
This paper estimates the impact of Fa-
milias en Acción, the largest Colombian 
conditional cash transfer program, on 
household income. It uses a Quantile Re-
gression methodology and Difference-in-
Difference estimators to capture the im-
pact of the program on household income 
at different quantiles of the income distri-
bution. The estimations show that the pro-
gram has a positive impact on household 
income, and that this impact is larger for 
the households at the lower quantiles of 
the income distribution. Additional anal-
yses examine whether these results stem 
from changes in labor market participa-
tion or increases in non-labor income. 
There is some indication that for program 
participants there was a decrease in la-
bor income, while there was an increase 
in subsidies or non-labor income. Impli-
cations of these findings for conditional 
cash transfer programs are discussed. 

Introduction
	 In the last two decades conditional 
cash transfer (CCT) programs have played 
an increasingly important role in poverty 
reduction strategies and social safety net 
policies in developing countries. These 
programs provide cash payments to low-
income households that are conditional to 
behavioral requirements generally related 
to children’s health, nutrition and educa-
tion. CCTs are expected to contribute to 
poverty reduction by increasing available 
household income and consumption in the 
short term, and by increasing children’s 
human capital, namely education, nutri-

tion and health, in the long term. CCTs 
also work as demand-side complements 
to the supply of health and education. In 
this sense, CCT programs are a depar-
ture from more traditional approaches of 
social assistance and an innovative way 
to provide social services while promot-
ing the accumulation of human capital. 
	 CCT programs have been in place 
since the late 1990s and early 2000s and 
have become increasingly popular, particu-
larly in Latin America. The first large-scale 
CCT program, PROGRESA (now known as 
OPORTUNIDADES), was implemented in 
Mexico in 1997. Since then, these types of 
programs have expanded to many other 
Latin American countries, including Bra-
zil, Colombia, Honduras, Bolivia, Ecua-
dor, Chile, Jamaica and Panama. Their 
popularity and apparent success have also 
gained notice in some Sub-Saharan Afri-
can countries (Kakwani et al. 2005), and 
even New York City, which implemented 
in 2007 the Opportunity NYC –Family Re-
wards program (Riccio et al. 2010). In gen-
eral, impact evaluations of these programs 
have found some positive effects on edu-
cational, nutrition, and health outcomes. 
	 Familias en Acción (FA) is the larg-
est CCT program in Colombia. Launched 
in 2001, the Colombian government cre-
ated the program to alleviate the effects 
of a recession which hit the country in the 
late 1990s and which caused large losses in 
welfare, particularly for the lowest-income 
population (DNP 2008). In 2002, 49.4 
percent of the population in the country 
lived in poverty, while 21.7 percent lived 
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in extreme poverty (DNP 2012). Although 
initially introduced as a safety net to tem-
porarily protect the most vulnerable fami-
lies from external economic shocks, with 
time FA also acquired a long-term goal to 
promote the accumulation of human capi-
tal as a means to cease intergenerational 
poverty transmission (Garcia 2010). Like 
most CCT programs, the primary purpose 
of FA is to give cash transfers to low-in-
come households, conditional on their ful-
fillment of several requirements related to 
children’s education, health and nutrition. 
The program was initially implemented in 
691 of the 1,060 Colombian municipali-
ties existing in 2001. In each municipal-
ity, households were eligible to participate 
in the program if they were classified in 
Sisbén level 1 as of December 31st of 1999, 
and had children between 0 and 17 years 
old (DNP 2008). The Sisbén is a welfare 
index used in Colombia to target social 
programs: the lower the level, the lower 
the household welfare. The educational 
subsidy is given to households with chil-
dren between 7 and 17 years old for each 
child enrolled in school and who attends 
80 percent of classes. In 2008, the CCT 
value was about $14,000 COP (about $8 
dollars) monthly for each child attending 
primary school, and about $28,000 COP 
(about $16 dollars) monthly for each child 
attending high school. The health and nu-
trition component is comprised of a series 
of required health appointments and edu-
cational sessions targeted at mothers and 
their children between 0 and 6 years old: 
children must be registered and regularly 
attend growth and development check-ups 
and vaccination programs, while mothers 
have to attend health talks (DNP 2008).
	 The main impact evaluation of 
the program found that after five years, 
the program had a positive impact on: 
(i) attendance rates for all children’s age 
groups, with the greatest impact on chil-
dren in high school and for rural children 
between 14 and 17 years old; (ii) breastfeed-
ing practices, especially in the rural areas; 
(iii) the frequency of food consumption; 

