodes.

2. Our goodness measure for the extracted node subset is based on the commute
time distance from each extracted node to its two closest nodes of interest. As
discussed in section 4, alternative goodness measures will be investigated.

3. The more general problem of a relevant subgraph extraction will be considered.
Starting from the set of extracted nodes, some edge selection in the original graph
has to be designed. This should be derived from the fraction of edges responsible
for the largest part of the commute time distances between nodes.

4. Actual experiments on real biochemical networks and result interpretations by
biologists are also part of the current project. Comparisons between extracted
subgraphs and known pathways could be performed in this regard.
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Problématique

Les conformations de biomolécules expliquent leurs rôles structuraux et/ou fonctionnels dans la nature. Seule-
ment, la complexité et la méconnaissance des infl uences inter-atomiques ne permettent pas de calculer ces confor-
mations de manière efficace. Des approches basées sur des méthodes d’optimisation globale (Fan, 2002) existent
mais se trouvent limitées par leurs hypothèses sur l’évaluation de la fonction énergétique à minimiser. L’approche
proposée ici, a comme objectif d’apprendre ces interactions atomiques puis de les composer, de manière simple,
locale et efficace, en utilisant une technologie basée sur les systèmes multi-agents adaptatifs. Dans un premier
temps, elle a pour but de résoudre des problèmes de conformation par minimisation de l’énergie de Lennard-Jones
induite des interactions de van der Waals, puis, dans un deuxième temps, elle sera utilisée pour apprendre ces
interactions.

La résolution émergente par auto-organisation coopérative

Un moyen d’apprendre pour un système S consiste à transformer sa fonction actuelle f Æ de manière autonome
afin de s’adapter à l’environnement, considéré comme une contrainte qui lui est donnée. Chaque partie P Ç d’un
système S réalise une fonction partielle f È@É de la fonction globale f Æ . Elle est le résultat de la combinaison des
fonctions partielles f È$É . La combinaison étant déterminée par l’organisation courante des parties, il s’ensuit que
transformer l’organisation conduit à changer la combinaison des fonctions partielles f È$É et donc à modifier la fonc-
tion globale f Æ , devenant par là même un moyen d’adapter le système à l’environnement. La justification théorique
qui guide le processus d’auto-organisation dans les AMAS est le fait qu’un système qui possède ses parties en
interactions coopératives permanentes, réalise la fonction souhaitée dans son environnement (Georgé et al., 2003).
En elle-même, l’organisation qui émerge est une organisation observable non prédonnée par le concepteur du
système. Mais le plus interessant, c’est l’émergence de la fonction du système qui est produite par l’organisation
entre les agents à un instant donné. Pour réaliser cela, tout agent est programmé pour chercher à être en situation
coopérative avec les autres agents du système : idéalement, il devrait recevoir des informations pertinentes pour
réaliser sa fonction et transmettre ses résultats vers ceux qui devraient en tirer bénéfice. L’agent réalise en perma-
nence sa fonction partielle, mais il agit simultanément sur l’organisation interne du système s’il détecte des situa-
tions non coopératives (SNC). Ainsi, la recomposition des fonctions partielles réalisées par chaque agent amène
une transformation de la fonction globale du système et les états non coopératifs dus aux situations imprévues sont
progressivement supprimés. La résolution de problèmes avec les AMAS s’articule donc autour de trois notions
essentielles : apprentissage, auto-organisation et émergence. Il y a apprentissage car le processus de résolution est
incomplètement spécifíe : au cours de son activité le système doit progresser à partir d’observations sur l’environ-
nement. Cet apprentissage se réalise par un processus d’auto-organisation (coopérative pour les AMAS) entre ses
parties constituantes (que nous nommons agents). La solution obtenue est émergente car, ni la spécification initiale
du système ni son algorithme d’apprentissage n’ont à connaı̂tre ce qui devra être appris.
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La résolution émergente de la conformation de molécules

