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Randomised Experiments and Structural Models

A key question is how can we combine randomised experiments and
structural models

There are two ways these two approaches can interact.

1 We can use experimental information to validate a model (Todd and
Wolpin )

2 We can use the same information to help identify a possibly richer
structural model (Attanasio, Meghir, Santiago)
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Randomised Experiments and Structural Models

But why use the structural model in this context if we already "know"
the answer from our experiments?

1 The structural model will help us interpret the data and understand the
mechanisms through which an intervention works.

2 The model may allow simulation of alternative policies thereby o¤ering
a mechanism for improving e¤ectiveness.

3 Finally, validation o¤ers the possibility of understanding better the
shortcomings of models
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Modelling the impact of PROGRESA using a randomised
experiment

I now present the Attanasio, Meghir, Santiago model built to simulate
alternative policies relating to PROGRESA.

This is a very simple structural model of education choice

The key idea is to exploit the randomised nature of the grant to
identify the impact of monetary incentives on educational
participation
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Modelling the impact of PROGRESA using a randomised
experiment

In this simple model parents decide in the child�s best interest
whether the child works or attends school

The �ow utility here is de�ned by

usit = Y sit + αgit
Y sit = µsi + a

s 0zit + bsedit + 1(pit = 1)β
pxpit + 1(sit = 1)β

sx sit + εsit

In the above usit is the current utility of going to school. This depends
on current costs Y sit and on the grant (git for those eligible, zero for
the others)
The current costs depend on unobserved ability µsi , on costs of
attending primary (xpit ) or secondary (x

s
it) education and on household

characteristics as well as on a random shock
The utility from school also depends on accumulated schooling, the
idea being that going to school may actually strengthen attachment.
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Modelling the impact of PROGRESA using a randomised
experiment

The utility from work is simply

uwit = δwit

where wit represents the market wage that children can earn.

The wage is thus the opportunity cost of schooling.
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Modelling the impact of PROGRESA using a randomised
experiment

Why is this problem dynamic?

1 Education has bene�ts in the future
2 Past education can change attitudes towards attendance
3 The grant itself creates dynamics because not going to school one year
reduces the total number of years the child can be subsidised: the
grant is only available until 17.

Costas Meghir (UCL) Experiments and Structural Models March 2009 7 / 26



Modelling the impact of PROGRESA using a randomised
experiment

Why is this problem dynamic?

1 Education has bene�ts in the future

2 Past education can change attitudes towards attendance
3 The grant itself creates dynamics because not going to school one year
reduces the total number of years the child can be subsidised: the
grant is only available until 17.

Costas Meghir (UCL) Experiments and Structural Models March 2009 7 / 26



Modelling the impact of PROGRESA using a randomised
experiment

Why is this problem dynamic?

1 Education has bene�ts in the future
2 Past education can change attitudes towards attendance

3 The grant itself creates dynamics because not going to school one year
reduces the total number of years the child can be subsidised: the
grant is only available until 17.

Costas Meghir (UCL) Experiments and Structural Models March 2009 7 / 26



Modelling the impact of PROGRESA using a randomised
experiment

Why is this problem dynamic?

1 Education has bene�ts in the future
2 Past education can change attitudes towards attendance
3 The grant itself creates dynamics because not going to school one year
reduces the total number of years the child can be subsidised: the
grant is only available until 17.

Costas Meghir (UCL) Experiments and Structural Models March 2009 7 / 26



Modelling the impact of PROGRESA using a randomised
experiment

We assume that parents choose education to maximise lifetime utility
smarting age 9.

Decisions are taken from age 9 to 18. Before that nearly all attend.
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Modelling the impact of PROGRESA using a randomised
experiment
Terminal Value Function

At 18 adult life starts with a value of V (edi18).

This de�nes in a reduced form way what the accumulated education
is worth and needs to be estimated

In a model where we follow people up later in life, the terminal value
would be pinned down by labour market outcomes.

We specify

V (edi ,18) =
α1

1+ exp(�α2 � edi ,18)
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Modelling the impact of PROGRESA using a randomised
experiment
Uncertainty

There are two sources of uncertainty:

1 The random shocks to the cost of schooling
2 The possibility that the child will not pass the grade pst . This depends
on grade and age and is known to all concerned.

With richer data this probability could be made to depend on e¤ort,
thus making it endogenous.
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Modelling the impact of PROGRESA using a randomised
experiment
Laws of motion

The law of motion for the state variable edit is

edit+1 = edit + 1 if attend and pass grade

edit+1 = edit otherwise

The variables zit have a deterministic path known to everybody
(simplifying assumption)
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Modelling the impact of PROGRESA using a randomised
experiment
Value functions

The value function for attending school is V sit (edit jzit ) and the value
for work is denoted V wit+1 (edit jzit )

Thus the value of school at age t can be written as

V sit (edit jzit ) =
usit + βfpst (edit + 1)�

E max
�
V sit+1 (edit + 1jzit+1) ,V wit+1 (edit + 1jzit+1)

�
+(1� pst (edit + 1))�

E max
�
V sit+1 (edit jzit+1) ,V wit+1 (edit jzit+1)

�
g

And the value of working is

V wit (edit jzit ) = uwit + βE max fV sit+1 (edit ) ,V wit+1 (edit )g
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Computing the Emax functions