and (iv) the nutritional status of children 
under 7, especially in the rural areas (DNP 
2008, 10-12). Hence, the results of the im-
pact evaluation showed that FA increased 
the use of social services, but there is very 
little evidence to date that the program has 
been effective in achieving its long-term 
goal of reducing poverty and ending pov-
erty cycles. A recent study that analyzed 
the long-term effects of FA on human cap-
ital found that children who participated 
in FA were more likely than non-partici-
pants to finish high school, particularly 
girls and beneficiaries in rural areas, while 
recipients of FA who graduated from high 
school seem to perform at the same level 
than similar non-recipient graduates on 
test scores (Baez and Camacho 2011).
	 The main impact evaluation of the 
program used two different econometric 
methodologies: selection on observables, 
using linear models and propensity score 
matching specifications, and Difference-
in-Differences (DNP 2008). As is very 
common in impact evaluations of social 
programs that use regression analyses, 
the estimations of the impact were based 
on comparing average outcomes between 
households in municipalities receiving 
the program, the treatment group, and 
households in municipalities not receiv-
ing the program, the control group. How-
ever, comparing average outcomes might 
be a problem if one expects the program to 
have different impacts for different house-
holds, for example, with different income 
levels. In the case of FA, if the lowest-
income households among the beneficia-
ries are more likely to use the program as 
an opportunity to increase their human 
capital, it is more likely that the program 
would help them get out of poverty. On 
the other hand, if the beneficiaries with 
relatively more stable incomes use the 
program only as a short-term remedy 
for a lack of cash, or if the program cre-
ates negative incentives for them to work, 
they are more likely to remain “trapped” 
in poverty. In other words, the program 
may differently impact households at dif-
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ferent points of the income distribution. 
In this case, it is possible that the differ-
ent impacts would cancel out and one 
would find no difference between the av-
erage outcomes of the treatment and con-
trol households, and mistakenly conclude 
that the program had no impact at all. 
	 The impact evaluation of FA 
found that on average household real in-
come increased between 2002 and 2005 
for all groups studied, but this increase 
was greater for the treatment munici-
palities than for control municipalities. 
However, when estimating the statistical 
significance of the impact of the program 
on household income using the econo-
metric methodologies mentioned above, 
it did not find a significant effect on av-
erage household total income. The only 
significant difference between the treat-
ment and control groups was found in 
the household non-labor income in rural 
areas, but it is difficult to interpret this 
difference as an impact of the program 
(DNP 2008). Nevertheless, according 
to the authors of the impact evaluation:

Even though it is not possible to ob-
serve statistically significant impacts 
of the program on household income, 
the numbers hinted at a positive effect: 
total income, including the transfers 
from the program, is 25.2 percent 
greater that the income that the house-
hold would have without the program; 
and excluding the transfers it is 21.2 
percent ... However, the dispersion in 
the differences around these averages 
is too large, and because of that, the 
observed results are not statistically 
significant at the usual confidence lev-
els. (DNP 2008) Author’s translation. 

	 This means that, given the dis-
persion in the differences in income be-
tween the treatment and control groups 
around the average, it is possible that the 
evaluation failed to capture an impact of 
the program given its focus on average 
income. To overcome this problem, one 
can estimate the impact of FA on income 
at different points of the income distribu-

tion to capture the program impact and 
whether participation in the program 
unequally affected households with dif-
ferent incomes. In particular, if we care 
about the long-term effects of the pro-
gram on poverty reduction, it would be 
interesting to know how different the im-
pacts for households located at different 
points of the income distribution may be. 
	 In this context, the central re-
search question of this study is: what is the 
impact of the Familias en Acción CCT pro-
gram on mean household income and on 
income inequality? In other words, what 
is the program’s impact at different parts 
of the income distribution? The main hy-
pothesis is that the program had a positive 
impact on household income, and that the 
impact was greater for those households 
at the bottom of the income distribution.
	 The rest of the paper is organized 
as follows. The second section summarizes 
the empirical strategy. The third section 
presents the data sources. The fourth sec-
tion provides some descriptive statistics. 
The fifth section presents the results and 
discussion. Finally, the sixth section offers 
conclusions and points of further study. 

Empirical Strategy
	 In order to estimate the impact 
of the Familias en Acción CCT program 
at different points of the income distribu-
tion, this study uses a Quantile Regression 
methodology (Koenker and Bassett 1978). 
The Quantile Regression is a technique in 
which regressions are estimated for dif-
ferent points of the distribution of the de-
pendent variable, allowing in this case the 
identification of the impact of the program 
on household income at different quantiles 
of the income distribution. Traditional Or-
dinary Least Squares (OLS) regressions 
focus on the mean, summarizing the rela-
tionship between the dependent variable 
and a specific regressor: it describes the 
mean of the dependent variable for each 
fixed value of the regressor, using a func-
tion known as the conditional mean of the 
response (Hao and Naiman 2007). If used 

8 • The Impact of a Conditional Cash Transfer Program on Household Income in Colombia



in this study, OLS estimates of the impact 
of the program will measure the impact on 
average household income. OLS models, 
also known as conditional mean models, 
have attractive properties: they can pro-
vide a complete and parsimonious de-
scription of the relationship between the 
covariates and the response distribution; 
and they lead “to estimators (least squares 
and maximum likelihood) that possess at-
tractive statistical properties, are easy to 
calculate and are straightforward to inter-
pret” (Hao and Naiman 2007). However, 
these models also have a very important 
limitation: they cannot be expanded to 
non-central locations. Therefore, OLS 
models are limited in terms of their ca-
pacity to estimate these different impacts. 
This is particularly important in the social 
sciences, where researchers are interest-
ed in social stratification and inequality, 
which requires examining the properties 
of a distribution, or particular sections of 
it. Is it also important in the context of 
this study, which aims to study the im-
pact of the program at different points 
of the household income distribution.
	 An alternative to the models de-
scribed above are conditional-median 
models, also known as median regression 
models. According to Hao and Naiman: 
“the median-regression model can be used 
to achieve the same goal as a conditional-
mean regression modeling: to represent 
the relationship between the central loca-
tion of the response and a set of covari-
ates” (2007). However, other quantiles 
(including the median) can be used to 
describe different positions of a distribu-
tion e.g. quartiles, quintiles, deciles and 
percentiles. Koenker and Bassett intro-
duced the concept of Quantile Regres-
sion, which models conditional quan-
tiles as functions of predictors (1978). 
That is, instead of specifying the change 
in the conditional mean of the depen-
dent variable, as OLS does, it specifies 
the changes in the conditional quantile. 
	 Given the conveniences of using 
Quantile Regression to understand the 

