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Growth Model with Declining Population and Its Application to the Korean Economy

Jong-Wha Leex

Abstract

Facing population decline, Korea is expected to experience a continuous fall in its economic
growth rate in the future. This study analyzes the growth path of an economy with a
negative population growth rate. The growth model implies that the equilibrium economic
growth rate is not determined proportionally to the rate of population growth. Other
important factors, such as physical and human capital accumulation, technological progress
and elasticity of substitution between physical capital and labor, also play an important role
in determining the growth rate. Assuming the future population projections of the National
Statistical Office, we simulate the model to predict Korea’'s economic growth rates until
2060. Depending on the parameter values, average annual GDP growth in 2050-2060 is
estimated to be 0.2-1.5%, and per capita GDP growth is 1.5-3%. The Korean economy can
grow on a higher growth path by improving the quality of the labor force and promoting

technological progress and investment in physical capital.

Key Words: Economic Growth, Aging, Population structure, Human Capital
JEL Classification: J11, J24, 033, 041, 053

*Professor, Economics Department, Korea University, 145 Anam-ro, Seongbuk-gu, Seoul,
02841, Korea. Phone: +82-2-3290-2216. e-mail: jongwha@Xkorea.ac.kr.
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® David Card “for his empirical contributions to labour economics."

® Joshua D. Angrist and Guido W. Imbens “for their methodological
contributions to the analysis of causal relationships."

® “Natural experiments help answer important questions for society."

Q 4HA| Y-E

Randomized treatment/control using natural experiments.
Difference-in-differences (O|S2t=)

Instrumental variables method (= 48)

Regression discontinuity design (2| HHZEE2H)
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1. 229 L{4-
(1) Basics of Treatment Effect Analysis

@ Major difficulties of estimating a causal effect 5y

© Given y; = o + diff1 + €,

oy Z,N: (di_a) i pli Cov C/,'7 i
P =Bt Sy " A SR

Q Given y; = o + dif1 + XifB2 + uj,
A{)LS is not a consistent and causal estimator of ; under endogeneity:
COV(d,', U,') 75 0

© Direction of Bias
@ Positive (upward) bias if Cov(d;, uj) >0
@ Negative (downward) bias if Cov(d;, ui) <0
@ No bias if Cov(di,ui) =0

5/59

L. 2 2|9] L4
(1) Basics of Treatment Effect Analysis

@ Program evaluators cast serious doubt on the promise of controlling for X;
to obtain a causal estimate.

@ They believe an experiment (either natural or man-made) is the only hope.

@ Hence, they exploit natural experiments(AtHA &), field

experiments( 1A 2l), or laboratory experments(& &4l Al)).

6/59
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@ Rubin Causal Model based on a potental outcomes framework

© Treatment effect of individual i = Y;(1) — Y;(0)
© Either Y;(1) or Y;(0) is always unobervable.
© Define Average Treatment Effects (ATE):
ELY:(1) — Yi(0)], E[Yi(1) = Yi(0)ld; = 1], E[¥i(1) = Yi(0)|d; = 0]

@ Let us estimate E[Y;(1) — Y;(0)|d; = 1].

o E[Yi(1) — Yi(0)|d; = 1] = E[Yi(1)|d: = 1] — E[Y(0)|d: = 1]

o ={E[Yi(1)|d: = 1] — E[Yi(0)|d; = 0]}

—{EYi(0)[d; = 1] — E[Y;(0)|d: = 0]}
o = {E[Yi|d; = 1] — E[Yi|d; = 0]} — selection bias
o selection bias = 0 if [Y;(0) ][ d] or [Cov(d:, u;) = O].

7/59
2. Ated|: ot=2| A== O|&¢t A+t
o S1sstu HES A=
Q@ === 2d: Kang(2007, JUE), Hong and Lee(2017, QE)
Q AtEStL(v. 3EStY) 2F X242 &1 Hahn, Wang, Yang(2018,
J. Pub. E)
© THE(v. HBse| ik
Park, Behrman, Choi(2013, Demography); Choi, Moon, Ridder(2014,
AER); Hahn and Wang(2018, OBES)
Q WARSHY M9 Oiz|2| &2} Lim and Meer(2017, JHR)
Q@ A28 Al 1O 1} 8I24(2014, KDI)
@ 2012-13 O{3HBHFR2 A AFR(M2): Park, Park, Kang(2018, AE)
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3. O|Z&}&, Difference-in-differences (DID)

. Ciay
o ABlS: 28 11 ¥ = 0t 25 (Two-way fixed effects, TWFE)

=
o 1™ (Heterogeneity-robust DID)
Q O|SAEY A8 At

® Employment effects of minimum wages in the U.S.
© AS2HE UMY (FRE2IALY) Q) Et

e 19| ===

9/59
=2 M=
3. 0|22 E
Q At 2[435 A40| 2EFZ0| 0|2 = =t
(Card and Krueger (1994, AER))
© NJO| A|ZHeEh 2|A{ Q20| 19924 42 1ULE] $4.250(A $5.052 "Of A=
55 I O| A}
Aol'}” |_|o
© A=9| 12 NJ2F PA ZE A Fof| 22|t 7HE At A= (fast-food
restaurants)Of| Cffet 199213 =UBHIL SEIO| A 4~ AIA &4 Br=
10/59
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© 1992 =8H(2d, 3&)1} =EI(11E, 128)0f A5 HEE 0|8,

Az \ A PA NJ NJ-PA
Pre (0) ZPA,O ZNJ,O ZNJ,O - ZPA,O
Post (1) Y pa1 Y Nt Yns1— Year

Ynia— Yo DID

11/59
3. 0| 322 H
o 0|2 28 = (Ywi— Ywo)— (Year— Yeao)
= (ATE + time trend) — (time trend)
o SAHA 54d:
© Given parallel trends of untreated potential outcomes:
ETYns1(0) = Yau0(0)] = E[Yra,1(0) — Ypao(0)]
© ATE = E[Ynya(1) — Yaua(0)] = E[Yau2(1)] — E[Yau,1(0)]
= {E[Ynu,1(1)] = E[Yanu0(0)]} — {[E[YPa,1(0)] — E[Ypao(0)]}
o UM SUO| A=2|SS 2 BElet Atz (pooled data)| 2 H2H:
Yi = o+ doPost; + 1 NJ; + 61(Post; - NJ;) + u; (1)
12/59
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Card and Krueger (1994, AER)

TaBLE 3—AVERAGE EMPLOYMENT PER STORE BEFORE AND AFTER THE RISE
IN NEw JERSEY MINIMUM WAGE

Stores by state Stores in New Jersey? Differences within NJ®
Difference, Wage = Wage = Wage> Low- Midrange—
PA NJ NJ—-PA $4.25 $4.26-$4.99 $5.00 high high

Variable @) (ii) (iii) @iv) ) (vi) (vii) (viii)

1. FTE employment before, 23.33 20.44 -2.89 19.56 20.08 2225 —-2.69 -217
all available observations  (1.35) (0.51) (1.44) 0.77) (0.84) (1.14) (1.37) (1.41)

2. FTE employment after, 21.17 21.03 -0.14 20.88 20.96 20.21 0.67 0.75
all available observations  (0.94) (0.52) (1.07) (1.01) (0.76) (1.03) (1.44) 127

3. Change in mean FTE —-2.16 0.59 2.76 1.32 0.87 —2.04 3.36 291
employment (1.25) (0.54) (1.36) (0.95) (0.84) (1.19) (1.48) (1.41)

4. Change in mean FTE —-2.28 0.47 2.75 1.21 0.71 —-2.16 3.36 2.87
employment, balanced (1.25) (0.48) (1.34) (0.82) (0.69) (1.01) (1.30) (1.22)
sample of stores®

5. Change in mean FTE -228 023 2/51 0.90 0.49 -2.39 3.29 2.88
employment, setting (1.25) (0.49) (1.35) (0.87) (0.69) (1.02) (1.34) (1.23)

FTE at temporarily
closed stores to 0¢

Notes: Standard errors are shown in parentheses. The sample consists of all stores with available data on employment. FTE
(full-time-equivalent) employment counts each part-time worker as half a full-time worker. Employment at six closed stores
is set to zero. Employment at four temporarily closed stores is treated as missing.

#Stores in New Jersey were classified by whether starting wage in wave 1 equals $4.25 per hour (N = 101), is between
$4.26 and $4.99 per hour (N = 140), or is $5.00 per hour or higher (N = 73).

®Difference in employment between low-wage ($4.25 per hour) and high-wage ( > $5.00 per hour) stores; and difference
in employment between midrange ($4.26—-$4.99 per hour) and high-wage stores.

“Subset of stores with available employment data in wave 1 and wave 2.

9In this row only, wave-2 employment at four temporarily closed stores is set to 0. Employment changes are based on the
subset of stores with available employment data in wave 1 and wave 2.
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3. 0|32tE =48

o

M|(common trends, parallel trends)2| 7}4.

