WEHSFEREG (FAT10)

K BP9 B
PRI 2 LHA

B E HS¥ERBURRETERRANNG T ARE A, MERLIAWA XA RZ KT, EERER
BEAME LSRN ER L, NEEREE, BABRGRTEXRK=ATE, RANFEARRKANEGHE R, §
WEMNERRLRFWEA TR, UWRGHEMITELFT RGN THRE, BXREEHEENER, AR
AFEW AR T I ELSF UG ERE ), BIRBER R L, AR FERNE GG
BEM2AL REERXARGFENHETEY, AR FIEEHRAELHFRREF AR ERLA

KB FREW ERAA HETE RERY HHEHLF

EERRFE, LEAFHLSFRBEHAT (LE100871); -2, FLAFHLAFERANHKE (LK
100084) .

hESES 91 SCHRFRIAD A STEHS 0439-8041(2025)06-0107-16

2022 4FJiE, OpenAl 22 m]AAf ChatGPT, i FH R dy HEHE AN TRORREF o & A fe] — B Sh iR, AL
TEHH TAEFA S HAWNE S, X B B FEE sl R O i, B AT RES R B i 5 AR AR A A
B ATABUL, KRS RAL e SRS PR R A Y IR, FEA G S R D
R BUEAT BB TOARR AR, TR 22 DGR S T T IEAE AR, X T BB N Tt At &
il BRETRBAEAIEGE . N R F R 8, HA SRS S 27 A0 L5 240 ) RE ) ks
BOORF I, dit, MERZ A RGR SRR I, AL S A e T e i TR L

WHAL 7 ALK, BAnfzdi e K EEM g — EEESI T AN G A%, A&
AV . RHUBEIR IR SR, RIS S R ® R T R8O . BRI & A
Pk sh B TR AR LA AT TR T A . AR T RAGSHHHERT (RIAF 2 2800 Al T I AT e 4
%) VR EZ AR RG T R, Hlasy: 9 22 AR e Tk EER p B, Jf Sz /Lre s &
5 (R BSRFEARSNITNGET)) AORERL . X REME S A RT3 PEAR 3 1) Jm B L B AT TR U 1) p

@ Bail, C. A., “Can Generative Al improve social science?” Proceedings of the National Academy of Sciences, 121(21), 2024, ¢2314021121.
@ ELT . (BFHESS5HRHS¥0EHE)Y, (LHsSR%) 2022 4£55 1 #]; Molina, M., and F. Garip, “Machine Learning for
Sociology, ” Annual Review of Sociology, 45,2019, pp. 27-45.
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BRONRIELY Fah, REVLEEI BT (s . BEYLARA . Mam%) # T ELi LR, hiEk
R A2 T BB T et e R RBR . BN 228, Pldess S TErt 222 U i PRI G —
Pl 2 W0 e, hah S AR AT 0 ) e 7 . #

SR, AR R 22 8 I FHAILAR 27 > SR I T 1) 2Pk AR . AT T00 BE 7 i 48 TH A A 2 DU 4 T o
PERARHT o D BEMLARAA L Ao i 41 1 58 42 ol >0 0 % Aol 22 P 24 S 7R3 i A 380 B8 4 ) I R0, {HL G
By EWYEZE, ATHEDEEE AT i8R B s SR iy . i T SeA A B AN B A T i e, e
BeArhy C RRARIALT B SR AR AL AR () A SRl S 5 A AR Al X SR R B S AL S I B, 2 T I
HERf M ST AR Z B BK J7 o TR, Wl 78 BU S o8 v B & Ff RS S5 T000 , B - L R HEHIL AR o 2T AR
IR TV S Y ARk, TR E R AE v i B T REW 5T S T ANk, LI
B F NP AR B (SHapley Additive exPlanations, SHAP) b ft 3 98 J5 i B 77 3 ( Post-hoc Interpretation
Method) fEFE— B g “HAE" PLanr> Bk pRBRTE, 5 BT EL AR B35 A T e 38 @ ok s
R R B4k 25200 58 B S BRI 5T 3 AN 9K 2 A X Al 10 eR O 20, 18 1 O e b A 4 S
HRZE SRR, FHBELS AR AR O, SRR ANt , B ALAS 2F ) B AR A SR B PE S 18 T AR 2K IR
JUBMHICIK R, RV RE A% 52 B0 A 10000 IF: [3] B FL & ] A Bk, o JF A RE A e H DR A1 2R o mT 381000 AN 44 o IR
W, R DIMLER 2= 2 5L R IR A S 2 e DA e ) B R R PR T AE

PORFR KR B EIE SR EN N — OB FIa KW BiR, #hamAmsh, oA 19 Hal R
EZHE, SATHEREEA & ROAERER, TR S WgoR T2 R G, 8 KL
B, FEZRHICRIBE T, FRAERT A e 208 TR & REARAS AR H . NI S22 0ot &
e PR R R HEWT OB IE 00, ARSI IR BRAG LA 27 ) 5 R SR e it 5 0 B 05 300 (HB R A 2, 64
— S R S DT 1) EE O 1 R A 2R T R SRR A L

DRI SR A T A B 9 ] A R A 2R B AR s 28— AR IR R L AR 1RSI (causal identification) , 2 — 2% AR &
RAEI (causal discovery) , TEFRBUNMWIFE T, FIRXRZHIEE X, MRE - SFLELXTH
A% B (B AEAE B AON B ise, I DRI b [ 28 ) PR A 5 9 R R B8O Ry E R HAR . 5 Z AN
M, FERSREIMIT Y, A EEAT S LR R, M B B WS EE (] DU IE
SR A5 ) s A AR BB B2 R T, S Ah, PR A B 32 H AR H AR X R g
B —Xf AR A B AR &, TS A B AERT 2 A8 22 (A SR OC R 48 B AR, MRlEfm 2R LR
TENIILEARILE . 298 4 0 K AR 5, (FDGH AR s [R] PR AR S R ke = B PR e  se isl, sl PR 46 B %
MBS A5 E R 2y, Jok DABEAL X BE S 50 1% 1 A8 52 0 45y =0 e LR UM BF o i, RUR B KA R Z
Mo TR R I 32 R AU 2 P 8 R L A o) SR R A R OC R A5 0, Bl giRR o IR 45

(@M Nuzzo, R., “Scientific method: Statistical errors,” Nature, 506 (7487 ), 2014, pp. 150 — 152; Hofman, J. M., Sharma, A., and D.]J. Watts,
“Prediction and explanation in social systems, ” Science, 355(6324),2017, pp. 486—488.

