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More Schooling and More Learning? Effects of a Three-Year 
Conditional Cash Transfer Program in Nicaragua After 10 years
Barham, Macours, Maluccio 2013

Ø Objective: Effect of Nicaraguan CCT, Red de Proteccion
Social (RPS), on education and learning, and labor 
market outcomes

Ø What is the motivation for the paper?
• Little known about longer-term effects of CCTs

Ø But important since long-term poverty reduction through 
human capital accumulation is a goal of CCTs 

Ø Mexican CCT:15-21 year old - increase in education, no effect 
on achievement, decreased labor market participation 
(Behrman, Parker, Todd 2009, 2011)

• Does increased schooling lead to increased learning and 
better jobs? 
Ø Millennium Development Goals: led to increase enrollment but 

concern as to whether students are learning (Beatty & 
Pritchett, 2012) 
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Nicaraguan CCT program

Ø Fixed 3-year transfer period (no re-certification)
Ø Two types of transfers to household:

• Education: children aged 7-13 and < grade 4 completed
Ø enrolled in school and attend 85% of the time

• Food security transfer: all households receive 
Ø Children <5: regular preventative health visits
Ø Mothers: attend health education workshops

Ø Social marketing on nutrition and education
Ø Transfer given to mothers every other month
Ø Size of transfer: ~18% pre-program household  

expenditures
Ø Conditions were enforced, take-up ~85%
Ø WHAT MAKES THIS SET UP DIFFERENT FROM 

PROGRESA ?



Randomized Design

Ø Stratified randomized intervention at locality level
• 42 localities in 6 rural municipalities
• WHAT DOES THIS MEAN FOR HETEROGENEITY 

ANALYSIS?
Ø Randomized phase-in of 42 localities (21 each group)

• Early treatment group 2000-2003, then transfers stop
• Late  treatment group 2003-2005, then program ends
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Data: 2010 Follow-up Survey
Ø Sample:

• Original baseline household survey (1764 households)
• Drawn from 2000 census of program areas (source of control 

variables)
• Oversample of children approximately age 11 at the start of 

the program from baseline census (502 households)
Ø Survey:

• Household and individual-level surveys
• Cognitive and achievement tests done in the household
• Only for <13 at the start of the program (< 23 in 2010)

Ø Extensive tracking: 
• Nicaragua and Costa Rica
• Attrition: Household < 7%; Education 12%, Tests 19% 
• No significant difference in attrition rate between groups 

Ø For those with tests: Coef. 0.009,  P-value 0.77
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Other data

Ø Survey data for randomized evaluation
• 2000, 2001, 2002, 2004
• Issues of attrition

Ø In 2004, a non-random comparison group was added so 
could try to evaluate absolute effects of the program
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Identification Strategy

Ø Select cohort of children more likely to benefit from 
transfers in early treatment group than the late 
treatment group

Ø Exploit program/schooling features to determine a 
cohort with large potential differences in years the 
education transfers received
1. Randomized phase-in (timing)
2. Age-specific conditionalities (7-13 years old)
3. Fixed 3-year duration of transfers
4. Age at which children are at risk of dropout. 

What age groups are focused on and why?
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Years Eligible for Education Transfer 
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Age at 
Start of 

Program

Years of Eligible for
Educ. Transfer

Difference

Early Treat. Late Treat.
9 3 2 1
10 3 1 2
11 3 0 3
12 2 0 2
13 1 0 1
14 0 0 0

•Difference based on age eligibility, ignoring fact may not have 
completed grade 4. 



Mean Enrollment Rate in 2000 Boys
Focus 9-12 year olds
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Mean Enrollment Rate in 2000 Girls
Focus 13-14 year olds – tests not available
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Tests in 2010 Survey
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§ Achievement tests
§ Woodcock-Muñoz: spelling, reading fluency, word identification
§ Woodcock-Muñoz: 3-minute math – math fluency 
§ Peabody Individual Achievement Test (PIAT) – math problems

Ø Mixed Cognitive and Achievement Tests
• TVIP (PPVT-Peabody Picture Vocabulary Test) –

receptive vocabulary
• Digit Span (backwards & forwards) – memory math

Ø Cognitive Tests: Raven Colored Progressive Matrices
Ø All converted to z-scores (internally standardized on late 

treatment for across test comparison)



Raven Colored Progressive Matrices 
(A, AB, B)



Peabody Individual Achievement Test-
Revised (PIAT-R vol. III-Math)



Peabody Picture Vocabulary Test 
(Spanish version – TVIP)