Bo+6o
"y

B

Bo |
Bo+60+P1

Bo+6o+P1+61

Bo+P1

Pre Post AlE
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o 233,
Yi :BO+50POSI','-I—BlNJ,'-l-(sl(POSt,' . NJ,')+U,'
where
Q E1=E(Y|Post=1,NJ=1)= o+ o+ 51+ 1
© Eio=E(Y|Post=1,NJ=0)= 5+ do
© Eo1 =E(Y|Post =0,NJ =1)= o+ (1
Q Eoo = E(Y|Post =0,NJ =0) = o

O O|SAHE 2ET = (E11 — E10) — (Eo1 — Eoo) = (81 + 01) — f1 = 01

Y; = Bo + doPost; + B1NJ; + 51(Post; - NJ;) + x!v + €;

15/59

Q =L Hlo] 2itdg AS5tY| flst 0|Szta 24
Q ‘A Jr9| FOISOfH2 "ofl 2| ZSHA|" 2021 Z0f| 22 L} BHAI
e
Q Q7 1Y o SRz} £
A1 7Hn=100K) 2 L(n=50K)

A= | GEZ[(50%) | O[EZR[(50%) N pS
2020 A B C
2021 D E F

Q =SHRE 0|2atE =dx[=7

1. (D-A)-(E-B)

2: (D-A)-(F-C)

3: (D-A)-[0.5%(E+F)-0.5%(B+C)]

4: [0.5%(D+E)-0.5*%(A+B)]-(F-C)

5: (E-B)-(F-C)
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ZS Cf(n=50K)

2/ 7Hn=100K)
) | <2>0/8SAH(50%)

<3>0|8SA}

2020 A B
2021 D E

o O|f H2|RIEt2 22| 2}A (treatment-eligible) RIEHRIZL, 22| 45

H

(treatment-received) & CHRIZ}?

o (D-A)-[0.5%(E+F)-0.5*(B+C)]

=[A2] 5 YT 222 [A2] Olof JE A2

(0.5%(D+E)-0.5*(A+B))-(F-C)

=[A2]| A4 Y 22 ] [A 2] OI2E YE 22 8]

b I —

17/59

2[5 7F S
A | <I>HIZA [ <2>0[FSAH | <3>0[FZAL
2020 o C
2021 o F
Q@ =HIE Olg2kz Fd2l=
1. SIAE 210} (§-a)-(F-C). This is an ITT(intent-to-treat) estimate.
2: HZZ 240|=05
3: ATE==2-(F=C)
4: LA 2 (Instrumental variables method)
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Year | O
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Yie = 10 + T1Posti + Todir + v + €jt

DID=m.
© IEAI=7t 0|8 7ts¢ot R0z 4582 222 0|8 =&
e
AY; =09+ 01NJ; + Au;
DID=4;.
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a. Card and Krueger (1994, AER)

TaBLE 4—REDUCED-FORM MODELS FOR CHANGE IN EMPLOYMENT

Model
Independent variable (6] (i) (iii) Gv) )
1. New Jersey dummy 2.33 2.30 — — —
(1.19) (1.20)
2. Initial wage gap® — — 15.65 14.92 11.91
(6.08) (6.21) (7.39)
3. Controls for chain and no yes no yes yes
ownership®
4. Controls for region® no no no no yes
S. Standard error of regression 8.79 8.78 8.76 8.76 8.75
6. Probability value for controlsd — 0.34 — 0.44 0.40

Notes: Standard errors are given in parentheses. The sample consists of 357 stores
with available data on employment and starting wages in waves 1 and 2. The
dependent variable in all models is change in FTE employment. The mean and
standard deviation of the dependent variable are —0.237 and 8.825, respectively. All
models include an unrestricted constant (not reported).
?Proportional increase in starting wage necessary to raise starting wage to new
minimum rate. For stores in Pennsylvania the wage gap is 0.
Three dummy variables for chain type and whether or not the store is company-
owned are included.
‘Dummy variables for two regions of New Jersey and two regions of eastern
Pennsylvania are included.
Probability value of joint F test for exclusion of all control variables.

21/59

A2 rstet 22 YA st ASAUS 2HOR
QEOIAE 1000CHRE] YT 22250
Loz ao| AAE.

F2|Li2tofl M= 2012 2-~6ETHA| AR EdE A HALY
(AHAIY)O| L& A HOM LAIE: "FF=52| (A'H)AIY"
° 2012 7TERE = A=A = SOl HAE[L S,

TSt AS| 232 22/

2 APE FRE2| AY (AYAIY+2AIY)0] 2RAEC| ASRH
al

D8720] /2l Yare Boret.
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b. #E8E/H&8|/z/Bl= (2015, BA[etA)

HN

Q@ M2 1671 WAATER 242 2740 AZTE MAT &, St
22|22, C}2 SiLts EARHO2 MY

Q A% M2 SRR, BA HARID Ch7 ST, Old B
B2 MR A M, SAF LT, OFF

O SHRIY: M2 TR, BA AT, (7 27, 1M U, B 27
Ch2 27, 24 222, oYL,

23/59
O M= /7t2t5| /2 |HI H A5+
o| /R o
b-'ITOL oo~ —l—HE 2015, o7* =
{Table 2} Changes in tha Insured of the National Employment Insurance (NEI) between
the Pre- and Post-Filot Program (for Establishments with Less Than 10 Employees)
Panel A, Changes in the Insured
Perind % Treatment group Treated Regions Control Regions Difference
5 Months in the Pre—
Treatment Period 8. 751 A, 202 3. 549
(Feb, 2011-Jun, 2011)
5 Months in the Post-
Treatment Period 22,601 11, 145 11, 456
(Feb, 2012~Jun, 2012)
Difference 13, 850 5,043 7,907
Panel B. Number of the Newly Insured
Period %\ Treatment group Treated Regions Control Regions Difference
5 Months in the Pre-
Treatment Period 92, 398 59,127 33, 266
(Feh, 2011~Jun, 2011}
5 Months in the Post-
Treatment Period 104, 215 65, 962 43,253
(Feb, 2012-Jun, 2012)
Difference 16, 822 B, 835 9, 987
24/59
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3.(2). bt

ogl

O| S}

il

o 2|0| 371 04, 2|1 A=t 374 040l 2
72|71 X7 A HER Ch2 AR Mgl

O
[# 1]
Region
A B C D
0/0 0 0 O
Year |1 |0 1 0 O
210 1 1 O
3]0 1 1 1

o] A0l M| /EHM|ZICH T2|1 M| /EHHEE Ztcks
9

25/59

= =5L-
3.(2). €ErH 0|2z
o Al /KT WA y
Region
A B C D
0 | [0] 5.03939 | [0] 5.23799 | [0] 5.43858 | [0] 5.31094
1 | [0] 5.17456 | [1] 5.34387 | [0] 5.27835 | [0] 5.64508
2 | [0] 5.66750 | [1] 5.34352 | [1] 4.94023 | [0] 5.73434
3| [0] 5.69714 | [1] 5.29884 | [1] 4.93636 | [1] 6.09712
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ogl

3.(2). UBHS 0|22} |

o (H 1)2 0|83 2|4 di(=0/1)E HOI

e Of2fle| 23S OLS =AstH

Yie = a+ Ty + Gg + 7dit + uj

Y2|E of2liet 22 APt BH(He=M+-/1A=0t)

27/59

o (B 1)2 O|8dl x{x|H=s di(=0/1)E &2|E-

o 2|} dy/t ASY B0l FR0= 2 S AFEE.

pol

}/it:Oé—i— Tt+Gg+Tdit+Uit

yie = a+ Ty +71di + hi + ujy

e 0| AR AE(Y)EA‘I A=l
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a. Cho, Chun, Lee (2015, JCE)

@ Objective: Effects of the entry of large discount stores(CHROLE) on
local retail employment.

e Empirical strategy: Staggered entry of large discount stores in different
counties.

© Fig 1: Diffusion of large discount stores, 1995-2010.
© Empirical speicfication:

Emp
Pop jt

=a+ [ Entryi + pi +n¢ + pi X trend + €

@ [ is the DID estimate; u; X trend is county-specific linear trends.
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a. Cho, Chun, Lee (2015, JCE)

it
N)
0
i
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a. Cho, Chun, Lee (2015, JCE)

31/59

[# 2]

Region
B C D
0 0 O
di 0 O
d2 dl1 0
d3 d2 di

Year

o oo o>

W N~k O

it
N)
0
i
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0
o AtHZEAH(Event-study design)
o H4S 0j2] 7 OHEO] AFRSE =, d1, d2, d3.
Q (X 2)E 0I8all 3712] X2|¥4 d1, d2, d35 HolE.
(s

ol2iet 2t NHEIN (P2 I+ AEINS 24T

©
o
OiN
_>'J_I

Yie =a+ Ty + (Tldlit + 7d2j + T3d3,'t) + h; + uj

33/59

o O BR0||l= AR|0|F7} orefle] Bef 22 A2 BYdE =k
ole.
[£ 3]
Region

A B C D

0/0 0 0 O

Year |1 |0 1 0 O

210 1 1 O

3]0 0 0 1
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yiie =a+ Ty +7di + hi + up

