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drop U74 U75
gen U74 = cond(RE74 == 0, 1, 0)
gen U75 = cond(RE75 == 0, 1, 0)

gooooooooooa

gen AGESQ = AGE*AGE

gen EDUCSQ = EDUC*EDUC

gen NODEGREE = 0

replace NODEGREE = 1 if EDUC < 12

gen RE74SQ = RET4*RET4

gen RE75S5Q = RE75*RE75

gen UT4BLACK = U74*BLACK

gen U7T4HISP = UT4*HISP

sum AGE EDUC NODEGREE BLACK HISP MARR U74 U75 RE74
RE75 RE78 TREAT AGESQ EDUCSQ RE74S5Q RE755Q U74BLACK
UT74HISP

00%

bysort TREAT: sum AGE EDUC NODEGREE BLACK HISP MARR
U74 U75 RE74 RE75 RE78 TREAT AGESQ EDUCSQ RE74SQ RE755Q
U74BLACK

/*¥00 Treatment-control comparison */
regress RE78 T
regress RE78 TREAT, robust

/*00  Control function estimator */

regress RE7T8 TREAT AGE AGESQ EDUC NODEGREE BLACK HISP
RE74 RE75

regress RET8 TREAT AGE AGESQ EDUC NODEGREE BLACK HISP
RE74 RE75, robust

*JOoOoO0ooooooo

gen TAGE = TREAT*AGE

gen TAGESQ = TREAT*AGESQ

gen TEDUC = TREAT*EDUC

gen TNODEGREE = TREAT*NODEGREE
gen TBLACK = TREAT*BLACK

gen THISP = TREAT*HISP

gen TRE74 = TREAT*RET4

gen TRE75 = TREAT*RE75
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regress RE78 TREAT AGE AGESQ EDUC NODEGREE BLACK HISP
RE74 RE75 TAGE TAGESQ TEDUC TNODEGREE TBLACK THISP
TRE74 TRET75

/*00 Differences-in-differences™®/

gen id = n

label variable id ”id”

gen EARNS1 = RE75

gen EARNS2 = RE78

reshape long EARNS, i(id) j(year)

gen dyear2 = 0

replace dyear2 = 1 if year==2

gen Tdyear2 = TREAT*dyear2

regress EARNS Tdyear2 TREAT dyear2
regress EARNS Tdyear2 TREAT dyear2, robust

/*0 2 Before-after comparison®/
regress EARNS Tdyear2 if TREAT==1
regress EARNS Tdyear2 if TREAT==1, robust

/*00 Propensity score 0 00O */

logit TREAT AGE AGESQ EDUC EDUCSQ MARR NODEGREE BLACK
HISP RE74 RE75 RE74SQ RE755Q U74BLACK

predict PSCORE

00000 propensity score 10000000 OOONO
sum PSCORE if TREAT==

scalar PTMIN = r(min)

scalar PTMAX = r(max)

sum PSCORE if TREAT==

scalar PCMIN = r(min)

scalar PCMAX = r(max)

drop if PSCORE < PTMIN

drop if PSCORE < PCMIN

drop if PSCORE > PTMAX

drop if PSCORE > PCMAX

sum PSCORE

gen PSCORESQ = PSCORE*PSCORE
regress RE78 TREAT PSCORE PSCORESQ

*Propensity score 1 1000000
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global cutl = 0.1

global cut2 = 0.2

global cut3 = 0.3

global cut4 = 0.4

global cutb = 0.5

global cut6 = 0.6

global cut7 = 0.7

global cut8 = 0.8

global cut9 = 0.9

gen STRATA =1

replace STRATA = 2 if PSCORE > $cutl & PSCORE <= $cut2
replace STRATA = 3 if PSCORE > $cut2 & PSCORE <= $cut3
replace STRATA = 4 if PSCORE > $cut3 & PSCORE <= $cut4
replace STRATA = 5 if PSCORE > $cut4 & PSCORE <= $cuth
replace STRATA = 6 if PSCORE > $cutb & PSCORE <= $cut6
replace STRATA = 7 if PSCORE > $cut6 & PSCORE <= $cut7
replace STRATA = 8 if PSCORE > $cut7 & PSCORE <= $cut8
replace STRATA = 9 if PSCORE > $cut8 & PSCORE <= $cut9
replace STRATA = 10 if PSCORE > $cut9

tab STRATA T

gboooooobooboooa

tab STRATA TREAT, sum(AGE) nostand nofreq

tab STRATA TREAT, sum(EDUC) nostand nofreq

tab STRATA TREAT, sum(MARR) nostand nofreq

tab STRATA TREAT, sum(NODEGREE) nostand nofreq

tab STRATA TREAT, sum(BLACK) nostand nofreq

tab STRATA TREAT, sum(HISP) nostand nofreq

tab STRATA TREAT, sum(RE74) nostand nofreq

tab STRATA TREAT, sum(RET75) nostand nofreq

tab STRATA TREAT, sum(U74BLACK) nostand nofreq

Jooooooooooooooo

bysort STRATA: oneway EDUC T

#delimit ;

