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OLSfH 1=

f=(XX)"'XYy

= Xﬁ = :X(XX)_I XJ’ y=Py (Projection Matrix)

=P

0<h = xi’(XiX')_1 X; <1 (Leverage for observation i)

H#XX =1, N h; =xx; :Hxi Hz

3%, (c)2022 0
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OLSHR R & Cofliih =

B-B=(XX)"'Xy-p
=(XX)'X'(XB+¢e)-p
=(XX)'X'e

.+ JHFRIRZE

(sampling error)

. J2.0Mti1HE (Sandwich estimator)
Var(f| X) = Var( - B| X) = Var((XX)" X'¢| X
=(XX)"' X' Var(e| X)X (XX)

nxn
= (XX)" X'E(eg' | X) X (XX
K K

o« WA TAEMEE, KT RAL
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 BRWERALILBI (FU7 2 T EMR):

Var(e| X)=0"I, =

Var(f] X) = (XX) ™ X' Var(e | X)X (XX)"
=0’ (XX)' XX(XX)" =07 (XX)'
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o<,

Var(ﬁ’ 1 X)=(XX)"'X'Var(e | X) X(XX)'

=(XX)" (xl
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(E(s? | X) V(2

- |(XX)
E(gr? |X)/ \xr’u
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HCO 5 HC 1 R bifi e

. By ERERRHER (Eicker, 1963,1967; Huber,
1967; White, 1980)

HCO

Var(B| X) = (XX)" (ieﬁxi x;ijp

o /NEEARRIERI ST R R (StatafIER AR
fEbrvEiR, EFEI robust) (Hinkley, 1977)

Var(/;’ | X)HC] :(n_nKj(XiX)l [ieﬁxixi'j(XX)1

—1 10
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HC2F2 (i A 1HE 1%

« HERFFEBRT, Be)=(-h)o’, # E(le_h]:a

[\

o« E XN NFaf@briEiR (Horn, Horn and Duncan,

1975):
— HC2 n e_2
Var(B1X)  =(XX)"| 3~ |(XX)
i=1 + 1
« JE: 45 E(X;)<oo, N maxh ——0,

» Stataii#:Ii: vec(hc2)

11
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« fFf] “BH—[aJ3” (leave-one-out regression)

AT FEAS AN TN -

S N w -l o &
B( i (X X ) X(—i)y(—i):B_(XX) IXiei

- HH: § o =xB
ei

1-h

o B éi =2 yi =Y, _Xi’ﬁ(—i) —

Yiaf, (c) 2022 13
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HC3%a i ik

HC3 2

\\D

- R

o F & = BT U R R A

Var(B| X) =uﬂ01i ¢

|1(1_h)2 H

» Statait#FIi: vec(hc3l)

MR5E, (c) 2022
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AR AE D2 1K/ PR

HJe Var(h)

EREA Var(

i, WHC

HCO

0

HCI

< Var(f)

HC1 HCO

_var(f) NIEEREFE

1 ]

A T 0<h <1, > >

(l_hi)2 _l—h.

HC2

<Var(f) < Var(p)

HC3

Yiaf, (c) 2022 15
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« KFEAH, HCO, HC1, HC2, HC3#i /& — i fhiit

« HIRFEAH, MacKinnon and White (1985)f)5

R R AR R

HC3 £ HC2 1 F HC1 4

o H)F st I, HC2H L

HCO

~HC3

+ 4Hie: fEFEHC25HC3
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3. JI]VIi% (Jackknife)

1B it g, F

— a7 )15 {:é(—l)?'”’lé(—n)}

o TS HAE AT Z T Var(8) 2
AP I
—Z(ﬂ( ) ﬂ()) KB, ==> B

jackknife n 1

o JIVIVE: Var(,@) " (:6( i) 16())

o JIUNERZEAUNE
S EVAOISE|257

ik, EAEN AR (i

(AR RED HITEE 17
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4. HBipriEix

* H

o [THE
B=1000) , Xﬂ%“ﬁﬁm

]

(bootstrap s.e.)

Wﬁﬁ%%ﬁ@%&ﬁ%ﬁ%Lﬁ nJ 25 fEAd

= »

| “BHBhFriEiR” (bootstrap standard error).

I BVE s — P el 1Y) *%Elmé(resamplmg) PREF

Bvk1g3,

IRAB AR

BEARZE A, RREACHCHR {y,,x, ) ARt P

11BN HEIFEA (Eban

ThiE, RRIBAME T

R } , X BAMG T AR
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{3

] BIbRAE R — S R S

ASE A TG T R AL

454> JLAL (Propensity Score
Matching)

T “JBRE” (fat tail), DNFEEIH:

\Y; (ZSLS GMMZ%E) ANt H B Bibs i iR

3. 1

4. fifi

(e EIAS

I Gl PR

JICVIiZ AT E {1t =: Lasso

19
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BT

B E

EURPRIRUIES

B (pairs bootstrap)
Bk (residual bootstrap)

817 (wild bootstrap): Bootstrap DGP

IS often close to the true DGP

.« )7

Ty 5 Bk

(restricted wild bootstrap

imposing the null hypothesis)
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7 H B (residual bootstrap)

XTI y, = x/B+5, HHEIEIOLS
= & =Y. — X ,B

CRPFFE (86 B BRI BN, 5
% LR A Vs En), LY =xiB 4
’ %IJ Hjj;l:“zli {(ylaxl)a”'a(y::axn)} ’ %R{?%E'I:

Vo

IS*’ HEBIX, @@U{ﬁlw}
» AR X a2 AV (conditioning on X)
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AP Y wA= L URES

(restricted residual bootstrap)

. i

MR EH,  Rp=r , MZK

OLSTHitEN g, LIRKZE &

o NTHRZETRIE A8, & s ) AH R EBIE, A

o BRAL:

(277

Ve TR E

*

Y; :Xi’ﬂ+‘§i

S 7 22 B

L G2 R )2 B AN &

22
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¥ 5 B2 (wild bootstrap)

o XTI Y = X+ &, BIHIOLSH %
&=y —x'f o MIRZEIATHENSD:

(1 LA/ 2fEE

—1 B/ oM

*

e« Rk “IhFkZE” (pseudo residual): &,

Al

o XFME T, ERBENIARE v, =+

= V¢

o AEFNIRE (8], 85, &)} EAT IR F Bk

* 50E & ] E(é;k) =0, Var(éi*) = éiz
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Rademacher Distribution
o HHBNBENLAS & (auxiliary random variable,
wild weight) HEMW@/\E

L)1 B 2R
B B WA

e R hEIRFIEERZN—Fr. —r
5UFrdE. sk = o~0

o i &, B(E7)=E(V§)= O
E(&")=E(V &)= 24
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Mammen (1993) Two-point Distribution
o T ENRENLAR & AR AT
1- f f+1

i
o ; \/_EI’JMK
| 1+f JE 1
; \/_EI’J*E}EK

o R hEIRFIEERZN—Fr. —r
5=, s DUBTREAR N SR 2145

25




IR ﬁﬁ HHEFF va]

wwwwwwwwwwwww

Webb(2014) Six-point Distribution
o HHBIBEN AR AR N S A

- J3/2 LLI/6lkER

2/2  LAI/6HIMER

JU2  BLY/6RME S

| =2 BL/erRER

~J2/2  Lhi/ertE R

—J3/2 LAI/6HIER

o R TR M W, DRI A S
Be ZHEEL R0, PUMEAS AR T/6 15




StataZf1: Nerlove (1963)

e use nerlove.dta,clear
e reg Intc Ing Inpl Inpk Inpf
e est sto homo

e reg Intc Inqg Inpl Inpk Inpf,r
e est sto hcl

e reg Intc Ing Inpl Inpk Inpf,vce(hc2)
e sto hc2

e reg Intc Ing Inpl Inpk Inpf,vce(hc3)
e est sto hc3

27



TREEAEERBERAH
ch.cn

www.uone-te

StataZ< 71 (£%)

e reg Intc Ing Inpl Inpk Inpf,vce(jack)
e est sto jack

e reg Intc Ing Inpl Inpk Inpf,
vce(boot, reps(500) seed(1l))

e est sto boot

e esttab homo hcl hc2 hc3 jack boot, se
mtitle

MR5E, (c) 2022
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(1) (2) (3) (4) (5) (6)
homo hcl hc2 hc3 jack boot
1ng 0.721%** Q.72 x** Q.72 *** 0.721*** Q.721*** 0.721***
(0.0174) (0.0325) (0.0330) (0.0340) (0.0339) (0.0316)
lnpl 0.456 0.456 0.456 0.456 0.456 0.456
(0.300) (0.260) (0.263) (0.270) (0.269) (0.262)
1npk -0.215 -0.215 -0.215 -0.215 -0.215 -0.215
(0.340) (0.323) (0.327) (0.337) (0.336) (0.322)
lnpf 0.426*** 0.426*** 0.426*** 0.426*** 0.426*** 0.426***
(0.100) (0.0741) (0.0746) (0.0765) (0.0763) (0.0754)
_cons -3.567* -3.567* -3.567* -3.567* -3.567* -3.567*
(1.779) (1.718) (1.741) (1.795) (1.789) (1.675)
N 145 145 145 145 145 145

Standard errors in parentheses
* p<@.05, ** p<0.01, *** p<0.001

29
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NIt — AW
e list Ing 1If n==145
1ng
145. 9.724301

e replace Ing = Ing*3 1f n==145
e list Ing 1If n==145

145.

1ng

29.1729

{E]

30
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Stata & fil1 (4:2)

e qui reg Intc Ing Inpl Inpk Inpf
e est sto homo o

e qui reg Intc Ing Inpl Inpk Inpf,r
e est sto hcl o

e qui reg Intc Ing Inpl Inpk Inpf,vce(hc2)
e est sto hc2 o

e qui reg Intc Ing Inpl Inpk Inpf,vce(hc3)
e est sto hc3 o
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StataZEffil1 (4:3)

e qui reg Intc Ing Inpl Inpk Inpf,vce(jack)
e est sto jJack o

e qui reg Intc Ing Inpl Inpk Inpf,
vce(boot, reps(500) seed(1l))
e est sto boot o

e esttab homo o hcl o hc2 o hc3 o jJack o
boot o, se mtitle

Yiaf, (c) 2022 32



IR EEHEERAE

www.uone-tech.cn

(1) (2) (3) (4) (5) (6)

homo_o hcl o hc2_o hc3 o jack o boot_o
1nqg 0.424%** 0.424%** 0.424% 0.424 0.424 0.424%*
(0.0278) (0.149) (0.207) (0.293) (0.292) (0.178)

lnpl 0.112 0.112 0.112 0.112 0.112 0.112
(0.671) (0.545) (0.566) (0.613) (0.610) (0.494)

1npk -0.363 -0.363 -0.363 -0.363 -0.363 -0.363
(0.757) (0.711) (0.722) (0.750) (0.748) (0.662)

lnpf 0.224 0.224 0.224 0.224 0.224 0.224
(0.223) (0.182) (0.209) (0.258) (0.257) (0.180)

_cons -0.0347 -0.0347 -0.0347 -0.0347 -0.0347 -0.0347
(3.950) (4.108) (4.492) (5.229) (5.209) (3.999)

