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Equality of Opportunity and Human Capital Accumulation: 

Motivational Effect of a Nationwide Scholarship in Colombia* 

RACHID LAAJAJ†          ANDRÉS MOYA¥         FABIO SÁNCHEZ§ 

Abstract 

We study the ex ante motivational effect of a nationwide merit and need-based scholarship 
in Colombia.  Ser Pilo Paga (SPP) is a program that grants full scholarships at top-quality 
universities for 10,000 low-income students per year.  After its introduction in 2014, SPP 
completely closed the socioeconomic enrollment gap for high-performing students at top 
universities.  Using administrative data on the universe of high school seniors, we explore 
whether this unprecedented change in opportunities generated an ex ante motivational effect 
on eligible students’ performance on the 2015 national high school exit exam.  Our results 
from a difference-in-differences model and a regression discontinuity design indicate that the 
need-based eligibility for the scholarship had a substantial effect on test scores at the top of 
the distribution, starting around the 70th percentile.  For example, at the 90th percentile of the 
test score distribution, eligibility for the scholarship reduced the socioeconomic achievement 
gap by 11 to 15 percent.  We also find that university enrollment rates increased between 
2014 and 2015 for eligible students who obtained a test score above the merit-based 
requirement for the scholarship but also for those just below the requirement, suggesting that 
the motivational effect contributed to better access to universities even for non-recipients of 
the scholarship.  More broadly, our results highlight how a lack of opportunity for social 
mobility discourages human capital accumulation by low-income students, thus contributing 
to the persistence of poverty and inequality. 
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Igualdad de Oportunidades y Acumulación de Capital Humano: 

Efectos Motivacionales de una Beca de Gran Escala en Colombia  

 

Resumen 

 

Este artículo analiza los efectos motivacionales de Ser Pilo Paga (SPP), una beca que financia la 
totalidad de la matrícula en las universidades acreditadas del país para 10.000 nuevos estudiantes 
de escasos recursos por cohorte.  Después de su introducción en 2014, SPP cerró por completo la 
brecha socioeconómica en el acceso a universidades acreditadas para el grupo de estudiantes con 
el mejor desempeño en la prueba de estado Saber 11.  Utilizando datos administrativos para el 
universo de estudiantes de grado 11 y a partir de un análisis de Diferencias en Diferencias y de 
Discontinuidad en la Regresión, los resultados indican que la elegibilidad a la beca tuvo un efecto 
sustancial en los puntajes en la prueba Saber 11, el cual se concentró en la parte alta de la 
distribución, empezando desde el percentil 70.  Por ejemplo, en el percentil 90 de la distribución, 
la elegibilidad a la beca SPP redujo la brecha socioeconómica en el desempeño de 11 a 15 por 
ciento. También encontramos que el acceso en universidades acreditadas y no acreditadas aumentó 
entre 2014 y 2015 para los estudiantes elegibles que obtuvieron el puntaje requerido para obtener 
la beca, y también para aquellos con un puntaje apenas por debajo del requerido. Esto sugiere que 
el efecto motivacional contribuyó a un mejor acceso a las universidades incluso para aquellos 
estudiantes que no recibieron la beca. En su conjunto, los resultados resaltan la manera en la que la 
ausencia de oportunidades para la movilidad social desestimula la acumulación de capital humano 
de estudiantes de escasos recursos y, por ende, contribuye a la persistencia de la pobreza y la 
desigualdad.  

 

Códigos JEL: H52, I24, I25, O15 

Palabras clave: igualdad de oportunidades, brecha socioeconómica en el desempeño, 

Colombia 
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I. INTRODUCTION 

The relationship between inequality and growth has long been debated by economists.  

Standard growth theories stress different channels through which wealth inequality spurs 

economic growth (Kaldor 1957; Stiglitz 1969; Mirrlees 1971; Okun 1975).  Alternative 

growth theories emphasize that in the presence of credit market imperfections, inequality 

hinders investments in human capital accumulation and growth (Galor and Zeira 1988, 1993; 

Aghion, Caroli, and García-Peñalosa 1999).1  Recently, a growing body of work on equality 

of opportunities highlights that individuals’ circumstances at birth and during childhood are 

key determinants of future socioeconomic success (Heckman 2008; Chetty et al. 2011; 

Chetty, Hendren, and Katz 2016; Aghion et al. 2017; Bell et al. 2017; Chetty and Hendren 

2018a, 2018b).  This research indicates that the unequal distribution of opportunities hinders 

the human capital accumulation of low-income individuals, thus providing evidence that 

inequality is established early in life, reproduces across generations, and hinders innovation 

and growth. 

We contribute to this recent body of work with new evidence on how inequality of 

opportunity discourages human capital accumulation by low-income students.  We explore 

the ex ante effects on students’ learning of Ser Pilo Paga (SPP), a nationwide scholarship 

that created unprecedented opportunities for social mobility in Colombia.  The scholarship is 

awarded to 10,000 new students per year and funds their entire undergraduate education and 

living expenses at top-quality (accredited) universities.2  SPP, which translates to Being a 

Good Student Pays Off, is awarded to students who fulfill the following need and merit-based 

criteria:  First, students must come from a household scoring below a certain threshold on the 

Sisbén, the socioeconomic index used by the Government to target subsidies and social 

programs.  Second, students must score above a certain threshold on the Saber 11, the 

national high school exit exam.  This threshold approximately corresponds to the 91st 

                                                 
1

 Cross-country evidence in general documents a negative relationship between inequality and growth, although the conclusions vary 
depending on the data and empirical strategies.  See Benabou (1996), Aghion et al. (1999), and Voitchovsky (2009) for reviews of the 
literature. 

2
 Accreditation is awarded by the Ministry of Education based on an assessment of the institution and the program quality.  By December 

2016, 46 of approximately 300 higher education institutions in the country had received the quality accreditation.   
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percentile.  Throughout the analysis, we estimate the effect of the need-based eligibility to 

analyze the ex ante motivational effect of SPP on human capital accumulation. 

SPP was first announced in October 2014, two months after the national high school 

exit exam had been administered.  SPP immediately transformed the opportunities for low-

income students to access high-quality universities.  Figure I, taken from Londoño-Velez, 

Rodriguez, and Sánchez (2017), depicts the enrollment rates at these universities by 

socioeconomic strata in 2014 and 2015, before and after the introduction of SPP.  The figure 

clearly illustrates that among high-skilled students, the socioeconomic gap in enrollment at 

top universities almost entirely disappeared at the beginning of the 2015 academic year.  

Figures A.I and A.II in the Appendix illustrate that SPP entirely closed the gap in entry to all 

universities and increased the geographic diversity of students being admitted at top 

universities.  Therefore, SPP rendered access to quality higher education dependent only on 

students’ academic performance rather than their socioeconomic background.  This 

represents a remarkable changes in equality of opportunities, especially for Colombia, where 

economic equality and intergenerational mobility are particularly low, even by Latin 

American standards (OECD 2018).  In the following section, we refer to the patterns of 

inequality and social mobility in Colombia and discuss the features of the scholarship in more 

detail. 

