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1 Introduction

Despite the declining trend in recent years, Latin America remains the region with

the most unequal income distribution (Gasparini and Lustig, 2011). A large frac-

tion of this inequality may be explained by earnings differentials (Gasparini et al.,

2011), which in turn, depend largely on the available opportunities to accumulate

human capital. It is therefore reasonable to expect that at least in part, exist-

ing inequality is driven by persistent differences in educational attainment and

schooling quality (Morley, 2001).

In this paper, we focus on inequalities in access to higher education in Colom-

bia. Latin America also has one of the widest skill differentials worldwide, and our

selected case study is among the five most unequal countries in terms of schooling.

Colombia’s Gini coefficient for years of education is 0.357, and has remained rela-

tively unchanged, falling by 0.035 over the last twenty years (Cruces et al., 2012).1

Approximately 24% of individuals aged 18-23 attend college, but enrollment differ-

ences across income levels are substantial. Only 8.6% of low income students enroll

in post-secondary education, in contrast with 52.8% attendance from those in the

highest quintile (SEDLAC, 2013). These disparities are further exacerbated by the

highly heterogeneous quality of higher education in Colombia (Bonilla, 2009).

Extensive research has studied why underprivileged students are less likely to go

to college. Beyond the most studied mechanisms, credit constraints, the literature

has identified other channels that affect educational decisions. For instance, recent

efforts highlight how information restrictions affect educational choices. Generally,

1The average educational Gini coefficient for the region is 0.338, which has fallen 0.073 since the
1990s. Therefore Colombia has above average educational inequality and shows a lower overall
reduction.
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individual schooling decisions are based on evaluating perceived instead of actual

returns to education. The findings from these studies depict that information

differences between perceived and actual returns are quite relevant, with most stu-

dents underinvesting in higher education because they perceive low returns. While

illustrative, this evidence applies to information gaps at primary and secondary

educational levels in poor countries. For middle income countries like Colombia

that have extensive coverage of basic education, we argue that the decision to

attend higher education takes a more prominent role.

Our analysis characterizes the effect of information on returns to higher educa-

tion and funding programs on students’ knowledge of institutions, career choices,

and school effort in a randomized setting. We target 120 urban public schools

in the Colombian capital, Bogotá, randomly selecting 60 schools to receive a 40-

minute informational talk and fill out a self-reported survey. Over six thousand

students attending their final year of high school respond our survey, providing us

with a rich longitudinal data source before and after exposure to the intervention,

the Bogotá Higher Education and Labor Perspectives Survey (BHELPS).

This study contributes to the literature in a number of ways. Firstly, it builds

upon existing work since it measures the effect of providing information on the

returns to education and funding programs to a different population: high school

students in a middle income country deciding whether to pursue higher educa-

tion. Secondly, to our knowledge, this is the first study that provides students

with highly detailed information on average returns to education by university

and majors to evaluate career choices. Finally, we also quantify the effects of in-

formation at the intensive margin by estimating if and how information changes

student performance on their high school exit exam scores.

3



From the survey, we identify that students are misinformed about the labor

market, since they tend to overestimate the returns to higher education. We believe

this is due to the large inequality in earnings between individuals that complete

college or university and those who do not. Student perceptions are affected by this

divide, making them believe that attending higher education is beyond their reach.

Therefore, we infer that at least in Colombia, the main deterrent to attend higher

education is not underinvestment because of low perceived returns to education,

but a strong belief that upward social mobility is limited.

Our main results indicate that the informational intervention raises average

awareness of funding institutions among all treated students but has a heteroge-

neous effect on the remaining outcomes. In particular, young women, students

with favorable socioeconomic conditions, and highly motivated students seem to

benefit the most from this type of intervention in terms of higher education choices.

We also assess the indirect effects of information transmission within schools and

contamination between schools, but find no significant spillovers at either level.

The remainder of this paper is organized as follows. Section 2 briefly reviews

the existing literature on higher education choices, identifies existing research gaps,

and outlines the contributions of this study. Section 3 describes the experimental

framework and data collection processes. Section 4 details the evaluation method-

ology used to obtain the main results presented in Section 5. Finally, Section 6

discusses our findings and outlines directions for future research.
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2 Previous literature

A number of papers have explored why underprivileged students are less likely to

enroll in higher education. The most common argument is related to credit con-

straints: poor families are unable to afford college or university and are therefore

less likely to apply for or receive student loans (Manski, 1992, Kane, 1994, Ellwood

and Kane, 2000).

In addition to this channel, a number of alternative mechanisms may also ex-

plain schooling gaps across income levels. First, Cameron and Heckman (2001)

and Carneiro and Heckman (2002) show that intergenerational factors, such as

parents’ scholastic ability, are major determinants of persistent attainment gaps in

the US. Second, risk aversion also drives differences in schooling since low income

families tend to be more risk averse and therefore have lower incentives to invest

in education (Belzil and Hansen, 2004, Belzil and Leonardi, 2007). Third, Akerlof

and Kranton (2000) and Loury and Loury (2002) support the idea that identity

and group membership matter, since investing in education has social costs that

affect schooling choices. Fourth, aspirations can affect outcomes as well, which

combined with the lack of interaction across income groups may keep poor chil-

dren from forming more ambitious aspirations or induce frustration because of the

difficulties in achieving them. Eventually, this leads to underinvestment in edu-

cation (Appadurai, 2004, Ray, 2006, Heifetz and Minelli, 2006, Genicot and Ray,

2009, Dalton et al., 2014). The consensus is that these mechanisms are not mutu-

ally exclusive, and it seems reasonable to assume that their joint effect accounts

for most of the observed higher education inequality.

More recent studies have focused on how information restrictions affect edu-
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cational choices. Generally, individual schooling decisions are based on evaluating

perceived instead of actual returns to education, so it is crucial to determine what

students know about the labor market (Manski, 1993, 2004). The empirical lit-

erature has provided evidence that information differences between perceived and

actual returns are quite relevant. For instance, Kaufmann (2010) and Attana-

sio and Kaufmann (2009) use survey data to show that low income students in

Mexico perceive lower returns to college or university degrees and thus end up

underinvesting in higher education.