ITT Empirical specification
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Yk =αkT +βkX +εk
Y : Internally standardized outcomes – what does this 
mean?
T : Intent-to-treat indicator=1 if early treatment/0 control
X :  Strata and 3 month date of birth dummies, individual 
and household level baseline controls (e.g. grades attained)

Standard errors clustered at the locality level
Family of outcomes (SURE)

+

Individual outcomes
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Absolute vs Differential effects

Ø Why do we get absolute effects in 2002, but differential 
effects in 2004, and 2010?
• 2002, the control group did not phase-in. So could see total 

effect of the program.
• 2004, the control has phased in, so it is the differential 

effect between early and late treated groups.
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Short-Term Educational Attainment

17
•Why does it go negative in Panel B for enrolled?
•Notice the mean for the late treatment group what story does it tell?



Table 1 Questions

What are the absolute effects on Education in 2002:
Ø Grades attainted?

• ITT effect on education of 0.361 grades
Ø What is the percent increase?

• Divide 0.361 by the late treatment mean of 2.396 
*100=15%

Ø Completing grade 4?
• Completed education increase of 5.3 percentage points?
• Percent increase is .053. /.277 = 19%

Ø Can read and write?
• Increase of 15 percentage points or 20 percent
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2010 Educational Results

19•Why do we want to look at the results for the family?



Table 2 Questions

Ø Interpret the program effect on the education family?
• The program led to a .098 SD increase in education 

outcomes as a whole.
Ø What unit are the components of the family in?

• Not in SD, in their actual units. They are put into SD for the 
family measure.

Ø What is the ITT effect on grades attained in 2010
• Program led to an incease in education of 0.288 years. 

This represents a 0.288/5.498= 5 percent increase over the 
late treatment group mean.
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2010 Test Results
Boys 9-12 year olds
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Learning and Cognition Family
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Participation in Economic Activities 
Past 12 months - Boys 9-12 year olds
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Impact on Earnings
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Impact on Social-Emotional Outcomes

25•Why is the family not big or statistically significant?



Heterogeneity by Strata
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What other analysis was done and why?

Ø Trying to determine absolute effects of the program
Ø Helps determine if zeros, are no program effect or if the early and 

late treatment group have the same positive effect
Ø If the differential effects are under-estimates

Ø Matching
• Compares the treated to a comparison group Comparison 

groups, not randomized, never received program
Ø Include data on this group starting in 2004 survey

• To try to determine what any zeros are and the absolute 
effects rather than the differential effects.

Ø Double-difference
• Uses 1995 and 2005 census data (before and after)
• Uses treatment and comparison group municipalities

Ø Program covered about 90% of people in treated munis
27
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Other Robustness
Ø Age 11 only
Ø Age 9-12 Strata controls only
Ø Age 9-12 Extended controls
Ø Sample weights no attrition correction
Ø Restrict HH survey variables to individual sample
Ø Attrition: use different measure Lee bounds
Ø Look at the use of proxy variables
Ø Look at different age groups included

• 7-13 – why look at those?
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What goes in the appendix and why? Would 
you put them somewhere different?

Ø Baseline balance 
Ø Robustness
Ø Description of the program
Ø Description of variables
Ø Details on how tracking was done
Ø Spill-over analysis
Ø Matching analysis details
Ø Double difference analysis details
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Robustness for Inference Appendix B
Multiple Hypothesis Testing
Multiple hypothesis testing across equations

• The more outcomes you look at the more likely you are to 
find something that is statistically different by random 
chance.

• Adjusts the standard errors for the fact that looked at 
multiple outcomes. 
Ø This paper does it across families.

• For false discovery rates download from Michael Anderson 
website

• https://are.berkeley.edu/~mlanderson/ARE_Website/Resea
rch.html
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Randomization Inference
Ø Assesses whether an observed realization of statistics, 

like a treatment effect, is unlikely to be observed by 
chance so is statically significant.
• Could the outcome have been observed by chance even if 

the treatment had no effect.
Ø Most test statistics rely on large sample sizes and 

asymptotics properties.
• Good in the case of small samples, stratified or clustered 

treatment assignments, or non-standard randomization 
techniques.

Ø Uncertainty is over which units within your sample are 
assigned to treatment. 
• What we have been doing is uncertainty over the specific 

sample of the population you drew.
Ø Now in Stata ritest 33



Randomization Inference
Ø Randomization inference for p-values, based on the idea 

that the specific units in our sample that are treated are 
random. 

Ø Chance of a treatment-control difference in outcomes of 
any given magnitude simply based on which units are 
assigned to the treatment group – even if the treatment 
has no effect. 

