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R KBRS o AT Tl A LA ERE AR SRR I Rl s 25 HAR I AR B3 3h 1,
By AR T2 BEGERAE T 578 S 2 AR T A AS BROMUERE , B AT 0 S50 e U8 5 B 454 o ]
HHBAR MBI T , BT A AT R X 7 S PPk . A8 T A BIR R A% T (James
Gray) F 2007 445 EiR i REIALN N “ Bt 4 Rl & L (data-intensive scientific discovery) . #&
WX — H R J AN Ry B i AR A < 45 DU (the fourth paradigm ) , IA N HE U
TR 3 R E T B i, B30 LA i ) SE g 2 A ) A R AR ANy - 3 B B SR R
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B 3 A, RO (BRGE A N A R Z iR A ) AR (L 7 i, SR Bz
AL AR (B FEA R RS, < S PSR 2Bl - I U B ) o #i3B IR BB AT —

- 40 -



FRAR, KRR R KR AR A9 BRI - 307 BURRE 09 319622 [T ], R #9140 ,2022,10(4) :3948.
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B AR B IR A BT I ORI S e Z AN A PR OCR , — HLR ) Ak 2Rl Sl it A it
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ARAX, Y 56 [ 2B BURF HEA T — T4 O 10 35 55 THE (War on Poverty ) fUFL il . X — Bl il
WAHE BEIT AR R Z A TR, FE I HLAAK (BT I B AR T U . X — Rk
120 {42 70 ARG Ty [ GO0 T A BORI — R S AR B2 2 5 HAb AL 2 R I A M B
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20 ti2c 90 AFAR,, B [ A7 3 AR BUR 75 W] B LATESE oy B Al 19 A JL UK (evidence-based policy,
EBP) 7 k=5 57 o 33k HUBT LAY “ R4S 5 38 10 ST BT 45 H AR & B, 1 3 HL T D ) SR AT 98 B
L AE AT WALAR BT ST, BRI SCHY SEUERTSE o B 1) R 5, B0 T LAl 465 i i 44 ) A2 (3
W kA A A7 U EARRE] T EARAS  HEISR ) AT UGS T R N AR R A T
AIBASERIE B 17 ) o AHICI TR RERL b Jd i A M PRl 4 i A P AR, (ELIX R AR A LA IR
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T FR 2 AR A, T IR SRR T T 4R e S BTN H AR 1 A5

LT UE S AR AR B BT R LA R 8 L T AR 45T, WS WO T SR A A A 4
S Fe BN T A A 1 P2 2 PR SE 36 v A BE AL ] 5 56 (randomized control treatment, RCT) , R
I NAEBERL I3 L SE 34 (treatment group ) HIXS BEZH ( control group ) , 7351l ik FH & A A1 UL o3 #1925 Wy 5%
LRGN o BT PR 2GR SMILSE A — 2 N S B IR BE A 1Y LS ERAS 2 TR R IR 24 5 R YT
I RERILEE , NTITAS 2 20 X 25 M BOR B BREA DTS o X 2R BEHLAS R SE I [RIAE R0 T 80 BORTAl
JUHGE IR B A BB, o BRI S0 2 — 2 %) SE [ FH 4 75 JH 20 fiE42 90 A0 /M BEAL L
HRIZ N A B Ee 43R (StudentTeacher Achievement Ratio, STAR) [ 3 HF 5% . 1Z MM 11 600
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— 2 WAL I IR B) o KRIIERERITSER ], /NI AR R TS5BS 2 SAT 5 ACT %
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HEA 21 205, 36 /M A BURFE 2002 4E4E I B CR LE— A% 77 )5 ) 1558 (/I NCLB 355, B3
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based research ) {1 3045, I IX AW FE T B L IS5 0F  He—  BOEAT 80t H A9 AR S5 B e 20 i ™