Jensen (2010) takes a further step and uses a randomized control trial to mea-

sure the causal effect of information on educational choices. The informational

treatment, given to Dominican eight-graders and their parents, provides beneficia-

ries with the average wage premiums for finishing secondary school and attending

university. His results indicate that treated students completed on average 0.20 to

0.35 more years of schooling over the next four years. Nguyen (2008) and Osman

(2014) perform similar experiments in Malagasy primary schools and Egyptian

vocational schools, respectively. Nguyen (2008) shows that using role models,

especially those that come from a poor background, is more effective than just

providing statistics. His findings reveal some positive effects of information on test

scores. Osman (2014) finds that the effect of information is highly influenced by

risk aversion. In fact, risk averse individuals are more likely to shift towards ‘safer’

occupations and opt out of using credit to start a small enterprise. Wiswall and

Zafar (2012) use the same strategy to study college major choices at NYU. Results

indicate that, although taste is the dominant factor in the choice of field, expected

earnings are a significant determinant of major choice. Interestingly, men’s choices

are more related to earnings, while ability differences matter more for women.
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Other papers have focused on the effects of financial aid information on post-

secondary schooling choices. Dinkelman and Mart́ınez (2014) randomly distribute

DVDs in poor areas in Chile that provide information on funding sources and“how

individual effort can prepare the student to meet eligibility criteria later on”. Half

of the treated group watches the DVD at school and the other half watches at

home with their parents. They find positive effects on attendance and knowledge

of financial aid for the first treatment group, but no effect on test scores. For

the second (family) treatment group, the authors find that parents’ knowledge of

financial aid increases, but this has no effect on their children’s school outcomes.

Oreopoulos and Dunn (2013) show a 3 minute video that highlights the returns of

post secondary education and explains how to use a a financial aid calculator to

a randomly selected group of students from Toronto’s disadvantaged high schools.

Their results indicate that three weeks after the intervention, treated students

have significantly higher expected returns, lower concerns about schooling costs,

and express greater interest in higher education.

These information experiments are interesting for a number of reasons. First,

they empirically characterize the role of information on educational choices. Sec-

ond, they provide robust empirical evidence that information-based interventions

are not only cheap, but also effective. Third, they also study how and by whom

information should be delivered, a key input for policy decisions.

This paper contributes to the literature in a number of ways. Firstly, it builds

upon the work of Nguyen (2008) and Jensen (2010), since it measures the effect

of providing information on the returns to education and funding programs to a

different population: high school students in an urban developing country deciding

whether to pursue higher education. Secondly, to our knowledge, this is the first
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study that provides students with highly detailed information on average returns

to education by university and majors to evaluate career choices 2. The reason why

it is interesting to study career choice is that wages tend to vary significantly across

careers and therefore this is a more accurate measure of educational aspirations.

This is particularly true when students are not systematically underestimating

actual returns of education. Finally, we also quantify the effects of information at

the intensive margin by estimating changes in student performance on their high

school exit exam scores.

3 Experimental Setting and Data

3.1 Randomization

To study how access to information on the returns to higher education and funding

programs affects knowledge of institutions, career choice, and school effort; we

conduct a randomized control trial in Bogotá, Colombia.

As mentioned previously, our population of interest is high school students

deciding whether to pursue higher education. We focus on public schools, that

accounted in 2012 for 65% of the population, because they concentrate most of the

low and medium income students; the group with the lowest college enrollment

rates3. Moreover, we target a random sample from school-shifts instead of schools.

2Even in developed countries, this is a relatively new approach to career choice determinants.
To the date, Wiswall and Zafar (2012) is probably the only paper that uses a randomized trial
to study the determinants of college major choice.
3According to the Colombian Legislation, education is mandatory until age 15, and public schools
are completely free. Since 2002, low income students may also benefit from conditional cash trans-
fers (Familias en Accion) and apply to additional programs, such as school meal and transporta-
tion, provided by the Secretary of Education. Over the last decades, Bogotá has substantially
reduced dropouts (3.1% in 2012) and increased enrollment at all levels (83% in primary school,
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This is so for two reasons. On the one hand, public high schools in Bogotá usually

have two independent shifts: morning and afternoon. On the other hand, each shift

has different students and most importantly, different teachers and staff. Hence,

each school-shift may be considered as an independent educational institution.

Henceforth, we refer to these school-shifts as schools.

From the census of schools provided by the Secretary of Education in Bogotá,

we identify 354 registered high schools at the beginning of the 2013 academic year

that meet our targeting criteria. The selected institutions are all urban public high

schools offering an academic track and with at least 20 senior high school students

enrolled in the previous academic year (2012). From this universe, we randomly

select 120 schools to participate in the study. Furthermore, 60 of these schools are

randomly assigned to receive an informational intervention while the remaining

institutions serve as our comparison group.

The targeted schools cover a large extent of the city and most urban neigh-

borhoods in Bogotá, with treatment and control schools being relatively spread

out as shown in Figure 1. If a school had more than two classrooms at the senior

level, we selected two of them at random to be interviewed and receive treatment

(if the school was in the treatment group). Otherwise, we interviewed all students

attending that day. Fieldwork for the baseline wave and treatment in selected

schools took place during March 2013. The follow-up survey was conducted in

August 2013, one week before students took the high school exit exam4.

81.5% in middle school and 51.8% in high school in 2012). However, public-private quality gaps
persist, and upper-middle class families are still more likely to opt for private education, that is
not subsidized.
4In Colombia, the academic year for the majority of public schools begins in February and ends
in December.
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3.2 The Intervention

The intervention is similar to that in Jensen (2010) since it provides students

with information on returns to education and financial aid sources. However,

our approach varies substantially given the different audience and the relatively

more complex information we transmit. Students in treatment schools were given

a 40-minute presentation by young Colombian college graduates that highlights

the relationship between education and wages and describes some of the available

funding programs to finance post-secondary studies.

The talk begins by providing students with the average expected returns to

completing secondary and obtaining higher education degrees at vocational (2

years of study) and academic (4-5 years of study) levels. It then proceeds to

describe the large heterogeneity of higher education returns by comparing some

examples of expected wages by career and college/university. These statistics are

official measures constructed by the Government, which matches recent graduates

to social security records, and are available online (in the Labor Observatory).5

The key message given to the students is that the talk would provide them with

certain examples, but that they should visit the website to continue exploring on

their own. Hence, each student’s incentives determine how much of the available

information they seize and how their higher education decisions are influenced by

this knowledge.

