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Education and Development


Tremendous correlation between education and level of • 

income across countries. 

• The R2 of the regression in is 0.65. Human capital is 
given a weight of two thirds in Cobb Douglas models. 

figure 1 

•	 Cross Countries studies often regress GDP growth on level of 
education, and also find large coefficient (one extra year of 
average schooling is associated with 0.3 percent extra growth 
every year in GDP, between 1960 and 1990). 

•	 This raises a number of questions: 

•	 Sources of this strong correlation (in level and in the growth 
regressions) 

•	 If education is so important, need to understand the

determinants of its provision, who should pay for it, the

optimal way to pay for it, etc.
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Mincerian Returns to Education


•	 Mincer hypothesizes that each extra year of education raise 
income by b%. 

yi = a + bSi + cEi + �i 

•	 Where S is schooling and E is experience. 

•	 Why call this returns to education? 

•	 Social returns may differ from private returns: 

Costs• 
Externalities• 
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Estimating Returns to Education


•	 This question can be estimated from micro data. 
Concerns:• 

•	 Functional form (why log linear? Convex? Concave?) 
Omitted variables • 

•	 Randomly identifying education is not easy, and convincing 
control strategies are difficult to come by. 

•	 Therefore a large literature in labor searches for instruments: 
something that affects educational achievement but does not 
affect income directly. 
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Instrumental Variables

•	 Let Zi be an instrument, which affects the probability that an 

individual is treated 
•	 Let Wi (1) be the treatment status for individual i if Z = 1, 

and Wi (0) the treatment status of the same individual if 
Zi = 0. 

•	 The observed treatment is : Wi = Zi Wi (1) + (1 − Zi )Wi (0) 
•	 As before, Yi (1) is potential outcome of treated (if Wi = 1) 

and Yi (0) is potential outcome if non-treated. 
•	 Identification assumptions (Imbens and Angrist): 

All Potential outcomes are independent of the Instrument 

(Yi (1), Yi (0), Wi (1), Wi (0))⊥Zi 

What does this imply? 
•	 Treatment assignment is randomly assigned (or can be treated 

as such) 
•	 Treatment has no direct impact on the outcome (that is not 

implied by randomization of the instrument and has to be 
argued on a case by case basis!) 

3 Monotonicity: Wi (1) ≥ Wi (0) for everyone	 5 / 26 
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More on Monotonicity


Three groups of people : 

The Compliers: Yi (1) = 1 and Yi (0) = 0. 

The Never-Takers: Yi (1) = 0 and Yi (0) = 0 

The Always-Takers: Yi (1) = 1 and Yi (0) = 1 

The Defiers: Yi (1) = 0 and Yi (0) = 1 

The monotonicity assumption means that there are no defiers. 
This is not a testable assumption, and needs to be assessed on a 
case by case basis. 

1 

2 

3 

4 
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Wald estimate and its interpretation 
Wald estimate: Ratio of Reduced form and First stage. 

β̂IV = 
E [Yi |Zi = 1] − E [Yi |Zi = 0] 
E [Wi |Zi = 1] − E [Wi |Zi = 0] 

Case of constant treatment effect: 

Yi = a + bWi + �i 

Wi = α + γZi + υi 

Substituting: 
Yi = a + b(α + γZi + υi ) + �i 

Yi = a + πZi + ωi 

Independence assumption insures that ωi = �i + bυi 

π 
b = 

γ
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Two stage least squares


•	 Regress W on Z 

•	 Regress Y on predicted W 

•	 (in practice this is done in one step by the ”two stage least 
square” procedure) 

•	 Can be generalize to multiple instruments (and multiple 
treatment):


1 Project (regress) X onto the vector of instruments Z

2 Regress Y on the predicted value of X


β2SLS = (W �Z (Z �Z )−1Z �W )W �Z (Z �Z )−1Z �Y 

•	 Intuition: we are only using the part of the variance in the X 
for which we believe the identification assumptions. 
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Heterogenous treatment Effect


