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An Approach to High-dimensional Data Causality Inference
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Abstract; Discovering causality from the data set is one of the basic problems in the scientific field.
However, there is still no effective algorithm to discover causalities from high-dimensional data. We pres-
ent an algorithm for large scale causality discovery, which is based on conditional independence test and
mutual information. Firstly, the algorithm reduces the dimensionality of data set by conditional independ-
ence test and mutual information, and then we employ an approach based on nonlinear additive noise

models to distinguish the directions between nodes. Experimental results show that it outperforms other

methods.
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Fig.2 Different dimension of sample

WP 2 95 B 25 T LA 1 e A A
BRI UL  ANM SR AN 1GCT S35 02 o
ERBIRAR T CIHD 005 2 B A I 0L T 3 4~
S SR R B RS 55, S 1 5

Hr, CIHD ZER KA T 73 AR Fp k.
4 #Hig

AT T — AT L B e A Rl B PR



120 I SR AN

532 %

IR R ) B S e T AR A S I A
EREFSVUPRPIO KA €1HE SR PRt IR
A ANM SE N 2 5 vh 45 W s 18] 9 i 2847 07 1)
U, DT A5 B — > ELA Y DS 2R 28 254 e 0
BRI AR 32 80E R T oAb DA R4
Wik

S 3k

[1] Pearl J. Causality; models, reasoning and inference[ M ].
Cambridge: MIT Press, 2000.

[2] Spirtes P, Glymour C, Scheines R. Causation, prediction,
and search[ M]. Cambridge; MIT Press, 2000.

[3] Uhler C, Raskutti G, Biihlmann P, et al. Geometry of the
faithfulness assumption in causal inference[ J|]. The Annals
of Statistics, 2013, 41(2) ; 436-463.

[4] Cai R, Zhang Z, Hao Z. BASSUM: A Bayesian semi-su-
pervised method for classification feature selection[ J]. Pat-
tern Recognition, 2011, 44(4) . 811-820.

[5] Shimizu S, Hoyer P O, Hyvirinen A. Estimation of linear
non-Gaussian acyclic models for latent factors[ J]. Neuro-
computing, 2009, 72(7) . 2024-2027.

[6] Hoyer P O, Shimizu S, Kerminen A J, et al. Estimation of
causal effects using linear non-Gaussian causal models with
hidden variables[ J]. International Journal of Approximate
Reasoning, 2008, 49(2) . 362-378.

[7] Janzing D, Scholkopf B. Causal inference using the algo-
rithmic Markov condition[ J ]. IEEE Transactions on Infor-
mation Theory, 2010, 56(10) ; 5168-5194.

(8] BREIAX. BT DU 2% R s 3L L ] ) AR Tl R

2f22 43,2007 ,24 (1) . 19-21.

Chen X S. The genetic algorithm based on bayesian Net
[J]. Journal of Guangdong University of Tehnology,2007,
24(1).19-21.

[9] Tsamardinos I, Brown L E, Aliferis C F. The max-min hill-
climbing Bayesian network structure learning algorithm[ J].
Machine learning, 2006, 65(1) : 31-78.

[10] Shimizu S, Hoyer P O, Hyviirinen A, et al. A linear non-
Gaussian acyclic model for causal discovery [ J]. The
Journal of Machine Learning Research, 2006, 7. 2003-
2030.

[11] Hoyer P O, Janzing D, Mooij J M, et al. Nonlinear caus-
al discovery with additive noise models[ C] // Advances in
Neural Information Processing Systems. Vancouver, Cana-
da; MIT Press, 2009 689-696.

[12] Peters J, Janzing D, Scholkopf B. Causal inference on
discrete data using additive noise models [ J]. IEEE
Transactions on Pattern Analysis and Machine Intelli-
gence, 2011, 33(12) . 2436-2450.

[13] Janzing D, Mooij J, Zhang K, et al. Information-geomet-
ric approach to inferring causal directions[]J]. Artificial
Intelligence, 2012, 56(10) :5168-5194.

[14] Zhang K, Peters J, Janzing D, et al. Kernel-based condi-
tional independence test and application in causal discov-
ery[ EB/OL]. (2012-02-14) [2013-10-24]. http; // arx-
iv. org/ftp/arxiv/ papers/1202/1202. 3775. pdf.

[15] Kraskov A, Stogbauer H, Grassberger P. Estimating mu-
tual information[ J]. Physical Review E, 2004, 69 (6) :
066138-066154.