The second part of the talk focuses on two higher education funding programs:

ICETEX and FDFESBO. ICETEX - the Colombian public student loans institu-

tion - is the National Government agency that handles student loans for higher

5These statistics may be obtained here: http://www.graduadoscolombia.edu.co/.
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education; including vocational, academic, and postgraduate education in Colom-

bia and abroad. It is the largest student loan program in Colombia (22% of enrolled

students in higher education during 2013 were funded by this source) and also the

most widely known. FDFESBO - Bogotá’s higher education funding program -

offers loans for high-achieving low income students that graduate from the city’s

public school system.

At the end of the talk, we emphasize the importance of the high school exit

exam (SABER 11) that students will take five months later (in August). Like the

SAT in the US, this test is a determinant factor in college admission decisions and

higher scores increase the possibility of receiving funding. To conclude, we provide

a handout summarizing the main points of the talk and containing links to the

websites we intend the students to visit.

3.3 Data and Sample description

Our baseline survey collected information on 6,636 students in 116 schools dur-

ing March 20136, and was completed by the students prior to the intervention.

The questionnaire inquired on individual demographic characteristics, family back-

ground, socioeconomic status, educational performance and aspirations, current

employment, future work perspectives, and attitudes towards risk. The follow up

survey was conducted in August 2013, and was completed by 6,141 students in

the same 116 schools.7 The questionnaire followed up on some baseline questions,

mainly educational and employment aspirations; but also added modules on trans-

6Despite numerous attempts, we were unable to visit 4 schools. These corresponded to 2 treat-
ment schools and 2 control schools. However, the inability to interview these students does not
seem to generate issues that affect randomization as the balance tests and Data Appendix reveal.
7It is evident that some attrition occurred. However, an analysis of the data shows that it seems
to have been random. See the Data Appendix for detailed information on attrition.
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portation, assets, and students’ household environment. In what follows, we refer

to the data set as the Bogotá Higher Education and Labor Perspectives Survey

(BHELPS).

In Table 1 we present descriptive statistics for our outcomes at baseline and

follow up. We categorize outcomes in four sets of variables. First, we study whether

the treatment had an effect on students’ knowledge about funding programs for

post-secondary education (Funding). Second, we separately measure students’

knowledge on the returns to higher education (Returns to education). These two

categories intend to measure mechanisms that would drive any ensuing results.

Third, we examine changes in the stated preferences of students’ desired careers

(Career choice). Finally, we calculate the effect of information on school effort

using standardized SABER 11 scores (School effort).

For funding, students answer yes/no to questions on whether they are famil-

iar with certain institutions that are related to higher education (and which are

covered during the talk). About 70% and 17% of students knew about ICETEX

and FDFESBO at the baseline. We summarize student knowledge in a single vari-

able (Knowledge score) that adds both dummy variables. In the follow up, we see

that knowledge seems to increase, with higher means for the knowledge score and

increased awareness of both ICETEX (84%) and FDFESBO (20%).

We quantify knowledge of returns to education using several measures. On

the one hand, we have a yes/no question for student knowledge of the Labor Ob-

servatory database, the main source of the information we provide. About 7%

of students had heard about the website before the intervention, a fraction that

does not seem to change much in the follow up. On the other hand, we construct

two measures to evaluate the error between students’ perceived returns and the
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actual returns to education. To do this, we take individual responses of perceived

average wages for the following levels of education: high school, vocational degree

(2 years) and academic degree (4-5 years). Wage premium error (vocational) mea-

sures the mean squared error between the perceived and the actual wage premium

for vocational education. Similarly, Wage premium error (academic) measures the

mean squared error between perceived and actual wage premiums for academic

education8. On average, we observe that most interviewed students overestimate

the returns to higher education, consistent with previous evidence for Colombia

(Gamboa and Rodŕıguez, 2014).

To study career choice outcomes we use dummy variables for whether students:

want to continue studying after high school, intend to pursue an academic degree

(4-5 years), aspire a Science, Technology, Engineering or Mathematics (STEM)

career9, and whether they had already applied for admission to a higher education

institution. It is important to note almost all students wish to pursue higher

education (over 98%), most of whom aspire completing a 4-5 year degree (88%).

Approximately half the interviewed students wish to pursue a STEM career and at

the time of the follow up, 14% of the respondents had already applied to a higher

education institution.

Finally, our measures of school effort are students’ results on the standardized

high school exit exam (SABER 11) taken one week after our follow up and matched

to our data using the Secretary of Education’s 2013 ICFES survey. As mentioned

beforehand, this test is an entry requirement for most higher education institutions,

8Wage premiums are measured in 2013 legal monthly minimum wages, equivalent to 589.500
pesos, or 315 US Dollars at the 2013 exchange rate.
9STEM careers include all academic careers (4-5 years of study) in the following fields: Agronomy,
animal sciences, veterinary medicine, medicine, bacteriology, biology, physics, geology, mathe-
matics, chemistry, psychology, business, economics, and engineering.
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and in the majority of cases, a key determinant for admission. Scores in the

SABER 11 examination range from 0 to 100. We present the overall score10, as

well as performance by subjects. In Table 1 we present the raw scores, but in our

evaluation we standardize these measures with respect to the control group for

easier interpretation.

Table 2 summarizes some selected individual and school characteristics in both

waves. Our sample is fairly balanced in gender terms, with a slightly higher fraction

of young women (52.4%). Students’ average age is between 16-17 years and most of

them were born in Bogotá (85%). Around half of these students’ parents completed

high school and only one quarter of parents completed post-secondary education.

The monthly average family income for our sample is 2.4 minimum wages (about

$750 US Dollars at 2013 exchange rates). About 25% of students have repeated

at least one grade and 16.4% of them report being employed. Most students

believe they are above average in academic performance, since when asked to rank

themselves on a Likert-scale from 1-10 where the latter is the highest value, their

average response is 7. Given the importance of risk aversion for higher education

decisions, students were asked to play two games intended to measure risk aversion

in the baseline survey. This resulted in our classification of attitudes towards risk

in Table 2. We find that 71% of students are extremely risk averse, 14% are risk

averse, 7% are risk neutral, and 7% are risk loving.

The targeted schools seem to be older institutions (over 10 years in operation).