 
FIGURE I. ENROLLMENT RATES AT TOP UNIVERSITIES BY SOCIOECONOMIC STRATA 

Notes: Post-secondary enrollment at top private universities by socioeconomic strata for students in the top 10 percentiles of the distribution 
for the national high school exit exam in 2014 and 2015 - before and after SPP was introduced.  The figure was taken and reproduced with 
permission from Londoño-Velez, Rodriguez, and Sánchez (2017). 
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We analyze whether the new opportunities to access top-quality universities had a 

positive effect on the performance of low-income, need-based eligible students on the 2015 

national high school exit exam.  This exam covers 10 different subjects corresponding to the 

entire high school curriculum.  Higher scores on the high school exam for eligible students 

would indicate that the introduction of SPP motivated eligible students to exert a higher level 

of effort, leading to human capital accumulation even before receiving the scholarship.  

Moreover, we anticipate that such an ex ante motivational effect should be concentrated at 

the top of the test score distribution: for these students, a higher level of effort should have 

the strongest effect on the likelihood of obtaining the scholarship.  We describe this 

prediction in more detail in section III. 

SPP provides a unique opportunity to estimate the causal ex ante motivational effect 

of new educational opportunities on students’ test scores for the following reasons:  First, 

SPP is a large-scale, nationwide scholarship that benefits approximately 3 percent of each 

cohort of high school graduates.  Second, the scholarship was announced two months after 

the 2014 national high school exit exam and ten months before the 2015 exam.  Third, the 

program’s characteristics and eligibility criteria were widely publicized by the Colombian 

government, which committed to sustaining the scholarship until at least 2018.  These three 

features, which are discussed in detail in section II, imply that the 2015 cohort of high school 

seniors experienced a drastic change in their incentives to learn; that is, they received a 

credible signal regarding the scholarship, its benefits, and the eligibility criteria and had 

several months to prepare for their high school exit exam.  Finally, rich administrative data 

and strict implementation of the eligibility criteria allow us to match students’ test scores 

with their households’ socioeconomic index score and estimate the causal ex ante effects of 

the program.  We describe the data in section IV. 

In section V, we employ different strategies to estimate the causal ex ante effects of 

SPP on human capital accumulation.  First, we estimate a difference-in-differences model 

where we compare changes in the test scores of the need-based eligible students between 

2014 and 2015 to those of non-eligible students.  Second, we follow a regression 

discontinuity design (RD) around the need-based eligibility threshold to estimate the 

motivational effect of eligibility for the scholarship on students’ test scores in 2015.  Finally, 
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we estimate a non-parametric RD to compare changes in test scores between 2014 and 2015 

around the eligibility threshold.  Throughout the analysis, we pay close attention to the effects 

across different percentiles of the distribution since we expect that the motivational effect 

should emerge at the top of the test score distribution. 

We find that the new opportunities created by the scholarship led to a substantial 

reduction in the socioeconomic achievement gap at the top of the distribution.  We first 

observe a sizeable socioeconomic achievement gap at every percentile of the distribution for 

the 2013 and 2014 high school exit exams, before the introduction of SPP.  Then, our 

difference-in-differences and RD results indicate a positive and significant effect of 

eligibility for the scholarship on Saber 11 test scores that was concentrated at the top of the 

test score distribution, starting around the 70th percentile.  For instance, the RD results 

indicate that at the 90th percentile of the test score distribution, the introduction of SPP led to 

a 15-percent reduction in the socioeconomic achievement gap between eligible and non-

eligible students. 

In section VI, we observe that enrollment rates for need-based eligible students 

increased substantially in 2015 relative to those in 2014, including both students who fulfilled 

the merit-based test score and students who barely missed the test score required to obtain 

the scholarship.  This result indicates that the ex ante motivational effect of SPP students 

engendered positive effects on human capital accumulation beyond the students’ 

performance on high school exit tests and even for non-recipients of the scholarship. 

Our research contributes to the literature in three ways.  First, it extends research on 

the factors that contribute to socioeconomic gaps in skills, college enrollment, and academic 

performance (Kane 1994; Heckman 2008; Hoxby and Avery 2013; Schady et al. 2015).  Our 

results demonstrate that students’ motivation is a key input in the learning process and 

contributes to explaining this gap, and that it responds to the perceived opportunities for 

human capital accumulation and socioeconomic mobility.  Second, we build upon research 

analyzing the effects of scholarships and financial aid mechanisms on enrollment, assistance, 

drop-out rates, and academic performance.  Most of this research, however, analyzes ex ante 

effects of these interventions; that is, the effects on the direct beneficiaries (Cornwell, 

Mustard, and Sridhar 2006; Angrist and Lavy 2009; Barrera-Osorio et al. 2011; Scott-

Clayton 2011; Fack and Grenet 2015; Solis 2017; Duflo et al. 2017).  We thus contribute to 
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the smaller body of research on the ex ante effects of scholarships and financial incentives 

on students’ academic performance and motivation (Angrist and Lavy 2009; Kremer, 

Miguel, and Thornton 2009; Scott-Clayton 2011; Levitt, List, and Sadoff 2016).  Our study 

differs from this latter body of work because we evaluate a large-scale, nationwide 

scholarship that bears life-changing consequences for its beneficiaries. 

Finally, we contribute to the literature on equality of opportunity by providing micro-

level evidence for how a change in the opportunity for social mobility stimulated the effort, 

learning, and academic performance of low-income students.  Our results further illustrate 

that inequality of opportunities hampers human capital accumulation, which occurs not only 

because imperfect credit markets prevent poor but talented students from investing in their 

education but also because recognition of the lack of real opportunities discourages such 

students from exerting effort throughout the schooling process.  We highlight how inequality 

of opportunities leaves untapped potential and hurts low-income individuals who could have 

otherwise become high achievers and transition out of poverty.  Together, we provide 

evidence for an additional mechanism through which inequality of opportunities affects 

economic growth, hinders socioeconomic mobility, and reproduces itself over time.  In 

section VII, we conclude by discussing these and other implications. 

 

II. CONTEXT 

Colombia has long been characterized by high levels of inequality, even by Latin 

American standards.  Although the country experienced growth rates above the regional 

average and almost cut extreme poverty in half between 2002 and 2014––from 49.7 to 27.8 

percent of the population––inequality remains high.  A Gini coefficient of 53.5 places 

Colombia as the 11th most unequal country in the world (The World Bank 2017). In addition, 

opportunities for socioeconomic mobility are scarce, especially for the most disadvantaged 

individuals.  According to García et al. (2015), an average correlation of 0.72 exists between 

parents’ and children’s educational attainment, which increases to 0.83 for poor and 

vulnerable households.3  Moreover, patterns of social mobility in Colombia imply that it 

would take 11 generations for those born in low-income families in Colombia to reach the 

                                                 
3

 These figures have been stagnant over the last two decades and are considerably higher than those in other countries in the region 
(Behrman, Gaviria, and Szekely 2001). 
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mean income level compared to an average of 4.5 generations for all OECD countries (OECD 

2018).  Moreover, patterns of social mobility in Colombia imply that it would take 11 

generations for those born in low-income families in Colombia to reach the mean income 

level compared to an average of 4.5 generations for all OECD countries and partners (OECD 

2018).  This figure is the highest among all countries in the study, after India, Brazil, and 

South Africa. 

Access to higher education can play a significant role in promoting social mobility 

and reducing inequality.  Colombia achieved progress in this regard during the last decade as 

enrollment rates in higher education increased from 31.6 to 49.4 percent between 2007 and 

2015.  However, in a context of limited credit and financial aid, low-income students could 

at most aspire to attend low-cost and low-quality institutions.  In fact, due to the prohibitive 

tuition at top-quality universities, the abovementioned increase in enrollment rates was 

driven by the expansion of low-quality programs at non-accredited institutions, which have 

low or even negative rates of return (Camacho, Messina, and Barrera 2017). 

