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H E MARRANHEIHAPEZOINAEELAMELRAFARERERRLZ, MAAN KR EZLES N F0h4
Wbk AR A K AT R TRAMFBEROLL., B OBNEFIENGENEREMR L R RE LR, T
BEZRARARXBEAORLHALTRE . ERHAEHELR —FATHERI NI ZAAEEER. AR RGHFEZRF
THRBEESHPHAXAT F AT A ST ERDARLNT A, AECBTARDARATANR A —LRIES
BE A F MR R E TR, TANAIFTAMT A EEORIRN DI L ARTER, ATERHSER
B AIHFEIZATEZTONSEABE. TAAETZZIAHERXZHF4EN, wREZXAEZYHRBAX=>Y). AL E
FEXHREELHABREAEZY P.AETUNEZY PHE, X PEARIH THXRERARXANHBIEXLR. G T ERMEEL
W kg A E AN HEE MERFRERAFARR B MABLF REREZLARRRE ; RELBABETLEE S
AABEERTREAMNGHEC LR, B ARt Takens #A R LA URFE LKA IRH L RO H L L EMT #m
REDERATAHRR A —URIEZHETA T Z— AN G IRAE TR E a3 A2, Thdd TR A E T RE R
DERARITEE, BENBT —LEEHAEEEIRAA T EFERRRENER;REI M TATER S SEEE RN
ARGl — LR M, A R R AR RITTREZ,

XBRBF.ARAEN ;2B AEA KA MH; A LE2 % ATHGE

REESES TP391

Review on Causality Detection Based on Empirical Dynamic Modeling

CAO Zhihao' , MU Shaomin® and QU Hongchun'
1 Colege of Information Science and Enginering, Zaozhuang University, Zaozhuang, Shangdong 277160, China

2 Colege of Information Science and Enginering,Shandong Agricultural University, Taian, Shangdong 271018, China

Abstract Correlation is an important analysis standard in curent scientific research, but it does not mean causality. As people rea-
lize the universality of no nlinear dynamics,it is very likely to lead to wrong conclusions only by relying on corelation. At present,
various correlation research algorithms, including machine learning, are developing rapidly, while the research of mining causal
correlation between variables is still under exploration. Empirical dynamic modeling theory is a data-driven dynamic system mo-
deling framework. Its biggest feature is to abandon the formulaic method in traditional data analysis and reconstruct the behavior
of dynamic system only from time series. The core idea is that a dynamic system can be described as a process in which a group of
states evolve over time driven by certain rules in high-dimensional space. The dynamic system can be modeled by reconstructing
the states that evolve over time. Based on empirical dynamic modeling theory, the causal relationship betwen variables can be
detected through the time series data of variables in dynamic system. If variable X is the cause of variable Y(X=Y) . the informa-
tion of variable X must be implicit in variable Y and can be recovered from variable Y. This paper first analyzes the dialectical
relationship between correlation and causality. Correlation does not mean causality, and lack of correlation does not mean no
causality. Then it comprehensively introduces the core idea of causality detection based on empirical dynamic modeling theory,and
summarizes the historical development of Takens embedding theorem,simplex projection algorithm and convergent cross mapping
algorithm. It introduces some improved methods of empirical dynamic modeling theory and practical application of causal
detection,and finaly looks forward to the future development trend of causal detection based on empirical dynamic modeling.

Keywords Causal detection, Empirical dynamic modeling,Convergent cross mapping,Complex system. Artificia linteligence
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AH IR H RTRR A E B A BT AR U L AR A AT R A
SV 2B 25 U B 5T N DL AE JR I F 5 B A A AR R A D6 %
FREMRT, HREBEE AT ORI S 7E 35 o R R
BRGE P AL ) I 2% 15 i M, SUUKRE B R 22 1] 9 4 ¢
PR HEAT HETE , T 22 W Sk R R P B R AT, 1T RE 2 A5 A AR 00 4
. M TEIARGE AT M B 5P T 4] 4 P A 567 B
B RZANCREES B RBUE, — B M A2 22
] P BE 52 IEAE G, R — Br i A )5 rTREAE R A OC . X R R
A T4 S E ) W 5 A8 B A T S, DR G 38 DD 22— AN T
U BB AR AR

DU 50 3 AE VR A IR ) Rl R B, 3 44 19 5]
RHEIFAR —EBWERE ENA R RCR, I A RRE
PSR S R, H & h X B i i w7 R AR SO R AL .
B, PRE AR, B R A B, AR R
AN AR AR R R . AHR AN KU A Y D Y
AWIFARLSSETW, MEBFRESEHX BAHZLE
PR ROCHR 1RG0 AR P IR 50 2 43 0T 9 O 12 2 1 o A8 o vk
B0 = 2 v L OSUTE S 30 RN LR AT L B AB R, SR
T R A T AT M D A AR R EE S T TR Y
HEb,

