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Introduction

e What do causal effects from one place tell us about causal effects in an
another place?
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Introduction

e What do causal effects from one place tell us about causal effects in an
another place?

e Debate: should we implement a successful policy from one context in
another?

@ Scale up what works: extrapolate widely
(Banerjee and He, 2008; Duflo, 2004)

@® What works in one place may not in another: don’t extrapolate
(Pritchett and Sandefur, 2013)
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Introduction

e What do causal effects from one place tell us about causal effects in an
another place?

e Debate: should we implement a successful policy from one context in
another?

@ Scale up what works: extrapolate widely
(Banerjee and He, 2008; Duflo, 2004)

® What works in one place may not in another: don’t extrapolate
(Pritchett and Sandefur, 2013)

e “school uniforms will surely not have the same impact in Norway (where
every child who needs one, no doubt, has one) that it has in Kenya. The
question is where to draw the line: Is Mexico more like Norway or more like
Kenya?" Banerjee and Duflo (2009)
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Introduction

e What do causal effects from one place tell us about causal effects in an
another place?

e Debate: should we implement a successful policy from one context in
another?

@ Scale up what works: extrapolate widely
(Banerjee and He, 2008; Duflo, 2004)

® What works in one place may not in another: don’t extrapolate
(Pritchett and Sandefur, 2013)

e “school uniforms will surely not have the same impact in Norway (where
every child who needs one, no doubt, has one) that it has in Kenya. The
question is where to draw the line: Is Mexico more like Norway or more like
Kenya?" Banerjee and Duflo (2009)

o | derive methods to bound the average effect of a treatment based on
experimental findings from another context
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Example

Transfers to Mexican microenterprises

e McKenzie and Woodruff (2008) gave transfers to male microentrepreneurs in
Leon in 2006

e Sustained increase in monthly profits of roughly 40% of the value of the
transfer

e What do the results from McKenzie and Woodruff (2008) and data from a
national microenterprise survey say about the returns to transfers other cities?
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Setup

e Experiment

e Untreated outcomes and covariates
e Treated outcomes and covariates

e Alternative context

e Untreated outcomes and covariates (for example)
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Setup

e Experiment

e Untreated outcomes and covariates
e Treated outcomes and covariates

Alternative context

e Untreated outcomes and covariates (for example)

If average causal effects are the same for individuals with the same
characteristics, the problem is easy

However, average effects for individuals with the same characteristics

typically differ across contexts
(Allcott, 2015; Attanasio et al., 2003)
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Bounds

For individuals with the same characteristics

Untreated | Treated

Experiment Yo Y1

Alternative context Yo ?

@ Differences in the distributions of untreated outcomes tell us about
differences in unobservables

® Assume that Yi|Yy = yp in the alternative context is consistent with the
experimental results

© Based on differences in the distributions of Y, | derive bounds on the
average causal effect in the alternative context

o Greater differences yield wider bounds
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Tighter bounds

@ Assumptions on dependence between treated and untreated outcomes tighten
the bounds

® Tighter bounds yield the assumptions needed to draw specific conclusions
about the average effect in the alternative context

e Example: the policy has a positive average effect in the new context
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Preview of empirical results

Transfers to Mexican microenterprises: extrapolating from a small experiment

e The McKenzie and Woodruff (2008) experiment was small and the authors
are cautious in interpreting their results

e The benchmark method makes us overconfident in extrapolating from the
experiment to all of urban Mexico
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Preview of empirical results

Remedial education in India: evaluating predictions

Banerjee, Cole, Duflo, and Linden (2007) conducted evaluations of the same
remedial education program in two Indian cities

| use the results from one city to predict the average causal effect in the other

The benchmark method leads us to conclude that one experiment tells us
nothing about the causal effect in the other

The bounds are informative and contain the observed causal effects
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Outline

® Introduction
® Literature
©® Methods

@ A simple example
@ In general

® Empirical results

©® Conclusions
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Contributions relative to the benchmark method
Hotz, Imbens, and Mortimer (2005)

e Two step procedure
@ Test for external validity: is the distribution of untreated outcomes the same

for individuals with the same characteristics?
@® Based on the test results...