Most of them have important educational amenities including a library (85%) and

computer lab (96%). About 17.7% of institutions reported having been affected in

10We use the official weights to compute the individual overall score: Mathematics and Language
(3), Social sciences (2), Biology, Physics, Chemistry and Philosophy (1).
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some way by violence or crime. Most of the schools we surveyed operated during

the morning shift (62.8%), with the remaining difference comprised of afternoon

shift schools (35.2%) and single shift schools (2%). On average, sixty students

were interviewed during our visits.

Are students in treatment and control schools similar before the intervention?

Tables 3 and 4 present differences across treatment and control individuals for

available baseline outcomes and characteristics, respectively. In general, the ran-

domization seems to have been successful, with students in treatment and control

schools appearing very similar before the intervention. Broadly, both groups have

statistically similar baseline outcomes, with the exception of the wage premium

error for vocational studies. However, this difference is small in magnitude and

becomes statistically insignificant if we condition on observable characteristics.

Some attributes such as attitudes to risk show significant differences before the

intervention, and will be included as controls in the evaluation.

4 Evaluation methodology

Given the random assignment, we quantify the effect of the information treatment

on knowledge, career choice, and school effort outcomes using a linear regression

framework. We estimate two main regressions. On the one hand, since some

outcomes are only measured after information exposure, we evaluate the effect of

the intervention using a cross-sectional specification where outcomes in period t+1

are explained by baseline treatment assignment and characteristics:

yis,t+1 = βTis,t + θXis,t + uis,t+1 (1)
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where yis,t+1 is the studied outcome for student i attending school s at the follow

up, t+ 1. Xist is a matrix containing individual, family, and school characteristics

at baseline, and includes all the attributes in Table 2. Our coefficient of interest is

β, which captures the effect of the informational treatment on the studied outcome.

uis,t+1 is a mean-zero disturbance assumed to be uncorrelated with the covariates

and treatment status. Equation (1) is estimated by Ordinary Least Squares (OLS)

with clustered standard errors at the school-level.11

The second main specification is difference-in-differences, which exploits the

panel nature of the data for outcomes available in both waves. For this, we de-

fine a binary variable, post, that equals one after information exposure and zero

otherwise:

yist = αpost+ β(Tist × post) + γTist + µi + uist (2)

where α estimates the change in the outcome over time, γ captures any pre-existing

differences between treatment and control groups, and µi is a student-specific effect

that controls for all time-invariant characteristics (observed and unobserved) in

our sample. Once again, our coefficient of interest β measures the average effect

of the information treatment on the studied outcome. As with the cross-sectional

specification, we correct the variance by specifying clustered standard errors.

To measure potential heterogeneity in the effect of information on higher edu-

cation outcomes, we also estimate versions of Equations (1) and (2) interacting the

variable accompanying β by a group indicator. We assess the differential impact

11Alternatively, since some of the studied outcomes are binary, we also estimate Equation (1)
using a Probit specification whose results are available upon request since all our findings remain
unchanged.
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of gender, family income, family background, self-esteem, and school character-

istics. Finally, we also measure the indirect effects of the information treatment

both within and between schools to determine if the intervention had any spillover

effects.

5 Results

5.1 The Average Effects of Information

We present the main effects of the information treatment for all outcomes in Ta-

ble 5. The first column presents the raw (unconditional) difference in means af-

ter exposure, the second column adjusts this difference by including controls for

individual, family, and school characteristics, and the final column presents the

difference-in-differences estimate with individual fixed-effects. Each reported coef-

ficient corresponds to a separate regression.

We find that the impact on knowledge of funding programs is positive and sta-

tistically significant at conventional levels. In particular, the constructed knowl-

edge score increases between 5.2% and 6.1% from the baseline mean. This rise in

knowledge is mainly driven by a higher fraction of students that report familiarity

with ICETEX, the largest higher education funding program.

As for student perceptions of the returns to education, we find a positive and

significant effect for Wage premium error (vocational) in column (3), and no effects

for Wage premium error (academic). Recalling the definitions in the previous

section, these results indicate that treated students increased their overestimation

of the wage premiums between vocational and high school education but did not
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change the perceived premium between academic and high school education. We

believe that this effect is driven by the intervention updating beliefs on the returns

to vocational degrees.

For career choice outcomes, the baseline average for students wanting to con-

tinue studying after finishing high school was already very high (98.8%). Therefore,

it is not surprising that we do not find any effects on this outcome or for aspir-

ing a professional degree. We do find a statistically significant increase of around

6% of the baseline mean for students aspiring to enroll in a STEM-related career.

However this effect disappears under the difference-in-difference specification. We

also find a small negative effect in the fraction of students that had applied to a

higher education institution one week before the high school exit exam, SABER

11. This may be the result of students becoming more cautious during the appli-

cation process. Since they are still unsure of their performance on the exit exam,

students might postpone applying until they receive their scores.

Finally, we do not find any statistically significant effects on school effort, as

measured by students’ SABER 11 standardized overall and subject scores. Given

our point estimate for the overall score, we can rule out the possibility of an increase

in test scores larger than 0.08 of a standard deviation. To put this magnitude

in perspective, Nguyen (2008) finds that only providing statistics of returns to

primary school students increases test scores by 0.2 of a standard deviation.

Overall, we find that on average the randomized 40-minute talk on returns to

higher education and financing opportunities had limited effects, mostly raising

awareness of higher education funding institutions. It seems that, on average, the

talk did not improve students’ knowledge of relative returns nor did it affect test

scores on the standardized exit exam. The jury is out on whether increasing student
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awareness of institutions such as ICETEX translates into a higher probability of

applying to higher education and/or student loans.12

5.2 Heterogeneous Effects of Information

Even though we find that the effects - on average - are limited, different sub-

populations may have responded differently to our information treatment. In this

section we explore whether the treatment had heterogeneous effects across different

groups. For this purpose, we estimate Equation (2) adding interactions with each

group indicator or Equation (1) if the outcome is only available after exposure.

Gender differences in aspirations and educational choice have been traced to dif-

ferences in preferences and tastes rather than academic ability (e.g. Zafar (2013)).

Given these differences, it is possible that the information treatment could have

affected these groups in different ways. This is tested in columns (1) and (2) of

Table 6, where we explore the differential effects for males and females. We find

that the positive effects in knowledge are mainly driven by men (both groups have

similar baseline levels). Additionally, the positive effect found in the desire to pur-

sue a STEM degree is concentrated among women, who close the gap between the

groups at baseline (52% for men compared to 47.6% for women).