response in the conditional quantiles of a 
distribution as a function of a regressor, 
this paper uses Quantile Regression to es-
timate the impact of Familias en Acción on 
household income at different quantiles of 
the income distribution. All models are also 
run using OLS as a point of comparison.
 	  Additionally, because the mu-
nicipalities that participated in the pro-
gram were not randomly chosen to par-
ticipate, it is important to consider the 
possibility that the observed differences 
in household income between the con-
trol and treatment households are sim-
ply reflecting pre-existing differences be-
tween the two groups, and not the effect 
of the program (DNP 2008). Therefore a 
Difference-in-Differences methodology 
is also used, which allows controlling for 
unobservable household characteristics, 
assuming these remain constant over 
time, and that both the treatment and 
the control groups react in the same way 
to macroeconomic effects (DNP 2008). 
If the control and treatment groups had 
no systematic differences, a Difference-
in-difference regression without any 
controls would properly estimate the im-
pact of the program on the dependent 
variable of interest – average household 
income. Such specification is given by:

Model 1: 
Y

h
= α + β

1
 year+ β

2
 treatment+ β

3
 

year*treatment+ ε
h

	 Where Y is the income variable (in 
logs, so the coefficients of the regressions 
can be interpreted as a semi-elasticity), h 
represents the household, year is an in-
dicator variable equal to one if the year 
is 2005, treatment is an indicator vari-
able equal to one if the household is in the 
treatment group, year*treatment is the 
interaction between both, and ε is the er-
ror term. The intercept α is the average in-
come of a household in the control group 
in 2002, β

1 
captures changes in all house-

hold incomes from 2002 and 2005, and 
β

2 
measures the income effect that is not 
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due to the program e.g., some households 
in the treatment group had larger incomes 
even before the program started. The coef-
ficient of the interaction, β

3, 
is the param-

eter of interest: it measures the impact 
of the program on household income, as-
suming that households in the treatment 
and control group did not increase their 
income at different rates for other reasons 
(Wooldridge 2009). β

3
 is the Difference-

in-Difference estimator, which captures 
the difference between: the difference 
between the income of households in the 
treatment and the control groups in 2005, 
and the difference between the income of 
households in the treatment and the con-
trol groups in 2002. The Difference-in-
Difference estimator can be expressed as:

Model 2:
β

3
=(income

2005,treat 
- income

2005,cont
 ) - 

(income
2002,treat 

- income
2002,cont 

)

	 Because it is not possible to know 
if there are systematic differences be-
tween the treatment and control groups, 
the models are run both with and without 
controls for observable characteristics. 
The controls included are: age of the head 
of household, squared age of the head of 
household, indicator variables for head of 
household’s education level, indicator vari-
ables for type of family (married or union 
with children, married or union with-
out children, single parent with children, 
single parent without children), and the 
household dependency ratio (number of 
household members that do not work with 
respect to the number of household mem-
bers that work). The Difference-in-Differ-
ence specification with controls is given by: 

Model 3: 
Y

h
= α + β

1
 time+ β

2
 treatment+ β

3
 

time*treatment+ X + ε
h

Where X is a vector that includes all control 
variables. 

Data Sources 

	 This study uses a panel dataset of 
households from the FA program baseline 
survey (2002) and the second follow-up 
survey (2005-2006). The data was col-
lected in 122 Colombian municipalities, 
from surveys made to 11,462 households 
during 2002, and 9,566 households in 
2005-2006. This study uses socio-demo-
graphic data coming from the household 
surveys, including household income, 
and administrative data from the pro-
gram, including specific information from 
households participating in the program. 
	 The FA program was not a ran-
domized control trial. This means that mu-
nicipalities, households, and individuals 
were not randomly selected to participate 
in the program. Therefore, in order to be 
able to estimate the impact of the program, 
data was collected from municipalities re-
ceiving the program, “treatment” munici-
palities, and from municipalities that ini-
tially did not participate in the program, 
“control” municipalities. The latter were 
chosen to have very similar characteristics 
to the treatment municipalities: they had 
all but one characteristic that made them 
eligible for the program: having a bank. 
	 The dependent variable is total 
household income. Total household in-
come includes labor income and non-labor 
income from all members of the family, 
net transfers to or from other households, 
the CCT cash transfer for the treatment 
group, and other subsidies received by 
the households. The total amounts were 
calculated on an annual basis, in con-
stant prices of 2005, the year of the sec-
ond follow-up. Nominal prices of 2002 
and 2005 were deflated using the Colom-
bian Consumer Price Index of 2005(CPI). 