B R R F 5T I R 2 A 32 Pearl #0426 B S48 43 B
T O3B R R R R T B =2
W AR, G M AL IE R = I EEN L S B
AT — AR, LgE 25 09 07 AT 158, B AR A AH Gk
G3AT 1 RN 5 KRR . AR Tk A R AN AR R AE I N AE
PSR ALEEE ] 30 5 O 2 30 O s T L Sy o At L
1 A 3 SR TR FE AN 10 em R R EE 2 TR 6 &R L (HJE X R O Ik
TG i B - R TR IR A 10em TR E R E & Ak,
2 10 em TR R BRAE 3 R R E & AR AR HAEG
PERE L, PR G R A X 43 T SRR AR A2 AR o R
N e K A L A O T B A MR BB R AR AR AT,

H i AL 75 1R 22 AL 2% 2% > B 76 N 9 3k T A0 DG PE i i 5
TR R, T 42 40 A8 = A] B SR G B R A R o b TR Wi AR &R
Htbeol DL Pearl #82 R AR SR I — L8 2 A R DF R T
B 3 AN R G R B AR Y A 2 b M ELA AT A R I
PR 2R RIS A, AN AN 38 3 540 2 T VR R AR I B R O R,
AR REEE S BRTFE THAESERE R EE G LA,
TEERG e A L RSN . IHR RS M ERK
— BB S R G B IF R BENLME R 2 MR R 2 2R
2B R W I S M SR S R RN TR R AE B S () Y A
% 35k L [R R [R] 1 4 0 7 AS B 22 Ak o FRL ikt A1 SR el g g e 2
HRAMEAGTOT B R T UL S B ) 58 A TG A A 1 O 5
W H R R RN EE A MENTFE Y,

2235 # 25 # 455 (Empirical Dynamic Modelling, EDM) J& —
T B TR0 8 9K 3 1 3 S R G RTHEZE , R R M4 R 2 52
T AL G 43 B b 1 A AR T T AU B T8 B o R )
BRGMIT K, EDM S50 5 2% 2 40 N 340 B i) 3 2 0F
T Z M TARS &R EBYF S 20
FEAI,

il

ARSCE BT EDM B R R G I B 55 P B & 1] R 48
PELERTIIT . AR SCHS 2 T4 HT T M S P 5 R SR 56 & 22 I 1)
WEFXZGHE 3 W AT EDM 317 BRI i & J& 5 8 0
Wl BAR B8 A WA T — Se 2 3 1 X AN TR I AT 42 4 Y
HEJT 58 5 WA T 5T 450 2) 24 A B R4S I 78 26 25
2 T R I A AU SRR N 5 S 6 T RO K Rt
PR JE MA &,

2 BEXHESERME

FEFE S AR OCIRRTAR OC R SR SR AR 2
B AR BE 43 BT o AR R DG B S SCE BL, H 2 5 AR 0GBy B OSOR
[,

RIR ) S — Tl 3 5 3 3 1 OC R, "R — A8 i 4R 1L
KT H—NEEMAER, MRS b 3 A A
e NI RS R TN ) | IR D RO = i W (R P S Y D |
& AT LU FH Bz 2R b A O FR BT KR 2 A 06 R AT A
PRI SR 5 S I CHRED) A7 7E ¢ 3R o (ELJ AR 5 M R R SR 1 =22 TR A
FIEVRKR.

2.1 HXHE=ERME

“HHXXRFABERENRXR”. X —WE A 17 bk
P LSRR A T T2 MR 38 B 35 4 B4 K Herbert
Simon ¥ & X AR R BIMEAE S T2 58 — T PR AR v, A G
PR AR 2 AR M 3 ) i e o A M B AE TR A B S A Kk
FE S B G M R T A S e R = T O 1 B
A AR OGP BN R R B AR R TR A AE R G R Y AR AR
PR AR RS, A U X T Z A C R A
16 3 U9 999 S S AT T SO AR OGRS — T 2, T 52 0 AR ¢
O Z B P R B e BRI ) — [l e e

BARA AR BT A 5 R 1 A A W] A ™ A
SCRT B T B B AT AR £ 2 3 A SR8 A 6 Pk 1R A R R 2R 3G
W, AROCHE AT DAIFE WA R AL SCBR A% 00 R R A IXORE R AR G
AT LLFR B B A 5% 1 7 (Spurious Correlation) , 8 B A4~ JIf:
ANEF B R B0 AR 2 BB S A e R —Fh gk B
GO S R B4 0 TR IR T LAy cR 3 2L B Lk
PR SR G5, Horp R A W B 5E 4R i 7E R R 25 4 3 Bomy - R 1R
AHICHE” . SRR B G RT LA H A T S0 BN 3R AR gl i S il T
A g TR B o L i R

P AR 4 S PR 22 56 AR T S B KURE & AR R 2 ) A
TEAE R TR AR SC . PR IFARBERE MARITEHS R
ESE- N A R N =4l - - LN A B 2 G WA S W
k. el s R AR S50 RS . 5 & A A6 — P v 7 R 37 3K
B R & A AR TR 33X R AR (9 B 3 B O TR 2 AR
TS DR R T R S 2 IR0 AR LR R R R
FUR Gt A et .

