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Abstract Keywords

Causality analysis is an important research topics in the field of data mining, but traditional Granger cau- multivariate time series;
sality models have difficulty accurately identifying the nonlinear causality of multivariable systems. We pro- Granger causality ;
pose a novel Granger causality analysis method based on the HSIC and group Lasso ( HSIC-GL) model. First- Hilbert-Schmidt independence
ly, we use the Hilbert-Schmidt independence criterion ( HSIC) to map the input and output samples into the criterion (HSIC) ;
Hilbert space of the reproducing kernel, which overcomes the inability to apply the traditional Granger causal- group Lasso (GL)

ity model to nonlinear systems. Then, we establish a regression model with group Lasso constraints, which
implements a causality analysis between multivariate and group-derived variables. The Bayesian information
criterion is used for model selection, which prevents the artificial setting of the lag order and regularization pa-
rameters. Lastly, based on the regression coefficients and the results of significance tests of the HSIC-GL
model, a nonlinear causality analysis is performed on the multivariable time series. The effectiveness of the
proposed method is verified by the results of simulations of nonlinear and chaotic systems. We successfully ap-

plied this method to the air quality index and meteorological time series in Shenyang, China.
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Fig.1 The real causality diagram of VAR, (5)
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Fig.2 The model order selection of VAR, (5)
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Fig.4 The causal adjacent matrix of VAR, (5)
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Tab.l  The significance test results of VAR, (5)

JE: mBTS-CGCILasso-GC  KGC ~ PMIME  HSIC-GL-GC
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X, —X; 15 96 98 98 100
X, —X, 2 4 5 1 3
X,—X, 98 2 100 100 99
X,—X; 95 4 96 99 96
X,—X, 0 0 1 0 0
X;—X, 2 16 3 1
X, —X, 1 2 0 62 3
X,—X, 0 1 2 3 0
X,—X, 0 2 0 0
X, —X, 45 68 97 98 96
X, —X, 2 0 0 25 3

3.2 Henon L MBS ESR
55 415 EBYESk B F Henon 48, Henon ¥ 5 A58

BN HARRLBENZERIBERG. =B EIELNE
Henon ﬁ%%é‘bmi R REQN R .
X, :1-4‘96?,;71 +0.3x%, ,_,
%, =ld—ex, %, ., —(1-c)x; ., +0.3x, ,_, (20)
0, =ld—cxy 0y, - (1=¢)ay o, +0.3x; ,,

Sl ¢ FORMAIRIE. AESHTT, AMHIE ¢ =0 il c =

0.5 FLALT. 2 40 I, fELEMBIRKR T X, —X, |
X,— Xy, HESINRKRUE S .

!

[}

1 3

2
H brAe &
&5 Henon RGHLFR KR E (BOFRAERRLR)
Fig.5 The real causality diagram of Henon system

(Black indicates that there is causality)
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Fig.8 The causal adjacent matrix of Henon system with coupled strength 0.5
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Tab.2  The significance test results of Henon system with coupled strengths 0 and 0.5

- mBTS-CGCI Lasso-GC KGC PMIME HSIC-GL-GC

: c=0 ¢=0.5 c=0 ¢=0.5 c=0 ¢=0.5 ¢c=0 ¢=0.5 c=0 ¢=0.5
X, —X, 100 100 50 51 22 99 0 100 2 100
X|—X; 100 100 0 0 0 100 0 0 9 23
X,—X, 0 4 65 100 0 0 0 0 21 4
X,—X; 0 100 0 100 0 98 0 100 4 100
X, X, 0 0 14 100 0 0 0 0 31 0
X;—X, 0 1 0 100 13 0 0 0 6 10
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Tab.4  The prediction results of PM2.5
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