Instrumental variable method




Outline

» Assumptions and limitation of instrumental variable
method.

» Applications in economics
-- ways to find a good instrument variable

» Extension of event study




What do we want to estimate@¢

» The effects of government programs and policies, such as
those that subsidize fraining for disadvantaged workers.

» The effects of individual choices like college aftendance.

» The effects of disclosure quality (on cost of capital)




Why do we need instrumental variables ?

Instrumental Variables (V) estimation is used when your model has
endogenous x's. That is, we run the following regression Y = a+ X, + ¢
but Cov(X,.e) # 0.

In this case, B is biased and not asymptotically consistent.

» Omitted variable bias from a variable that is correlated with X but is
unobserved, so cannot be included in the regression

= Simultaneous causality bias (endogenous explanatory variables; X
causes Y, Y causes X)

= Errors-in-variables bias (X is measured with error)

Instrumental variables regression can eliminate bias from these three
SOUrces.



Terminology: Endogeneity and Exogeneity

= An endogenous variable is one that is correlated with ¢
= An exogenous variable is one that is uncorrelated with ¢

“Endogenous” literally means “determined within the system,” that is, a
variable that is jointly determined with , that is, a variable subject to
simultaneous causality.

However, this definition is narrow and IV regression can be used to
address omitted variable bias and errors-in-variable bias, not just
simultaneous causality bias.




Conditions for valid instfruments

= Assume that Y is generated according to the following data
generating process: Y = a+ X+ e with Cov(X, ) # 0.

= Conditions for valid instrument variable(s) Z:
1. Independence : Cov(Z,&)=0
2. Exclusion restriction . Z will affect Y only through X
3.relevance : Cov (Z, X)>0, (The first stage F-statistics from Z >10 )

4. Monotonicity




Random Assignment as an instrumental Variable

®» Assumptions:

1. Z; has to be independent with potential outcomes, Y;
and D;

2. Exclusion: Z; affects Y only through D
3. E[D|Zl =]] - E[DlZl :O] >0
4. No Defiers

» Wald estimate = B
_ Elrylz=1] - Ely;| 2= 0]

“Elilz=11-Elilz=0] i1}~ Yi(0)|complier]




The Validity of Insfruments

We can testif Cov(Z, X) #0

» Just testing Hy: 7; = 0 in the regression: x =z, + 1/ + v

= Sometimes refer to this regression as the first-stage regression
We can’ttestif Cov(Z, €)=0

We have to use common sense and economic theory to decide if it
makes sense to assume Cov(Z, ) =0

» Can't directly test this condition because don’'t have unbiased
estimator for

» OLS estimator of ¢ is presumed biased and the IV estimator of
depends on the validity of Cov(Z, &) = 0 condifion



IV Estimation in the Simple Regression Case

Explanation #1:
Fory = g, + B x + €, and given our assumptions
Cov(Zy) = g,Cov(Lx) + Cov(Z &), sO
S, = Cov(zy) / Cov(zX)

= Then the IV estimator for g, is 2z~ 2)Yi~Y)

2.i(zi=2)(x;—X)

» Where Instrument is binary:

.~ _ E(v|z=1)-E(r|z=0)
P lim g ~ E(x]2z=1)-E(x | z=0)

This is called the Wald estimator




IV Estimation in the Simple Regression Case

Explanation #2: Two Stage Least Squares (2SLS)
(1) First isolates the part of X that is uncorrelated with : regress X on Z using OLS
Xi=m+mZ +v; (1)

Because Z; is uncorrelated with € , n, + 7;Z; is uncorrelated with g. We don't know 7z, or z;
but we have estimated them, so...

Compute the predicted values of X; ,X;, where , X; = o+ mZ, =1
(2) Replace X; by X; in the regression of interest:
regress Y on X; using OLS:
Yi =B+ BiX; +e (2)
Because X; is uncorrelated with g in large samples, so the assumption A1 holds.