35/59

3.(5). YHKH 0[R2 IV

o UL O|F2E 2EE I Il 12 25
&= FM|(common or parallel trends)2| 71 0| 22| L SA|AE
AHO[of| ‘d&ettty Mt

o #2| O] #=2|=0| 27l O|LO|H ‘S& M9 4T GF= =feleh
B2 A ol
= T MO
o [H 1|2 SOIIEA}L R /ACH HA Y
Region
A B C D
0 | [0] 5.03939 | [0] 5.23799 | [0] 5.43858 | [0] 5.31094
Year | 1 | [0] 5.17456 | [1] 5.34387 | [0] 5.27835 | [0] 5.64508
2 | [0] 5.66750 | [1] 5.34352 | [1] 4.94023 | [0] 5.73434
3 | [0] 5.69714 | [1] 5.29884 | [1] 4.93636 | [1] 6.09712
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D= Al 301 22| A2

2. A9 AQtAISY D HL

65000

37/59
3.(5). €Ety O|S2H= IV
o Zt Z/YH(A,B,C,D)2 HO[et (HZ| 0|H) ZME SAHL
o,
o O ARH ZAM|(pre-trends)/} ACHE SAH|&|X| = EF
k=anigelt X—|Z|&J_’_|'(ATE) t HOi2 &L R 2at.
o MZEMOIN YO ARSI WH: Aot AN
2ok
yit:Oé+Tt+Gg+Tdit+5gXt+Uit (].)
)/it:Oé—l-Tt—I-Td,'t—I-h,'—l—5g><t—l—u,'t (2)
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riod)O] &2 22| = 7|ZH(post-treatment
te AR 2l S YREE AR 2A|

o 1 ZI} HAED 2H|T} 00 IR BHT} LakE

goig 4 ZNE )
O|Z A|Z0|| Q| At(extrapolate)h= BHEHS ALREE.

Vie = a+ Te+ Gg + 7di + 11(05t) + 12(08t%) + uie  (3)

o 9| MojM dlet 52 2t gER A2 0| AlHQ BESUS ALEH 2
yE =08 +5gt+5gt2 + e5S OLS =3l &+ =4=2(2.

@ Bhuller, Havnes and Leuven (2013, Review of Economic Studies); Borusyak,
Jaravel and Spiess(BJS, 2021), Bf&4 /45| /1YL (2018, KDIE11A])

39/59
A= g/ =
3.(7). tk=dd O|SAI=(&H) I
Yie = a+ Ty + Gg + 7djt + uj;
o 2{Z| AtH JEf(d)7t a2t E5
[ 4)
Region
A B C D
0/0 0 0 O
Year |10 0 0 O
211 1 1 1
3|1 1 1 1
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tol

3.(7). Bt

ogl

O] S At=(

2 1

(@]

il
J

Y = 50 + g Post; + 61 TGI’OUp,' + (51(P05t,' . TGI‘OUp,') + X,-/’y + u;
@ 0|} TGroup;= CIO|#14(0/1).
@ TGroup:S 0T} 1 AJO[O] 242 ZHe LT HIAZ HHF 45 S,

© Baek and Park(2018, ILR Review).

* 20071 7RRE| 591 O[A DE AIHIO SA| AJSE "H|H T
2SS0 A0 DR, AAtMo| 0]zl ZatE 23,
.« 2323y

Yiie = BAfter; - Treat; + X[, ® + 0; + pj + vr + Tt + At + je + €jjrt

@ Y+ =outcome of an establishment / in industry j in region r at year t;

@ Treat; =the proportion of fixed-term contract and dispatched workers
among all workers at each establishment in 2005 (the intensity of the
treatment)

41/59

2t 5L Park and Park(2019, JPAM)
: Lee(2016, LE)
9 4= Ahn(2016, HE)

e O|lZ=24A|Q| &1 Lee(2013, JLE)

ol

e 2007\A H|ZF2IO|
Park(2018, ILRR)

21 Yoo and Kang(2012, ILRR), Baek and

Q z[XYUZ Aol FAH =2 2017](2019, BAH|YHAL), Lo/
0|4 21(2019, AA|5A )
Q A|Ystn H*°”0| FAA =21} 75'5/0@%(2021, ot dAe &A1),
7I-z|-o|/7l-7\| 0_|/ 1M O|-(202 , i -||)
© 20204 AMLIR|KZ2| AH| &1} K im, Koh and Lyou(2020), Z0|%/

283/(2021), £717|(2020)

0F>
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4. SH|t e (Synthetic Control Method, SCM)

. 7H2 (=1 S+ DO YZh (e =1, T BH REEIS(CHD

o 2|1 Z4H| j = 10|t t = T A|ZHOf| 2|7} AL AL,

10
° LIT{A| J7H9| NAS( =2,....J+1)2 SAZH(E2 7|54 25,
b

° Y1T(1)E Y1T§
o JejLt 7H¥A C
°* A=EYir(j=2,...,J+1)=2 0|84l Y17 (0)2 +5 L7} US.

* SCM2 "gd&EA| 2=2X|(synthetic control)" ZJJI; w;Yire Mdste
g

43/59
4, SH|t e (Synthetic Control Method, SCM)
Q =H: AHx[=21 [Yir (1) - Yir(0)] =&
® Abadie, Diamond, Hainmueller (2010 JASA)% ool & =4S
DFESh= 2(H2| A8 VISR wiE EE5He WS Alore
@ XL w=1 (B)w>0 (j=2,..,J+1)
o 29| 7IFS2|7t w2 FOd ] M2 2HR|=:
J+1
T=Y11— Z w; YT
j=2
44/59
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4. SH|t e (Synthetic Control Method, SCM)

@ Abadie, Diamond, Hainmueller(2010)2 1989 £ E{ |:|_1l ZH2| L L|O}Of| M
A=l Prop05|t|on 99(HH M| 25MIE Q14 0] 191 BHHiAH[Of D]l

80 100 120 140
A’

100 120 140
1
v

80
1

per—capita cigarette sales (in packs)
per—capita cigarette sales (in packs)

20
1
20
!

4 6
!

Passage of Proposition 99 —> ¢

e T T T T @

T T T T T T
1970 1975 1980 1985 1990 1995 2000 1970 1975 1980 1985 1990 1995 2000
year year

Figure 1. Trends in per-capita cigarette sales: California vs. the rest Figure 2. Trends in per-capita cigarette sales: California vs. syn-
of the United States. thetic California.

o 2|4 73| 8Lt Colorado (0.164), Connecticut (0.069), Montana
(0.199), Nevada (0.234), Utah (0.334), CtE 2| w; = 0.
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4, SH|t e (Synthetic Control Method, SCM)

A j =19 M2| d S (k x 1) HEE 2, A2

SRS (T - 1) x 1) HEIS (Yor, Via, ., Y70 02 HO|
° JhA| j =19 2| H HpFZ2 FEE ((k+ M) x 1) HIEE

X]_ — (Z]/_7 Yll, Y12, ceey YlM)IE %5'9—'

o T (= 2,....J + 1)00 CHBHME SARBIZ ((k + M) x 1) HEd
)<jO — (ZJ/7 \/jla \/_]'27 LS \/JM)% ZO-I—O‘l

° VKO Xjo=2 HEE ((k+ M) x J) WE Xo = (X20, X30, .-, X(u11,0))

£ o
= o—
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4. SH|t e (Synthetic Control Method, SCM)

=
© 24 20| (Jx 1) 2| HE W = (wa, wa, . wyps) 2.
* W* = argminy(Xy — XoW)" V(X1 — XoW) (1)
ubject to:

a) Wi=1, where i = (1,1,...,1)".

b) w; > 0 for all j € {2,3,.. J+1}

o 2 AOM VE [(k+ M) x (k+ M)] YYES
positive-definite matrix)2A], Ve| 2t 24 2

S
(
(
2} & (diagonal

X, — XoW) HEf U
=4

CH
(
)

ZF 40| Algg 240] Al (1)2] EZ*OF—T—OH 7|05t= AU VS22
o|n|&t
© Abadie and Gardeazabal(2003, AER)2 Of2ff Al (2)& 2t=Zst= VE MEL
o \/* = argm/nV(Y1 — YoW*( ))/( 1 — YoW*(V)) (2)
o Al2Q)UM [(T — 1) X 1] BB Y = (Y1, Yo, - Y(];T—l))lo|j—v
(T —1) x J] B Yo = (Yo, Ya, ., Yi))= 2lo)g

EIO

° WH(V)e V7t 012l JEOIA ot A (1)9] S
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4, SH|t e (Synthetic Control Method, SCM)

=
@ Zm of.
o Al (1)2 HEAH 2[HA X = XoW + U0 Al We| GLS 2HZ|E
Fohe ADF A,
* X122 [(k+ M) x 1] HlE{, W= (J x 1) BIE{0| 11, eHtdo =
(k+ M) < JYUO|| Ro|. HFHLSO| CSS4d 2.
* WS % U jo HS w; = 00[0[OF B,
® Machine Learning®| dimension reduction 7|80| H2&= £~ Q8.

@ Stata programs:
® Use Stata package “synth" or “synth runner" for estimation.

o ADH(2010)Q] Stata @210 synthOll A= ve| BE 24 ZFo| 50| 10|
=5 st US.