As mentioned previously, one of the main obstacles to attend higher education

is credit constraints, since poor families are unable to afford college or university

and less likely to get student loans. This highlights the importance of household

income on the higher education decisions of young adults. In columns (3) and

(4) we explore heterogeneity by family income, classifying students by the median

income at baseline. Before the intervention, low income students are substantially

12In the future we may be able to obtain information on this.
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less knowledgeable of higher education institutions. For instance, 75% of high

income students are familiar with ICETEX compared to 65% for low income.

We find that low income students gained more knowledge of higher education

institutions as a result of the intervention, but this increase does not entirely close

the gap across income levels. Additionally, we find significant negative effects

for whether a low income student already applied at the time the follow up was

conducted. Again, this may be the result of students becoming more cautious

during the application process. Since they are still unsure of their performance,

they might postpone applying until they receive their scores.

In columns (5) and (6) we classify students by their self-rated self-esteem, using

the median response to the Likert-type question: ”From 1 to 10, where 1 is never

and 10 is always, how often do you achieve your goals?” as a threshold. Students

with higher self esteem are more knowledgeable of higher education institutions.

Additionally, it seems the intervention motivated them to place more effort in

preparing for the exit exam since they experience positive and significant effects

on Language and Social Science scores. The overall SABER 11 score is positive

and borderline statistically insignificant (p-value=0.113).

Having a sibling who completed or is undertaking post secondary education

can improve a student’s baseline level of information regarding post secondary

education and the intervention would have a relatively smaller effect on these

students. This is well reflected by comparing the baseline means between students

who have a sibling with post secondary education with those who do not. For

example, 76% of students with siblings in college knew about ICETEX, compared

to 65%. Indeed, the results presented in columns (7) and (8) show that students

without a sibling with post secondary information benefited the most in terms of
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knowledge of funding programs from the intervention.

In summary, we find some heterogeneous effects of our informational treatment.

In particular, young women, students with favorable socioeconomic conditions, and

highly motivated students seem to benefit the most from this type of intervention.

Hence, we take this as suggestive evidence that information on future returns

to education is particularly important for those individuals who have given more

thought to their future, have previous experience in their household, and for whom

the talk reinforces the importance of effort to achieve their goals.

5.3 The Indirect Effects of Information

All our previous findings are robust under the assumption of no interference be-

tween units. That is, any significant indirect effects would bias the results and

provide wrongful conclusions about the effect of the informational treatment. To

verify the validity of our findings, we assess spillovers in information transmission

between students (within schools) and potential contamination between schools.

First, we test whether the intervention generated within school spillovers by

indirectly affecting outcomes for students in treated schools that did not receive

the informational talk. By design, we randomly selected two classrooms in each

school to be surveyed and receive treatment (if the school was in the treatment

group). Otherwise, we interviewed all students attending that day. Hence, in

certain schools, some students were not interviewed in either wave.13

Since the BHELPS survey was not applied to these students, we cannot identify

spillovers on knowledge and career choice outcomes. Nevertheless, all students did

13This implies that identification of within spillover effects is only possible for the subset of schools
that have more than two classrooms.
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take the SABER 11 exam, so we can quantify within spillovers of the information

treatment on school effort. We measure the effect on these outcomes by estimating

the adjusted specification of Equation (1) on the sub-sample of students that were

not interviewed. Table 7 reports the estimates of average within school spillovers

and some heterogeneous effects, including the presence of a career counselor14. We

find no significant spillover effects between students on average school effort or for

any sub-population.

Second, we evaluate the existence of spillovers between schools. For this type

of contamination to occur, schools should be close together and more importantly,

they must communicate with each other. We exploit the existence of neighborhood-

level Education Offices for the 18 urban localities in Bogotá. These institutions

coordinate public schools in each neighborhood, so any indirect effects of our treat-

ment would presumably be driven by discussion between school officials of the

informational intervention during regular locality-level meetings.

To estimate these spillovers, we employ a similar methodology as Miguel and

Kremer (2004) by estimating an augmented version of Equation (1):

yis,t+1 = βTis,t + δNT
isj,t + λNisj,t + θXis,t + uis,t+1 (3)

where NT
isj,t is the number of schools at baseline that were randomly selected to

receive the informational intervention in neighborhood j and Nisj,t is the total

number of targeted schools in the neighborhood. As before, β captures the di-

rect effect of the informational treatment. But now, δ will estimate any indirect

effect of treatment between schools. Note that because we count schools before

14Career counselor is classified as present if a majority of the students reports to have one at
school.
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program exposure, the number of neighboring schools will not change over time.

Therefore, we are able to estimate cross-sectional but not difference-in-differences

specifications.

Table 8 presents estimates of δ for all outcomes. We find that the informational

treatment had no significant between spillover effects on all outcomes. In fact, most

coefficients are fairly close to zero and precisely estimated. This rules out any

potential contamination and suggests that even while school officials may attend

neighborhood-level meetings, they did not discuss our intervention.

6 Conclusion

This paper characterizes the effect of information on the returns to higher educa-

tion and funding programs on students’ knowledge of institutions, career choices,

and academic performance. While most studies have analyzed the role of informa-

tion at lower educational levels in poor countries, we argue that access to higher

education is more relevant in middle income countries like Colombia where basic

education is almost universal but where access to higher education is unequal.

To estimate the effects of providing this information, we conduct a random-

ized control trial that targets 120 urban public schools in the Colombian capital,

Bogotá, and randomly select 60 schools to receive a 40-minute informational talk.

Over six thousand students attending their final year of high school respond our

survey, providing us with a rich longitudinal data source before and after exposure

to the intervention, the Bogotá Higher Education and Labor Perspectives Survey

(BHELPS).

From the survey, we identify that students are misinformed about the labor
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market, since they tend to overestimate the returns to higher education. We believe

this is due to the large inequality in earnings between individuals that complete

college or university and those who do not. Student perceptions are affected by this

divide, making them believe that attending higher education is beyond their reach.

Therefore, we infer that at least in Colombia, the main deterrent to attend higher

education is not under-investment because of low perceived returns to education,

but a strong belief that upward social mobility is limited.