Thus g; can be estimated by OLS using regression (2)

This argument relies on large samples (so that 7, and z; are well estimated using regression
(1))

The resulting estimator f; is called the “Two Stage Least Squares” (TSLS or 25SLS) estimator



The General IV Regression Model

» The general IV regression model: notation and jargon
Yi= B+ BXei teos BKiit B Wait . B Writ &
Y; is the dependent variable

Xii, ... . Xy Qre the endogenous regressors (potentially correlated with ¢, )

Wi, ..., Wy;are the included exogenous variables or included exogenous
regressors (uncorrelated with )

Lo, --- Ssr Are the unknown regression coefficients

Z1;. ..., Ly Qre the instrumental variables (the excluded exogenous variables)




ldentification and over-identification

» We need to infroduce some new concepts and to extend some old
concepts to the general IV regression model:

= Terminology: identification and over-identification

» TSLS with included exogenous variables o One endogenous regressor o
Multiple endogenous regressors

= Assumptions that underlie the normal sampling distribution of TSLS o
Instrument validity (relevance and exogeneity) o General IV regression
assumptions



ldentification

= |n general, a parameter is said to be identified if different values of the
parameter would produce different distributions of the data.

= |n |V regression, whether the coefficients are identified depends on the relation
between the number of instruments (m) and the number of endogenous

regressors (k)

» |ntuitively, if there are fewer instruments than endogenous regressors, we can't
estimate S, ... [

= For example, suppose k =1 but m =0 (we have no instruments). The coefficients
S, ....[ are said fo be:

» Exactly Identified if m=k. There are just enough instruments to estimate g, ... .5

* Overidentified if m>k. There are more than enough instruments to estimate
B ... B If so, you can test whether the instruments are valid (a test of the
“overidentifying restrictions”)

* Underidentified if m<k. There are too few enough instruments to estimate
B, ... . 1fsO, you need to get more instruments!




General |V regression: TSLS with one
Endogenous Regressor

= The regression model takes the form,
Yi = B+ BiXitBWyit. .t B, Wy &
Instruments: Zy;, ... , Zy;
= First stage :

Regress X; on all the exogenous regressors: regress X, on Wy, ..., W, and Z,;, ...
Zmi Using OLS
Compute predicted values X; , | =1...n.

®» Second stage .
Regress Y; on Xy , Wy, ..., W, using OLS

The coefficients from this second stage regression are the TSLS estimators, but
the standard errors are again wrong




General IV regression: TSLS with Multiple
Endogenous Regressors

= The regression model takes the form,
Yi =Bt BiXu teos BKit BeaWait o B Wait €
Instruments: Zy;, ... , Zy;
= Now there are k first stage regressions:

Regress X, on all the exogenous regressors: regress X; on Wy, ..., W, and Zy;, ... , Zy;
using OLS. Compute predicted values Xy;, i= 1...n

Regress X, on all the exogenous regressors: regress X, on Wy, ..., W, and Zy;, ..., Zy;
using OLS. Compute predicted values X,;, i= 1...n

Repeat for all X's, obtaining Xy;... Xk
» Second stage:
Regress Y; on Xq;... Xi;, Wy, ..., W, using OLS

The coefficients from this second stage regression are the 2SLS estimators (but the
standard errors are wrong)



Example 1: Using season of birth

DOES COMPULSORY SCHOOL ATTENDANCE AFFECT SCHOOLING AND
EARNINGS ?*

BY Joshua D. Angrist and Alan B. Krueger (1991), J.L.E




ldeqs

Students who are born early in the calendar year are typically older
when they enter school than children born late in the year.

(6.45 v.s. 6.07)

Older students can drop out after completing less schooling than the
younger students.

Season of birth generates exogenous variation in education that can
be used to estimate the impact of compulsory schooling on education
and earnings.




First Look of the Datao
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FIGURE I

Years of Education and Season of Birth
1980 Census

Note. Quarter of birth is listed below each observation.
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Using Census data conducted in 1960 Aprll

» Students who were born between January and March of 1944 were
age sixteen when the 1960 Census was conducted (Census Day is April

1)
®» Those who were born between April and December of 1944 were not
yet age sixteen.

®» Students born in January-March were able to drop out of school in the
states that had an age sixteen compulsory attendance law, but were
not able to legally drop out of school in states that had an age
seventeen or age eighteen compulsory attendance law.

» Students born in April-December of 1944 were not able to legally
withdraw from school under either regime.




