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Disclaimer

Khoa Vu @KhoaVuUmn - 6813H
An economist trying to catch up with the difference-in-differences literature
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What Is Staggered DID?

« WMEDXA I VIR 5DID

o B 2BIARDI B AR CUEZ 2T 5
o LB (iSO e (D = De_yq)
X+ On/Off DY 2 H#E Z 2 55
= de Chaisemartin-D’Haultfoeulle (AER, 2020)

o L OGFOEINFRTHEDN TV EMETF L v D—>
o 57 : Cengiz et al (QJE, 2019), Dube er al. (REst, 2010)
e 77 AFvR:Beckeral (JF, 2010)
e #H : Bostwick et al (AEJ:EP, 2021)
e IElE : Cicala (AER, 2021)



Staggered Design D1
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« Two-way Fixed Effects (with or without controls)
Yie=a;+ A+ 6D + € (1)

 Event Study (with or without “centering”)

nt=ai+/1t+zcslu[t—ki=z]+eit 2)

leL

1. “Dynamic treatment effects” & b LI 5.

2. LiZLeads, LagsDH 5 £ DEHRXR—R %l =
—1¢ 9577 1=—-1¢L; Never-treated 23 771E L
Wit ZORSE,



Excess and missing jobs relative to the pretreatment total employment
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Preview

Q1. HrbL v FORED FTIX, TWFEIZATTZIEL S #ET 2 ?

= X WLEBEHRICEEWERD BEE, WICAATRABREL L. BHO
REE IWICHEEINTLE I T — R D,

Q2. EventstudyZ1T2 X, T WIREITEL R W?

= X : Event studyl d [FERICEKZRANNA T ABEL S, FEiThL v
FRAZ L TWB DL, BIZLAWX I IKHEEEINEr—X b,

Q3. MEPEL TV E S D2l (Diagnosis) [XRJRED ?
= Yes : Goodman-Bacon Decomposition (JE, 2021). R/Statafg ¥ .

Q4. DiagnosisCRIEEZFER L7z 5, xIULA[EED ?
= Yes : Callaway-Sant’Anna (JE, 2020) etc. R/Stataf5 9.

Q5. EROFIEIMTHEETNE L7
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e ZNFEFTA) (or Q)DATTNNTARXR—ZIELLKMET S7-0
DEMEL LCEICERIN TV AEDIIRD=D

Yi=a;+A+6D;s +€; (1)

Parallel Trend : WLE D HE D - 72154, WLEEE L W
MR X (B v RE 2 IR L <) WL FPL v F
RO,

No Anticipation : L& % ¥l L CTULERE~ D RHE 23
AU,

No Spillover = QL& & 0F HERED I HH A AF 23 7
fEL 7R\ (SUTVADORE L SHbNEED) .



18 oD FXFH

o BTLWVREGE(?) - EMRICEREESTFEL, LWEXA I v
EHHBIL Tz 7 (B BEHIRRAZ R R A3 & - s & 7 )

Ygt = ag + At + 6ngt + Egt (3)
= E|Yy|Dye] = g + A + E|64|Dye = 1]|Dye
+E[Egt|Dgt] + {0y — E[5g|Dgt = 1]}Dgt

=  Eley|Dye] =0 THoR L LThH, REDHIIK-
TLEO.

« ATT(= E[cYnggt = 1])75§E LHEESINBSEFIL?
O R DEE ) or @QULE 23 28 M & #AHRS (Gardner, 2021) .
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Q1. HrbL v FORED FTIX, TWFEIZATTZIEL S #ET 2 ?

= X LERRICEEELRD 356, HICAATABNEL L. BED
RECL THICHEINTLEI T —RD (N4 TROEKRNE) .

Q2. EventstudyZ1T2 X, T WIREITEL R W?

= X : EventstudylC D AFRICE KR ANA TABEL L. FHTFL YV
FREIZLTWBDIL, BIZLAVWE I ICHEEINE T —2 D
(Pre-trend Check>{S#E1) .

Q3. MEPELTWE LS 202l (Diagnosis) 1 A[EED ?
= Yes : Goodman-Bacon Decomposition (JE, 2021). R/StataF V.

Q4. DiagnosisCRIEEZFER L7z 56, xIULA[EED ?
= Yes : Callaway-Sant’Anna (JE, 2021) etc. R/Stata5 V.

