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1 {BIES R BrE R 5 RUR
1.1 Taking error terms seriously

c—ABIF BAVAER D Fn Y X R RA
—D: some binary treatment (& & £ X%)
—Y some outcome (40 % it &Yy TR AKF)
BERYE (DY) MLBE M, TEBMNE T —ANEEHEA
Yi= 0o+ B1D; + ¢

*TRAWRT : g A ATEIL?
* B, BNMRA i o & X, FHE ) fn 01 898X,



B FoRHER#E (expectational residual)
- L
Bo = EY;|D; = 0]
61 = ElY|D; = 1] = E[Y;|D; = 0]

BRE
EY;|D;] = 5o + B1D;

GEAEE, HAWEEIFRE—MEE, Frif saturated model 1)
cAREBEX &, =Y, — By — A1 D;. #IEL E#E (By construction)

E[EZ’DZ] =0
T4 OLS it & fm B — 2.

"afe Al (saturated model) 3 A WML B = |0 A VA0 X oA B A
Chatgpt: In statistics, a saturated model is a model that has the maximum number of parameters that can be estimated from the given
data, such that the model perfectly fits the data. In other words, a saturated model has zero degrees of freedom, because there are no
extra parameters that can be estimated to improve the fit of the model.

W, E[Y;|D;] = Bo+ f1Di FEXRE B LR R Z R LUFE,



* BifE D X& binary, E(Y\D) WE AR, FAVARTULEUHIE (50,58 1) EX
H
(Bo, 1) = arg IﬁlglﬂfllE[(Y; — Bo — 1Dy

¥ By + B1D; TR A “best linear predictor’of V; given D;. ZEX M E, 3 Kiz2L 3
Ay — Bk it 2

23X 3% 43 W, Mostly Harmless Econometrics: An Empiricist’s Companion,
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B e FREIMIRZE (structural error)
s BRI ME G REE R, flinEg,
Yi = Bo+ BiDi + ¢
A2, wmBEAET) Fo treatment 6%
Cov(D;, ;) # 0

W By, By OLS {3+ F 1 B R — F 8y,

s BATIX A By, f1 #xH structual or causal parameters. X IHME, ZERBRXYBREREL
BT ERES X (BEXNTF binary D d2Z4mtb),

- BT R EAZ, A4S PR E TR
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1.2 B S5E A
RN TRZE S FIEEAER, BARERN_FE, 2—FEIT-—-NMN"EEELEHE
TE TR EN TR, A EMT R ER?
= 1. #F 5k (CFPS, 2018)
- Z1F 81 2% % # (conditional expectation function, CEF) E(y|x) £ 4% x X y W& ER
o,
E(ylx) = argminE(y - f(x))*
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Ely — f(x)]?

[(y— E(y | x)) + (E(y | x) — f(x))]?
=E(y — E(y | x))* + 2E(y — E(y | x))(E(y | x) — f(x)) + E(E(y | x) — f(x))*
W Rl —TRA

Exy(v —E(y | x)(E(y | x) — f(x))
=ExE,<(y — E(y | x))(E(y | x) — f(x))
=Ey [Eyx(WE(y | X)) —E(y | x)° — f(X)Eyxy + f(X)E(y | x)]
=Ey [E(y | %)’ —E(y | x)* — f(X)E(y | x) + f(X)E(y | x)] =0

Bk, it Ely — f(x)]* & f(x) e
f(x) = E(ylx)
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EXMERE Ly —E(ylx), EFwTHR
—E M F x, B E(Ex) = 0.
—EMBEARE, BE(@E) =

-5 x XHX, B E®xE) =0.

—E ¥EM T x ERERE, B E(Ef(x) =
— xR RZE AR, B E(f(x)E) =0.
- — R EBEGEERE LSS EL R

E(y|x) = '8

SE X RAR /N F e AL
minE(y — x'5)"

- B4, % CEF By &, Rt/ MG N CEF,
A8 ZAVEF FE R CEF a'yuik%ffm, B2 R R R H AL, FTLLER, ¥ CEF
NIELMER, BN EMGESE CEF 895 AE% MR,

argminE(y - X §)° = arg min B(E(ylx) - X5’
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s A1 B RERAE TR, EXEAEEREEL Yy X3, BR TREE TR .
y=xp+é
KA AR N, TR
E(x(y — X)) = E(x£) = 0
B = [E(xx)] " E(xy)

SEE, E(E|x) =0 kb Mz, REY CEF BLEEXMR AR, M E(E|x) =0 %Mz,
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1.3l PR HHE T ?

- EMRE CEF WERET, CRRFGHENERTEIMWEARKR,
cFBMEERCHHREAA: RHFERAH —MAWRZ E—F%, G THEKFR
PR R 2 b2
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Y FZTFBMRSBE LR (outcome), XM (response),

B D EZTHBARESL BB E (cause), B4 (treatment), F (intervention), D
LR ERY, W LGRESAY,

‘H e ZTRmMERGEMEEE,

c BRSO E R R AT U A TEARRRER KL E :

D Y

/

E

cEBREEAGT, BT ZAMKEEE, K2R EHR T AEREE?

16



. R EF

Correlation between Class Size and Reading Performance
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. ERRRmAFEK

Relationship between Financial Development and Economic Development
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Total Factor Productivity (TFP) Relative to the U.S.
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=B, BHHEZ M (Brown, 2011, JPE)

AEEEIR: REE—MEROENE ., EEZEANERGBRENNEELEER, B
—TREE MR —FEFE W) LA T, FEBRARE N, SRR RS
7R AR R

WIS BRI, R ERMBRETRRIF, 1975 FH A, 1996 5F 20 H B AK
BRAbEkF, BRI AERB —FHNRKEMRAHELE —, & 1999 55 8 HZE 2004 £ 9 AL
& 2005 s 6 HZE 2010 5F 10 A7 #E 4L 264 FFn 281 FAFHRAHELE—,

19



Mean Tournament Scores Relative to Par
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I REATESBEG A D B Y AR KXRAMEE, WA D MY Z AR ELRTE

T, RZMFR, DRnY #EX—FELT kLN EAEEHA BT 43 (rationalize) :
A1 A 2 A3

D——Y D Y D —Y

5 / € /

cEHFAME AT, BT HRERGEARKELN, TFEHHE TS K (alterna-
tive/competitive) 0y #EE?

W BAFENARFET, TEINHE —EOBRERYE, EHE - NMFEORRER X
HEZ %L WM LS (observationally equivalent) #9 B AR, HRATRE VLA 4
SE By B AR A AR 5 (identified),

X FEA R EARIE R AR, BN ERESFR, RARERKIZRETHIEHE, R
BEARIEA S AL F I DL E,
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o B AT R SR HE BT ) AT R PR R

— SRS (causal identification): BRI HEANEHS, EERBRELBEREXR?
XAEASHFERGES, ARBHNGERZHLT: mRBHEAETELE, NEHEER
BT, mRAALEEE, ARA —HEREAERTULSEN XA LM, WX fdE g
HREMEEE,

— 5511k (statistical inference): W AHEAKBE R AT RAERKZNEFER? X
RRITFENES . RHEWMEI TRIAY 2 D EHELPEHEXME, FFdhiEHHEE

1RAE R,
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- BT R A BB A4 AR 3T AE (data generating process) T A& £ AN 3 4 B AR A 7] WHE

A 4
D ——Y
£ /
By LE R,
<A 1 FrAR A 4 FFT LU A R A R BEAL R SR SRR

Y, =pD; +¢
B—THRARLHE: X 2 E(E), BEX e =e— By, M
Yi =00+ 5iDi+¢€i,E(e) =0

B ABRATE E KA R BAAE ESH (population causal parameter), H& &,
PRt e XE, —AEGLE (DEHO0ER 1, 8D T—ANafw), FHRERTH 6,
A E RN (causal effect) BHAAFERX M (treatment effect),

c XA F AR Fn M E )T A KAFRAEBL, 1BE XBRRE ., XA R g5kt
B, BACES TR A TR R ARG LR c 89483, BERGEERER, LA D
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Foe 2 bk A, XBmiRRRBRATIRG B Hib 1 BN EMSH, « WRAEN
B ER KL,

e WEMZT D, WE(D)=0, MEY|D)=py+ D, BEMEKEEAGEHIRG 5;
&z, #& E(e|D) = h(D) #0,

E(Y|D) = By + 1D + h(D)
LR IR EEBF R E(Y|D) S &b, B2 T%EEA bio

“EE,

Y =By + BiD + h(D) + £, = ¢ — h(D)
E(Z|D) =0 B3R, 1B E(e|D) = 0 2 & RLEF ZG LA FH DMLY, J&
HERARSBA 1 fEA 4 6RFRIE, BREEARE LRGN LImDGOERAY, B
£ AR WL 2R To i WL 69
"EHFERRGOATE, A D ERTAGEEIKRE, VRFIAKF, F D A-TE
2, HWEY|D) SRTLLERTHNEY|D)=9%+mD, FELE

1w =E(Y|D=0)
v =E(Y|D=1)—E(Y|D =0)
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B b B S ] )T AR A

Y=v+mD+¢
E(ZD) = 0

By FFREAEREESX, CRETFAF T ERKFAFHRE LI RAFZAFHGEH TR
EZR,

E1Z CEF, BT EEYRIZE(e|X) =0, by, BATE I F LB T E(E|D) =0,
Wit £ E(e|X) =0,

2 Pk 1B AR AR I B A Y R e TR A TR0 RS “an SR IRATTINE] D BBUEN Dy, EA
FRH] Y By ERAE AN A2
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R, BRMNE TLEHMER

Y =08+ 8D +¢
FKATZE ¢ BB TR AKFB9 R WM Y 68 7 SRARMRME”, FRA e BRE A D 48
% (BEMEBeY AMME T ERKF), bR E T LR IRNEEZN 5,

Y0 = Bo + h(0)
1 = B+ h(1) = h(0)

FERY = o+ AD+e TRY =9+ mD+ 2, RINEMAMHA OLS Hfbit, 3318
7= B A8 91, B = Tio

{ERENN e Fn s BYEMERE, FILEED) =082, fi E(c|D) =0 RRZ,

G BB IR I 00 R T S SR QSRR T AN BT, 4 D e
WEAN Dy, BATT Y BGEAE R 1?2
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- PR L AR Ay IR B SRR

—FREEOHEFR, TROTERETRRGEIMRIZ, R RERER
[ 89 iR B1K % (make assumptions justifiable),

—H RS AR IE R AR IZA R, WNSREZEAREAETEETY, T8
JE 8948 & P& X (testable implications), BEF3R HiXAEY AR, “wn 2 A D 3 Y By HE
REBEWELAE, MARNEEN N TR LI (RRME)
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1.4 BN PURMERTHIZIR R