TABLE II

PERCENTAGE OF AGE GrROUP ENROLLED IN SCHOOL BY BIRTHDAY AND LEGAL

DrorPOUT AGE®

Type of state law®

School-leaving

School-leaving

age: 16 age: 17 or 18 Column
Date of birth (1) (2) (1) — (2)
Percent enrolled April 1, 1960
1. Jan 1-Mar 31, 1944 87.6 91.0 —3.4
(age 16) (0.6) (0.9) (1.1)
2. Apr 1-Dec 31, 1944 92.1 91.6 0.5
(age 15) (0.3) (0.5) (0.6)
3. Within-state diff. —4.5 —0.6 —4.0
(row 1 — row 2) (0.7) (1.0) (1.2)
Percent enrolled April 1, 1970
4. Jan 1—-Mar 31, 1954 04 .2 95.8 —1.6
(age 16) (0.3) (0.5) (0.6)
5. Apr 1-Dec 31, 1954 96.1 95.7 0.4
(age 15) (0.1) (0.3) (0.3)
6. Within-state diff. —1.9 0.1 —2.0
(row 1 — row 2) (0.3) (0.6) (0.6)
Percent enrolled April 1, 1980
7. Jan 1-Mar 31, 1964 95.0 06.2 —1.2
(age 16) (0.1) (0.2) (0.2)
8. Apr 1-Dec 31, 1964 97.0 Q7.7 —0.7
(age 15) {(0.1) (0.1} (0.1)
9. Within-state diff. —2.0 —-1.5 0.5
(row 1 — row 22) (0.1) (0.2} (0.3)




Estimation of return of schooling
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FiGURE V

Mean Log Weekly Wage, by Quarter of Birth
All Men Born 1930-1949; 1980 Census




TSLS

» First stage and second stage
(1) Ei=Xim+ 2cYichi + 2c 2 YicQij Oicte
(2) InW; =X;B + X YicO; + pE; +

E is the education of the ith individual

X is a vector of covariates

Q is a dummy variable indicating whether the individual was born in
quarterj (j = 1,2,3)

Y is a dummy variable indicating whether the individual was born in
year c (c =1,. .., 10)

W is the weekly wage.

The coefficient p is the refurn to education.




TABLE V

OLS anp TSLS ESTIMATES OF THE RETURN T0 EDUCATION FOR MEN BorN 1930-1939: 1980 CENsus®

(1) (2) (3) (4) (5) (6) (7) (8)
Independent variable OLS TSLS OLS TSLS OLS TSLS OLS TSLS

Years of education 0.0711 0.0891 0.0711 0.0760 0.0632 0.0806 0.0632 0.0600
(0.0003)  (0.0161) (0.0003) (0.0290) (0.0003) (0.0164) (0.0003) (0.0299)
Race (1 = black) — — — — -0.2575  -0.2302 -0.2075  -0.2626
(0.0040) (0.0261) (0.0040) (0.0458)
SMSA (1 = center city) — — — — 0.1763 0.1581 0.1763 0.1797
(0.0029) (0.0174) (0.0029) (0.0305)
Married (1 = married) — — — — 0.2479 0.2440 0.2479 0.2486
(0.0032) (0.0049) (0.0032) (0.0073)

9 Year-of-birth dummies Yes Yes Yes Yes Yes Yes Yes Yes

8 Region-of-residence dummies No No No No Yes Yes Yes Yes
Age — — -0.0772  -0.0801 — — -0.0760  -0.0741
(0.0621) (0.0645) (0.0604) (0.0626)
Age-squared — — 0.0008 0.0008 — — 0.0008 0.0007
(0.0007) (0.0007) (0.0007) (0.0007)
x* [dof ] — 25.4 [29] — 23.1 [27] — 22.5 [29] — 19.6 [27]




Interpretation

» Can we call the estimated effect “average treatment effect™?

» The estimated effects based on the IV are Local Average
Treatment Effects (LATE)

-- In this study, the results are based on those who are about
to dropout.