N 145 145 145 145 145 145

Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

33
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StataZzf§|2: Griliches (1976)

e use grilic.dta,clear

e Q1vregress 2sls Iw s expr tenure rns smsa (1g=med kww
mrt)

e est sto 1v_homo

e i1vregress 2sls Iw s expr tenure rns smsa (1g=med kww
mrt),r

e est sto 1v_hc

e 1vregress 2sls Iw s expr tenure rns smsa (i1g=med kww
mrt),vce(jack)

e est sto 1v_jack

e i1vregress 2sls Iw s expr tenure rns smsa (1g=med kww
mrt),vce(boot, reps(500) seed(l))

e est sto 1v_boot

e esttab 1v_homo 1v_hc 1v_jack 1v_boot, se mtitle
34
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(1) (2) (3) (4)
iv_homo iv_hc iv_jack iv_boot
iq 0.00413 0.00413 0.00413 0.00413
(0.00525) (0.00552) (0.00753) (0.00815)
S 0.0902%** 0.0902*** 0.0902*** 0.0902***
(0.0168) (0.0170) (0.0229) (0.0246)
expr 0.0397%** 0.0397%** 0.0397%** 0.0397%**
(0.00657) (0.00683) (0.00718) (0.00768)
tenure 0.0338%** 0.0338%** 0.0338%** 0.0338%**
(0.00799) (0.00814) (0.00873) (©.00866)
rns -0.0721% -0.0721% -0.0721% -0.0721%
(0.0324) (0.0323) (0.0360) (0.0366)
smsa 0.136%** 0.136%** 0.136%** 0.136%**
(0.0282) (0.0283) (0.0290) (0.0306)
_cons 3.841%** 3.841%** 3.841%%* 3.841%**
(0.344) (0.370) (0.494) (0.532)
N 758 758 758 758

Standard errors in parentheses
* p<@.05, ** p<@.0l, *** p<0.001

35
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StataZ& 12 (2£): GMM

e 1vregress gmm Ilw s expr tenure rns smsa (1g=med kww
mrt),vce(unadjusted)

e est sto gmm_homo

e Qvregress gnm Iw s expr tenure rns smsa (1g=med kww
mrt),r

e est sto gnmm _hc

e 1vregress gmm Iw s expr tenure rns smsa (1g=med kww
mrt),vce(jack)

e est sto gmm_jack

e 1vregress gnm lw s expr tenure rns smsa (1g=med kww
mrt),vce(boot, reps(500) seed(l))

e est sto gmm boot
e esttab gnm _homo gmm _hc gmm_jack gmm boot, se mtitle

36



LR RS HRARAT

www.uone-tech.cn

(1) (2) (3) (4)
gmm_homo gmm_hc gmm_jack gmm_boot
iq 0.00334 0.00334 0.00413 0.00413
(0.00552) (0.00552) (0.00753) (0.00815)
s 0.0969%** 0.0969*** 0.0902%** 0.0902%**
(0.0169) (0.0169) (0.0229) (0.0246)
expr 0.0412%** 0.0412%** 0.0397%** 0.0397%**
(0.00680) (0.00680) (0.00718) (0.00768)
tenure 0.0359%** 0.0359%** 0.0338%** 0.0338***
(0.00812) (0.00812) (0.00873) (©.00866)
rns -0.0789%* -0.0789%* -0.0721%* -0.0721%*
(0.0322) (0.0322) (0.0360) (0.0366)
smsa 0.130%** 0.130*** 0.136%** 0.136%**
(0.0283) (0.0283) (0.0290) (0.0306)
_cons 3.825%** 3.825%** 3.841*** 3.841***
(0.370) (0.370) (0.494) (0.532)
N 758 758 758 758

Standard errors in parentheses
* p<0.05, ** p<0.01, *** p<0.001

37
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5.5% )7 7= H A A HI bR HE 1%

o WNRINBNINAFAEH AR (F WS 18] 72 209),
U] FHOLSARAG UF I R 4%, HNEA “ 705 2%
TR ERAfE KIARAE IR " (Heteroskedasticity and
Autocorrelation Consistent Standard Error, {&ic
HAC), BIfEFAER T 2S5 HMHRMIEN N HAGL
RIS AR AR THE R

o BA “Newey-Westfitiili%” (Newey and West,

1987), & H BB bRAER OB, AN S I
AZE LT E. AR “Newey-WesthrifEin” .

YRE, (c)2022 38
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i 1] 52 1) P 24 4 [ A

:,B1Xt1 "":Bzxtz "’"""IBKXtK T & ('[—1,---, n)

yt:xt’ﬂ_l_gt (t:L'”an)
p=(XX)"XYy

Var(f| X)=(XX)"' X'E(ge'| X)X (X'X)

» e AEME, i e FiNe 7 [HRJEOLSHY
A

X'ee' X=0

=0 =0

39
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107 2R
- WFRE - B=(XX)"'X'e

: XX\ 1 (XX 1
\/ﬁ(ﬂ—ﬂ)=( - j ﬁ(xl xT)\g')—( j D x&

+ HIE g = x& T )a | Brit BT R

I'())=Cov(g, gt—j):COV(xtgtaxt—jgt—j):E(gtgt—jxtxt’—j);tr(_j)

« i - B RO M) BB U7 R
F(_ J) = COV(gt ’ gt+j) = C()V(xt‘c"t ’ xt+jgt+j) = E(gtgt+jxtxt’+j)

E(gtgt—jxtxt’—j) =I'()=I(-))= E(gt+jgtxt+jxt’) 40
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K HA 77 Z R

g, = x.& WK ZHR FE(long-run variance matrix)

Var( thgtj——\/ar g +g, +- +gn)
n t=I

|
:HCOV(gl T8 T T8 81 T8 +"'+gn)

:%[F(—(n —1) 4+ (=D (=) +n©0) + (NI (1) +---+ (n—=1)]

—lF( (n—1))+-- +n—1F( 1)+F(O)+n—1F(1)+ +1F(n 1)
n n n n

n—1
— Z ( M)F(J)—) Z I'(j) <o (byassumption)

i=—n-n\ T i=
41
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« REWMEIT= E: I(j)=E(gexx. )
= Y R
j=—(n-1)

=TI (-(n=1)+-+T(=D)+TO)+ T D) +--+T'(n=1)