Ø Process re-assigns “treatment” at random, to compute 
the probability of differences of various magnitudes 
under the null hypothesis that the treatment does 
nothing.

References: Susan Athey and Guido Imbens. 2016 “The 
Econometrics of Randomized Experiments”
https://jasonkerwin.com/nonparibus/2017/09/25/randomizat
ion-inference-vs-bootstrapping-p-values/ 34



Correcting for attrition

Ø Estimates on learning are large and precise
Ø Bounding Methods

• Horowitz and Manski 2000: uninformative as are too 
wide.

• Lee (2009): similar results – not much differential 
attrition between group.
Ø Deals with differential attrition due to treatment.

Ø Weighting by inverse of probability to attrite
• Make probability to attrite based on baseline 

characteristics.
• See this paper: 
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Steps to deal with attrition

Ø Determine attrition rate
Ø Check for differential attrition

• Are rates different for treatment & control or some other 
relevant groups
Ø Even if the rates are the same, different types of people may 

have attrited in the T & C areas
• Program itself may have caused differential attrition.

• Is attrition correlated with observables
Ø Regression of attrition on baseline observables interacted with 

the treatment variable. 
• Hard to do if no baseline data

• Use some kind of attrition correction
Ø Put on treatment effect bounds.
Ø Problem is bounds are large when attrition is high

• JHR Spring 1998 – special issue on attrition 36



Manski-Horwitz (2000) Bounds 

Ø 2000 - “Nonparametric analysis of randomized experiments with 
missing covariate and outcome data,” Journal of the American 
Statistical Association, 95:77-84.

Ø Non-parametric
Ø Construct upper bound

• Assign best value of outcome to treatment attritors, and worse value of 
outcome to control attritors
Ø E.g. if outcome is 1 if sick last week. Then assign 0 to treatment and 1 to 

control attritors.

Ø Construct lower bound: do the opposite of upper
Ø Variable most be bounded (have a max and min).
Ø Can yield wide uniformative bounds (variable has wide value range).
Ø Good for binary outcomes.
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Lee (2009) bounds

Ø “Training, Wages, and Sample Selection: Estimating Sharp Bounds 
on Treatment Effects,” Review of Economic and Statistics, 76:1071-
1102

Ø Bounds average treatment effect for never-attriters
Ø Intuition: trim so that share of observed individuals is 

same for T&C
• Throw out fraction of obs from the group that has less attrition.
§ Lower bound: drop fraction of obs that contribute most to result
§ Upper bound: drop fraction of obs that contribute least to result.

§ Monotonicity Assumption
§ Assignment to treatment can only affect attrition in one direction
§ Doesn’t cause some people to stay but other people to leave
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Do Conditional Cash Transfers Improve 
Economic Outcomes in the Next 
Generation? Evidence from Mexico

Susan Parker and Tom Vogl



Introduction

Ø Goal: Examine the Effects of a the Mexican CCT 13 
years after program start on education, labor market and 
economic outcomes

Ø Why topic is important
• Key policy tool: in > 80 mainly developing countries
• A Goal: to reduce long-term poverty, like to know if this 

happens
• Early CCT introduced late 90s early 2000

Ø Can now look at effects of program in adulthood
Ø Why Mexican CCT important 

Ø One of first large scale CCTs to use randomized roll out 
Ø Short-term effects on rural areas heavily studied



Introduction

Ø Longer-term effects of CCTs difficult to study
• Early CCT study design use a randomized phase-in

Ø Long-term analysis: early and late phase-in groups
Ø Mexican CCT: phased-in control group after 1.5 months

• Differential effects often zero in long-run using randomization
Ø Doesn’t mean there is no absolute impact of program

• Program effect on early and late phase-in groups the same
Ø Time too short between phase-in groups, late treat catch-up

• Get creative to estimate something closer to absolute effects
Ø Kuddos for trying to estimate something close to absolute 

effect
• Use roll out of program over time in Mexico
• Use 2010 census



Data

Ø Census 2010: 10 percent sample of household 
• Program starts 1997: so 13 years after program start.
• Kid who was starting/finishing  13/17 and starting Highschool in 

1997:
Ø 1997 is 26/30
Ø 1999  is 24/28
Ø 2001 (when urban areas come in) is 22/36

Ø Sample includes 20-39 year olds
• Kids in the 30s are unlikely to have received the program or at least 

for long.
Ø Merge on:

• Administrative program data on number of households enrolled in 
Progress by year and municipality

Ø Restrict to municipalities with high or very high marginality index in 
1990
• Good this is prior to the program

Ø Aggregate to municipality level (same as Barham 2011)
• boarders change over time so aggregate to have a consistent sent of 

municipalities over time



Outcomes

Ø Education: grades completed
Ø Labor Market:

• Labor force participation
• Wage work
• Agricultural work
• Weekly labor hours
• Monthly labor income

Ø Household level outcomes
• Housing condition and durable ownership – in an index
• Use principal components to make index.