Cette approche ayant fourni des résultats satisfaisants dans des domaines aussi variés que complexes comme
la prévision de crues ou encore la résolution d’emploi du temps, nous l’avons appliqué à la recherche de confor-
mations de protéines avec pour objectif à terme de simuler du ”docking” de molécules, domaine important en
bioinformatique.
Une molécule est un AMAS constitué d’agents coopératifs (les atomes), sa description spatiale est fournie en
entrée à l’application suivant un fichier au format de la Protein Data Bank (PDB, 2003). Chaque atome de cette
molécule est constamment en interaction avec ses voisins. Nous avons choisi de modéliser ces interactions via
l’énergie potentielle de Lennard-Jones exprimée comme suit :ÊrËÍÌÍÎbÏ;Ð)Ñ�Ò<ÓBÔ/Õ5ÖG×ÙØÚ4Û6ÜTÝ£ÞRß Ö<×ÙØÚ4ÛÙà�áfâVã�äÚ ä â�ã ÜÚ (1)

où ×ÙØ représente la distance à laquelle l’énergie potentielle est minimale,
Ô5å ã�ä Ð.æ ã Ü permettent de régler la valeur

de ce minimum et les coefficients de la pente de la courbe et
Ú

la distance entre deux atomes. ×ÙØ åTÔ5å ã�ä å ã Ü sont
les paramètres que nous nous proposons d’apprendre.
Cette modélisation nous a permis d’utiliser les interactions atomiques comme moteur du repliement vers la confor-
mation de minimum énergetique (Besse, 2003). Nous avons donc cherché à minimiser cette énergie sans connaitre
les paramètres de l’énergie de Lennard-Jones. Cette minimisation se fait de manière coopérative : chaque atome
tend à diminuer l’énergie potentiellle résultant des interactions de Van der Waals, sans jamais accroitre la situation
énergétique de son voisin de plus grande énergie. De cette manière, l’énergie converge par étapes locales vers un
minimum global.
L’apprentissage des paramètres de la loi de Lennard-Jones peut donc être mis en place en mesurant l’écart entre
la conformation souhaitée (donnée par une molécule connue) et la conformation obtenue après utilisation de notre
algorithme sur cette même molécule déformée par un placement aléatoire de chacun de ses atomes. Les paramètres
sont alors ajustés coopérativement de manière à ce que la molécule déformée tende un peu plus vers la conforma-
tion voulue à chaque cycle d’apprentissage.

Conclusion et perspectives

Nous avons actuellement mis en place la minimisation de l’énergie de Lennard-Jones à propos de laquelle nous
obtenons des résultats plutôt encourageants en termes de temps de résolution. Les conformations finales trouvées
ne permettent pas de conclure quant à la validité de l’algorithme étant donné que les fonctions ne sont pas connues
à ce jour. Elle a en outre l’avantage par rapport à des méthode plus classiques telles que le recuit simulé ou les al-
gorithmes génétiques, de n’emettre aucune hypothèse sur la fonction économique à minimiser. La prochaine étape
consiste donc à mettre en place cet apprentissage et à le valider à l’aide de molécules connues. Elle sera réalisée et
expérimentée dans les prochains mois. Toutefois, notre modélisation ne prend en compte ni le milieu (à savoir l’eau
entourant nécessairement les molécules) ni les interactions électrostatiques dues à la polarité de certains atomes.
Cette approche est novatrice dans sa conception du repliement moléculaire et pourrait par la suite faciliter des
découvertes sur l’implication de tel ou tel acide aminé dans le processus de repliement.
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amas. In Revue d’Intelligence Artificielle, RSTI série RIA, volume 17, n ç 4, p. 591–626.
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Abstract :

If the biochemical properties of Amino acids can be perfectly described with cer-
tain binary codes, it can increase the potential of symbolic artificial intelligence
methods to deal with protein folding problem. Thus we study four kinds of bi-
nary codes of amino acids (AA). Two codes of them are based respectively on
biochemical properties, and the two others are generated with artificial intelli-
gence (AI) methods, and are based on protein structures and alignment, and on
Dayhoff matrix. In order to give a global significance of each binary code, we
use a hierarchical clustering method to generate different clusters of each binary
codes of amino acids. Each cluster is examined with biochemical properties to
give an explanation on the similarity between amino acids that it contains. To
validate our examination, a decision tree based machine learning system is used
to characterize the AA clusters obtained with each binary codes. From this exper-
imentation, it comes out that one of the AI based codes allows to obtain clusters
that have significant biochemical properties. As a consequence, it appears that
even if attributes of binary codes generated with AI methods, do not separately
correspond to a biochemical property, they can be significant in the whole. Con-
versely binary codes based on biochemical properties can be insignificant when
forming a whole.

This work allows to take into account biochemical properties of AA when binary
codes are used to redescribe protein primary sequences.