CE—TEALI Y, FIREEHNNT HEFELERIE, UHRRAHEE 1 BA TR, B
SEEALSL I R R WA B AR B SRR, FrA MR B0 TR SR
BHGE T RELIE R
FHPRE R MAR, BHENR SN, OB AME LRI, R EMETR
SEHEALHE,

D_{1xﬂi%%@(ﬁA%ﬁﬁ\i%ﬁ)

L0 R (HENIERIA, XA
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s REFMWRY ¢; EFARR , A HAIE T AT HMEAnEFI AN ¢ KR LR
FPT, BAHAANMEE RGP ERIRBE R,

Y = Bo+ 51D + ¢

E(Y;|Di = 1) = fo + 61 + E(ei| D; = 1)
E(Y;‘DZ = O) = [y + E(€Z|Dz = 0)

o

il
pr=EY;[D; =1) = E(Y;|D; = 0)
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« (77) KBV AL 6 R FMRIE, EEXRFHEAN

Assumption LS 1: E(g;|D;) = E(g;)

# e 5 D; HMEISL, =K

Assumption LS 1": Cov(D;, ;) = E(D;e;) =0

e 5 D FAEX,

- — e, BIELWRBELD B8, ¥ D, A= TXER, 5%, EX—RXHEER
AAEFLENEX, FEFHSHFLENE X,

CEJHZ B B X R e RE, D0 X3 1 BTN, XEEE—ANEERAE
HEEMH: —Fw, LXMETHEMNATERRRERM,; B — 75w, ERGTHRER
T,

AR% 1R E R R RA A, WIS E —FA A 0y B ——3 T FUEAL A Aokl et
PAZNEIERA: BHA5AEANLER, SN TXHE A M TRE T,
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T A A B S % (Carter et al, 2017, Economics of Education Review)

I Assess Performance

I Randomization via Final Exam

Treatment Group 1: Laptop and Tablet Computers Permitted
17 Classrooms, 248 Students

(1% Semester: 6 classes/84 students; 2" Semester: 11 classes/164
students)

v

Treatment Group 2: Tablet use permitted with screen facing up
50 Classrooms - and parallel to desk surface (“Modified Tablet Usage™)

726 Students *| 15 Classrooms, 208 Students »
(15t Semester: 5 classes/72 students; 2" Semester: 10 classes/136
students)

Control Group: Computer Use Prohibited

18 Classrooms, 270 Students

(15 Semester: 7 classes/100 students; 2™ Semester: 11 classes/170
students)

Fig. 1. Experimental design.
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Table 2
Summary statistics and covariate balance.

Control Treatment 1 Treatment 2 Both treatments Treatment 1 vs. Treatment 2 vs.
(laptops/tablets) (tablets, face up) vs. control control control
(1) () (3) (4) (5) (6)
A. Baseline characteristics
Female 017 0.20 0.19 0.03 0.06 0.00
(0.03) (0.04) (0.04)
White 0.64 0.67 0.66 0.02 0.02 0.02
(0.04) (0.04) (0.05)
Black 011 0.10 011 —0.02 —0.02 —0.03
(0.03) (0.03) (0.04)
Hispanic 013 0.13 0.09 0.00 0.02 —-0.03
(0.03) (0.03) (0.03)
Age 20.12 20.15 2015 0.03 0.05 0.06
[1.06] [1.00] 10.96] (0.08) (0.09) (0.10)
Prior military service 0.19 0.19 0.16 —0.02 0.00 —0.01
(0.03) (0.04) (0.04)
Division I athlete 0.29 0.40 0.35 0.05 0.07* 0.04
(0.04) (0.04) (0.05)
GPA at baseline 2.87 2.82 2.89 —0.01 —0.05 0.03
[0.52] [0.54] [0.51] (0.04) (0.05) (0.05)
Composite ACT 28.78 28.30 28.30 -0.34 -0.37 —0.54
[3.21] [3.46] [3.27] (0.26) (0.31) (0.33)
P-val (Joint x? Test) 0.610 0.532 0361
B. Observed computer (laptop or tablet) use
any computer use 0.00 0.81 0.39 0.62%=* 0.79*=* 0.40%+*
(0.02) (0.03) (0.04)
Average computer use 0.00 0.57 0.22 042+ 0.56%** 024+
(0.02) (0.02) (0.03)
Observations 270 248 208 726 518 478

Notes: Columns 1-3 of this table report mean characteristics of student in the control group {classrooms where laptops and tablets are prohibited), treatment group 1
(laptops and tablets permitted without restriction), and treatment group 2 (tablets are permitted if they are face up). Standard deviations are reported in brackets. Columns
4-6 report coefficient estimates from a regression of the baseline charactersitics on an indicator variable that equals one if a student is assigned to a classroom in the
indicated treatment group. The regressions used to construct estimates in columns 4-6 include (instructor) x (semester) fixed effects and (class hour) x (semester) fixed
effects. The reported p-values in Panel A are from a joint test of the null hypothesis that all coefficients are equal to zero. Observed computer usage, reported in panel B,
was recorded during three lessons each semester of the experiment. Any computer use is an indicator variable for ever using a laptop or tablet during one of these three
lessons. For example, a student who uses a computer during one of these three lessons has a value of one for any computer use and has an average usage rate of one-third.
Robust standard errors are reported in parentheses. *****, and * denote significance at the 1%, 5%, and 10% level, respectively.
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Table 3

Laptop and modified-tablet classrooms vs. non-computer classrooms.

Table 4

Unrestricted laptop/tablet classrooms vs. non-computer classrooms.

A. Dependent variable
Laptop/tablet class

GPA at start of course
Composite ACT

Demographic controls
R2

Robust SE P-val

Wild Bootstrap P-Val

B. Dependent variable
Laptop/tablet class

Demographic controls
GPA control

ACT control

R2

Robust SE P-Val

Wild Bootstrap P-Val

C. Dependent variable
Laptop/tablet class

Demographic controls
GPA control

ACT control

RZ

Robust SE P-Val

Wild Bootstrap P-Val

Laptop/tablet class

Demographic controls
GPA control

ACT control

R2

Robust SE P-Val

Wild Bootstrap P-Val

(1) (2) (3) (4)

: Final exam multiple choice and short answer score
—021%*  -020**  -0.19** —0.18%+
(0.08) (0.07) (0.06) (0.06)

1135+ 1.00%#+*
(0.06) (0.06)
0.06***
(0.01)
X X X
0.05 0.24 0.52 0.54
0.010 0.005 0.001 0.002
0.000 0.000 0.000 0.000

: Final exam multiple choice score
—0.18** -0.17** —0.16%** —0.15*
(0.08) (0.07) (0.06) (0.06)

X X X
X X
X
0.06 0.24 0.46 0.48
0.027 0.019 0.009 0.016
0.000 0.000 0.000 0.000

: Final exam short answer score
—0.22%*  —022%*  -021***  -0.19***
(0.08) (0.07) (0.06) (0.06)

X X X
X X
X
0.06 018 042 0.43
0.007 0.004 0.001 0.002
0.006 0.016 0.000 0.008
D. Dependent variable: Final exam essay questions score
0.02 0.02 0.03 0.03
(0.07) (0.06) (0.06) (0.06)
X X X
X X
X
0.33 0.38 0.50 0.51
0.785 0.766 0.642 0.548
0.757 0.775 0.627 0.509

Computer class
GPA at start of course
Composite ACT

Demographic controls
R2

Robust SE P-Val

wild Bootstrap P-Val

B. Dependent variable
Computer class

Demographic controls
GPA control

ACT control

R2

Robust SE P-Val

Wild Bootstrap P-Val

C. Dependent variable
Computer class

Demographic controls
GPA control

ACT control

R2

Robust SE P-Val

Wild Bootstrap P-Val

Computer class

Demographic controls
GPA control

ACT control

R2

Robust SE P-Val

Wild Bootstrap P-Val

(1) (2) (3) (4)

A. Dependent variable: Final exam multiple choice and short answer score
—028* 023  -0.19%** 018"+
(0.10) (0.09) (0.07) (0.07)

1.09%=# 0.92%#=
(0.07) (0.07)
0.07+*=
(0.01)
X X X
0.08 0.28 0.54 0.57
0.003 0.007 0.005 0.005
0.000 0.000 0.000 0.000
: Final exam multiple choice score
—025* 020" —0.16** —0.15**
(0.10) (0.009) (0.07) (0.07)
X X X
X X
X
0.08 0.27 048 0.50
0.009 0.023 0.025 0.029
0.000 0.000 0.000 0.000
: Final exam short answer score
—025**  —0.21** —0.18** —0.17**
(0.09) (0.09) (0.07) (0.07)
X X X
X X
X
0.08 0.21 0.44 0.46
0.008 0.016 0.017 0.019
0.008 0.020 0.022 0.028

D. Dependent variable: Final exam essay questions score
—0.03 —0.01 0.02 0.02
(0.08) (0.08) (0.07) (0.07)

X X X
X X
X
0.32 0.37 0.50 0.51
0.705 0.912 0.801 0.755
0.549 0.811 0.721 0.641
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1.5 AR B 1E A

cEIEZBH I, RE R REERIEYUFANZE, Hbm Y 6yEFR TR
B D, BRekEF cfn DARK, WNZEF L GREF e XX, D 0X3 17, FHMEE:
— ¥ e DARKRERIEE R, HERRY e fn D FAHEK,

—F 24k ¢ i Rey D (LA,

X B AT S — AR B
cRR—ANEZRES: EFRATFEERE LA BN, AL LR TEEER
T AE R R H R R G, A F W B 2R VAR SO ER A, SR R WL 6 AR VA
EH A

CERX—HREEREY, FRELEREZ e fn D FAIR, flane PGS —MNEEY
AW, —FE, FAAMFTENFEZRBSERE; #—F @, FII\FENFE
AR T AR RE LR W, AT A ) 2 R S A = R T RS R B A
B 2R, AR T AR BR AR 3] ST AY SR
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ERIAELSHNHE —EREE P RBF I I, ERAEESE (X)) ERFESI IR
693 L & (proxy variable), W& MEALR W LK E 7

Yi = Bo+ BiDi + 52X, + 5;,, E(é“;/) =0

E(Y;|Di=1,X; =2) = fo+ 81 + P + E(c;|D; = 1, X; = x)
E(Yi|D; = 0,X; = x) = By + Bz + E(e;|D; = 0, X; = )
2
E(e;|D; =1,X;, =2) =E(e;|D; = 0, X = ) (2)
il
(7)) R EMESNE, B D AAERTUEE M X WHLEESWHIR, £ X HF
BT BN, 3" dn D REAL, 3 " AT fus 4| éﬂZl‘é]ﬁb’(iiiﬂ—"Ffﬁf—i&M
REALAZE, B AT LUK 4 A b B FRAE X AR 68 F AR vy DA B 3k