Ø Household composition
Ø Geographic mobility: moved between 2005 and 2010



Mechanisms

Ø How does the program translate into better labor market 
outcomes?
• Don’t go into it too much in the paper
• Talk about education and greater parental income 
• Don’t try to separate out effects.



Treatment Indicator - ENROLL

Ø Same as Barham (2011) - at municipality level
• Number of Households / Total number of household in 

municipality in 1997
Ø Enroll: is a confusing name

• Not educational enrollment
• Enrollment into the program



Research Design

Ø Two sources of variation
• Role out of the program over time in across municipalities

Ø Same as Barham (2011)
• Variation in exposure of different age cohorts

Ø Fully Exposed Cohort: age 7-11 in 1997, 20-34 in 2010 
• Most intensely treated because received treatment prior to high 

school when kids begin to dropout.
Ø Not Exposed or Pre-Program Cohort: 16+ in 1997, 29+ in 

2010
• Likely to have dropped out because Progresa came too late

Ø Partially Exposed: Age 12-14
• Some may have already dropped out prior to high school but 

those who stayed on helped by program to make through high 
school. 

Ø Focus on two roll out phases
• 1997-1999: rural roll out phase
• 2001-2005: urban roll out phase
• Skip 2000 which was an election year



Program Intensity Against Marginality Index
-Program highest in poorest municipalities



New Enrollment and Marginality Index
Drop after 2005: not in poorest municpalities



Compare Penetration and Poverty by 
Marginality Index



Research Design

Ø DD design using special and cohort variation
• Assume 2 cohorts Young (treated) and Old (nontreated)

Ø Typical
• 𝑌!" = 𝛿! + 𝜂" + 𝐸𝑛𝑟𝑜𝑙𝑙! ∗ 𝐶𝑜ℎ𝑜𝑟𝑡𝑌𝑜𝑢𝑛𝑔" + 𝜀!"
• They will call the CohortYoung - Post

Ø What is the assuming of this model for DD?
• Compare Young and Old Cohort
• Early versus late entry to Progress (or High versus lower 

enrollment)
Ø Trends outcomes between cohorts, would be the same 

in higher versus low intensity municipalities, had the 
program not happened.



Basic Research Design in Picture
Double Difference Strategy

Ø If just use the , double-difference strategy
Ø Includes municipalities were program rolled out in 1997-2000 

and 2001-2005 

Cohorts	(post) High	Enroll	in	1999 Low	Enroll	in	1999
Age	in	1997 (roll	out	97-2000) (roll	out	2001-2005)
7-11
(High	Exposure)
15-19	
(Low	Exposure)



Research Design

Ø Concern: cross-cohort trends not the same
• Initial poverty differ between higher and lower enrollment 

municipalities
• Poorer municipalities may have steeper trends in labor 

outcomes with out the program because they start at a 
lower level of employment so more room to improve.



Assume no program



Research Design

Ø Want to compare
• Among municipalities with the same level of enrollment in 

2005, did those who had more enrollment prior to 2000 
experience larger gains in the young cohort compared to 
the hold cohort.

• Problem, the types of localities that were enrolled prior to 
2000 are different than those after 2000
Ø Prior to 2000 were rural localities after 2000 urban localities.

Ø To do this include: 𝑒𝑛𝑟𝑜𝑙𝑙!"##$ ∗ 𝑝𝑜𝑠𝑡%



Estimation Regression

Regression Equation: includes time and municipality fixed-effect

𝑌#!" = 𝛿! + 𝜂" + 𝛽 𝑒𝑛𝑟𝑜𝑙𝑙!$%%% ∗ 𝑝𝑜𝑠𝑡" + 𝛾(𝑒𝑛𝑟𝑜𝑙𝑙!#$$% ∗ 𝑝𝑜𝑠𝑡") + 𝜀&!"

Ø Post:	1	if	in	the	younger	cohort	(<12	in	1997)/0 age 15-20 in 
1997

Ø Program rolled out at locality level over more than 10 years
• Locality level lower than from muni: Enrollm varies over time as 

new localities enter program
Ø 𝛾:	argue	this	absorbs	differences	in	cross-cohort	trends?
Ø What	is	the	problem	with	this?