Keywords: AI in Bioinformatics, Amino acids, Classification, Clustering

1 Introduction
A protein is typically built of a series of amino acids. Amino acids may come in a vari-
ety of shapes and properties: they may be small or bulky, hydrophobic or hydrophyllic,
electrically charged or neutral, etc... hence allowing for very complex shapes and inter-
actions to be produced. So the biochemical properties of amino acids are very important
to analyse problems such as protein sequence alignment, protein secondary or tertiary
structures prediction (Kawashima & Kanehisa, 2000; De la Maza, 1994).
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Along with the development of bioinformatics, more and more methods and tech-
niques of Artificial Intelligence (AI) are applied to solve problems of molecular biol-
ogy such as protein secondary or tertiary structures prediction (Muggleton et al., 1992).
Such techniques are generally based on AA mutation matrices (Kawashima & Kane-
hisa, 2000). However there are a lot of symbolic AI techniques based on binary repre-
sentations that could be applied in this domain. For example, genetic algorithms were
used to predict protein structure (Unger & Moult, 1993; Pedersen & Moult, 1997).
These works used single representation which does not catch many biochemical prop-
erties of AA. If the biochemical properties of AA can be perfectly described with certain
binary codes, it will improve performance accuracy on the prediction of protein struc-
ture and function from its AA sequences (De la Maza, 1994). Hence in this paper we
will focus on binary representation for AA. It is extended work of (Fu & Mephu Nguifo,
2004).

Expressing binary rules is more understandable for human-expert and could be help-
ful for providing efficient results explanation to the expert. Many symbolic AI systems
deal with binary representations. They are unable to treat numerical values as that en-
codes in AA mutation matrices.

If several research works are being devoted to AA indices or mutation matrices
(Kawashima & Kanehisa, 2000), our investigation of the literature gives rise only to
four works on binary representation of AA : Dickerson & Geis (Dickerson & Geis,
1969), Marlière & Saurin (Sallantin et al., 1984), De la Maza (De la Maza, 1994), and
finally Gracy & Mephu (Mephu Nguifo, 1993).

De la Maza used primary and secondary structure of proteins as input, and combined
genetic algorithm and neural networks algorithm, to generate the binary strings to repre-
sent AA. Gracy & Mephu applied a simulated annealing algorithm to Dayhoff’s matrix
to generate a binary representation of AA.

Dickerson & Geis and Marlière & Saurin proposed binary codes that are based on
biochemical properties of AA. They consider different classification of biochemical
properties of AA.

1 0 0 . . . 0 1 C
0 1 0 . . . 0 1 A
0 1 0 . . . 1 0 N
0 1 0 . . . 0 0 E

. . . . . .
0 1 0 . . . 1 1 S
0 1 0 . . . 1 1 T
0 1 0 . . . 0 1 I

Binary code

Clustering Decision tree

....

....
***
***
++
++++
+++

??
????
????

 Clusters

Validation clusters  Interpretation 

  Classification

Figure 1: A view of the process of amino acids code comparison: clustering and deci-
sion tree.

In this study, we compare and analyse these 4 methods of AA binary representation
(see a view of the process of amino acids code comparison in figure 1). In order to
search for a global significance of each binary code, firstly, we use a clustering algo-
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rithm to group AA. Then a machine learning system is used to explain the significances
of the clusters using biochemical data. If the clusters perfectly correspond to certain
biochemical properties of Amino acids, we consider this binary code as a good binary
representation.

For our experimentation, we use an hierarchical clustering method (Ward’s method
(Lebart et al., 1984)) to generate different clusters of AA. Each cluster is then examined
by hand to give an explanation on the similarity between AA inside the cluster. To do
this, we extend the representation of biochemical properties (hydrophobicity, charged,
bulky, ...) of AA proposed by De la Maza (De la Maza, 1994). In order to validate and
explain the clusters of AA, a public domain version of the decision tree based machine
learning system C4.5 (Witten & Frank, 1999) is used to characterize the AA clusters
obtained with the binary code.

The paper is organized as follows. The four AA binary representations are presented
in next section. In the third section, we present hierarchical clustering to generate clus-
ters of binary representations, and discuss the results obtained. And then a decision
tree system C4.5 is used to validate the clusters of representations of AA in the fourth
section.

2 Binary representations of amino acids

In this section, we describe the four AA binary representations. Binary representation
of AA is a table of twenty rows and different columns. Each column is a property which
can correspond to a biochemical property. Each row corresponds to an AA, and is a bit
string where “0” means that this AA hasn’t the property, and “1” means that this AA
has the property.