On October 1, 2014, the Colombian Government launched SPP, a nationwide merit 

and need-based scholarship program to benefit 10,000 new low-income students per year.  

Beneficiaries can select any university among the 46 accredited, top-quality universities in 

the country.  SPP covers students’ entire tuition and provides a stipend ranging between one 

and four minimum monthly salaries per semester (US $263 – US $1,054).4  

Eligibility for SPP is based on two criteria: First, students must come from a 

household scoring below a certain threshold on the Sisbén socioeconomic index.  The Sisbén 

threshold varies based on households’ geographic location: 57.21 for the 14 main cities, 

56.32 for other urban areas, and 40.75 for rural areas.  The Sisbén index is calculated by the 

National Planning Department (DNP, for its Spanish acronym) using information from a 

household survey administered for this purpose.  Contrary to prior versions, the more recent 

version of the index is based on a formula that is unknown to the public and cannot be 

modified by local authorities or program administrators.5  To fulfill the second criterion, 

                                                 
4

 The stipend varies according to whether the student selects a program in a different city and migrates for this purpose.  In addition, 
students may receive an additional semester subsidy of approximately US $320, which is conditional on completing the academic semester, 
an additional US $80 per semester if their GPA is at least 3.5 on a 5-point scale, and in-kind subsidies and transfers from the universities 
to support daily expenses such as photocopies, transportation, and food, among others (Londoño, Rodríguez, and Sánchez 2017). 

5
 The new method of calculating the Sisbén index addresses previous limitations that allowed manipulation around the cutoffs by local 

officials (Camacho and Conover 2011).  The index was also shifted from a categorical to a continuous score, thus allowing each program 
to select its own threshold.  Since this version has been in place, no evidence of manipulation has been found.   
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students must score above a given threshold on the Saber 11 national high school exit exam.6  

In 2014, when the program was announced, the Saber 11 threshold was set at 310 (on a scale 

of 500), corresponding to the 91st percentile of all scores in that year.  Students who fulfill 

both conditions and are accepted at an accredited university are offered the scholarship.  

Figure II illustrates the distributions of the Sisbén index and Saber 11 scores and the need 

and merit-based thresholds that jointly determine eligibility. 

 

SISBÉN —SOCIOECONOMIC CRITERIA  SABER 11—ACADEMIC CRITERIA 

 
FIGURE II. NEED-BASED AND ACADEMIC ELIGIBILITY CRITERIA 

Notes: Distributions of Saber 11 test scores (left-hand panel) and the Sisbén index (right-hand panel) and the specific need-based and 
academic thresholds that determine eligibility.  The distribution for the Sisbén index omits information for wealthier households without a 
score. 

 
An ex ante motivational effect should occur because of the recognition of the new 

opportunities brought forth by SPP, including an immediate increase in post-secondary 

enrollment of 32.6 percentage points for eligible (need and merit-based) students, a shift in 

students’ choice of top-quality accredited universities, and complete reduction of the 

socioeconomic enrollment gap among top students at top private universities as documented 

by Londoño, Rodríguez, and Sánchez (2017).  Considering the limited patterns of 

intergenerational mobility in Colombia, these new opportunities constitute a unique vehicle 

for socioeconomic progress and bear life-changing consequences for low-income students.  

For instance, degrees from top institutions (top 90th percentile) have a net rate of return of 78 

percent, whereas degrees from low-quality institutions (bottom 10th percentile) yield a 

negative return rate of 23 percent (Gonzalez-Velosa et al. 2015). 

                                                 
6

 In contrast to the SAT in the U.S., more than 90 percent of seniors take the Saber 11 regardless of whether they intend to apply for 
post-secondary education.   
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As discussed previously, SPP was announced in October 2014, two months after the 

Saber 11 test was administered.  Since the 2014 cohort was not aware of the scholarship 

when taking the high school exit exam, the need-based eligibility for SPP should not have 

had any effect on the socioeconomic achievement gap in that year.  Instead, we expect that 

the motivational effect emerged for the cohort of eligible students who took the test in 2015 

and learned of the existence of a program that provided an unprecedented opportunity for 

enrollment at top universities.7  The ex ante motivational effect should have been enhanced 

by the fact that the Colombian government widely publicized the program in the press on 

TV, the radio, the internet, and social media, depicting the attributes, requirements, and 

benefits of the program as well as success stories of the 2014 recipients. 

 

III.  THEORETICAL FRAMEWORK 

Before we proceed with the empirical analysis, we discuss the theoretical argument that 

guides our hypothesis regarding the distributional effects of eligibility for the scholarship.  

We assume that each student has a bell-curved distribution of expected test scores on the 

Saber 11 that is, on average, centered at the test score predicted by the student’s underlying 

academic skills.  We also assume that a higher level of effort shifts a student’s expected 

distribution to the right.  For some students, the distributions of their expected test scores are 

centered exactly at the merit-based eligibility threshold, which corresponds to the 91st 

percentile of the Saber 11 distribution.  Therefore, the mode of their distributions coincides 

with the test score required to obtain SPP.  In this simple framework, this group of students 

perceives the highest marginal effect of effort on the probability of surpassing the merit-

based eligibility threshold.  These students should thus be the most motivated by the 

introduction of SPP, meaning that the incentive provided by eligibility for SPP should have 

the strongest effect for students with test scores at the 91st percentile of the distribution. 

However, certain factors suggest that the motivational effect will not be restricted to 

the 91st percentile but will broadly affect the top of the test score distribution.  First, a more 

dispersed distribution of expected test scores implies that the motivational effect will increase 

                                                 
7

 Two overlapping high school academic calendars exist in Colombia.  Calendar A applies to most high schools in the country, including 
the universe of public schools, and runs through the calendar year: high school seniors take the national exam in August of each year and 
then start their university studies in January of the following year.  Calendar B runs in parallel with the U.S. calendar year and applies to a 
small subset of private high schools.  As a result, higher education institutions receive students in January and August.   
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the performance of students in the vicinity of the 91st percentile, who will also perceive a 

high marginal return of effort.  Second, students’ expectations may be systematically biased, 

for example, due to overconfidence (Pallier et al. 2002).  In this case, the strongest effect 

would be observed for students who believe that their most likely test score will place them 

at the 91st percentile of the distribution of realized test scores.  While this may occur to some 

extent, such a bias is unlikely to be substantial; for example, students below the median will 

probably not incorrectly perceive that they will be at the top of the Saber 11 distribution with 

a high likelihood.  Taken together, our simple theoretical framework suggests the 

motivational effect will be concentrated at the top of the test score distribution. 

 

IV. DATA 

We combine administrative data from two different sources.  First, we use data from the 

Instituto Colombiano para el Fomento de la Educación Superior (ICFES), the state 

institution that administers standardized tests in Colombia.  This database contains 

information on all Saber 11 test takers from 2013 to 2015, including test scores, school 

characteristics, and self-reported demographic and socioeconomic characteristics, such as 

parents’ education, household assets, and income levels.  Overall, the ICFES database 

contains information on approximately 550,000 test takers per year from 2013 to 2015.   

Second, we matched the ICFES data with data from the DNP that provide the 

students’ Sisbén score, which is used to determine socioeconomic eligibility for SPP.  The 

data from the DNP allow us to divide the universe of test takers into three groups according 

to eligibility for the scholarship: (1) Need-eligible students with a Sisbén score below the 

need-based threshold; (2) Non-eligible students with a Sisbén score above the threshold; and 

(3) Non-eligible students without a Sisbén score.  The latter have predominantly wealthier 

backgrounds and are not eligible for any social program.8  In the following section, we will 

report descriptive statistics on the distributions of Saber 11 scores in 2014 and 2015 for the 

three groups of students described above.   

