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Abstract

In practical fields such as medicine and finance, understanding the underlying structural relation-
ships in dynamic systems is crucial for regulating system variables and predicting the system’s fu-
ture state. The dynamic changes of a system generate time series data, and by observing these time
series, the underlying structure of the system can be analyzed. Granger causality analysis methods
can be applied to univariate or multivariate time series systems. Existing methods analyze the spe-
cific causal relationships of each system variable using a modular modeling approach. However,
these methods are limited by strong assumptions regarding the time direction and the simplicity of
the modular models, which prevents them from accurately uncovering the causal relationship struc-
ture in multivariate systems. This paper proposes a Granger causality discovery method based on
dynamic sparse regularization, called DRGC (Dynamic Regularized Granger Causality). The DRGC
model periodically uncovers the temporal dependencies of variables from the input weights of a
convolutional network and applies sparse penalties to the network accordingly, to obtain precise
Granger causal relationships. Additionally, a cyclic network is used to extract long-range depend-
encies from the sampled input data, and the convolutional network’s weights are optimized simul-
taneously, which enhances the precision and stability of the model in discovering causal relation-
ships. Experiments conducted on simulated datasets and real-world system-generated datasets
show that DRGC outperforms state-of-the-art baseline methods.
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PR A% AN R R OTVE A4 O v b el R A T AR TS IS . e AR B R R £
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Figure 1. (a) Global causal graph; (b) Lag causal graph of univariate time series
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SHPE M AT BB IBEN O BRMEVER A, BIERASAS I O i, XFFEASCAE 3.2 F5rhE U ARZ A%
ZEARBIRKRPIERI HAR, BURBUFHERR AR 2R BIR R RPN &

FEAE IS AR S0 AT FARLA . SRAZRIR R 073, PR 5% R BT DAUSCS Ry Al /ML 4%
BT AR IE A M AT BELRIAA A W ) 5 I 2X(9) 1 77 2 W ) 3 AR B X ¢ AL o

w " = prox 4, (W(”)—d(”)VL(W (”))), 9)

Forbw ™ R H 0 ARSI AR, dORES n AMERBIB KA. £(W) R 2% R
5, EAPEREAFIAHR. prox,, () R T RS TR p() MIE IR H A IG5 T .
BRI TR, R — S R FONE R T LU S <R PR E R A E T
B

AN EN R, SAFTLH T MLP 26 555 M LR [, MLP P25 (5 A2 AT
LSTM % 1 i JEAL T U3 A5 KA R B — O AL, HEAITE MILP R840 AALTE 1 (Zh &AL Lasso (&
SR Ao K3 e e A AT S R A S L A 5, i S Rl SR (L0) 4

ProX (. (Wl —[ rAd" ] (10)

i,

Horfr, Wi R N A ARG RIHT K S KI5, A AN i B BT 45 3 R i 1 S
(0), =max(0,0), HITXHCER F 5% B8 F fE, FEUR%‘%‘&%FEﬂEEEEE@Nﬂ{EMIWE’J
FE Lo A AACE (L ABL A K A2 308 3o 368 7 510 R 30 A A A [R5 e ) SRR 2L 32 2 PR L 6 R {43 1 R
BT

5. I

ARTCER 4 H AR A AU A A R S0 R R I B SR AT IRE, R RIRIE R GRS L
o SR UL ) S VA I S 08 45 R AT X LE, PABSTEASSCHR 7 ik A Rtk . FLk, A v B A [ A I
WS HORAG I HO R YRR (5

5.1. #IESE

5.1.1. AEBEFESR VAR BiiE

VAR 45 [9] /2 18 ik 15 7 i (1 D SR B o o ¥ R TR B ASE 4D A ol P P A8 B2 B (] P B i, JRATIHE
VAR H45 b 56 F AR 7 7E H s R SR 06 RO 1 00 R ISR . BT BI4E D p =10 4% VAR(2) AN
VARQ)HHE . AR M2, VARNEWE SR I 1 780 A B i i 220 8504 50 2570 n AN Z{E A
Ko WIRARE | AT AR R §, UBCE R R RO B A =01, Hihk=1,2,3. BIREHERE T
IR R, B Ut AR B 2 TR T AR 9% 28 o oA T B8 AIE DRGC ST AS A A 1A 4 JE e 41 A A 2k DA & LSTM
W 28 6t i) B S A PRI RE 1, 20 A K E v 200, 500 AT 1000 AN 8] 5 7 51 25045