@ MRzt RBENI, W12 BORKME. ATEMG . GRS BETHLEE T P RRE) . (e iEgE) 2020 AR5 3 40,

® Hofman, J.M., D.]J. Watts, S. Athey, F.Garip, T. L. Griffiths, J. Kleinberg, H. Margetts, S. Mullainathan, M. J. Salganik, S. Vazire,
A. Vespignani, and T. Yarkoni, “Integrating explanation and prediction in computational social science, ” Nature, 595(7866), 2021, pp. 181 -
188; Shrestha, Y. R., V. F. He, P. Puranam, and G. von Krogh, “Algorithm Supported Induction for Building Theory: How Can We Use
Prediction Models to Theorize?” Organization Science, 32(3), 2021, pp. 856-880.

@ Lundberg, S. M., and S. -I. Lee, “A unified approach to interpreting model predictions, ” Proceedings of the 31st International Conference on

Neural Information Processing Systems, 2017, pp. 4768 — 4777; Allen, G.1., L. Gan, and L. Zheng, “Interpretable Machine Learning for

Discovery: Statistical Challenges and Opportunities, ” Annual Review of Statistics and Its Application, 11,2024, pp. 97-121.

Verhagen, M. D., “Incorporating Machine Learning into Sociological Model-Building, ” Sociological Methodology, 54(2), 2024, pp. 217-268.

BREE . Bz GFEHR: EROPRMINEEIE), (Ea#iisR) 2023 4545 4 1,

W27 RGN BRoth s CAIRRON S BUE AT ——BLE 24 2 7 B R LB S PR AR) . (HE2#F5E) 2021 4845 1 4] Brand,

J. E., X. Zhou, and Y. Xie, “Recent Developments in Causal Inference and Machine Learning, ” Annual Review of Sociology, 49,2023, pp. 81—

110.
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P, SR AT

UTAESK, TERHRBE (AL for Science) MM T, HARFBLAX R LR L T T2 K0 i,
A BRI S ] A R A L e b T A o 18] A A o PR I 2%, GO UM AR G P A A LA T SR
A, IR R U 20 N AR U U AL A BBV A st AR W~ 5 3 R R R R S i
LS B TR R R [ 4, i kPR 5 R B 2 DA PR G 2R 2 I PR B2 2 i 25 W AR S BE ML X R
LR TAD KT AR EY) 5 Z AP R B RIS RN, R @R LELT G “BpnifE” 1 PRES
b, PR RBURIEARF R AUHTER R A BE , Fe A 8 Bl R P i SRAE A W0 Am 2540 B WL 8
i, AT A R S AN BT 7K 25 T R I RIZ T IR] A DR S RS, BT 4 2R 5 SE g ik e v S Y
PR S 16 8 BE DT .©

SR, (EAL SRR, AR BURBA MBI R TE Y Ao R e Rt 08 2 560 F M
19 R RN Tk, AR STk APk S i DR R AW o B 28 [R] R IR . AT A AN e
FOT RS A BT N X PR R B T T —E RIS, MERZHE 2R am, RHEEN
MR A s B I, R BLE e — AR B AR e

PR A B 1k (L Y o T AT T B0 R - AR SR S 1987 4R R IR SO SRS b, RN A K
R U N G ISR R RAEME 2 F T D SR, e R T 2R, BRAOBERIFTN Y, H
KRBT FEARD YA P28 TS 0 RE RN EZENET, FERERY KRR H @i
ARify, EERHIMEE S WS AR S AN GEITHE S A — £ 5 . A3 B LR A 977 X
A DR R B 2 SR R LT, RN AR AR LU U DT G, R 2 D R A W 5 )
REEHESL, FEAEMCEERE b M2 R BURATA7 Tl %I R 2R K BT Y St A4 LA A e 3
TR HEA S T e . LU, R E DR BA AR A7 MR, A5 AR R R I 2 B 5 SC
ok, AR R BN TR WS R aT BERR A, LA A PRl RE I8 B B4 ) AR T S S
Bl R ARG HA I EA PR RT B, FX AL 2R E BB PR~ . T Tt
BB PGR A RIE F BB TR, BRI e 1S PR L BRSSP A SR 1 BT AT BE 2 TR
—ZRANIA T d LA o ) S T R B S S MR A P BT S B A, ORI T A 2 LUBT I - B RE
A AR RTE & AR ) AR A8 ek o AU (L

—. WfRg: EREETRIEIRHESR
120 il 70 4EAR0R, RRAEMTSUREHE R T IRESE, Sk A GEH 2R AR R, S

@ Nowack, P., J. Runge, V. Eyring, and J. D. Haigh, “Causal networks for climate model evaluation and constrained projections,” Nature
Communications, 11(1), 2020, p. 1415.

®@ Zhang, X., X.-M. Zhao, K. He, L. Lu, Y. Cao, J. Liu, J. -K. Hao, Z. -P. Liu, and L. Chen, “Inferring gene regulatory networks from gene
expression data by path consistency algorithm based on conditional mutual information, ” Bioinformatics, 28(1), 2012, pp. 98-104.

@ Shen, X., S. Ma, P. Vemuri, and G. Simon, “Challenges and Opportunities with Causal Discovery Algorithms: Application to Alzheimer’s
Pathophysiology, ™ Scientific Reports, 10(1), 2020, p. 2975.

@ Leist, A. K., M. Klee, J. H. Kim, D. H. Rehkopf, S. P. A. Bordas, G. Muniz-Terrera, and S. Wade, “Mapping of machine learning approaches for
description, prediction, and causal inference in the social and health sciences,” Science Advances, 8 (42), 2022, eabk1942; Huber, M., “An
introduction to causal discovery, ” Swiss Journal of Economics and Statistics, 160( 1), 2024, p. 14.

® Addo, P. M., C. Manibialoa, and F. Mclsaac, “Exploring nonlinearity on the CO, emissions, economic production and energy use nexus: A causal
discovery approach,” Energy Reporis, 7, 2021, pp. 6196 — 6204; Sheffrin, S., and R. Zhao, “Public perceptions of the tax avoidance of
corporations and the wealthy, ” Empirical Economics, 61(1), 2021, pp. 259-277.

© Rebane, G., and J. Pearl, “The Recovery of Causal Poly-Trees from Statistical Data,” Proceedings of the Third Conference on Uncertainty in
Artificial Intelligence, 1987, pp. 222-228.

(@ Spirtes, P., T. Richardson, C. Meek, R. Scheines, and C. Glymour, “Using Path Diagrams as a Structural Equation Modeling Tool, ” Sociological
Methods & Research,27(2), 1998, pp. 182-225.