SRR IRE X ARG T RARZIAAE, FAELE AT R AT X7 hEF X R
7, F X% A holding everything constant”s”other things being equal”, #T X

ERBIRRAGURT, W5 5.
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A 3L 7E 2 "ceteris paribus”, # X K 154]Z & (control variables) 21 & & (covariates),
*(7?7) KT RERFHRR:

Assumption LS 2: E(g;|D;, X;) = E(&;|X;)

e 5 Di FAFBEISL, =

Assumption LS 2 Cov(D;, ;| X;) =0

e 5 Di AR

-—fmE, BR2MRIR2 EER, 3D, A uREN, BEFN,
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AR, BIZR2IFFRERE(g]X;) =E(g) 3 Cov(X;,e) =0, ERALUATHE,

/\

D Y

/ \r/

£
~EZEZEHF, Cov(D;e;) = Cov(X;,g) =0, XRESZHEHRATHORIE, EHEHR
% 2 EREAR K, i D, fu X; FESNEL, B?LS Fn BOLS B 4B R we A R v, i e
R R A EER N, B GO -, 5 H LS —p Bro MBZERHETEIEMRS
FESUIE A T BN A, Bk, BEASLIEMAE AL RGBT LS, EAXFRELIE
HIF 5038 52 I =% B9 RK
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~HEHEEY, Cov(D;, ) #0, 18 Cov(D;, g X;) =0, N BlOLS — B1 B, T BQLS —p P
R—E KL,
g = 0o+ 01D; + 02X + v;
COV(DZ', U,') = COV(XZ', Ui) =0

Yi = Bo+ BiD; + B2 X; + ¢
= (8o + o) + (81 + 61)D; + (B2 + 62) X; + v
AlOLS _>p 61 = 51 - 0 = COV(D,“éf,L‘X) = O

0o BEFRNE, BQLS —p B2+ 02 # B
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EHTEYREMRA: BAEES X WEERM (6, 45 E TR &+ F AR

(B EANSEBET S, ATRAKETOREREN); BEEENEYMER Y

EMEE (RBRERFGTT) 5 D WX, IREFE, IAEELS X X (5,)

,FFE—BEE X WUE, EAEEFRES D MEx,

"B G £ 0 REHTERERGA R NA I X, HAER SRR xRN 6T

BEWHRERN GRIFHENFFREL),

- FPHREREATE, BidE=91E:

L—Ti F R R AR R R AR R A 4, Fit RAEth R AN e D 1)
N A ) . XXX By 2u B R BF 20 R — AT A B SRR A 50

2. KB Y HEEREITEE ¢ 7, REMNEHEE —EREEm D XUEmY
FIEZE, REmY mAEE D MERNTESE D XY BERRRFAEFARE.

3 AEWFF AN B B AR A B R BUE TS5 R
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O (ZEAEERESH) B, UFERANNA L, V 2FEGFEHRE, D £
BT, X REZFENGFLELS, c PESFZAEGZFRRN, CEEHY
(RBEBENZEINSNZE), @ D ORBB XML ), wREH X B4
FEAFRNE D egAaRME, N LM RZARGERR N, 1 X 69 R BART
AR, EXHARERERBEFENYDREGREGFETHRAG, TLEENIER 6 %
AT 5y FrIKTE
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1.6 Potential outcomes framework

CE&: BN ?kﬂ] % > treatment(cause) * response(outcome) &9 &, EHKATE B
F, (B0, 01) MZRBLAAE D fn Y ZBEHREXAREHHERR, i X EHEXE,

« BA1EFE—FFF X cause-and-effect relationships 89 —AZMAHEZE: potential outcomes
framework.

- £ X_treatment effect (causal effect)

Y = Potential outcome when individual i
receives control treatment O by intervention

V! = Potential outcome when individual i
receives active treatment 1 by intervention

individual treatment effect: ;! — Y°.
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RFX—EXEILETER:

* Causal effect 89 F X R B T potential outcomes, w1 RH*&T % FHA potential
outcome B LFRMWEZF| (SLFrRE),

* Causal effect KiZAER —K & L RE LR ZH Gy LE, fEH treatment M KX 4
& outcome Z W[, 457|H, before-after comparison =+ causal effect.

cHE WY AR L B IES L (missing data) : RAIAKIIZREEZ L MER — A
potential outcome. % FH M2 2| 89 FEA> potential outcome Y % counterfactual.

« H RS0 B counterfactual, #EE 4> imputation 8, 1w E counter-
factual 2 g%\ comparison group MEH E£F K, W DI E R0 09 KRR B2 T HATF
ay X FR2H

« FRAT L PR BEAT 3 Ao 3 BT BT AR B 80 2 B8 % observed outcomes. 1 B840 3 R 2 AA
R E — MR E R E R B, 18 L& cross-sectional comparison if & before-after
comparison, # X2 causal effects 895 X, RE VAN Tt ¥R EE,
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* Observed treatment
1 treatment group
D; =
0 control group

Observed outcome
Yi=(1- D) Y2+ D; Y}
cENNEYBREERE LB TR E E WA : treatment levels 2 potential
outcomes FERIERIE K, (FEAMEZE A LB, )
ST AR, BN EEREAIE, FREZ A IER, URMBITA,
* % — T : binary treatment, two individuals (A. B) , four treatment levels, four
potential outcomes, only one observed outcome.
- four treatment levels: (D, = 0,D, = 0),(D, = 1,D, = 0),(D, = 0,D, = 1), (D, =
1,Dy = 1).
- four potential outcomes: Y, (D, = 0,D, = 0),Y,(D, = 1,D, = 0),Y, (D, = 0,D} =
1),Y,(D,=1,Dy=1). FiABAI A EE—
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Stable unit treatment value assumption (SUTVA).

*FRIENMEA IR %,
« FANMEE potential outcome R H A H AN EIE LAY treatment B9 R E o RE; &
AR 3 2 2| B9 B treatment #5242 75 4 —FF potenital outcome.
—No interference. FEE R 2k (peer effects) , RIEFE— A # 2% (general
equilibrium effects) .
*—RIGE LR, Blan: FREF G MBI, EEZmBE XA X ERT, &
S HKRPFAGMBLT I, TSR FEERNY TEKF,
—No hidden variations in treatment. 2 #s treatment B9 7 =% % &= %2, (Consider
Hawthorne effect °
).
—Fr A NMEZR AR B F E 2 A,
- ¥4 SUVTA 7%, RANEFEEmE—
RAR%
PEF¥ N (Hawthorne Effect) SfRB R B, Y AM4E B TRANERNR, MLRXTATANME, RIET 1924 £ F 1933 %7
B — AZ|ZRR, B RFEOEERAFE ERFAME (George Elton Mayo) #gHE WA/ NAR B IS, ERX AL LEBERES

NFEHFAEZMFO—AT] 8K, T—BHETEZRHARAGLT] . SREFEFRGE LG SEFREINGRZ, QREMRTRADR
M nBARBE, BE) XROEYREE kAR, ARES. T/RE, EEFGATT), CRaaERH)
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EHELE:

- H AT ISR ERY ., EAREAEFETERATHGAE, 63, L4, EREET

XAE—FBRIZ, SR —HELHBGMNAFARY,; AIEEREE, IT5h 04

BEMAF L, BREFRBEGZFRN, BGRFEA" S TEA G B — ey R

IAMEBARE R B fn, TAREHENER T, MR fid o8y T4,
—HYHAEFATRRNBERGYEAN, WETAWTHEERE ZK, LRARTE,
AT TAIYRIIEHE, FERTANEL. EIURER XA Rk&Es
PRI, F—F W, MELZXFWRBERAZNRY, AEREGEARAKFENG T ARG
GET IS, RO FHEERH TR T, R b EHEE RS
TEHE,

RS TRBEFELREEREERANTRIEY, FATRERE, TL23AH

FLRB LR, BAENKENETXRIFLEW, EARERL: YLRARAEE X
B, SEIGZEfnds bl AT 75, YR RBAE B RN, FARARIG T, EELIBHE

BEHERZE 0.06 M, HRFERLHE TR, AERABREWA N —&K. ZTEZRE
i, FEAARBETE,

—SRISHEE, HAEER ARG,

M EBEF LG

—ABA L FHEAFENTMEA KRN KR, EEIWELWEZBRELIN, RE
B F B WA KT (B TR EGRE ., AR IR, kR a6y 3¢ R
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&), MR ENGFELEH,
KBk — oA, FRAEFKZIAYTEREER: 1. LB RER,
SEISTFAER 6 & SR e TE W B HIRKPAETLE, WATAARXEE KR
2 XA ENGY B 2R AR ERH B HER, 2. RRE BIFE4E
TXZR,
— R R BAELT BT H KR, iR R ELEETAREHE LG
IR FoB K, TR E TS GESRAE L EE, BXFNEIFT 4R E
BHATRERHREEE A, BIAZATAGRE, TARREIT/ERRALUI G EF
TR, TARAZEENEREFREATRPEZANEXE KGRI, FiKET
MREX— &, REEFTR TR EAIEERAEAR, ERITAGTFHREA=T5%
EKE 1-1.5 ANNE, 2P H, FHARFIANTHERENL, A TRELETHSE
%, TAWZEKRERE,
* TAMTKBIVRAN T 6 ERE B E T B GE TS T, BAZM, %R
By AT TR T XIS, EME0E4sy, 585, 78558
=
BRI MBEEAEZINA R P EERE 4L BT AEEMYERENELSL, 12
BRI TAE, NXANHELITHEZN T AT R4 E,
LI ERERER, SIXER I ESE T AT S TlE, UEEEE LR,
EREGERRI, TFTERREETEKRFEL, FATAWEFERRHHMETRS, @
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HITAHFFmEZHRETE, RANGETRI, INRERT EP N EGF 5,
BRMTBRT — B, il1NE, #LFRETHAZ, REBD; ELTRETHAR
Y, Bmedlty g, FENEZE, TEREELFHEE, wH AFZRZBIE,
BNZHEE, ENRITHE, #— P HRERI, TANIPFIUERTEKRFY T,
AECTFERS, EELERHEREATEMAE, ZFBAR, EHLTALL,
Ho TR REZBES,
*X—RIERW, AT EPHRANTAL, TURFWRFAZAT]F. Btk
ERFREBS, AREERWARTFLES B RXBRGEEREE, IWEEE
B CHRFZRIAT AL, M AWATARF R T RIEFER, R, kT Wae b
fERZ,
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B PBBR
- Assignment mechanism: &AM Ednf3E 2 treatment.

* B, BN T PHAEZRE RN ERETE, TEIMITHRA, T ENS
PATEREA, TAES A ER N T EWRERIRG .