• 𝑒𝑛𝑟𝑜𝑙𝑙!"##$:	This	is	not	preprogram,	so	it	is	controlling	for	program	
effect	in	the	younger	cohorts	(treated	cohort).



Basic Research Design in Picture

Ø Low Enroll Group partially exposed to program 2001-
2005

Ø Controls for partial exposure in municipalities rolled 
out between 2001-2005

Cohorts	(post) High	Enroll	in	1999 Low	Enroll	in	1999 Age	in	2001/2005
Age	in	1997 (roll	out	97-2000) (roll	out	2001-2005)
7-11 2001:	10-14
(High	Exposure) 2005:	14-18
15-19	
(Low	Exposure)



Estimation Regression

Regression Equation: includes time and municipality fixed-effect

𝑌#!" = 𝛿! + 𝜂" + 𝛽 𝑒𝑛𝑟𝑜𝑙𝑙!$%%% ∗ 𝑝𝑜𝑠𝑡" + 𝛾(𝑒𝑛𝑟𝑜𝑙𝑙!#$$% ∗ 𝑝𝑜𝑠𝑡") + 𝜀&!"

Robustness: 
Let baseline characteristics differ between cohorts
-X is have a dirt floor, have electricity 
-This tried to control for any differences at baseline between 
cohorts.

= 𝛿! + 𝜂% + 𝛽 𝑒𝑛𝑟𝑜𝑙𝑙!&''' ∗ 𝑝𝑜𝑠𝑡% + 𝛾 𝑒𝑛𝑟𝑜𝑙𝑙!"##$ ∗ 𝑝𝑜𝑠𝑡%
+ (𝑝𝑜𝑠𝑡%∗ 𝑋!&''#)′Ψ



Treats to Validity

Ø Endogenous program intensity
• Argue lower bound if worse of areas come in first.
• Do you agree?

Ø Endogenous migration
• Assign program exposure to people using their pre-

program municipality
• Census includes information on municipality in 2005 and 

state of birth
• Use municipality in 2005 as a proxy for location prior to 

program in 1997





Reading Results

Ø Given with and without the interaction of baseline vars with cohorts
Ø Point estimate is the program effect if enroll goes from 0 to 100 

percent 
• Full roll out, all households in a municipality covered

Ø Grades completed estimate is ~ 1.37 men and women
• This means if every household in the municipality were treated the 

program effect on education is 1.37 grades for men and women.
• To make into a percent divide by the mean
• 1.37/7.9 for men and 1.37/7.7
• So about 17-18 percent increase

Ø Issue: they do not do below
• all household in a municipality are not covered
• Need to multiple this by average number of households covered

Ø Some Secondary: how to do read these point estimates?
• Men 17.6 percentage points, women 29 percentage points









Robustness

Ø Examine results without 𝑒𝑛𝑟𝑜𝑙𝑙!&''( ∗ 𝑝𝑜𝑠𝑡"
Ø Add controls: all interacted by post

• Politics
Ø Municipality PRI vote share in 1994 pres election.

• School construction
Ø New schools per capita in 1995-2000 and 2000-2005
Ø Interacted by post

• Violence
Ø Change in municipality homicide rate between 2010 and 2006.

Ø Falsification Test:
• Use data set where should be no program effect
• Census 1990, instead of 2010, so lag 20 years.
• Municipality of residence based on age in 1977



Quibbles

2. Limit to municipalities that look more similar and more 
details in paper on the roll out 

Ø Roll out not random and at locality level
• 1997-2000:  poor rural areas 1997-2000

Ø 1997: high marginality, permanent health clinic, not 
geographically isolates, rural

Ø 1998: drop condition for permanent health clinic, big 
incorporation

Ø 1999-2001: add geographically isolate 
• 2001-2005: urban areas & ???
• Aggregate to municipality level – tricky as treated composition 

changes
Ø Table A2: show municipality incorporated between 97-99 and 

2000-2005 are different 
• Show statistical significant of the difference in means on table

Ø Trends in outcomes may not be similar in absence of 
program when municipalities are different to start



Quibbles

3. Enroll variables are endogenous
• Only the poor in a locality got the treatment
• % treated in a municipality varies with poverty
• Use a 1/0 treatment variable as a robustness check

4. Mechanisms: look at others
• Learning: literacy rate
• Fertility for women: have a child

5. Earning – results noisy for men,  trim or winsorize
5. Winsorize means to top code potential outliers

6. Analysis at locality level?
7. Add 1990 census variables not in marginality index 
8. Standard stuff

• Heterogeneity with baseline census characteristics
• Adjust for multiple hypothesis testing: families of outcomes
• Attrition Bounds