Descriptive Statistics
	 Because municipalities were not 
randomly selected into the treatment and 
control groups, it is important to verify if 
there are systematic differences between 
these two groups. Table 1 compares five 
household characteristics for the treat-
ment and control groups. When perform-
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ing a t-test of the differences in means be-
tween the characteristics of households in 
control and treatment municipalities, we 
cannot reject the null hypothesis that the 
difference between the means is zero, ex-
cept for the percent of households married 
or in union with children. In other words, 
there is no statistically significant differ-
ence between the means of the variables in 
the households that received the program 
and those that did not. Even though these 
means are only descriptive statistics, these 
data shows that, in principle, the treat-
ment and controls groups are very similar.
	 Table 2 presents the total house-
hold income at the baseline in 2002 and 
the second follow-up in 2005 for the treat-
ment and control group of households and 
the percentage change. The table shows 
that total household real income increased 
for all households between 2002 and 2005 

except for the households in the treatment 
group in rural areas. The change in real 
household income was much larger for 
the treatment households, probably driv-
en by the significant increase in income 
for treatment group households in ur-
ban areas, a 91 percent change. This sug-
gests that, due to the country’s economic 
growth during those years, households in 
both the treatment and control groups in 
small municipalities increased their real 
income, and that the impact might have 
been larger for treatment municipalities. 
	 Table 3 presents total household 
income excluding the CCT. This table also 
shows that there was an increase in real 
income between 2002 and 2005, both 
for the treatment and control groups, and 
that this increase was greater for treat-
ment households. There was a decrease 
in income for the rural households in the 
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Table 1: Means for household characteristics for treatment and control groups. 

Treatment Control T-Stat for difference

Head’s Age 44.77 44.97 0.69

Dependency ratio 0.67 0.67 -0.23

Percentage of heads with no 
education

0.26 0.25 -0.67

Percentage of married / 
union with children

0.79 0.82 4.35*

Annual Income (pesos) 2,735,144 3,622,118 1.6

Note: Author’s calculations. * Indicates statistical significance. 

Table 2: Total household income, Baseline and Follow-up
(annual CO pesos, constant prices 2005).

2002 2005 Difference

Control 3,622,118 4,467,931 23.35%

Treatment 3,011,268 4,273,098 41.90%

Rural Control 2,680,068 2,907,411 8.48%

Treatment 2,773,235 2,769,959 -0.12%

Urban Control 4,267,341 5,419,003 26.99%

Treatment 3,346,750 6,392,155 91.00%

Note: Author’s calculations.



treatment municipalities as well. How-
ever, other factors could be driving these 
results, so they should not be understood 
as negative impacts of the program. For 
example, rural areas are more vulner-
able to external economic shocks, or to 
seasonal changes in employment rates. 
	 Because the program could gen-
erate different incentives to work, an-
other variable of interest is total house-
hold labor income, which includes labor 
income from all members of the house-
hold. If FA created negative incentives to 
work, households could actually reduce 
their total labor income, either by hav-
ing fewer members work, or by reducing 
the numbers of hours of work being done 
by household members. Table 4 shows 
that while total household labor income 
increased in the treatment households 

between 2002 and 2005, it went down 
for households in the control group.
	 Table 5 reports the total house-
hold non-labor income excluding the 
CCT in 2002 and 2005. This non-labor 
income includes other subsidies that the 
households receive and household net 
transfers (transfers to the household from 
relatives or friends outside the house-
hold minus transfers from the house-
hold to relatives and friends outside the 
household). Total household non-labor 
income significantly increased in both 
control and treatment municipalities.
	 Finally, Table 6 presents the to-
tal annual CCT amount the household 
received. This is calculated as an aver-
age of all payments the household re-
ceived (payments reported in the survey 
for treatment households, then multi-
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Table 3: Total household income excluding CCT, 
Baseline and Follow-up (annual CO pesos, constant prices 2005). 

2002 2005 Difference

Control 3,622,118 4,464,136 23.25%

Treatment 2,735,114 3,799,463 38.91%

Rural Control 2,680,068 2,903,675 8.34%

Treatment 2,467,746 2,274,861 -7.82%

Urban Control 4,267,341 5,415,171 26.90%

Treatment 3,112,012 5,948,777 91.16%

Note: Author’s calculations.

2002 2005 Difference

Control 2,605,043 2,221,342 -14.73%

Treatment 2,094,173 2,428,611 15.97%

Rural Control 1,897,970 1,157,547 -39.01%

Treatment 1,893,556 1,104,483 -41.67%

Urban Control 3,089,327 2,869,681 -7.11%

Treatment 2,376,922 4,295,307 80.71%

Note: Author’s calculations.

Table 4: Total household labor income, Baseline and Follow-up
 (annnual CO pesos, constant prices 2005).



plied by six to reflect that payments were 
made every two months). The table shows 
that there was an increase in the CCT 
amount for treated households, both in 
rural and urban areas, and that the in-
crease was much larger in urban areas. 
	 Two factors limit the study’s abil-
ity to calculate the CCT payments for the 
treatment and control households: first, 
some treatment municipalities started re-
ceiving the CCT even before the baseline 
survey, and some control municipalities 
started receiving CCT before or in 2005 
(i.e. they became treatment municipali-
ties); second, there is quite a bit of varia-
tion around each household’s total annual 
CCT due to changes in eligibility and dis-
tribution mechanisms. These factors in 
turn limit the study’s ability to accurately 
estimate the dependent variable of total 
household income, which is calculated by 
adding CCT to other household incomes. 

