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1. Review: Pop. Parametafghat did
your sample regression aspire to estima

Sample Population
1. CEF
y = Xb + e, x0e=DBBLP

3. Causal Effect
4. Linear Causal Effect

5. Perfectly specified
equation model including all
relevant variables

In principle #4 and #5 yield identical population parameters for b,
if Cov (x,, U| b,0.% =0, i.e., no omitted variable bias.



1. Review: Problems that extra
abl
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Solution Add the omitted experiment iInstrument
Problem var.
1. Forgot X, o 4 /
2. Selection - (— _—
3. Meas. Err. . —
v >
4. Misspecification - ~ o
5. Heterogeneit
genelty v L L
6. Endogeneity/
ol $%4 7

Simultaneity

Good omitted variables, experimental data and instruments are all hard to find.
Where do control functions and matching fit?




la. Discussing omitted variable bias in VSI
e.g. selection bias & reconstruction spending (CERP, JPE 2011

CERP w/controls CERP in FD, 2004-08 CERP in FD, 2007-08
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coef = .015, (robust) se =.004, t = 3.9 coef =-.009, (robust) se =.004, t =-2.2 coef =-.018, (robust) se = .006, t =-3.0




Discussing omitted variable bias:

reporting results

TABLE4 20042008------
Incidents per
Violent Incidents 1000 ¥ (1) ®) @3) (@) (5) (6)
on CERP
Spending Basic controls Y Y
(Berman, Time controls Y Y Y Y
Shapiro, Felter First
;Fo’lEi)AUgUSt differences Y Y Y
Preexisting Y v
tremg (e
District specific
Y
trends
CERP per 0.0213*** 0.0147*** 0.0115**+*  -0.00945** -0.0111**  -0.0110**
Capita (0.004) (0.0038) (0.0040) (0.0043) (0.0043) (0.0046)
Preexisting 0.195** 0.192**
tremg (e (0.080) (0.087)
Constant 0.361*** 0.306** 0.262** 0.217*** -0.124*** 0.0890**
(0.085) (0.13) (0.10) (0.046) (0.041) (0.042)
Observations 1040 1000 1000 936 832 832
R-squared 0.08 0.25 0.33 0.17 0.21 0.21
'(\:A\?)PE (1€old 3.52 3.05 2.81 4.77 4.95 5.25

Robust standard errors in parentheses, clustered by district. Results are robust to clustering by governoratesinsteagidghégndsy estimated population. Basic
controls include sect, unemployment, and income variables (as in Table 3). Time controls include year indicatmsetiwhtiadin iSunni vote share (as in Table ?
District specific trends are district effects in a differenced specification. Basic controls are droppediffeventiestpecifications as they do not vary on a semi

annual basis. *** significant at 1% level; ** significant at 5% level; * significant at 10% level



The limits of adding more variables and
experiments

Adding the extra variables Is expensive or
Impossible

Experiments are often expensive, unethical
or impossible

- even when possible they are a lot of work
(see MclIntosh course)



2. Instrumental Variables vs.

Measurement Error

Yi = by + byx* +

X*; not observed. The best we can do is observe a noisy measure
of x*..

X, = x* + v;, Cov (v,x*)=0, Cov(Ux*)=0, Cov(v, =0
nNncl assical 0o measurement error a
Rewrite as an omitteq variable..
Yi=Dbg+ by (X1 V)+9
=B+ byX-bv+ 4 (L)
yi=bg+ b X + U (S), Cov(x,u) 1 ©

..and use OVB formula to solve
b,°=Db," + by byt



2. 1V. vs. Meas. Error: Solution

Solution:
A. Find another noisy measure of x*
Z, = X*;+w,, Cov (w,x*)=0, Cov(w,v)=0,
Cov (w,0=0
B. Note that Cov(z, U = 0 (valid)
and Cov(z,x) > 0 (relevant)
C

Why does this work?
- Uses only the variance in signal to estimate,
IV removes the variance in noise



2. 1IV. Vs. Meas. ErrarReturns to
Schooling in Twinsville Sample

Orley Ashenfelter and Alan Krueger set up a
booth at the annual Twinsville Twins festival
In 1991 and surveyed identical and fraternal
twins.