* synthO|lM= £71 M2 = nested alloptE AdsH A (1) A (2)E
SAIO BEEA 7= vl WH(V)E e

® See Quistorff and Galiani (2017, Stata Journal) for “synth _runner".
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a. Abadie, Diamond, Hainmueller (2010, JASA)

@ Abadie, Diamond, Hainmueller (2010, JASA):

® They use state-level panel data over 1970-2000 with Yj; per capita
cigarette consumption.

® They used a donor pool of 38 states excluding states with other
smoking-discouraging measures (J = 38).

® X; includes the 1980-1988 averages of cigarette prices, logged per
capita GDP, % population aged 15-24 & per capita beer consumption,
and Yj 1975, Y1080 & Y 198s-

® k=4 and M = 3.
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a. Abadie, Diamond, Hainmueller (2010, JASA)
@ ADH(2010)2 1989FEE{ O|=+ ZH2|ZLL|O}OJ|A A|SH=l Proposition
99(FHHM 25 E 2l4f)0f 191 FBiA8|0f DI Fek= =g
°o 217
i e 2 = B
g 8 | EE " =
cs " fe
E %
3 8 281
é‘ - g -
8 : s
! B Passage of ition99 > g‘ N Passage of ion99 >
g 2 Proposit g =] ‘Proposi
8 -
°1970 19‘75 19‘80 19‘85 ' 19‘90 19‘95 2000 °1970 19[75 19‘80 19[85 1;90 19‘95 2000
Figure 1. Trends in per-capita cigarette sales: California vs. the rest Figure 2. Trends in per-capita cigarette sales: California vs. syn-
of the United States. thetic California.
o 2|A JtZ2| 2YZ}): Colorado (0.164), Connecticut (0.069), Montana
(0.199), Nevada (0.234), Utah (0.334), CtE 2| w; = 0.
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5. 424 0|2 A2
(1) 29 DA ED} D(TWFE)Q| 23t

e de Chaisemartin and D'Haultfoeuille (CH, 2022):

Yigt = ag+7t+BFEdgt+ Uigt (a)
(g:]-aza"'aG; t:1a27"'7T)

Q@ E(Bre) = X (g0 dprolWet - TEgt]
where treatment effect TEg = yz(1) — yet(0)
© Wy is proportional to Ngi(dgt —dg,. —d ++d. ).

© Ny >0, but it is possible that (dgt —d;,. —d ++d ) <O.

@ Hence, it is possible that W, < 0.
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5.(1) TWFEQ| Z&t
@ An example:
t / g | Early(A) | Late(B) | Avg.
1 0 0 0
2 1 0 1/2
3 1 1 1
Avg. 2/3 1/3 1/2
@ Consider cell (g =A,t=3)
where da3=1; da.=3; d3=1 d =1
(2] (dgt_dg,._d.,t‘l‘d.,.):l—%—l—i—%Z—%-
© Hence, Wy3 < 0.
© Recall E(Bre) = X5 0y0,s0lWet - TExt
54/59
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5.(2) DID vs. TWFE
e Goodman-Bacon (2021) shows:

Bre= Y. [Vegitw DiDggrev] (b)
(g#g’ t<t’)

where DIDg g1 + v = (Vg'.t — Yg'.t) — (Ve tr — Ye.t)
and (Vg g/ ter >0, > Vg r e =1).
© From the preceding example, EFE = (DIDga12+ DIDap23)/2
where DIDp a12 = (ya2 — ya1) — (ye2 — ys1)
© Under parallel trends, E[DIDg a1.2] = TEaz
but E[DIDs g 23] = TEgs — TEas + TEns.
© Thus, E(Sre) = TEa + 2(TEgs — TEns).

Q If TExo = TEns, E(Bre) = 2 TEas + L TEps
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M

5.(3). Hetergeneity-robust DID, 2471 O| S}

o Bzl UH7tA| =Y ol A2t=0] US:
Borusyak, Jaravel and Spiess(BJS, 2021); CH(2020);
Callaway and Sant’Anna(CS, 2021); Sun and Abraham(SA, 2021)
o ZHHES AfO[2] T
© CS (2021) = SA (2021)
@ CS (2021) S CH (2020)
© CS (2021) vs. BJS (2021)
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5.(3). Hetergeneity-robust DID, 241 O|S &}

e Callaway and Sant’Anna(CS, 2021) =23

O HAZAMQ| 7tY & Given t > s,
E[Ygt(ot) - )’gS(OS)] = E[Yg’t(ot) - )’g’S(OS)]

Q Al g0l 222 A2Vt A2 g ZSETL A|Y g + h0l| ot=

A 2|22} :

M

TEg g4n = E[)’g,g+h(0g7 1p) — Yg,g+h(0g+h)]

© Under extended parallel trends, it can be proven:

E[(Yg,g+h - Yg,g—l) - (Yn,g+h - Yn,g—l)]

= E[Yg,g+h(0g7 1h) - Yg,g—l(og—l)]

_E[yn,ngh( Og+h) — Yng—1 ( Og—l)]

= TEggtn
© Aggregate TE, = Zg WgTEg gy (h=---,-2,0,1,2,--)
© In Stata,  “csdid outcome, time(timeid) gvar(cohort)"
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<Z12l> Heterogeneity-robust DID
Ton(g =T HoIn(E 28
.06 : 4 :
| |
.04 I |
| |
.02—J % : 24 l’ :
T | [
0 - | [
024 ]H ! : 0 ]| ﬂ% IL TT ﬂ) : &
| ]JJ H \ﬁ’ ﬁ P |
-.04 I |
o6 ol -2 :
| |
| |
-.08 | |
| |
14 | |
| |
| _ (i
I R NEEE. Y W R
Periods since the event Periods since the event
+ TWFE e CH ———-— 95% ClI
———— 95% CI ¢ Callaway-SantAnna +———— 95% ClI
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© 0

Q
0| S&t=8 (Difference-in-differences, DID):

o Harmless: 2| 2I=2% 212 XTH SHYT=2{2| D2}

— o

@ Design a policy in a way that incorporates experimental factors.
e If every effort fails, the last resort is to match a treated observation
with observationally similar untreated observations.

(@)

T EHH (Instrumental variables method, 1V)

©

3| =HE 2 (Regression discontinuity, RD)
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Potential Outcomes

Effects of Treatment on Outcomes
> a binary treatment variable, d; = {0,1}
Yo, ifdi=0

Y1 ifd; =1
e.g., do hospitals make people healthier?

» potential outcome variables,

» an observed outcome variable,
yi = Yoi (1 —d;) + Yiid; = Yo; + (Y1i — Yoi) d

» an individual treatment effect, Y7; — Yp;
> the average treatment effect (ATE), E [Y1; — Yoi]

> a typical average treatment effect, E [Y1; — Yy;|subpopulation]
e.g., ATE, ATT, ATuT, LATE, ITT

Difference in Observed Outcomes

Treatment Effects and Selection Bias

> a naive comparison of averages,
Elyildi = 1] = E [yi|d; = 0] = E [Y1;|d; = 1] — E[Yp;[d; = 0] ()

» average treatment effect on the treated (ATT) + selection bias
(%) = E[Y1j — Yoildi = 1] + (E [Yoild; = 1] — E [Yoi|d; = 0])

> average treatment effect on the untreated (ATuT) + selection bias
() = E[Y1j — Yoildi = 0] + (E [V1j|d; = 1] — E[Y3]d; = 0])

» in randomized controlled trials, d; is independent of Yj; and Yj;,
(%) = E[Y1; — Yoildi = 1] = E[Y1; — Yoild; = 0] = E[Y1; — Yyl

> in general, i chooses d;.
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|dentification via Conditional Independence

Conditions for Causal Interpretation: Binary Decision Variable Case

» when i chooses d;, then d; is not independent of (Yy;, Y1;).
» conditional independence, ((Yp;, Y1;) L d;) |x;

» ‘“conditional-on-x;" comparisons,
Elyilxi =%, di = 1] = E [yi|x; = X, di = 0]
= EMjlxi =X di =1] = E[Yoilx =X, d; = 0]
E[Y1i — Yoilx = X].

|dentification via Conditional Independence

Conditions for Causal Interpretation: Multiple Decision Variable Case

» potential earnings that person i would receive after obtaining s years
of schooling, Y,

» conditional independence, (Ys; L s;)|x; fors=0,1,...,5.

» “conditional-on-x;" comparisons,

Elyilx = %5 =5+1] — Elylx = %5 =3
E[Ysi1ilxi =X s =35+1] - E[Y5|x; =X, 5 =]
= E[Yei1,i — Yailxi = X]
» note that in the absence of x;,
Elyilsi =3+1] — E[yi|lsi = 3]
EYsi1ilsi=5+1] — E[Yz|si =53]

= E[Yep1,i— Yailsi =5+ 1+ (E[Yslsi =5+ 1] — E[Ysi|si =75]).
6
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Regression and Causality

Causal Link between Schooling and Wages

> a binary case, y; = Yy + (Yli — Yo,') d;
= E[Yoi] + (Yii — Yoi) di + (Yo — E[Yoi]) = a+p;di +17;
» a constant effects model with a binary treatment, a + od; + 7,

> a linear constant effects causal model, Y;; = f; (s) = a + ps + 7;
> substituting s; for s, y; = Y5 ; = fi (s;) = a + ps; + 1,
» conditional independence, (17; L s;) |x; = E [1;|x;,s;] = E [17;]xi]
> assume E [1;|x;] = x/B,
EYsilxi,si] = E[Ysilxi]
= E[fi(s)[x]

= a+ps+E|[y;|xi] =a+ps+x;B forall s.