Q5. EROFIEIIMTCHEETNE L7
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£ (Theorem 1, Goodman-Bacon, JE, 2021)
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A. Early vs. Untreated Groups
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T HERKGEANATADBELEZDD?

o Baker eral (2021) D{AEE

T =236:1980~2015

WLE 2 4 I v 7 1989, 1998, 2007

N = 1000 firms = i randomly assgigned to {Ggo, Gog, Gy7}
a; ,/1t, €Eit ~ N(O, 052>

o Case 1 : WLEXIEIZ[EER), No Dynamic Treatment Effect

DGP: y;; = a; + A, + tD; + €;, T~ N(3,0.2%)

« Case 2 : LEXRITEEHT, Dynamic Treatment Effect
Ty~ N(85 X [T — g],0.22 x [T — g])
689 — 05, 698 — 03, 607 = 0.1
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Case 1. Homogeneous/No Dynamic Effect Case 2. Heterogeneous/Dynamic Effect
(Simulation 3 in Baker et al) (Simulation 6 in Baker ef al)
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Density

BHOATT L IC A7 — A

Case 1. Homogeneous/No Dynamic Effect Case 2. Heterogeneous/Dynamic Effect
(Simulation 3 in Baker et al) (Simulation 6 in Baker ef al)
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#F: Baker et al. (2021) Figure 3 (ii) (Simulation 6) & f#bic 7z %,
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Goodman-Bacon (JE, 2021)

TWFE-DID#EE &6TWFE DRERINR I (B)D X 5 icKHTE 3.

plimy o STWFE = VWATT + VWPT — AATT ~ (5)

\_ /

o VWATT : BB X 4 I v 7 - Zr— Tk, WLBEHIR (window)W &
CICEREINBLATT, (W) DINEF-,

ATT ) = 7 ) E[e(l) = ()l =

tEW

e« VWPT:&UBE A4 I v T« Zr— Tk, WEHR (window) W
CICEREINAPTHOINEYS.

o AMTT : BWE XA I v 7« T —TkDULiEwWindowlE] DATT, D
7= D INE N,



[517e8 D EZ T 14 AT RE 7

plimy e 6 TWFE = VWATT + VWPT — AATT  (5)
DRTEHID, RO BT D

1. STWFERIE | <ATT%T‘%E?‘% 7=k, HThL v FDOIRE
DWUE R A 2 v 7 WAL TWABLENRS 5,

2. (VWPT = 0) ATT2[EE 1Y) T2>>dynamic effectd 772 7s WG A,
STWFE — ATT.

3. (WWPT =0) ATTH5EE TH % 2% dynamic effectiT FF 72 72\ 35
&, DMTT =0,72% 0, §TWFE =% nATT, L 137 &7\
(VWATT |Ztime share I b K1F) .

4. (VWPT = 0) ATT2EE % & dynamic effectz FFo 54,
AATT #0& 72 D, early treated ZFEW 2 NIHFEE L CfiiS C
CICXBANATADEL 5.




Goodman-Bacon Decomposition in Stata

Case 1. Homogeneous/No Dynamic Effect Case 2. Heterogeneous/Dynamic Effect
(Simulation 3 in Baker et al) (Simulation 6 in Baker ef al)
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2x2 DD Estimate

Goodman-Bacon Decomposition in Stata

Case 2. Heterogeneous/Dynamic Effect

Case 1. Homogeneous/No Dynamic Effect
(Simulation 6 in Baker ef al)

(Simulation 3 in Baker ef al)

O o -
89 vs 07
0 |
< ~
o} 98 vs 07
(0]
)
©
R e
o 48 ® A r'y 0
a
[m]
~N
&
o
<™ 07vs 98
N —
A
o 98 vs 8
O Early vs. Late (Control) .
A Late vs. Early (Control)
® True 07 vs 89
— A
I I I I I I I I I I I I
0.10 0.12 0.14 0.16 0.18 0.20 0.10 0.12 0.14 0.16 0.18 0.20
Weight Weight

Note 1 : 5320 5L 4278, “True effect”iZBaker eral (2021) L 1387 ), HOATTOAZ 7Fuy FLTW5,
Note 2 : 20074 DLE 7'V — 7ICBI L CTid, BEONBEMFE L CHATE 2 70— 7 BEEL T \wizd, HEEMEIEEL 2w alIcER.