They were really looking for fixed-effects
estimates but they happened to ask the twins
to report each ot her os




\ 2.1V.Vs. Meas. ErrarReturns to
Schooling, Twinsville Data, AER 1994

VOL. 84 NO. 5 ASHENFELTER AND KRUEGER: ECONOMIC RETURN TO SCHOOLING

TapLE 1 -DESCRIPTIVE STATISTICS

Means (standard deviations Self-employed .15 .10 0.12
in parentheses) (0.36) (0,300 (0.32)
Identical Fraternal Covered by union 0.24 0.30 _—
Wariable twins® twins®  Population® (0.43) (0.46)
Self-reported 14.11 13.72 13.14 Married 0.45 0.54 0.62
education (2.16) (2.01) (2.73) (0.500  (0.500 (0.48)
Sibling-reported 14.02 13.41 — Age of mother at 28.27 29.38 —
education (2.14) (2.07) birth (6.37) (7.05)
Hourly wage $13.31 $12.07 $11.10 Twins report same 0.49 0.43 —_
(11.19) (5.400 (7.41) education (0.500 (0500
Age 36.56 35.59 38.91 Twins studied 0.74 0.38 -
(136D (8.29) (12.53) together (0.44) (0.49)
White .94 0.93 0.87 Helped sibling 043 0.24 —
(0.24) (0.25) (0.34) find job (0500 (0.43)
Female 0.54 0.48 0.45 Sibling helped 0.35 0.22 —
(0.50) (0,500 (0.5 find job (0.48) (0.41)
Sample size 298 92 164,085

“SUurﬂe Twinsburg Twins Survey, August 1991,

®Source: 1990 Current Population Survey (Outgoing
Rotation Groups File), Sample includes workers aged
18-635 with an hourly wage greater than $1.00 per hour.




\ 2.1V.Vs. Meas. ErrarReturns to
Schooling

THE AMERICAN ECONOMIC REVIEW DECEMBER 1994

TapLE 3—OroiNARY LEAST-SouArES (OLS), GENERALIZED LEAsT-Souares (GLS),
INsTRUMENTAL-VARIABLES (IV), aND Fixen-ErFFecTs EsTiMaTes oF Loc WacE
EouaTions For InesnTicar. Twims®

First First
OLS GLS GLS Iv= difference difference by IV
Variable (il (ii) (inn) (v} (v (wi)
Own education 0.084 LOB7 0,088 0116 0.092 0.167
(0014 (0015 (0015 (00300 (0.024) (0.043)
Sibling's —_ — — 007 —0.037 — -
education (0.015)  (0.029)
Age LOB8 0.090 000 0088 — —
(0.019)  (0.023)  (0.023) (D019
Age squared =0.087 —0.089 —0.090 —0.087 — —
(= 1007 (0,023 (0028)  (0.029)  (0L024)
Male 0204 0,204 0.206 0,206 — —_
(0.063) (0077 (0077 (0.064)
White —0.410 —0.417 -0424 —0.428 - —
(0,127 (0.143)  (0.144)  (0.128)
Sample size: 24958 298 298 298 149 149
RZ: 0.260 0.219 0,219 — 0092 —

Notes: Each equation also includes an intercept term. Numbers in parentheses are
estimated standard errors.

“Own education and sibling’s education are instrumented for using each sibling's
report of the other sibling's education as instrurments.

Note: GLS is Seemingly Unrelated Regression (SUR)



3. IV vs. Selection Bias: Military Service
and the Draft Lottery

nBe all that vyou can be! o Whato
lifetime outcomes?

o

|l magine y = U + b x + U,
where x is an indicator of service, y is some outcome measure,

b is the fAlinear causal effect 0
assigned and we ran a regryelsgl o

But (x,y) pairs are drawn from nonexperimental data, so
Cov(x,U) 1 o0

Selection Bias would be a problem: N
selection in volunteer military by both individuals and military

selections in conscripted military by both individuals and military

- Hard to sign the bias. In WWII there was apparently positive
selection into the military.