1 PR EEHS 800 B BAH St

Fig. 1 Spurious correlation due to causal structure

220600194-2



B RLEHE T 25 5 A PR AG I BT 5T L5 ik

A A5 2 9 38 2% 300 (Moran Effect) & — Ffr L 50 (19
fECRH G AT BB AR (Y S R A S R R W 2 B AN R IR IR
R (IR IR SF) B B3l , 1 2 4 3k 52 40 0L B 3R 05, X
T A 22 S BOAR A B AR R W B 2 18] B9 AT SR A7 TR AR S AN [ 2B
Ph R 2 BTN o SRR A B RE 22 8] AT BB A 1 80 B A E A
HJE P& Z 193 B i (R R OC B

B 2 A A i i BE 230N
Fig. 2 Moran effect in ecology

T VS T 1 B SR 5 4 S BT T 2 AT A DG M A B R
BE b2 R AR 0 A% 58 0 B8 T J7 I AR ME R I ) 2 = 07 W AE I
FUMAETE . Ward DA, S8 R R AE OC M 19 AR T e BLoA S
FAME B A (B T2 & 1 ARG S o R 4
FRUTT I ELAE 52 B do RO AR B 22 18] B4 A OG M A B Y 4
WARA W] AR I KA 15 & F . Panczak 55 £ % 5 1K [
B2 BB 5 22 B AR A BE DL B B R ANRE 24 7 A
OIS 2 0 KU e E X B R R G O KU T 4 PR
AEREOT o G SRR R 3 A DM AR T A e AR 2 T AR
P I IRV 7 W 2598 MR A A 30 . BRI A 2408 55 v, AN A
A AL AT M B — WY R R
2.2 THXEATERME

TE LA SEME IR AN R PSR M L B 2 AR DG M B R R Bk
BWA IR OCHE . BR TR ST 0 B DG AR A
ST, (5 FH AL B8 (0 HE G MR SR T A T B TT BRI A VT 2 B
MEAEREARIG, EHERE D, UL M X B A
FH B WA A8 18T 8 25 52 B0 0 AH 56 1 | 570 56 1 B0 AH 6
JEI 31 728 A LA L DATAT 465 1% G0 1 B 143 3 I TR A

Bilan , 76 3 2 1 1 v £ 2 R0 Uik 2l 4 T 2 i i 1Y) A
OGP B A 8] & 2B AR Ak B TR G T R A BT A ) AR A e
REERNM KN, ABH¥K George Sugihara 55K X Ff 9 5
RN “LI % PER 227 (Mirage Correlations) » & 18 B A1 HAE H
P4 T A A5 ik 22 T P AF DG 1k T B B 7S AR G IR ZS AR N & 4R
A g . BN Lorenz W5 51 F v 195 A A8 B 76 A ] 19 3
185 1= F I 58 4 AH B A ST S AR SR A A L AT R
B AR R G AR B FRIE Z —  7E AR 433

AR AR X P 2 R G0, Wl R B vk R 4
2% BB K RO RRAE B AN T IR AR A 22 A AR

X, =3.8X,(1—X,)—0. 02X,Y,

Y, 1 =3.8Y,(1—Y,)—0.08Y,X,

BB X MY BIE 14 20 510 0.2 1 0. 5., % 5% B A28 1
B H50H0E #E AT AR OC Mk 4 BT, S5 AL an &l 3 BT, 7EL60,70],
(260,270 ][ 840,850 3 BT [A] P 1Y iz 7K 18 #H 5C FR 44 - 43 31
290.84,—0.01 F1—0. 93, BI 52 3 1 1EAH 3G L TG AR 3¢ M 0 67 A1
KYRRAE . RS XA R G200 BT A, F 2 2 5/ [
B AE G PR AR BEAT R T R A
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Fig. 3 Examples of mirage correlations