 

                                                 
8

 This group also includes a smaller share of highly vulnerable populations (e.g. indigenous, African Colombians, or victims of violence) 
who do not have a Sisbén score because they are considered eligible for every social program, including SPP. 
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V. RESULTS 

In this section, we first report descriptive statistics on the distribution of Saber 11 scores in 

2014 and 2015 to provide a preview of our results.  Second, we estimate a difference-in-

differences model, comparing changes in performance on the Saber 11 of eligible students 

versus non-eligible students between 2014 and 2015.  Third, we follow an RD design to 

estimate the effect when comparing similar students around the Sisbén eligibility threshold.  

Finally, we conduct a non-parametric RD that allows us to compare changes in test scores 

between 2014 and 2015 around the Sisbén eligibility threshold. 

 

V.A. DESCRIPTIVE STATISTICS: SABER 11 SCORES IN 2014 AND 2015  

Table I reports descriptive statistics on the distribution of Saber 11 scores in 2014 and 2015 

for the three groups of students described in the previous section.9  The descriptive statistics 

foreshadow the difference-in-differences model of the following section, with the advantage 

of offering a bare look at the data with the entire sample, without controlling for any 

characteristic.  Panels A and B report the average test scores and the share of students above 

different percentiles of the distribution for the 2014 and 2015 cohorts of high school seniors.  

Recall that the former cohort took the Saber 11 before the program was announced, whereas 

the latter group took the test ten months after the program had been introduced.  The last row 

of each panel reports the socioeconomic achievement gaps, which are defined as the 

difference in the average outcome for the need-based eligible students relative to the 

population-weighted average outcome for the non-eligible students in each year.  The 

socioeconomic achievement gaps provide a useful benchmark to compare the changes 

elicited by SPP. 

 

 

 

 

                                                 
9

 Additionally, we provide descriptive demographic statistics about the students and their households in Table A.I. 
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TABLE I. SABER 11 SCORES BY NEED-BASED ELIGIBILITY, 2014 & 2015 

A. 2014 Average Score 
  Share of students above each percentile ( percent) 

  25th  50th 75th 90th 95th 
  [1]   [2] [3] [4] [5] [6] 

(1) Need-based eligible (n = 283,365) 241.9   71.2 43.0 17.9 5.6 2.2 

(2) Non-eligible with a Sisbén score (n = 60,508) 261.1   85.4 62.9 33.8 13.5 6.1 

(3) Non-eligible without a Sisbén score (n = 198,001) 258.7   78.8 56.8 32.9 16.1 9.2 

(4) SES Gap:  (1) vs (2) & (3) 17.3   9.1 15.2 15.2 9.8 6.2 

                

B. 2015  Average Score 
  Share of students above each percentile ( percent) 

  25th  50th 75th 90th 95th 

(5) Need-based eligible (n = 300,241) 242.1   71.6 44.4 19.0 6.2 2.7 

(6) Non-eligible with a  Sisbén score (n = 56,235) 262.9   86.1 64.4 34.8 13.6 6.3 

(7) Non-eligible without a Sisbén score (n = 190,178) 258.2   78.1 56.5 32.3 15.3 8.6 

(8) SES Gap: (5) vs (6) & (7)  17.2   8.4 13.9 13.9 8.7 5.4 

                

C. Change between 2014 - 2015 Average Score 
  Change in the share of students above each percentile 

  25th  50th 75th 90th 95th 

(9) Difference-in-Differences: (8) – (4) 0.07***    -0.008***  -0.012***  -0.013***  -0.011***  -0.008*** 

(10) Gap reduction as a share of the SES Achievement Gap: (-9) / (4)  -0.004***   0.08 0.08 0.09 0.11 0.13 
Notes: Descriptive statistics on Saber 11 test scores for 2014 and 2015 according to the need-based eligibility to SPP.  Panels A and B report statistics for the 2014 and 2015 cohorts, respectively, including 
average scores (Column 1), the share of students above different percentiles of the distribution (Columns 2-6), and the socioeconomic achievement gap in each year (Rows 4 and 8).  Panel C reports the 
change between eligible and non-eligible students over the 2014 and 2015 period.
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The data in Panel A highlight a sizeable socioeconomic achievement gap for the 2014 Saber 

11.  In Column 1, we observe that the average test score for eligible students was 17.3 points 

below the average score for non-eligible students.  Likewise, in Columns 2 – 6, we find that 

the likelihood that a student scored above different percentiles of the distribution was lower 

for eligible students than for non-eligible students.  For instance, eligible students were 9.8 

percentage points less likely to be in the top 90th percentile of their cohort than non-eligible 

students (see Column 5).  This socioeconomic achievement gap implies that non-eligible 

students were 2.7-times more likely to score above the 90th percentile than eligible students.  

Importantly, this ratio becomes larger as we move from the bottom to the top of the 

distribution.  

Panel B replicates the analysis above for the 2015 Saber 11. The data first indicate 

that for the three groups of students, average scores did not change substantially in 2015 

relative to those in 2014, and the socioeconomic achievement gap remained constant (see 

Column 1).  However, we observe that the shares of students at the top 75th, 90th, and 95th 

percentiles of the distribution increased for eligible students relative to non-eligible students. 

At the 90th percentile, for example, the likelihood increased to 6.2 percent for eligible 

students, while it remained stable for non-eligible students (see Column 5).  Although we 

still observe a socioeconomic achievement gap of 8.7 percentage points, the performance of 

eligible students led to a reduction of 1.1 percentage points.  

Panel C reports the changes in the socioeconomic achievement gaps between 2014 

and 2015 and the gap reduction as a share of the 2015 gap (rows 9 and 10, respectively).  

Consistent with the discussion in the previous two paragraphs, we observe a small reduction 

in the socioeconomic achievement gap for average scores and a considerable reduction in the 

gap the likelihood of scoring above different percentiles of the distribution.   For example, at 

the 90th percentile, the statistically significant 1.1-percentage point effect represents an 11-

percent reduction in the achievement gap in 2014.  The gap reduction increases from 

approximately 8 percent at the 25th percentile to 13 percent at the 95th percentile. 

Consistent with our hypothesis, the data from Table I indicate improvement in the 

performance of eligible students relative to that of non-eligible students, leading to a 

significant reduction in the socioeconomic achievement gap, especially for students at the 

top of the distribution.  In the following section, we will follow a difference-in-differences 
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model and an RD design to explore these patterns in more detail.  The empirical analysis 

below stratifies the data according to the need-based eligible and non-eligible students with 

a Sisbén score in the first wealth quartile since these two group of students are more 

comparable.10  Nevertheless, the results are consistent with those of Table I, which were 

derived using the raw data for the universe of high school seniors.11 

 

V.B. DIFFERENCE-IN-DIFFERENCES 

The difference-in-differences approach compares changes in the performance of eligible 

students on the Saber 11 between 2014 and 2015 relative to those of non-eligible students.  

We first estimate model 1 to assess how SPP altered the average Saber 11 scores for eligible 

and non-eligible students.  For better comparability, we restrict the sample to the Sisbén-

eligible students and the non-eligible students in the first quartile of the socioeconomic 

distribution. 