o Fail to reject: conditional on characteristics, expected treated outcomes from
the experiment generalize to the alternative context
e Reject: abandon extrapolation
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Contributions relative to the benchmark method
Hotz et al. (2005)

e Two step procedure

@ Test for external validity: is the distribution of untreated outcomes the same
for individuals with the same characteristics?
@® Based on the test results...
o Fail to reject: conditional on characteristics, expected treated outcomes from

the experiment generalize to the alternative context
e Reject: abandon extrapolation

e Pitfalls

@ The test is often underpowered
@® Can we really learn nothing if we reject?
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Contributions relative to the benchmark method
Hotz et al. (2005)

e Two step procedure

@ Test for external validity: is the distribution of untreated outcomes the same
for individuals with the same characteristics?
@® Based on the test results...

o Fail to reject: conditional on characteristics, expected treated outcomes from
the experiment generalize to the alternative context
e Reject: abandon extrapolation

e Pitfalls

@ The test is often underpowered
@® Can we really learn nothing if we reject?

e | quantify uncertainty about generalization from two sources:

@ Sample size
® Differences in outcome distributions
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Literature

@ Existing methods based on invariance assumptions for individuals with the

same covariates

(Hotz et al., 2005; Attanasio et al., 2003; Angrist and Fernandez-Val, 2013; Angrist and
Rokkanen, 2015; Cole and Stuart, 2010; Stuart, Cole, Bradshaw, and Leaf, 2011; Pearl and
Bareinboim, 2014; Dehejia, Pop-Eleches, and Samii, 2017; Bisbee, Dehejia, Pop-Eleches,
and Samii, 2015; Vivalt, 2017)

® Differences in causal effects across contexts for individuals with the same

observed characteristics
(Allcott, 2015; Attanasio et al., 2003)

©® Methods relating outcome distributions and unobservables
(Matzkin (2013) review, Athey and Imbens (2006) estimator coincides with mine under
maximum dependence)

O Sensitivity analyses based on bounds
(Altonji, Elder, and Taber, 2005; Altonji, Conley, Elder, and Taber, 2013; Kline and Santos,
2013)

@ Other approaches
Kowalski (2016); Brinch, Mogstad, and Wiswall (2015); Mogstad, Santos, and Torgovitsky
(2016); Chassang, Padro i Miquel, and Snowberg (2012); Banerjee, Chassang, and
Snowberg (2016)
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Stylized cash transfers to Mexican microentrepreneurs

e Suppose outcomes are binary (I will generalize later)
e low profit or high profit

e Experimental results from city e:

Low profit  High profit

No transfers

Transfers

W [WIN
WIN Wl

o Average effect of the transfers in e: the share of high-profit entrepreneurs
increases by 3
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Generalizing the experimental results

o Alternative city a

Low profit  High profit

No transfers % %
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Generalizing the experimental results

o Alternative city a

Low profit  High profit

No transfers % %

e What would the average effect of transfers be in a7

1
P(high profit with transfers | high profit without transfers) x 5
+ P(high profit with transfers | low profit without transfers) x
1
2
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Assumption

o P(high profit with transfers | profits without transfers) in a is consistent with
the experimental marginal distributions

e Each point on the line represents a possible conditional distribution

1.00

ol e
@ >
3 o

P(High witransfers | Low w/o transfers)
o
0
b

0.00
1.00

0.25 050 075
P(High witransfers | High w/o transfers)
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Bounds

e Assuming P(high profit with transfers | high profit without transfers) = 1
yields the maximum average effect: 1
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Bounds

e Assuming P(high profit with transfers | high profit without transfers) = 1

yields the maximum average effect: 1

e Assuming P(high profit with transfers | high profit without transfers) =0
yields the minimum average effect: 0
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Bounds

Assuming P(high profit with transfers | high profit without transfers) = 1

yields the maximum average effect: 1

Assuming P(high profit with transfers | high profit without transfers) = 0
yields the minimum average effect: 0

Intermediate assumptions yield intermediate average effects

The bounds are based on the Frechet (1951)-Hoeffding (1940) inequalities
for a joint distribution with known marginals

Michael Gechter (Penn State) | Generalizing from Social Experiments.