3 BBHSERE R

EDM F & /& I A #8 J& W K 2% Sugihara £ #% A BA T
2015 4 K R 7E 36 FH E Z R Be be Tl PNAS by — &g 3
Pt 0 JE T 008 9K 3 19 3 7S R G @B AE 80 EDM. B R
B RE R S T AL S8 B 2 7 v R SAL T 122 AUAL D T]
FPH B A SIS R AT A . B A S B AR B 1 7 =L
DY 2014 AF £ K oh 75 BT 6 £ PV T RN VE 1]
SRS RiNRER S 6 SRIESE AR RIEE R LNy yrpv s il
K. A4, DeAngelis % #F PNAS AR T FHIFis L E,
I EE T EDM B, IR B T HLE R ) a4
TR IR B Y Ry s A B R SR B AE B S R
GRS IR ML Y RS T R B AR B A R G A T RE —
KBTI IEAED,

EDM & 0 H TAE 8% R Bl R B 4 AL
Alk ol 55453 . 78 EDM 832 ) 2Z 5, 1 2 Bl 2% S Al
AR AU 7 R VT R 00 S B9 000 SR R T S UL 5 {1 T R SR A
TR AEBLT L X 2677 PR AL T e 0 AR HE AT AL L (H S 30
RS AR Ay T 4. W3l & R L MR 5 B A%
G BT 7 B X 454 A SR H URR L B R oA Y AR AL L
LB 3 QURGHN S e R (A S & Gl TN E VS e DE: &R
Y 5% 4 S AL 2 LT A5 0T B 11, AE 250t AR A X = ke A0 H HE 1
B, 55—y AR R B S YA B 2 R Goh W e AR
XRUME G Tr 1 (CE U o AT Bk (K B R TE & Fh
M 532 45 A3l T R R b 7 1k R B L T AR DGR SR FF I 50
PRI 0T T Fl =l 4 1 AR PR 0 % ek 20 B 1Y) Bl A8 FR 46 . A O
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SRV JRAE St R SR T b AR B Ui R AR

EDM BHif 4% 0 & Takens it A K #, B) BB 8] 7 51
Bl E o RS0 A7 5 W 5] T (Strange Atractor) B F Fi% L 1%
ik Wl i Takens FF %, 3 ot H fih BF 58 % K Wi 4 R
EDM & T — F 5 iy 2 T AR =5 7] #4 (State Space Recon-
struction, SSR) B AE 3R A K {8 A 19 AE 26 o 7 12:°) . SSR iz
PR T AR RGN AT 43 Bk R Al oy M R m il i s — A
HEB T LUAAEEAREN ) % E R0, EDM X gy
TN AT AT A A5 78 Jy AR i & DA B ] P 20 B h A B A R
GERYAT s INECHE i HE TR ASE =X R O B G AN A T B T B LA
T ARG PE, XS T7A] LAB R B S R G — e AR
Pk AL TR S e P BT I R AR 2 Pk L I 1R R 4 rh AR IR Y

EDM 2 5 T X — D F I B R G LRy —
IR S TE 1 4 s [) i A2 — s A0 D) g B0k [ s ] i 2 1 o A
AT LA gk A B A TR A R AR X B S R AT A &
ot z3 ] 7] LAFR 9 5] T i M (Atractor Manifold), 13| F
WY M 928 3yl DL 4% 52 30 5 — A8 450 B 0 A ARl | OB S
— AR 1 A I [R] T 5 B 0 2R G0 R A 9 A T — 201 34 252 U0 45 R AT
VIR S B (6] 7 50 . Y CEE T R 8 B B () e 50 540 B, BT LA
TR EMRE S HTH,

B FRATE F L3 3 )y R AR 32 3 L R B L K
et 0 SR A I R R A 5 I 5 e AR = R BR S A ) 4y )
W XY R Z e b S B L B K A HEOE Wi R
J3£ A G B B 18] 5 47 AT L) A A TG+ B Sl AT B A B )
FIHERS , 31X 3 AR T R Ge RS0 0 B0, 7T DL B0 b
HE FR G R B] Y AR B AN A 4 BT AR . o 0 0 K B
B 18] 78 = 2 40 2 18] 38 B — A = 48R 5] T8 M. FEAT A
B2 £, MO B — 243 T AR L sk e T AR A R — > A R R
SlF .M B sSam T e, RS BERR S AT R 5
THIE M R ST A,

WA E K =

K4 LIEERGORE S W E A

Fig. 4 State space reconstruction in soil dynamic system
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b H— B AT B R L X (o)
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Hdr  FHKEN E Bk AERE R E. ANFBE T X@0)
PUE B —A E 4551 73K M, — B FR 9 5% i JE (Shadow
Manifold) , B4~ X (O FIRH M, B — IR 21 25 0 JLAT 43
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Fig.5 Reconstruction of dynamic system through single variable

lagged coordinates
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SERFFE T T BRI R
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AR 5 Y B RDF 51 2% 3R 4852 3l B B RD 7R R il i
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3.2 BAMEEEX
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