3. IV vs. Selection Bias: Draft Lottery

Draft lottery over birthdates instituted in 1967
for 1950 birth cohort.

Someone pulled a ball with a birthdate on it
from a rotating bin with 365 balls, on national

TV.
z‘ (0,1) Cov(z,U) = 0, Cov(z, X
Everyone with that birthdate was draft eligible

but not all eligibles ended up serving (e.qg.,
Bill Clinton was z=1 but x=0.)



3. IV vs. Selection: Draft Lottery

Lifetime Earnings and the Vietnam Era Draft Lottery: Evidence from Social
Security Administrative Records

Joshua D). Angnist

The American Economic Review, Vol. 80, No, 3 (Jun., 1990), 313-336.
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Differences in Earnings w/ trend
removed [Reduced Form]

[l

NONWHITES EARNINGS DIFFERENCE
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Notes: The figure plots the difference in FICA taxable earnings by drafi-eligibility
status for the four cohorts born 1950-53. Each tick on the vertical axis represents $500
real (1978) dollars.

Fraurg 2. THE DNFFERENCE IN EARNINGS BY DRAFT-ELIGIRILITY STATUS



4. \Wald Estimator

For a simple regression with a binary
iInstrument the IV estimator simplifies to a
Wald (1940) estimator.

IV estimator can also be interpreted as the
ratio of reduced form to first stage, in this
simple regression case.

Which variance (subpopulation) provides
identifying information?
(Forest Gump, Bill Clinton, groaners)



Effect of Eligibility on Services{btage]

TaABLE 2 —VETERAMN STATUS AND DeAFT ELIGIBILITY

Whites
Data Set Cohori Sample  P{%Vcteran) Fid Fi B — p"
SIPP (534)* 1950 is1 0. 26TE 03527 01933 O 1594
0L Ry (00325 (D.0233) (000000
1951 359 01973 02831 0. 1468 01362
(00127 (0.0390)  (D.OLROY  (0.0429)
1952 134 01554 X310 1257 0.1053
(0.0 1) (0073 (D0L46)  (0.0495)
1953 o0 01208 L1581 1153 0027
(LD 00339y (00152 (00372
DM ACWHSY 1950 16119 00633 00936 00279 00657
LR i) R (00032 00019y (00037
1951 L&THE 11T 02071 OO 0E 13632
(TS (RS (0002 ay D QeDEay
1952 17703 LI5S 02683 01102 01581
(0L T (00065 (0U0027T)  (0U00T1)
1953 17745 L1343 1548 01268 0,03 &0
(OLCH28) (00053 (0U0029) (0.0
MNMomwhites
Data Set Cohort Sample P{Vecicran) il =" B* — p"
SIPP (B4)™ 19540 T La2Ss L1957 1354 Ch.OeaiD 3
(0.0292) (00699 (00491)  (DU0854)
1951 63 L1703 020014 01514 LR ]
[RLR L COODE27Ty (DU Ry (0009400
1952 52 01332 014489 O12ET R
(D075 (OO0 (0U0ATI) (001 105)
1953 55 01749 01980 R e 00367
(00305 (LDBES)Y (004700 (D.0984)
DMDC AOWHSY 1950 5447 0017 00545 L0271 00276
(0.2 T) (0.B042)  (00032)  (0.00353)
1951 5258 00T LU R L] 00574
(0003 Ty (LO0TE)  (0.0040)  (0.0086)
1952 5403 a5 3 01430 0794 0, (kG
[0 CHOR) (00095 (00042 (0.0104)
1953 5303 0925 i (P k0SS 0. B0

RS (00T D0D4aE) (0002

Mares: Standard errors in parentheses. 57 is the probability of being a wveteran

conditional on being drafi eligible; 5 is the probability of being a veteran conditional
on being incligible.