Our intervention raises average awareness of funding institutions among all

treated students but has a heterogeneous effect on the remaining outcomes. In

particular, young women, students with favorable socioeconomic conditions, and

highly motivated students seem to benefit the most from this type of intervention in

terms of higher education choices. We also assess the indirect effects of information

transmission between students and contamination between schools, but find no

significant spillovers at either level.

These findings provide several policy lessons. First, these interventions are a

cost-effective way to motivate students to continue their studies at all levels. While

our intervention had limited effects, we believe that similar policies would be useful

since they provide individuals with more complete information to decide what to

do after high school. Second, the frequency and delivery method of information

are key aspects in informational policies. In our case, we conducted a one-time

intervention carried out by role models just a few years older than the target

population. Perhaps a higher frequency of informational sessions, both at school

and with parents at home, would reinforce the estimated effects at low additional

cost. Family members, school counselors, and other role models may all be used to

transmit this information, also with minimal cost. Further research is necessary to
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determine the pivotal mechanism when providing information. Is it the information

itself, its frequency, or how it is delivered? Whatever the answer, we believe

information has a role to play by promoting upward educational mobility in middle

income countries that will allow individuals to escape inequality traps and break

the vicious cycle of poverty.
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Table 1
Descriptive statistics: Outcomes

Baseline Follow Up

Mean (SD) Mean (SD)

A. Information outcomes: Funding
Knowledge score 0.846 (0.612) 1.022 (0.562)
Knows ICETEX 0.694 (0.461) 0.841 (0.365)
Knows FDFESBO 0.169 (0.375) 0.199 (0.399)
B. Information outcomes: Returns to education
Knows Labor Observatory 0.073 (0.260) 0.053 (0.225)
Wage premium error (vocational) 2.135 (5.230) 1.624 (3.874)
Wage premium error (academic) 10.455 (14.074) 8.917 (12.818)
C. Career Choice outcomes
Wants to continue studies 0.988 (0.109) 0.990 (0.101)
Aspires professional degree 0.881 (0.324) 0.855 (0.352)
Aspires STEM career 0.496 (0.500) 0.490 (0.500)
Has applied to HE institution 0.145 (0.352)
D. School effort
SABER 11 Score 45.860 (5.855)
Math score 45.243 (9.271)
Language score 48.600 (6.787)
Social Science score 45.767 (7.270)
Philosophy score 40.532 (8.632)
Biology score 45.171 (7.194)
Chemistry score 45.657 (7.648)
Physics score 45.890 (9.791)

Source: Authors’ calculations from BHELPS survey on balanced sample.
Notes: SABER 11 scores matched to BHELPS balanced sample obtained from the Secretary of Education’s

2013 ICFES survey.
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Table 2
Descriptive statistics: Individual and School characteristics

Baseline Follow Up

Mean (SD) Mean (SD)

Males 0.476 (0.499) 0.476 (0.499)
Age 16.916 (0.984) 17.333 (0.985)
Born in Bogotá 0.848 (0.359) 0.848 (0.359)
At least one parent has completed secondary 0.533 (0.499) 0.687 (0.464)
At least one parent has completed college 0.250 (0.433) 0.095 (0.293)
Family income (in MWs) 2.383 (1.052) 2.280 (0.873)
Victim of violence 0.033 (0.179) 0.033 (0.179)
Employed 0.164 (0.370) 0.169 (0.375)
Has repeated at least one grade 0.244 (0.429) 0.244 (0.429)
Perceived academic ranking 7.064 (1.278) 7.064 (1.278)
Extremely risk averse 0.710 (0.454) 0.710 (0.454)
Risk averse 0.142 (0.349) 0.142 (0.349)
Risk neutral 0.074 (0.262) 0.074 (0.262)
Risk loving 0.074 (0.261) 0.074 (0.261)
School looks new 0.447 (0.497) 0.459 (0.498)
School has library 0.854 (0.353) 0.847 (0.360)
School has computer lab 0.962 (0.191) 0.973 (0.162)
School has been affected by violence 0.177 (0.382) 0.169 (0.375)
Morning shift 0.628 (0.483) 0.599 (0.490)
Afternoon shift 0.352 (0.478) 0.385 (0.487)
Number of interviewed students 61.604 (15.197) 59.758 (15.360)

Source: Authors’ calculations from BHELPS survey on balanced sample.
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Table 3
Baseline balance in outcomes by treatment assignment

Control Treatment Difference

(i) (ii) (ii)-(i)

A. Information outcomes: Funding
Knowledge score 0.855 0.837 -0.018

(0.019) (0.022) (0.029)
Knows ICETEX 0.697 0.690 -0.007

(0.018) (0.018) (0.025)
Knows FDFESBO 0.173 0.165 -0.008

(0.007) (0.008) (0.011)
B. Information outcomes: Returns to education
Knows Labor Observatory 0.069 0.077 0.008

(0.005) (0.006) (0.008)
Wage premium error (vocational) 2.316 1.959 -0.358

(0.157) (0.100) (0.186)*
Wage premium error (academic) 10.867 10.054 -0.813

(0.475) (0.354) (0.592)
C. Career Choice outcomes
Wants to continue studies 0.988 0.988 0.000

(0.002) (0.002) (0.003)
Aspires professional degree 0.872 0.890 0.018

(0.009) (0.008) (0.012)
Aspires STEM career 0.487 0.505 0.019

(0.012) (0.011) (0.016)

Source: Authors’ calculations from baseline BHELPS survey on balanced data.
Note: Clustered standard errors at school-level in parentheses. * Significant at 10%; ** significant at 5%; ***

significant at 1%.
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Table 4
Baseline balance in characteristics by treatment assignment

Control Treatment Difference

(i) (ii) (ii)-(i)

Males 0.472 0.480 0.008
(0.013) (0.012) (0.018)

Age 16.906 16.927 0.021
(0.029) (0.026) (0.039)

Born in Bogotá 0.849 0.846 -0.003
(0.008) (0.011) (0.013)

At least one parent has completed secondary 0.520 0.546 0.026
(0.010) (0.014) (0.017)

At least one parent has completed college 0.265 0.235 -0.030
(0.018) (0.018) (0.026)

Family income (in MWs) 2.401 2.365 -0.036
(0.043) (0.038) (0.057)

Victim of violence 0.033 0.033 0.001
(0.004) (0.003) (0.005)

Employed 0.161 0.167 0.006
(0.009) (0.010) (0.013)