2.1 Binary Codes based on biochemical properties

Two representations based on biochemical properties of AA are described by: Dicker-
son & Geis (Dickerson & Geis, 1969), and Marlière & Saurin (Sallantin et al., 1984).

2.1.1 Dickerson & Geis’s code

Dikerson & Geis’s binary representation considers following properties of AA: aliphatic,
aromatic, charged, polar, size of AA and hydrophobic (see figure 2). The table of the
properties of AA could be easily transform to a binary representation.

Dickerson & Geis make an analysis of some protein sequences of the heavy and
light chains of immunoglobulines to create this representation. A problem with this
representation is that some AA have exactly the same physical and chemical properties
in their classification, so the binary code of representation is the same, for example, A
and G, I and L, Y and W, can’t be distinguished. A way to solve this problem could be
to add additional properties that allows to distinguish them.
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Properties List of AA

Hydrophobic M I L V C A G T K H Y W F

Charged D E K R H

Polar Q N S C D E K R H Y W T

Positive K R H

Small P N D T V C S A G

Tiny A G C S

Aliphatic I L V

Aromatic F Y W H

Figure 2: Classification of biochemical properties of amino acids proposed by Dikerson
& Geis.

2.1.2 Marlière & Saurin’s code

Marlière & Saurin propose to represent AA with 8 biochemical properties (Sallantin
et al., 1984) (see figure 3). On the basis of these 8 biochemical properties, each AA can
be represented by a bit string like with the Dikerson & Geis’s code. For example, we
use 00010100 to represent the amino acid I (Isoleucine).

Properties List of AA

Side chain with less than 4

heavy atoms excluding H

A C G P S T V

Side chain with more than 4

heavy atoms excluding H

E F H K Q R W Y

Linear side chain A C G K M S

Bulky side chain F H I P T W Y

Side chain with an oxygen D E N Q S T Y

Side chain without Z-H(Z=N,

O, S) bond

A F G I L P V

Charged side chain D E H K R

Side chain with less than 3

Carbon-Hydrogen bonds

C D G N S

Figure 3: Biochemical properties of amino acids proposed by Marlière & Saurin.

This coding is a topologic description of AA. Pingand (Pingand, 1990) show that
in such a coding appear sharply particular choices to certain types of studies, because
certain criteria such as hydrophobicity in particular are debatable. This coding can be
spread with the addition of other properties such as hydrophobicity, hydrophilic, etc.
. . .

With such coding, it is also necessary to explicitly or implicitly add negation of prop-
erties in order to avoid inclusion between two AA codes. For example, the code of L
(respectively R) is included into the code of I (respectively K).
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2.2 Binary codes based on AI methods
De la Maza’s (De la Maza, 1994) and Gracy & Mephu’s (Mephu Nguifo, 1993) codes
apply AI algorithms to generate binary representations. They propose a complete sys-
tem to generate and test the binary representations of AA.

They use different techniques, but the whole structure is the same (see figure 4). In
order to generate best binary representations, they use searching algorithms to find the
best solution for representation of AA, from some data of AA or protein (e.g. Dayhoff’s
matrix, primary and secondary structure of protein).

Coding methods :

1. GA & NN based code

2. SA based code

3. Biochemical properties
based code

4. Or other methods

Group representation with
Clustering algorithmsê
Describe and verify clus-
ters with decision tree sys-
tem

Generate representations Explain representations

Figure 4: The system structure of the methods based on AI methods.

2.2.1 De la Maza’s binary code of amino acids

De la Maza used the primary and secondary structure of proteins to create AA represen-
tations that facilitate secondary structure prediction (see figure 5). A genetic algorithm
searches the space of AA representations. The quality of each representation is quan-
tified by training a neural network to predict secondary structure using that representa-
tion. The genetic algorithm then uses the performance accuracy of the representation to
guide its search and to create AA representations (see an example in figure 2.2.1) that
improve the performance accuracy.

. . . MDLM . . . A

. . . PHW . . . B

. . . CRAY . . . B

. . . ELVIS . . . A

. . . PITT . . . A

. . . . . . . . . . . .
primary structure and

secondary structure data

Genetic Algorithm

Neural Network

1 0 0 1 . . . 0 0 1 G

0 1 0 1 . . . 0 1 0 P

0 1 0 0 . . . 1 0 1 C

0 1 0 1 . . . 0 1 0 Q

. . . . . .