Regression and Causality
Causal Link between Schooling and Wages

» from the previous page,
E [Ysilxi,si] = E[fi (s) [xi,si] = a + ps + x; for all s
» substituting the observed value of s; for s,
Elyilxi,si] = E [Ys,ilxi si] = E [fi (si) [xi, 1] = .+ psi +xi
> the resulting regression model

yi = &+ psi+xip+uj,

where u;, by construction, is uncorrelated with s; and x;.

> the regression coefficient p is the causal effect of interest.
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Lack of Conditional Independence
Bad Controls and Omitted Variables Bias

» more controls may help causal interpretation, but are not a panacea.
bad controls should not be included in a regression model.

» variables that are themselves outcome variables,
e.g., occupation in an earnings equation

» proxies that are themselves affected by the variable of interest,
e.g., an IQ score that measures innate ability in high school

» good controls are variables that we can think of as having been fixed
at the time the regressor of interest was determined.

» what if x; = A;, ability, for example, is unobservable or unavailable?
omitted variables bias, a special case of selection bias

9
Instrumental Variables with Constant Causal Effects
Causal Link between Schooling and Wages
» consider a variable, z;, and calculate cov (z;, y;)
cov (zj,y;) = cov (zj,a + ps; +11;) = pcov (z;, s;) + cov (zj,7;)
> z; is an instrument if
correlated with the causal variable of interest, cov (z;,s;) # 0,
but uncorrelated with any other determinants of y;, cov (z;,%;) = 0.
» under these conditions, identification of the causal effect,
_cov(z,yj) cov(z,yi)/var(zj) _ ‘“reduced form"
~ cov(z,s;) cov(z,si)/var(z)  “first stage”
> its sample analog estimator (the IV estimator),
~ cov (zj, y;) _ cov (zj, y;) /var (z)
PV = v (zi )~ cov (zs) /var (z:)
10
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Vs and Two Stage Least Squares Estimation

First Stage, Reduced Form, and Structural Equations

>

more generally, consider a causal model y; = XI-/Dé +pos; +1;,
where 17; = YA; + uj with cov (x;,77;) = E [xjn7;] = 0.

structural equation (the causal relation of interest),

Yi = X,{’x + OS; + i

first stage (the link from instrument to causal variable of interest),
si = Xx/7T10 + 112 + €1

reduced form (the direct effect of instrument on outcomes),

Vi = X\7120 + 7212j + €3

) 71 “reduced form”
again, p = = — r
& P 11 first stage
. /
s; is endogenous and (x,’ z,-) are exogenous.

. . /
> z; is a subset of the exogenous variables, (x/, z)".

all the exogenous variables in the main model must be included in
the first stage to obtain consistent estimates.

Vs and Two Stage Least Squares Estimation

Practical Issues

>

>

conceptually, fit the first stage equation, 5; = x/7T19 + 7112

the two-stage least squares (2SLS) estimator of p, the coefficient on
Sj in the regression of y; = x'a 4+ p5; + (17; +p (s5i —57)).

the resulting 2SLS estimator is consistent for p, but is biased.

the 2SLS estimator is most biased when the instruments are weak.

the estimated 2SLS coefficients have a distribution that is not
centered on the population coefficients.

in small samples, the 2SLS estimates can differ systematically from
the target parameter.

the 2SLS estimates are usually obtained in one step.

the 2SLS standard errors from a sequence of two OLS regressions
are incorrect.
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Vs and Two Stage Least Squares Estimation

Practical Issues

forbidden regression, a nonlinear first stage

e.g., for y; = x/a + pd; +17;, it is forbidden to estimate

yi =xja+ pa\nonlin,i + (77,- +p (di - 8non/in,i>>v where
doniini = F (x!7t10 + T112;), where F is some distribution

a second stage with polynomials, y; = x/a + p;s; + P25i2 +1;
using a single first stage, for s;, is incorrect.

Y -~ 2 L 2 _ 2
e.g., yi = X;& + P + PpS7 + (77i +01(si—5) +p; (si Si ))

the correct method is using two first-stage equations, for s; and s,-2.

one may use z; and Zi2 as instruments unless z; is a dummy.

13
Binary Instruments
(Population Analog of) Wald estimator
» the simplest IV estimator:
one endogenous regressor, a single dummy instrument, no covariates
» Elyilzi] = a4+ pE [si|z;] (.- cov (zj,5;) = 0),
where E [s;|z; = 1] # E [sj|z; = 0] (". cov (z;,s;) # 0)
> Elyjlzi = 1] = a +pE [sj|z; = 1]
> E[y,'|Z,' = O] =ua+pE [S,'|Z,‘ = 0]
Elyilzi = 1] — E [yi|zi = 0]
> therefore, p = :
p- E[si|zi = 1] — E [si|z; = 0]
the population analog of the Wald estimator.
> the Wald estimator, p = 2220,
S1—50
the sample analog estimator (also the IV estimator).
14
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Vs with Heterogeneous Potential Outcomes

Constant vs. Heterogeneous Causal Effects

» so far, Y1, — Yp; = p forall i, or Y5 — Ys_1 ;= p forall s and all /.
> now consider Yi; — Yy, = p;.

» same estimation, different identification, and richer interpretation

> internal vs. external validity
» potential outcome of individual /, with d; = d and z; = z, Y; (d, z)

Do,' when Z; = 0

> /'s potential treatment status
'SP ! u'{Dl,' WhenZ,':].

» observed treatment status, d; = Dy; + (D1; — Dy;) z;
= 19 + 7112 + €, where g = E [Do,'] and 7t1; = Dy — Dy;

Vs with Heterogeneous Potential Outcomes

Assumptions for IV Approach to Heterogeneous Potential Outcome Models
» exclusion. Y; (d, z) is a function only of d.
e, Y;(d,0) =Y;(d 1) ford=0,1.
> let Y5, = Y;(0,1) = Y;(0,0) and Y3; = Y;(1,1) = Y; (1,0).
» independence. (Yy;, Y1;, Doi, D1j) L z;.

» first stage. E [Dy; — Dy;| = E [rr1;] # 0.

> the stable unit treatment value assumption (SUTVA), a maintained
implicit assumption, which assumes that a person’s outcome is
unaffected by the treatment that other people receive.

» SUTVA essentially rules out social interactions, peer effects, and
most general equilibrium effects.
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Vs with Heterogeneous Potential Outcomes

Assumptions for IV Approach to Heterogeneous Potential Outcome Models

» monotonicity. either 7t1; > 0 for all / or 711; < 0 for all /.

» w.o.l.g., we assume Dy; > Dy; for all i.

theorem. (local average treatment effect) suppose
1. (independence) {Y; (Dy,1),Y; (Dy;,0), D1;, Dy;} L z,
2. (exclusion) Y;(d,1) = Y;(d,0) = Yy; for d =0, 1,
3. (first stage) E [Dy; — Dyj] # O,
4. (monotonicity) D1; — Dy; > 0 for all i, or vice versa.

Elyilzi = 1] = Elyilzi = 0] _ E Yy — YoilDy; > Dyil
1 I ! 11

then
E [d,'|2,‘ = 1] —E [d,'lZ,' = O]

» the local average treatment effect (LATE),
E[Yl,' — Yo,'|D1,' > Do,'] =E [Yli — Yo,-|compliers]

17
IVs with Heterogeneous Potential Outcomes (*)
Local Average Treatment Effect
theorem. (local average treatment effect)
Elyilzi = 1] — E [yi|zi = 0]
= E[Y4; — YoilD1; > Dojl.
E[di|Zi:1]—E[di’Zi:0] [ 1i OI| 1 > OI]
proof. use the exclusion restriction
to write E [y;|z; = 1] = E [Yy; + (Y1; — Yoi) dilz; = 1],
which equals E [Yp; + (Y17 — Yoi) D1;j] by independence.
likewise E [y;|z; = 0] = E [Yp; + (Y1; — Yoi) Dojl-
so, E yi|zi = 1] — E [yj|z; = 0] = E[(Y1; — o) (D1; — Do;)].
as monotonicity means Dq; — Dy; equals one or zero,
apply the total expectation theorem to derive
E[(Y1i = Yoi) (D1; — Dy;)]
= E [Y1; — Yoi| D1j > Doi] Pr (D1j > Dy;).
similar argument shows
Eldj|zj = 1] — E [di|z; = 0] = E [Dy; — Doj] = Pr(Dy; > Dy;).
therefore, the Wald estimator equals E [Y1; — Yy;|D1j > Dg;]. O
18
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Vs in Randomized Trials
ATT, LATE, and ITT

» a randomized trial with one-sided noncompliance

» if the compliance problem is largely confined to the treatment group,
i.e., there are (almost) no always-takers, the treated population
consists (almost) entirely of compliers, then LATE is ATT.

> an intention-to-treat effect (ITT), E [y;|z; = 1] — E [y;|z; = 0], is
the causal effect of the offer of treatment, a comparison by z; status
in randomized trials with imperfect compliance.