To address the first issue, this study com-
pares the initial treatment and control 
households (Intent-to-Treat), ignoring 
their change of status, and assumes that 
the control households at the baseline 
(2002) were also control households at 
the follow-up. Because of this any CCT 
for these households is omitted from the 
calculation of the total household income. 
With respect to the second issue, it is very 
difficult to establish the total annual CCT 
each household received. For example, in 
the follow-up survey, respondents were 
asked to report and show the receipt from 
their last payment, but it is not possible 
to know how many of these payments the 
household received during a year. Ad-
ditionally, some municipalities delayed 
payments, so some households may have 
received less money than expected each 
month. The amount of the CCT received 
by a household could change if, for ex-
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Table 5: Total household non-labor income excluding CCT, Baseline and 
Follow-up (annual CO pesos, constant prices 2005).

2002 2005 Difference

Control 1,017,075 2,242,794 120.51%

Treatment 640,970 1,370,851 113.87%

Rural Control 782,098 1,746,129 123.26%

Treatment 574,190 1,170,378 103.83%

Urban Control 1,178,014 2,545,491 116.08%

Treatment 735,090 1,653,470 124.93%

Note: Author’s calculations.

2002 2005 Difference

Treatment 231,678 473,636 104.44%

Rural 256,316 495,099 93.16%

Urban 196,954 443,378 125.12%

Note: Author’s calculations. The total CCT amount per year 
was calculated by estimating the average of the payments 
received per household, and multiplying it by 6, as the pay-
ments were bi-monthly.

Table 6: Total household CCT amount, Baseline and Follow-up 
(annual CO pesos, constant prices 2005).
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ample, children first attending elementary 
grades start attending high school, as the 
payments are a little bit larger for children 
in high school. Additionally, some house-
holds could have lost their CCT benefits 
in the middle of a year if they had not 
followed the program’s conditions. Be-
cause the dataset does not contain infor-
mation about the exact amount that the 
household received in a year, the average 
household CCT payments received are 
the next best available alternative data. 
	 The descriptive results pre-
sented above suggest that there were 
significant changes in the household in-
come, and that the increase in income 
was larger for households in treatment 
municipalities. However, so far this has 
only described the differences between 
the treatment and control groups, be-
fore and after the program, which could 
be reflective of changes in the Colom-
bian economy, other concurrent historic 
changes, or pre-existing differences be-
tween the treatment and control groups. 

Results 
	 Table 7 presents the OLS and 
Quantile Regression estimates of model 
(1), that is, a model without any controls, 

using total household income as the depen-
dent variable. The OLS regression results 
show that there is a statistically signifi-
cant impact of the program on household 
income: participating in the program in-
creases average household total income 
by 29 percent. This is consistent with the 
main impact evaluation of the program, 
which found that total household income 
for households in FA is 25.2 percent larger 
than the household would have without 
the program (DNP 2008). However, in 
contrast to this study, the earlier evalua-
tion’s impact was not statistically signifi-
cant, probably because of differences in 
the measurement of the income-related 
variables and aggregate modeling strategy. 
	 The Quantile Regression model 
presents a better picture than the OLS, as 
it shows that the estimates at low quan-
tiles are substantially higher. The pro-
gram has a much greater impact at the 
lower quantiles of the income distribu-
tion. For example, the program increases 
the conditional income by 83 percent 
for those households at the 0.15 bottom 
quantile of the income distribution, and 
by 54 percent at the 0.25 quantile of the 
distribution. However, the Quantile Re-
gression shows that the program did not 

Quantile

OLS 0.15 0.25 0.50 0.75 0.85

Year -0.290*** -0.561 *** -0.530*** -0.245*** -0.003** -0.037***

(0.073) (0.118) (0.077) (0.038) (0.025) (0.031)

Treatment 0.032 0.367*** 0.057 -0.040 -0.043 -0.100

(0.052) (0.107) (0.066) (0.036) (0.019) (0.028)

Year * Treatment 0.298*** 0.830*** 0.539*** 0.022 -0.059* 0.038

(0.079) (0.131) (0.086) (0.047) (0.034) (0.038)

Note: This table reports OLS and Quantile Regression estimates of the effect of Familias en 
Acción on total household income. Dependent variable is in logs, therefore coefficients are 
interpreted as a semi-elasticity. Standard errors reported in parenthesis. * indicates 
significance at the 10% level, ** indicates significance at the 5% level and *** indicates 
significance at the 1% level. 