AERINBELSZ B BT A5 A2 R . RS WL, bR BTG v B DR SR D40 1 i AL S5 56 o <2 56
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AR, 2R I S ARG FE M TE B O 5% 38 B AL SE e 2 M oo R4, I 2 P e s /i B AT
R, AN = S CE B Bost R Tkt R oo 2B JE R AE WRBE” i VLK 28 2 ] i e A A% R S
PR 2R o Do B SC B A (SRR BE ) B U AR 38 R 23 77 AR 4B RV (Hawthorne Effect) | B A 42
55 SEI A2 BN G, 85 I AF I3 305 Bl o BT BRA (ARG BE) 1 Ui A6 8 8 25 7 AR 24— AR (John
Henry Effect) , BRI G453 59086 mi 545 HLAGE BB ™,

AR AL S B E DL SSRGS, B 5T TR FAE SE IR i R A T R SR, ELAAR T vk 4 W e [l
( regression discontinuous ) . T EL 75 ¥ ( instrumental variables ) . {i [4] 15 43 ( propensity score ) il f% 2
( difference-in-difference ) 25 , [ N A SCHRES 0 1 3R D7 Wk EAT 1 PR RIEIR . A SCTE I AX L T A8
TN, A R I SE B BT TR BOR AL 9 R o 51 A LR 5o ) e W A A8 dt 2 ] RLAR G
FRIX— M, HAZ O AE TSGR 1) H it DR AR 5 o (%) B4, 208 1T AR 30 3K — Bt AL s 73 1) T30 738 2 75 7 SR 45
AR AL, BT B R P BE /N 3 (two stage least squares, TSLS) [n] 552784 R AT
HHEWT AR R R

Iy T HAS H HAT SR A 1 (exogeneity ) |, 33 & IE S50 M 0T () 48 H AR I . A0 AEPEAS BB 38 1L SEIE A
55, HEE AR _FORISTE , X s F T AR S gk A 7 PR R AE T A NG . I L 1Lk MR &5 H ARG
FRIEH B BURM I # W8, , UHMELIE A T, DASEREZCE B B 224 A Jsy R 491, 8 sl Ll
( Caroline Hoxby ) T+ 2000 4F{s FH 3& [EI AN [R] 27 X P T0] i 19 0 A A7 DOAE Sy T HAR 1, FH AR T 22 A B i
HHEREZ AR X058 R0 e A e R A 3 A5 PR S IR AAAE TR
ZHT s BRI AR P I R T AR R DL RS Z T S G O R R I TR A B AR AN
BRI e T, T AR I A RO R W T . AR R R IR A B SRR A T
P, TEZCE BORVEAG ] AT b s hn AR o 504, 28 B 7 A& 2 e G4 1A 1B SR A 28 148 H i h 208
ORI E 52 T PR B 77 BRI A, 3= A4 T A BN R T HAS &, FERX BN, B A H
WX R — M 1 2] 365 FIRENLIT 515 . HA 3% )5 505 /N T 3 [E E By 8 54 H e 19— A4 e BUE
B, XS YEA AR A AL A 45 R S AR R B 3 8 10 SRR 2 5 2R 7 40 A, A5 SRR 1970
AR AL N B PETE 1984 4R [FAE AL T J0 ARG [R] S AR 1 100 SETCAE AT, iX TR & TE I
A V) JIR 2 75 i — B L A K 2 T i s o A SN A A1 B B A SR
B ROBE S ] TR R T HAR R
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BT Z, THRAR R AL 2Rk 2 rp DUREWT 1 S5 AR7  aX 5e 0 e 1 H: 3 00 2o R A (i 22
ST FLFRIAR A R AR X — 3R L S A 5 T B AL S 30 s S B0 15 R B SR A T 42
T EZ R T, AR T A kA