2015 2015 ,        1 	

where  corresponds to the standardized Saber 11 score of student i in year t, 

 is an indicator variable that denotes whether student  fulfilled the need-based 

eligibility criteria, 2015 	is an indicator variable that takes the value of 1 if 2015 and 

0 if 2014, and  is the White-robust error term.   provides a measure of the initial 

achievement gap between (poorer) eligible students and non-eligible students.   captures 

the difference-in-differences motivational effect by measuring the average change in the 

standardized scores of eligible students between 2014 and 2015 relative to the change for 

non-eligible students over the same period. 

Table II, Column 1 reports the results of the difference-in-differences analysis 

described in model (1).  The coefficient in the second row, which corresponds to the 

coefficient , indicates that on average eligible students had a lower performance than non-

eligible students in the 2014 Saber 11, thus depicting the socioeconomic achievement gap.  

                                                 
10

 Table A.II provides descriptive statistics of the eligible and non-eligible students for key characteristics such as household Sisbén 
score, a range of socioeconomic indicators, and the students’ demographic characteristics and area of residence.  Unsurprisingly, the two 
groups differ in every domain.    

11
 Appendix Figure A.III provides a graphical representation of the difference-in-differences results depicting the evolution of the year-

specific rankings between eligible and non-eligible students.  The latter are stratified by quartiles of the Sisbén index to illustrate the 
socioeconomic achievement gap.   



 16

In turn, the coefficient in the first row of the table indicates that the introduction of SPP 

generated a statistically significant change of 0.024 standard deviations in the average score 

of eligible students between 2014 and 2015 relative to that of non-eligible students. 

In Table II, Columns 2-5, we assess the motivational effect on different points of the 

distribution.  For this purpose, we estimate a variant of model 1 where the outcome variable 

is a dummy equal to one if the student scored above the 25th, 50th, 75th, 90th, or 95th 

percentile.12  The coefficients in the second row again indicate a sizeable socioeconomic 

achievement gap; in this case, depicting that eligible students were less likely to score above 

different percentiles of the distribution than non-eligible students.  In turn, the coefficients in 

the first row highlight a significant and sizeable increase in the share of students who reach 

the top 75th percentile and above.  For example, between 2014 and 2015, the share of students 

who obtained a Saber 11 score above the 90th percentile increased by 1 percentage point 

relative to that of non-eligible students in the lowest socioeconomic quartile.  These results 

are consistent with our hypothesis and indicate that the increase in average scores is driven 

by changes at the top of the distribution of Saber 11 scores. 

 

TABLE II. DIFFERENCE-IN-DIFFERENCES EFFECT OF SPP ELIGIBILITY ON SABER 11 RANKING 
  Average 

Score (std) 

  Score threshold 

 0.25  0.50  0.75  0.90  0.95  

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

	 2015  0.024** -0.0028 0.0042 0.0097* 0.011** 0.0095*** 
 (0.012) (0.0043) (0.0057) (0.0058) (0.0045) (0.0034) 

 -0.37*** -0.10*** -0.15*** -0.13*** -0.077*** -0.046*** 
 (0.0086) (0.0030) (0.0040) (0.0040) (0.0031) (0.0024) 

2015  -0.021* -0.0044 0.00034 -0.0099* -0.010** -0.0092*** 
(0.012) (0.0041) (0.0056) (0.0057) (0.0044) (0.0034) 

   
Observations 612,815 612,815 612,815 612,815 612,815 612,815 

R-squared 0.006   0.003 0.004 0.004 0.003 0.002 

Gap Reduction ( percent) 0.060** -0.040 0.024 0.063* 0.11** 0.15*** 

  (0.030)   (0.048) (0.038) (0.038) (0.045) (0.053) 

Notes: The sample is restricted to the Sisbén-eligible group and the first quartile of the distribution of the non-eligible students according 
to the Sisbén index.  The gap reduction is the ratio between the coefficient of eligible Sisbén students  year and the gap in the Saber 11 in 
2014 between eligible Sisbén students and the entire group of non-eligible students.  Robust standard errors are in parentheses.  *** p<0.01, 
** p<0.05, * p<0.1. 

 

                                                 
12

 This method requires fewer assumptions than the nonlinear difference-in-differences quantile treatment effects  model (Athey and 
Imbens  2006; Garlick 2017).  However, our results are qualitatively robust when using quantile regressions.  
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To provide a more intuitive interpretation of the magnitude of the effects, the bottom 

row of Table II reports the estimated effect as a fraction of the 2014 socioeconomic 

achievement gap between eligible students and the entire set of non-eligible students (as in 

Table I).  The abovementioned average effect of 0.024 standard deviations represents a 6-

percent reduction in the initial gap between eligible and non-eligible students.  Likewise, the 

1.1-percentage point reduction in students achieving a score above the 90th percentile 

represents a 11-percent reduction in the initial gap between eligible and non-eligible students.  

To complement the analysis, Figure III plots the gap reduction across the entire distribution.  

Consistent with the data in Table II, we find that the gap reduction becomes significant 

around the 70th percentile and increases as we move to the top of the distribution, from 

approximately 8 percent at the 75th percentile to 13 percent at the 95th percentile. 

 

  
FIGURE III. DIFFERENCE-IN-DIFFERENCES GAP REDUCTION BY PERCENTILE 

Notes: At each percentile, the gap reduction is calculated as the estimated motivational effect at that percentile   (using Table II’s 
differences-in-differences results) divided by the gap in percentile   in 2014.  The gap in percentile   is the difference between percentile 

  on the Saber 11 for all non-eligible students and percentile   on the Saber 11 for all eligible students. 

 

In Appendix Table A.II, we replicate the results controlling for a set of individual, 

household, and school characteristics.  We again find a significant effect that is strongest at 

the top of the distribution, with a 17 percent gap reduction at the 90th percentile.  A notable 

difference is that the effect now appears to be significant across the entire distribution, 
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leading to similar conclusions as in Table II, where we analyzed descriptive statistics for the 

universe of test takers in 2014 and 2015.  Taken together, the results above are consistent 

with our hypothesis of an ex ante motivational effect that emerged in 2015 at the top of the 

distribution.  The motivational effect may have also affected the rest of the distribution 

although this result is smaller in magnitude and not robust across all specifications. 

The attribution of causality of these results rests on the parallel trends assumption; 

this is, that in the absence of the scholarship, the changes in the distribution of test scores 

between 2014 and 2015 would have been similar between the eligible and non-eligible 

students. Although we cannot test this directly, in appendix Table A.III we conduct a placebo 

analysis comparing the change in the distribution of test scores between 2013 to 2014.  In 

this case, we should not observe positive effects since the 2014 cohort only became aware of 

the scholarship after the Saber 11 was administered.  Indeed, we do not observe evidence of 

a motivational effect on the average score or at the top of the distribution.  In contrast, we 

observe a significant negative effect at all percentiles of the Saber 11 score, except at the 95th 

percentile of the distribution.  If this analysis captures a trend that is persistent, then the result 

of the placebo would lead to an underestimation of the effect.  Nevertheless, the placebo 

analysis should be interpreted with caution because the format of the Saber 11 test changed 

between 2013 and 2014 (and then followed the same format from year to year).  Hence, the 

significant and negative change from 2013 to 2014 could be driven by the change in format, 

which greatly reduces comparability.13   

  The attribution of causality also rests on the assumption that no other policy or event 

occurred in 2015 that affected the top of the test score distribution of eligible students 

differently than non-eligible students.  Two features support this assumption:  First, SPP is 

overwhelmingly perceived as the major change in education that occurred in Colombia 

during this period.  Second, any alternative major event occurring in 2015 that affected 

exactly the top students from low-income (eligible) households but not the rest of the 

distribution nor wealthier students is difficult to imagine.  Therefore, the results above appear 

to be a credible estimate of the ex ante motivational effect of the scholarship.  To provide 

                                                 
13

 For example, if the 2014 test reveals an improvement, then the error in the estimation of the level of each student compared with the 
prior version should have been reduced, which would allow the 2014 test to better reflect the differences between eligible and non-eligible 
students and may explain the change observed in Table A.III (equivalent to a downward bias in the 2013 test due to a measurement error 
that was reduced in 2014).  In this case, the change from the 2013 to the 2014 version of the test would artificially appear as an increase in 
the socioeconomic gap.  
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additional evidence of a causal motivational effect of SPP, in the next section, we estimate 

an RD based on students’ Sisbén scores and discuss other social programs that share the same 

need-based eligibility threshold. 