» the share of compliers is Pr (Dy; > Dy;) = P (d; = 1|z; = 1).

theorem. (LATE and ATT) suppose

1. the assumptions of the LATE theorem hold.

2. Eldi|zz=0]=P(di=1|zz=0)=0
Elyilzi = 1] — E[yi|zi = 0]

th =E Yy — Yoildi = 1].
en, P(d,':1|Z,‘:1) [ 1i Ol| i ]
19
IVs in Randomized Trials (*)
ATT, LATE, and ITT
theorem. (LATE and ATT)
Elyilzi = 1] — E [yi|z = 0]
=E|Yy, — Yo;ld; = 1].
P(di=1|z; =1) ReY oild ]
proof. E [y,'|Z,' = ].] =E [Yo,'|z,' = ].] + E [(Yli — Yo,') d,'|Z,‘ = ].],
while E [y;|z; = 0] = E[Yy;|z; = 0] because z; = 0 implies d; = 0.
therefore, E [y;|z; = 1] — E [yj|z; = 0] = E[(Y1; — Yo;) dilzj = 1]
since E [Yyi|z; = 1] = E[Ypi|z;i = 0] by independence.
but, E[(Y1; — Yo;) di|z; = 1]
= E[Y1;— Yoildi =1,z =1]P(d; = 1|z; = 1)
= E[Y1; = Yoildi = 1] P (dj = 1|zj = 1)
as d; = 1 implies z; = 1, since no one with z; = 0 is treated. [
> ITT divided by the difference in compliance rates between treatment and
control groups measures the ATT.
> ITT is also the reduced-form effect on the randomly assigned offer of
treatment.
20
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Generalizing LATE

Generalizing Late in General
» the LATE theorem applies to a causal model in which
a single dummy instrument is used
to estimate the impact of a dummy treatment
with no covariates.

» multiple instruments. the 2SLS estimator is a linear combination of
the underlying Wald estimators, where the weight depends on the
relative strength of each (mutually exclusive) instrument in the first
stage.

» models with variable treatment intensity. the 2SLS estimator (the
Wald estimator) is a weighted average of unit causal effects,
E[Ysi— Ys—1,ils1i > s > sg;], with a weighting function is the share
of Pr(s;; > s > sp;), the size of the group of compliers at point s.

» models with covariates. the 2SLS estimator is known to be a
weighted average of covariate-specific LATEs,
E [Y1; — Yoilx;, D1j > Dy;], where the weights are proportional to
the average conditional variance of the population first-stage fitted

value, E [d;|x;, z;], at each value of x;. 21
Alternative to LATE
Average Treatment Effect via No Correlation between Selection and Treatment Effects
> instead of assuming monotonicity, assume
cov (D]_,' — Dy, Y1; — Yo,') = 0 to identify E [Y]_,' — YOi]-
» consider y; = Yo,' + (Yli - Yo,') d=u —J’—pl-d,' + i
= &+ pdj+1;+ (0; — p) di, where p = E [p}]
> if cov (zj, ;4 (0; —p) di) =0,
then p = E [Y1; — Yp;] is identified by cov (z;, y;) /cov (z;, d;).
> i.e., if any heterogeneity of the impact of d; on y; in the error term,
;i + (p; — p) d;, is uncorrelated with z;, then the ATE is identified.
> i.e., the ATE is identified if an individual's type Dy; — Dy; is on
average unrelated to the size of that individual's Y7; — Yp;.
22
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Sharp Regression Discontinuity Design

Basic Setup

» observe (y;, d;, rj), where r; is called the running variable (or forcing
variable, assignment variable, etc.).

E [Yo,'|r,' = I’]

E[Yll"ri = I’]

for r < ny

» observe { for r > r
= 10

> causal effect of interest, pgpp (r) = E [Y1; — Yoilri = 1]

» assumption. (continuity of conditional regression functions)
E [Yoi|r; = r] and E [Y1,|r; = r] are continuous in r.

» assumption. (unconfoundedness (or conditional independence))
Yoi, Y1i Ldilr;.

theorem. (ATT at ry) suppose
1. continuity of conditional regression functions
2. unconfoundedness

then psgp (10) = lim |, Elyilri=r]— limpqr, E [yi|ri = r].

23
Sharp Regression Discontinuity Design
d(r), E[YO]r], E[Y1]r], and E[y|r]
1 L T
0.8 R
0.6 - R
04 - R
0.2 + R
O | | | | | | 1 | | ]
0 1 2 3 4 5 6 7 8 9 10
Fig. 1. Assignment probabilities (SRD).
5 T T T T T T T
4 |- == -
o ,,/
3 r ’),»—”"‘ //’ b
2+ P e |
17 |
0 1 1 1 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8 9 10
Fig. 2. Potential and observed outcome regression functions.
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Sharp Regression Discontinuity Design (*)
Identification

theorem. (ATT at ry)
Psrp (r0) = lim, |, E [yilri = r] = limp E [yilri = r].

proof. E [Yyi|ri = rg] = lim,4, E [Yp;|ri = r] due to continuity
= lim,1,, E [Yoi|d; = 0, r; = r] due to unconfoundedness
= lim1,, E [yi|ri = r] by definition

similarly, E[Y1;|r; = ro] = lim, |, E [yi|ri = r]

or simply E [Y1;|ri = o] = E y;|ri = o]

thus, the average treatment effect at ry, pgpp, satisfies

Psro (10) = psgp = E [Y1i = Yoilri = ro]
= lim, |, E[yi|ri = r] =limpq, E [yj|ri = r]. O

> Ogspp is interpreted as the ATT at the discontinuity point.

> or, it can be interpreted as a weighted ATE, where the weights are
the relative ex ante probability that the value of an individual's
assignment variable will be in the neighborhood of the threshold.

25
Sharp Regression Discontinuity Design
Identification and Estimation
400
3.50 )
3.00 | .
: 250
< B i
E B |
z E[Y(1)X] i
E 1.50 4 Observed ,f"’ﬂ____\ 4 /
s /\ — — A
1.00 -/ |
0.50 E[Y(0)X]
0.00 . : . : ,
0 05 1 15 2 25 3 M 35 1
Assignment variahle (X)
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Sharp

Estimation

>

>

Regression Discontinuity Design

extrapolation is central to the RD design

so, the functional form used to approximate E [y;|r; = r] matters.

(local) nonparametric approach. e.g., local linear regression

local estimators: a smaller bandwidth, a kernel that places more
weight near the threshold, and a lower-order polynomial, often linear

(global) parametric approach. e.g., OLS with polynomials

global estimators: an infinite bandwidth, a uniform kernel, and a
relatively high-order polynomial

an insufficiently flexible specification of the conditional expectation
function runs the risk of mistaking nonlinearity for treatment effect.

an overly flexible specification reduces precision and runs the risk of
overfitting.

27

Sharp

Regression

>

>

Regression Discontinuity Design
Approach

E [Yoilri]=a+ B (ri—ro)
assume constant effects, say, { E [Y1i|r,'] — 0t pt (/3 1 7) (f/—ro)

this leads to the regression,

yi =+ p(ri—r)+pdi+v(r—rn)di+1;

centering r; at rgensures that the treatment effect at r; = ry is the
coefficient on d;.

not to mistake nonlinearity for a discontinuity, consider

Elyilri] = E[Yoilri] + (E [Yailri] = E [Yoilri]) di.

substituting polynomials for conditional expectations,

yi = f(ri) + pd; + g (rj) di +1;, where f (r;) and g (r;) are
polynomials (or reasonably smooth functions).

in practice, RD estimates of p based on a lower order polynomial model
turn out to be similar to those based on a higher order polynomial model.

a vector of covariates, x; may enter the equation:
yi = f(ri,x;) + pd; + g (ri, x;) di +1;.
28
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Sharp

Regression Discontinuity Design

Practical Issues

>

graph the data
by computing the average value of the outcome variable over a set of bins.

the binwidth has to be large enough to have sufficient precision
so that the plots looks smooth on either side of the cutoff value,
but small enough to make the jump around the cutoff value clear.

estimate linear regressions on both sides of the cutoff point.
standard errors can be computed using the usual (robust) standard errors.

the robustness of the results

should be assessed by employing various specification tests.

(covariate balance) looking at possible jumps

in the value of other covariates at the cutoff point.

(outcome balance) looking whether the average outcome is discontinuous
at other values of the forcing variable.

(bunching) testing for possible discontinuities

in the conditional density of the running variable.
29

Fuzzy

Regression Discontinuity Design

Basic Setup

discontinuities change treatment intensity instead of switching
treatment on or off.

the design allows for a smaller jump in the probability of assignment
to the treatment at the threshold.

0 <limyp, Pr(d; =1|r; = r) #lim,, Pr(d; =1[r; = r) < 1.
the conditional expectation of the observed outcome, E [y;|r; = r]
= E[Yoi|dj=0,rj =r]-Pr(dj =0[r; =r)

—I—E[Y1i|d,' =1,r= r] - Pr (d, = 1|I’,’ = r)
in the sharp RD design (SRD), E [y;|r; = r]
= E[Yoilri=r]-1(r <r)+E[Ylri=r]-1(r = ro)

in the fuzzy RD design (FRD), unconfoundedness is not necessary.