0 1 0 1 . . . 0 1 0 D

1 0 0 1 . . . 0 0 1 S
Binary code representation

Figure 5: Generating the representations of amino acids with De la Maza’s system.
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A B C D E F G H I J K L M N O P AA
1 0 0 1 0 1 1 1 1 0 1 1 1 0 0 0 Alanine
1 0 0 1 1 0 0 1 0 1 0 0 1 1 0 0 Cysteine
1 1 0 1 0 1 1 1 1 1 1 1 1 1 0 0 Aspartic
0 0 1 1 1 1 1 0 1 1 0 1 1 1 1 0 Glutamic
0 0 1 0 1 0 0 0 0 0 0 1 1 0 1 1 Phenylalanine
1 0 0 1 0 0 1 0 1 1 0 0 1 1 0 1 Glycine
1 1 1 0 1 0 0 0 1 0 0 0 0 0 1 1 Histidine
0 0 0 0 1 0 0 0 1 0 0 1 0 0 1 1 Isoleucine
1 1 0 1 0 0 0 1 1 0 0 0 0 0 1 0 Lysine
1 0 1 1 1 1 0 1 0 1 1 1 1 0 0 1 Leucine
1 1 1 0 1 1 0 1 0 0 1 0 0 0 1 0 Methionine
1 0 0 1 1 1 1 0 1 1 0 0 1 0 0 1 Asparagine
0 1 0 1 1 0 0 0 1 0 0 0 0 1 0 0 Proline
0 0 1 0 0 1 1 0 0 1 0 0 1 1 1 0 Glutamine
0 1 0 1 0 0 0 1 0 0 1 1 0 0 1 1 Arginine
0 1 0 0 1 1 1 1 0 1 1 1 1 0 1 1 Serine
1 1 0 0 0 1 0 0 1 0 0 0 1 1 0 1 Threonine
1 1 0 1 1 1 0 0 1 1 1 0 0 1 1 1 Valine
0 0 0 0 1 1 0 0 1 1 1 1 0 1 1 0 Tryptophan
1 0 1 1 0 1 1 0 0 1 0 1 0 1 0 1 Tyrosine

Figure 6: 16 bits representations of de la Maza’s code.

De la Maza (De la Maza, 1994) describes a system that synthesizes regularity ex-
posing attributes from large protein databases. After processing primary and secondary
structure data, this system discovers an AA representation that captures what are thought
to be the three most important AA characteristics (size, charge, and hydrophobicity) for
tertiary structure prediction.

2.2.2 Gracy & Mephu’s binary code of amino acids

Gracy & Mephu’s method uses the Dayhoff matrix and simulated annealing algorithms
to generate the binary code of representation of 20 AA (see figure 2.2.2).

Dayhoff Matrix
similarity matrix be-
tween amino acids

Simulated Annealing

1 0 1 0 . . . 1 0 1 I
0 1 0 0 . . . 1 0 1 V
1 0 1 0 . . . 1 0 1 L
0 1 1 0 . . . 1 0 1 M

. . . . . .
1 0 0 0 . . . 1 1 0 Y
1 0 0 1 . . . 0 1 0 H

Binary code representation

Figure 7: Generating the representations of amino acids in method of Gracy & Mephu.
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Dayhoff (Dayhoff, 1972) proposed the matrix of similarity (probability of mutation)
for AA. This matrix is a reference of major work of molecular biology, especially with
the protein alignment problem or the protein structure prediction. Gracy & Mephu
translate this similarity matrix into a distance matrix between AA, then use a simulated
annealing algorithm to generate an AA binary representation that allows to approximate
such distance matrix with the Euclidian distance measure.

Simulated annealing (Kirpatrick et al., 1983) is a stochastic computational technique
for finding near globally-minimum-cost solutions to large optimization problems. Some
researches and applications have shown that simulated annealing is a technique which
has a high probability of finding the optimal or a near-optimal solution in a reasonable
time.

Using this method, we can get different representations of AA by changing the pa-
rameters of algorithms of this method. For example (see figure 8), we report the best
24-bits representation for 20 AA (see (Mephu Nguifo, 1993)).