 

V.B. REGRESSION DISCONTINUITY DESIGN 

We now use an RD to compare the distributions of test scores of students above and below 

the Sisbén eligibility threshold.  Since we compare students who are very similar in all aspects 

except in their eligibility for the scholarship, a significant difference in the test scores of the 

two groups can be attributed to the motivational effect of the scholarship.  We discuss the 

RDD model, the results and its specification tests below.  

For the cohort of students who took the Saber 11 in 2015 and have a Sisbén score, 

we estimate the following model: 

	 	 β 	

                     	β 	 β 	 X γ ε ,													 2 	

where  is student ’s test score on the Saber 11 exam in 2015,  is an 

indicator variable for whether student   fulfills the need-based eligibility criteria,  is 

the standardized Sisbén score of the student’s household, X  is a matrix of individual and 

school-level characteristics, and ε  is the White-robust error term.  Following Gelman and 

Imbens (2017), we use a local quadratic polynomial, allowing the quadratic relationship to 

differ on both sides of the cutoff.   

In Table III, Column 1, we report the local average treatment effect of eligibility for 

the scholarship that results from estimating model 2 at the eligibility threshold.  We report 

results using the smallest (CERSUM) and largest optimal bandwidths (MSERD) 

recommended by Calonico, Cattaneo, and Titiunik (2014).14  For conciseness, we only report 

the estimated coefficient of interest β  and its standard error.  We find that eligibility for the 

scholarship did not have a significant effect on the average test scores, although the point 

estimate is similar in magnitude to the result from the difference-in-differences model.   

 

 

                                                 
14

 The MSERD bandwidth is constructed with the mean square error, while the CERSUM bandwidth is constructed with the coverage 
error rate. 
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TABLE III. RD EFFECT OF ELIGIBILITY ON SABER 11 SCORES 

Bandwidth 

Local OLS   Quantile 
Obs. 

Average 0.25 0.5 0.75 0.9 0.95 

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

CERSUM [5.414] 0.035 -0.0030 0.025 0.072** 0.099** 0.10* 44,001 

 (0.026) (0.032) (0.030) (0.035) (0.049) (0.060) 

MSERD [11.602] 0.0069 -0.015 0.0068 0.027 0.061** 0.012 94,254 

 (0.018) (0.021) (0.021) (0.023) (0.031) (0.045) 

Gap Reduction 0.087   -0.012 0.067 0.14** 0.15** 0.13* 
  

(using CERSUM) (0.065)   (0.125) (0.081) (0.068) (0.073) (0.078) 

Notes: The table reports the coefficients of the eligibility dummy on Saber 11 scores following model (2).  The model is constructed with 
the Sisbén and its quadratic term, both of which interacted with the eligibility dummy.  The first column in the table reports the LATE of 
the scholarship at the need-based eligibility threshold, whereas columns 2-7 report the results from estimating model 2 through quantile 
regressions to assess the distributional effects of the scholarship.  Each row in the table reports the results of estimating model 2 for different 
optimal bandwidths following Calonico, Cattaneo and Titiunik (2014). All specifications use the following controls: students’ age, gender, 
and area of residence (14 main cities, other cities, or rural area), parents’ level of education, high school ranking on the 2014 Saber 11, and 
fixed effects for students’ state of residency.  Robust standard errors are in parentheses.  Standard errors of the quantile regressions are 
bootstrapped with 100 repetitions.  *** p<0.01, ** p<0.05, * p<0.1. 

 

In Table III, Columns 2 - 6, we estimate model 2 by quantile regressions at the 25th, 

50th, 75th, 90th, and 95th percentiles to explore the distributional effects.  Again, we only report 

the coefficient  for the same two optimal bandwidths.  The results from the quantile 

regressions should be interpreted as the discontinuity of each percentile at the eligibility 

cutoff.  Similar to the results from the difference-in-differences model, we find that the 

motivational effect of SPP is concentrated at the top of the distribution.  For instance, the 

effect of eligibility at the 90th percentile ranges from 0.061 standard deviations to 0.099 

standard deviations of the Saber 11 score distribution and is statistically significant with the 

two optimal bandwidths.  When using the smaller CERSUM bandwidth, we also find positive 

and significant effects at the 75th and 95th percentiles.  This effect, however, is not robust to 

the use of all optimal bandwidths. In Figure IV, we show that the effect estimated at the 90th 

percentile is robust to a wide range of possible bandwidths that encompasses the 4 optimal 

bandwidths recommended by Calonico, Cattaneo, and Titiunik (2014).  We find that within 

a reasonable range, our main conclusion is not sensitive to the choice of bandwidth. 
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FIGURE IV. QUANTILE REGRESSION EFFECTS AT THE 90TH PERCENTILE FOR DIFFERENT 

BANDWIDTHS 
Notes: The RD estimate of the local average treatment effect of being eligible to receive the scholarship on the 90th percentile of Saber 11 
scores (coefficient β  of equation 2) for various bandwidths. 

 
To put these figures into context, we provide an interpretation of the estimated 

coefficient in terms of the gap reduction. For example, in 2015, the 90th percentile of the 

Saber 11 score of all non-eligible students was 0.67 standard deviations above that of the 

eligible students; therefore, the estimated effect of 0.099 represents a 15 percent reduction in 

this gap.  This gap is calculated using the estimation with the smallest optimal bandwidth 

(CERSUM) at the 90th percentile. 

   To provide a broader picture of the magnitude and heterogeneity of the motivational 

effect of SPP, in Figure V, we illustrate the gap reduction estimated by the RD quantile 

regression using the CERSUM bandwidth (as described in the previous paragraph).  The 

figure indicates that the reduction in the socioeconomic achievement gap that stems from the 

motivational effect of SPP emerges around the 70th percentile and peaks at the 80th percentile, 

where it generates a 22-percentage point reduction in the socioeconomic achievement gap.  

The effect slightly decreases after the 80th percentile, oscillating around a 15-percentage point 

gap reduction until the 96th percentile where it becomes statistically insignificant.  These 

results are of similar magnitude to the 11 percent gap reduction that we observed from the 

difference-in-differences estimate at the 90th percentile, although they are slightly less 

monotonic. 
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FIGURE V. RD ESTIMATIONS OF GAP REDUCTION IN SABER 11 TEST SCORES BY PERCENTILE 

Notes: At each percentile, the gap reduction is calculated as the estimated motivational effect at that percentile  using Table III’s RD 
quantile estimation for the smallest optimal bandwidth (CERSUM) divided by the gap in percentile  in 2014. The latter is the difference 
between percentile  on the Saber 11 of all non-eligible students and percentile  on the Saber 11 of all eligible students. 