Table 4.4.2: Probabilities of compliance in instrumental variables studies

Source Endogenous Instrument (z) Sample P[D =1] Ist Plz=1] P[p1>Dop=1] P[D; > Do|D =0]
Vanable Stage,
(D) P [Dy > Dg]
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Angrist Veteran Sta- Draft ehgibihity White men born in  0.267 0.159 0.534 0.318 0.101
(1990) tus 1950
Non-white men born 0.163 0.060 0.534 0.197 0.033
in 1950
Angrist and More than 2 Twins at second birth Married women aged 0.381 0.603 0.008 0.013 0.966
Evans (1998) children 21-35 with two or
more children in 1980
First two children are Married women aged 0.381 0.060 0.506 0.080 0.048
of the same sex 21-35 with two or
more children in 1980
Angrist and High school Third or fourth quarter Men born between 0.770 0.016 0.509 0.011 0.034
Krueger graduate birth 1930 and 1939
(1991)
Acemoglu High school State requires 11 or White men aged 40- 0.617 0.037 0.300 0.018 0.068

and Angrist graduate
(2000)

more years of school at-
tendance

49

Notes: The table shows an analysis of the absolute and relative size of the complier population for
a number of instrumental variables. The first-stage, reported in column 6, gives the absolute size

of the complier group. Columns 8 and 9 show the size of the complier population relative to the

treated and untreated populations.
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Applications:
How to find good insfrument variablese

» |nstifution/culture:

-- Angrist return to school
-- culture : ghost month paper
Weather: rainfalls

Economic Shocks and Civil Conflicts

Network size of migrants and labor market outcomes
®» Fvent shocks
» Policy influences (DID+IV):
1. Duflo school constructions

2. Faculty quality and student performance




IV applications: Economic Shocks and
Civil Conflict (2004; JPE)

Economic Shocks and Civil Conflict: An
Instrumental Variables Approach

Edward Miguel

University of California, Berkeley and National Bureau of Economic Research

Shanker Satyanath and Ernest Sergenti

New York Unwversity




Main story

» Fconomic condition shall be negatively correlated with
civil conflict

» A |ot of polifical science research suggest so, but ignore
the endogeneity problem

» Omitted variable and simultaneity
» And here comes rainfall, and all is bright!




41 African countries 81-99: first stage

TABLE 2
FamnFall anDn EcomoMmic GrowTH {(First-Stage)
Dependent Variable: Economic Growth Bave,
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EXPLAMATORY
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Crowth in terms of — ¥2
trade, [OFZE)
Log{GDP per cap- — 011
itad, 1979 (007D
Democracy {Polivy SO
vy, £— 1 (OO
Ethnolinguiscic MG
fracuonalizadon (.044)
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Root mean square
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O hservations TAR TA45 743 TAR &6 1
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Reduce form

TABLE 3
BAINFALL anD Civin ConrFLicT (Reduced-Form)

DEPENDENT VARIABLE

Civil Conflict >25 Civil Conflice 21,000

EXPLANATORY Deaths (OLS) Deaths (OLS)

VARIABLE (1) (2)
Growth in rainfall, — 024 —. 062+

£ (.043) (.030)
Growth in rainfall, — 129%+ —. 069+

i—1 (.052) (.032)
Country hxed

effecis yes yes
Country-specific

tme trends yes yes
o 11 .70
Root mean square

error 25 22
Observations 743 743

NOTE.— Huber robust standard ermors are in parentheses. Begression desturbance terms are clustered at the country
bevel. A countryspecific year tme trendd 15 included e all specihcanons (cocffioent estimates not reponted ).

* ."'E-'lgn'l]:lrdnll'l-' different from zero at O perceni confidence.

¢ Signbicanty different from zero at 95 peroent confidence.

e !';ignil'itanll'g.' different from z2ero at 09 peroeni confulence.




TABLE 4

O LS & 28 LS EcomoMmic GROWTH aND CIvIL CONFLICT

IeErERDENT
VARIABLE:

Ciwil
Conflict
=100
DerennenT VAarRiapLe: Tl Conflice 225 Deaths Deaths
ExpPLAMATORY Probc LS 0OLs L I | S IVZSLS TV-ZSLS
VARIABLE i1} (2 (3] (41 {5) (&) {7
Economic growth —.87 —.89 —.2 —. 2 — 41 —1.1% —1.48*
rate, | 1.2 .26 L)) (. 1&) (1.48) (1.40% (B2
Economic growth —.14 — .8 R A7 —2 A% —B.h5®* -7
rate, {— 1 (.23) (.24) (.20) (.16) (1.07) (1.10% (.700
Log{GDP per cap- — (6T — .41 Es 058
i), 1970 {0610 {050 [ k54) L 0ES
Democracy (Policy A0 AL (s RILIE!
vy, i—1 {005 {.005) i iG]} {006}
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Religious — ) | i L
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Onl-exporung L A5 —. 16 — .10
country {.21) {.21) DL (29)
Log{mountainouws) 7Te i 057 J0ED
{.0d1) {(.D3m) () i .O58)
Logi{nanonal pop- BT JFEE b 50
ulaoon), £— 1 {051 {051 i .E6) (.0a8]
Couniry fixed
effects I no na Yes no Vs VES
Counmtry-specific
onme trends I no VES Yes VES Vs VES
I 18 53 1
Foot mean sguare
error 49 281 s B6 89 L |
Observauons 743 7458 745 TA% 748 749 749

MOTE. — Huber mobust smndard ermors are in parentheses. Begression desturbance perms are clustered at the coanery
level, Begresson | presents margmal probi effecis, evaloaed an explanatry vanable mean valoes. The insomomenial
wartabdes for coconomic growth in regressions 57 are growth in mmfall, fand growth in moanfadl, ¢ — 12 A countresgeecefic
year ame trend s inchided in all specibcations (cocfficient estimates not reported), except for regressions | and 2,
where a single hnear me trend is anchsded.

* Bgnihcantly different from zero at % percent confidence.

** Bigmificandy different from zero at 95 peroent confidence.

4 Synificantly different from zero at B percent confudence.




exclusion restriction

®» Exclusion restriction hold or noft:

s rainfall affecting conflict only through economic
conditione Does it work through other channels¢ Or even
itselfe

®» Any way to show that the exclusion restriction does not
holde




Dams help increase agriculture
Production(Duflo)

FIGURE 1: District Maps of India

a) Dams in 1961

b) Dams in 1991




Table 2
IV, First Stage, and Reduced Form Results

\Y First Stage (OLS) Reduced Form (OLS)
Dep. Variable: Conflict Agricultural Wage Conflict
(1) (2) (3) (4) () (6) (7)
Rain Shock 0.345*** 0.057 0.501*** -0.076** -0.070* -0.078*
(0.093) (0.120) (0.180) (0.025) (0.034) (0.037)
Agricultural Wage -0.243**
(0.111)
District & Year X X X X X X X
Fixed Effects
Sample full full dam-fed rain-fed full dam-fed rain-fed
Number of Districts 142 142 92 56 142 92 56
Number of Obs. 2908 2908 1854 1054 2908 1854 1054




NETWORKS IN THE MODERN ECONOMY:
MEXICAN MIGRANTS IN THE U. S. LABOR
MARKET

By Kaivan Munshi




Research Questions

» The value of social capital/non-market institution

®» These institutions emerge in response to market
failure, harnessing social ties fo avoid information,
enforcement, and coordination problems

» |dentify the effects of jolb networks among
Mexican migrants in the U. S. labor market.




Difficulties to over come

» How O measure network strengthe

» How to identify the effects of social
network on job outcomes?

» Can we use OLS specificatione What's
the problemse

» Can we use fixed effects model? Any
problems?e




Empirical Strategy

» |ncluding individual fixed effects in the employment and
occupation regressions

(While fixed effects control for the individual’'s unobserved abillity,
network size could also respond to unobserved shocks in the U.
S. labor market. )

» Using rainfall in the origin-community as an instrument for the
size of the network at the destination




Datao

» Mexican Migration Project (MMP)

-- individuals belonging to multiple origin-communities in
Mexico, over a long period of time.

-- excluding communities with no variation in
employment over time

» 724 communities in seven states:

Jalisco, Guanajuato, San Luis Potosi (SLP), Michoacan,
/acatecas, Nayarit, and Colima.

®» yses data on migration patterns and labor market
outcomes, based on a sample of individuals belonging
to multiple origin-communities in Mexico, over a long
period of fime.