5.1.2. Lorenz-96 #iE
Lorenz-96 % #li5 & — MNEVRMHEIS 2 H A B, H T3R80 I R MR =T N
[27]. ZHEFRERE — AR R =4Emiksh 2R R %, RS ERERK, HAEwRIESEE LN

DOI: 10.12677/hjdm.2025.152016 192 B 540


https://doi.org/10.12677/hjdm.2025.152016

R %

TRTHEIAS . p 4EIELEM) lorenz-96 4 (1948 4k 7 20 30(11) 45

dx;

at (Xt(i+1) ~Xi-2) ) Xy ~ X% +F (11)
Hri=1-,p, ATERRADN AR EHRAEL BRA2)E HHIE L.

Xy = Xpayr X0 = Xpr Xypua) = Xu (12)

I A2 E S AR —MERGE. FR2 A “maFHT . € TSRS “IR
AL HIREE . A SO p =10 1) Lorenz-96 it IR H Al AN [7] () 508 5 55, SRFERIEE N At=0.05, 5
B RAMHR LA R R KR 2R E AL 8] 751,

5.1.3. DREAM-3 #iiE

FRATE B 529 5 3 K 1A ) 5 R 3 0 254 5 DREAM-3 [28] L BGEH tH AR A A0 L o 12 iR S TE A 22
AP R R A bR — MR MR AR a3 1 JE 8 (1 2k R R AR 2 80 ) 22 R BN, )5
A LA PR AR PNE RN BRI EETAEEANF LR R BB SR EL. R LA
& 10 TRBEER 4 BUFS, REEOF SIS 20 ASSREER R AL KA [F R A RS DAL U TR RE D 84 1
ISYER I

5.2. EAHERHE

RICEBET 4 FhERA M VAT IO : 1) MR SRR BRI L NGC [4], BRI 2 2K
SIATLRIAIE A 4 28 IO 265 1 P AP ABE 20 25 5 T 2L S SR HE BT A 2 R R IR G &R FEAR ST IS T 0T VAR 4L
PR AEAE ] MLP #7415 Lorenz-96 %4 16 ] RNN #5551, 2) PCMCI [29], — il FiI 2% 1t <7 300 38 5K
R 2 A% 22 A R B e R 977, 3) economy-SRU [5], —Ff{i FI 3L T 45 1 [|] )5 2447 (Statistical Re-
gression Units, SRU) ¥ 43 & i [8] /7 41 U B 280 30 47 AR 22 M g B2 10 O v, @i i D & eIl 4 2 40,
PR T RO TR B PO A VERE . 4) CUTS [22], — Pl A2 8 ik 47 D 5L o 300 R0 785 76 B3 T
PIANBIY Bk 2 S50t v (0 TR SR 56 R 5 i, IR ¥ T DAKS AN A U K (A7 A Sl S AR D e 1) 5 270 [ s
HEAT IR R IR 3T o e RIS T AN A SR (VB () 7 5 B 4 b, 9 RO e A g (1 2 )
g,

5.3. FHRYBIELRER

TEE SRVPAL T, 9 7 S0 R R AR DR A I = A A i AE R v, kB L ROC 4R T THI R4 A
(Area Under the Receiver Operating Characteristic Curve, AUROC){E Nbri. EAASRUL, XA SCHEH KI5
HNGC J7i, iR — Y FE N AR A EAE N shas IE IR R BT BN SR, 15 3R A0 B 4
FEBE R E 211 ROC #14k, JRi15 AUROC fd: X PCMCI Fil eSRU 772 Ul i A F AN [ 1) s £ >k
I AUROC 8.