 
Below, we report the standard graphical representations and specification tests for the 

RD model.  We conduct this analysis at the 90th percentile of the distribution for consistency 

with our initial hypothesis and to avoid endogenously selecting the (80th) percentile where 

we observed the strongest effect.  Figure VI illustrates the quadratic quantile regression at 

the 90th percentile, with its discontinuity around the socioeconomic cutoff.  The curve 

illustrates the prediction resulting from the estimation of model (2) and its 90 percent 

confidence intervals.  The dots in the figure represent the 90th percentile calculated within 

each bin, corresponding to intervals of 0.4 units of the Sisbén score.15  Figure VI highlights 

the sharp and statistically significant discontinuity in test scores at the need-eligibility 

threshold.  Consistent with the results of Table III, Column 5, which correspond to the 

quadratic quantile RD regression at the 90th percentile, we find an effect of eligibility on 

Saber 11 test scores of approximately 0.09 standard deviations. 

                                                 
15

 The high frequency of bins leaves 85 observations per bin on average.   
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FIGURE VI. QUANTILE REGRESSION DISCONTINUITY: 90TH PERCENTILE, SECOND-ORDER 

POLYNOMIAL 
Notes: The projection and 90 percent confidence intervals correspond to the estimation of regression (2) and the results of Table II, column 
5 (the RD quadratic quantile regression at the 90th percentile).  The dots represent the 90th percentile of the standardized test score 
distribution calculated within each bin (intervals of 0.4 units of Sisbén). 

 
The validity of the RD specification relies on the assumption that in the absence of 

SPP, the test score distributions of eligible students and non-eligible students would have 

been the same in the vicinity of the need-based threshold conditional on the forcing variable 

and other controls.  Below, we address three concerns that can affect the validity of the RD: 

whether the forcing variable was subject to manipulation, whether students below and above 

the threshold are comparable, and the possibility that other social programs used the same 

cutoff and could thus partially explain the results above. 

First, we argue that the Sisbén score was not likely manipulated specifically around 

the eligibility threshold.  Since its third version, which was used beginning in 2009, the 

Sisbén index cannot be modified by any local authority and is directly calculated by an online 

application using a formula unknown to the public.16  To confirm this, we test for 

discontinuity in the density of observations at the cutoff.  A clustering below the cutoff would 

suggest that households were able to manipulate the Sisbén score to become eligible for the 

program, thus creating selection effects and raising concerns about non-observable 

                                                 
16

 The Sisbén index may be subject to “manipulation” in the sense that some respondents try to appear poorer to be more likely to 
benefit from social programs, for example, by failing to disclose asset ownership.  However, this is not an issue for identification if it does 
not occur differentially above and below the eligibility threshold for SPP.  Since the formula is unknown to the public, at the time of the 
survey, respondents can not likely manipulate their answers such that this action affects whether their Sisbén score will be just above or 
below the cutoff.   
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differences between students below and above the eligibility cutoff.  Visual inspection of the 

Sisbén distribution in Figure II shows no evidence of clustering around the threshold.  

Furthermore, the Cattaneo, Jansson, and Ma (2017) test confirms the absence of any 

significant discontinuity in the density of the Sisbén score at the cutoff (p-value=0.303).17  

Figure A.IV demonstrates that the same conclusion holds when separately examining the 

three types of geographical areas (14 cities, other urban areas, and rural areas). 

Second, we analyze whether students just below and above the cutoff are similar 

across a range of observable individual and household characteristics.  For this purpose, we 

first run model (2) using the set of controls used in the RD as the outcome variables.  We 

report the results of this analysis in Table IV. We find that only one of 22 estimated 

coefficients is significant at the 10-percent level, which is not beyond what should be 

expected due to random variation.  Therefore, we do not find evidence of systematic 

differences between students just below and above the cutoff. 

 

                                                 
17

 Compared to the McCrary test (2007), this local polynomial density estimation technique improves the size properties because it 
avoids pre-binning the data and is constructed intuitively based on easy-to-interpret kernel functions.   
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TABLE IV. RD ON CONTROLS 

Bandwidth 

Area   Father's education   Mother's education 

Age Sex 

2014 
High 
School 
Ranking 

Obs. 
14 cities Urban   Primary 

High 
School  

Tech.   Primary 
High 
School  

Tech. 

CERSUM -0.0038 -0.0066   -0.0034 0.00072 -0.0087   0.018 -0.0098 -0.010 0.018 -0.016 -0.51 
46,284 

[5.414] (0.015) (0.015)   (0.014) (0.015) (0.0082)   (0.013) (0.015) (0.0092) (0.065) (0.015) (0.44) 

MSERD 0.0039 -0.012   -0.017* 0.0059 0.00053   0.00041 0.0011 -0.0081 -0.035 -0.0061 0.027 
98,971 

[11.602] (0.010) (0.010)   (0.0097) (0.010) (0.0056)   (0.0091) (0.010) (0.0064) (0.044) (0.010) (0.30) 

Notes: The table reports the coefficients of the eligibility dummy on the outcome variables, which are the set of controls used in the main regression (model 2).  Each row in the table reports the results of 
estimating model 2 for different optimal bandwidths following Calonico, Cattaneo and Titiunik (2014). The model is constructed with the Sisbén and its quadratic term, both of which interacted with the 
eligibility dummy.  Robust standard errors are in parentheses.  Standard errors of the quantile regressions are bootstrapped with 100 repetitions.  *** p<0.01, ** p<0.05, * p<0.1. 
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Finally, in principle, an RD requires that the treatment does not affect the control group.  

In our analysis, SPP likely affected non-eligible students through an increase in competition.  To 

analyze this effect, we can separate the impacts of the scholarship into two effects: the motivational 

effects on eligible students and the competition effect.  To the extent that the latter effect affects 

all students, our empirical approach provides an estimation of the motivational effect that drives 

the difference between eligible and non-eligible students.18  Hence, while a heterogeneous 

competition effect based on the Sisbén would invalidate the difference-in-differences approach,  it 

would not invalidate the RD since the competition effect is not expected to differ around the Sisbén 

eligibility threshold. 

 

V.C. NON-PARAMETRIC ANALYSIS  

An additional concern regarding the validity of our RD analysis is the robustness of the results to 

the choice of functional form.  For this purpose, we conduct a non-parametric RD quantile 

estimation of the effect of eligibility on the Saber 11 score and on the changes in Saber 11 scores 

from 2014 to 2015. 

Following Gelman and Imbens (2017), we use a smoothed local polynomial in which each 

observation is implicitly weighted by a function that is decreasing in its distance to the cutoff.  The 

combination of local polynomial and quantile regressions introduces challenges, which we address 

as follows:  First, we group the observations within a small bin of 0.02 units of the forcing variable 

(the Sisbén index).  Second, within each bin, we calculate the 90th percentile of the Saber 11 score.  

Finally, for each side of the eligibility cutoff, we run a first-order local polynomial on the estimated 

90th percentile of each bin, which provides an estimation of how the 90th percentile moves as a 

function of the forcing variable and eligibility status. 

Figure VII, Panel A illustrates the discontinuity at the eligibility cutoff for the 2015 scores.  

