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@ A key question is how can we combine randomised experiments and
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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.

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

© 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?
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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?

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

© The model may allow simulation of alternative policies thereby offering
a mechanism for improving effectiveness.

© Finally, validation offers the possibility of understanding better the
shortcomings of models
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Modelling the impact of PROGRESA using a randomised

experiment

@ | now present the Attanasio, Meghir, Santiago model built to simulate
alternative policies relating to PROGRESA.
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Modelling the impact of PROGRESA using a randomised

experiment

@ | 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
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@ In this simple model parents decide in the child’s best interest
whether the child works or attends school
@ The flow utility here is defined by

S

up = Yi+agi
Yi pi +a"'zie + bledi + 1(pie = 1)BPx; + 1(sie = 1)B°x;; + €5,

@ In the above u}, is the current utility of going to school. This depends
on current costs Y}; and on the grant (gj: for those eligible, zero for

the others)
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experiment

@ In this simple model parents decide in the child’s best interest
whether the child works or attends school
@ The flow utility here is defined by

up = Yitagi
Yi = u+a"z + bledi + L(pi = 1)BPxf + 1(sie = 1)B°x; + ¢
@ In the above u}, is the current utility of going to school. This depends

on current costs Y}; and on the grant (gj: for those eligible, zero for

the others)

@ The current costs depend on unobserved ability 37, on costs of
attending primary (x%) or secondary (x3) education and on household
characteristics as well as on a random shock
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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 flow utility here is defined by

up = Yitagi
Yi = pi+a%ze+ bledy + 1(pie = 1)BPxf + L(sie = 1)B°x; + €5

@ In the above u}, is the current utility of going to school. This depends
on current costs Y}; and on the grant (gj: for those eligible, zero for
the others)

@ The current costs depend on unobserved ability 37, on costs of
attending primary (x%) or secondary (x3) 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
U,"/t\,/ = 5W,'t

where w;j; represents the market wage that children can earn.
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Modelling the impact of PROGRESA using a randomised

experiment

@ The utility from work is simply
U,"/t\,/ = 5W,'t

where w;j; 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?
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Modelling the impact of PROGRESA using a randomised

experiment

@ Why is this problem dynamic?

@ Education has benefits in the future

@ Past education can change attitudes towards attendance

@ 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.

7/
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Modelling the impact of PROGRESA using a randomised

experiment

o We assume that parents choose education to maximise lifetime utility
smarting age 9.
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Modelling the impact of PROGRESA using a randomised

experiment

o 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

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

@ This defines 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.

o We specify
&1

14 exp(—az * ed; 18)

V(ed,"lg) =
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Modelling the impact of PROGRESA using a randomised

experiment

Uncertainty

@ There are two sources of uncertainty:

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

@ With richer data this probability could be made to depend on effort,
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 edj; is

edii1 = edy+ 1if attend and pass grade

edit+1 = edj; otherwise
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Modelling the impact of PROGRESA using a randomised

experiment

Laws of motion

@ The law of motion for the state variable edj; is

edii1 = edy+ 1if attend and pass grade

edit+1 = edj; otherwise

@ The variables zj; 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;(ed;t|zj;) and the value
for work is denoted V}', , (edjt|z;¢)
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Modelling the impact of PROGRESA using a randomised

experiment

Value functions

@ The value function for attending school is V;(ed;t|zj;) and the value
for work is denoted V}', , (edjt|z;¢)

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

us, + B{pi (edir + 1) x

S . .
Vi(edi|zi) Emax [V, (edi 4+ 1|zir1) , Vi (edie + 1] zieq1) |

+(1 — pi (edir +1))x
Emax [Vi,, (edit|zitr1), Vi, (edic|ziey1)] }
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Value functions

@ The value function for attending school is V;(ed;t|zj;) and the value
for work is denoted V}', , (edjt|z;¢)

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

us, + B{pi (edir + 1) x

S . .
Vi(edi|zi) Emax [V, (edi 4+ 1|zir1) , Vi (edie + 1] zieq1) |

+(1 — pi (edir +1))x
Emax [Vi,, (edit|zitr1), Vi, (edic|ziey1)] }

@ And the value of working is

Vi (edit|zie) = uj} + BE max {Vj;, (edit), Vi{'q (edi) }
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Computing the Emax functions

@ In this problem the Emax functions can be easily computed
analytically
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Computing the Emax functions

@ In this problem the Emax functions can be easily computed
analytically

@ Denote uf, = I, +¢
@ Then we have that at any point in the lifecycle

Emax{Vj (edir), Vi (edir)} =
Emax {05 +e+ BV, (edi), uff + BV (edi)} =
0, + BV, (edi) + E(ele > uf — b, — +B [Vi¥ (edir) — Vi 4 (edi)]

+ [uf + BVY (edi)] x (1— P°)

Costas Meghir (UCL) Experiments and Structural Models March 2009 13 / 26



Computing the Emax functions

@ In the above P° = Pr(Attend) =
Pre> uy — 0, — +p [V (edir) — Vit (edi)])
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Computing the Emax functions

@ In the above P° = Pr(Attend) =
Pre> uff — 5, — +p [V} (edir) — Vit ,; (edit)])

o The term E(ele > u — 5, — +p [V (edir) — V5 (edi)] has
closed form expression for the logistic.

o For the Normal this becomes
E(ele > uy — 5, — +B [Vi¥' (edi) — Viiy (edi)] = ¢(a)/ [P°]