BT XN T
Unit Potential Surgery Outcomes Drug Causal Effects S-D
Patient #1 7 1 6
Patient #2 5 6 -1
Patient #3 5 1 4
Patient #4 7 8 -1
Average Effect 2
Unit Treatment Observed Outcome

Patient #1 S 7

Patient #2 D 6

Patient #3 S 5

Patient #4 D 8

Average Difference -1
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- H b, BRI 8RB BRI R R T 2 BEAE 1 RIZ,
cHERELERFVAERT, 2ENG (HERe) TURTH

T2 Pr(D=1/X,Y° Y

Fban e B E BT,
T=1Y'-Y">0)

cFH—RKPHMRIK: PEAFTRATEELERATANEZ,
Pr(D =1|X,Y° YY) =Pr(D =1)
- F—KRFBIE (EHrkR): BELSEHEML TAERRS,

Assumption ID.1I:E(YY|D) = E(Y?),d = 0,1
S

E(Y'|D =1)
E(YYD =1)

E(YY|D =0)
E(Y'D = 0)
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* Mt A EFEBFS mean treatment effect? BN E(-) &M,
EY'-Y =E}Y' - E[Y"
Blam, Median(Y! —Y?) # Median(Y1) — Median(Y?), W& >0 X T~E2 L —F AZ3S5,
Ja# > 0 37~ median person &35, HT®XTF quantile treatment effect 89#F %, #F

TR BEEAIEEE, 1BuT#E empirically more relevant.
* =#“no effect”.

V=Y Vi— Fy1 = Fyo = E(Y') = E(Y")
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- Average treatment effect (ATE)

T=E(Y; -Y)

- 2L 3R 20 P PR sk (Average treatment effect on the treated, ATT).
n=EY!-Y|D;=1)

- I 20 P 4 FE %k (Average treatment effect on the untreated, ATU).
7 =E(Y; Y/ |D; =0)

‘BRIEREANSH, —ARIEAE=FTAEE
FZEBEAEMTRER:
T=1T1" PI'(DZ = 1) + 70 - PI'(DZ = 0)

54



< RA: A RBEERES EEIRRN ATE(T), ATT (1), ATU (79).
E(Y|D = 1)~ E(Y|D = 0)

=E(Y'D=1) - E(Y°|D = 0)
=E(Y") - E(Y")
=E(Y'-Y")

ﬁ%m%ﬁ,ﬁ%mﬂEwwn E(Y?).
HERS 7, FEEAZEYD)=EY").
TEEU;J TR, HibH

T=T1 =170
s fETh: AR £ R R BRI £ Ry — Bl it
YD:l — YD:O —7p E(Y|D = 1) — E(Y|D = O)

« F— LR IR R AL AL (AR HIESRLE , randomized controlled trial, RCT)
By R BRIZ
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WL PRI B BRI - e

RS BASHFRIFERANMEYE, D Hodbd e 2E, Bt e 9o HE D fuk, RE
T, BREBALTHMARBNER T RSB ER, BIAMTA KR (self-select)
BRI, D A S Es AN, SN GRAIRER ., EEEL AT
— TR W A B 3% (selection on observables) , XA, MERETEZENR

A3, RZR|RMNEFGHE, SEXLTRMNEE, H2AHEE T WAL UE
Mo XEMTRY, HEZXLTUNEE, RIXK 2 HL, shiTERER R, BT
FHRX L R FEY TR T &,

— R T AR S Bk B (selection on unobservables), X &4, £V H —#H 4
EREEEOTELRT RN, Btk g zeTs, RE 2 TRz, L&
FAR MR REXILETFARRG T AENULTERRKN, X484 TRNEJH®E
REE R,
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ik =2 Ti"i)ﬁ T B L% (assignment mechanism): FEAMAMETIES LA, 7 LUHME
/o = Pr(D=1|X,e) kFT,
—ETHRNE 6 HEE: HEFo2 TN EEGRmBE,
Pr(D =1|X,¢) = 7(X)
—ETRANMNEZGEEFRE: MEBFs 2 LT RNEFERMBE,
Pr(D=1|X,¢e) =n(X,¢)
—EXREESEEE, NEREMEESZFE, LEHEISE (tandom assignment),
Pr(D =1|X,¢e) = m(const.)
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Hik$ vs. REAE R

« BATIEH AR E BT 0 AR Sk B FEAALEAE (random sampling), BN EARF 89 EANANMEER
VAR R R FAAEER, BHMER—ADAUNERZ R T NAE R, iR T
&y AN U0 AR 395 B 4k 57 [B] A (independently and identically distributed).

- HEALIAE vk E R A AR (sample selection), 1]2nlk N8 & 'E Ay AR
1%, BRI B PP a2 2 AMA R AEFE AL & (attrition),

ARG S A RBFETIEY, M EFIT TR EN, RERINTRSLEBE EALE
il TAESE R F s Y, BRA LRSI RN EE) ) ETRAGEENNE], HibEE
ARG, HFANERERS S BB RELESIITAE, XA BB N IZERIERE
AP L E QBFRA? XFREE, TAET, BRNEGT TR ERLMER
Ao FRFE A B FEFE A M
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Allocation of Units to Groups

By Randomization Not by Randomization
S ASSSNRNRNNNNSSSS N
A random sample is N Random samples are \
g selected from one Q selected from existing )
2 population; units Q: distinct populations. N
5 are then randomly N §
oy assigned to different §1
g < treatment groups. N
| N
';E ARIIIIIRILLIRRRRNN
o
E [RIIIZIZZIZZIIIZ
]
E E 4 A group of study / Collections of
=B wnits is found; Vi available units from
Z = ; units are then % distinct groups are
< [ randomly assigned examined.
S ]
= § to treatment groups. é
z Y 7
7777777 777777777

I TITTTTTTISy

¢
Causal inferences

can be drawn
O

M E K FBEFAEBRB R E?
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D R ESAE B — BRI TE

- shit D Ak E#E 4243 (continuous treatment), 17 3 BY & X &, F¥F e 7L, A4
FH 58 B (treatment intensity) T —AMNEAER, ZEERSTWH 8 NEA,

Yi= 5o+ 1D+ &
E(Y;|D;) = Bo + 51D; + E(ei|D;)

**
E(e;|D;) = E(g;) =0 (3)
i
dE(Y;|D;)
61 - d—DZ

AT, BRI AD;, TH—ANEf, Y FHTENS DA RS REE, B
B, BR—MEEFE, TrE L WEX, BAXHEEFEARR LR Z4E KM%,
o BR & (77) KRB, AR LS T E R,

SRR R AR B T — AN RFI MR IZ: AIFR N REE D K FEREN, HRX—Ri%
R & FIE R (functional form) fRIZXBAEA X % (model specification) {&i%.

"HTFEHEHTENEE, 5 XE, RF X fne 7L, YLAHEBETH AR
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i, RST 5 AR,
Y: = 6o+ B1iD;i + B2 X; + &
E(Y;|Di, Xi) = Bo + Bi1D; + Bo X, + E(e4| Di, X)
=
E(ei|D;, Xi) = E(g| X3) = £(X0) (4)
Hep f(X) £ () 2T X, e9km&BiL, 0|

OE(Y;|D;, X;)
oD;
TSR RATH, ERZETURREE X, RE, D BT, Y PHENSZ IR
R
BB A R R M T ER A RO RBIK: RIRR R TEE D R X 6K FREd,

B =
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Causal estimand #ift it &

estimand: FEitey=;

*estimate: fFit&E;

- estimator: f&it=.,

Bl HTF—AESSH, BRSNS, HE uFoF £ o2,

=3 (i — )/(n 1)

7 0% By estimator, o? & estimand. X} FEKFEE 2 = 2,37, (TEB/R > =7, 7T % &
estimate.
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BT PRAR Rk 2 Mg Y
LRk LE AL AL
Yi=060+ 01D +¢;,E(g;) =0
*HERIZID.A1 T, HAAEPEERE 7 89— fE1T; ERZLS.1 T, XA NRHEE
BRERBMEEMNERANGEN S [ B—FfET, —DNERGEAEAL: 7B RHAKR?
U, &% ID.1 #¢fRi% LS.1 2 4% &?
* Z?X?Ek?'ﬂ?%%
VI =EY")+ U £ a1+ U}
V) =E(Y")+ U & a4+ UL (5)
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F RUEGEMRA G EN SR O ENTRAELERERT EXFHLEL 7,

Yi = (1- DY+ DY}
= (1—D;)(a + Uio) + Dj(a1 + Ul-l)
= ag + (a1 — o) D; + [D;U} + (1 — D;)UY
N——

ATFE
cFEHRMEMAHERFIER B = 01 XAAGREERE, L AAERXNEERRE, 8
FH R H M,

« RATVEEE A EHIER, 121% ID.1 Fnf8i% LS.1 2 &8y,
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JERR: fRi% ID.1 518 #% LS.1 &1,
1B3% 1.S.1 #Ek

Cov(D,DU' + (1 = D)U") =0

LHS
=E(DU") — E(D)E(DU" + (1 - D)U")
=(1 - E(D))E(DU") —E(D)E((1 — D)U")
=(1-E(D))E(U'|D = 1)P(D = 1) - E(D)E(U°|D = 0)P(D = 0)
=E(D)(1 — E(D))[E(U'|D = 1) - E(U"|D = 0)]
#{R#% ID.1 &z,

E(Y'|D) = E(Y)
il

E(UYD) =0
E(UYD =1)-EU°|D=0)=0
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Identifying treatment effects.

- # potential outcomes ¥ {84 >~ F treatment, ] group-mean difference f% % iR 3l
average treatment effect.
E(Y'D)=E(Y’) =
E(Y|D =1)— E(Y|D = 0)
- B(Y!|D=1) = B(1*|D = 0)
= EY") - EBEY")
— B(Y!—YY)

* 3F binary treatment, ¥J{E 7 ST 740 %,

Cov(Y? D) =0 <= E(YD)= E(Y%)E(D)
<~ E(YYD=1)P(D=1)=EYYHE(D)
<~ E(YYD=1)=EY?
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« KM, FHEFE R A conditional treatment effect E(Y1-Y?|X), %4 6918 1% Z selection
on observables:
E(YYD,X)=EYYX)

— M,
E(Y' - YY) = B{E(Y' - YYX)}
= [E(Y'-Y"X =x)dFx(x)

selection on unobservables |23

E(YYD,X,e) = BE(YYX,¢)
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cEXEWMEE L& FHLAE M (Conditional ATE, CATE)

7(z) £E(Y; - Y |X; = 2)
() 2 EY - Y|X; =2, D; = 1)
no(2) £ E(Y] - Y|X; =z, Dy = 0)
RIE I EENRELE,
r=E{E(Y - )X, = 2)} — [ @y

T = E{E(}/Zl — Y;O‘XZ =X, Dz = 1)} = T1<£U)dFX|D:1

= E{E(Y} — YO|X; = 2, D; = 0)} / ro(2)dFx s
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- randomization #fR T A2, FHEMHEZRIZFT M2, N group-mean difference
F ¥ selction bias.