Bounds

e Assuming P(high profit with transfers | high profit without transfers) =1

yields the maximum average effect: 1

e Assuming P(high profit with transfers | high profit without transfers) =0
yields the minimum average effect: 0

e Intermediate assumptions yield intermediate average effects

e The bounds are based on the Frechet (1951)-Hoeffding (1940) inequalities
for a joint distribution with known marginals

o Takeaway 1: Greater differences in untreated profits generate wider bounds
e Example: with % high-profit entrepreneurs without transfers, the bounds are

1 1
-3 and
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Dependence between individuals' profits with and without
transfers

e Small transfers are unlikely to cause all high-profit entrepreneurs to realize
low profits

e P(high profit with transfers | high profit without transfers) = 0

e It is natural to believe that entrepreneurs realizing high profits without
transfers would also realize high profits with transfers
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Dependence between individuals' profits with and without
transfers

e Small transfers are unlikely to cause all high-profit entrepreneurs to realize
low profits

e P(high profit with transfers | high profit without transfers) = 0

e It is natural to believe that entrepreneurs realizing high profits without
transfers would also realize high profits with transfers

e Assumptions on dependence between profits with and without transfers
generate tighter bounds

e With perfect dependence, the experiment tells me
P(high profit with transfers | high profit without transfers) = 1,
P(high profit with transfers | low profit without transfers) = 1
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Dependence between individuals' profits with and without
transfers

e Small transfers are unlikely to cause all high-profit entrepreneurs to realize
low profits

e P(high profit with transfers | high profit without transfers) = 0

e It is natural to believe that entrepreneurs realizing high profits without
transfers would also realize high profits with transfers

e Assumptions on dependence between profits with and without transfers
generate tighter bounds
e With perfect dependence, the experiment tells me

P(high profit with transfers | high profit without transfers) = 1,
P(high profit with transfers | low profit without transfers) = %

e Takeaway 2: The method tells you how much dependence you need to draw
specific conclusions about the average effect of the transfers in city a

e A zero average effect is only possible with minimum dependence:
P(high profit with transfers | high profit without transfers) = 0
e |.e., it has a breakdown point structure
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Generalizing the example

e Dealing with covariates

e Run the previous analysis conditioning on covariate values
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Generalizing the example

e Dealing with covariates

e Run the previous analysis conditioning on covariate values

e Non-binary outcomes

e This adds another dimension for imperfect correlation between control and
treated outcomes: leapfrogging

e And makes computing the bounds complicated and high-dimensional

e With discrete or discretized outcomes, the bounds can be computed as
solutions to a linear programming problem
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Generalizing the example

e Dealing with covariates

e Run the previous analysis conditioning on covariate values

e Non-binary outcomes

e This adds another dimension for imperfect correlation between control and
treated outcomes: leapfrogging

e And makes computing the bounds complicated and high-dimensional

e With discrete or discretized outcomes, the bounds can be computed as
solutions to a linear programming problem

e Sampling
e Confidence intervals computed using the bootstrap and results from Stoye
(2009)
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Generalizing the example

e Dealing with covariates

e Run the previous analysis conditioning on covariate values

e Non-binary outcomes

e This adds another dimension for imperfect correlation between control and
treated outcomes: leapfrogging

e And makes computing the bounds complicated and high-dimensional

e With discrete or discretized outcomes, the bounds can be computed as
solutions to a linear programming problem

e Sampling
o Confidence intervals computed using the bootstrap and results from Stoye
(2009)

e The set of Fy,}y,(y1| Yo = yo) distributions consistent with experimental
results may not be large enough to include the conditional distribution in a
e l.e., the distribution Y1|Yp, a may be selected on Y; relative to the
distributions consistent with experimental results

e Bound the maximal selection allowed for any yo
e Yields a 2-dimensional sensitivity analysis structure
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® Introduction
® Literature
©® Methods

@ A simple example
@® In general

® Empirical results

©® Conclusions
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Formal setup

Binary treatment: T € {0,1}
Outcome Y€ Y CR
Y=TVi+(1-T)Y

e Treated outcome: Y1 € Yy C Y
e Untreated outcome: Yo € Yo C Y

Observed covariates: X € X C R
e Two contexts: D € {e, a}
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Treatment assignment

Assumption.

Random assignment in population e. 0 < P¢(T =1)<1. T[D=¢e s
independent of all other random variables and P¢(T = 1) is known.
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Treatment assignment

Assumption.

Random assignment in population e. 0 < P¢(T =1)<1. T|D=¢e s
independent of all other random variables and P¢(T = 1) is known.