Table 7: OLS and Quantile Regression estimates of the effect of 
Familias en Acción on total household income.
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have any statistically significant effect 
on the median income, or on the high-
er quantiles of the income distribution. 
	 Figure 1 plots in each graph the 
OLS and Quantile Regression coefficients 
for each regressor in this model: dummy 
variable for year, dummy variable for the 
treatment, and the interaction variable. 
The horizontal lines in each graph are the 
OLS point estimates and confidence inter-
vals, which do not vary with the quantile. 
The shaded parts are the Quantile Regres-
sion estimates and their confidence in-
tervals. The top left graph plots the coef-
ficients on the year variable, showing that 
it is negative for the whole range of quan-
tiles (0.15 to 0.85), and it is smaller for the 
lower quantiles. The top right graph plots 
the coefficients for the treatment vari-
able, showing that the effect of being in 
the treatment group is larger for the lower 
quantiles of the income distribution. The 
lower graph plots the parameter of inter-
est: the coefficients on the year-treatment 
interaction term. It shows that the impact 
of the program is positive for the lower 
quantiles, and negative for the higher 
quantiles of the income distribution.
	 The results for the models speci-

fied by Equation (3) (with controls), are 
presented below. Table 8 shows the main 
results of interest for this study: it reports 
the OLS and Quantile Regression estimates 
for the impact of FA on total household 
income including controls for household 
characteristics. The parameter of interest 
is the coefficient of year*treatment, which 
corresponds to the Difference-in-Differ-
ence estimator. The controls included are 
head of household’s age, squared head of 
household’s age, indicator variables for 
head of household’s education, indicator 
variables for type of household, and the 
household dependency ratio. The omitted 
or comparison variables are: an indicator 
variable for heads of household with no 
education, and an indicator variable for 
single parent households without any chil-
dren. In the OLS regression, the head of 
household’s age is not statistically signifi-
cant. However, the Quantile Regression 
finds that one more year of age for the head 
of household is associated with a small but 
statistically significant increase in income, 
but only for the 0.75 and 0.85 quantiles 
of the income distribution. For example, 
increasing the head of household’s age 
by one year is associated with a 1.8 per-
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Note: This figure shows OLS and Quantile Regression coefficients and confidence in-
tervals for each regressor as the quantiles vary from 0.15 to 0.85.
 

Figure 1: OLS and Quantile Regressions coefficients.
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Quantile

OLS 0.15 0.25 0.50 0.75 0.85

Year  -0.341*** -0.674*** -0.581*** -0.257*** -0.056* -0.036

(0.076) (0.132) (0.083) (0.044) (0.034) (0.035)

Treatment  0.057 0.356***  0.075 -0.014 -0.045* -0.071** 

(0.054) (0.114) (0.068) (0.035)  (0.024)  (0.028)

Year*Treatment  0.315*** 0.902*** 0.535*** -0.017 -0.029  0.021

(0.083) (0.141) (0.091) (0.054) (0.041) (0.040)

Head's age -0.001 -0.015 -0.003  0.003 0.013***  0.018***

(0.008)  (0.012) (0.011) 0.006 0.004 0.004 

Completed 
High School

0.555*** 0.391*** 0.513*** 0.371*** 0.398*** 0.349***

(0.127) (0.142) (0.127) (0.065) (0.055)  (0.045)

Technical 
education

0.481 0.671* 0.415 0.426 0.415** 0.489**

(0.367) (0.350) (0.263) (0.287) (0.163) (0.198)

Completed 
university

0.983 0.395 1,326.00 1.525*** 1.310*** 1.570***

(0.733) (1.172) (0.952) (0.350) (0.294) (0.277)

Married/Union 
with children

0.487*** 0.472 0.354 0.409*** 0.390*** 0.371***

(0.144) (0.296) (0.233) (0.132) (0.092) (0.125)

Married/Union 
without 
children

-0.198  -0.034 -0.170 -0.246  -0.086 -0.072 

(0.183) (0.371) (0.275) (0.194) (0.143) (0.161)

Single parent 
with children

0.534*** 0.560* 0.493** 0.392*** 0.332*** 0.312** 

(0.146) (0.304) (0.238) (0.135) (0.090) (0.124)

Dependency 
ratio

-0.008 -0.002 0.013 -0.000 0.010 -0.028**

(0.021) ( 0.032)  (0.026) (0.014) (0.012) (0.012)

Note: This table reports OLS and Quantile Regression estimates of the effect of Familias en Acción on 
total household income. Dependent variable is in logs, therefore coefficients are interpreted as a semi-
elasticity. Standard errors reported in parenthesis. The omitted variables are: No education, and single 
parent families without children. Other variables included as controls, but omitted for space reasons are: 
Squared head’s age, and dummies for heads with only elementary education, incomplete high school, in-
complete university or graduate studies. * indicates significance at the 10% level, ** indicates significance 
at the 5% level and *** indicates significance at the 1% level.

Table 8: Quantile Regression and OLS Estimates with controls
Dependent variable: Total household income.
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cent change in the total household income 
at the 0.85 quantile of the distribution. 
	 Having a head of household who 
has completed high school is statistically 
significant for both the OLS and Quan-
tile Regression models. According to the 
OLS model, this means that completing 
high school is associated with a 55 per-
cent increase in the mean household in-
come, with respect to those households 
whose heads have no education. The re-
sults for the Quantile Regression also 
show that having a head of household 
who has completed high school is associ-
ated in a statistically significant way with 
household income. The estimated coeffi-
cient is very similar for the 0.25 quantile 
of the income distribution, but the coeffi-
cients are lower for other quantiles of the 
distribution. For example, having a head 
of household who has completed high 
school changes total household income by 
35 percent to 40 percent at the 0.15, 0.5, 
0.75 and 0.85 quantiles of the distribu-
tion. The Quantile Regression also shows 
that there is a substantially large effect of 
having a head of household who has com-
pleted university, but only for the higher 

quantiles of the income distribution. For 
example, for the median or 0.5 quan-
tile, this is associated with an increase of 
more than 100 percent with respect to 
heads of households with no education. 
	 With regards to family type, there 
is a clear significant effect of having chil-
dren on household income, as both the 
married/unions and the single parent fam-
ilies with children have significantly high-
er total household income with respect to 
single parent households with no children. 
This could be expected, as these are low-
income households, were children usu-
ally work or perceive some type of income, 
and therefore having children increases 
total household income. The Quantile Re-
gression model shows that a household of 
either of these two types is significantly 
associated with higher incomes, particu-
larly at high quantiles of the income dis-
tribution. However, for the single parent 
household with children, the estimates at 
low quantiles are higher. For example, a 
single parent household with children is 
associated with a 56 percent increase in 
total household income at the 0.15 quan-
tile, while it associated with a 31 percent 