G 1 0 1 0 1 0 0 1 1 0 0 1 0 1 1 0 1 0 1 0 1 0 0 1
P 1 0 0 1 0 1 0 1 1 0 0 1 0 1 1 0 0 1 1 0 1 0 1 0
C 0 1 1 0 0 1 0 1 0 1 0 1 0 1 0 1 0 1 1 0 0 1 0 1
A 1 0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1 0 1 0 0 1 0 1
N 1 0 1 0 1 0 0 1 1 0 1 0 0 1 0 1 1 0 1 0 0 1 1 0
Q 1 0 1 0 0 1 1 0 1 0 1 0 1 0 0 1 0 1 1 0 1 0 1 0
E 1 0 0 1 1 0 1 0 1 0 1 0 0 1 0 1 1 0 1 0 1 0 1 0
D 1 0 1 0 1 0 0 1 1 0 1 0 1 0 0 1 0 1 1 0 1 0 1 0
S 1 0 1 0 0 1 1 0 0 1 0 1 0 1 0 1 1 0 1 0 1 0 0 1
T 1 0 0 1 1 0 0 1 0 1 0 1 0 1 0 1 0 1 0 1 1 0 0 1
I 0 1 0 1 0 1 0 1 1 0 1 0 1 0 0 1 1 0 0 1 0 1 0 1
V 0 1 0 1 1 0 1 0 1 0 1 0 1 0 1 0 0 1 1 0 0 1 0 1
L 1 0 0 1 0 1 1 0 1 0 1 0 1 0 1 0 1 0 0 1 0 1 0 1
M 1 0 1 0 1 0 1 0 1 0 1 0 0 1 1 0 0 1 0 1 0 1 0 1
F 1 0 1 0 0 1 0 1 0 1 1 0 1 0 1 0 1 0 0 1 0 1 0 1
Y 0 1 1 0 0 1 0 1 0 1 1 0 1 0 1 0 1 0 1 0 0 1 1 0
W 1 0 1 0 0 1 1 0 0 1 0 1 1 0 1 0 1 0 0 1 0 1 1 0
H 0 1 1 0 0 1 1 0 1 0 1 0 0 1 1 0 1 0 1 0 1 0 1 0
K 0 1 1 0 1 0 1 0 1 0 0 1 0 1 0 1 1 0 0 1 1 0 1 0
R 1 0 1 0 0 1 1 0 1 0 0 1 0 1 0 1 0 1 0 1 0 1 1 0

Figure 8: 24 bits amino acids representation generated by Gracy & Mephu’s method
.

3 Clustering analysis of binary representations of amino
acids

In the previous section, four methods to represent AA with binary codes are presented.
However, we face some questions: What’s the significance of each binary representa-
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tion? Which is a good AA representation?
To answer these questions, we use a clustering algorithm and decision tree system to

validate the AA binary representations.
We use a clustering method to capture similarities among AA. This is similar to work

done by de la Maza (De la Maza, 1994) to validate its binary code. This work is an
extension to other binary representations.

3.1 Hierarchical Clustering
Clustering is often used for discovering structure in data. Cluster analysis (Dervin,
1996; K.Chan, 1991) provides a description or a reduction in the dimension of the data.
In our work, clustering analysis is used for interpretation of binary representation of
AA.

We use different hierarchical clustering methods available inside the SAS datamining
package (SAS, 2001): Ward’s method, Average Linkage method, and Centroid method.
We focus our interest on the Ward’s method (Lebart et al., 1984) since different tries
with these clustering methods generates the same clusters on each of the binary codes.

The Ward’s method is an agglomerative hierarchical method which starts with each
object describing a cluster, and then combines them into more inclusive clusters until
only one cluster remains. The aim of the Ward’s method is to unify groups such that
the variation inside these groups is not increased too drastically.

For each binary code, we use the clustering algorithm to generate various number of
clusters from 4 to 9. For example, with the 24 bits representation of Gracy & Mephu’s
method, when the number of clusters is 5, the result obtained is:

Cluster 1 : Asp, Glu, His, Lys, Asn, Pro, Gln, Arg.
Cluster 2 : Gly, Met, Val.
Cluster 3 : Cys, Ser, Thr.
Cluster 4 : Ala, Ile, Leu.
Cluster 5 : Phe, Trp, Tyr.
For our experimentation, we use the 8 bits code of Dikerson and Geis, the 16-bits rep-

resentation of Marlière and Saurin (adding negation of each property), the best 16-bit
representation of de la Maza, and the best 24-bit code reported by Gracy and Mephu.
We obtain 24 sets of clusters, each set corresponding to a binary code and a fixed num-
ber of clusters.

