
Introduction The level of aggregation Back to basics Sources of bias and methods Conclusions

Development and the e¤ectiveness
of social programmes

Jean-Louis Arcand, The Graduate Institute j Geneva
jean-louis.arcand@graduateinstitute.ch

GTAP, Geneva, 27 June 2012



Introduction The level of aggregation Back to basics Sources of bias and methods Conclusions

Trade, development and policy-making
Never the twain shall meet?

The cat amongst the pidgeons...or vice versa

I want to make the link between two, often separate, tribes:

1. The business of evaluating social programs in developing
countries: the cottage industry that I belong to

The business of evaluating policy in developing countries: an
even bigger tribe, which subsumes the �rst

2. The business of evaluating the impact of trade policy: the
tribe most of you belong to

Very di¢ cult to believe that trade policy does not a¤ect the
impact of social programs

Very di¢ cult to believe that social programs do not a¤ect the
impact of trade policy

The problem is thus one of estimating a second cross-partial
derivative: "bundling" matters
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Trade, development and policy-making
An example of this at the macro level: the link between ODA and economic policies

Think of the now largely discredited AER paper by Craig
Burnside and David Dollar

Basic idea was the following:

Foreign aid (call it D) has a positive impact on economic
growth (call it Y ) when economic policies (denote them by a
scalar P) are "good"
Translated into a linear equation:

Y = α+Dβ+ Pγ+ (D � P)δ+ ε

H0 :
∂2Y

∂D∂P
= δ > 0

Roughly-speaking the link between our two tribes involves
�nding smart ways of estimating δ

But there is an additional problem: di¤ering levels of
aggregation, which complicates identi�cation
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The level of aggregation and identi�cation
Two worlds, two di¤erent levels of aggregation

In my world, our unit of observation is at the level of the
individual or the household

Treatment D by some social program obtains at the level of
the

individual (i)
household (h)
village (v) or other subregional unit

In your world, the unit of observation is at the level of a
household (h), a �rm (f ) or a sector (s)

Treatment P by some trade policy obtains quite often at the
level of

a sector (s)
or even at the national level
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The level of aggregation and identi�cation
Two worlds, two di¤erent levels of aggregation

So suppose that we want to estimate the impact of a rural
nutritional program implemented at the village level on child
health and see how trade policy interacts with that program

We would estimate

Yihv = α+Dv β+ Pγ+ (Dv � P)δ+ εihv

But how to estimate the impact of trade policy directly here?

i.e. not through microsimulation or a CGE model with
heterogeneous agents

We don�t have cross-sectional variance in P � there�s the rub!

Finding an intelligent manner of injecting cross-sectional
variation into P is therefore the name of the game
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Impact evaluation
Back to basics: constructing a counterfactual

Y = "outcome" or "result" of interest

We use medical terminology: "treated" versus "untreated"

D =
�
1 if treated
0 otherwise

Y =
�
Y1 if treated
Y0 otherwise

The problem is one of missing data
Y1 Y0

D = 1 Y1jD = 1 observed Y0jD = 1 unobserved
D = 0 Y1jD = 0 unobserved Y0jD = 0 observed
Having a counterfactual is the key
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Star Trek...

The previous table shows us that the basic issue is a problem
of missing information

Think of a science �ction movie with two parallel universes

The two universes are identical, except that...
In universe 1 the social program or trade policy is there
In universe 0 it is absent

Sounds easy, and it�s a useful thought experiment

It�s not easy to do in practice !