= ABEN K ERAERBEEAORSE

IS SRl TR S 5T R AT A PR SR HE T 6 A A RS A S AR T e o B kR . e
UG, BRBUG  EIPRAZL K2 WAL S5 8 1% e AR WUAR 194 T U sl ] 2 080 o1, LASE [E
HIGM =B Sk (1 O k) FnFR E Y BAT (A B2 B L IR SRR Al 48 T 20
NI NARET 517 80 . 3 S B B =20 G VR KB R LA R iR g s ) S 4k &
W, S RS R R B9 % A A5 A b A (v 55l - s o I T, I A% S B 3 H #
R —AHITARA BJZT . DA WL 52 I ik i 3 9 25 D 18 20 (CPT) S 48], 96 R4S BT 2% Be (MIT)
(9 {2 4% B 7 ( The Billion Prices Project, BPP) M 2008 4E % 2016 4E45 K BRE: 60 ~E %1 0004
FIMER 1 500 J7 155 i S IS5 i, OF 5 4 B GE it R A AR S i F6 BG4 . BPP (TR
BT DT AL G B W46 5, LA B A v A T BT IR 55 ) P A SR L AR R B A K
M) 7 FaEE AT g, 40 2008 % 2010 4F, BTHRAEE 5 A (AR Y ik %8 11% 1 BPP A1 1)
B KR A AT HA 5 I R 7 20% L)1 IR AR T T — M R AR WAz . s B SR AR T R L B
KA T A Ry AT, R R, EE i A H VR T RIS AR AR M BURE S I R T — &
FIETRIE ] (AN, TR R BEE S LR IRAFBLA T B Oz o A 7 W R &2k
s ER , SO ER BE?) Y L B SRR B SR T (A S IR B A TR AT, T
HIENR S5 T8 BUR G R R AW B2 50 M o WET TR, DR HEWTFE 208 BURPEAL Hh 4 i E H 2
LA, I ORE R N TR 8 T R

RHEFP AR BN 5, B 25 R e ok T B S, B T ARSI L B R B 4E S
BB R Z R B R aHI AR 2 E I IR -3 B 4% ( Viktor Mayer-Schonberger ) 78 H: 2013 4F
R R BB — B 5 3 RS 4E, RN AR EE A BN EE A RPRS ff , ZEAH AN EE [
BT BEE PR SR RGN TC 25 Tl 45 45T T TG A5 S B, 5 R 6 43 BT T A PR SR D
FRWINGR , LT RHAF R C 4 (BIEA A BPRE) AR SN L G 2 B 45 1 s P s SC i &
TNRA P, 3 356 T HIL 2% 2% > B9 A OC 2 B Sk FR R OQ HK 43 At (association ) | DL ECHE S H G
(datacentric) {537 A T4 (modeHree or modekblind ) (73 #ra“ 2 & (black-box ) 73 #7151
KR 245 SR BN K2R 58 F] 73 KL (University of California, Berkeley ) #(#%¥1/K (Judea Pearl) i [¥
WG, X AT A AR RO AR 3 R SCIIT R ) E1 SR E 5 , FF AN B A0 S i o7 R SRR 4T A 1 14
THN S 2017 A S K2 22 B HOR BT P (Susan Athey ) 178 B2 (Science) ] F] | & SCH5
B R T B AH DG /B & —Fhail, IR RS, T R A T X 2847 A E S AT IR RE , A fig
ERSEC L E/ T SRR, S AR

U A A R 1o R SR WORAR (SR AR AR 7 BA/RAR 7 ANZE5: (1) SRPE & A —5,
i B SR AR R AR AR A W, ELRTAR S, A5 DLt 357 9 45 ( Bayesian network ) (Y BEEE , fib
PR FEIRERDR L LR rTAAL , 48 1 TR S s T FH A R 4, IR ee R a2 88 gk, (2) IRIEAS =
( confounding variables ) 75 SN LAFEH o B ANAC BN SE I F L 952 380 E R L, A2 i Lo Bl &
HIA X — AR IR IE R i . HURTERIBA B “J5 117 (back=door ) S it — [R]85, 3 1
TAE AL B AACEBE 27 7 B A SR AR B, (3) T SEHE R ( counterfactuals ) R 511
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Bk AdE N BRI S, HBE SR B — NS5 5 (a0, B B 45 28 2 02 ¢ SR
ZIECVEIE” ) DT B 5 O AT A AL S 30 o S 56 1) JEL B, A 3 — LA R 3 (EL, (4) 3@t
HA RN 53 BT ( mediation analysis ) 2 X 43 B Hz 5 [0 45252 W, 43 B 1540 45 [ 55 50 55 454 75 FE 557
(structural equation model) 4. (5) FERAMEME (external validity) SRR . VRS L)
PIBFSE 3 C 2R B T3 — S EE 2k (BB AE DG A B oI PRk 4 18 AR f e, BVAS SZ il 52 n T
EHTARARE. (6) 62K A (missing data) 75 40P, TCIE & A 5% X G AR H 52 55 545 26 (9] 24 1 5 [7)
L, R B B o At R TS T AR 3K O g SR (L A 1 D DAL, P A X e SR UM B A7 R S e
(7) 383 7] LABSUE R, RGCHA E— R VIR 55 P e AR HE W 38 & iR 22 R 8. WS LA
b7 S TGRS, FUR VO B UL, A R PR AR 4%, AN BEAS LR S5 18, PROh “ Bl As 5 IF
KRR