Event Study CZ&E I fFEHR T 5 ?

« R()DTWFE-DIDOE X, () H—oiftEaEritr, (i) WLE £ A4
IV TR L Ty,

= Event study THINIFHEZ RIS 5 D TIE?

~

fn8 (Proposition 1, Sun-Abraham, 2020)

FHHID Event study D Estimand (#H#EE &) 65513, &£ToD
H, 2 COUE 7 N — 7 DULERNE (dynamic effects) D
S MG e LTRI NS GEZERR). y

1. [2&Tof] 1<k Event study O X REAM 2> 44 L 72
FHEENTLE.

X2, WUERIG D [weight] Iid~4F 2D ED. fholHE D
WLEBERN IR 2372 5] >4 5 “negative weight” & 72 53565 D .

X3, LT, BWICIZE Kwindow g IR B @E L L
TREINTWED, RQICADLETHRL T3,




Estimates

TWFE Event Study

(Case 2 : WLERNE 2 EE K 2> Dynamic7z 7 — &)

TWFE Event Study TWFE Event Study TWFE Event Study
Binning [t|>10 Excluding distant lags/leads: |t|>10 Trimming [t[>15
~ | P ~ | P
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XALIER IS ?

. Stacked Regression approach (Cengiz et al., QJE, 2019)
. Sun-Abraham estimator (JE, 2020)
. Callway-Sant’Anna estimator (JE, 2020)

. de Chaisemartin-D’Haultfoeuille estimator (AER, 2020)

. Two-step DID estimator (Gardner, 2021; Powell, 2021)
. Imputation-based estimator (Borusyak, Jaravel, Spiess, 2021)

. Two-Way Mundlak Regression (Wooldridge, 2021)
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Stacked Regression approach (Cengiz et al., QJE, 2019)

(D Event timing Z £ IC“27 J — v 7:2X2DIDT — % % v "% EK
(%7 N — 71Xt L Tnot-yet treated D & % WHEEE L L CEH).

2 b TF—X+ty b%stackl, #EHAT—Xt > b 2ERK.

3@ Stacked datalcfully saturated event-study DID %@ H 3~ 3

View = @y + A+ ) 81t =k =1] + € (6)

leL

. Fixed effects% event timing & I AL 5 LA, JHHE Devent-
study DID& R L. ®2B72 2 DlE, eventtimingl &IC 7 V) —v 7T —
X%y b BERT 5 K.
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2. Sun-Abraham Estimator (JE, 2020)

(D (Full data seticx} L C) Event timingZ/ Vv — 7% £ T X I —& D
R 728 % N7z event-study DID % #£5€ :

Vi = a;+ A, + z z 5, [G = kIt —k=1] +ex (7
keC l=—1

(2) Dynamic treatment effects ATT; %, KD X 9 ICHETE :

ATTl = z nl,kgl,k
k

X, (DX AHEEIL, EHEIIC never-treated O A 2 STHARE L LT
FA3 5 Z &It %, Never-treated 23171E L 7 WG4, last-
treated ZXTHERE L L CEH 3 2 72 DULEREIC AN 7R\,
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3. Callaway-Sant’Anna Estimator (JE, 2020)
o (CPTH b rol:) ATTICBEL T, ROFEERENE Y 7D -

ATT (k,t) = E[Y} = Y2|X, G, = 1]

P (X)C
G 1-pE(X) .
E[Gk] E[ pk(X)C (Yt Yk—l)

=F

(8)

1-p(X)

= RO ZFHAL, €I 57 X MV v ZITHEE 5 ATTICBE L TIZ,
Sun and Abraham & [A]ER.

X1. G = 1if treated in t = k; C = 1 if never-treated.
¥2. p(X) = Pr(G, = 1|X, Gy, C) (generalized propensity score) .