E [Yi |Zi = 1] − E [Yi |Zi = 0] 

= E [Wi (1)Yi (1) + (1 − Wi (1))Yi (0)|Zi = 1] 

−E [Wi (0)Yi (1) + (1 − Wi (0))Yi (0)|Zi = 0] 

= E [(Wi (1)−Wi (0))(Yi (1)−Yi (0))]+E [Yi (0)|Zi = 1]−E [Yi (0)|Zi = 0] 

= E [(Wi (1) − Wi (0))(Yi (1) − Yi (0))] (by independence)

= E [−(Yi (1)−Yi (0))|Wi (1)−Wi (0) = −1]P(Wi (1)−Wi (0) = −1)

+E [0 ∗ (Yi (1) − Yi (0))|Wi (1) − Wi (0) = 0]P(Wi (1) − Wi (0) = 0)

+E [(Yi (1) − Yi (0))|Wi (1) − Wi (0) = 1]P(Wi (1) − Wi (0) = 1)

= E [Yi (1) − Yi (0)|Wi (1) − Wi (0) = 1] ∗ P(Wi (1) − Wi (0) = 1)

(by monotonicity)

= E [Yi (1) − Yi (0)|Wi (1) − Wi (0) = 1] ∗ (E [Wi (1)] − E [Wi (0)]
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Wald Estimate is treatment effect on the 
compliers 

β̂IV = 
E [Yi |Zi = 1] − E [Yi |Zi = 0] 
E [Wi |Zi = 1] − E [Wi |Zi = 0] 

= E [Yi (1) − Yi (0)|Wi (1) − Wi (0) = 1] 

Who are the compliers? 
•	 Special case: Treatment on the Treated: 

•	 When Wi (0) = 0 (e.g. randomized evaluation: all the control 
stays control) 

•	 General case: Those are compelled by the instrument to get

the treatement: external validity?


•	 While we cannot know who the compliers are, we can describe 
their characteristics 
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The INPRES Experiment: First Stage and 
Reduced form 

•	 The Set up is a DID set-up similar to Bleakley’s: Cohorts and 
Region 

•	 School construction campaign started in 1973: affect cohort 
age 12 or younger in 1973 

•	 More schools were built in regions that were initially lagging 
behind in term of education 

•	 Results: Impacts of the program on Education and on 
log(wages) 

•

•


Basic DID 

Placebo experiment 

•	 Use all the regional variation (keep 2 cohorts) Table 

•	 Use all the regional variation, and all cohorts 

•	 Check identification assumptions by estimating effects for all 
the cohorts
 Graph 

• Force the earlier cohort to have an 0 effect: more precision 
Table 
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Instrumental variable


• Results 

What can we use as instruments? • 

•	 If we wanted to use just one instrument 
•	 If we wanted to use many instruments? 

•	 What are the identification assumptions? Do we believe in 
them?


Did the IV make a big difference?


•	 What is the interpretation of the estimate? What are the 
years of education we are estimating the returns for? 

•	 Interpretation of IV when the treatment takes more than one 
value: weighted average of marginal effects (going from 0 to 
1, 1 to 2, etc..), where the weights are the fraction of people 
who are moved from one value of the instrument to another. 
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Reconciling Macro and Micro pictures


•	 Returns to education estimated from Mincerian specification 
ranges from 2.7% to 15.4%. Mean of 9%, stdv 2.2%. 
Generally at individual level IV is roughly equal to OLS. 

Puzzle 1: levels • 

•	 Countries in top decile of education distribution have about 8 
more years of education than those in the bottom. They 
should have GDP no more than twice the size if private 
returns were the only part of the story. In fact they are about 
15 times richer. 

Puzzle 2: Does the effect of level of education on Growth of• 

GDP follows from the Mincer Framework? What can explain

an effect of level of education on growth of income.