global sum = 0 ; /* Sums the estimate of interest over strata ;

global sumwgt = 0 ; /* Sums the number of treated obs over strata */

global count = 0 ; /* This gives the number of Strata used */

global numcut = 10;

global XLIST AGE AGESQ EDUC NODEGREE BLACK HISP RET74
RET5;
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forvalues i = 1/$numcut { ;
global addon = 0 ; /* Within strata estiamte of interest */
global tobs = 0 ; /* Within strata number of treated obs */
capture { ;
quiet regress RE78 TREAT $XLIST if STRATA == 4’ ;
global addon = _b[TREAT] ;
quiet summarize TREAT if TREAT==1 & STRATA==";
global tobs = _result(1) ; * # of treatment observations ;
I
di 7“1’ estimate = $addon Top cut = ${cut‘i’} #treat obs = $tobs” ;
if $addon "= 0 { ;
global sum = $sum + $addon * $tobs ;
global sumwgt = $sumwgt + $tobs ;
global count = $count + 1 ;
b
s

#delimit cr ;

O Prppensity score OO OOOOO

di $sum / $sumwgt 7 Count = ” $count
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K1 BEHOERETHEDLLE

EH TE Méﬁs ALEREE TR EE
ean Mean Mean
AGE FHh 34.226 25.816 34.851
EDUC HEFH 11.994 10.346 12.117
NODEGREE #EE#M12&Y/NENVF=— 0.333 0.708 0.305
BLACK BASZ— 0.292 0.843 0.251
HISP ERNZYHHEE— 0.034 0.059 0.033
MARR s s— 0.819 0.189 0.866
u74 1974 FE DR ESFZ— 0.129 0.708 0.086
u75 1975F DK EFZ— 0.135 0.600 0.100
RE74 1982FE DR ILEETINNAENEEES 18230.000 2095574  19428.750
RE75 1982 DK ILEETIIENELEES 17850.890  1532.056  19063.340
RE78 1982 DK ILEETIIBENEEES 20502.380  6349.145  21553.920
TREAT MR, XFHREE=0 0.069 1.000 0
AGESQ FEHD_F 1281.610 717.395 1323530
EDUCSQ #BEHO_F 153.186 111.060 156.316
RE74SQ 1982FE DR ILMETINAENEEEEND_F 521E+08  281E+07 5.57E+08
RE755Q 1982F DR IILEETI9SFENEEEENDTE 5.11E+08  1.27E+07 5.48E+08
U74BLACK B ATIOAEIZRELTLNAAZ— 0.055 0.600 0.014
U74HISP  ER/NZWHTI9TAFEIZLRELTLNAAE— 0.006 - -
Sample Size 2675 185 2490




K2 BEIFEOESDRDHETE

Treatment—control

Control function

Before—after

Differences—in—

D\?Zreiggleer_]t comparison estimator comparison differences
RE78 Coefficient Robu.st Coefficient Robu§t Coefficient Robu.st Coefficient Robu§t
z—ratio z—ratio z—ratio z—ratio

TREAT -15205 -23.18 217.944 0.28 -17531.280 —48.62
AGE 158.506 1.05
AGESQ -3.233 -1.54
EDUC 564.624 464
NODEGREE 502.091 0.79
BLACK -699.335 -1.62
HISP 2226.535 1.83
RE74 0.279 4.51
RE75 0.568 8.56
Tdyear2 4817.09 7.71 2326.505 3.11
dyear2 2490.585 6.01
_cons 21553.92 69.13 —2836.703 -0.97 1532.056 6.47 19063.340 69.95
Number of 2675 2675 370 5350
observation
R-squared 0.061 0.586 0.139 0.087
Root MSE 15152 10075 6010.8 14185




%3 Propensity Score Df=hD A vHEE

Dependent Variable: .- Robust
TREAT Coefficient —_ atio
AGE 0.331 2.75
AGESQ —-0.006 -3.42
EDUC 0.825 2.33
EDUCSQ —-0.048 -2.60
MARR -1.884 -6.29
NODEGREE 0.130 0.30
BLACK 1.133 3.22
HISP 1.963 3.46
RE74 0.000 -2.95
RE75 0.000 -5.23
RE74SQ 0.000 3.59
RE75SQ 0.000 0.24
U74BLACK 2.137 5.00
_cons -7.552 -3.08
Number of observation 2675

Log Likelihood —204.9295

LR chi2(13) 935.44
Prob>chi2 0.000

Pseudo R2 0.695