®  Glymour, B., C. Glymour, and M. Glymour, “Watching Social Science: The Debate About the Effects of Exposure to Televised Violence on
Aggressive Behavior, ” American Behavioral Scientist, 51(8),2008, pp. 1231-1259.
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XF A B AR DRLOR Y P O HE R —— U 7R 45 R BE A (Potential Outcomes Model )  Fil 45 4 [A] L 46 7Y
(Structural Causal Model) . Hl, JLFFrA 1P S HEWTAE I8 A0 8 78X P RIS HESL 2 |

TRIELE AR, RS =R, RGN - BT 20 g 70 AR B TR e
SRR R IF AT DR RAHE T A SR AE L o I ME SR S ) T AE S I SR R A 22 b SEIR AL O R AE 2 1 A%
PR I A T8 T, SRS TE TN RPIRAS T RS AT & Y (28 5% WTESS AR, SLi
RIS © FEAE R AESE AL, e MR E RIEZ T B (T,=0) WRETEELRY,,, UIAHEEZ
TH (T, =1) RETWHAELER Y, X FEME M F, LSRN B WL RITRRN, V=TV, +
(1=T) Yy, T THFEREERRN Y, =Y, HREET, MELeEZSAREZ T, Y, MY, 4R
A DI SEBR I E] o — XA R R R SR . Uk, BRI Z E,
P32 T WAH 5 R4 52 T A S5 R0 - 10 28 SR G- A DR SR AKO0 o T 2H ] 47 41 3 TR R A% 0 i il 2 —
ASFT 20 T ECEE , BRSO QAR AR R TR T 143 BL g b7 F i A4 5. AL BRSC 0 RE 18
WX — B, TR R R bR .

TEAELS AR J5 ) IF N AR AR LI AR AR e b . AERE S HAR L, Geite i Rt R e A
FRIICHESLTT & AR 22 i F - RS 400 D SR A W 1 e b E e A i, G (DS e . TR AR & . 224%
L Wi RS Y 55— RS S DT b, VR AR 4G AR T Ry kL SRR ST BB IR
N, e TP BOR I 5 . SR, VR, AT O A R R SRR B A B R, EELE
FFA BB, Hm AR RS T P RN AT, SRR R AT 78 5 % A4 A i e 2 AR A
— 2 M RN .

ZERY AR, R ANRR R AR - /RS HAGEERD W, A ITHE (Directed Acyclic
Graph, DAG) SRJEALAR 5 2 8] P AR G 2 10 PR SR A BT PR HE SR . 25 A0 DRLSRARR M py — > = o4l L, 1%
A E WA RS ARG

M={U,V,F)

Horp, URSMEAERES, AR b AR R R e G V 2NALEES, RIZBR
IR R RS FOR—HRBIES, 18 1, £, o fLF, PR SRR R TNAEE
RARS VISR | R R R A A B pR AR X — E SCERVRIE LB AR, (LA R PR ) — R AR
AT, HaEREERIES, MBI AIA MICHE 6 (M) FoRatiil M, it gias o R E
B, RIS SRR M — AR, DUV AR R R 2R3 SR 6] I AR R 22 I L AR O
Fo MTRT VIALRY, WR S KE R SHLRE X, A G (M) P —2 N X 4R Y
WA, R X2 Y I EREN, FRAR XS Y U0 a, YR X MU R

A »@ -

D

C
(a) (b)
E1 #ZHERERNERLIRERT

L TR RG. XTEN T (a) SR, WAEZRESN V= 1A, Bl, SMEZRESHN U= [C];

®© Pk (PURMERTTLAR: SO, SRS RIXT) , CEARA T 2024 455 1110,

@ REX. EFM: CGF WSS JrikpE—Wr IO LS P RN ), (L5 3ids) 2011 4855 2 )5 W%
T K EEER S FRES . rieRiE) , GRERsefis) 2012 4558 1I); BRatt. GEBIE. MR TAZHEER &5
SRR RN T, (HE2EBE5E) 2012 4245 6 M

@ 2l (RERMEE A AIRTESS R . R, BESEH), (AHFTEIHE) 2018 447 1],



RAERWE % WA T EH ¥ T A

PRECS, SR A RN CESC, RVA R C O B M EIRIRIN, 7ER B A # C 35361 B A0, Bl A—
B C—B; pR¥LS, AR CES, B CRAMEREN, EEEFRRNN CHRI A MARD, B €A,
FIHL, XFFE L (b) RUl, WEZRESHN V= {F, G, SMEZEEGH U= (D, Ef; KBS AR
FRESC, BIF & G MEEREHN, EE IR N F-G; &% f, hiZzi D MR EE X, WD ME & FIE
RN, B EFRRHN D-F fE—F,

SRS R TUAA L, Z5Hg DR RAR o B0 2 s TR R R PR SC R o R, el 1) F 45 4 PR R A
TUSCER PRI, AEid R — Bt R N FF AP SR A e & I . 1E+ Z4RHT, EANTIGA SOk
[V AR 2B 2EDFIE A A R R AL VI AF [ A Ak 22 R T Bk, RSO
P DRASETY o AT TIA D 25 DR SR AR — Ty T A B T 5 3 S 2 4 DR T A A2, G B e pAy 2 P (]
VPR TG I PURMEWT 3 95— D7 A B TP & J s — SeBOBA T, VB RE 2 IR VA AL i, Tk
Pl AL e BEC AT AR5 @ SR, X SE R A 45 4 PR AR AR T BRI B9 55 0, T ek
TR B U R, AR RS IR AR Tl A 7 1) 1 PRGN, BR TR R R R A g T
T B, BRT BRI TTRRZ A, S B RAALE S R R BRI AR 58 0E T B SRR, fERTSE
AE AN F & B R A2 PR DGR | AR AR P IR 2R A5

=, FEfR. ARRANREZSEE

PR & B 7S A A E A 221080, JTCHOR ISR, MR i 5 B A2 Rl g i Ji
A X SR PR IR 2 PR B . R, BB — AARIE AR Y, HEEMRZEHE AR L. DI
IR M BIR T AR R SIRAFE D AR B — AR B A S DR R R A At |, RS8R e B m] A S s B
AR T R BRI IS FIGE T K A S 3o RS S RT3t S 42 PR SR B P i B A st o

(=) FEAATHRE AR RN

— ATy, B R B SR A GE T SIS Hhy PRSI AR, 3 O ARG Hh A DR R SRR AL T —
ALK SR, ML Kt v A 2 A FURBER DA E R, AR PURBRM A F A 25, — K
HABERIRIAT ] ZAK —HIK AR, TEMAI— RN “HrREN” —— R SR REAE,
-7y HEN A PR R IR (B . ENTIVEO R, RS T MO e v 2 B DR SR A S il

F— R R B IR AL R o OEARAE R A, SR B B E AU R (R E
WR) v, ERFSAVERZMFET, BMERAMm T HA AR, B 1 (b) F GHID
ot XA AR PR R B B, WSROI A 2 X A PR B AR R, AR ATERE R G AL
AR FIOAMET, 65 D RAHE RS, XA T 2 PR SR T R A o AR AR B, PR B JR- T R
FAFRERE , QRN S LA PR A I JZ R AR B, A8 DR SR B 45 ) v S 7 ) 0 ST P 2 S e A
WL H s 1 o

S ANHTSRR d-or BEEN . B PRI 7 AR Y — o S5 A2 B (] A% Sz A oE U, R R X — v
FEATAT LIRS R RO S5 A AR AL, fa 7R 8 B R SR PN MESE 2R o Bk, 2R X A0 Y J2A5 [ Jo 3R [ v
AP 8, WORZE RS XY (1G4, S EACH X MY Z R — A (X BT A
FRENRTT I, HiEH A Z I A ) ARG W Y, WX Y 2 e (B W BT o Gl
BRI E S B . (1) B S EE L X Z—Y S0y XA X—Z—Y, B Z E7 5 W
(2) ZEEAS —DXHELTH X—>Z<Y, HAPRTYW A Z LA R AT Wb R 1 (b) 284,

@ Elwert, F., “Graphical Causal Models, ” in Handbook of Causal Analysis for Social Research, S. L. Morgan (ed. ), Springer Netherlands, 2013,
pp- 245-273.