Assumption.

Everyone in a is untreated. T =0|D = a.

e Again, for concreteness

e We can alternatively assume T = 1|D = a or that individuals in a choose T
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The average treatment effect in a

ATE? = E°[Y, - Yo] = E*[V1] —E°[Y]
——

unknown
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The average treatment effect in a

ATE? = E°[Y, - Yo] = E*[V1] —E°[Y]
——

unknown

o If | knew E?[Y1]|Yo = v, X = x], | could identify E2[Y]]
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The average treatment effect in a

ATE? = E°[Y, - Yo] = E*[V1] —E°[Y]
——

unknown

o If | knew E?[Y1]|Yo = v, X = x], | could identify E2[Y]]

Ea[Yllz/X /REa[YﬂYozyo,X:x] dF3, x (yolx) | dF3%(x)
N————’

N——
identified identified

unknown
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The average treatment effect in a

ATE® = E°[Y; — Yo] = E°[Y1] —E?[Y]
——

unknown

o If | knew E?[Y1]|Yo = v, X = x], | could identify E2[Y]]

Ea[YI]:/X /REE'[Y1|Y0:y0,X:x] dF3, x (yolx) | dF3%(x)
—_—— | Y/

unknown

identified identified

e Lwill use F§ \ (yolx), FY, x(y1lx) and an assumption to bound
Ea[Y1| YO = yo,X = X]
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Key assumption

Consistency with experimental results

e Many joint distributions Fy, vy, x(yo, y1|x) are consistent with the identified
distributions in the experiment £y (yo|x) and F§ 5 (y1]x)

e The joint distributions define many conditional distributions consistent with
the experimental results

e | assume that t.he .con(.iitional d!stributi(.)n F@l‘yo7x(y.1|yo,x) can be generated
as one of the distributions consistent with the experimental results
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Perfect positive dependence

o Q, x(alx): the o quantile of Y; conditional on x in e

Control outcomes Treated outcomes
Q;o‘x(.95|x) Q§1|X(.95|z)
Q5 x (-Blz) Q5 x(5]z)
Q;o‘X(.05|x) Q§,1|X(.05|x)
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The bounds also allow perfect negative dependence

o Q, x(alx): the o quantile of Y; conditional on x in e

Qontrol outcomes T_reated outcomes
Q;D‘X(.95|x) ;,Q;1|X(-95|$)
Q)EQJ|X(~5‘I) Q%‘X(-5|I)

€ \ €
Qyo\x(-05|x) QYIlX(.O5|x)
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Key assumption

Consistency with experimental results: formally

Assumption.

Consistency with experimental results: Consistency of the conditional
distribution of treated outcomes in the population of interest with the
experimental results:

F$’1|Y0,X(y1|.)/0ax) = Cl(F$0|x(}/0|X)’F$1|X(Y1|X)|X)

9C(v,w|x)

for some copula function C € C where Cy(v, w|x) = ==

e A copula is a distribution function over the unit interval, C denotes the set of
all valid copulas

e Each copula C € C defines a joint distribution consistent with the
experimental results
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Consistency with experimental results: discussion

¢ Necessary condition: the distribution of untreated outcomes fully captures
all relevant differences in unobserved heterogeneity across contexts

o Fox(volx) = Fy(nlx) = E°[V1|X = x] = E°[Y1|X = X]
e Sufficient condition: the distribution of treated outcomes for individuals
with X = x and Yy = yp is the same across contexts

e D1 Yi|Yy, X
e However, specific deviations from this condition are allowed
e And the condition as a whole can be relaxed
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Support assumptions
Unbounded Y

Assumption.

Support of Yo|X = x: The support of Yo|X = x in a subset of the support in e
for all X € X2: Supp®(Yo|X = x) C Supp®(Yo|X = x) ¥Vx € &x°.

e Consistency with the experimental results only gives me
E2[Y1|Yo = yo, X = x] for y on the support of Y| X = x in population e

Assumption.
Support of X: The support of X in a subset of the support in e: X2 C X€.

e The previous assumptions only give me E?[Y;|X = x] for x on the support of
X in population e
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Bounds

Assumption.

Expectation of Yq: Y has finite expectation in a: E?[| Yp|] < oo.
Proposition 1.