Has repeated at least one grade 0.243 0.244 0.002
(0.013) (0.013) (0.019)

Perceived academic ranking 7.097 7.031 -0.066
(0.031) (0.041) (0.051)

Extremely risk averse 0.735 0.686 -0.049
(0.011) (0.017) (0.020)**

Risk averse 0.125 0.159 0.034
(0.008) (0.010) (0.013)**

Risk neutral 0.070 0.077 0.007
(0.005) (0.007) (0.009)

Risk loving 0.070 0.078 0.008
(0.007) (0.006) (0.009)

School looks new 0.513 0.382 -0.131
(0.069) (0.069) (0.097)

School has library 0.785 0.922 0.137
(0.056) (0.036) (0.067)**

School has computer lab 0.968 0.956 -0.012
(0.026) (0.028) (0.038)

School has been affected by violence 0.248 0.109 -0.140
(0.061) (0.041) (0.073)*

Morning shift 0.646 0.611 -0.036
(0.064) (0.067) (0.093)

Afternoon shift 0.331 0.372 0.041
(0.063) (0.066) (0.091)

Number of interviewed students 59.476 63.671 4.195
(1.749) (2.126) (2.753)

Source: Authors’ calculations from BHELPS survey on balanced data.
Note: Clustered standard errors at school-level in parentheses. * Significant at 10%; ** significant at
5%; *** significant at 1%.
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Table 5
The Effect of Information on Higher Education Decisions

Raw Adjusted
difference difference Diff-in-Diff

(1) (2) (3)

A. Information outcomes: Funding
Knowledge score 0.034 0.044** 0.052**

(0.022) (0.019) (0.024)
Knows ICETEX 0.037** 0.041** 0.046**

(0.018) (0.017) (0.018)
Knows FDFESBO -0.001 0.004 0.007

(0.012) (0.012) (0.014)
B. Information outcomes: Returns to education
Knows Labor Observatory 0.002 0.005 -0.005

(0.007) (0.007) (0.010)
Wage premium error (vocational) 0.103 0.157 0.506***

(0.121) (0.118) (0.190)
Wage premium error (academic) -0.360 -0.358 0.350

(0.480) (0.493) (0.5740)
C. Career Choice Outcomes
Wants to continue studies 0.001 0.002 0.000

(0.003) (0.003) (0.004)
Aspires professional degree 0.009 0.016 -0.010

(0.013) (0.013) (0.015)
Aspires STEM career 0.036** 0.033** 0.010

(0.015) (0.016) (0.014)
Has applied to HE institution -0.033** -0.029

(0.016) (0.018)
D. School Effort
SABER 11 score -0.045 -0.023

(0.063) (0.054)
Math score 0.015 0.025

(0.056) (0.049)
Language score -0.037 -0.025

(0.048) (0.042)
Social Science score -0.039 -0.007

(0.054) (0.052)
Philosophy score -0.042 -0.027

(0.047) (0.043)
Biology score -0.078 -0.057

(0.047) (0.044)
Chemistry score -0.077 -0.065

(0.059) (0.054)
Physics score -0.077 -0.056

(0.047) (0.043)

Source: Authors’ calculations from BHELPS survey on balanced data.
Notes: Clustered standard errors at school-level in parentheses. * Significant at 10%; ** significant at 5%;
*** significant at 1%. Each coefficient corresponds to a separate regression. Column (1) presents the raw
(unconditional) difference, Column (2) presents the adjusted difference accounting for the individual, family,
and school baseline characteristics in Table 2, and Column (3) presents difference-in-difference estimates that
control for individual fixed-effects.
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Table 6
Heterogeneous Effects of Information on Higher Education Decisions

Gender Family Income Self Esteem Sibling PostSecondary
Male Female High Low High Low Yes No

(1) (2) (3) (4) (5) (6) (7) (8)

A. Information outcomes: Funding
Knowledge score 0.069** 0.038 0.029 0.057* 0.072** 0.036 0.029 0.060**

(0.031) (0.028) (0.040) (0.030) (0.035) (0.029) (0.034) (0.029)
Knows ICETEX 0.057** 0.036 0.036 0.059** 0.083*** 0.024 0.015 0.062***

(0.023) (0.023) (0.027) (0.024) (0.024) (0.022) (0.023) (0.022)
Knows FDFESBO 0.016 -0.002 0.011 -0.008 -0.013 0.015 0.025 -0.007

(0.020) (0.019) (0.030) (0.019) (0.024) (0.017) (0.025) (0.019)
B. Information outcomes: Returns to education
Knows Labor Observatory 0.002 -0.012 -0.018 -0.009 -0.025 0.004 -0.025 0.009

(0.015) (0.013) (0.019) (0.012) (0.016) (0.011) (0.017) (0.013)
Wage premium error (vocational) 0.315 0.680** 0.018 0.728*** 0.641 0.438** 0.304 0.5690**

(0.230) (0.301) (0.317) (0.269) (0.397) (0.190) (0.286) (0.257)
Wage premium error (academic) -0.007 0.666 -01.35 1.159 0.868 0.041 -0.097 0.5580

(0.722) (0.772) (1.065) (0.719) (0.9550) (0.664) (0.793) (0.732)
C. Career Choice Outcomes
Wants to continue studies -0.003 0.003 0.017** -0.004 0.003 -0.001 -0.003 0.003

(0.007) (0.002) (0.007) (0.005) (0.006) (0.004) (0.005) (0.005)
Aspires professional degree -0.012 -0.007 0.018 -0.013 -0.035* 0.003 -0.035* 0.005

(0.022) (0.018) (0.023) (0.020) (0.020) (0.018) (0.019) (0.019)
Aspires STEM career -0.032 0.045** -0.004 0.016 0.030 -0.002 -0.004 0.029

(0.021) (0.020) (0.032) (0.020) (0.025) (0.016) (0.024) (0.018)
Has applied to HE institution -0.024 -0.035 0.002 -0.044** -0.026 -0.032 -0.011 -0.045**

(0.022) (0.022) (0.025) (0.020) (0.025) (0.021) (0.021) (0.021)
D. School Effort
SABER 11 score 0.022 -0.072 -0.010 -0.027 0.096 -0.084 -0.081 0.027

(0.068) (0.052) (0.068) (0.057) (0.060) (0.060) (0.069) (0.057)
Math score 0.029 0.008 0.069 0.007 0.088 -0.007 -0.009 0.067