Each cluster is then examined by hand to give an explanation on the similarity be-
tween AA inside the cluster.

3.2 Examination of clusters
In order to search for some significance of the binary codes of AA representations, we
first examine by hand and analyze each cluster that we have obtained, with biochemical
properties of AA.

The AA biochemical properties are at the basis of the interpretation of clusters of
binary representations. We modify and extend the representation of chemical properties
of AA proposed by De la Maza (De la Maza, 1994) (see figure 3.2). Modifications and
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extensions come from discussion reported in recent publications on biochemistry (Kruh,
1995; Delaunay, 1997). We add some properties such as the mass, the number of atoms,
and the hydrophobicity scale.

As an example, the result of 5 clusters with the 24 bits representation of Gracy &
Mephu, is well-adapted to biochemical conditions and these clusters of AA have a
certain logic of biochemical affinity:

Phenylalanine, Tryptophane and Tyrosine : aromatic AA with cyclic side chain and
no charged.

Alanine, Isoleucine and Leucine : AA with side chains aliphatic.
Cysteine, Serine and Threonine : the Threonine differs of Serine by a grouping methyl

and the Cysteine differs of serine by the presence of one atom of sulfur in the place of
the atom of oxygen.

Asp, Glu, His, Lys, Asn, Pro, Gln, Arg: are more hydrophilic.
Gly, Met, Val are hydrophobic.

HYB ARO SOU CHA NEU BAS ACI HYL PI -coo ë�ìîí
ï ë�ð MM N.A E.H AA
y n n n y n n n 6.02 2.34 9.69 X 89 13 +1.8 Ala(A)
n n n y n y n y 10.76 2.17 9.04 12.48 174 26 -4.5 Arg(R)
n n n n y n n y 5.40 2.00 8.80 X 132 17 -3.5 Asn(N)
n n n y n n y y 2.98 2.09 9.82 3.86 133 16 -3.5 Asp(D)
n n y n y n n y 5.02 1.74 10.78 8.33 121 14 +2.5 Cys(C)
n n n n y n n y 5.65 2.17 9.13 X 147 20 -3.5 Gln(Q)
n n n y n n y y 3.22 2.19 9.67 4.25 146 19 -3.5 Glu(E)
y n n n y n n n 5.95 2.34 9.60 X 75 10 -0.4 Gly(G)
n n n y n y n y 7.59 1.82 9.17 6.00 155 20 -3.2 His(h)
y n n n y n n n 6.05 2.40 9.70 X 131 22 +4.5 Ile(I)
y n n n y n n n 5.98 2.36 9.60 X 131 22 +3.8 Leu(L)
n n n y n y n y 9.74 2.18 8.95 10.53 146 24 -3.9 Lys(K)
y n y n y n n n 5.75 2.30 9.20 X 149 20 +1.9 Met(M)
y y n n y n n n 5.45 1.80 9.10 X 165 23 +2.8 Phe(F)
y n n n y n n n 6.30 2.00 10.00 X 115 17 -1.6 Pro(P)
n n n n y n n y 5.68 2.21 9.15 X 105 14 -0.8 Ser(S)
n n n n y n n y 6.53 2.63 10.43 X 119 17 -0.7 Thr(T)
y y n n y n n n 5.90 2.40 9.40 X 204 27 -0.9 Trp(W)
n y n n y n n y 5.65 2.20 9.11 10.07 181 24 -1.3 Tyr(Y)
y n n n y n n n 5.95 2.30 9.60 X 117 19 +4.2 Val(V)

Figure 9: The biochemical properties that are used for representation of AA. (y=yes,
n=no, HYB= hydrophobic, ARO=aromatic, SOU=sulfur, CHA=charged, NEU=neutral,
BAS= basic, ACI=acidic, HYL=hydrophlic, PI= pI value, molecular MM=mass,
N.A=number of atom, E.H= hydrophobicity scale ).

¿From the examination of all the sets of clusters obtained, it appears very often that
there were always two or three clusters with debatable similarity, except for the previous
one : set of 5 clusters of 24-bits representation of Gracy & Mephu.

With the coding of de la Maza, we didn’t obtain the same clusters as that reported
in (De la Maza, 1994). This may be due to the fact that de la Maza uses the Cobweb
clustering algorithm which is different from the Ward’s method.