Some Descriptive Statistics : Migration Pattern

TABLE 1II
INDIVIDUAL MIGRATION PATTERNS
Origin state: Full sample Jalisco Guanajuato SLP Michoacan Zacatecas Nayarit Colima
(1) (2) (3) (4) (5) (6) (7) (8)
Panel A: migration and employment

% migrants 1147 10.51 6.79 11.90 12.37 17.71 6.92 4.64
(8.28) (7.65) (3.69) (7.58) (4.20) (10.18) (1.33) (1.10)
% new migrants 517 5.49 3.09 4.31 5.87 1.12 4.18 2.82
(3.78) (3.97) (2.00) (3.25) (2.77) (4.61) (1.46) (0.86)
% established migrants 6.31 5.02 3.70 1.59 6.50 10.58 2.75 1.83
(5.19) (4.27) (2.10) (4.57) (1.93) (6.57) (0.64) (0.51)
% employment in the United States 95.66 96.38 96.35 92.95 97.40 95.66 92.39 05.83
% employment in Mexico 86.48 90.48 87.07 §2.01 90.17 84.23 82.50 88.01

Panel B: individual migration patterns over the sample period
Avg. number of trips 1.35 1.45 1.22 1.30 1.29 1.38 1.34 1.21
(0.69) (0.77) (0.54) (0.56) (0.59) (0.73) (0.69) (0.63)
Avg. duration at destination (years) 3.57 3.36 2.59 4.16 3.10 4,08 3.18 2,98
(3.57) (3.53) (2.41) (3.47) (2.92) (4.04) (3.35) (3.09)
% with 1 trip 74.50 69.23 84.21 74.26 75.25 12.92 76.00 85.71
% with 2 trips 17.85 19.66 9.87 22.77 21.78 18.29 16.00 10.71
% with 3 trips 5.83 812 5.92 1.98 0.99 6.94 6.00 3.57
% with 4 trips 1.55 2.99 0.00 0.99 1.98 1.16 2.00 0.00
% with 5 trips 0.27 0.00 0.00 0.00 0.00 0.69 0.00 0.00
Number of observations 1098 234 152 101 101 432 50 28




Estimation

» Reduced form (H#EHNIEHI )

®» New migrants v.s. established migrants
» [First Stage

» |V resulfs

-- Employment
-- Occupation choices




TABLE IV
REpucEDp-ForM REGREsSsIONS: FINE PARTITION oF RAINFALL LAGS

Dependent variable: Employment at the Employment at the
destination origin

(1) (2)

rain (¢) 0.003 0.027

(0.013) (0.009)

rain (¢t — 1) 0.007 0.027

(0.015) (0.009)

rain (t — 2) 0.016 0.035

(0.014) (0.009)

rain (f — 3) 0.027 0.024

(0.016) (0.009)

rain (f — 4) —0.033 0.008

(0.014) (0.008)

rain (f — 5) —0.032 0.008

(0.013) (0.008)

rain (t — 6) —0.032 0.009

(0.013) (0.010)

Individual fixed effects Yes Yes

Year dummies Yes Yes

R* 0.705 0.812

Box-Pearson @ statistic 0.042 2.813

Number of observations 4,546 41,120




TABLE V
REpucED-ForM AND FIRST-STAGE REGRESSIONS: COARSE PARTITION OF RAINFALL

LaGs
Dependent variable: Reduced-form First-stage
Emplovment at the Emplovment New  Established
destination at the origin migrants migrants
(1) (2] (3) () (5) (6) (7)
Recent-past rainfall 0.028 —0.049 —0.023 —0.047 0.085 0.091 0.005
(0.027) (0.035) (0.072) (0.040) (0.018) (0.037) (0.020)
Distant-past rainfall 0.125 —0.092 —-0.226 —0.129 0.046 0.103 0.106
(0.035) (0.027) (0.108) (0.044) (0.021) (0.033) (0.023)
Individual fixed effects Yes Yes Yes No Yes Yes Yes
Year dummies Yes Yes Yes Yes Yes Yes Yes
R*® 0.705 0705 0.647 0,038 0.812 0.768 0.940
€} statistic 0.041 0.041 0.036 0.660 2.813 0.010 0.316
Number of observations 4546 4546 1732 4546 41,120 4546 4546




OLS AND INSTRUMENTAL VARIABLE REGRESSIONS

Employment at the destination

OLS I\Y
Robustness to individual Robustness to
Basic specifications characteristics sample lengths
Dependent variable: (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
New migrants -0.032  0.397 0.522  0.093  0.626 0.623 0.394 0.424 0511 0377  0.251