CS Estimator ® fi#Eq

HEBX B EE (PT)

1-pr(X)

I G ¢
=E [(E[Gk] — m) (Y; — Yk—l)l

= E[Y; = Ye—1|Gy = 1] = E[Yt — Yie4|C = 1]

pr(X)C
_ Gk 1-p(X)
ATT(e,t) = E || 565~ E[pk’&)c (Ye = Yi—1)

ATT(k=3,t=5)

=>G-1+5;5-3)

2 —{%(3—2)+§(2—2)}

=le_1_
2

N |

{f AE ]
Never Treated Early Treated Late Treated
Time C=1 G;=1 Gs=1
A B C D E
1 2 2 4 3 3
2 2 2 1 3 3
3 + 4 5 4 4
4 2 4 2 1 1
5 3 2 5 5 4
6 1 1 2 5 6
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4. de Chaisemartin-D’Haultfoeuille Estimator (AER, 2020)

«  “joiners” & “leavers”ICEH L T, RDOMEEREZ EFE

th th
— (Y., =Y., 1) — ~— (Y., — Y,
ATT, (t) = z NlOt( Kkt~ Tkt 1) z NO,O,t( kt — Ykt 1)
k:Dk,t=1,Dk,t_1=O k:Dk‘tZO,Dk’t_j_:O
Ny ¢ Ny ¢
ATT_(t) = z N1 (Yk,t - Yk,t—l) — z No1s (Yk,t - Yk,t—l)
k:Dk,tzl,Dk,t_lzl k:Dk’tZO,Dk’t_j_:l
s _ N1t No,ot
= 65 = E( N~ ATT, (t) + 22 ATT_(2)
S S

>:<1. Na'b‘t = Zk:Dk,t=a'Dk,t_1=b Nk,t; Nk,t: # of obs. for kin t.
X2, WLUEITOn/Off 23 72 WG Er, ATT, (£) D A& % .
%3, StataTlZ, CS estimator 12227 D W (1059 ~15%)).



Estimates

Estimates

Alternative Estimators 1n Stata

Stacked Regression

| | | |
-5 -4 -3 -2 -1 0 1 2
Periods since the event

Callaway and Sant'Anna

Stata command:

csdid

| | | | | I | |
-5 -4 -3 -2 -1 0 1 2
Periods since the event

Estimates

Estimates

Sun and Abraham

2+  Stata command:
eventstudyinteract

| | | | | I | | | |
-5 -4 -3 -2 -1 0 1 2 3 4
Periods since the event

de Chaisemartin and D'Haultfoeuille

Stata command:
154 did_multiplegt

| | | | | I | | | |
-5 -4 -3 -2 -1 0 1 2 3 4
Periods since the event



23 (SRR I) 7 F 3 4

. M@z Dix IDIDDOWIET 4 v ] <TidfE< [TWFE-DID
estimator/specification |

« % D% (DIDD=2DREHK Y 7> Twivid) DID
DWIFET ¥ A v IZERRN RO - HEEHEE & L TZY.

o FEEIL, WEHAER)DVBERDL XA IV IITERELRSL T
N—TIEL 3L, B—DDIDANT A X —%HEET 3
HETIHEREASAATABRELCCLE S AJEENE ¢

o WERIE DA U treatment profile Zff o> T ivid
NAT ZNTA U Zm .,

c EEDSEEBEE, ST ADKE &

Dynamic treatment effect > No dynamic effect



FAFAT (EER) 7 KN4 &

2. MIEDOMERIT [early treated units] ZSEER R NIEEEE L CHE

TLTLEoTWNBZ L,

= WITWMWEZXA IV I7rOntize 7 7 7L L CTRI 2 &.

« Never treated (or not yet
treated) 3%\ (3 &, N
AT ADH HHETMHEDE
HIINEI L 725,

o WLUE %32 -8R L 2
LR\ X o %
YT HEENT
TWFE<Event study %
E L, HEEMEIPRKE AL
L3 20T 52 L.

Figure 2. Share of U.S. Generating Capacity Dispatched by Markets

& | T,
"
g
S
2 r—
i
'_'E": O
’ T T T T T T T
1998 2000 2002 2004 2006 2008 2010 2012
Year
Note: Vertical red lines indicate dates of transition to market-based dispatch.

#F: Cacala (AER, forthcoming).



SEREIAT (SRERHY) 7 Ry A4 X

Ol

3. Eventstudy (Z4#7H. fHL, RO DEEILE,

« —RAYICfTH A % Binning, Trimming, Excluding some
lag/leadsi3fk 4 i ZELCIETLE ).

e Treatment profile 23[F/EHYTH > TdH, Event study DHEE
CANATADBEL 2 HELH 5.