5.3.1. ERE¥ A AUROC ik

ARG I E R VAR(L) VAR(2). VARQ)EE A I AAN[F “58ia %40 1) Lorenz-96 ¥,
MNREEARA 200, 500 F1 1000 = ANAS[A] I )R BE A RRAS, DU SRAE B00E SR K RS AR AR IR 100 %% AN 7
2521, Wi 1 . R 1) DRGC-s Ji AL A SCHE H AASE Y Lt b i 26 1 245 I 28 A5 1 ¥ ik
R, 31 TR T RILMEE (W 99.86 + 0.12)¥°8 AUROC MEE R R, e BEUE Xt R 0.9986 +
0.0012 (F5 ¥ A/ N 30) 84 98.66% + 0.12% (& #e5 N H 4 EEIE ) o
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Table 1. AUROC for causal graph using different methods on 4 time series datasets

& 1. AEIFEE 4 A5 #HE EFERES S H AUROC XLt

Model VAR(2) VAR(3)
T 200 500 1000 200 500 1000
DRGC 99.86 £ 0.12 100.00 = 0.00 100.00 = 0.00 98.86 £1.42 100.00 = 0.00 100.00 £ 0.00
DRGC-s 99.17+0.98  100.00+0.00  100.00+0.00 97.56+2.05 100.00+0.00  100.00 +0.00
NGC 96.01+2.14 91.98 +3.87 98.52+1.31 90.91 +4.15 97.53+£2.82 98.74 +0.98
PCMCI 71.40 £ 4.93 72.30 £5.73 72.19 £3.25 65.89 £5.23 71.30 +£4.85 71.92 +3.61
eSRU 87.74£6.71 89.97 £5.72 91.06 +4.86 81.25+7.05 86.55 +5.48 90.38 £2.29
CUTS 98.92 £0.84 99.05£1.03 100.00 £ 0.00 98.05+1.64 99.91 +0.03 99.99 £ 0.02
Model Lorenz-96 (F=10) Lorenz-96 (F = 20)
T 200 500 1000 200 500 1000
DRGC 9491+0.96  100.00+0.00  100.00+0.00  92.00 +0.97 95.49 +2.30 98.80 £ 0.45
DRGC-s 93.63+0.55 98.64 £ 0.86 100.00 = 0.00 90.51 +1.48 95.66 + 1.62 98.01 +1.57
NGC 93.88 + 1.64 98.56 + 0.51 99.15 +0.33 84.35+3.31 92.22 +£3.72 92.82 +2.60
PCMCI 85.95+4.55 91.65+3.54 95.72 £ 2.23 80.87 £5.21 86.56 + 3.18 86.39+£2.71
eSRU 87.42 £3.98 96.45 + 3.06 97.51+1.16 90.30 +3.63 97.57 £1.43 98.43 +1.74
CUTS 95.12 +1.13 99.64 +0.51 100.00+0.00  89.20+0.73 93.36 £ 0.82 97.15 +2.94

SEIG AR KRB, DRGC EARFKE K VAR HHi 1 Lorenz-96 Hdis [ ARE T BIMAILE R . 24t H
F AN BERRC I, SR AR I SRR A, Fi DL A TG 5 AE KB 2 500 A1 1000 #idfs i) 2h
HAR T 200 HOEHE . thAh, BT VAR SR 45BN H, DRGC ] LA et R ) th R G b &
AN ) R R N AR B, FREVRELEE BRI Lorenz 3im L ARERIR A IR 512 . #HELT NGC 7%, DRGC
TFAEKTH) ERECH 1%% 5% 4RI, X RN EMIIPER .« 5 (80 IR ik B 1A A e
HERA AL H bR AR 6] IR DR AR S ARRE B, R SE DA i R HE R JE G BN, s B, NGC 7
A I PR AR DR SR G R LT TR A 0 TR S PR AT AR i 5 B R A RN R, AR G R E U i
ToF ARG Mo HEBR AT 2

