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i1 => i2 if
1. i1 and i2 occur together in at least s% of n   

transactions ( support )
2. and, of all the transactions containing i1, at    

lease  c% also contain i2 (confidence )
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Purchasing of Tea (t) and Coffee (c)
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Let’s calculate the POTENTIAL association rule
t => c
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t => c is negatively correlated (0.89<1)
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,QWURGXFWLRQ�± &RUUHODWLRQ�5XOH

&RUUHODWLRQ�YDOXH�DORQH�FDQ�QRW�WHOO�LI�LW�
LV�VWDWLVWLFDOO\�VLJQLILFDQW��

(chi-square) statistics can be used to 
determine statistical significance

&RUUHODWLRQ�LV�XSZDUG�FORVHG�

Looking for Minimum Correlated Item-sets: item-
sets with i variable are correlated but item-sets 
with i-1 variable are un-correlated.

2χ

,QWURGXFWLRQ�± &DXVDWLRQ

&DXVDO�5HODWLRQVKLS�EHWZHHQ�,WHP�6HWV�

Causal knowledge aids planning and decision 
making in almost all fields

&RUUHODWLRQ�GRHV�QRW�LPSO\�&DXVDWLRQ��
EXW�PD\�EH�KHOSIXO�WR�FRQVWUDLQ�WKH�
SRVVLEOH�&DXVDO�5HODWLRQVKLSV�

Simple Example: if item sets A and B are 
uncorrelated(independent), then there is no 
causal relationship between A and B.



,QWURGXFWLRQ�± &DXVDWLRQ

&DXVDO�%D\HVLDQ�QHWZRUN

Acyclic, directed graph with each arc interpreting 
as direct causal influence between a parent node 
(variables) and a child node.
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/&'�$OJRULWKP�± /RFDO�&DXVDOLW\�'LVFRYHU\

'HILQLWLRQ����0DUNRY�&RQGLWLRQ�

A variable is INDEPENDENT of its non-
descendants, given just its parents.
(Variables are independent ONLY IIF their 
independence is implied by the causal Markov 
condition.)

/&'�$OJRULWKP�± /RFDO�&DXVDOLW\�'LVFRYHU\

&&&�&DXVDOLW\

Suppose A, B, and C are three variables that are 
pair-wise dependent, and that A and C becomes 
independent when conditioned on B. Then we 
may infer that one of the following causal 
relations exists between A, B, and C:
A Å B Æ C           A Æ B Æ C         A Å B Å C
If through priori knowledge that A has no causes, 
then we will have the only possible relation:

A Æ B Æ C
That’s to say: B causes C



/&'�$OJRULWKP�± /RFDO�&DXVDOLW\�'LVFRYHU\

&&8�&DXVDOLW\

Suppose A, B, and C are three variables such that 
A and B are correlated, A and C are correlated, 
and B and C are uncorrelated, and that B and C 
become correlated when conditioned on A. Then 
we may infer that B and C cause A.

%�Æ $�Å &

/&'�$OJRULWKP�± /RFDO�&DXVDOLW\�'LVFRYHU\

$GYDQWDJHV

CCC and CCU rules are local. They work only on 
three variables at the same time and do not 
explore the relationships between all variables of 
the causal Bayesian network. This makes the 
algorithm simple and fast.

/&'�$OJRULWKP�± /RFDO�&DXVDOLW\�'LVFRYHU\

/LPLWDWLRQV

1. May produce disjoint picture of the causal  
relationship:
given W ÆÆ X ÆÆ Y ÆÆ Z ÆÆ A, the algorithm may     
produce X ÆÆ A, X ÆÆ Z, Y ÆÆ Z, Y ÆÆ A, Z ÆÆ A.

2. Accumulated statistical error.
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real case                     expected case
= 0.900
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$OJRULWKP�(YDOXDWLRQ

&RQFOXVLRQ

$OJRULWKP�(YDOXDWLRQ

'DWD�*HQHUDWLRQ

Data is generated using existing causal Bayesian 
Network, e.g. ALARM monitoring system. 
Randomly choose node pairs from the existing 
causal network to form certain data size.

(YDOXDWLRQ�0HWULFV
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5HODWLRQVKLS�EHWZHHQ�$VVRFLDWLRQ��&RUUHODWLRQ�
DQG�&DXVDWLRQ

&DXVDO�0LQLQJ�LV�D�FRQVWUDLQW�EDVHG�PLQLQJ�
DSSURDFK

)RU�ODUJH�GDWD�VHWV��/&'�SURYHV�IHDVLEOH�DQG�
UHWXUQV�D�ODUJH�QXPEHU�RI�LQWHUHVWLQJ�FDXVDO�
UHODWLRQVKLSV

)LQGLQJ�FDXVDO�UHODWLRQVKLS�LV�YHU\�XVHIXO��EXW�LW�
LV�127�HDV\��$�ORW�RI�IXWXUH�ZRUN�QHHGV�WR�EH�
H[SORUHG
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