Under the previous assumptions sharp bounds on ATE?are given by:

Ea[Y1|x] S
it | ([ A6 17.x01T = 0.0, 11T = 1,20b0)) €3
€C Jr R

max [ ( [ G 1T = 0,0), By x0T =1, x)|x)) dF¢|x(y|x)} ,
eC R R

ATE? € [/X(min E*[YA|x]) dF2(x) — E°[Y],

] tmex £l ez ) — 4111
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Bounds with constrained dependence

e Recall from the example that negative dependence is typically unrealistic

e Transfers will not cause all high-profit entrepreneurs without transfers to
realize low profits

e We expect positive dependence between outcomes with and without the
treatment
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Perfect positive dependence

* Q¥, x(alx): the o quantile of Y; conditional on x in e

Control outcomes Treated outcomes
Qs (:95]2) Q5 (95]2)
Q5 x (-32) Q5 x(-5l)
Q%1 (05]2) Q4 (05]2)

e Assuming perfect positive dependence point-identifies ATE? but is often
unrealistic
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The bounds also allow perfect negative dependence

* Q¥, x(alx): the o quantile of Y; conditional on x in e

C_ontrol outcomes T:reated outcomes
Q?O\X(-%Ix) ;,Q§/1|X(~95|I)
Q§/0|x(-5‘m) Qifl\x(-5|x)

€ \ €
QYO\X(-O5|$) Qy1|x(~05|$)

e We often want to exclude this case and others like it
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Bounds with constrained dependence

Assumption.

Minimum dependence: C is an element of C(pl), the set of copula functions
such that p( Yo, Y1|X = x) > pt where pt € [0,1] .

o (Yo, Y1|X = x) is a normalized version of Spearman’s non-parametric
measure of dependence
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Bounds with constrained dependence

Proposition 2.

Under the maintained assumptions

E[Yilx] €
i, [ ([ GRS 71T = 0050 B 01T = 13010 ) a1,
cec(pt) Jr \Jr

max, [ ([ ndGUES 11T =000, Frxs1T = 15010 ) 1)
cec(pt) Jr \JR

and

ATE? €

[/X (min Ea[Y1|X])dF;(X)—Ea[Y]7/X(max Ea[y1|x])dF;(X)_Ea[Y]}
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Estimation

° C(p’-) is an infinite-dimensional space and, unlike in the example, the
maximum and minimum causal effects do not occur at the boundaries in
general

e Computing the bounds is challenging, even at the population level
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Estimation

° C(p’-) is an infinite-dimensional space and, unlike in the example, the
maximum and minimum causal effects do not occur at the boundaries in
general

e Computing the bounds is challenging, even at the population level

e Solution: when outcomes and covariates are discrete, | show that
optimization over C(p’) can be represented as a variant of an optimal
transportation problem (see Villani (2009))

e Discrete optimal transportation problems can be solved by linear
programming (Boyd and Vandenberghe, 2004)

| then proceed with estimation using sample analogs
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Estimation

° C(p’-) is an infinite-dimensional space and, unlike in the example, the
maximum and minimum causal effects do not occur at the boundaries in
general

e Computing the bounds is challenging, even at the population level

e Solution: when outcomes and covariates are discrete, | show that
optimization over C(p’) can be represented as a variant of an optimal
transportation problem (see Villani (2009))

e Discrete optimal transportation problems can be solved by linear
programming (Boyd and Vandenberghe, 2004)

| then proceed with estimation using sample analogs

Assumption.

Finite support of the potential outcomes and covariates: (i) Finite support of
Y: Y takes finite values in ) = {y1,...,y;,...,ys}. (ii) Finite support of X: X
takes finite values in a finite set X = {xq,...,x;,...,x.}.
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Inference

e | require an additional assumption for consistent estimation, inference
Assumption.

Estimation and inference. (i) Sampling. Z; = (Yo, Y1i, Xi, D;) fori=1,..., N
are i.i.d. (ii) Differentiability of the linear programming representations. ¢(-; p‘) is
differentiable at p. (iii) Finite bounds. 7Y(pt) — 75(pt) < 0o. (iv) Positive, finite
asymptotic variance of \/N(¢(p; p-) — ¢(p; pb)).