. A L ,
e 4 =07, I“(O):HZ:etzxtxt
t=1

® L_IL j:l,-.-,n_l Hﬂ" f(])_ Zeet thxt J

t J+1

42
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i TH T ZHRE [ (2)
r-jp=[r-jpr ( Ze XX j] Zeet i XX

t J+1 nt J+1
p=3 F(j)
j=—(n-1)
=TI (-(n=1))+-+T(D+TO0)+ T D) +---+T(N=1)
=[I'(n=D]+-+[TO]+TO0)+ ') +--+T'(n=1)
=HZe X, X, +— Z Z X J(xtxt X th)
t=I =1 t=]j+1

43
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HACHR 1%

» HACHRHE R I AZ Lore A TH 2B B AH 2K R 2L
H AR IEpRifEiR CRIAXBER) .

o WERFEAZ = AN, W(n -1)Pr AR R AR
A IME,  Teik e

o MRIRITIE: TR E R =% (truncation
parameter) p=n" g p=0.75n", FRHUEEEY.

2022/8/19 e, (c) 2022 44
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BTk AN (truncated sum)
s WEBMZH, KulinA:

A p A
= > I'(j)

J==p

:_Ze X, x| +— ZZeet J(xtxt P X th) a4

ntl Jltj+1

« {H v Kb IE %E (positive semidefinite).
T AR AT, Llkernel function
I EE

45
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Newey-Westhx =
LR, R, P Zk( jF(J)
I==P

« K(*) %% (kernel function). Newey and West
(1987)1# A Bartlett kernel (triangular kernel):

k(z) =(1-|z)1(|z| < 1)

p+1

* k(ijﬂl_ i if —p<j<p
0 if |j|=p+1

\.

46
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— A+ (Triangular Kernel)

6
I

Triangular Kernel
4
1

2
I

—

2022/8/19
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~ StataffINewey-Westh: %

—a

» StatafiT H \INewey-Westhr 1% (/MEARIZ IE):

Var(ﬁ)HAC :(X:X)_l(n_nK {Ze X, X "'Z(l__-j Z €6 J(xtxt j X th)}(XX)

t=1 ]=1 p+1 t=j+1
N\~ n C N\
=(XX)"' — :1 D elxx(XX) " +
p : n
(XX) Z - Zeet J(xtxt X th)}(XX)
o p+1 t=j+1
:Var(,b’) +(XX) ( j Z(I—Lj Z €6 J(xtxt X th):|(XX)
n—K j=1 p+1 t=j+1

« #p =0, NMHACHHEIRIEF NHC B TR bRIE 1R
W newey, lag(0) FHiMT reg,r
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. T Yoo MR T {gt—la”'»gl} , TMHLBNIN & 5 {gt—l’”"gl}
AFER, Y5 e AHK, OLS—ZK.

o WIS A A, NFEEEM A BIHARPp) , H
EIMBTTC H A . WARSADL ([ [BV3 5 A7 i
J5) HAREAR FIHACHRHE 1%
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StataZf113: VKI5 oK pR &L

» Hildreth and Lu(1960)% K H itk 75 >R 2R i)
Z M . HIEEicecream.dtatl & T

NAIAZE 30 H BR8] 2 51 £ 3

» consumption( A\ UKIEIRVE &),
income(“ERIFFEIRN), price(VKEMANT ),
temp(FI4E IRSR),  time (B TE]),

2022/8/19 Yiag, (c) 2021 50
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) [5] A% & 5 ) ]

e Use I1cecream.dta,clear

e tsset time (EAN[E]ZEE Ntime)

e twoway connect consumption
time,msymbol(circle) yaxis(l) ||
connect temp time, msymbol(triangle)
yvaxis(2)

. ;im, “connect” KK i H & ER AR, WFFEI

“msymbol(circle)” 5 “msymbol(triangle)” 4
Mo B “BRR” (marker symbol)Zy 54 E B 5 =
fl; EHF “yaxis(1)” 5 “yaxis(2)” el
AR AABFR o
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consumption
4
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time
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—e—— consumption

—A— temp
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temp

30
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OLS[= 1+

e reg consumption temp price Income

Source SS df MS Number of obs = 30
FC 3, 26) = 22.17

Model .090250523 3 .030083508 Prob > F = 0.0000
Residual .035272835 26 .001356647 R-squared = 0.7190
Adj R-squared = 0.6866

Total .125523358 29 .004328392 Root MSE = .03683
consumption Coef. Std. Err. t P>]t] [95% Conf. Interval]
temp .0034584 .0004455 7.76 0.000 .0025426 .0043743
price -1.044413 .834357 -1.25 0.222 -2.759458 .6706322
income .0033078 .0011714 2.82 0.009 -0008999 .0057156
_cons .1973149 .2702161 0.73 0.472 -.3581223 . 752752

2022/8/19 53
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EViEPS L

e estat bgodfrey

Breusch-Godfrey LM test for autocorrelation

lags(p) chi2 df Prob > chi2
1 4._237 1 0.0396
HO: no serial correlation
2022/8/19 MRoE, (c) 2021 54
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o TR

Newey-West|-

g PRI R o
AW ZE0p = 3:

e newey consumption temp price income, lag(3)

T

IR, WOV AE
TnA(1/4)=30(

-~

g

V4

S 7%

UEES

/4)=2.34, i

Regression with Newey-West standard errors Number of obs = 30
maximum lag: 3 FC 3, 26) = 27 .63
Prob > F = 0.0000

Newey-West
consumption Coef. Std. Err. t P>|t] [95% Conf. Interval]
temp .0034584 .0004002 8.64 0.000 .0026357 .0042811
price -1.044413 .9772494 -1.07 0.295 -3.053178 -9643518
income .0033078 -0013278 2.49 0.019 -0005783 -0060372
_cons .1973149 .3378109 0.58 0.564 -.4970655 .8916952
202278719 tole)
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6. FREIE (Cluster Data)

o WIRFEAR] 7 N AFIR) “FRR (Clusters) £ [A]

—RARH EI’JXJU/WEFJH*H?%, [ENEE = Fd LD
Xﬂﬁiﬁﬁﬁ‘ﬁ?@ MR “CBERIEAR” (Cll];?ered

sample).