With the coding based on biochemical properties, we were unable to find a set with
good clusters.

From this first observation, it appears that coding based on AI method can have a
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good global significance, whenever coding based on biochemical properties could not
be significant in a whole. This global significance arises from the fact that similarity
between AA is expressed inside the Dayhoff matrix in the case of Gracy and Mephu, or
inside protein sequence alignment and protein structure in the case of de la Maza.

A second observation is made on properties of AI based coding. For the binary repre-
sentation based on biochemical properties, each column corresponds to one biochemical
property. For representations based on AI methods, we find that properties of binary
codes do not separately correspond to biochemical properties.

Through clusters analysis and examination by hand, we obtain a global analysis of
each binary representation. In the next section, we use decision tree system to validate
our analysis.

4 Interpretation of clusters

In order to verify the clusters of binary representations of AA using biochemical data,
we use a public domain of decision tree system C4.5 available in the WEKA package
(Witten & Frank, 1999), to predict the cluster of an AA given its biochemical properties.

Using the clusters of representations and the database of biochemical properties shown
in figure 3.2, we generate a decision tree to explain the clustering in terms of the bio-
chemical properties. This decision tree is used to classify instances. Each node of the
tree contains a test on an attribute. The branches that exit from a node correspond to the
outcomes of the test. The leaves of the tree contain clusters.

¿From the results of decision tree, the representation based on AI methods can be
shown that it corresponds to some biochemical properties of AA in varying degrees. It
validates the accuracy of the clusters of AA representations.

However, even with the clusters and biochemical properties reported in de la Maza
paper (De la Maza, 1994), we were unable to find the explanation tree obtained with
the decision tree system as mentioned in his paper.

The results show that the clustering results of the 24-bits representation produced
by Gracy & Mephu’s method are correct and can be characterize with biochemical
properties. This is in concordance with the results of our examinations by hand. This
shows that the 24-bits representation produced by Gracy & Mephu’s method is one of
the best binary representations of AA. This corroborates previous results reported in
(Mephu Nguifo, 1993; Landès et al., 1996), where this representation allows to find
good alignment when dealing with weakly homologous protein sequences.

For biochemical based representations, the decision tree can’t give an understandable
explanation of the clusters. This is in concordance with our analysis by hand. Thus bio-
chemical properties based representations need to be preprocessed before being used,
in order to express a whole significance.

¿From the results of clustering and decision tree process, we know that the methods
of De la Maza, and of Gracy & Mephu based on AI methods can generate good binary
representation of AA. These representations are significant in a whole, and allow to take
into account biochemical properties when dealing with protein primary structure.
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   Aromatic = yes: 5 (3.0)
   Aromatic = no
              Hydrophobicity <= -1.3: 1 (8.0)
              Hydrophobicity > -1.3:
                          Hydrophobic = yes

                                         PI <= 5.95: 2 (3.0)
                                         PI > 5.95: 4 (3.0)

                           Hydrophobic = no: 3 (3.0)

Figure 10: An example of decision tree( for 5 clusters of 24 bits representation of Gracy
& Mephu).

5 Conclusion
This paper reviews two kinds of AA binary representations respectively based on bio-
chemical properties, and on searching methods. A comparative study of these codes is
described, and provides some significant results.

Properties of binary codes generated with AI methods, do not separately correspond
to biochemical properties, but they are significant in a whole, conversely binary codes
based on biochemical properties can be insignificant when forming a whole. And one
of the codes proposed by Gracy and Mephu generates clusters that have significant bio-
chemical properties. This fact seems to confirm a previous experimental result obtained
with the alignment program, N+ONE (Landès et al., 1996).

Good AA representations can facilitate the prediction of proteins secondary or ter-
tiary structure, can allow to find good alignment of proteins primary sequences. This
work could allow to improve results of AI methods when dealing with protein folding
problem as it is well-established that data representation is one of the keys of success
of AI methods.
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doctorat d’université, Université de Montpellier II. 276 pages.

MUGGLETON S., KING R. & STERNBERG M. (1992). Protein secondary structure using logic-
based machine learning. Protein Engineering, 5((7)), 647–657.

PEDERSEN J. & MOULT J. (1997). Ab initio protein folding simulations with genetic algo-
rithms: simulations on the complete sequence of small proteins. Proteins, S1, 179–184.

PINGAND P. (1990). Thesis of PhD. PhD thesis, University of Montpellier.
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