•	 Potential solution to both puzzle: Externalities. 
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Estimating Externalities


•	 The same experiment can be used to estimate the “social 
returns” to education 

•	 Do we expect externalities to be positive or negative? (why?) 

•	 We are looking to estimate: 

yi = α + βSi + βSi + �i 

•	 Two estimation problem: we need an instrument for Si and an 
instrument for Si (Acemoglu and Angrist). 

•	 Consider a cohort who was 12 or older in 1973, and is thus 
not exposed by the program 

•	 Until 1979, no-one in the labor market is educated in the new 
schools. 

•	 Starting in 1979, slow influx of the graduate of the new 
schools
 Graph 
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Empirical Strategy


•	 Fix the cohort, let the years vary. 

•	 Survey Year*Region are instrument for Si . Are they correlated 
with Si ? 

•	 Results ( Table ): Mushy, but if anything, equilibrium 
effects are negative. 

Graph , 
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Reconciling Macro and Micro picture (2)


•	 Externalities are not doing the trick... 
•	 Other potential explanations: 

Omitted variable • 
•	 Endogeneity: Future growth in income motivates people to 

invest in education (Bills and Klenow)


Micro-evidence of this channel
• 

•	 Foster+Rosenzweig HYV revolution in India (AER, 1995) 
•	 Jensen, Nguyen: Young people sensitive to perceived returns 

to education. 
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Figure 1: Log output per worker and years of schooling across countries.  The line gives
the fitted OLS relationship. The coefficient of the line is 0.29 and the standard error is
0.02.  The R-square of the relationship is 0.65.
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Years of education

Means of Education and  Log(Wage) by Cohort and Level of Program Cells
Log(wages)

Level of program in region of birth
High
(1)

8.49 9.76 -1.27 6.61 6.73

-1.39 6.87

-0.26 -0.29

-0.15

-0.12

0.026
(0.011)

(0.010)

0.12

9.40

(0.042)

(0.038)

9.40

9.12

0.36

8.02

(0.043) (0.037) (0.057) (0.0078) (0.0064)

7.02

(0.067) (0.0085) (0.0069)

(0.011) (0.0096) (0.015)

6.87 7.02

7.08 -0.16

-0.15

0.063

6.92

(0.089)

(0.067) (0.0085) (0.0069) (0.011)

(0.0076) (0.012)

(0.010)
0.0070

(0.016)

(0.0097)

(0.013)
0.056

(0.072)

(0.098)
0.034

-1.39

-1.42

(0.053)

(0.070)

(0.053) (0.042)

(0.059) (0.044)

(0.080) (0.061)

8.02

7.70

0.32 0.28

0.47

Panel A: Experiment of interest

Panel B: Control experiment

Aged 2 to 6 in 1974

Aged 12 to 17 in 1974

Difference

Difference

Notes: The sample is made of the individuals who earn a wage. Standard errors are in parentheses.

Aged 12 to 17 in 1974

Aged 18 to 24 in 1974

High
(4)

Low
(2)

Low
(5)

Difference
(3)

Difference
(6)

Level of program in region of birth

Figure by MIT OpenCourseWare.
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Dependent variable

Effect of the Program on Education and Wages: Coefficients of the Interactions Between Cohort Dummies and the 
Number of Schools Constructed per 1,000 Children in the Region of Birth

Years of education

Observations (1)

0.12478,470

31,061

0.15 0.188

0.259 0.0147 0.0270
(0.00850)

0.199
(0.0429)

0.0176

0.024

0.196

(0.0250) (0.0260) (0.0289)

0.0172
(0.0499) (0.00729) (0.00737)

0.00399 0.01440.0031
(0.0297)

(0.00809) (0.00915)(0.00798)(0.0555)

0.0075

0.079

(0.0424)

(0.0260) (0.0271)

(0.0474) (0.0481)

0.009378,488

30,225 0.012

Panel A: Experiment of interest: Individuals aged 2 to 6 or 12 to 17 in 1974 (Youngest cohort: Individuals
ages 2 to 6 in 1974)