Getting the two tribes together is a perfect example of how
di¢ cult this is to do
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What do you want to estimate?
There are essentially 3 treatment parameters

ATE: Average Treatment E¤ect

Pick an individual at random �what is the impact of the
program on that person: gives us the average impact from the
social welfare standpoint

TT: Treatment on the Treated

Pick a treated individual at random: essential in terms of
assessing how bene�ciaries fared

TUT: Treatment on the UnTreated

Pick an untreated individual at random: essential in deciding
whether to scale up or not

People rarely think about this distinction in my tribe, let alone
in yours

But it is crucial in terms of policy-relevance
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Three sources of bias
Or: you�re not even close to having a proper identi�cation strategy

For illustrative purposes, consider a simple linear regression and
eschew our second cross-partial derivative for the time being:

Y = α+Dβ+ ε

There are three sources of bias in any piece of empirical work
Source of bias No. 1 : D is correlated with ε

"Garden variety" endogeneity in which, for example, common
unobservables determine both treatment status and outcomes

Source of bias No. 2 : β is correlated with D

the decision to implement or participate in the intervention
(D) is based in part on what people expect to gain from it (β)

Source of bias No. 3 : β is correlated with ε

The impact of the intervention (β) is correlated with
unobservables that determine the outcome (ε)

Most methods deal with the �rst source of bias: much harder
to deal with the other two
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Five methods

1 Least squares and matching: plain stupid �simply assumes
away all three sources of bias

2 Di¤erence-in-di¤erences (DID) and panel data: a decent bet if
only time-invariant unobservables are a problem + the pesky
parallel trends assumption + assumes away biases 2 and 3

3 Instrumental variables (IV): you actually have to think �if
used properly (LIV / LATE) can deal with Biases 2 and 3

4 Regression discontinuity design (RDD): nice real world-based
approach � but boils down to IV if it�s fuzzy

5 Randomization (RCT): the so-called "Gold Standard"
� usually assumes away Biases 2 and 3

Currently the Randomista clan dominate in my tribe

Doubtful that they will dominate yours
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Rajan-Zingales meet the randomistas

Find a randomization or RDD Dvt with a baseline and an
endline which straddle a trade policy change

Yihvt = α+Dvtβ+ Ptγ+ (DvtPt )δ+ µt + λihv + εihvt

Still not enough: can�t estimate γ and δ is meaningless since
Dvt = 0 for all observations in baseline

Back to injecting cross-sectional variation into Pt
Construct some measure of household or village exposure to
trade (ex: distance to market): call this Ev

Yihvt = α+Dvtβ+(PtEv ) γ+(DvtPtEv ) δ+ µt +λihv + εihvt

Then:

∂Yihvt
∂Pt

= Evγ+(DvtEv ) δ,
∂Yihvt
∂Dvt

= β+(PtEv ) δ,
∂2Yihvt

∂Dvt∂Pt
= Ev δ

Essentially a Rajan-Zingales procedure in the midst of an RCT
or RDD



Introduction The level of aggregation Back to basics Sources of bias and methods Conclusions

Rajan-Zingales meet the randomistas

Find a randomization or RDD Dvt with a baseline and an
endline which straddle a trade policy change

Yihvt = α+Dvtβ+ Ptγ+ (DvtPt )δ+ µt + λihv + εihvt

Still not enough: can�t estimate γ and δ is meaningless since
Dvt = 0 for all observations in baseline

Back to injecting cross-sectional variation into Pt
Construct some measure of household or village exposure to
trade (ex: distance to market): call this Ev

Yihvt = α+Dvtβ+(PtEv ) γ+(DvtPtEv ) δ+ µt +λihv + εihvt

Then:

∂Yihvt
∂Pt

= Evγ+(DvtEv ) δ,
∂Yihvt
∂Dvt

= β+(PtEv ) δ,
∂2Yihvt

∂Dvt∂Pt
= Ev δ

Essentially a Rajan-Zingales procedure in the midst of an RCT
or RDD



Introduction The level of aggregation Back to basics Sources of bias and methods Conclusions

Rajan-Zingales meet the randomistas

Find a randomization or RDD Dvt with a baseline and an
endline which straddle a trade policy change

Yihvt = α+Dvtβ+ Ptγ+ (DvtPt )δ+ µt + λihv + εihvt

Still not enough: can�t estimate γ and δ is meaningless since
Dvt = 0 for all observations in baseline

Back to injecting cross-sectional variation into Pt

Construct some measure of household or village exposure to
trade (ex: distance to market): call this Ev