E(Y|D=1)-EY|D=0)
= EY'D=1)-EY'D=1)+EY’D=1) - EY"|D=0)

-~ -~

average treatment effect on the treated selection bias

= BE(YY) = E(YY)

Bt FE, MEIRG ATT, FEEE E(Y'd) = E(Y"). AEREH ATU, NEER
E E(YYD)=EXY").

E(Y'D=1)
EY'|D=1)

E(Y'D =0) =
E(Y°|D =0) =
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R potential outcomes =28y, T ULH By HRATE 273032 IR 5 &4,
Vi =ayg+ X8+ Ul,d=0,1

EY'-Y") =a;—ay+ E(X) (b1 — Bo)
E(Y|D=1)— E(Y|D=0)
— a1 —ag+ E(XX|D =18 — E(X|D = 0)5
+E(UYD =1)— E(U"D =0)
= a1 —ag+ E(X) (B — Bo)
average treatment effect
+[E(X|D =1) - E(X)'81 — [E(X|D =0) — E(X)]'By

selection bias due to observables

+E(U'|D=1) - EU"|D =0)

VO
selection bias due to unobservables
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« KM,
E(Y|D=1,X)— E(Y|D =0, X)
= o —ap+ X'(81 — B)
—I-E(Ul‘D = I,X) — E(U0|D = O,X)

HWER, FEHAER Y,

E(UYD,X)=EU%X)+ EY‘D,X)=E(YYX)
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Rk, BB T —APMEXRMEAEAN, M potential outcomes framework &9 A EF, =
BRE A2
Y% =+ ﬁDZ + UZ
A
Yi=BEY)+ U =ag+U,d=0,1

7

ATE
B(Y! =Y) = —a

Y; = Qo+ (Oél — OéO)DZ' + [DZUll + (1 — DZ)UZO]
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*OLS flitey—ZHEXK
Cov(D, DU 4 (1 — D)U") = 0

BY
E(D)(1 - B(D)) [E(U'|D = 1) — BW"|D = 0)]

B =, (a1 —ag) + [E(UYD = 1) — E(U°|D = 0)]
no selection bias FIZk It [\ T 8 sh Wi Ab A pEAR A S — Bl 55

0
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- 22481235 (Lord’s Paradox): R BMBI4 0 T EK,

—FF 5 )LEB %M B (Head Start Program) &y 2k &, AT 0 Fndx 4| 2 #4T T E
TR IR Fn T B & R B K1k, XA L LA EH (low socioeconomic status,
low-SES) JLE, EHIK (X) &R (V) RS TIEH 4,

—EHEGO TR, I TREAEMRERYL, A X =Y. BAFRERLEH THAR
[0 2518

—"%H%%‘:
Y—-X=a+p8D+e

8= (BE(Y|D=1) - E(X|D = 1)) - (E(Y|D = 0) - E(X|D = 0))

Y=o +7X+D+¢
B'=(EY|D=1)- EY|D=0)) - y(EX|D=1) - EX|D=0))
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A

0)

E(Y\D
E(YID =1)
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A

E(MD=0)

E(Y|D =1)

0)

E(X|D
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- FLIE®Y ATT:
Ey=Y'-YD=1)

- — SR B SR
EYY'D=1)-E(X|D=1)=E(Y°D=0)-FEX|D=0)
BEAEH)NEREZAE, NERGOTMSEHEILERR,
- —EHMIREWASRIE:
EY°D=1)-~E(X|D=1)=EY"D =0)-~E(X|D=0)

b, B
EY D=1,X=2)=EY°ID=0,X =2)=d +2
(1) B4k 2 AR, WAL E 5 TR R S 6945 5 4L F 0 LK R S
(2) REA)FERBEZAERY (REL) LRBGPTRBASZ MG EEAR, HEHAILEGRRR
SRR L HGEEXER (Fy RT) M,
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PP —E RN RIE: AEALE low-SES JLE, MAIELH B E LT B ERE
4y 4 T high-SES )LE, Hib&&kE ATT.

P BB A E W RIR: TR AR SR R B B A AR R AL E SRR R AR b A
H A ¥ LAY,

(1) ERTABEANERETRRE, AR TIHRARSHE R GEFHILET R A
WATE S R S, B E Al ATT.

(2) %)L EF S FHLBE B3P ERENE, 2 EMEAREZ LA K i 2
H b ATT,

* B, HMBRRERRF\OBIER AR LEHFANATEH, (IR 7T LS H R
BE, BARBGEIHRE, XARETRGFRERN, flintEMRREE mgLE
MFEFZHITES,)
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- £ ¥E FHxF i (Simpson’s Paradox): 08X M5 AR M T REENETE,

Sign(E(Y|D = 1) — E(Y|D = 0)) # Sign(E(Y|X,D = 1) — E(Y|X, D = 0))

O (o]
%goc?go 506 908
Cholesterol 0599830898 5bo §§c;°

OOO - 2
- QQ_ Q
i o X
Exercise |




Exercise

Cholesterol
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Drug(D =1)  No drug(D = 0)
Men(X = 0) 81/87 (93%) 234/270(87%)
Women(X =1) 192/263 (73%) 55/80(69%)
Combined data 273/350 (78%)  289/350(83%)

P(X = 1) = 26580 — 499 4k Hofsl

P(X =0) = 0 =51% Btk Hb)
P(X =1D=1) =32 =17% JFZ5895% A2 Bl
P(X =1|D=0) =2 =23% ZHAHEREAPLELA
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1)

—E(Y|X=1,D=1)—E(Y|X=1,D=0)
= 73% — 69% = 4%
—E(Y|X=0,D=1)—E(Y|X =0,D =0)
93% — 87% = 6%

E(Y|D =1)
EY|X=1,D=1)P(X=1D=1)
+E(Y|X =0,D=1)P(X =0/D =1)
73% x 75% + 93% X 25%

E(Y|D = 0)

E(Y|X =1,D=0)P(X =1|D =0)
+E(Y|X =0,D = 0)P(X =0/|D = 0)
69% x 23% + 87% X 7%
E(Y|D=1)— E(Y|D =0) = —5%
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R aE R, MIZITY; wRFmEAZFER, WRRZFE?! INMERER
AT B —— A iR B B R AR 2, W R AR AT AR 2

- BN REREMALY, LESERARTBG; LEERAWHILERS, Eit,
HERAE LR REGRELET: SRNEN B HYEAZE, BRI HE
B LER R, B TFHTEERARRME, T, RROGLCEREIRKE T EREHZGHK
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* ATE:
r =E[EY|X,D=1)— EY|X,D =0))
=7(X =1)P(X =1)+7(X =0)P(X = 0)
— 4% x 49% + 6% x 51%

TUEY, i P(X|D)=P(X) # ReF BB T

< ATT:
n =EEY|X,D=1)—-EY|X,D=0)|D=1)
=71(X=1)PX=1D=1)+7(X=0))P(X =0/D=1)
= 4% x 75% + 6% x 25% = 4.5%
*ATU:
n =FEEY|X,D=1)—-EY|X,D=0)|D=0)
=7(X=1)P(X=1D=0)+7(X =0)P(X =0|D =0)
= 4% x 23% + 6% x 75% = 5.5%
=t P

T:Tlp(D:1)+TOP(D:0)
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* NERMEBLA A B R BE X — Al
EY|X,D=d) = aq+ B X
] LA 2B A B Ak B R B IR AR
E(Y|D,X)=ay+ (a1 — a)D + o X + (81 — o) D - X

EY|X=1,D=1) =a1+ 5 =T73%
EY|X=0D=1) = = 93%
EY|X=1,D=0) =ay+ 8 =069%
E(Y|X =0,D=0) =ay = 87%
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%ﬂﬁ%mF§%71=;§Lﬂml@@ (61— Bo)X]
1

EHAGHEZER :N_Zc€C[( ) + (1 — Bo) Xc]

IR T %szn—%)<&—&mn
] 1
NZ?Mle] Nngﬁﬂﬂﬂ

FEHFBRWALETIRT M AR

1 1
T # Ny teZT[Oq + /1 X — No CEZC[O‘O + BoX]

XAEY TFEAES X
E(E(Y|X,D=1)D=1)— E(E(Y|X,D =0)|D =0)
— E(Y|D=1)-E(Y|D=0)

I LA A 2 A8 B B RO PT R 2o b TN 58 R 2

- Covariates (attributes, pretreatment variables) X # & £ ZE 4 4F & 2 treatment
assignment #ue, HEEMARIFE:
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—3& 3% control —&f 4 outcome variation {#F48fk 1+ F b #4 .
— KA1 B8 X & covariate E X #y subpopulation B&34#K

— £ #M assignment mechanism.
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- B 434 (propensity score) k& X assignment mechanism.
n(D; = 1Y, Y7, X;)
* Overlap assumption
0<7m(D; =1V Y X) <1
» Unconfoundedness (strong ignorability) assumption.
m(D; = 1Y}, Y?, Xi) = n(D; = 1|1X;)
F i,
D L(Y Y))|X

- FEALIR % 5 observational studies 89 X 5| 7 T 7 & &Y assignment mechanism #7 & 3X
R B %,
« 22 WL E MR % E WL E AR X, Imbens and Rubin (2015) 32 # 2 X MR X Y

observational studies #:{E regular observational studies.
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« H+ 4 & irregular observational studies? =# F EIFE :

—Unconfounded given latent variables that are only partially observed.
— instrumental variables.