Quantile

OLS 0.15 0.25 0.50 0.75 0.85

Year -0.345*** -0.630*** -0.602*** -0.253*** -0.064** -0.041***

(0.076) (0.118) (0.099) (0.046) (0.030) ( 0.031)

Treatment 0.174*** -0.373*** -0.149*  -0.045 -0.093*** -0.130

(0.058) (0.110) (0.082) (0.029) (0.021) (0.027)

Year*Treatment 0.110 0.463***  0.075 -0.152*** -0.039 0.028

(0.088) (0.149) (0.128) (0.055) (0.041) (0.041)

Controls YES YES YES YES YES YES

Note: This table reports OLS and Quantile Regression estimates of the effect of Familias 
en Acción on total household income. Dependent variable is in logs, therefore coefficients 
are interpreted as a semi-elasticity. Standard errors reported in parenthesis. All regres-
sion include controls for head’s age, head’s education, type of family, and the household 
dependency ratio. * indicates significance at the 10% level, ** indicates significance at the 
5% level and *** indicates significance at the 1% level.

Table 9: Quantile Regression and OLS Estimates with controls
Dependent variable: Total household income without the CCT.
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increase in total household income at the 
0.85 quantile of the income distribution. 
	 The parameter of interest, the 
Difference-in-Difference estimator from 
the interaction term, shows some in-
teresting results. In the OLS model, 
year*treatment is statistically signifi-
cant at the 1 percent level, showing that 
participating in the program increases 
total household income by 31 percent. 
 	 There is a lot of dispersion in the 
household income, so the Quantile Re-
gression does a better job in capturing 
this dispersion. In fact, this model shows 
that the program’s impacts are concen-
trated at the lower part of the income 
distribution. For the median household 
income and the quantiles above 0.5, the 
effect of the program is not statistically 
significant, while the program increases 
total household income by 90 percent 
for the 0.15 quantile of income distri-
bution, and 53 for the 0.25 quantile. 

Discussion
 	 In theory, household income 
should increase as a result of the pro-
gram’s CCT unless there are some unex-

pected results. For example, the program 
could reduce the household members’ 
incentives to work, decreasing their in-
come generation. The program could also 
reduce net transfers to the household, ei-
ther because there is a decrease in gross 
transfers from relatives who do not live 
in the household, or an increase in the 
household transfers to relatives outside 
the household (DNP, 2008). Therefore, it 
is important to discuss the impact of the 
program on other variables that can cap-
ture these possible results: total household 
income excluding the CCT, total house-
hold labor income, and total household 
non-labor income excluding the CCT. 
	 Table 9 presents the OLS and 
Quantile Regression estimates for a model 
that uses specification (3) (with controls), 
using total household income without the 
CCT as the dependent variable. The results 
for models using this dependent variable 
are important because if a household re-
sponded to the program in unexpected 
ways, such as working less or transfer-
ring more money to relatives, the program 
should impact this dependent variable. 
The OLS regression does not find a signifi-

Quantile

OLS 0.15 0.25 0.50 0.75 0.85

Year  -0.041 0.058 0.091* 0.102*** 0.084*** 0.123*** 

(0.047) (0.057) (0.047) (0.033) (0.025) (0.036)

Treatment -0.160*** 0.030 -0.000 -0.068** -0.080*** -0.092***

(0.030) (0.042) (0.027) (0.028) (0.025) (0.030)

Year*Treatment 0.047  -0.148**  -0.164*** -0.062 -0.030  -0.055

(0.056) (0.066) (0.055) (0.041) (0.034) (0.048)

Controls YES YES YES YES YES YES

Note: This table reports OLS and Quantile Regression estimates of the effect of Familias 
en Acción on total household income. Dependent variable is in logs, therefore coefficients 
are interpreted as a semi-elasticity. Standard errors reported in parenthesis. All regres-
sion include controls for head’s age, head’s education, type of family, and the household 
dependency ratio. * indicates significance at the 10% level, ** indicates significance at the 
5% level and *** indicates significance at the 1% level.