[02, 2] < Vo(p; pH)EVH(p; pt)' < [52,5%] where o? and 5% are positive and
finite and

p110a (1 — p110a) —P110aP210a
2= —P110aP210a p210a (1 — P210a)

o Pj/td:P(Y_}/J,X:X/,T:t,D:d)
o Pird = 5 om  WYi=y, Xi =x, T = t,D; = d}
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Inference

e Consistency follows immediately from the consistency of pjiq for pjq and the
continuous mapping theorem

Proposition 3.

Let P be the set of distributions for which Assumption: Estimation and
Inference holds. Then, limp_ s

infpe'va(pL)e[d)L(pL)’d)U(pL)]P(T(pL) S C/a(pL))Z 1-—oa.
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Cla(p")

® Generate {Z],..., Z}} from p.

® Compute p* by applying the frequency estimator to {Zf, ..., Zy}

© Compute [T4(p")*, 7Y(p")] = &(p*; o).

© Repeat steps 1-3 B times. Compute 65 = /N x SD(7-(p*)*),
Y = V/N x SD(tY(p")*) and = Cor(rt(pt)*, 7V(p")*).

© Form the (1 — a)-percent confidence interval for 7(pt) as

&Yc

VN

&LCL U

VN

where [ct, cV] are as described in Stoye (2009)

Clo(ph) = |9t (p; pt) — Y(pi p) —
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Empirical results

o | contrast the results using the bounds with Hotz et al. (2005)'s two step
procedure

e Two empirical settings:

@ Transfers to Mexican microenterprises: Hotz et al. (2005) is overconfident
® Remedial education in India: Hotz et al. (2005) is overly conservative
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Transfers to Mexican microenterprises
(McKenzie and Woodruff, 2008)

e Experiment carried out in 2006 (baseline Oct. 2005) in Leon

The outcome of interest is monthly profits

Treatment was a 1,500 (= 140 USD) peso transfer (50% “in-kind")
The average effect in Leon ~ 600 pesos

Sample:

22-55 year old male entrepreneurs

Working in retail

Capital stock < 10,000 pesos

No paid employees

Working 35+ hours per week in microenterprise
Urban

207 entrepreneurs - very small
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The alternative population of interest

The experimental questionnaire was based on the national microenterprise
survey: Encuesta Nacional de Micronegocios (ENAMIN)

ENAMIN is also available in 2012

What does the experiment tell us about returns to cash transfers for
microentrepreneurs in urban Mexico in 20127

| select a sample using the same criteria from the 2012 ENAMIN

e 907 entrepreneurs
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Untreated profits

0.100
0.075
o 00504
0.0254
0.000
0 5000 10000 15000 20000
Profits

—e— Microenterprise survey

-x- Experimental control

® Heaping is an issue in reported profits, smoothed out using a kernel density estimator before discretizing

in 500 peso bins

Michael Gechter (Penn State) | Generalizing from Social Experif




Implications
Hotz et al. (2005) method

Some differences in the distributions of untreated profits, particularly at the
low end

The small experiment means we cannot reject equal profit distributions
(p-value: 0.92)

We then apply the mean treated outcome and confidence interval to all urban
Mexico

e Counterintuitively, we are more confident in our prediction for all Mexico
than our conclusion from the experiment
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Bounds on the return to transfers

100%

ATE?

e block bootstrap at the firm level
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Transfers to Mexican microenterprises

Summing up

e The representativeness of the experimental site is promising, but we should
be cautious in extrapolating due to the sample size
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Remedial education in India
(Banerjee et al., 2007)

e Treatment is assignment of a remedial education teacher to a student’s class

e The remedial education teacher works with 15-20 students identified as falling
behind for about half the school day

e Two experiments conducted over three years (2001-2003)

e Mumbai
e Vadodara

e | can use the results from one city to try predicting the average effect in the
other

Michael Gechter (Penn State) | Generalizing from Social Experiments.