—Unconfounded given pre data when pre and post data for both the treatment and
control groups are available.
— difference in difference

—Violation of overlap when assignment to treatment is determined by a threshold
eligibility rule.
— regression discontinuity

X PR EZAHEERER—F. LR
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* Randomized experiments: B %% £ 89 assignment mechanism ZHF %% & %] 3F B 40,

* Regular observational mechanisms: B 234 % £y assignment mechanism > 148 7% 2
observational study,

* Irregular observational mechanisms.
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1.7 FEPNLHERT (randomization inference)

« X TREN LI By it 3R, Athey and Imbens (2017, Handbook) 23X % & T E AL

5%, mAERTMEGERT &,

—HETHHENT HREAEG I EAE T, MEREENG, R iHEMETIEGA
% WIREEARER BT ARG HEAAEA,

—HETHA T HBRERRWBESLEREE Y, AL EAMI ., FEXHA
AT, HEARERSBY ARG, I TR MY B XCRBT A iR 2 A TR Y
P ER I AR T EZ RGP ERGER, BRIV IEHEEHE R ZAF
RN, hE R EMRGRIEE, N TEMGK, BRMNBIAENBELER P —
A

o

HEMUETIR L (Fisher’s exact test) .
- ISR JR1R I (sharp null hypothesis)
Hy: Y =Y\ Vi (FE: PGk )
- BRBHANER, RINEBEBHAOBEER,
V) =Y =Y, Vi
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AT e G E S(D, Y, X) 89 E#aA (v D AAERSEE),
- THEER p E (exact p-value).

p=Pr(|S(D,Y" X)| > |S (D, Y X))
St {5070 0 -5 0% 0]

|€2p]
KBSt EE
_WEER -
Savg =Y; — Y,
pHER

Smea = med (Y;) — med (Y,)
Se =@ (Vy) — ¢5 (Vo)
——t Ziit & (help ttest)

Y, -Y.
St— stat — >
st s
s Ne
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A
1

>\ 2 =\ 2
sznt_1i;1(”‘m si= oy 2 (=Y

—# 4t & (rank statistic), ¥ B & WM 5| 69 2 R¥EA T HF
Srank = Rt - Rc
—ETHEENRITE

n

(B(ﬁ Bx, BD) = arg min (Y; — Bo — BxXi — BpD;)’
{Bo.Bx,8p} 1

Scoef = BD
B IR R E EHRE R WAL R &, BEPmATT K.
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c L TUFERBERSGFA LB X, HXAMMNT EEM, (help permute)
1. T X B ey 2 R D.
2. 435 D #i& Yo (D).
3.HE S <]3,Y0b$(]3),X).
4 EEVU LT,
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“/l\@;ﬂ%

£ 20 4 20 ERK—AFAYFE, ERESN, —BREER. WAGWETULR— &
FENELEEM—RETFEEETEE, B4 BBRY, HERENEH A
Y F AN 20 v ok iE R . B AR R I A R AR T, BRRRRS, b
2R —RE, B LK,

- Fisher &3y %2%: BE& SH—BMME, L AMEEMER, 4 REREY, 1
WATEGUF . b, B i+ 02X S ML, SRE B ETEEY 447,

B L EVEB SN LA, o AR A ALY ?

CRFREA TR EEME, D=1,

cJRARE: WREERIER EZR: Yi(l) = Yi(0) Vi,

xR LERGBMER Pro= 5 ~ 0.0143;

F N AR R Pry = S & 0.2286.
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-7 SUTVARZE T, A d=1Rd=08, EMAMEYBELELEREL Y (d), Mk
B A AL TR S A
7, = Y;(1) = Y;(0)

c JTFEAMAE, BAVEBERNZ] by —A, witE R —AMEREE R — i) B % 478
XREZRAHE, HhBELFERN 7 R MN, & D; AATELSEALE, NI LER A -
Y =DY;' + (1 — D)Y?

- BN BLE vk E F A TR R A R RARR EL ks, BP

1 Ni!
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Bl TREXTEMGYARBFEXRG/NAEI R P EEGEIE, 2F 12 L8
RS T 2R, BMALEERT 6 BIRAZGY (LEH), HH 6 BMALTRA (&
W), HERAERTUIREN BT B FERLE AR,

TR KA

8.62 0.06
1.48 1.72
8.93 2.19
9.57 7.32
2.65 7.53
7.30 7.62

BATH ERIRIZGH X 12 L3R Tk 8y /R IX,
+HO: Y!'—Y"=0
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AR ME YY vl

0 862 862 -

0 1.48 1.48

0 893 8.93

0 9.57 9.57

0 2.65 2.65

0 7.30 7.30 -

1 0.06 - 0.06
1 1.72 1.72
1 2.19 2.19
1 7.32 7.32
1 7.53 7.53
1 7.62 7.62
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TRBZRZEERLT, RAIHZmEEH e Y folb Ay VO

THIAEL RME Y !
0 8.62 862 8.62
1.48 1.48 1.48
893 893 8.93
9.57 9,57 9.57
265 2.65 2.65
7.30 7.30 7.30
0.06 0.06 0.06
1.72 172 1.72
2.19 219 2.19
732 7.32 7.32
7.53 7.853 17.53
7.62 7.62 7.62

H o = = == OO0 OO

In R BATEAH S B C 2, AR 2 $ B E b/ VAR R L D2

> V6 - YP/6 = —2.0183333333333326
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cIFE 12 AMEF, EER 6 MERAEHY S IAEGIRAIERZR, CF), =924,
TR A A TR R R B A

120
100
80

2
< 60
40

20

K 125 N A /T —2.018333:
+p = 125/924 = 0.13528138528138528
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<A AR KE AM?
—MFE—TF, 2000 MMEETE, B 1000 MR, B L DR e
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- 5= Aoy XA
—Different sampling perspectives.
*Fisher: finite population, potential outcomes as fixed, treatment assignments
as the sole source of randomness.

*Regression analysis: Infinite super-population. Potential outcomes in the sam-
ple are random. Properties of the estimators are assessed by resampling from
that population, sometimes conditional on covariates as well as the treatment
indicator.
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* Key features of regression models for randomized experiments. They are models
—for observed outcomes rather than for potential outcomes.
—for the conditional mean rather than for the full distribution.

—1in which the estimand is always an average treatment effect and i1s a parameter
of a statistical model.

—1in which inference can be viewed as inference for parameters of the statistical
model.

—1n which whether the conditional mean is correctly specified is immaterial.

—in which all results are asymptotic (large sample) results.
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2 HWiREB/D RGBT ERAE IR LA 4
2.1 OLS myfRBAA L 24

* Question: We have a sample with n observations (i = 1,--- ,n) on individual wage
y and K — 1 background characteristic xs,--- ,zx. How in this sample are wages
related to the other observables?

 Strategy: Which linear combination of z5,--- ,zx and a constant gives a good ap-

proximation of y? o 5
Bi+ Bowy + -+ + BrrK
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* Solution: OLS

* So far the linear approximation does not depend on any economic or statistical the-
ory, and it holds irrespective of how the data are generated. Moreover, the linear
approximation is an in-sample result. It does not give information about observa-
tions outside the sample, and there is no direct interpretation of the coefficients.
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SRR, K=
Y; = bo + bix1 + e
p i (@i — )y — ) Covg )
: Do (wi — T)? Var
bo=9— 0T
WmEAE A, W =LwRFABE, W =0 FMNEX

_ szyz _ 2(1 - xl)yz
Ym = Zl‘l (1 —x;)

A,
bo =Yg, b1 = Um — Yy
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* Matrix notation
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IR I X By BN =3k A R

FR Az AEHR b B — AR b o Ax Z A IR B, ||b — Az|| IR EMIF. — &
BB /N TR R A (b — Ax|| REAN =, RiBBR/DN_F"RRTFIAGESE, B
|b — Ax|| ZF7 FabyF 7 AR,

/N %lﬁmmﬁ%‘-éﬁﬁﬁzﬁ SERABER x, ME Az LR BTFI = Col A. HHEK
Tk @, 548 Az & Col A W3 b oy &, WTE (L4, WE bi4FkE ColA b, F
LI TFHRAN ¢, b &EF Az, HIXAER ¢ 2 — AN SRD_FR) .

K623 Xtx, b5 Ax MEERE/DNT 5 Ax RS
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* OLS JUfT M8
—ye fn X (9B —FIA T UANEH E" LW EFE, (X, - ,Xx) £ K EAGEER,
—e fn X By &K AR (span) FZEEIEXR (orthogonal),

-y —TI/X%# n@Ey E K #FZNELIERIER (orthogonal projection), OLS
EMARAE RNy BlZ=E X EER,

y
kol
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* Frish-Waugh-Lovell theorem

—Suppose we regress y on X; and X, and get
y = X;b; + Xobs +u

—We can get the same b; and u in the following way: Regress y and X; on X, sep-
arately and store the corresponding residual e, and e;, and then regress e, on
e.

e, =eb; +u

—We don’t have to net out the effect of X, on y to get by unless we also wish to have
u.

—What’s so good about FWL? Once we purge the regression of less interesting vari-
ables, we can reduce 1t to the bivariate case and make use of the “covariance-to-
variance”formula for subsequent analysis.

—Especially useful in bivariate correlation plot.
T, 4 AFaE (Alesina et al, 2013, QJE)
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RS S ADAE -
— LM T A E A — A B B Mt 2 T,
-FEN, XEN,
- R BER
—EBHH: Ak, FEGHRE N,
RS HE, FEGHREKR, FAHRETINAL,

HE: TRE, e RE, ERBERIIERA, Rt AL,

B8y,
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Legend
Historical plough wse

M irg plosgh data

Ficure 11

Traditional Plough Use among the Ethnic/Language Groups Globally
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(@) Female labor force participation in 2000

o
o
B

©ZAF  &MYS

Female labor force participation in 2000
50

0 4B 1
Traditional plough use
(coef = -9.975, t = —4.33)

UG HSE5RRERASR IR, BF.
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(b) Female firm ownership, 2003—2010

o
o |

8 FSM

8 WSM

aVCT

# PHL
8 TON
3 Gz o VNM
WA
&LBER o* MNG ot Bl

3% .

o* MRTa
o MYS o® %

Share of firms with female ownership, 2003-2010
(0]

o AZE o®
IND
o SLE . o PG
* BRIl e AFG
o 4
T T T
0 5 1

Traditional plough use
(coef = -10.845, t = -3.75)

VAR ER A AR, B3,
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(€) Female participation in politics in 2000

40
1

®|SL @

@ ZAF

e

®SYC
©AUS ©NAM

®LAO

20

§BLZ 8 uzB

SETH

Share of political positions held by women in 2000

0
1

.5
Traditional plough use
(coef =2.291, 1 = 1.52)

LM EESERERASBIERKX, FTBF,
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REEZABBANTEWRF, AR EBESSERX, AfERBERX,
HEL MBS EERABES T SRR ERRYEE,

cEUL, BRI EBESE AR, TR ARRANRIER R, H5EHE
BREH, AENERA L EBES 50T RREEME LR,
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(a) Traditional plough use and current FLFP

40

e(Female labor force participation in 2000 | X)
0
1

-40
|

T T
-1 0
e(Traditional plough use | X)
(coef =-12.401, t-stat = -4.18)
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(b) Traditional plough use and current female firm ownership

40

VEeT

PHL
L]
KGZ VNM
[ ]

EGU

TRy

A BGD ‘Lso
S8R° ! FO

MeS "Sﬁcm Ff\""sx?@m MAR

SeE * YSW AILBDER'

-40
1

e(Share of firms with female ownership, 2003-2010 | X)
0
1

T

0
e(Traditional plough use | X)
(coef = —15.241, t-stat = -3.75)

1
S

118



)

e(Share of political positions held by women in 2000 | X)

Traditional plough use and current female participation
in politics

SWE

S | 24

9L RAM NOR o (]
L
S¥C CHN

e(Traditional plough use | X)
(coef = -4.821, t-stat = -2.70)
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2.2 JMEEAES: RS PR S HERT

c RS A
y=XB+c¢
« RERIX 1 SERANAEM
E(ElX)=0
E(y|X) = Xp
* OLS estimator 895, TlmiE:
EDb|X) =73

cHEELEHN T Z R TP EAT LIRS G EER K EM R E— R BT
ROEH X EOEREY, EFREEES G2 T2 BR 1.5 9HE,)
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* Key assumption 2: Spherical error variance.
Var(¢|X) = E(ee'|X) = °1,
1.Conditional homoskedasticity (&4 FE 7 ).
Var(g;|X) = o
2.No correlation between observations.
Cov(e;, ej|X) =0

* Conditional variance of b
Var(b|X) = 02(X’X)_1

In the simple linear regression,

g
V&I’(bl‘X) - Zn (.I' _ 3—3)2
=1\t
Var(b;|X) =

(n—1) (1- R2,) Var(z)

where Rg’ . 1s the centered- R? in the regression of z;, on all other variables.
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—The larger the sample size,

—The greater the variation in x;,

—The less the correlation of x;, with the other variables,
—The better the overall fit of the regression,

the lower the variance of b, will be.