Panel B: Control Experiment: Individuals aged 12 to 24 in 1974 (Youngest cohort: Individuals ages 
12 to 17 in 1974)

Whole sample

Whole sample

Sample of wage earners

Sample of wage earners

Control variables:

Year of birth*enrollment rate
 in 1971 No

No

No

No NoNo

Yes Yes

Yes

Yes Yes

YesYear of birth*water and 
sanitation program

Notes: All specifications include region of birth dummies, year of birth dummies, and interactions between the year of birth
dummies and the number of children in the region of birth (in 1971). The number of observations listed applies to the
specification in columns (1) and (4). Standard errors are in parentheses.

(4)(2) (5)(3) (6)

Log(hourly wage)

Figure by MIT OpenCourseWare.
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Dependent variable: years of education Dependent variable:
Log(hourly wage)Whole sampleAge in 1974

12

11

10

9

8

7

6

5

4

3

2

Control variables:

Sample of wage earners

(1) (4)(2) (5)(3) (6) (7) (8) (9)

Effect of the Program on Education and Wages: Coefficients of the Interactions Between Dummies Indicating
 Age in 1974 and the Number of Schools Constructed per 1,000 Children in Region of Birth

Year of birth*enrollment
rate in 1971
Year of birth*water and 
sanitation program

F-statistic
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(0.046)
0.059 0.049

(0.049)
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0.15 0.067 0.063 0.17 0.0095 0.010 0.018

0.027

0.0066

0.018

0.052

0.038

0.0270.0130.00790.300.170.150.20

0.20 0.22 0.25 0.016 0.023 0.040

0.14

0.14

4.03 5.18 6.15 2.70 2.74 4.38

0.13 0.13

2.051.291.13

0.19 0.19 0.17 0.14 0.14 0.14 0.15
152,989 152,495 143,107 60,633 60,466 55,144 60,633 60,466 55,144

0.19 0.19
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0.11
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Figure by MIT OpenCourseWare.
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Effect of Education on Labor Market Outcomes: OLS and 2SLS Estimates

Panel A: Sample of wage earners
Panel A1: Dependent variable: log(hourly wage)

Panel B: Whole sample
Panel B1: Dependent variable: participation in the wage sector

Panel A2: Dependent variable: log(monthly earnings)

Panel B2: Dependent variable: log(monthly earnings), imputed for self-employed individuals

OLS

OLS

OLS

2SLS

2SLS

2SLS

OLS

2SLS Year of birth dummies*program
intensity in region of birth

Year of birth dummies*program
intensity in region of birth

Year of birth dummies*program
intensity in region of birth

(Aged 2-6 in 1974)*program
intensity in region of birth

Year of birth dummies*program
intensity in region of birth

2SLS

Method Instrument (1) (2) (3)

0.0776
(0.000620)

(0.0280) (0.0272) (0.0222)

(0.0304)
(0.0304)

(0.0336)
(0.0336)

(0.0338)
(0.0338)

(0.000601)

(0.00311)

(0.000354)

(0.0157) (0.0136) (0.0138)

(0.000354) (0.000355)

(0.0210) (0.0197) (0.0162)

(0.000311) (0.000319)

(0.0280) (0.0278) (0.0219)

(0.000602) (0.000628)

[0.93][0.9][0.96]

(0.000621) (0.000646)
0.0777 0.0767

0.1060.08090.0675

0.0752

0.0698

0.0328

0.0539 0.0539 0.0539

0.03460.07450.0509

[0.68] [0.58] [0.16]

0.101

[0.66] [0.93] [1.12]

0.118 0.0892

0.0327 0.0337

0.0698 0.0689

0.0913

[0.58][0.63][0.73]

0.09250.0756

0.0862 0.104

Figure by MIT OpenCourseWare.
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Figure by MIT OpenCourseWare.
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