Table 10: Quantile Regression and OLS Estimates with controls
Dependent variable: Total household labor income.
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cant effect of the program on total house-
hold income without the CCT. However, 
the Quantile Regression captures a statis-
tically significant effect at the 0.15 and 0.5 
quantiles of the income distribution. For 
households at the lowest quantile (0.15) 
of the income distribution, the program 
increases total household income without 
the CCT by 46 percent, and the program 
increases income by 15 percent for the me-
dian income households (0.5 quantile).
	 Additional models were run us-
ing total household labor income and total 
household non-labor income as dependent 
variables. The estimations are presented 
respectively in tables 10 and 11. There are 
two important results from these models 
that need to be mentioned here: first, al-
though the OLS regression does not find 
a significant effect of the program on to-
tal household labor income, the Quantile 
Regression shows that the program has a 
negative impact on total household labor 
income for those at the low quantiles of 
the distribution. For example, the pro-
gram reduces labor income for households 
at the 0.15 quintile of the income distribu-

tion in 14.8 percent, and in 16.4 percent 
for those at the 0.25 quintile of the dis-
tribution. This suggests that the lowest-
income households, i.e. those at the lowest 
quintiles of the income distribution, may 
have reacted to the program by reducing 
their amount of work, either by working 
fewer hours, or by having a member of 
the household stop working. The former 
case is an unexpected negative impact of 
the program. However, the latter case is 
not necessarily a negative impact: what 
could be happening is that the program of-
fered the right incentives to send children 
to school instead of making them work to 
bring additional income to the household. 
Nevertheless, there are some measure-
ment validity issues for the household la-
bor income that limit the strength of this 
analysis: because the follow-up survey does 
not include the income from independent 
workers, this is omitted from the labor in-
come estimation both for 2002 and 2005.
	 The second important result is 
that both the OLS and Quantile Regres-
sion models find a significant effect of the 
program on total household non-labor in-

Quantile

OLS 0.15 0.25 0.50 0.75 0.85

Year 0.228***  0.282***  0.456*** 0.491*** 0.315*** 0.319*** 

(0.087) (0.083) (0,066) (0.058) (0.050) (0.051)

Treatment -0.288*** -0.333***  -0.182*** -0.133**  -0.194*** -0.118** 

(0.069) (0.076) (0.062)  (0.058) (0.045) (0.051)

Year*Treatment  0.343*** 0.269** 0.255** 0.210**  0.212*** 0.090

 (0.099) (0.113) (0.100) (0.084) (0.074) (0.075)

Controls YES YES YES YES YES YES

Note: This table reports OLS and Quantile Regression estimates of the effect of Familias 
en Acción on total household income. Dependent variable is in logs, therefore coefficients 
are interpreted as a semi-elasticity. Standard errors reported in parenthesis. All regres-
sion include controls for head’s age, head’s education, type of family, and the household 
dependency ratio. * indicates significance at the 10% level, ** indicates significance at the 
5% level and *** indicates significance at the 1% level.

Table 11: Quantile Regression and OLS Estimates with controls
Dependent variable: Total household non labor income (without FA).



come excluding the CCT. The OLS model 
estimates that the program increased total 
household non-labor income by 34 per-
cent. The Quantile Regression found a sig-
nificant effect of the program at all quan-
tiles of the non-labor income distribution, 
except for the highest quantile (0.85), and 
the impact is slightly higher for the low 
quantiles of income. For example, the pro-
gram increases total household non-labor 
income by 27 percent for the 0.15 quantile 
of the non-labor income distribution, and 
21 percent for the median income house-
hold and the 0.75 quantile of the distri-
bution. This result is important because 
it suggests that the household net trans-
fers and/or the subsidies excluding the 
CCT increased as a result of the program. 

Conclusion 
	 The results presented in this 
study confirm the initial hypothesis: the 
program has a positive impact on total 
household income, and this impact is larg-
er for the households at the lower quan-
tiles of the income distribution. There is 
also some evidence that for households 
at the lowest quintiles of the income dis-
tribution, the program had a negative 
impact on labor income, which suggests 
that these households may have reacted 
to the program by reducing their amount 
of work, either by working fewer hours, 
or by having a member of the household 
stop working. As for the total household 
non-labor income without the CCT, there 
is some evidence that the program had a 
positive impact at most quantiles of the 
income distribution, suggesting that the 
household net transfers and/or the sub-
sidies excluding the CCT may have in-
creased as a result of the program. These 
results provide strong evidence that the 

program had different impacts at differ-
ent points of the income distribution. 
	 This study is one of the first to 
look at the impact of the Familias en Ac-
ción program on different types of house-
holds by specifically looking at the impact 
of receiving the program for households 
at different points of the income distribu-
tion. The Quantile Regressions methodol-
ogy is particularly useful when a research-
er is interested in analyzing the impact of a 
program or policy on an outcome at differ-
ent points of its distribution. For example, 
in this case, Quantile Regression is used to 
look at the impact of Familias en Acción 
on household income, for households at 
different points of the income distribution. 
	 Using a Quantile Regressions 
methodology, this paper finds evidence 
that the program had a larger impact for 
households at the bottom of the income 
distribution, which suggests that CCT 
programs might have a bigger impact on 
the poorest population. Therefore, exist-
ing CCT programs and new ones created 
in the future should aim to better target 
the programs so that they reach this part 
of the population, where this type of pro-
grams seems to have the largest effect. 
Future studies should aim to strengthen 
the measurement validity of the depen-
dent variables used in this study, particu-
larly by improving the estimations of the 
household labor income, and by better 
accounting for the actual conditional cash 
transfers made to each household. By im-
proving these measurements, the meth-
odology used in this study would allow re-
searchers to estimate more accurately the 
impact of the Familias en Acción program 
on household income for households at 
different points of the income distribution.
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