5.3.2. AEMKBIZABE VARQ)HHE LAY AUROC HEER

VAR HE KB R4 p AR TERX M RGP ML EZ IR RNIKE), p=02RKWKH
WA “JRE RN RGP AR BN 20%, FREAHRERER SRR BE—E
SHAG. p EHA, RETHEABNEERERES, SRAFRELHHENRS, RGETEEE
e, A I TE A A ] SR P D S PR M o A 4 SRS AR RS Z B 53 i 0.2, 0.3 F1 0.4 [ =Ff VAR(3)
Kt , ERREA =PSRRI TR KB, DABRE AR B 7 T AN [F) 2 4 R P 1 5000 4 1 8 00 1K1 SR PR e
G RE 2 PR, R ERFERE 2 E o VA .
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Table 2. AUROC for causal graph on VAR(3) with three dependency coefficients p
# 2. FRIFFATE 3 MRER RS p THY VAR) SR EE R B SJ# AUROC 33tk

VAR(3)
Model
p=0.2 p=0.3 p=04

T 200 500 1000 200 500 1000 200 500 1000
DRGC 98.86 100.0 100.0 86.57 90.63 94.14 78.67 85.82 88.21
+1.42 +0.00 +0.00 +6.07 +5.08 +5.34 +7.13 +2.27 +6.77
DRGC-s 97.56 100.0 100.0 85.64 99.43 100.0 76.06 91.99 95.72
+2.05 +0.00 +0.00 +4.09 +0.75 +0.00 +5.96 +1.38 +0.51
NGC 90.91 97.53 98.74 81.18 90.38 93.84 75.85 82.84 87.82
+4.15 +2.82 +0.98 +3.16 +3.91 +3.27 +5.02 +4.55 +3.67
PCMCI 65.89 71.30 71.92 57.52 54.95 54.91 56.49 51.95 53.49
+5.23 +4.85 +3.61 +4.83 +6.50 +5.81 +7.42 +7.75 +7.78
eSRU 81.23 86.22 90.10 70.75 75.68 82.26 63.95 68.60 73.99
+7.16 +5.49 +2.66 +7.33 +6.73 +4.11 +7.48 +5.13 +8.05
CUTS 98.97 99.91 99.99 82.58 95.33 94.45 75.91 83.43 92.59

+1.64 +0.03 +0.02 +4.79 +0.99 +2.28 +6.73 +1.65 +3.31

IO LE R, BB RECE R, NRFH RS T RERAMERECRERNG R, SNESEE
RAF UG T T M. MRS TN EECH AR =R, DRGC 75 n LAAER Tl H i
HI R R . W FEE RN RGN EE, DRGC JikAaes Hah ik ik Hair sk . 7oK EN
500 F1 1000 B, 15a5 T 2% 2 MIIZEEA, JHEBIALS S 3 7RSS AT LSTM 4% 1) 5 B 45
DU 8% TE I () J37 514K 5 o T B8 7 b e 4 o TRV 48 B T R OC R, RIS S 4 (1 1k

5.3.3. £ VARQ)##E £S5 NGC RIRTHiE#E LB

VAR (3) S 7EAF AL i, A I 2] 52 A0 8 1) B (AN 52 1L i DRI AR i 26 o %2 = A % R R 1) 5
mi, B x5 x_, ToRRIE R . DRGC J7 ¥4k 10 2 1 9 46 5 45 1F T 55 0% 1) e KA 3476 T ] DLE B3 JR AN A
T Je A 22 T AR SR 26 R KN, AT AN it TE 56 A8 B 4R BR o« 7E4E R VAR BRI, A OB 241
X 25 3 AN S E MR FE AR, ARLE R R A AR A E A . O T AR A R HERR =
Wi FE A I RE T, TELRMEM 4 — Y U B B RN B0 IR 10 4ER 2 2 MRIEE 5 MR R
N, BRI R R B S R, Wl 5 R, 8 2 WRMRNA R 2 fI5E 5 A, 548
BRI AR RS 5 RIS 7 AR R, PRy i >) 1 B AR RS AR R (I A 2 S SP A B 6 B i K 3
BN o

Table 3. Mean value of the difference in the delay of a single variable on VAR(3)
% 3. £ VARQ3) L B —L ERHER FHENEE