(0.070) (0.315) (0.376) (0.537) (0.501) (0.353) (0.306)  (0.326) (0.321) (0.400) (0.356)
Established migrants 0670 1564 1474 2073  1.745 2.021 1.321 1.565  1.699 1304  1.058
(0.154) (0.551) (0.545) (1.069) (0.661) (0.594) (0.534) (0.656) (0.526) (0.578) (0.491)
[ndividual fixed effects Yes Yes Yes Yes No Yes Yes Yes Yes Yes Yes

Year dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
R? 0.707 —_ — — — - - — — — —
[ statistic 0.042 0041 0041 0.036  0.660 0.110  0.0005 0.015 0.049 0.022 0.001

Number of observations 4546 4546 4546 1732 4546 4710 3371 4067 5214 3894 3614

\\




Using Surprising events as exogenous
variation

& Using events as instrumental variable

Example: The effects of news reporting on US
government donation

&® Extension of Event studies

Example: Party policy platform and stock market
returns




NEWS DROUGHTS, NEWS FLOODS, AND U. S. DISASTER
RELIEF (THOMAS EISENSEE AND DAVID STROMBERG)

1. This paper studies the influence of mass media on U. S.
government response to approximately 5,000 natural
disasters occurring between 1968 and 2002.

. This paper show that U. S. relief depends on whether the
disaster occurs at the same time as other newsworthy
events.

3. This paper argue that the only plausible explanation of this
Is that relief decisions are driven by news coverage of
disasters and that the other newsworthy material crowds
out this news coverage.



TABLE 11
SUMMARY STATISTICS FOR DISASTERS

Number of Share of Killed per Affected per Share receiving

Disaster type disasters disasters disaster disaster OFDA relief
Flood 1,675 (.92 170 1,724,851 0.22
Storm 1,175 0.23 646 601,490 0.17
Epidemic 737 0.14 249 27,528 0.12
Earthquake 559 0.11 1,522 173,015 0.21
Drought 226 (.06 18,657 5,740,623 0.30
Landslide 210 0.06 84 38,789 0.06
Fire 129 0.02 19 69,552 0.13
Cold wave 114 0.02 103 46,656 0.01
Volcano 102 0.02 853 39,008 0.27
Infestation 47 0.01 na 1,100 0.68
Food

shortage 38 0.01 4,293 734,630 0.13

Total 5,212 1.00 590 1,166,505 0.19




News stories on disasters, by days from the disaster

|
20 30 40
Days from disaster

FIGURE 1



Daily Number News Stories about Olympic Games,
1992
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TABLE 111
Two LARGEST DAILY NEWS PRESSURE DATES AND MAIN STORY, BY YEAR

Year Date Main news story

2003 Aug 14 New York City Blackout

Mar 22 Invasion of Iraq: Day 3
2002 Sep 11 9/11 Commemoration
Oect 24 Sniper Shooting in Washington: Arrest of Suspects
2001 Sep 13 9/11 Attack on America: Day 3
Sep 12 9/11 Attack on America: Day 2
2000 Nov 26 (ore vs. Bush: Florida Recount—Certification by Katherine Harris
Dec 8 Gore vs. Bush: Florida Recount—Supreme Court Ruling
1999 Apr 1l Kosovo Crisis: U. S. Soldiers Captured
Jul 18 Crash of Plane Carrying John F. Kennedy, Junior
1998 Dec 16 U. S. Missile Attack on Iraq
Dec 18 Clhinton Impeachment
1997 Dec 23 Oklahoma City Bombing: Tral
Aug 31 Princess Diana’s Death
1996 Jul 18 TWA Flight 800 Explosion
Jul 27 Olympic Games Bombing in Atlanta
1995 Oct 3 0.J. Simpson Tral: The Verdict
Apr 22 Oklahoma City Bombing
1994 Jan 17 California Earthquake
Jun 18 0.J. Simpzon Arrested
1993 Jan 17 U. S. Misaile Attack on Iraq
Apr 20 Waco, Texas: Cult Standoff Ends in Fire
1992 Jul 16 Perot Quits 1992 Presidential Campaign
May 1 Los Angeles Riots
1991 Feb 27 Gulf War: President Bush Declares Kuwait Liberated

Jan 17 Gulf War: Operation Dessert Storm Launched
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Empirical Design

(1) reliefi= a; news; + a'0; + ¢;
. 1 if relief; >0
(2) relief; = { 0 if relief* =0

(3) news’= Bnews pressure; + B,0lympics;, + B0, + o,

B; < Oand B, <O

1 ifnews; >0
0 if news; =0

(4) news; = {




Key Variables

relief: reliefworthiness for disasteri describes the benefits of
providing relief from the decision maker’s perspective.