» Bl AEEEGHEIH e, 5B HI 4
) A g 57 EI| A H%E&’f’iﬁ’]?ﬁ I 7 | PI‘H?% {HAFE
A 2 a4l A AH 9% “ 7 (brovince)d
PR “ZRRAZ=E” (C uster varlable)

o Pl THIAREE CRELZAMAAS [R5 0 000 4B ) il

2022/8/19 ¥Ro:, (c) 2022 56
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RIFEpRER

o TNEK IMME L R IR BT HES, TR Eh T
T ZEFRRE Y “RA M7 (block diagonal)s

» VIR HHOLS KA+ R, (HF

=" (cluster robust standard

A SRR I
error), #ik 7 H 4 4

% o RRTMEPRE IR A7 T Z R R R [A]

T o

o A RISFSAEDR LR T AT $e -

RRHH (MR

PIN)IR K, ZESEH ML (

AR E IS T ) TopTin

(Hansen, 2007 R THa 55,
BR)s AR EHE MR 2 A N 53
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* Ux (ylg9xlg) %7‘?/5% 0 6{19"'
|e{1, . }u/\m Hohn

[ 57

:Xg/)’+ag

2022/8/19

5 9 M E%:
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\yngg}

/J’l\
= Y= |=
\Js

G A EK A 4
=N+ +Ng
() 4 \
X, €l
=| , &3 =|
\xngg /ngxK \5”99)
(Xl A /gl A
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Var(,bA'|X)
n-1 G —1 < ' ' -1
= : (X'X) [ X e.e X j(XX)
n-K G-1 ; 9979
G

Ng Ng

n- G X)) TN N ' vyl
— — .G —I(XX) I[ZZZeigejgxinggj(XX)

g=1 i=l j=I

. n n
_nh-1 G (XX)™" ZZeiejxixgl(i,j in same cluster) |[(XX)™
n—-K G-1 i=1 j=1
(o) (o)
xlg elg
H | |
73 X, = , €=
\xngg/nng ST

E: HG=n (B MEE ), NSFrFHC
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Peer Effects, Teacher Incentives,
and the Impact of Tracking: .
Evidence from a Randomized Evaluation in Kenya®

By ESTHER DUFLO, PASCALINE DUPAS, AND MICHAEL KREMER*

To the extent that students benefit from high-achieving peers, tracking
will help strong students and hurt weak ones. However, all students
may benefit if tracking allows teachers to better tailor their instruc-
tion level. Lower-achieving pupils are particularly likely to benefit
from tracking when teachers have incentives to teach to the top of
the distribution. We propose a simple model nesting these effects and
test its implications in a randomized tracking experiment conducted
with 121 primary schools in Kenya. While the direct effect of high-
achieving peers is positive, tracking benefited lower-achieving pupils
indirectly by allowing teachers to teach to their level. (JEL 121, J45.
015)
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StataZ 74 (%%)

e use DDK201ll.dta,clear

e reg stdR_totalscore tracking

e est sto homo

e reg stdR_totalscore tracking,r
e est sto hc

e reg stdR_totalscore tracking,
cluster(schoolid)

e est sto cluster
e esttab homo hc cluster,se mtitle

 Note: Data downloaded from AER, replicates Table 2 Column 1 of
Duflo et al. (2011) . A= trackingfE 5 ToAAL, MOIGikis 52K
RN 62
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. reg stdR_totalscore tracking, cluster(schoolid)

Linear regression Number of obs = 5,795
F(1, 120) = 3.20
Prob > F = 0.0763
R-squared = 0.0048
Root MSE = 1.0089
(Std. err. adjusted for 121 clusters in schoolid)

Robust
stdR_total~e | Coefficient std. err. t P>|t] [95% conf. interval]
tracking .1396412 .0781031 1.79 0.076 -.0149975 .2942799
_cons -4.28e-08  .0550039 -0.00 1.000 -.1089039 .1089038

63
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Cluster-robust SE Often (Much) Larger

(1) (2) (3)

homo hc cluster

tracking 0.140%** 0.140%** 0.140
(0.0265) (0.0265) (0.0781)

_cons -4.,28e-08 -4.,28e-08 -4.,28e-08
(0.0190) (0.0189) (0.0550)

N 5795 5795 5795

Standard errors in parentheses
* p<@.05, ** p<0.01, *** p<o.00l
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o« ZIGHN

S

-

a

o 225
MRJZ A

o 2L #3 (Angrist and Pischke, 2008):

PR AA . RERBIAMHE R B NI AL —

-

#2 (Cameron and Miller, 2015):

=

Uil #1 (Cameron and Miller, 2015):

A LR

—

WH g%, WK HEZ

RIRRR, HEPSHERIEARAAL

—1

—

JZN
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» Angrist and Pischke (2009, sec 8.2.3) are
skeptical about the reliability of clustered errors
when the number of clusters is less than 42.

« Bertrand, Duflo and Mullainathan (QJE 2004,
Table VIII) present evidence that as few as 20
clusters may be sufficient.

o VIR (5 A FRE S 2 AN ) A ) e
£ RIHH

MR5E, (c) 2022
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- W H %K (Two-way Clustering)

o+ ARMPTHBR: IR Lhfirm Syearff o R4
Yo = XpB+&p, g=1---,Gih=1--- H

X'E(gg’' | X)X = [ZZG e;x;x; I(1, ] share any of the two clusters))

i=1 j=I

n
Ze e;x;x; I(l, ] in same cluster g)j

i=1 j=I

J

+( e,e;x;x; I(l, ] in same cluster h)j

i=1 j=1

( Ze e;x;x; I(l, ] in both clusters g and h)j
—1 i

]=1
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X E K (45)

Va0 (B X) = Varg (8| X) + Var, (8| X) - Varg, (8| X)

Varg (B X) : VLGRS B (1 B 2K b 0y 2200

. m: PAH DN 285838 & 1 SRR W 7 ZE MR

Vargqy, (B X) : P\GHRNRIAZE K RIEW 7 2R

#sk min(G,H) — o .

SR “LmEZR 7 (multi-way clustering)
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Robust Inference With Multiway Clustering

JBES, 20//
A. Colin CAMERON ’

Department of Economics, University of California—Davis, One Shields Ave, Davis, CA

Jonah B. GELBACH
Yale Law School, 127 Wall Street, New Haven, CT 06511

Douglas L. MILLER
Department of Economics, University of California—Davis, One Shields Ave, Davis, CA 95616

(dImiller @ ucdavis.edu)

In this article we propose a variance estimator for the OLS estimator as well as for nonlinear estimators
such as logit, probit, and GMM. This variance estimator enables cluster-robust inference when there is
two-way or multiway clustering that is nonnested. The variance estimator extends the standard cluster-
robust variance estimator or sandwich estimator for one-way clustering (e.g., Liang and Zeger 1986;
Arellano 1987) and relies on similar relatively weak distributional assumptions. Our method is easily
implemented in statistical packages, such as Stata and SAS, that already offer cluster-robust standard
errors when there is one-way clustering. The method is demonstrated by a Monte Carlo analysis for a
two-way random effects model; a Monte Carlo analysis of a placebo law that extends the state—year
effects example of Bertrand, Duflo, and Mullainathan (2004) to two dimensions; and by application to
studies in the empirical literature where two-way clustering is present.
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o XNF R REMER: N Eidr 2 cgmreg
http://cameron.econ.ucdavis.edu/research/cgmreg.ado
1. Bl e T SOAS A
2. kLt 2 StatafjDo Editor;
3. £ yado X (¥ k44 Jvado);
4. 17 \StatalJplus 3% (F] Ffr 2 sysdi riik)
STATA: C:\Program Files\Statal7\
BASE: C:\Program Files\Statal7\ado\base\
SITE: C:\Program Files\Statal7\ado\site\
PLUS: C:\Users\DELL\ado\plus\

PERSONAL: C:\Users\DELL\ado\personal\
OLDPLACE: c:\ado\
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e cgmreg A fefli tH XA

o XM RSN IR
ssc Install clus nway

e clus nway#

IV ]

HX >
R

S, {HAE

MR5E, (c) 2022

RRFa bR R

IV Ecgmreg i) 3Eat B, Ay
U At B pla
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StataZzx55: X |n] gL

e webuse nlIsw88, clear

e reg wage tenure ttl exp collgrad,

cluster(industry)
Linear regression Number of obs = 2,217
F(3, 11) = 56.79
Prob > F = 0.0000
R-squared = 0.1255
Root MSE = 5.402
(Std. err. adjusted for 12 clusters in industry)

Robust
wage | Coefficient std. err. t P>|t] [95% conf. interval]
tenure .0304488  .0282654 1.08 0.304 -.0317629 .0926605
ttl exp .2729597 .0469742 5.81 0.000 .1695701 .3763492
collgrad 3.255491 .3967566 8.21 0.000 2.382235 4.128746
_cons 3.419859 .2853613 11.98 0.000 2.791783 4.047938
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StataZz |5 (%k)

e reg wage tenure ttl exp collgrad,

cluster(age)

Linear regression Number of obs 2,231
F(3, 12) 111.16
Prob > F 0.0000
R-squared 0.1270
Root MSE 5.3895
(Std. err. adjusted for 13 clusters in age)

Robust
wage | Coefficient std. err. t P>|t] [95% conf. interval]
tenure .0321168  .0202474 1.59 0.139 -.0119984 .076232
ttl exp .273864  .0333345 8.22 0.000 .2012343 .3464938
collgrad 3.251781  .2816042 11.55 ©0.000 2.638218 3.865344
_cons 3.389638 .3316122 10.22 0.000 2.667117 4.112159

4




IR EEHEERAE

www.uone-tech.cn

StataZ= 155 (£

22)

e cgmreg wage tenure ttl _exp collgrad,
cluster(industry age)

Note: +/- means the corresponding matrix is added/subtracted

Calculating cov part for variables:
Calculating cov part for variables:

industry (+)
industry age (-)

Calculating cov part for variables: age (+)
Number of obs = 2217
Num clusvars = 2
Num combinations = 3
G(industry) = 12
G(age) = 13
wage | Coefficient Std. err. y P>|z| [95% conf. interval]
tenure .0304488 .0278042 1.10 0.273 -.0240465 .0849441
ttl exp .2729597 .0495781 5.51 0.000 .1757884 .3701309
collgrad 3.255491 .3613499 9.01 0.000 2.547258 3.963723
_cons 3.419859 .3528189 9.69 0.000 2.728347 4.111371
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StataZ= 155 (£-

3)

e clus nway reg wage tenure ttl _exp
collgrad, cluster(industry age)

Dependent variable: wage

Number of obs = 2217
Num clusvars = 2
Num combinations = 3
G(age) = 13

G(industry) = 12

(Std. err. adjusted for 12 clusters in _ 000006)
Robust
wage | Coefficient std. err. t P>|t] [95% conf. interval]
tenure .0304488 .0278042 1.16 0.297 -.0307479 .0916456
ttl exp . 2729597 .0495781 5.51 0.000 .1638391 . 3820803
collgrad 3.255491 .3613499 9.01 0.000 2.460165 4.050816
_cons 3.419859 .3528189 9.69 0.000

2.64331 4.196?88
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KREH KD (few clusters) B4 757

» Use leave-one-out residuals € (Bell and
McCaffrey, 2002), Z&flTHC25HC3

» L eave-one-cluster-out jackknife standard
errors

» Cluster bootstrap

« Wild cluster bootstrap (#E17)
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Wild Cluster Bootstrap

* Wild cluster bootstrap unrestricted (WCU)

A sk 3k 3k
=Xg,b‘+£g, €y =Vy€,

* Wild cluster bootstrap restricted (WCR)

~ ~ K ~ K X o~
:Xg,b’+£g, &, =V, €,

o B 5 e HINH, R LT T b 2 Rk 2
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Fast and wild: Bootstrap inference in Stata
using boottest

David Roodman James G. MacKinnon

Open Philanthropy Project Queen’s University

San Francisco, CA Kingston, Canada
david.roodman@openphilanthropy.org jgm@econ.queensu.ca
Morten Orregaard Nielsen Matthew D. Webb
Queen’s University Carleton University

Kingston, Canada Ottawa, Canada

and CREATES, Aarhus University, Denmark  matt.webb@carleton.ca
mon@econ.queensu.ca

Abstract. The wild bootstrap was originally developed for regression models
with heteroskedasticity of unknown form. Over the past 30 years, it has been
extended to models estimated by instrumental variables and maximum likelihood
and to ones where the error terms are (perhaps multiway) clustered. Like boot-
strap methods in general, the wild bootstrap is especially useful when conventional
inference methods are unreliable because large-sample assumptions do not hold.
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Cluster-robust t statistic

D. Roodman. J. G. MacKinnon. M. . Nielsen. and M. D. Webb 11

For concreteness, we suppose that our objective is to test the hypothesis that 3; = 0.
Then the WCU and WCR algorithms are as follows:

o

. Regress y on X to obtain 3, u. and V as given in (3), (4), and (12).

. Calculate the usual cluster-robust ¢ statistic for the hypothesis that 3; = 0,

it (16)

where V;; is the jth diagonal element of V.

. For the WU bootstrap, set 3 = E and U = u. For the WCR bootstrap, regress y

on X subject to the restriction that 3; = 0 to obtain @ and u, and set 8 = 3 and
u=u.
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Percentile-t Bootstrap

4. For each of B bootstrap replications:

xb

—

a. Using (15)., generate a new set of bootstrap error terms u

é and dependent
variables y*®.

b. By analogy with step 1, regress y*? on X to obtain 8** and G*?, and use the
latter in (12) to compute the bootstrap CRVE V*b.

c. Calculate the bootstrap ¢ statistic for the null hypothesis that ,B;-‘b = 'j as

3*b _

*b 7] i
tj —

= (17)
7%b
| 77

‘hore 1/ *b
where | f+

numerator of (17) can also be written as ,;;3;5’ because 3; = 0.

is the jth diagonal element of V*?. For the WCR bootstrap, the
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o |

. For a one-tailed test, use the distribution of all the f.;fb to compute the lower-tail
Or r-tail p-value, = ‘
or upper-tail p-value, 2l 0/!4/471&—7@}“5’}’ 71— gt RiC
| B /7 | B
*b N H *b 1Q
:EZH(fj <tj) or Pi=5) I >t (18)
b=1 b=1

where I(-) is the indicator function. For a two-tailed test, compute either the
symmetric or the equal-tail p-value.

B
-~ 1 o~ . .
P = 3 g I[(|f;b| > |t;]) or HESE = 2min(P, PY) (19)

The former is appropriate if the distribution of #; is symmetric around a mean
of zero. In that case, if B is not very small, PS and PET will be similar. If the

o fr¥boottestEINT A WK “XtFrplE”
(symmetric p-value)
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We make a few observations on this algorithm. First, whether the WCR or WCU
bootstrap is used in step 3, the ¢ statistic calculated in step 4c¢ tests a hypothesis, 3; =
Bj._ that is true by construction in the bootstrap samples because 3 is used to construct
the samples in step 4a. Because the bootstrap distribution is generated by testing a null
hypothesis on samples from a DGP for which the null is correct, the resulting bootstrap
distribution should mimic the distribution of the sample test statistic, ¢;, when the null
hypothesis of interest, 3; = 0, is also correct.

Second, because the small-sample correction factor m defined in (13) and used in
the CRVE (12) affects both ¢; and the z‘.’;b proportionally, the choice of m does not affect
any of the bootstrap p-values.

Third, the algorithm does not produce standard errors (which is why boottest does
not attempt to compute them). Instead, inference is based on p-values and confidence
sets; the latter are discussed below in section 3.5. One could compute the standard
deviation of the bootstrap distribution of B*b and then use it for inference in several
ways. However, this approach relies heavily on the asymptotic normality of 8 in a
case where large-sample theory may not apply. Higher-order asymptotic theory for the
bootstrap (Davison and Hinkley 1997, chap. 5) predicts that this approach should not
perform as well as the algorithm discussed above, and Monte Carlo simulations in CGM
(2008) confirm this prediction.
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3.2 Imposing the null on the bootstrap DGP

The bootstrap algorithm defined above lets the wild bootstrap DGP (15) either im-
pose the restriction being tested (WCR) or not (WCU). Usually, it is better to impose
the restriction. For any bootstrap DGP like (15) that depends on estimated parame-
ters, those parameters are estimated more efficiently when restricted estimates are used
(Davidson and MacKinnon 1999). Intuitively, because inference involves estimating the
probabilities of obtaining certain results under the assumption that the null is true, infer-
ence is improved by using bootstrap datasets in which the null in fact holds. Simulation
evidence on this issue is presented in, among many others, Davidson and MacKinnon
(1999) and Djoghenou, MacKinnon, and Nielsen (2018).

For this reason. boottest uses the restricted estimates B and restricted residu-
als u by default.* Nevertheless, boottest does allow the use of unrestricted esti-
mates. This can be useful because WCU makes it possible to invert a hypothesis test
to calculate confidence intervals for all parameters using just one set of bootstrap sam-
ples, whereas WCR requires constructing many sets of bootstrap samples to do so: see
Davidson and MacKinnon (2004, sec. 5.3) and section 3.5. Thus, if the computational
cost of WCR is prohibitive (although it rarely is with boottest), WCU is a practical
alternative.
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22 Wild- bootstrapping the multiway CRVE

The wild bootstrap and the multiway CRVE appear to have been combined first in the
package cgmwildboot (Caskey 2010). Bringing them together raises several practical
issues, in addition to those discussed in the context of the one-way wild cluster bootstrap.