Model Ap e 2 2 Ap e 2 5 Ap i 5 AR5 Ak 5 AR T
cMLP 0.47255 0.30196 0.43922 0.46863
DRGC 0.09412 0.06564 0.11765 0.19216
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Figure 5. Lagged causal graph on VAR(3) of DRGC and cMLP
[ 5. VARQ) L EEREF I ER

HE 5 43, cMLP [ > 45 5 i T 52 2008 1 1) 2 s 38 78 31 S mg 0 PRk, 7R B AN & )
DR 5 5 22 K /N 57 i o5 i i (L PR 388 R A 5 O S ROk 95« T T 224 O824 fo O i i B 2803 e, 7 31 7
WBCNZENS, A RER T U HERR TC <0 IS A 820 . DRGC J5i2# 31 8 1 H bpAe B AR AR o Al _E AR 2
FRUNMAER K R KD, XFFA VARG B AEAE AR el “ad 2t 3 AN ZIE EA M RN R R
(A IER AL .

MBEARBUE 17 7 )7 KA, DRGC J5 2% &N AL S I i AL B 2 [A] ¥ 22 A LE cMILP 4k T 20% %
40%. # 3 HATRIIZERFRME TR SRR AN AR R A =Y RHREVE 2, SR a0 S ZE (R
%1, FrA B AELE R —A B R N7 T IH— 0B . DRGC 77 v2:Ks i i R SR o F 2 [ (14) 22 S 4 /)
F7 10%, 1 cMLP J7¥2: 0T34 22 7 4T 40% % 50%2 (7], #1245 T B R i R SR o i — 2. i T cMLP
SR FH 4 IR i S 486 PR A 5T 79, AH AR 2 B B AR 5T 22 A ), 2 S B S BN R e — e FE T E 2O
BIE N R#a%s . DRGC AiEsBL T fiea — i i 5 o R LB vty 2 IR0 46 B A A, mT LLBE Jin 4 2 i 0
RO RGN TSRS

5.3.4. AEIEMARET VARR)BIERIATHIEEE

DRGC J7ikAE L2 IS N BN 1 3 & 10 GO g A5 50 o 0 T08 82 2% 2 i J A AL, B
T EIMANILYEEE T2 70 R R ST R AN, e TR EONITA EIE R E g R B A, DLSEHL
20 W 28 50 8 AN AR R S (B AN EE BRI o 5 A AR AT, R T Hidis (i X1 SR P S B
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LR A

A SLEAE S 5.3.3 WHAFE R BN VAR #3558, KHZ RN 137 E N R %A HET I ik
PRSI0 5 A A fE R BT b, FRATERE 7 I — AN Fe BN B R AR AT R R

Kl 6 IR T — RBShAS IE N R A AR B Ar AR 40 2 i i PR R P A 2 o0 45 SRR0 L LS R R A
FATINGR— A HAT 50 9% Lasso 1T AR S B 408 5 1) cMLP BERUE X EE .
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Figure 6. Lagged causal graph of DRGC and cMLP with different dynamic regularization coefficients
B 6. NEIFZASENZRE T DRGC 0 cMLP BIRHHEREF SI4ER

His 6 W15, 3 A BUEE S, NGC M1 DRGC Jrik#ln] MR EF A B H A & IEm A R R I, HL
DRGC #H#F NGC AJ LAHE & B 70 BUAS R 5 A P R/ e X TN A4, NGC Tk it 2 At
JE PRI AR R 3 S B T DRGC J7 92 U0 AT BASE 22 s R R (5 AN [R]85 (8 < [B] B AR N P4, FETE RIS & b
A AR AR A, AT DAHE 3 380 AT 2 A BRELRHERR R . 0 TR A (B, NGC Tk id 2 Ml 55 5
Ja (0 JEABL R /N, T DRGC J7EAT AT LU b GRKF 48-3i Je AELFO ARG KNSR &R, I BE 22 s HE R TE 528
BN, A EBEARE R, TR A E G TS N R 22 2 1R BT, R A AN B H AR AR
BEERE, BEEPIETE 0. Sk n] DUB A IS IERIE FE & & 1 A H.