/

news; : indicates that the disaster was covered when news; =1
[was not covered when news; =0] in the news.

contains disaster specific variables, such as killed and
affected, and fixed effects for disaster type, country,
year, efc.



Key Variables (confinued)

relief; : is the event that OFDA provided [did not provide]
disaster relief to disaster i when relief, =1 [relief,= 0] .

news# . . . .
' 1 newsworthiness describes the benefits of covering

disaster i from the TV network’s perspective.



Linear probability OLS regressions.

TABLE IV
EFFECT OF THE PRESSURE FOR NEWS TIME ON DISASTER NEWS AND RELIEF

Dependent variable: News

Dependent variable: Relref

(1) (2) (3) (4) (5) (6) (7) (8)
News Pressure -0.0162 -0.0163 —-0.0177 -0.0142 -0.0117 -0.0119 —0.0094 —0.0078
(0.0041 )%+ (0.0041 )%+ (0.0057 )%+ (0.0037)## (0.0045 (0.00457%*  (0.0058) (0.0040*
Olympics -0.1073 -0.1079 —-0.0871 -0.111 -0.1231 -0.1232 -0.1071 —0.1088
(0.0470)** (0.0470%  (-0.0628) (0.0413)%** (0.0521 +* (0.0521**  (0.0763) (0.0479*
World Series -0.1133 -0.1324
(—0.1065) (0.1031)
log Killed 0.0605 0.0582
(0.0040)*#+ (0.0044 y##
log Affected 0.0123 0.0376
(0.0024 )%+ (0.0024 y#*
Imputed log Killed 0.0481 0.0442
(0.0034) %% (0.0037 jeH*
Imputed log Affected 0.0151 0.0394
(0.0020)%** (0.00207##*
Observations 5,212 5,212 2,926 5,212 5,212 5,212 2,926 5,212
R-squared 0.1799 0.1797 0.3624 0.2575 0.1901 0.198% 0.4115 0.3726




OLS regressions with the instruments news pressure and
Olympics as dependent variables

TABLE V
CORRELATIONS BETWEEN INSTRUMENTS AND THE SEVERITY OF DISASTERS

Dependent variable

News pressure Olympics
log Killed —0.0082 0.0003
(0.0113) (0.0010)
log Affected 0.0005 —0.0006
(0.0068) (0.0006)
p-value: F-test of joint insignificance 0.75 0.62
Observations 5,212 5,212

R-squared 0.3110 0.2035




TABLE VI

DEPENDENT VARIABLE: Relief

OLS IV
(1) (2) (3) (4) (5) (6) (7) (8)
News 0.2886 0.158 0.1309 0.2323 0.2611 0.8237 0.6341 0.6769
(0.0200 %8 (0,0232) %% {0,01T78)"* (0.0328)%k (,0569) %% (25280 (0.3341)* ((.2554 )
News*abs( Prinews)-0.5) —0.4922 —-0.302
(0.1059 %% (0.0840) "+
abs( Prinews)-0.5) 0.5374 0.2959
(0.0043 %0k (0BT
log Killed 0.0436 0.01948
(0.0046)** (0.0208)
log Affected 0.03548 0.0299
(00024 ik (0.0048)wkk
Imputed log Killed 0.0378 0.0546 0.0307 0.0109
(00038 #* (0.0049 %k {(),0046) (0.0132)
Imputed log Affected 0.0375 0.0445 0.0345 0.0292
(00020 % (0.0023 %k {(,0026) " (0.0045 v
F-stat, instruments, 1st
stage 11.0 6.1 11.1
Over-id restrictions,
¥idp-value) 0.51,(0.47) 0.64,(0.42)
Observations 5,212 2,926 5,212 5,212 5,027 5,212 2,926 5,212
R-squared 0.2443 0.4225 0.3800 0.3360
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