In this problem the Emax functions can be easily computed
analytically

Denote usit = ũ
s
it + ε

Then we have that at any point in the lifecycle

E max fV sit (edit ) ,V wit (edit )g =

E max
�
ũsit + ε+ βV sit+1 (edit ) , u

w
it + βV wit (edit )

	
=

ũsit + βV sit+1 (edit ) + E (εjε > uwit � ũsit �+β
�
V wit (edit )� V sit+1 (edit )

�
� PS

+ [uwit + βV wit (edit )]�
�
1� PS

�
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Computing the Emax functions

In the above PS = Pr(Attend) =
Pr
�
ε > uwit � ũsit �+β

�
V wit (edit )� V sit+1 (edit )

��

The term E (εjε > uwit � ũsit �+β
�
V wit (edit )� V sit+1 (edit )

�
has

closed form expression for the logistic.

For the Normal this becomes
E (εjε > uwit � ũsit �+β

�
V wit (edit )� V sit+1 (edit )

�
= φ(a)/

�
PS
�

In this case the DP becomes computationally as easy as any nonlinear
static regression.

Costas Meghir (UCL) Experiments and Structural Models March 2009 14 / 26



Computing the Emax functions

In the above PS = Pr(Attend) =
Pr
�
ε > uwit � ũsit �+β
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Modelling the impact of PROGRESA using a randomised
experiment
Wages

We now estimate an equation for predicting wages.

We do this for two reasons:

1 Child wages are likely to be measured with error. We use the village
adult wage, observed everyhere as an instrument

2 Wages are not observed for non-working kids. We thus correct for
selection the estimated wage equations and predict wages for
non-working children.
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Modelling the impact of PROGRESA using a randomised
experiment
Wages

Strictly speaking we should be integrating out wages � not predicting
them. Ina linear model the two are identical. This is however a
nonlinear model (because of the future value functions) so what we
do is just a simplifying approximation.

The wage equation we obtain is

lnwij = �1.38
(0.45)

+ 0.893
(0.044)

lnw agj + 0.084
(0.023)

agei + 0.120
(0.076)

Millsi +vijt

Note that the wage equation does not depend on education for the
children. This is because we found that education has noreturns in
the village economy (perhaps 1% a year)

Returns to education are enjoyed by those who obtain it by migrating
and working in urban centres in adult life.
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Modelling the impact of PROGRESA using a randomised
experiment
Initial Conditions

We now need to deal with an important but di¢ cult issue

We do not observe children as they enter school. We observe a cross
section of children who at the start of the social experiment have
some level of education edit and some age t.

The data consist of level of schooling and whether the child attended
school or not after the experiment started (as well as a wealth of
other variables). The point is, we do not observe history of schooling
or any further observations (the latter is not as important)

This level of education is endogenous because it is correlated with
unobserved ability µ

This is the initial conditions problem
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Modelling the impact of PROGRESA using a randomised
experiment
Initial Conditions

To understand the problem consider the probability of attendance as
implied by the model above and denote as
P(Attendit = 1jzit , xpit , x sit ,wageit , edit , µi )

Since we do not observeµ we need to integrate it out.

The joint distribution of attendance and µ is

G (Attendit = 1, µjzit , xpit , x sit ,wageit , edit )

= P(Attendit = 1jzit , xpit , x sit ,wageit , edit , µi )�

g(µjzit , xpit , x sit ,wageit , edit )
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Modelling the impact of PROGRESA using a randomised
experiment
Initial Conditions

This says that there are two potential channels through which past
education (and the other characteristics) a¤ect the probability of
attendance.

1 Their causal e¤ect on attendance
2 Their correlation with the unobservable and hence with the ability
composition of each education level

While we may be willing to assume that the characteristics and
unobserved heterogeneity are independent this is impossible for
education, whose entire path depends on ability: Higher and higher
levels of education are associated with higher levels of ability. Thus as
we move from one education level to the next the ability composition
changes.
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Modelling the impact of PROGRESA using a randomised
experiment
Initial Conditions

The next di¢ culty is that we need to explain the stock of education
we observe, with an instrument that does not a¤ect current
attendance

Current attendance depends on distance to school

We make past stock of schooling depend on the distnace to school as
it was in the past, relying for identi�cation on new schools being built.
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Modelling the impact of PROGRESA using a randomised
experiment
The likelhood contribution

So the likelhood contribution becomes

Li =
Z

µ

24 P(Attendit = 1jzit , xpit , x sit ,wageit , edit , µi )�

P(edit = ejzit , xpit , x sit , distit�1, hi ,wage, µi )dg(µ)

35

where P(edit = ejzit , xpit , x sit , hi ,wage, µi ) is a reduced form equation
of the stock of education and it includes as an explanatory instrument
distance from school in the past (distit�1).

As in the earlier lectures we approximate g(m) with a discrete
distribution, in this case just three points of support su¢ ce.
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Modelling the impact of PROGRESA using a randomised
experiment
Unobserved Heterogeneity
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Modelling the impact of PROGRESA using a randomised
experiment
Initial conditions Equation (subset of parameters)
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Modelling the impact of PROGRESA using a randomised
experiment
Main results (subset of parameters)
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Modelling the impact of PROGRESA using a randomised
experiment
Simulations - Restructuring the grant
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Modelling the impact of PROGRESA using a randomised
experiment
Simulations - Alternative Policies
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