« Treatment profile 23[FE T4, Event study ICI3E

R ANATADBHEL 5. Pre-trend3EOL L TW 5 DI, AL
LW ) ICHEE I NS 7 — 2D, (Sun-Abraham, 2020)

« VU — BT, WEEBOMEZZIIETLE).
(Goodman-Bacon, 2021 ; Callaway-Sant’Anna, 2020)

= 7+t v D relative time dummies + = ¥ b 1T —
NEREIE L IC L C eventstudy #1To TH S 5 K&
I AL DM T LiT good sign.



SEREIAT (SRERHY) 7 Ry A4 X

4. v[EELFR Y Goodman-Bacons)fifetc. i X 322179 .

« Late treated vs. early treated DHEEMEZ F = v 7 L, WHx
WHRBELC T FEE.

o WHRIHR VAL T T, HECHEIELR Z5E(T,
sample share, time share IC X 2 AT ICTEE.

5. X b EfE 7 estimator IC X BAHET LTV, HETHED
Robustness Check #1795 .

« Yial—vaVEERERSRY, Mo LEEOOHEER
ICRERE TR, BIK, KZEXD 555 1CHHHT
% % Callaway-Sant’Anna estimator 23f D L ED & .

o WLEICon/off 3B %856 1%, de Chaisemartin-
D’Haultfoeuille estimator 25F|FHRJEE({H L, LB ML ).



SEREIAT (SRERHY) 7 Ry A4 X

Ol

6. WERNROEEAMEDH L 27556, Y] 7k “Aggregation” D J;
EuE 2 L0HE (N4 T AlIweighting2»H 4L %),

«  Group-specific “FHULER R -

) 1 _
6, = };ATT
k T—k+14 Lk

« Event time-specific *FHEULE RN R -

él = Z nl,kATTl,k
k

« Overall FIEULER R -

é* = anék

k



ISR TN & L7

Ql. ZZ¥ToiEmiE, SROEHEWEPWEL A I v I TEL T
WET =X, WUER A I v 7 IFERERICEEELE L TR GEIT?

= Alternative estimators D7 A4 7 7 F|[H. ] : WLERI R E 7 5 L 48
EINEZITN—=—TFZLIC“7 ) ="V v 7 ZER L Stacked

regression, or Interaction-weighted regression (cf. Wooldridge, 2021).
Q2. WEIEKGHITH 555

= HARICFRDRE, RO NUELFEES 5. Lo, “Level
effect” & “Slope effect’ FEL TCL X 9 720, HEHUEIFET 25

AN

&, selection bias term 2574 2 T RIS R ZHEE T R WRTERAE U
% (Callaway et al, 2021).

Q 3. Time-varying 7B EX TN EPTAK Y 3272 WEEIE ?

= MHETCEHI N T3 X0 b L ARERE U 2 (ERR).

o AXDINAER : DID-IVZ ERNAEW~DOXULEZFE 2 57
o AXDMMER @ Two-step estimators (Gardner, 2021; Powell, 2021)?



DIDIZ 5% FIFH X il % 2> ?

.8 Analisa Packham
@analisapackham
Based on the new econometrics literature, do you think
researchers will still be using diff-in-diff in ten years?

W — hEEER
Yes 69.4%
No 6.9%
Show results 23.7%

13422 - BEEER

TFRI2:39 - 202149F987H - Twitter Web App
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* Baker, Andrew, David F. Larcker, Charles Wang (2021) How Much Should We Trust

Staggered Difference-In-Differences Estimates? ECGI Working Papers in Finance
(R&R at Journal of Financial Economics)

Beck, Thorsten, Ross Levine, Alexey Levkov (2010) Big Bad Banks? The Winners and
Losers from Bank Deregulation in the United States. Journal of Finance

Borusyak, Kirill, Xavier Jaravel, Jann Spiess (2021) Revisiting Event Study Designs:
Robust and Efficient Estimation. Working paper

Callaway, Brantly, Andrew Goodman-Bacon, Pedro Sant'Anna (2021) Difference-in-
Differences with a Continuous Treatment. Working paper

* Callaway, Brantly, Pedro Sant'Anna (2020) Difference-in-Differences with Multiple
Time Periods. Journal of Econometrics

Cengiz, Doruk, Arindrajit Dube, Attila Lindner, Ben Zipperer (2019) The Effect of
Minimum Wages on Low-wage Jobs. Quarterly Journal of Economics

* de Chaisemartin, Clément, Xavier D’Haultfoeuille (2020) Two-Way Fixed Effects
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