@ AEFR. Bty (EUERZE IR FREES RN ), (Fhss) 2022 4555 3 4.

@ Pearl, J., Causality: Models, reasoning, and inference, Cambridge University Press, 2000; Spirtes, P., C. N. Glymour, and R. Scheines, Causation,
prediction, and search(2nd ed), MIT Press, 2000.
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Ho DRI G ZEMiE g RA D—F—CG, B8 — g, WA [FI O E, FIO#RSBHBZE K,
¥ DG L d-73E; DFE ZR s A D—F—E, BAE —DXHEGH, IEAFE—-1FMG
(F G /) AATE P AT ARG, 0D FIE AR 2 d-7r BN

AT HR IR R AR d-5r B HENZ G, HEEgs AR — N REREL, FRATEE AT LAHERT S UL s
WIRLL A B 22 [A) L AE 25 08 A0 N AR BN, W2l , SRR BRI B d-2r s, IR A IS B
TEXLIUESCHE b W AFAE S A ST M o PRLR D IR AT IR AR AT - 7 D 0 1 ) P SO0 8 90 R S R SR 295 4y 1) o
Her, SR, X TARZERFEEME, RAXPADEHERN ALY, B EE =D, R R S S
R

PSS, 98 B WIS T BT A5l S 6 Rt PRURGEH TR GE /Y, A2k B PR &5 2
SN BAITEUL, A PSR TE R R - B, IR A B AT W KR R A BB AR ST Y
TSR BERER Dy /-] J 55 AN d-r B HENI 04 5 2 T A HEWT U (25 =50 ), BRUORE SRR
E T FRATRE ML B Hhs b i G 5 R AT SR K 454 (BdlE=251) ,  XO0LI0ERHE b A% 5 28 4 i S i
DX PSS F A R BT E % d-73 8

X =AM R 2B AR A A OUHR G MR e 5 T2 i B R T 8o 30k i 3ilis
FEAT, AR TR R A S N R R (T . BRIX AR AN, A — SRR B
T BSOS 1) A B AR B . WNPRLR S MR AR, BB R T R A B LI B 2 52 3 1, AN AFTE R B
LI B SRR G AL HE s 0, REERIR A BRI A T PR A 25K, RIVERSR &1 vh 2 7 722 i 1) ]
REZRBIA W AATEIE AP ;A LEF L 220 R 0 A A 2R A — @ Y 2R . i, ©A ARk
S T LAY S5 1 ik T 3 e A B i R, 2 NS 52 23 50 ai B 2 0 Y PR SR i B

(=) BRAIMGH XL

TEHRENB AR =T ZENAMRS 0T, BRF RSP ERFEERCAHILTMZZ., Hif, i
PRUR R BUBE R BOT LA =28, 4 iR B T2 o ity DR R IG5 300 TR 2R e ARk DA B ol 3 1
READ:

L EATAHARNERLANE &,

BT LR PR A BRI A d-J B U, 08 ol G 0 A 2 ) R S Y O D R A i A A
(] FR) PR DG 2R A5 o S AR 0 ik 7 24 T A B30 125 2 30T B I SRR ) B AE 1991 AR 48 s I DL — A48
) PC 53 (Peter-Clark Algorithm )V, & i gF T 3 /K Al [] 25 f5e 42 9 1C 5% (Inductive Causation
Algorithm) ,

PC BEN—MBUE 1 T A 722 S PIP R) XA  E Be i 58 2 R TT IR, 38 5 AN W7 2 03 S8 K AT REAF7E A
RCRMNN, BJai3RA AR RS & [H] PRURZS M I & o XAR & — AL RESB I, A — e se iy pPRHT iR
B BT E TGRSy . FrEA K AT BEAFE R RO R I, AR AR Bl Sy, B7E— 0 A1 R AHE
ST AR S Z [ 3 . ERARCKHE, PCRILEREMA FEZP IR, B L RIEEER, WK &
] S, BRI, A, WINBRIE ERXE . 7ESE MBS d )G, S8 E, s A
REE B Al R R OC Ry ), R AT 45 =20, R Jy 1n) . PC S5E i B3 AT d-43 B o ],
Oy WA E BRI s A, X FRTT I R A S X—Y—Z R = Oe e (7 SRR A
T, Hh X F Z Z BN ST, BE X Rl Z B ST Y & FAHE ST X 4y
HPIFMESL : S, WERARIAERES TSR Y G, XM Z G500k, BPARI s PEA S, whll Y & —
ARHEAS R, W ETT 0 X—YZ; 55, QURRBES S TR Y e, X Z MEMS, 30 Y A2
—/XHEAR R, (HI I RN RER E AL R A A PRUROC R T 1] o X — DR FR R V-45ME ). Hk, fESE M b

(D Spirtes, P., and C. Glymour, “An Algorithm for Fast Recovery of Sparse Causal Graphs, ” Social Science Computer Review,9(1), 1991, pp. 62—
72.
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WARBGAFEIR B L, AR — e B, B A TR TC I A DT 1 o X 2 X—Y—2Z (A8 i =TT
A (YR Z ZEWT7 R E, H XM Z ZIEAFEIRED) , %Y 5 Z ZE I I5 0T E N Y2,
AR, MR E N Y2, Y SO AR R, RECMAEY KM XM Z M mr)E. B2 U

ARG R T PCRARER AR
D
>~c
p
(b)

D
->—0¢:
E@®

DE
G
E
(a)
D
:>—0 ¢
E
() (d)
B2 PCHEZTIERERG
#: AE 1 (b) FREREAM, A PCHENTHT R, G4, MO AT EARMLERENZLE (a) 4, LEREHNL
WEFHEET, BENARAHEZNATRL, R4, RAEDS EMERE, FAMGD—E D, #2 (b), £k, B3k
BEFAATELMNIOEF (REEFES) 4B TRE, WTFDECHEL CXMMHAMARYELEMNT F2ielk, TAM
T D—G Fo E—G 3, 133] (c), 2, RRTARBET R, A2 NALGR., AT, AR5 &AM, 43 D—F—E, %
BEEFFG, DR EREHGI AR, BRANLREELE, FANEEE, FTRAART QA D-F—E (d). %5, 4% X>V—
ZRMHE F-C, 33A 1 (b) HFERE,