HRTHE) ™ St B2z 8isia FIPLES 2 > ki 7 R e W i i ot s b, HAE hfE T i e T2 il
2014 A, SE [ I R 2=AA v R o BRSO T 4 0 4 R FUHL % (Hal Varian ) W7 CORBE : 3
AR5 ]) (Big Data: New Tricks for Econometrics) —43, 7T g i, BUERAERTZ LS
2] 5t i S A i B A VR U, I ) A DL B 45 74 15 [1] 5 3] ( Bayesian structural times
series ) A PEAL |45 A5 O I 3t 15 [ B R sl o B L2 (R sp i S R A ATL e 2 = 3 2 DA oy 320
W5 WL, SRS LN IE AR L, HLEs 2% 2 DL IATE T ks 5 R G B8, s TG R4
PR, AT LA 3 1 W ( regulation ) i S 3sf BE L5 , W LAHEEHE 43 I 254K (training set) 550 3{4E (test
set ) K EA T 28 A5 ( cross—validation ) , 16 W] LL3E 18 £ i 1% (ensemble ) £ 55 0 vEAf B2 . HILA% 2T 19
FEARNAET ECRBIN BET7 A, BINEA B3R5 AR08 EE R B AR R, o
DASE S i foe i LA

2017 4, L 2 INBF K2 4 U2 B A 3K 91 2k (Sendhil Mullainathan) & P AL S T (Bl
2] PR AT ) — P FET M 2011 AL E A p5 A BEHLARE T 10 000 £ 572
5 BN AR S A 150 2% 5 (A48 AR LR DA S e BAE D) S 3l o5, I3 e il i g 4b
41 808 £ f7 R A MR HEATHE TS o 7F LB e/ T3k L a1 A% (regression tree ) \LASSO | Fifi HL 4%
M (random forest ) DA S 4 BGX 5 FPELE A i, Jeie 2 U ZR4E (RVR F LY 10 000 £ 57 )= (5
B VIR | I R FL M Ay N L BEHLAR MRS 4 ik G T 5 B () R® Al i) AR RA B4 T/
Feiko BRTIX—HARZEH], BIRPBEMI T X —2fr Sl feat X 4 0% R, 48 N T BOR A
Hr ) DR SR DT, LR X BE RIS 86/ v S B R i o DABERLSZ IR g 0], 555 07 v FURE LB S B 4
5550 BRI SE BRI 2B (average treatment effect) , o7k S WA 22 5o ] 74 [T A FH R SREARS L Bl BIL A%
REERLAS 27 2] 7 R AL BRI T FURCR 1 5 BT M (heterogeneity ) , 2017 4F % B AFEC SEE & 558 )
(American Economic Review ) B & 3C, @I FR T RIH R EARAER Z A, BTG #b 78 4 PPk e 45 58, B Lk
BRI RRSIED | A U Y L SR S [R) (R 3 LA B 35 2 0 g ] 842 BUREAE LR ™