‘Effect of Service on Earninggd3tage]

TABLE 3 —WaALD ESTIMATES

Draft-Eligibility Efects in Current §

FICA Adjusted FICA  Total W-2 Service Effect
Earmings Earnings Earnings j° — j* in 1978 §
Cohort Year (1) ) i) {4) i)
1950 19581 -435.8 - 4878 589.6 0.159 =21958
{210.5) (237.6) (290.4)  (0.040) {1,069.5)
1982 —320.2 —396.1 - 5.5 -1,6783
{235.8) (281.T) (345.4) (1,193.6)
1983 —3405 — 4501 - 5129 = 1,795.6
{261.6) (302.0) {441.2) (1,204.8)
1984 — 4843 —638.7 ~1,1433 — 25177
{2E6.8) (336.3) (491.2) (1,326.5)
1951 1951 1583 = 428.7 716 (136 =2261.3
{203.6) (224.5) (423.4) (0043 {1,184.2)
1982 —117.3 —278.5 —72.7 — 13866
(220.1) (264.1) (372.1) (1,312.1)
1933 3140 — 4522 — 8965 =2 1518
(253.2) (2849.1) {426.3) (1,395.3)
19584 1984 5733 g09.1 =216479
(279.2) (33L.1) (3809 (1,329
1952 1981 —341H — 396 — 4405 0105 —2,50213
(206.8) (228.6) (265.0)  (0.050) (1,556.7)
1982 —2351 —255.2 —514.7 — 16265
(232.3) (264.5) (296.5) (1,685.8)
1983 —437.7 — S00.0 — 9157 — 31035
(257.5) (2947 (3950 (1,829.2)
1984 —436.0 = 5600 = TH7.2 13238
(2819 (3301} (376,00 (1,959.3)

Notes: Standard errors in parentheses.
Columns (1) and (3) are taken from Table 1.
Column (2) reperis deali-eligibality ireatment effects on earmngs adjusted for censonng

at the FICA taxable maximum. The adjustment procedure is described in the Ap-

pendix. Column () reports SIPP estimates of the effect of draft eligibility on veteran
status, taken from Table 2. Column (3) reporis estimates of the effect of military service
on civilian earnings 15 imphied by columns (2} and (4).

487.8/.1594=
3060.2




TABLE 4—TW0-5SFAGE INSTRUMENTAL VARIABLES ESTIMATES

Whites
FICA Adjusted FICA Total W-2
Cohort Taxable Earnings Earnings Compensation
Maodel 1
1950 —170%.2 — 20937 — 184950
{946.8) (1108.8) (133313
1951 —14571 — 19837 —-2431.4
(959.3) (1036.1) (11521}
1952 —1724.0 — 15430 — 20587
{863.1) (927.2) (10019}
1953 1223.8 0,7 —4BE.6
{3232.1) (3505.3) (3936.10)
¥2ATY ATE3 6303 5605
Model 2
1950-33 — 15629 — 19204 — 84,5
(321.8) (575.9) (646.3)
% 2ETE) 4791 &30 5607
MNonwhites
FICA Adjusted FICA Total W-2
Cohort Taxable Earnimgs Earnings Compensalion
Model 1
1950 38937 38919 STLL.A8
{5358.5) (6244.5) [ T206,0)
1951 —B91.3 —3334 2609.0
{4397.1) (4664.7) [4ED4 5)
1952 — 31829 — 34573 — 30680
{3997 4) (4195.7) [4229.2)
1953 — 59283 —B571.4 - 63258
{10296.3) (106971} [11410.6)
¥ETH 6167 GR1.T 6493.6
Maodel 2
1950-53 — 6413 — 9997 66,7
{2407 5) (2607.5) {1734.7)
(B76) 6184 683.4 £95.6

Notes: Standard errors in parentheses.
The table shows estimates of the effect of military service on average 1981 -84 earnings
in 1978 dollars. The estimation method is optimally weighted Two-Sample Instrumental
Variables, described in the text FICA and W-2 earnings are from the Social Security

CWHS. The adjusted FICA senies is described in the Appendix.

5. Efficient IV
estimates
and over
identification
statistics

ATable 3 has multiple consistent
estimates, so

1) you can estimate more efficiently
by combining estimates, and

2) you can test a necessary condition
for validity.

OID interpretation and intuition




The Validity Oath

The only way that z can be correlated with y
IS through its effect on x.

Gl bill, generalizability

Draft avoidance behavior, Canada
What to do? OID tests



‘ More clever |Vs:




