
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 training for disadvantaged workers.

 The effects of individual choices like college attendance.

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



Why do we need instrumental variables ？

Instrumental Variables (IV) estimation is used when your model has 
endogenous x’s.  That is, we run the following regression Y = 𝛼+ β1X1 + 𝜀
but Cov(𝑋1,𝜀) ≠ 0. 

In this case, ෢β1 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 𝜀

 An exogenous variable is one that is uncorrelated with 𝜀

“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 instruments

 Assume that Y is generated according to the following data 

generating process: Y = 𝛼+ β1X+ 𝜀 with Cov(X, 𝜀) ≠ 0.

 Conditions for valid instrument variable(s) Z:

1. Independence : Cov(Z,𝜀)=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. 𝑍𝑖 has to be independent with potential outcomes, 𝑌𝑖
and 𝐷𝑖

2. Exclusion: 𝑍𝑖 affects Y only through D

3. E[D|𝑍𝑖 =1] - E[D|𝑍𝑖 = 0] > 0

4. No Defiers

𝑾𝒂𝒍𝒅 𝒆𝒔𝒕𝒊𝒎𝒂𝒕𝒆 = 𝛽𝐼𝑉

= 
E[𝑌𝑖|𝑍𝑖= 1] − E[𝑌𝑖|𝑍𝑖= 0]
E[𝐷𝑖|𝑍𝑖= 1] − E[𝐷𝑖|𝑍𝑖= 0]

= E[𝒀𝒊(1) − 𝒀𝒊 (0)|complier]



The Validity of Instruments 

We can test if Cov(Z, X) ≠ 0 

 Just testing H0: 1 = 0 in the regression: x = 0 + 1Z + v

 Sometimes refer to this regression as the first-stage regression

We can’t test if Cov(Z, 𝜺) = 0

We have to use common sense and economic theory to decide if it 

makes sense to assume Cov(Z, 𝜀) = 0

 Can’t directly test this condition because don’t have unbiased 

estimator for 

 OLS estimator of 𝜀 is presumed biased and the IV estimator of 

depends on the validity of Cov(Z, 𝜀) = 0 condition



Explanation #1:

For y = 0 + 1x + 𝜀 , and given our assumptions

Cov(Z,y) = 1Cov(Z,x) + Cov(Z, 𝜀), so

1 = Cov(z,y) / Cov(z,x)

 Then the IV estimator for 1 is 
σ𝑖(𝑧𝑖− ҧ𝑧)(𝑦𝑖−ത𝑦)

σ𝑖(𝑧𝑖− ҧ𝑧)(𝑥𝑖− ҧ𝑥)

 Where Instrument is binary:

P lim መ𝛽𝐼𝑉 =
E(𝑌|𝑍=1)−E(𝑌|𝑍=0)
E(𝑋|𝑍=1)−E(𝑋|𝑍=0)

This is called the Wald estimator

IV Estimation in the Simple Regression Case



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 = 0 + 1𝑍𝑖 + v𝑖 (1) 

Because 𝑍𝑖 is uncorrelated with 𝜀 , 0 + 1𝑍𝑖 is uncorrelated with 𝜀i . We don’t know 0 or 1

but we have estimated them, so… 

Compute the predicted values of X𝑖
෢,X𝑖, where , ෡X𝑖 = ෝ0 + ෝ1𝑍𝑖, i=1…n

(2) Replace X𝑖 by ෡X𝑖 in the regression of interest: 

regress Y on ෡X𝑖 using OLS: 

Y𝑖 = 0 + 1
෡X𝑖 +𝜀𝑖 (2)

Because ෡X𝑖 is uncorrelated with 𝜀I in large samples, so the assumption A1 holds.  

Thus 1 can be estimated by OLS using regression (2) 

This argument relies on large samples (so that 0 and 1 are well estimated using regression 

(1)) 

The resulting estimator ෡1 is called the “Two Stage Least Squares” (TSLS or 2SLS) estimator



The General IV Regression Model 

 The general IV regression model: notation and jargon

Y𝑖 = 0 + 1
෢X1𝑖 +… k

෢X𝑘𝑖+ k+1
෢W1𝑖+ ...k+r

෢W𝑟𝑖+ 𝜀𝑖

Y𝑖 is the dependent variable 

X1𝑖, … , X𝑘𝑖 are the endogenous regressors (potentially correlated with 𝜀𝑖 ) 

W1𝑖, … , W𝑘𝑖are the included exogenous variables or included exogenous 

regressors (uncorrelated with ) 

0, … ,k+r are the unknown regression coefficients 

Z1𝑖, … , Z𝑚𝑖 are the instrumental variables (the excluded exogenous variables) 



Identification and over-identification  

 We need to introduce 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



Identification

 In general, a parameter is said to be identified if different values of the 
parameter would produce different distributions of the data. 

 In IV regression, whether the coefficients are identified depends on the relation 
between the number of instruments (m) and the number of endogenous 
regressors (k) 

 Intuitively, if there are fewer instruments than endogenous regressors, we can’t 
estimate 0, … ,k+r

 For example, suppose k = 1 but m = 0 (we have no instruments). The coefficients 
1, … ,k are said to be: 

• Exactly Identified if m=k. There are just enough instruments to estimate 1, … ,k

• Overidentified if m>k. There are more than enough instruments to estimate 
1, … ,k 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 
1, … ,k If so, you need to get more instruments! 



General IV regression: TSLS with one 

Endogenous Regressor

 The regression model takes the form,

Y𝑖 = 0 + 1X1+2W1𝑖+...+ 1+rW𝑟𝑖 𝜀𝑖

Instruments: Z1𝑖, … , Z𝑚𝑖

 First stage :

Regress X1 on all the exogenous regressors: regress X1 on W1, … , W𝑟 and Z1𝑖, … , 
Z𝑚𝑖 using OLS 

Compute predicted values ෢X1 , I =1…n.

 Second stage :

Regress Y𝑖 on ෢X1 , W1, … , W𝑟 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 = 0 + 1X1𝑖 +… kX𝑘𝑖+ k+1W1𝑖+ ...k+rW𝑟𝑖+ 𝜀𝑖

Instruments: Z1𝑖, … , Z𝑚𝑖

 Now there are k first stage regressions: 

Regress X1 on all the exogenous regressors: regress X1 on W1, … , W𝑟 and Z1𝑖, … , Z𝑚𝑖

using OLS. Compute predicted values ෢X1𝑖, i= 1…n

Regress X2 on all the exogenous regressors: regress X1 on W1, … , W𝑟 and Z1𝑖, … , Z𝑚𝑖

using OLS. Compute predicted values ෢X2𝑖, i= 1…n

Repeat for all X’s, obtaining ෢X1𝑖… ෢X𝑘𝑖

 Second stage:

Regress Y𝑖 on ෢X1𝑖… ෢X𝑘𝑖, W1, … , W𝑟 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



Ideas

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 Data



Using Census data  conducted in 1960 April

 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.





Estimation of return of schooling



TSLS
 First stage and second stage

(1)   𝐸𝑖 = 𝑋𝑖𝜋 + σ𝐶 𝑌𝑖𝐶𝛿𝑖 + σ𝐶σ𝑗 𝑌𝑖𝐶𝑄𝑖𝑗 𝜃𝑖𝐶+𝜀𝑖

(2)   ln𝑊𝑖 =𝑋𝑖𝛽 + σ𝐶 𝑌𝑖𝐶𝜗𝑖 + 𝜌𝐸𝑖 + 𝜇𝑖

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 
quarter j (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 ρ is the return to education. 





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.





Applications:

 How to find good instrument variables?
 Institution/culture: 

 -- Angrist return to school

 -- culture : ghost month paper

 Weather: rainfalls

Economic Shocks and Civil Conflicts

 Network size of migrants and labor market outcomes

 Event shocks

 Policy influences (DID+IV): 

 1. Duflo school constructions

 2. Faculty quality and student performance

                                                       



IV applications: Economic Shocks and 

Civil Conflict (2004; JPE)



Main story

 Economic condition shall be negatively correlated with 

civil conflict

 A lot of political 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



Reduce form



OLS & 2SLS



exclusion restriction

 Exclusion restriction hold or not:  

Is rainfall affecting conflict only through economic 

condition? Does it work through other channels? Or even 

itself?

 Any way to show that the exclusion restriction does not 

hold?



Dams help increase agriculture  

Production(Duflo)





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 to avoid information, 

enforcement, and coordination problems

 Identify the effects of job networks among 

Mexican migrants in the U. S. labor market.



Difficulties to over come

 How to measure network strength?

 How to identify the effects of social 

network on job outcomes?

Can we use OLS specification? What’s 

the problems?

Can we use fixed effects model? Any 

problems?



Empirical Strategy

 Including individual fixed effects in the employment and 

occupation regressions

(While fixed effects control for the individual’s unobserved ability, 

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



Data

 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

 24 communities in seven states:

Jalisco, Guanajuato, San Luis Potosi (SLP), Michoacan, 

Zacatecas, Nayarit, and Colima.

 uses 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 time.



Some Descriptive Statistics : Migration Pattern



Estimation

 Reduced form (推力跟拉力)

 New migrants v.s. established migrants

 First Stage

 IV results

    -- Employment

    -- Occupation choices









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.

2. 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.





News stories on disasters, by days from the disaster



Daily Number News Stories about Olympic Games, 

1992



Daily news pressure (minutes), by day





News Pressure (minutes) during 405 Days, 

March 15, 2001–Apr 23, 2002, by Day



Empirical Design



Key Variables

：reliefworthiness for disaster i  describes the benefits of 

providing relief from the decision maker’s perspective.

： indicates that the disaster was covered when newsi =1 

[was not covered when newsi =0] in the news.

： contains disaster specific variables, such as killed and 

affected, and fixed effects for disaster type, country, 

year, etc.



：is the event that OFDA provided [did not provide] 

disaster relief to disaster i when reliefi = 1 [reliefi = 0] .

：newsworthiness describes the benefits of covering 

disaster i from the TV network’s perspective.

Key Variables (continued)



Linear probability OLS regressions.



OLS regressions with the instruments news pressure and 

Olympics as dependent variables
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