Yihvt = α+Dvtβ+(PtEv ) γ+(DvtPtEv ) δ+ µt +λihv + εihvt

Then:

∂Yihvt
∂Pt

= Evγ+(DvtEv ) δ,
∂Yihvt
∂Dvt

= β+(PtEv ) δ,
∂2Yihvt

∂Dvt∂Pt
= Ev δ

Essentially a Rajan-Zingales procedure in the midst of an RCT
or RDD



Introduction The level of aggregation Back to basics Sources of bias and methods Conclusions

Rajan-Zingales meet the randomistas

Find a randomization or RDD Dvt with a baseline and an
endline which straddle a trade policy change

Yihvt = α+Dvtβ+ Ptγ+ (DvtPt )δ+ µt + λihv + εihvt

Still not enough: can�t estimate γ and δ is meaningless since
Dvt = 0 for all observations in baseline

Back to injecting cross-sectional variation into Pt
Construct some measure of household or village exposure to
trade (ex: distance to market): call this Ev

Yihvt = α+Dvtβ+(PtEv ) γ+(DvtPtEv ) δ+ µt +λihv + εihvt

Then:

∂Yihvt
∂Pt

= Evγ+(DvtEv ) δ,
∂Yihvt
∂Dvt

= β+(PtEv ) δ,
∂2Yihvt

∂Dvt∂Pt
= Ev δ

Essentially a Rajan-Zingales procedure in the midst of an RCT
or RDD



Introduction The level of aggregation Back to basics Sources of bias and methods Conclusions

Rajan-Zingales meet the randomistas

Find a randomization or RDD Dvt with a baseline and an
endline which straddle a trade policy change

Yihvt = α+Dvtβ+ Ptγ+ (DvtPt )δ+ µt + λihv + εihvt

Still not enough: can�t estimate γ and δ is meaningless since
Dvt = 0 for all observations in baseline

Back to injecting cross-sectional variation into Pt
Construct some measure of household or village exposure to
trade (ex: distance to market): call this Ev

Yihvt = α+Dvtβ+(PtEv ) γ+(DvtPtEv ) δ+ µt +λihv + εihvt

Then:

∂Yihvt
∂Pt

= Evγ+(DvtEv ) δ,
∂Yihvt
∂Dvt

= β+(PtEv ) δ,
∂2Yihvt

∂Dvt∂Pt
= Ev δ

Essentially a Rajan-Zingales procedure in the midst of an RCT
or RDD



Introduction The level of aggregation Back to basics Sources of bias and methods Conclusions

Rajan-Zingales meet the randomistas

Find a randomization or RDD Dvt with a baseline and an
endline which straddle a trade policy change

Yihvt = α+Dvtβ+ Ptγ+ (DvtPt )δ+ µt + λihv + εihvt

Still not enough: can�t estimate γ and δ is meaningless since
Dvt = 0 for all observations in baseline

Back to injecting cross-sectional variation into Pt
Construct some measure of household or village exposure to
trade (ex: distance to market): call this Ev

Yihvt = α+Dvtβ+(PtEv ) γ+(DvtPtEv ) δ+ µt +λihv + εihvt

Then:

∂Yihvt
∂Pt

= Evγ+(DvtEv ) δ,
∂Yihvt
∂Dvt

= β+(PtEv ) δ,
∂2Yihvt

∂Dvt∂Pt
= Ev δ

Essentially a Rajan-Zingales procedure in the midst of an RCT
or RDD



Introduction The level of aggregation Back to basics Sources of bias and methods Conclusions

Conclusions

Still only the �rst step

The problem of interpretation for Rajan-Zingales-type results:
di¤erences

Does not yet deal with sources of bias 2 and 3

Could apply Heckman-Vytlacil LIV-MTE in the context of a
fuzzy RDD IV procedure

Would then allow one to distinguish between ATE, TT and
TUT

...since TUT is often what is most interesting in terms of
policy
Might therefore allow the twains to meet
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