* An important implication is that the presence of two highly collinear variables does
not affect the precision of estimating a third variable in interest.
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- Don’t make too much of R?.
—Varies with different samples.
—Sensitive to the definition of y.
—No absolute benchmark to judge whether it is high or low.
—One can easily manipulate a high R

—Measures the quality of linear approximation, while has nothing to say about
whether the model is true, whether the assumptions are valid, or whether the
estimator has good statistical properties.

* Hypothesis testing.

Decision/Hypothesis TRUE FALSE
Reject Type I error (o) No error (1 — j3)
Cannot reject No error (1 —a) Type II error (3)
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* Consider the following example of testing the null regarding the mean of a normally
distributed population against a particular alternative,

Hy :po = pio
Hyp=

where without loss of generality p < pp.

Y — Ho
P — P p— =
ower r (z SE() < Zalp ,u1>

= Pr(y < po + 2SE(y)|n = 1)

:Pr(y—m <Za+uo—mm:m)

SE(y) SE(7)
Mo — [
= Pr (Z < Zq + SE—(y)>
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Power increases when
* the size a_increases,
the magnitude of the difference we want to detect increases,
- the variability (of 7) decreases, and in particular, the sample size increases.

This implies that Type II errors become increasingly unlikely if we have large sam-
ples. To compensate for this, we typically reduce the probability of Type I errors by
lowering the size a.
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H, is true Hy is true
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* Key assumption 3: Normality of error distribution.

X ~ N(0,0%1,)
(b —B)X ~ N(0,0*(XX)")

* t-test of individual regression coefficients.

Hy : B, = B
by — B _ by — B
SE(b,) VS (XX) Dy

te = ~t(n—K)
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* Decision rules for t-test.

—Test based on critical value.
PI‘Ob(—ta/Q(n — K) <t < ta/g(n — K)) =1- Oz)

Accept H, if ¢;, falls within this range. Reject otherwise.

—Test based on p-value.
p = Prob(t > |t;|) x 2

Accept Hj if p > «, reject otherwise.
—Test based on confidence interval.

~ ~

b — SE(b)taja(n — K) < B < by + SE(bp)taja(n — K)

Accept H, if 3, falls within this range. Reject otherwise.
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* t-test of one linear restriction.

Hy:rmBbi+--+rgfrg =10 =q
A Tb—q r'b — ¢

stat = SE(}’b) a V82 (XX) 1y

* F-test of general linear hypotheses.
Hy:RB =q

Fuu = (Rb—q) (s2R(X'X)"'R') "' (Rb — q)/dim(q)
~ F(dim(q),n — K)

where dim(g) denotes the number of linear restrictions.

129



* Decision rules for F' -test.

—Test based on critical value.
Prob(F < F,(dim(q),n — K))=1—«

Accept Hj if Fy, < F,(dim(q),n — K), reject otherwise.

—Test based on p-value.
p = PI'Ob(F > Fstat)

Accept Hj if p > «, reject otherwise.

* The previous t-tests are special cases of the F-test.
* Why don’t we use multiple ¢-tests for multiple linear restrictions?
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»

hl + SE(bl)ta/Q

b

b] — SE(bl)tn-/Q
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2.3 AR B PSR

* The key assumption for finite-sample theory to hold is normal disturbances. Large-
sample theory establishes that, when sample size is sufficiently large (n — c0), OLS
estimators will have desirable properties even if this assumption is relaxed. It turns
out that we can also relax the strict exogeneity assumption.

* Law of large number. {z;} i.i.d., E(x;) = u, Var(z;) < oo, then
Ty —p U

A weaker version of LLN also holds when {z;} is identically distributed and hav-
ing only weak persistence. That is to say, it allows for (serial or cross-sectional)
correlation.
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* Central limit theorem. {x;} 1.1.d., E(z;) = u, Var(z;) = 3, then
T, —a N(u, AVar(z,))

where the asymptotic variance of z,,

AVar(z,) = =

n

here are weaker versions of CLT when {z;} is non-independent but uncorrelated and
when {z;} is correlated. In the latter case AVar(z,) involves not only the variance
of z; but also its (auto)covariances.

- Key assumption: Predetermined (87 ’€) regressors.
E(xie;) = E[xi(yi — x,8)] =

This condition is called moment condition (8 4f) or orthogonality condition (IE X
).

* Consistency of b.
_ B = (XX) X — L .
b—p=XX)"Xe= ( g X;X ) (n ZEZI XZ€Z> —p 0
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+ Asymptotic normality of b when x;¢; is uncorrelated.

—szé‘z —d N < Var(xz,az)> =N

!’

1
b = N (8, —(B(xx,)) " E(eixx) (E(x:x)) ™)
n
—Importantly, the error term can be conditionally heteroskedastic.
—Call Sf(b\k) heteroskedasticity-robust (Huber-White) standard error. STATA 52
I : robust

—Robust standard errors can be more misleading than homoskedasticity-only stan-
dard errors in situations where heteroskedasticity is modest. A conservative rule
of thumb (but rarely adopted!) is to use the maximum of the conventional stan-
dard errors and the robust standard errors.
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- Asymptotic normality of b when x;¢; 1s correlated within clusters. Clustering arises

when sampling is of independent groups but errors for individuals within the group
are correlated.

Let X;(ny,x K), e4(nyx 1), and e,(n, x 1) denote the regressor matrix, the error vector,

and the residual vector for group g, respectively; n, is the number of observations
in group ¢; G 1s the number of groups.

1) (1
¢Ess) (s
b (5.4 (2 <x;xg>>* (& (<)) (5 (xx,)) )
Var(b <2G:X egeX> (X'X)™!

g=1
where

Ng MNg

G G
E !/ / _ E E . . </
g=1

g=1 i=1 j=1

—STATA 523 cluster(clustvar)
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—It 1s especially necessary to use cluster-robust standard errors when an aggre-
gated or macro variable is included while data are on an individual basis.

—Two high-profile papers advocate the use of cluster-robust standard errors. (Bertranc
et al., 2004, QJE; Petersen, 2009, RFS).

— R REFERER vs. REFWEEE, WHBIEZERE (REVILHTRITE
55)?
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Qo fe LI A Y cluster?
“H A RERE cluster?
— [ B R ) A b ok o R AT b 4 b B9 A SRR
— b 2 cluster(province) B cluster(sector) FjE 2,
- —FREE IR B9 Bk
egen double_cluster=group(idcode year)
regress ln_wage age i.race, vce(cluster double_cluster)

- ERBYHE: A reghdfe 64, FEF B cluster(groupl group2)
reghdfe 1ln_wage age i.race, absorb(temp) cluster(idcode year)

http://www.tomzimmermann.net/2018/08/22/two-way-clustering-in-stata/
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firm1 firm2 firm3
6%1 £11€12 €11€13 0 0 0 0 0 0
firm1 £12€12 6%2 £11€12 0 0 0 0 0 0
£13€11 €13€12 6%3 0 0 0 0 0 0
0 0 0 E%l £91€22 £91€23 0 0 0
firm?2 0 0 0 £922E921 6%2 £992€923 0 0 0
0 0 0 £€93£21 £93E922 8%3 0 0 0
0 0 0 0 0 0 8%1 £31€32 £31€33
firmS 0 0 0 0 0 0 £€32€31 6?),2 £32€33
0 0 0 0 0 0 £33831 £33€32 833
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Clustering issue

* Because our key regressor g — investG,; 1s a provincial-level variable, though we
focus on its interaction effect with a firm-level variable, we still checked whether
the firm observations should be clustered at the provincial level. It indicates that
all the firms in the same province are correlated, which is equivalent to adjusting
heteroskedasticity among provinces. From Figure 3 we can find that distribution of
the residuals from our basic regression is quite similar among most of the provinces
(except Tibet, because of fewer observations), which supports the claim that there
1s no obvious heteroskedasticity problem among provinces. Besides, when there are
few clusters in the sample (in our case, 31 clusters with more than one million ob-
servations), there is no consensus in the literature on a truly satisfactory solution,
and clustered standard errors can suffer from few-cluster bias and over-reject sig-
nificant coefficients (Cameron and Miller 2013). Therefore, we assume correlation
among firms’performance in different years and cluster our regression at the firm
level.
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Residuals

*

¢ ¢ 44 SOERERS

30

0 10 20

group(province)

Figure 1: Distribution of residuals by province from basic regression
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* z-test of individual regression coefficients.

Hy : Br = B
Robust ¢-statistic _
ooz e N(0,1)
SE(by)
* y2-test of linear restrictions.
Hy:RB=q

Wald statistic
P —1
W = (Rb —q) (RVar(b)R') (Rb — q) —4 x*(dim(q))

- Stata still reports results of t-test and F -test, which are asymptotically valid and
may work better for moderate sample sizes. (But there is no guarantee.)
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2.4 FR4 D LA UK. A4 RE
Polynomial models

y=Bo+ P+ for’ + ¢
* Marginal effect

LITER
STATA 523#},: lincom; margins
“TFEE R
—b
209

STATA 5231 : nlcom.
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Logarithmic models.

1. Linear-log model.

d d
y=fo+ Prloga +2,01 = o = o
2. Log-linear model.
dlo d
logy = A+ Bz + .y = B — WY
3. Log-log model.
dlo d
logy = fu + filoga + 2.1 = Groes = U1
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* When 1is log transformation appropriate?

—To better approximate normal distribution when the residuals are
strongly positively skewed (long right tail).

—To attenuate heteroskedasticity when the variation in the residuals is propor-
tional to the fitted values.

—When residuals are believed to reflect multiplicatively (rather than additively)
accumulating random errors.

—To narrow the range of the variable so as to make estimates less sensitive to out-
liers.

—To linearize a relationship.
—When economic theory indicates.
* Rules of thumb for taking logs.
—For positive pecuniary amount and head counts, log is often taken.