TEE 2 7R, BP A 7 AR 30 T2 o BRI, TESZERN ] PC Bk, AR 20 I i 5 2445 3 1 1A
R RSN RER E Ty il o OZHy, — eSS B A AR ) d-3 B TR, TESEAT V-45H4 & ) 0 ik
YPEATIMPAX 4, el X—>Y—Z Fl X—Y—Z, XETEIE X 5 1 45 89 BBk Sk D Ik o] R % 28 (Markov
Equivalence Class) , PC 84 A9 45 R — MO BB R IR W] R AW M BB 707 ) JOR &L, AN &4 22 1Y
BT 50 A oI A S e ) 2 s AR s A R PR 7 m ek e, i X—Y, BERI 2 X—
Y, WAHEE XY,

16 PCRL R, S0P PERG B0 2 CSER Y, B e T R R IR A5 2R o AR A [ i $icd 2 7
SRAPI ST YRR IS 1) I A AR s ISR R 2 0] — REE SR AR O R AL, B AU 2 (R iz T Bz JR R s
R g sl & A LL R g, X TARLRAEA BB ST R A5 B R L o SRk ST VA 35 1) b B AP o J2
AR ERENEELESE, o BOEMRBRE, BRI, A SRR R o BE B8R,
Rrg B ORsy, A A RESHN SR BRI, 8 U LR A e

PC R IG SR B TIRZEIERRA, LA X — 23 AE Bk ik . Ean, PC-Stable SUilE T JR 4R 55X 2%
A2 37 PR B I UK (DR, P LG A, BRE R PC SR Ok A P4 ) B0 5 i 46 700 Ak R R TR A i ) K
i, ERTRIE & W T RN SR Y A, PC ORI ZE A 0 IR A R O R T o M AR R S A
R A AR AR AR VA 78 o AN SR TC I R RUR FE o PR, PTRE s 3 350t e O B DR R I 5805 | AR 1R
BRI o PR PR HEMT (Fast Causal Inference, FCI) S7& PC SRR 75— R e, TE 1 RIRFE 401
B, BRAEAT VA S B AR I B, FCT Bk & B B SR 45 0 45 SRt R 2 IE 0 19 @, HLf Hh 1) &5 SR 23

@ Cui, R., P. Groot, and T. Heskes, “Copula PC Algorithm for Causal Discovery from Mixed Data, ” in Machine Learning and Knowledge Discovery
in Databases, P. Frasconi, N. Landwehr, G. Manco, and J. Vreeken (eds. ), Springer International Publishing, 2016, pp. 377-392; Tsagris, M.,
G. Borboudakis, V. Lagani, and 1. Tsamardinos, “Constraint-based causal discovery with mixed data, ” International Journal of Data Science and
Analytics, 6(1), 2018, pp. 19-30.

@  Glymour, C., K. Zhang, and P. Spirtes, “Review of Causal Discovery Methods Based on Graphical Models, ” Frontiers in Genetics, 10, 2019.
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SrHLSIEl (Partial Ancestral Graph, PAG), B WEIFA LK S THEEZHE L. Xk, FXaTLRIE
M4

2. AT AWM ERLAL X,

TG ME R (Greedy Equivalence Search, GES) S35 27 —FZMpy R R LA %, 5 PCRILSR
foh, GES B A BT bt J2 AR A0 o (6] F) 2% 10 S Vo D PRR 254 18] . (B % SR AR R AN [R] . PC SRk
eI HERRIT, MSEAEh “BIBR™ B d-7r B R IS PR IE B 22 GES B 2 — /e 4t BT
BIFEREIZE, WAEETTIG, Widg L 8" R AR @2 RIR &, GES Sk e & & & I
AR, FFAHEE B A5 i [B] A A5 Rk S e, i ek DU S ED (BIC) S§4Z 48 F HIETE
TSRS I 0 B bR, EPPAL R S5 M AT & -2 BvEM O FERE , JF DASCAE sl AR 4 . L, GES
PR AT 0B . AP, B Je LA ST SR VR I R i R AR FE $R T 920 i iy, Ui Tt
D3R RO, RSl R A I — P AR R LS ROR o 3 — 80k 5 B A2 48 P 1w i S
] JG 255 BB A A T AR, #R T TR s R g

GES Hik 55 PCHIEARZHMZAL . B5G, GES Sk th 1045 R R 2t IR 20 A7 ) o3 18 27 1Y)
LhOR AT RAEM S, Horp ) RE il BB A 75 JC 12 0 PR O 1) 930 o LUK, GES S303% o o 220 /2 PR E 0 PR
B, BT PAAE— 5 A UF T oA TR L S2 R % . GES Biykti A5 A AR A, Pk 728 2 M3 2 (Fast
GES, FGES) RBEZW IS —Fr, LRSI TS g, 8 T /AVEA RO HL45 R e stk
TR RHEWT (Greedy Fast Causal Inference, GFCI) Bykfh& T GES 5 FCI & LB, s 7 KR 7801
5, 5 FCUSEZEML, GFCI iR 440 e & 15 Ry Hh 45 R .2

3. BHERKAHE,

A T AR A AL T B Sk, P2 RS R I Ty [ ek s vE— e, il 45 RIS S
IR REEM A, ML ZT, pRERR & B L e v X — R R, i e PR SR G 3 1) B 90 A 1) JC BRI, 3
— DGR S IS T b 5 PR 2R e ISR 125 RE VU AR vh Bk B R L SRS BRI, AT A T R R G R Y
J7 1] o

ARG, BE X 5 Y ZIAFAE LSRRG R X—Y, FATAT U i LT W Rh 7 05 00 £ -
(1) PALX yAaAeh, YRR RGEAT R (BORBOE BRI miEmh) s (2) RadR, LY MAZR, X
NS AT LA (BB B PR DT 10 AN IR ) o A0 2RI AT A B3k o [ DA A RS ) 5 22 5 | 73 o 2 [h) 3R
AR A E—BIE (1) REERBCE T, R2mS AR (X) M mfE (2) MEREET,
2T AR (V) AL — B ARAME TR (1) 8RR RTT I X—Y, Xk 25 5
R ARRE, ERBE AR R A PRI

SRR ) o, XA R T 1 I AR AR AT I e R0 o A8 R i b 07 U 5 R R OC 2R 07 1o, i R 7288 [
K Z W R EOE A FNEE 73 A TR PGB MESE o a0, SIS i IR RS0 A EAFERAE A R RN, (8
Joikid i X A7 A E R T 1], OATELRPE—mdn 28T, BRI B f i B sk 22 0T [ 7L
IVASOESE S

RS R R OGRS AR R REOE A, Bl P ST A FRIRE” o kM AR (Additive
Noise Model, ANM) 553 L F X FpAE b IR i) IR ST R g © SR, Hly 728 o ) £
TEARRAME R, (B RIZRMEAROC R & T s A RdE F, P, ANM 5892 SR FH A J 1 e — it 285 At <7 44 v )
(Hilbert-Schmidt Independence Criterion, HSIC) >K¥|Wrsk 75 A 72 & Z M2 H M, X FL kR EOE X,

(D Malinsky, D., and D. Danks, “Causal discovery algorithms: A practical guide, ” Philosophy Compass, 13(1),2018, e12470.

