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Application 1: Economics
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Application 2: Bioinformatics
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A definition of temporal causality

X is the cause of Y
if the past values of X are helpful in predicting 

the future values of Y

Granger causality [Granger1969]
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How can we obtain feature vectors?

The answer lies in Granger causality definition
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Whether or not two distributions are equal
is important

How can we determine whether or not 
two distributions are equal?

We used MMD (distance between kernel means)



13Copyright©2019  NTT corp. All Rights Reserved.

D K    

) ), )( D K

	�������
�
�RKHS�

a
GM

•    K :

a ( ( ) ),  
K GM  



14Copyright©2019  NTT corp. All Rights Reserved.

Distance (MMD)

Whether or not distance between points is zero
is important 

(maximum mean discrepancy 
[Gretton+; NIPS2007])
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Classifier
�e.g., Random Forest�

Experiments

Test Data

Training Data
(Synthetic data)

���

No Causation
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Results on synthetic test data
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Existing Granger causality methods
Test accuracy strongly depended on the regression model

Results on synthetic test data
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Proposed method
Performance was sufficiently good

Results on synthetic test data
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Results on real world data

River RunoffRadiation Internet Sun Spots

 

e.g., River Runoff
X: Precipitation; Y: River Runoff

(�True: )

Proposed
Linear (VAR)
Nonlinear (GAM)
Nonlinear (kernel)

Temperature
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3. MMDF

• KL divergence
A

F
F

• Kormogorov Smirnov (
F (KS ) )

Q AR
F
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Granger causality definition for 
multivariate time series

• Conditional Granger causality [Geweke JASA1984]:

compare two conditional distributions given past 
values of the third variable Z

ifX Y

X Y if

Z

Z
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Feature representation

• Similarly, we map conditional distributions to points 
in feature spaces and measure the distance

• We use four MMDs to obtain feature vectors

\MMDXt+1|Z
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Assigning causal labels to n-variate time series

• Assumption: number of parent of each 
variable is at most 1

(Due to exponentially growing # of possible combinations of 
causal graphs)

• To each of nC2 pairs from n variables, we 
assign one of the three causal labels:
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Assigning causal labels to n-variate time series

For each triplet                                        , (X,Y, Zv)
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1. Prepare feature vector
2. Compute probability of three labels 

by using trained classifier 

Then, we assign the label 
with highest average probability  



33Copyright©2019  NTT corp. All Rights Reserved.

Classifier

Real-world
Test Data

Synthetic
Training Data

Yeast cell cycle gene expression data
[Spellman+ 1998]

14 variables (genes) 

Experiment 3: Multivariate real-world data

True causal directions are given in database
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Macro F1 score and micro F1 score

�Higher is better
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