73— AE R G P g S B SCHR B TR AR A G S S N AH FH M40l A8 & i S8 5 Py I
M2 A SRRTEORAR B P AR 1 BB 537 X AR AR JoT b — S i ) &5, 1 ik 46 1A 2 AL 2= > Bl
KA, 28 E R B L 2E B 20 R 54t RAAZ VIR (Vietor Chernozhukov ) A BA T 2018
AR ST, B R U BLAR 7 2 J5 1% (double machine learning ) [A] i e 5GP 7 5 S B 7 4> il U
[, 3X — AR T2 T R AL S50 M T H AR A5 i LR AHE T, T3k 3 D BORIEAL 261, 7351
JER EEA P WA RN AR 4 5255 ,401 (K) F2 4S5 G AW E SHE RS2, DL LR
B BAET A T B AT IR 64 AR FE 5 194 NP 0H B % A3 GDP iy
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FESEIER -, BT P AT AT £ 2 25 A T S0 R s UL 6 5l 1y DR ORI o LB X SE D M 42
PERIL B YITTH GAIN(the great avenues for independence ) LS50 g 1, Bl o4 1T BA S8 2t 42 i 4531
FHI B S ZHTRIUN S 28 g, X 4 AN E 19 170 ATES 5 SER 25 9 4F AU A #E1T
e TR BRI 5 X R A D5 A S AR EAN R, S B0 IS IR 14 70 21 BEAL I 52 B R BE X
WRMFTEE LA SR A U R BRI 2 95 By S [5] e Py AR — o T oY A BA Y S ik T X5 bz P f
P33 (propensity ) F 3 T — AR G A 52 560 21 45 06 IR A A9 0 e —— R AR AUBR M -F- 249 70 FiE (RO #% o
50% ) , LS 745 SRR T I , TR I RE A B S BARRCR B R AL (LERE A SE 86 P 3R A i 22 1Y
MR AT REZ S SR o SETIREE T PR, GAIN YL AL M 2 E S 5T 3 M AN
ABARIFER L B S 5E I 2 = SR )5 PR 7 (B 7 e v el ) B ESSH (B e 15 A 5
1) Kl ANSY o BT UL, R S R AR AR RS 2 T I RS
SrAHEAE W, B BCR MR M S IR E 2 45 o XA i Hl a4 T s AL S g it
&ﬂ(ﬁﬁxﬁ%ﬁﬂ VG BA A4 9 1138 19 5% (adaptive experiment ) B 2] (policy learning) ™/

R L iR BT HE R , SR BOR A 1 R BP9 R b %ﬁ%ﬁé%%$mﬁu1+ﬁnl £ 1 i
IR o KA A DR A W 2R A Rl 4 SR RS S RO P AN SRS AL, S g T P 8 K 5
A CEPE TR0 00 DRRAEWT S A LSS U 85 ) o 207 BOR Al 9 B AR BT (A BR7E 2 BoR LA
L 3 A JZE . AR s R ATl 7 2 WA 2 Tr A T B SR LR SO0 A=
AN PASICHE , T LA 5 48 ) R O SOOI R AR B UE A28 T LS D RE B D R i R K
IEHT A BRSCE L Bo AR TR B 5 B A2 T U A A 9 A (Uil e )4 ) 55 P 58 TR, (4% 3
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M. “ KRB FE-ERAER e X HFERIEERFTERE

AR a2 A AV E T RR AR F A J0 R IR R A5 2 H BORTE N 1 A LB
TR A A 5 St ek R [ A A2 SR 2 T RREE 52 o Dy A I W 114 B 780028 125 ( Osstracism) |, 31
BT 19 A b fE A ARG (Robert” s Rules of Order) , NS4t 23 MG AAE A BB SR 51
FERYG AL S BIPEAL . A 20 120 90 ARAULRIR , B TRk UE S O DRSS e e, i AR HE BT 7 20
SN LA BUOR VAL TR G H A A A (0l BEALSE S 5 S R i (is ) RS R W
SRR AT A AR 2E AR ) B RO RIE T S5 TR AL T AR S A SE B A B Ty o T B W, AH OGS R
FE [ 24 i A P [ L, PR SRR T A BB X BRI ASCR R AT 7™ 4 1 PP Ak (1 an , an R4 v R A 20U Y T
BT AT BB B o A AR AR A ) | B Z ] DL T RS S A HERE (A0, IR RS A IR R A
Sl 2 BT 2 )R T o XD AR T A T i (A B A BOG) R 3 2o iR i 1k e B b i g i), 2 E Bl
SE[EHES) 1) SCHE R SU B PURBIFSE, 77 A2 1 S8 1 AN PG M STAR B iR B 90 5 30 5 UK
AT 28 BLZE 1) FA1URACC R 7 100 2 P Dok 22 R hy PR 552 ( Causal Revolution)