30
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Fuzzy Regression Discontinuity Design
E[d(r)], E[YO|r], E[Y1]r], and E]y|r]

Fig. 4. Potential and observed outcome regression (FRD).

31
Fuzzy Regression Discontinuity Design
Identification
» the discontinuity becomes an |V for treatment status
instead of deterministically switching treatment on or off.
» potential treatment status given cutoff point r, D; (r),
where D; (r) = 1 if unit / would receive the treatment when the
cutoff point was equal to r.
» causal effect of interest, prpp (r) = E[Y1; — Yoi|compliers at r]
» assumption. (monotonicity)
D; (r) is non-decreasing in r at r = ry.
theorem. (LATE at ry) suppose
1. continuity of conditional regression functions
2. monotonicity
limy, E [yilri = r] = limppp, E [yj|ri = r]
then () = —"2 — :
pFRD I|mrl,0 E [d,'|l’,' = r] — I|m,T,0 E [d,"l’,' = r] 30
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Fuzzy

Regression Discontinuity Design (*)

Identification

» complier, a unit such that lim, |, D;(r) = 1 and lim,;,, D; (r) = 0.
- 0 _ Iimrlro E [y,-|r,- = I’] — IimrTro E [yl-|rl- = I’]
FRD " Nim, | E [dj]ri = r] —limy, E [di]ri = 1]

= E [Y1; — Yp;|unit i is a complier at r = rp].
» the estimand is an average effect of the treatment,

but only averaged for units with r = ry (by RD),

and only for compliers (people who are affected by the threshold).
» the average causal effect of the treatment

is the ratio of the jump in the regression of the outcome on r

to the jump in the regression of the treatment indicator on r.

33
Fuzzy Regression Discontinuity Design
Regression Approach

> consider y; =a+ B (r; —rg) +pd; +1;, but d; #1(r; > ny).
» fuzzy RD leads naturally to a 2SLS estimation strategy.
> the first-stage equation is d; = dg + 01 (rj — ro) + Ppz; + eq;,

where z; = 1(r; > rp).
» the causal relationship oiinterest, the second-stage, is estimated by

yi=a+p(ri—r)+pd+ e
> if the model is y; = a+ B (r; —ro) +pdi +v (ri —ro) di +17;,

two first-stage equations are needed.

34
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Fuzzy

Regression Discontinuity Design

Practical Issues

graph the average outcomes over a set of bins as in the case of SRD,
but also graph the probability of treatment.

estimate the treatment effect using 2SLS,

which is numerically equivalent to computing the ratio

in the estimate of the jump (at the cutoff point)

in the outcome variable over the jump in the treatment variable.

standard errors can be computed using the 2SLS (robust) standard errors.

the robustness of the results can be assessed
using the various specification tests mentioned in the case of SRD designs.

in addition, FRD estimates of the treatment effect
can be compared to estimates based on unconfoundedness.

35
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Source: The World Wealth and Income Database, http://wid.world/data/
https://www.parisschoolofeconomics.eu/en/research/data-production-

and-diffusion/the-world-wealth-income-database/

21

CIX|E 7|& =47

ulo

0 71718 ®71887&

I

ur

< S

\
\
|
, 1
e e 26 FxYE M/
- - N
7
0 ~ S~ 3 -
1elg A5

Atz SR E(2019), PSS XS =S2f Of2f: 22{2t O] 21} Ap

22

_97_




20 30 40 50 60 70 80 90 100

10

| 1002

Xt2&: Milanovic(2016)

o

-
O

Zzn<4 K{Ho
oHr= Ko Ho

e o o

=]

- [ogr

= 727l o=

—]

=

K
olo<f
"
gool
<| ol
i
O i
o0
=Ko
KIr o
= I8!
< _._u_ln_
Hoo
% Ko
<
o @uRo
I+ RH
m.ﬂfql_
oz
mwctmﬁie
= a4
KOZo@ M.

X0z%0—=
Vsl
KR Iy
eI
MWW@._.W
<l <0
ooz °F
| = 000
7 ROFO B!
HO. o .

24

_98_



st o] H|Z

ZPy

MZ=Y-MEMY S

1L

A 2}

REAL VALUE ADDED PER WORKER IN BUSINESS SERVICES

B-AHAE,

RELATIVE TO MANUFACTURING - 2016
05

A

PO SR S SO, GOXE @&
A O NS S A e O TE NI STH R TERS S O

Xl &: OECD STAN database

CHZ | -

-7 dihd

REAL VALUE ADDED PER WORKER IN SMES (<249 WORKERS)

1

RELATIVE TO LARGE FIRMS (250+ WORKERS) - 2016

| ““‘|||‘|‘||||||||||||‘

\e FEFHFOS CFTHFL S E ST

,\o\s\(g@@s@wqy\&%\»& FS

XI&: OECD SDBS Structural Business Statistics 25

|l
rQ
i
]
El
Ix
Y

4r
Ho
neE
o Y
ik}
M

Flﬂg
%i.n
N
w O
xR

8%
3%

2 E1 ORI oK
TN o okHo

RN )
= o

L
300 O| 4t :49.2%
100~2999 10.6%
30~99%F 2.9%

309 0|2+ 0.2%

Rl
e
0>|

|g 20 : 14.2%('194 12. 5%)
4='20: 2,8058 H('1944 2,540

3)

26

_99_




EconomistX|Q| S 2| A

T.lceland gy, 1.Sweden
2.Sweden = & —— . |ccland

3. Norway -y - 3.Finland

4.Finland .y 4.Norway

5.P0land gy, . Portugal

6. France (A H‘ 2 8 6.Belgium
7.Denmark ﬁ / 7.France
8.Belgium ~ S . 8 New Zealand
9. Hungary Ny g 9. Poland
10.Canada N> v\ 10.Canada

11. New Zealand i /“ 11.Slovakia

12. Portugal \ 12. Denmark

OECD average \

13.5pain Ry \
14.Australia np g S
15. Slovakia \~ /4
16. Israel

17. taly
18. Austria 18. Germany

17. Britain
{m OECD average
19. Germany » V/A “/ 19. Ireland
20. United States Sy, Ry / &y 20. United States
21.Greece ~ \\ W\\ 21. Netherlands
22.Britain y,_S _— g A 22.Israel
23, Ireland PPy, g <4 23. Czech Republic
24. Netherlands mzg v ‘ 24. Hungary
25. Czech Republic N N —— 25 Greece

26. 26. Swit
27. Turkey 27. Turkey
28.Japan 28.Japan
29.South Korea 29. South Korea

/ 13. Spain
14. Australia
15. Austria
N 16 ltaly

2016

XI&: Economist. 2022.3.7.

2017 2018 2019 2020 2021

=2

T = £ [0

1

c| MK =& Fdot=s F
PNE:=S
BB SIS,
o=
| o
of-do| tistE &,
g2 SAlE,
22| A H|E,
ol b g,
2309 1l g,
NEPETTEY
Sotg x|zt 5
27

CESAEL2Z9| O

s Past and present technology
----- Future technology

Past and present education
Future education

DIGITAL
REVOLUTION

Technology

|

INDUSTRIAL
REVOLUTION

i k=Y

pain

Source: OECD (2019). “OECD Future of Education and Skills 2030".

St KX 2
SAKL 7} ot

St7| AlE

0| 7|=Hato| FHE
= Atz|240| 2otk
JledstE MET M= At
3| ZMO| 7§ M (Goldin &
Katz 2010)

28

-100 -




e s

oF

<}

md

o

Bl

ulr

<

=)

i

L o
Un  ulo fiod oo ol
ar oHK Kl K -0 5 <0 =

I _m_rﬂ HJW@MWA X% wl
K 4 W o™ = 007_|H_LA._
LM KT gol <l X g
KoR m R of 87 olonary
REzo M 00ujo7RO Zrsasguo of
57 Y 7 ol o ._x.omﬁumoﬁ.mn
=0 S T_Hu_ame_.__o _._._oz.__.._oHEmoH_._u M
Rururfoojo ™ uir o mo F1 oAUl < AT
< 4 <dond Yo H Har He M
wo, ., .. @O, oo, , .. EL
H T = =)

29

LS

o ®o g
ol = &
Kl =
I+ MH $0
o u- TF
H T 4
o 0 K
of o =

<
KH Ko =
5z B
M o B0
N @ 1!
ol ©oF o0
1|0 ’ [u)
0 m@ =
L
mg X0 1™
= I o =
= = = a0

<l o ol
Q@ o &dJdol
A_.eot M0 <4 o0
~o it T
oloTf nH 300 o X
0T Musd F=

Br<F

- 101 -



ofFC Ofe

A *xH
o =i

1E8LS

ml 1153 KM~
g =2
Mo =
il T~ &Ko
= BaN g
o OiK{dl ET_H
Klo=0o% =
w_._n SRR
T ous=oll MHI
ol Tk Rl
10 T _ = ol
Cws Lr_uwom
olo olxpEl0 L5
[y H__ln_l._Hm M.n_H._LQﬁ
s HLuiE
mm < m_u._l_ﬁl ._Llw
=) T __Klo Mﬂ
i S0 mo
w0 Ol-qm | ™
X0 mool= i
ol %0 —+30
= oS Hm
AW R
Mo T ol
N._U W_u_._x|o S0
K070 0T < A_.ewmoo__
00 pypp U0 SOFET
o™ arEnH oo™
Ko o<

1|4 F0ojoJ|d

A 278 £ 0{0F

£ ol

b =

FO
e

70

31

il
o

.