@ In this case the DP becomes computationally as easy as any nonlinear
static regression.
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Modelling the impact of PROGRESA using a randomised

experiment
Wages

@ We now estimate an equation for predicting wages.
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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:

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

© 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.
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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

Inw; = —138+ 0.893 In w® 4+ 0.084 age; +0.120 Mills; + @
(0.45)  (0.044) J (0.023) (0.076)

@ 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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Initial Conditions

@ We now need to deal with an important but difficult issue
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@ We now need to deal with an important but difficult 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 ed;; 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)
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Modelling the impact of PROGRESA using a randomised

experiment

Initial Conditions

We now need to deal with an important but difficult 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 ed;; 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 u

@ 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(Attend;; = 1|zj, x, x5, wagejr, edje, ;)
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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(Attend;; = 1|zj, x, x5, wagejr, edje, ;)

@ Since we do not observeu we need to integrate it out.
@ The joint distribution of attendance and yu is

G(Attendt =1, ‘M|Z,t, Xir It' wageiz, ed,t)
= P(Attendy = 1|z, x5, x5, wageir, edit, ;) X

g(ulzie, x5, x5, wageir, edjt)

Costas Meghir (UCL)

Experiments and Structural Models March 2009



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) affect the probability of
attendance.
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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) affect the probability of
attendance.

© Their causal effect on attendance
@ 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 difficulty is that we need to explain the stock of education
we observe, with an instrument that does not affect current
attendance
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Modelling the impact of PROGRESA using a randomised

experiment

Initial Conditions

@ The next difficulty is that we need to explain the stock of education
we observe, with an instrument that does not affect 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 identification 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

L,-:/
H

P(Attend;; = 1|z, x4, x5, wagejs, edjs, ;) X

lt’

P(edi; = e|zit, x4, x5, distje_1, hj, wage, ;) dg (1)
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Modelling the impact of PROGRESA using a randomised

experiment
The likelhood contribution

@ So the likelhood contribution becomes

L,-:/
H

o where P(ed; = e|zj, x5, x5, hi, wage, u;) is a reduced form equation
of the stock of education and it includes as an explanatory instrument
distance from school in the past (distjr—1).

P(Attend; = 1|z, x,t, s, wageit, edje, J;) X

P(edi; = e|zit, x4, x5, distje_1, hj, wage, ;) dg (1)
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Modelling the impact of PROGRESA using a randomised

experiment
The likelhood contribution

@ So the likelhood contribution becomes

L,-:/
H

o where P(ed; = e|zj, x5, x5, hi, wage, u;) is a reduced form equation
of the stock of education and it includes as an explanatory instrument
distance from school in the past (distjr—1).

P(Attend; = 1|z, x,t, s, wageit, edje, J;) X

P(edi; = e|zit, x4, x5, distje_1, hj, wage, ;) dg (1)

@ As in the earlier lectures we approximate g(m) with a discrete
distribution, in this case just three points of support suffice.
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Modelling the impact of PROGRESA using a randomised

experiment

Unobserved Heterogeneity

A B C
Point, of Support 1 -27.023  -26.480  -26.563
L7179 L7138 L1765
Point of Support 2 -31.203 30485 -30.683
201, 2.067 2.0560
Point, of Support 3 -21.765 -21.257  -21.313
1401 1.390 1.387
probability of 1 0.309 0313 0.307
0.029  0.051 0.029
probability of 2 0.590  0.584 0.592

0.030  0.032 0.031
probability of 3 0.10 0.103 0.1017

pt

load factor for Initial condition — 0.016  0.016 0.016
0.009  0.009 0.009

Notes: Column A: Dummies for Poor (Le. programme eligible)

B: Dummies for Poor and for Treatment village

C: Dummies for Poor and for ineligible in treatment village

Asymptotic standard errors in italics
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Modelling the impact of PROGRESA using a randomised

experiment

Initial conditions Equation (subset of parameters)

Selected Parameters from the Initilal Conditions Equation
Other controls and instruments

poor -0.259 0259 -0.259
0.026  0.026  0.020
indigenous 0.002  0.002 ).002

(

(
0.023  0.025  (
primary 1997 (pre-experiment) 0.257 0257 0.
0.054  0.054 (
secondary 1997 (pre-experiment) — 0.077  0.077  (
0.024  0.02f  0.024

Km from secondary School -0.01057 -0.011 -0.01057
0.00177  0.002  0.00177
cost of attending secondary 0.00014  0.000  0.00014
0.00022  0.000  0.00022
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Modelling the impact of PROGRESA using a randomised

experiment

Main results (subset of parameters)

A C
wage 0.144 .14
1048 0048
2,664 2,667
L9854 LOxN
less than pr
0L.176 0.173
0115 016
Secondary 0.430
[
Preparatoria 1.517 [BENS]
11366 447
age 3.017 3.001
0.22% .220
ears of education 1.812 1.798
150 Nk
log-Likelihoad 2680135 26708745 -26797.546

Discount rate 9 = (.85 State dummies included

Costas Meghir ( Experiments and Structural Models



Modelling the impact of PROGRESA using a randomised

experiment

Simulations - Restructuring the grant

Figure 1

Poor Dummy + Progresa dummy Paor dummy

T T
10 12 14 16 18

Age
—_—— ——

Impact of the grant on the probability of school enrolment

offsctof the grant  effect of a revenue neutral alternativet
Graphs by specification
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Modelling the impact of PROGRESA using a randomised

experiment

Simulations - Alternative Policies

Figure 2

10 12 14 18 18
age

—d— offact of lowering children wages =+ cffact of building schoals
—=&— effect of the program for low cost children
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