Implementation

Outcome of interest: math proficiency
Researchers administered different math tests in the two cities

| therefore measure the outcome of interest with the student’s maximum
grade-level competency in math

Year 2 in Mumbai featured compliance problems: 1/3 of schools refused the
remedial education teachers

| want to be plausibly looking at the effect of the same policy, so

e Location e: Vadodara (both years, 3rd graders)
e Location a: Mumbai (year 1)
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Summary statistics

) @)
Vadodara Mumbai

Pre-test: maximum competency 0.29 0.54
(0.57) (0.79)

Male 0.29 0.47
(0.45) (0.50)

Number of students in class 63.94 89.51
(27.81) (40.23)

Observations 10049 4429
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Conditional distributions of grade level competency

Control groups

Competency on entry: 0 Competency on entry: 1 Competency on entry: 2 Competency on entry: 3
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Conditional distributions of grade level competency

Control groups

o We reject equality of the conditional distributions of grade level competency
for the control groups

o In the Hotz et al. (2005) framework, we conclude that we cannot extrapolate
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Bounds on the increase in average grade level competency

Using Vadodara to predict Mumbai (block bootstrap at the classroom-year level)

W Frecicted

Observed
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Summing up

Summing up

e | can reject a zero ATE for Mumbai for pt exceeding .937 of the maximum

e This is enough for the bounds to include the point estimate of the ATE in
Mumbai
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Conclusions

e This paper develops a framework for quantifying the uncertainty associated
with generalizing the results from a randomized experiment to a specific
target population

e The strength of assumptions required to draw specific conclusions about the
average effect in the target population

e Conceptually, Imbens and Wooldridge (2009) and others claim that failure to
point-identify the distribution of treatment effects is not policy-relevant

e | argue that transporting reduced form treatment effects across contexts
makes this first-order
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Definition of copula

A copula function C : [0,1]? — [0, 1] satisfies:
@ Boundary conditions:

® C(0,v)=C(u,0)=0V u,v€0,1]
® C(u,1)=wvand C(1,v)=v VY u,vel01]

® Monotonicity condition:
® C(u,v)+ C(v,v')— C(u,v')—C(u,v) >0V u,v,u/, v st. u<u,v< v/
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For any two random variables V and W:

Covc(R(V), R(W))
Covm(R(V), R(W))

p(V, W) =

where R(V) = Fy(v) when V is continuously distributed and

R(V)= w when V takes a finite number of values. Fy/(v—) denotes
P(V < v). Covc(R(V), R(W)) denotes the covariance between R(V) and R(W)
under copula C and Covy(R(V), R(W)) the maximum covariance between R(V)
and R(W).

=
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Linear programming representation

Objective function (conditioning on X = x implicit)

7Y(ph) = max E?[Yi — Yo)
c(pt)
oY ({Pe()’of‘)}-: AP ) etk {Pa(YOj)},-:l,_,_,J;PL)

= max ZZ (yoj X Pe(,VOj:}’lk) ZYOJ yOJ

{Pe YOj’Y1k)}J 1, M,J j=1 k=1

normalization

e Maximization is over the elements of the joint distribution of the potential
outcomes
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Linear programming representation

Constraints: consistency with experimental results

K
D P (v k) = PS(vj) Vi € {1, ..., J}
k=1

J
> Pe(yoi yik) = Po(vik) Vk € {1,..., K}
=1

Michael Gechter (Penn State) | Generalizing from Social Experiments.



Linear programming representation

Constraint: dependence

zj:kzi: (Pe(vgyj\T=0)+P2e(ng,-,l|T:0)_1)

y (PE(YSyj|T:1)+Pe(Y§yj_1|T:1)—1)
2

j=1 k=1

PE(yI T =0)P(yi| T = 1)

x (min {PS(Y < yj|T =0), P(Y < | T =1)}
+min {Pe(Y < y;| T =0),P(Y < y| T =1)}
+min {P(Y < y| T =0),PS(Y < | T =1)}

+min {P(Y < | T =0), PE(Y < y| T = 1)})]
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Linear programming representation
Expanding the set of possible F\2>1|Y0 (v1lv0)

J J
max > > yumgP(y) — D yoiP(y;)
7 € [0,1], j=1 k=1 j=1
m e 0,1
subject to
All previous constraints and...

J ﬂ-i .
k> mplog | it | Vi€ {L,..., )
g7
k=t <_’_Pe(yj|T:0))
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Bounds on the increase in average grade level competency
Using Vadodara to predict Mumbai

W recictes

Observed

ATE®
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Using Vadodara to predict Mumbai

Summing up

e Lack of students with grade level competency 3 on entering third grade: a
violation of one common support assumption

e | make a very conservative assumption: with remedial education, these
students could have gotten the worst outcome (competency 0) or the best
(competency 3)&EED
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