5.4. DREAM-3 5CI¢

DREAM-3 % #is 8 2 FH T M % b sobs 22 2 IR B OC R A 7 v A R i R R M BBl 4, B3 =4
Yeast £ 45 FIH A E. Coli £ » A1 HI7EX 5 MPEE L H DRGC ikt 724>, FR#EH NGC 77
YRR PE B R IR 4 SIE xt b . BT DREAM-3 ¥4 5 5K i, B AR H A JEsL i
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MR %

JRIRER B, BRATTRE AR o (8 s R Ja B B BN 2, B2 PR M EOsc B 10, DB AR AL ) 44 &1
PRUNGRLRE, FXF NGC Jrid R AR B E . EFRAR 7T, T3 AUROC SRF-fili IR A& (1257 3] 4
£ 5 AN Ta] e 5 Bt S BRI S5 R Ak 4 s, XERZ ) ROC #iZe il 7 frar.

Table 4. ROC for DRGC, cMLP, and cLSTM models on DREAM-3 datasets
%% 4. DRGC, cMLP #1cLSTM 7 5 4> Dream ##&& A AUROC XfLE

Model Yeastl Yeast2 Yeast3 Ecolil Ecoli2
cMLP 0.5722 0.5629 0.5553 0.5741 0.5855
cLSTM 0.5933 0.58 0.5525 0.5132 0.5647
DRGC 0.6568 0.6485 0.6067 0.6236 0.6070
Yeastl ROC Yeast2 ROC Yeast3 ROC

Tpr
Tpr
Tpr

T T T T T T T T T T T T T T T T T T
00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 10
Fpr Fpr Fpr

Ecolil ROC Ecoli2 ROC

Tpr

—eo— cMLP
—o— cLSTM
T T T T T T T T T T T T ——DRGC
00 02 04 06 08 1.0 00 02 04 06 08 1.0
Fpr Fpr

Figure 7. ROC for DRGC, cMLP, and cLSTM models on DREAM-3 datasets
7.DRGC, CcMLP # cLSTM 7£ Dream ¥{#E%£ LA ROC #hZk

B 4 143, DRGC A e A I EuE 4 RS RO T cMLP F1 cLSTM PIAMEAY, H T 10 15 &1
(] Dream 4k R A5 4 MK 21 BRI P50, F TSR ROREAR SR B b, RN 2 5] 31 1E A R SR I
FROME B i o, &% M) AUROC 1 3%, 1H DRGC 5141k 3] T 60%[H3E R. DRGC J7iZfla T 4t
) 2% 55 008 A X 28 PRI A, T SRS A [ o o7 5 i R A 8 ) B G AR P

6. &t

ARSCHR T MR P Bl 75 70 00 7 1 111 SRS 1 L 5 1 2R X 25 2 5 22 4 (] > 51 LA 22 2N DR R
P2 TTiE . e Y AT R, FRATT AR G o R AN AR B B ST 2 M I 4 TSR R AR A R 2%
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WREEAE A WA 25 SR BT 8] 7 [ A0 R IRE T, X 2R R X 2% P2 30 RO BE AR RER G R AT I B B IR Dy TR
e AR AN [R] I bk R DR RO AR v A 1k, e A e IR 2% A A AL B i B3 8 0 A ]I )T 244K
TRERE, XS it 0 20 2528 A R R i A o AU B0 SR A S I PR 4% 1 R 4 A P ) B die 4R R AT 1
SR RERN], DRGC Tk e AN A BEAN S 20 A8 B2 (M He e 2 AR BL  40e T- HA DA TR IR RE -

ARREVTAETT AT AL, 1) PRTOBEY U a7 5 2 b 48 1) 05 4 Jay DR SR 5% 8 A (] B R % 345 2
TEOLT . oA DR I 0 R M e EORHEAT A B S HOR B 5k 2) 85 2 I Se it R84 Bk AT Sk
%, W EENIRERGERR BT R R R IR, DS s 5 ik T4 1

e HE

B [ SRR 42(62262016) ;

o R TR 2y 2024 AR R BE B TR At R B A B 5 A i 2 4 A PR R (R T M) B 2 A0 A AT
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oh e AR FE AR 5% 9% 4 18R 42(2023JBZ Y 035) 51 Bl o
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