@ Ogarrio, J. M., P. Spirtes, and J. Ramsey, “A Hybrid Causal Search Algorithm for Latent Variable Models, ” JMLR workshop and conference
proceedings, 52, 2016, pp. 368-379.

@ Hoyer, P. 0., D. Janzing, J. M. Mooij, J. Peters, B. Schilkopf, “Nonlinear causal discovery with additive noise models, ” Advances in Neural
Information Processing Systems, 21, 2008.
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PR 5 1] 19 0 5 T 0 — A B B 2 A S AR s ey, B AR R AR 22 i &2 HAEH — MR IES 0 i, &
PEAE B R (Linear Non-Gaussian Model, LINGAM) 52 753X — {50 Bl b Xof 3% 22 B B0t 14 7 1R 2Rk R
SR =R

PRI R S 2 IR 5 TS 1 3 T AR B 3 T B A AR, 5 38 70 - FR R SR 45 4 B 4
FE AR LI A% ] ) Sk s M T RS DR R R IR D R AR AR ( RPRETR AR 2 ) sy TR AR o
9250 RRERA SR A B R A G o3 A A — 2R, (HWSR e 7 — 2R, in ANM F1 LINGAM #f
AT PR B ER B o e Ah, S fe T 2 RS T R SR R X AR e 2 (R A A R G
R HEERIEr, TLL LINGAM 483 19 58 1 AN (L RE 45 Hh 2 P F 8, 3 f8 [) B Aty 1 A8 J 1] R SR G R 11 5
JE KA bR S DR SR R IR AR 5 I T A L B P BT A

=, NARBE: ERRIANITEHLSFIEE

(=) Ba®asidReaibhmERE

TEARZAFOUT , TRl — a5 R T R th 22 Fh st PRI ) 3 250, (HI 88 i PR7E PRER 45 4 vp BT AR 19 7 1 7
A AL PR AR B AR R, T3 A — L8 AN AR AR, T a o A DR 3R [ 4% A R
Wi o FLAZIE R BOA SR AT s AL, A, (AR PR s AL o SR, X T ARl DXl i g i
KSR EIT S 2R R A e SE , B E i T7 S o LA ) BB R Sl B 5 RE 8 3 T I
G5 2 R R A e PN AL A I, (ELR RO ) BTN AL AT LR B D B A R B R, AT
TEDUREE R i R (B st ) USSR TCIE B AL IX I o BT i oe B DR EE I, PR K
BURE T LA BR300y B 5 e e iy DR R, A0 D — R AR 3 g R 32 S ML ) ) oo 2 T 2 48
n, BIEAAIE PCHILA FCES BAZ 0 1 2w L2~y U IR & i A [l TCER I . AEr B, AT
SRR e S R, s A EdE . L0, FER 5. AR B GE R 4E 32 g
i, AT 8 AN EHGE A SRS AL RN 7 D EHSE B ST AL B, A R0 45 R 1 I S ] 2
17 T AR

FEARZ AR R BT, AZERRH (Invariant Causal Prediction, ICP) JZ2—Fp& [THF 34k ik
sBLE” W5 L BT X — R E R B AR (Y), N—RF R R Y H R
HAZ 0 B . BBFEN ARG (E=0 M E=1, SRIFGHEATULZ THA, XEARAITIS
ALLAPEAS i), el — e i R AR 7 S I, WER HARE R Y A S M BB A P A FREE R FFA S
(R Y 5 E Z&0EMar) , IRA S st S i Y A BRI R A i o i ol by Bt wh B nl B 9 e e 728 4 24
A, O AEWE R LIRS, B e S B, RIATAR R AR Y AL (B R
A7) o WIDURTE— SR M ER BT AR I 2RI H A LBt g BROR T ICP Bk I o iS00 il 3 B ML Y
B 77 SO EREA R B AR IAJEA B VNGRS 7 BRI 2 5 B R N R0 5k e 35 4F JLAF
Ja AR DU RO . S5 b, BERER M FC BT H A SR 7 4 b R RE L 2 NS 5%k, (HE AT H 2
R IAA TS SINGRA T ek . ZOFTOR BEPL T BCAE W3R AE i B, 0 1CP 5303k - HR H A 52 i 5 o
FAFMERRR DL B R o AL, A IR RERE T35 4 F H R ) PR 2R A 0O fL b O I A9 A DX ), g
DR SR S 488 A SR A e AL S

@ Quintana, R., “The Structure of Academic Achievement: Searching for Proximal Mechanisms Using Causal Discovery Algorithms, ” Sociological
Methods & Research, 52(1),2023, pp. 85-134.

@ ICP Bk BN M B AR BEN R 2 LA R PS5 F . — R 87E i E AR BB EE Y e R E7EE £ HagEEEmH
FREE Y, MARER Y WEEER, MR ERY WEEERH, S92 ICP BERRL

@ Peters, J., P. Biihlmann, and N. Meinshausen, “Causal Inference by using Invariant Prediction: Identification and Confidence Intervals, ” Journal
of the Royal Statistical Society Series B: Statistical Methodology, 78(5), 2016, pp. 947-1012.

@ Huber, M., “An introduction to causal discovery,” Swiss Journal of Economics and Statistics, 160(1),2024, p. 14.
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(=) RFEBALZENAERBEY @

RZHUA R e B 30 RO R R 7 o R ke, BB h R st AT v e i 20 . AR, YiZdi
WA R, FREMMZE R g5 AIRE 2. FCI R GFCI 55 28 mk 1 B AR 78 70 MR iy B
REGS TEAFTE A ULINTE V6 728 B A 25 A N AT R R R I o 3d o iy HE R A AEL GG BT, X P b 2 ] LA /R TR VA 2 1
P A AE 48 7 FLAE R SR 254 v 1) AT BB AV B o

55 A I JCEREIZEA, FRA AR — R AR R BRI R M 2R A R, (B8 L840 ) G
RS HE 205 L . B A AR A I AIC A AR AL, 45 B i, 6
AT S L e 2 (B T REAAAE I OC R . QN 3 o, B3 (a) g xml ik Ros A Fil B Z I LR 2D
ZH - MREAZREN, B3 (b) il (¢) PHOERRZAWITMRENEER, Al LIAH L, Walll
WAk, Bk, B3 (b) FmAMBZEMXRAfEE A-B, WARERE A-B, F—FfIEH T A B
Z I FE D ZE|—MEE R, BICRER, B —E AR AWERE, FH, K3 (¢) A BHKERE
AREE A—B, WHHEE B—A, AIfER AoB, TEXMIEN T, HAFE— N EEEGRER -/ AT B,