4
LHO

St 2 )
=]
7

oo 25 <hr

o ol N
= o= Amm
T KL

70 ~ 990 riil
<d oo o<

X0 HMH 30y

Ol mr
RIRO
<
H =
M=
#wmh
K=
H%

32

-102 -



24 411
o d

o

AL
-

1

o oft K
Kl o ﬁwo Klo
SR - < 0
A &l
v 7 Kigr 0]
e Kzg M
K| oy
o m N
L ik <] =30
K on KIoKlo =g
oy I WX —ml

1 14 =._._.__L MH Joll—

ki <|mH _..Aﬂ_Anl_t o o
uuko osHl Kozris <Fou
T o jorof MlopKd mlaT
~NiK T E ROKKo <HKr

33

H il
3 el o
ot 10 {0
= Moo o
3T KMo M
XF W K
olzy ol ¢ O
T r
= Kk 57 K
= 5 X
gl T o S X
mu_._._._ 14 =< K =
M_._._O_ Al_ ._|n_ﬂ 1o =
_|__”_._OH_ . O_b _ =
ook =i oMo
gl Nokpp o oo
K2 Iy <
pad :I,:_o <l a2
ol zr 1K 2 S
Mo X ols = o g
._.__.._o.__A.o KYgrd w=oon
KOL . jof BU= mrzogn N

HEZ 70 TS =0j0 g M
g 1 i Qim0 N

I = 5l o oy 0
i H = 54 w0 ozt I
R0 fIojl X< HKO ©
=< roojo olotfo ko o
X 13 ™ H ofol B

34

-103 -



=]
(I

oIr
joll
ar

—_r

™N
ok
nal

—_—

o
101
i

Iao
A T o
pt = g
ntm_:_ o =
o<t g &
KO GF 3T
PR W B0
ol K
ol =& Kl
T B0 4r
oI RO Ko
R R
N <TT 57 Kl

K 3 K
o o1 T

KOOK ol oF 100 ME
WrROMd el KO
RS 0 77
ol ™ m_.___ Kq &1 &Ik
Rl H<I N ol

35

TR
KO K|0

=

L2 3}

e
o
=]

N =

C| X

=
=
HEEER 7

-7 Al

~

36

- 104 -



HERA 7t &

FEY - Y7 AY
H A
H o

2 5
NN
Klo %
M4
OM ._un.uH
WP ' o
o E
ol T m
B o
W o X
il S
<d
ur =z W
I-I._._. 7
e
N oy
N Koo
_|__“_ Mo
=0 oen o
(0] AQ.U_.Oﬂn__.O
Jn@ ._._moMo._Auo
m_ TOT 50
= DX
= Ty
K 3o
Ol_ ﬂ.ﬂﬂmﬂ:
31 ok |
~ Weuw
A._O“_u._AJ.%lA_
_A_.Qm_._._o .

ST
m
™~ ﬂm
- K
EER
M
0
Yoo
T KI
KO il
1 TR
ol ZIKH
G IEN
I L
__M.ﬁ_v i
~ M
b G
10 mww
=~ <U-
<A ool
ojnu m_%p___
i <
muurm__wqx._
o<
Yo 3
Elul__lmu.._Al
A_H.__ﬁuw__l__._n
m:._moEo_e
___emuwmuu_:_o
—tn 1 M.
(0] _”_”__Lﬂ__._lmﬂ
o<l ° T

KO

-105 -






I
ll

A

%

A7 o

—L
T

2023. 2. 2.

- 107 -






TEAZL G54 284 FHEY HHudd 1E
Al AA SR

o

=7 OECD =7}=

=
2L

)

T ST

Zgd =4 2021d -y

el
K

o

A $2jelel

J

78

A

AL Aot
G2 14904 RHE 9

3L

o}

3

2

ok A HAAAe] A SEADES 191541k ® vl L791A1%E, L& 1L607TAIZER
Y 1,34941%,

Seug 2RAR)
o 4,

)
_

2=27ke] T

HbA =0

BAIZY] @52 714H Ao Z2ANA F

Q.

o mepA =2

747}

1

0
yil

49

w=2)4] Hlefolt}.
g SgHo FolA =

[e)
L

M

B

I AxE 7HH 20

Z o
=

AU oluw

9

AU, =5 ARoZ A

oju

Eo

Ho

ARt e 5 vk 29d 2

=, 2012).

[¢]

]

=

7]° (work sharing)”} Atz AdH A Z(ennifer Hunt, 1999;
Daiji Kawaguchi, Hisahiro Naito and Izumi Yokoyama, 2008; <] %]
HEol B o]FHA wnlieks A

-
-

N

bl A a8

S

a7 yebd = Ao

|
- 109 -

Zx
a1

A 3A



=t ol A=A 2 7HA SAHAHRJ] aHE FHS
o

20049 ol F AAH F5L TRAF 4} Fuo) Wk AY Aol BE A
_i'_

¢

AdA g Aol Ak S=AIZEe A s3E FAMs, 1 A =N
ol &AM 2bA7E 2t e AT Ahn (2016)2 5 ZFA1 AlF o
ol FAE] oA Ar|Hor +FE e T A4l MAFHEe T3 T4
Ao = ZEARO] A A0l it A7 A3 = vk(Park and Park,
2019). 1=y o7 A7+ A3t ZEAD dES AF FEE Aolok dne A
< dulsts AL ofynh A AHIYE TEAZE d=o A AHRE s of
stal SAAR] adE Hl ZA3e Ffdde TEAL g0l fdT B ol
obd = sloem o AHA s T P AFFA FEdAE wA ol & 5 9]
th & 59, SEALE EolW A&l Eold F AT A ES o=y
T T ZEAR G50 AAF oz JHE EaFFHl FHoAs ¥e Aot =
TEAT G5S T3 AN AvE A AP dAF aHd B ALV T
Ak obd Zojn. Ay Fde ddl S2ARE dSsiAe FAETUE At
ol g™ e datA Fotx Hue Aol ¥ A5¥Ho] A EdH. Ve
HE T3 msgatdol dazor FgEUA Q3to] FAIZE HEE=FoA Hlof
Ui oe A AHLE olE ST Eu

=
[} Rt
AAG o YEbd 38AA AR EDQF of2Y Fae dF A& ol
duE e HY ol g1 4 Utk I9d B 87 ofZoly g7 Hlas
R = 8807l W&ol AF7F A

= 7] =

ol EAE dMAstA XIS/ obvt=: 1wk Aok Ao e 7] oH
71949 QAR A 2H"lo] avkg 1 xstE o] YA RIAMAAS 7ol Atk ol &
ZIdolAl SEA G52 584S SV He 459 FHA8MAY AFd
< F A 28y O AFolA &l mAE FAA dEFS AT e A
zZbstH ol FA W] e ZigelA FEdk AL ot HAE &
BEAo] o]fo AAAQ FFS vHte LS 1HT o a8 59 XS 4
deta = F AT

- 110 -



1}
s

=
HA

S

°

]

(o]

A

T
=

ABA T

A =5 o

|

) .

O]

=
At
Fol 224 AAY UB

Pk vls@ FzolA U
A

zH =
S

<l
Q)
=

&
)

7heb 54
O AFRRE 253 #Agoe] A

]

H F52A A o et

A

e

3 Ao FEAA
A3 o

]

RSP P AT B

B, AL

Eul
o] RES| HFH YA AMNE Yehs

=

9

]

[e))]
=2 /;'

U= Wolx 1
AEDICE

T
T
T—
T

AsRCR bl
w5 wel, Ao AFel A SR}
a7

=
5

o

o

L
—

A

P ol &=
A

Labor Market

g
Responses to Legal Work Hour Reduction: Evidence from Japan, ESRI Discussion

0]

1

o
o
=

=

2008,

Joll ofsf Art 7}
Yokoyama,

A

!

=
2]
[zumi

- 111 -

o], 2012, F40AIZE SFAL] =0l 2T A=
Hisahiro Naito and

Kawaguchi,

F:}- .

B, =5AdA=H, 3503): 83-100.
Taehyun Ahn, 2016, Reduction of Working Time: Does It Lead to a Healthy

[¢]

Lifestyle? Health Economics, 25: 969-983.
Jennifer Hunt, 1999, Has Work-sharing Worked in Germany? Quarterly Journal of

Economics, 114: 117-148.

Paper Series No. 202.

]

2
Daiji



Jungmin Lee and Yong-Kwan Lee, 2016, Can Working Hour Reduction Save
Workers? Labour Economics, 40: 25-36.

WooRam Park and Yoonsoo Park, 2019, When Less is More: The Impact of the
Regulation on Standard Workweek on Labor Productivity in South Korea, Journal
of Policy Analysis and Management, 38(3): 681-705.

- 112 -