(0.065) (0.047) (0.070) (0.049) (0.057) (0.055) (0.067) (0.054)
Language score 0.037 -0.083* -0.019 -0.029 0.100* -0.089* -0.075 0.000

(0.054) (0.049) (0.057) (0.047) (0.054) (0.050) (0.057) (0.052)
Social Science score 0.060 -0.072 -0.021 0.000 0.140** -0.083 -0.044 0.030

(0.058) (0.058) (0.073) (0.054) (0.064) (0.058) (0.065) (0.058)
Philosophy score -0.002 -0.059 -0.070 -0.004 0.018 -0.057 -0.066 0.000

(0.051) (0.046) (0.061) (0.044) (0.058) (0.048) (0.062) (0.045)
Biology score -0.033 -0.088* -0.090* -0.043 -0.010 -0.081 -0.084 -0.056

(0.057) (0.046) (0.051) (0.052) (0.057) (0.054) (0.058) (0.052)
Chemistry score -0.034 -0.093 -0.052 -0.069 0.036 -0.119** -0.140** -0.007

(0.070) (0.056) (0.074) (0.054) (0.059) (0.060) (0.069) (0.059)
Physics score -0.039 -0.074 -0.029 -0.066 -0.012 -0.076 -0.111** 0.008

(0.065) (0.045) (0.053) (0.049) (0.058) (0.048) (0.052) (0.051)

Source: Authors’ calculations from BHELPS survey on balanced data.
Note: Clustered standard errors at school-level in parentheses. * Significant at 10%; ** significant at 5%; *** significant at 1%. Each
coefficient corresponds to a separate OLS regression. Difference-in-differences estimates presented for the outcomes Knowledge score
to Aspires STEM career. Adjusted-difference estimates presented for the outcomes Has applied to HE institution to Physics score
(only available for follow-up).
Students were classified by Family income and Self esteem according to the median response in the baseline. Family income is
measured in terms of minimum wages, where 66% of the sample is at or below 2 minimum wages (low family income group). Self
esteem is based on the question ”How often do you achieve your goals?”, where the low-esteem group reported 8 or less out of 10 (65%
of the sample). Sibling Post-Secondary refers to whether the students has a sibling that has completed or is in process of attaining
post-secondary education.
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Table 7
The Indirect Effects of Information: Within school spillovers

Gender Family Income School has Counselor

Average effect Male Female High Low Yes No

ICFES score -0.014 0.018 -0.038 -0.034 -0.007 -0.009 -0.010
(0.063) (0.085) (0.068) (0.069) (0.077) (0.084) (0.094)

Math score -0.041 -0.002 -0.074 -0.095 -0.017 -0.119 0.037
(0.056) (0.076) (0.061) (0.069) (0.066) (0.072) (0.081)

Language score 0.031 0.038 0.025 0.029 0.030 0.040 0.029
(0.058) (0.084) (0.065) (0.069) (0.075) (0.077) (0.088)

Social Science score 0.014 0.059 -0.018 0.018 0.012 0.075 -0.040
(0.055) (0.075) (0.069) (0.069) (0.066) (0.086) (0.070)

Philosophy score 0.004 -0.040 0.043 0.010 0.002 0.044 -0.015
(0.059) (0.078) (0.067) (0.086) (0.066) (0.089) (0.081)

Biology score -0.007 -0.025 0.010 0.003 -0.013 0.064 -0.071
(0.057) (0.073) (0.062) (0.076) (0.065) (0.077) (0.084)

Chemistry score -0.051 0.006 -0.095 -0.070 -0.045 0.007 -0.102
(0.055) (0.075) (0.063) (0.076) (0.064) (0.063) (0.088)

Physics score -0.026 0.014 -0.058 -0.013 -0.037 -0.005 -0.033
(0.056) (0.078) (0.063) (0.067) (0.068) (0.080) (0.083)

Source: Authors’ calculations from BHELPS survey on balanced data.
Notes: Clustered standard errors at school-level in parentheses. * Significant at 10%; ** significant at 5%;
*** significant at 1%. Each coefficient corresponds to a separate OLS regression and captures the indirect
effect of the information treatment on students attending treatment schools but who did not receive the
talk. All regressions are adjusted differences that account for the individual, family, and school baseline
characteristics in Table 2.
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Table 8
The Indirect Effects of Information: Between school spillovers

Raw
difference

Adjusted
difference

(1) (2)

A. Information outcomes: Funding
Knowledge score 0.000 -0.001

(0.002) (0.002)
Knows ICETEX 0.001 -0.000

(0.002) (0.002)
Knows FDFESBO 0.000 -0.000

(0.001) (0.001)
B. Information outcomes: Returns to education
Knows Labor Observatory 0.001 0.001

(0.001) (0.001)
Wage premium error (vocational) -0.009 -0.006

(0.007) (0.008)
Wage premium error (academic) -0.008 -0.004

(0.007) (0.007)
C. Career Choice Outcomes
Wants to continue studies 0.000 0.000

(0.000) (0.000)
Aspires professional degree 0.002 0.000

(0.001) (0.001)
Aspires STEM career -0.000 -0.001

(0.002) (0.002)
Has applied to HE institution -0.001 -0.002

(0.002) (0.002)
D. School Effort
SABER 11 score 0.010 0.004

(0.007) (0.007)
Math score 0.006 0.005

(0.006) (0.006)
Language score 0.009 0.002

(0.006) (0.005)
Social Science score 0.007 0.001

(0.007) (0.006)
Philosophy score 0.007 0.004

(0.006) (0.005)
Biology score 0.007 0.003

(0.006) (0.005)
Chemistry score 0.010 0.005

(0.008) (0.007)
Physics score 0.006 0.002

(0.005) (0.005)

Source: Authors’ calculations from BHELPS survey on balanced data.
Notes: Clustered standard errors at school-level in parentheses. * Significant at 10%; ** significant at
5%; *** significant at 1%. Each coefficient corresponds to a separate regression and captures the indi-
rect effect of the information treatment between schools. Column (1) presents the raw (unconditional)
difference and Column (2) presents the adjusted difference accounting for the individual, family, and
school baseline characteristics in Table 2.
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Figure 1
Geographic location of treatment and control schools

Source: Authors’ elaboration from Secretary of Education School Census and BHELPS.
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