The first practical issue that arises in \Vlld-bootstrapplng the multiway CRVE is what
to do when some of the bootstrap variance matrices, V*t, are not positive definite. In
their simulations, MacKinnon, Nielsen, and Webb (2017) apply the cGMm (2011) cor-
rection (27) to these, too. In contrast, boottest merely omits instances where the
test statistic is degenerate from the bootstrap distribution and decrements the value
of B accordingly.” Like the cGM (2011) approach, deleting infeasible statistics from
the bootstrap distribution is atheoretical. However, reassuringly, rerunning the Monte
Carlo experiments of MacKinnon, Nielsen, and Webb (2017) with the cGM (2011) cor-
rection disabled suggests that the change has little effect in the cases examined in those
experiments.®

The second practical issue is that, in contrast with the one-way case. the choice
of small-sample correction factors now affects results. boottest applies CCM’s (2011)
proposed values for m¢g, my, and mgy in (26) also to each bootstrap sample for the
reasons discussed above. Because each component of (26) is scaled by a different factor,
the scaling affects the actual and bootstrap CRVEs differently. Although the impact is
likely minor in most cases, it might not be when at least one of G and H is very small.
An alternative would be to set all three factors to max(meg, mpy), as ivreg2 does (or
would, if it were bootstrapped). If this were done for both the actual and bootstrap
CRVEs, it would be equivalent to using no small-sample correction at all.

The third issue is that the elegant symmetry of the multiway CRVE formula does
not carry over naturally to the wild bootstrap. The wild cluster bootstrap is designed
to preserve the pattern of correlations within each cluster for one-way clustering, but it
cannot preserve the correlations in two or more dimensions at once. Therefore, we must
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7 The boottest package

The boottest package performs wild bootstrap tests of linear hypotheses. It is com-
patible with Stata versions back to 11.0, but it runs faster in Stata versions 13.0 and
later because they include the Mata panelsum() function. The syntax is modeled on
that of Stata’s built-in command for Wald testing., test. Like test, but unlike other
Stata implementations of the wild bootstrap, boottest is a postestimation command.
It determines the context for inference from the current estimation results.

The following three commands implement the extended example in section 5:

webuse nlsw88, clear
regress wage tenure ttl_exp collgrad, cluster(industry)
boottest tenure

Here. by default, boottest generates 999 wild cluster bootstrap samples using the
Rademacher distribution, with the null hypothesis imposed. It reports the ¢ statistic
from the Wald test and its bootstrapped p-value (by default, symmetric). It then
automatically inverts the test, as described in section 3.5, and reports the bounds of
the confidence set for the default level of confidence, which is normally 95%. Finally. it
plots the “confidence curve” underlying this calculation, that is, the bootstrap p-value
for the hypothesis Bienure = ¢ as a function of ¢. It marks the points where the curve
crosses (005 which are the limits of the ecomfijdence set.
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StataZ 156

e webuse nlsw88, clear

e regress wage tenure ttl _exp
collgrad, cluster(industry)

o R HEIN N2

MR5E, (c) 2022
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Linear regression Number of obs = 2,217
F(3, 11) = 56.79
Prob > F = 0.0000
R-squared = 0.1255
Root MSE = 5.402

(Std. err. adjusted for 12 clusters in industry)

Robust
wage | Coefficient std. err. t P>|t]| [95% conf. interval]
tenure .0304488 .0282654 1.08 0.304 -.0317629 .0926605
ttl exp .2729597 .0469742 5.81 0.000 .1695701 .3763492
collgrad 3.255491 .3967566 8.21 0.000 2.382235 4.128746
_cons 3.419859 .2853613 11.98 0.000 2.791783 4.047935
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Wild Bootstrapping t-statistic

* pboottest tenure,seed(l)

Wild bootstrap-t, null imposed, 999 replications, Wald test, bootstrap clusteri
> ng by industry, Rademacher weights:
tenure

£(11)
Prob>|t]|

1.0772
0.2993

95% confidence set for null hypothesis expression: [-.03596, .2025]

YRE, (c)2022 89
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p value

0.05

-.03596
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Unrestricted with Webb Distribution

e poottest tenure,seed(l)
weirghttype(webb) nonull nograph

Wild bootstrap-t, null not imposed, 999 replications, Wald test, bootstrap clus
> tering by industry, Webb weights:
tenure

t(11)
Prob> | t]

1.0772
0.3163

95% confidence set for null hypothesis expression: [-.02067, .08157]
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Two-way Wild Clustering

e poottest tenure,seed(l)
cluster(industry age)

Wild bootstrap-t, null imposed, 999 replications, Wald test, clustering by indu
> stry age, bootstrap clustering by industry age, Rademacher weights:
tenure

t(11)
Prob> | t]

1.0951
0.3539

95% confidence set for null hypothesis expression: [-.05359, .1122]

Yiaf, (c) 2022 92



IR EEHEERAE

www.uone-tech.cn

Joint Test

e poottest tenure ttl _exp, seed(l)

Overriding estimator's cluster/robust settings with cluster(industry age)
(bootcluster(industry age) assumed)

Warning: 41 replications returned an infeasible test statistic and were deleted
> from the bootstrap distribution.

Wild bootstrap-t, null imposed, 999 replications, Wald test, clustering by indu
> stry age, bootstrap clustering by industry age, Rademacher weights:
tenure

t(11) 1.0951
Prob>|t]| = 9.3539

95% confidence set for null hypothesis expression: [-.05359, .1122]
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ttl_exp

N

-.05

tenure

aneand
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