—Variables measured in years and variables representing a proportion or a per-
centage usually appear in level forms.
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Interaction effects

1. Difference in differences in means.
y = Bo+ B1D1 + BoDa + B3(Dy X Dy) + ¢
2. Heterogeneity in slopes.
y = Bo+ Bz + BoD + B3(x X D) + ¢

3. Substitutes vs. complements.

y = Bo + Biv1 + Boxa + B3(x1 X x2) + €
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- T ANSENK
5] —
FREEER BB
_ BEBRE - BRI | R S
IRTAMMAMBEE e
B1>0,0; >0 BorEHEREREHOMX, SLHBETEHEXRAGEREN; BT
AR B AT, B B R SR B SR AR =X 6 I T 250
O BB X eyt 2
OFL Ly 5 J

B2 < 0,83 >0 FekEHZYEREMFET L, SR TREXREERER; BEHERE
AR B M X, L E FME A R B A EAL S B 5 T KRS

= 0o+ BsHlE &
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=

A B R
= LERRBFRE + LITREF Y
+hs R RBEBRE x HRIZFEY

DMALHBE
EREEEE B + Bt R 25

Br>0,0 <0 BHRFBZEREFRESSGHHX, HAFOBRERE; mitREFEYRIK
B3, METERBERESARRBEZN, HAXOHRR T2 THE, B, X
ZFepRGBE, ZEREAT, SRERATIEE.

O AT B9 iR
ORI &2 8%
Bo < 0,03 <0 BHRFTRZEF UMK, WA ORI, TEIEEEEAK

X, RIERF&SE—FEAN, THEFRIHREFHRLILBRAR. Hit, FR
FREEASHGHX, ERANAS, BEERFHITRZFEY,

=G+ BERBERE
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* Calculate the marginal effect at mean.

Iy e
8_331 To=Tg — 5 + /83372

We can transform the regression model
y = Bo+ Biry + Poway + B3(w1 — T1) X (w2 — To) + €

and the new f3; is what we want.

* A EAEZ R B2

* Insignificance may indicate not the end of the world, but the light of hope: counter-
vailing mechanisms or group-specific heterogeneities are waiting for your call (LU
Ming).
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Selection on Observables vs. Unobservables

- Key reference: Altonji et al. (2005, JPE).

LS T REBOBHTRLE, PREAAMBERNREG I RAMEESRHLE
AN R A KB AL, TR 4B e 0 R B R T AR AN T

* Omitted variable bias formula. Suppose the structural model is
y=0o+ bz + Pz +e

If we regress y on x only, then

Cov(x, 2)
Var(x)
JRE: BRI TREZNRBEFTEIS, HEEFRTESXRABBELTEMREILR

AN, HEEBAERE, WEFEEREEE, HEXERBETEARERILE N,
T, Rz AR ZFFEHR (Dale and Krueger, 2002, QJE).

By —p 1+ Ba -
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Privare Public
Applicant Altered 1994

group Student Iy Leaty  Smart  All State  Tall State State  earnings
A 1 Reject  Admir Admir 110,000

2 Reject  Admir Admir 100,000

3 Reject  Admir Admir 110,000

E 4 Admit Admir Admit 0,000

5 Admit Admir Admir 30,000

¥ & Admit 115,000

7 Admirt 75,000

D 8 Reject Admir Admir 90,000

o Reject Admic Admir &0,000
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No selection controls

Selection controls

(1) (2) (3) (4) (5) (6)
Private school 135 095 086 007 003 013
(.055) (.052) (.034) (.038) (.039) (.025)
Own SAT score + 100 048 016 033 001
(.009) (.007) (.007) (.007)
Log parental income 219 190
(.022) (.023)
Female —.403 —.395
(.018) (.021)
Black 005 —.040
(.041) (.042)
Hispanic 062 032
(.072) (.070)
Asian 170 145
151 (.074) (.068)



No sclection controls

Selecrion controls

(1) (2) (31 (4) () (&)
Private school 212 152 139 034 031 037
(.060) (.057) (.043) (.062) (.062) (.039)
Own SAT score + 100 051 024 036 009
(.008)  (.006) (.006)  (.006)
Log parental income 181 152
(.026) (.025)
Female —.398 —-.396
(.012) (.014)
Black —.003 —.037
(.031) (.035)
Hispanic 027 .001
(.052) (.054)
Asian 189 155
152 (.035) (.037)



Dependent variable

Own SAT score = 100 Log parental income
(1) (2) (3) (4) (3) (6)
Private school 1.165 1.130 D66 128 138 028
(.196) (.188) (.112)  (.035) (.037) (.037)
Female —.367 016
(.076) (.013)
Black —-1.947 -.359
(.079) (.019)
Hispanic -1.185 -.259
(.168) (.050)
Asian -.014 —.060
(.116) (.031)
Other/missing race -.521 —.082
(.293) (.061)
High school top 10% 948 —.066

(1567) (.011)



R LR G B R R R G R AR BT R M 2T E TR
WA MR, X — iR X FTNE RO B GRE) LALE S X,

BF
BR _ BF
b BT R B AL EE TR R AW AR, 47 A RS mH T EE T R R,

SN, U2 T LT R R A, R TN E R (R
TR ) B IR E K A B 2 B o THA, 301 E BALE 8 R A

=, FER FH 5157 (Nunn and Wantchekon, 2011, AER).
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TABLE 4—USING SELECTION ON OBSERVABLES TO ASSESS THE BIAS FROM UNOBSERVABLES

Trust Trust Trust of

of of local Intragroup  Intergroup
relatives neighbors council trust trust
Controls in the
restricted set Controls in the full set (1) (2) (3) (4) (5)
None Full set of controls from equation (1) 431 4.23 3.03 4.13 3.32
None Full set of controls from equation (1), 11.54 6.98 2.65 9.22 3.80
ethnicity-level colonial controls, and
colonial population density
Age, age squared, Full set of controls from equation (1) 4.17 3.99 2.89 3.91 3.12
gender
Age, age squared, Full set of controls from equation (1), 10.93 6.52 2.57 8.44 3.59
gender ethnicity-level colonial controls, and

colonial population density

Notes: Each cell of the table reports ratios based on the coefficient for In (1 + exports/area) from two individual-
level regressions. In one, the covariates include the “restricted set” of control variables. Call this coefficient 3%, In
the other, the covariates include the “full set” of controls. Call this coefficient 3. In both regressions, the sample
sizes are the same, and country fixed effects are included. The reported ratio is calculated as: 37 /(3% — 3%). See
Table 3 for the description of the full set of controls from equation (1), the ethnicity-level colonial controls, and
colonial population density.

155



W 38y % % Oster(2019). Unobservable Selection and Coefficient Stability: Theory
and Evidence
Y = 8X + duw® + Wy +¢

EAMMEHEE, W ERTUREHTE, S AT NNEHTEGHEITER, 5
w\fm—mum BT AR, 7 RERGEER,

* max_R
g =B 1p- B

eststo all: xtreg leverage bepu_soe soe_own $controllist i.year#i.sector, fe cluster(stkcd)
disp e(r2_w)
disp e(r2_w)*1.3

a =e(r2_w)*1.3
psacalc delta bepu_soe, rmax( a') mcontrol(separation boardnum indboard_ratio largestholderrate presidentisceo)
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2.5 TAREIEAER

* Time-constant omitted variables.
Yit = X;tﬁJFUz't = X;tﬁ‘Fui +en,t=1,2,---,T
* Pooled OLS. View the panel as a “cross section”with n x T observations.

e (£ (£ 0]

When is pooled OLS valid?
E(Xit, Uit) = 0, i.e.E(XitEit) = 0 and E(Xitui> =0

* Key assumption for fixed-effects models:

u; and X; can be correlated in any arbitrary form.
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* Within transformation.

i=Xif+ui+e
— 1 T = 1 T - 1 T
wherey; = T Zt:l Yit, Xi = T Zt:l Xity € = T thl Eit
Yit — Ui = (Xie — %) B+ (i — &)
it = X, 0+ Ex

Fixed-effects estimator.

n -1 n n T -1 n T

- (3ox%)(Sww) - (LXnm) (S3aw)

i=1 i=1 i=1 t=1 i=1 t=1

1

—

n -1 n n -
vt = (L) (Sowean) (Lxs)
=1 =1 =1
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- STATA’s robust option for panel data is automatically cluster(id). However, we may
want to cluster at more aggregate levels.

- Stock and Watson (2008, ECMA) suggest that the right ¢-statistic testing one ele-

ment of 3 is \/-"5t, 1, and the F -statistic testing p elements of 3 is <‘ /nl_p) Fyn—p.
STATA does not seem to have adjusted it.
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» Least squares dummy variable (LSDV) regression.
Traditionally we view u; as parameters rather than random variables.

1 i=j

n
Yit = thﬁ + Z;C%th + €4, Dit { 0 i+
=

—One can easily show that b;spy = brg.
—From the FOCs of LSDV regression, we have

~ —

=/
U; = Y; — XibFE

The “estimates”of fixed effects are inconsistent (because consistency would rely
on large-T asymptotics, and LSDV regression masks this fact).

—Estimate the constant in the fixed effects model.
1 n
mzﬁigm
1=

—How to make in and out of sample prediction?
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* First-differencing transformation.

Ayit = Axgtﬁ + Agit; t= 2, e ,T

n -1
brp = <Z AX;AXz) (AX(Ay;)

1=1

(S anan) (£5m)

=1 t=2 1=1 t=2

« Comments.

—In both FE and FD, parameters are identified off the variation within groups over
time, not between groups. This variation may require justification.

—FE and FD are equivalent when 7" = 2.

—Both FE and FD require ¢;; to be uncorrelated with lagged, con- temporaneous,
and future x. If we maintain only contemporaneous exogeneity, i.e., E(x;c;) = 0,
FE is generally less inconsistent than FD when T is large. That’s why FE 1s more
popular in estimating static panel data models.

—It does not make sense to instrument an explanatory variable by its lags in fixed-
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effects model.

—One shortcoming for fixed-effects models is that, if the variable of primary interest
has little variation across time, FE or FD will be very imprecise. In this case, we
may want to estimate time-specific slopes for this variable.

* In practice we usually include in the equation both individual-specific effects and
time-specific effects, 1.e., two-way models.

* How to construct rich controls of fixed effects?
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reghdfe #n xtreg A $E?

RN A FE i E reghdfe?

BT reghdfe H)a M H 892 FWL 3, 5t 24 B & 2 r 4R B 7E R % % (annihilate
matrix) Xy fox hE—F4E, Ry HF x MEERETEEL, WA EE drop
¥, Hbthit R e it AR R A A . ARy Bl e e AR A R ) (L F i a9 1R
70), EAEREH drop T . ( (A— BB XAy 2 FF2EeEAE ) )
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= 2 B TR

reghdfe y x1 x2 , absorb(province # year)
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