A@e——@ B A O— OB A @O—— 0@ B

(a) (b) (¢)
B3 #oEkETRe

(HFEFRELEITE) W2 % de it — e S = A R b pp—
BB B R S HE N EOAHET 2 W56 RAOBTT, [ 4 17 R AR 7 % IAE
P FCL o X S0 98 19 J5 06 MO HE AT 7 40 W7 5 75 50 10 9 4304 2
2, P R, SN B AR 5 K 2 R TR K22 I 0L &
Yo (o) Mk, B HELBE - NERER R W, shE | Y i
BEVES B A A T ) R R, A, ENBOAHER O o
SRR UL W T AR E B G R, EGAHER T
A [ 5 20 2 JEE AT TR, (L Al 33— I 19 6 28 52 51 0 SRA
) R A TR, Sy LA B6 22 B B 5 T 7 R il

WASREIOAEAE S S MR RE A, BRI N BB PO @y ur s s FCT 3485
WA 25 SR AR R T A, A B oA
ST A, LI A REAE O B, S [ RO AT 4
BT, S GO B VEVE A R 0 1 o LB 1 S R KO S T 7 5 28 7 25 JR K P U1 28 K
VA AT, RS U AT G R, SNV % 5 [ P BT 2 ) D A7 1 LA T
OGRS B AT R FE B IR PR S 2 BB T M55 T PR 54
P R R B DR SR B R T BT WS ) FCT TRk 8, e B0/ 45 618U T LAY FCI 33 15
AR B B 2 .55 A A WS 2 L 77 7.0

(Z) #BEFAGLERRERLSH

A5 LS R A B2 P R B e, L T T 4 3 T L A S BT A PR L 51

(@O Timberlake, M., and K. R. Williams, “Dependence, Political Exclusion, and Government Repression: Some Cross-National Evidence, ” American
Sociological Review,49(1), 1984, pp. 141-146.

@ Spirtes, P., C. N. Glymour, and R. Scheines, Causation, prediction, and search(2nd ed), MIT Press, 2000.

@ Andrews, K. S., M. I. Ohannessian, and E. Zheleva, “See Me and Believe Me: Causality and Intersectionality in Testimonial Injustice in
Healthcare, ” 2024, No. arXiv: 2410. 01227; Glymour, B., C. Glymour, and M. Glymour, “ Watching Social Science: The Debate About the
Effects of Exposure to Televised Violence on Aggressive Behavior, ” American Behavioral Scientist, 51(8), 2008, pp. 1231-1259.

@  Glymour, C., K. Zhang, and P. Spirtes, “Review of Causal Discovery Methods Based on Graphical Models, ™ Frontiers in Genetics, 10, 2019.
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AR . 1R ST — LA R A 55— AR R A 2 3, B IUA 1 5 A 1 20
(ST ML 0 TR, T T 45 A A R R TR, B TR TR A ). 2 R, TR R B
P H— VR T ICAUT R 1, A5 MR SR i ] L 2 P 136 R4

T SR B T LM I 2R MM R4, 725 L e T L DR L B SRl 155 4y i
PR 222 3 R R A o, S 2 SR 2R M PR ST VR A OS5 .0 betin, 360 P A
AP R I, BF5E % AR I BEIX 45 S B 00 LA R LA, 5 7T P I 5 o o
7 H R AL ST B, TV 45 A i R B2 b S LL I, A PR 26 2 DR B oty
BRSO, DI N R A ME R, TER IS R I, N R AR IR R Sk L
fly; S, AECRLYE (Betweenness Centrality) T 1T i 5/ At 76 D5 R W02 Ay v A TR 22 g
BE, APROTOHEROR, 2 AT AR R AR L BEAh, 2 PRGBS P e g
WA TREALRS, AR PR ISR AL . O DM P G, oA ) A R
B R AL

RIS 23 26 437 00 R L R BRTFIE WA o T 544 2 554 I RRF XS R ME A R B R , Re—Fh B 28 X
RAT WU A7 XA PG AT A B R TR S A SR T R R 5 B , B LN 50 8
BN A", IS ABELA BN T U T U1 T T B it 5 PR SR FOA 4 0 i
Be, TR RO S MO T LA

(@) BREALEZR TR EHEA

SRR AR R 2400, IS, ERIE R, 13 T ARG A R, (R
Sk Lo AR SCTTARAS T SOOIt %, DA SRR L S b R A M S M
R [ A LR R WA, R SO PR A RV B Y By — R EL
B LI A A 50 5, TR A BT O B3R 15 A b . SRTI, AL SR I B PR 4
REBOHAT, APPSR SRR, JLT-A R AT BUGH 460007 T LA R RS At T
L DR T AR A K LR R i

TURATKEE (Markov Blanket, Mb) PSRRI ff— T B R,
TR T TE R 0 1 4 T S0 XA 1 TR ) f
EAAY, CIDRARE M (X) BAE X MRWA, T AR
T AL T RN A, AR E Mb (X)) B Al
T, X SRR A dSh . WIS R, B R @
SRR X TR KRR FEHLES SIS, R AR KB B
PR AE T 0 S S L | 3o v A B ST A
KAERBHERF TR, FURDRTT R R RE ISR X 25 s v pommss
B RRAE A, DA A Sl S LR T f R DR L 48 )
oo EEHEREEERINOR, SRR X OWER R 2R, BRI A T /R R B X 19 (
S AR IIRLIO S G 15 ) o BB AR LA B 07 s I 0 50 6t ik (e 2 2 MO o 1 )
4 X PR B, (P FGES-MB 23 V428 X 19 5/ il b, WATITOf s 640 T 0 o 528 R Wi e
FIRIH 2 o I Bl 8 T IARE— 2% R e LR R B A5 e, 330 R B it o b 1 1

@ Quintana, R., “The ecology of human behavior: A network perspective, ” Methodological Innovations, 15(1), 2022, pp. 42-61.

2 Quintana, R., “What race and gender stand for: Using Markov blankets to identify constitutive and mediating relationships, ” Journal of
Computational Social Science,5(1),2022, pp. 751-779.

@  Aliferis, C. F., A. Statnikov, I. Tsamardinos, S. Mani, and X. D. Koutsoukos, “Local Causal and Markov Blanket Induction for Causal Discovery and
Feature Selection for Classification Part I: Algorithms and Empirical Evaluation, ” Journal of Machine Learning Research, 11,2010, pp. 171-234.