HEARBHEAC LR , PR AHERTE 2 7408 Pk, DA SRS R 101 R~ A k%
R eSS T e B BT BT ST AP R 8 St C 22 a7 o i Bl o i | R
B PO A (taning ) LA R ASE SUR B, MLAs 2 A ZE TR0 B BA WE 9. SR, oA 2 Z b R Fe -
Iy OB g, AR AL [ U R BB b v R, JE R SR T BE AL AR AR AR BT 19 20 A 285 SRl 5
GFT—REMERARE T R, PR VR S S SR b 0 R SR B 1 T S B B 1 45K
XS BE A5 27 BRI 5 1 0 2 1T 2% B UM 9E B A . 2016 45, S8 5 B Rk 7 ik 48 25 (Na-
tional Science Foundation, NSF) i)t () 5 sl BHIFRIT 7T RIS 5 7KK I T I AR A BT L~
SIRNZEEAUE R Y L AR B R R 22 54 4 (Swiss National Science Foundation, SNSF) % B
T RETRBAGAI R AHEWT” ( Causal Inference with Big Data) BB H , i%301 H il i Ml aie =~ 1975 1%
SHBEA A Sl TN HEAT BRI OR Y . 2018 48, HrfE H SRRl A i 1 B (5 MRk 5 4
AR X — HEAUS, B BSOS a5 O R i S RETHFE F S E B MREGES
HITRE

FUAT, ) SO B4 TR B e 2647 PR HE B A B e B b, LRI 25 o Wy
FIFiR  BILAs 27 > S5 03 A J7 25 AT RiOR T ScdE BE AL S 6 DA K T RS R SR S I i . X S R T L 2o
AT FROAE TN AR [ 4 8 B BB L AS [ ) D7 5 AR [ 9 S 6 20 2L R A T D EAS 6, i ] AN [ 3¢ 57
By K Ik (firewall) —FEAEECHE S O 254 S IR SE A T2 ORI ™ o X SRV BT R B R 22, (1
Rl ZE & RAECRF) (Science) (( EEZ B IFiE) (The American Economic Review ) Fl{ i1 £ 35%)
(Econometrica) SEA A A T b, I AR F L +RAF IR T T3 H 2B (computational social
science ) X —32 XA}, ST QU AT B A o T RN P T35 07 1% o A 52 2 1Y) T8t ) (R 45 A 4D
() ANZATNEAR" ' o X — B G (AT E M SR B T E N A TE . Ak, 2015 4Rl p 5 5
[ R4 55T )R (NBER) 2 B ESNPE T PRCHLER 2% 2] 5 PUERHENT) 52016 48, Bl gs2# ) 16 bR 2 i (In-
ternational Conference on Machine Learning, ICML) FF ¢ T KU SRAEWT TAEYs o i3 1087 BORR I %
5, SEBRBAE T 57 T BURAEWT R D AR 5835 A Bl E AEMIWT 507 125, i 45 55 T
AT BS SRR G — 2
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Causal Inference in the Age of Big Data. A New Approach to
Education Policy Evaluation

GUO Jiao', WU Hantian’
(1. Institute of Higher Education, East China Normal University, Shanghai200062, China;
2. College of Education, Zhejiang University, Hangzhou 310058, China)

Abstract; With the continuous updating and iteration of research methods and data sources, the
exploration of emerging paths and paradigms has become an urgent work for the educational policy researchers.
The booming “ data—intensive scientific discovery” is defined as the “fourth paradigm” of the scientific
method revolution, which represents the unprecedented change of the basic paradigm of scientific inquiry in
the current “big data era”. The profound change takes place not only in the field of natural science and
engineering, but also in the field of broad social sciences represented by pedagogy. However, there seems
to be a certain degree of mutual exclusion between the new paradigm and the existing causal inference logic
in scientific research. How to organically integrate and apply the two can be regarded as the “blue ocean”
to be explored in the study of meso and macro educational policies. Focusing on the existing causal
inference paradigm in education policy evaluation, the frontier research carried out in the field was
systematically clarified by using random experiment, quasi experimental design and machine learning, and
then how to build a new research path of “big data causal inference” was discussed, so as to provide a basis
for the evaluation of the implementation effect of education policy.

Key words:big data; causal inference; education policy; policy evaluation; paradigm of scientific in-

quiry
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