@ FGES-MB 57iJ:J2 FGES fyAR(A, JUAR R A8 T IO F 58 4 A4 DR SR 4544 RV AT 75 245 2 A8 B Y Sh /K m] R
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GEON TR TCIE I o BRYER SRESE, SRR 2 EEMEE (AR . TEIR . ML) WL
KR, R VBT AL B PR 2R A7 0 £ #0204

(&) BRAEREIF * 8 19 2R k%42

PRSR e IAEE VR A o ] T SE B R 0 B 25 T M — S R, G 28 (R K 2 A 1k, I A B Tk ok
ST o DATT AR 0 3 48 [t ) 17 2 09 44 A ROk Pl e Mg ok B AR B3I o

B, MTELELMMERCR, ZREE L e ER? &8RRI L A R0
SAE BB Z b, TS RIS B SR B R I AN [R] B N o R SRR UG, IR T
A B SR ER BRI FTREIEANBLSL , JUHURR IR FE AP (BDAAEZE R TR B S i) X FE Y5
B, 7ESEBREE AR FEME LA 2 o AEBOR A LT AT e b S TS M B LT, A SR T IR R
ROATREZ MR R B, AR — Sk M 4 5 . G SR 17 DR 53 30 7 1o R A [) 288 780 1y PR AR 2 L5
AR, WHAMER T &, A, B BIEFEAFE (Bootstrapping) 1 # R %5 4 i 3301k &k BLIY K]
e S K = I 0/ e A R o1 = = o NI - = i R 2B 1 PO LR WS SO TR T RS WK (e L AT PSS
BIRRE TR, X BRI B N RS B, RS AN e 2 5 i o b AR B LR A SN IR T 50% Ay ]
ESUN

B, X T RBLAVERAR RS, SOG A EAG A VERE, T Al Y PR AR A 7 7 AR R BB
g, (RS [ AL A8 B (] — W B B8 2R A 7 40 BB, T RE AR BRI A RUR Z5 4, IF H, KREZHAR
R IUR DR S T R SR, LN PC S T A A b ST PR A 3 1) 0 S MK o, AN TR R S R
W2 REOANF R LRSS R o U, Qi el PPAR SR M RE I 18 4% T 53l 1) A1 SRABE TR iRy — > SR R, A
WA ERE, BAR D AU R I R B R Gl S LSRG AT LU AR, (BAESEPRIT ST b, ELSE RS
Pl E R AR —— R A, BRI A GO LT B L, RSP I Jkn a2k X,
R I Y @ TR = ) B, — SR i PR S U I B R AR N 0L 5 i o7 =X, BiRckadi, 2
S50 05 AU A R R R LRI, SRS A8 B 4548 5 R A rh i T B RLADL 5 D0 B2 $5 B PP Al R 2R e 3R
BHEREY WAFSCETFR TREASNE R AR, A B B AL &2 7 vhe i F G 36 R AR S0 15000 B 1 11
i, K Prae SURHIE Sk TR A A AR R O

B =, KRB K IEAT R X R G R e PEHIT, B8 75 78 I Al 1 48 2% DR SR 0007 ) 5 2 7
B L5 RIS R R R A R AT R 2 — o G50 R it — E g TR R o7,
JUEE G S5 PR —FE 00 0 220 1 R AR 2540 © (R 1 —Fh e vk, 78 ) 1 [ A%
T EARFERS AN S e i A5 AR S R R URAES G, AR T 30k PR SR 5 4 X 45
PR B PERE AT LA, 38 T AT H R 25 4 v A8 8 (R PR RS 3R B2 o U8 7E— 006 T AT AT
KIEFRPSR MBI, R 1 AUrR 45+ Oy R 5 R A 45 6 T2 8 BUR 54, Jf Akt 7 Hrp

(D Malinsky, D., and D. Danks, “Causal discovery algorithms: A practical guide, ” Philosophy Compass, 13(1),2018, e12470.

@ Glymour, C., K. Zhang, and P. Spirtes, “Review of Causal Discovery Methods Based on Graphical Models,” Frontiers in Genetics, 10, 2019;
Schmidt, A. C., et al., “Searching for explanations: Testing social scientific methods in synthetic ground-truthed worlds, ” Computational and
Mathematical Organization Theory,29(1), 2023, pp. 156—187.

@ Quintana, R., “The Structure of Academic Achievement: Searching for Proximal Mechanisms Using Causal Discovery Algorithms, ™ Sociological
Methods & Research, 52 (1), 2023, pp. 85— 134; Quintana, R., “From single attitudes to belief systems: Examining the centrality of STEM
attitudes using belief network analysis, ” International Journal of Educational Research, 119,2023, 102179.

@ Ding, C. S., “Bayesian Network for Discovering the Potential Causal Structure in Observational Data,” in Dependent Data in Social Sciences
Research: Forms, Issues, and Methods of Analysis, M. Stemmler, W. Wiedermann, and F. L. Huang (eds. ), Springer International Publishing,
2024, pp. 259-286; Chauhan, R. S., C. Riis, S. Adhikari, S. Derrible, E. Zheleva, C. F. Choudhury, and F. C. Pereira, “Determining causality in
travel mode choice, ” Travel Behaviour and Society, 36, 2024, 100789.

® Biza, K., I. Tsamardinos, and S. Triantafillou, “Tuning Causal Discovery Algorithms,” International Conference on Probabilistic Graphical
Models, 2020, pp. 17-28.

©® Pearl, J., “Graphs, Causality, and Structural Equation Models, ” Sociological Methods & Research,27(2), 1998, pp. 226—-284.
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Stldrr I AR, SETATEE LR (Agent-based Modeling, ABM) J&—FhHIE KB B 55K X5

@ Chauhan, R. S., C. Riis, S. Adhikari, S. Derrible, E. Zheleva, C.F. Choudhury, and F. C. Pereira, “Determining causality in travel mode
choice, ” Travel Behaviour and Society, 36,2024, 100789.

@ Breiman, L., “Statistical Modeling: The Two Cultures, ” Statistical Science, 16(3), 2001, pp. 199-231.
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Causal Discovery Algorithms:
A Neglected Toolbox for Computational Sociology

QIAO Tianyu, ZHAO Yizhang
Abstract: Sociologists have long focused on methods for causal identification and their applications, but have paid
relatively little attention to advances in causal discovery. Building on a review of the two theoretical traditions of causal
inference, this paper provides a systematic introduction to classical causal discovery algorithms, examining their
underlying principles, practical applications, and potential integration with other computational approaches. In an era
marked by the rise of large language models, the adoption of causal discovery algorithms offers new disciplinary
capabilities for computational sociology, fostering data-driven knowledge production. These algorithms provide a rich
toolkit for gaining deeper insights into complex social phenomena and for exploring causal relationships. Moreover,
they hold profound implications for advancing a paradigm shift in knowledge production within the humanities and

social sciences in the age of digital intelligence.
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