We find that the discontinuity is significant and of a magnitude of approximately 0.1 standard 

deviations in the Saber 11 score of the 90th percentile, which is consistent with the results in Table 

II.  Moreover, we observe that the shape of the non-parametric estimation on both sides of the 

cutoff is similar to that of the quadratic estimation observed in Figure VI, providing reassurance 

regarding the fit of the functional form used in the parametric estimation. 

                                                 
18

 We assume that students can be affected differently depending on their percentile of the score distribution but not on their eligibility status.  
Competition can either push students to work harder or discourage them if it raises the bar too high compared to the level that the student believes 
she can achieve. 
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                   A. 90TH PCTILE OF SCORES IN 2015         B. CHANGE IN THE 90TH PCTILE OF SCORES  
       (2014 & 2015)                                                                       

 
FIGURE VII. QUANTILE REGRESSION DISCONTINUITY USING LOCAL POLYNOMIAL 

Notes: In Panel A, we calculated the 90th percentile of the Saber 11 scores by bins of 0.02 units of the Sisbén index and present, separately on each 
side of the eligibility threshold, a local polynomial of the estimated 90th percentile of the distribution of standardized test scores within each bin and 
its 90 percent confidence interval.  The dots represent the 90th percentile of the distribution calculated within each larger bin (of 0.4 units of Sisbén).  
In Panel B, we apply the same method, except for each bin, we use the difference between the 90th percentile of the Saber 11 standardized scores 
in 2015 and the 90th percentile of the Saber 11 standardized scores in 2014. 

 
The non-parametric analysis also allows us to assess how the change in the 90th percentile 

of the Saber 11 scores from 2014 to 2015 differs around the eligibility threshold.  This approach 

has the advantage of isolating the effects of other programs that benefited the eligible population 

in both 2014 and 2015.19  We apply the same methodology described above, except that we now 

calculate the difference between the 90th percentile of the Saber 11 scores in 2015 and in 2014 

within each bin. 

In Figure VII, Panel B, we observe that both the magnitude and significance of the 

discontinuity in test scores at the eligibility cutoff are greater than when we estimated the effects 

in 2015. Therefore, examination of the change from 2014 to 2015 reinforces our previous 

conclusions.  Moreover, the observed change provides additional evidence that the effects in Table 

II are not due to other social programs that use the same Sisbén cutoff. 

Taken together, the results from this section highlight a sizeable motivational effect of 

eligibility for SPP on students’ test scores that emerges at the top of the test score distribution and 

is robust to the choice of bandwidth, to the standard RD tests and to different specifications of the 

model. 

                                                 
19

 This assumes that the number of beneficiaries of other programs did not vary considerably from 2014 to 2015.  However, the fact that the 
significance increases when examining the variation from 2014 to 2015 largely alleviates any concern that other programs had any clear positive 
effect on the beneficiaries at the 90th percentile of Saber 11 scores. 
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VI. ADDITIONAL RESULTS: CHANGES IN ENROLLMENT RATES 

Our results indicate that eligibility for the scholarship motivated students, and possibly their 

parents and teachers, to exert a higher level of effort leading to improved Saber 11 test scores.  

However, one may question whether these results reflect an actual increase in capital 

accumulation.  In fact, since the number of scholarships is fixed at 10,000 per year, one may 

imagine a scenario where the increased effort only led to more competition and frustration.20  In 

this section we analyze whether the motivational effect, which led to improved test scores, had 

positive effects on university enrollment.  In the following section, we will discuss the extent to 

which the Saber 11 test score reflects actual learning.    

Identifying the motivational effect of the scholarship on post-secondary enrollment is 

challenging since the actual change in enrollment for need-based eligible students is likely driven 

by a combination of the ex ante motivational effect and the ex post effect of the scholarship on its 

recipients.  In this section, we use two sources of variation that help us distinguish the ex post 

effect from an increase in post-secondary enrollment, stemming from improved test scores of need-

based eligible students.  First, while changes in 2014 can be associated to the ex-post effect of the 

scholarship, additional changes in 2015 are likely to be related to the motivational effect.  Second, 

if changes in enrollment rates are associated with improved test-scores, this effect should accrue 

to both students who scored above the merit based cutoff and students who reached a score slightly 

below the cutoff. 

In Figure VIII, we illustrate the evolution of enrollment rates between 2013 and 2015 in all 

universities and in top-quality (accredited) universities, to examine changes in both the quantity 

and quality of access to post-secondary education.  The sample is restricted to students with a 

Sisbén index below the threshold that was used to define need-based eligibility for SPP (even in 

2013 when SPP did not exist yet).  In the right-hand panel of Figure VIII, we illustrate the 

enrollment rates for students above the 95th percentile of the overall distribution of Saber 11 scores 

of each year.21  In 2014 and 2015, students above the 95th percentile are those who scored above 

the Saber 11 merit-based threshold and thus were offered the scholarship.  The left-hand side of 

                                                 
20

 Since the announcement of SPP, competition was clearly heightened, as reflected by the increase in the merit-based threshold from 310 in 
2014 to 318 in 2015 and to 340 in 2016. 

21
 For clarification, the merit-based cutoff in Saber 11 represents the 9th percentile of the sample used in the regression analyses and the 5th 

percentile of the entire sample of students graduating on the same year.  This difference is mostly due to students without Sisbén score who are 
over-represented in the top of the distribution (see Table I). 
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Figure VIII illustrates the enrollment rates for need-based students who scored between the 90th 

and 95th percentiles on the Saber 11 in each year.  In 2014 and 2015, this group of students barely 

missed the scholarship because their scores were slightly below the merit-based threshold.  

From 2013 to 2014, we observe a large increase in the enrollment of students above the 

95th percentile of the score distribution, as it should be expected from the direct effect of the 

scholarships provided for the first time in 2014.  During this period, enrollment rates for this group 

of students at accredited universities dramatically increased from 18 to 64 percent.  More 

importantly, we also observe a change in students’ enrollment that is consistent with the indirect 

effect of the scholarship.  Among students above the 95th percentile, enrollment rates to accredited 

universities further increased by 11 percentage points from 2014 to 2015, even though the number 

of beneficiaries of the scholarship remained almost identical.  During the same period, students 

from the 90th to 95th percentiles also increased their access to universities by 7 percentage points, 

and by 3 percentage points to top universities.  Although the latter indirect effect is smaller in 

magnitude than the direct effect, it still corresponds to substantial 18 and 42 percent changes in 

enrollment rates, respectively.  This is remarkable considering that these students were not direct 

recipients of the scholarship.  Therefore, the findings from Figure VIII provide evidence 

suggesting a motivational effect that had positive effects on enrollment in universities, even among 

students who did not obtain the scholarship. 

 

 
FIGURE VIII. HIGHER EDUCATION ENROLLMENT RATES OF NEED-BASED ELIGIBLE STUDENTS 

ABOVE AND BELOW THE ACADEMIC CUTOFF FOR SPP 
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Notes: Figure VIII illustrates enrollment rates at higher education institutions and at accredited universities.  The sample is restricted to students 
with a Sisbén score that satisfies the need-based eligibility criteria.  Students above the Saber 11 threshold are (1) the top 5 percent of eligible 
students from the 2013 Saber 11; (2) 4.9 percent of eligible students with a score above 310 on the 2013 Saber 11; and (3) 4.9 percent of eligible 
students with a score above 318 on the 2015 Saber 11.  Students below the Saber 11 threshold are the 5 percent of eligible students just below those 
who scored above the threshold in each year. 

 

VII. DISCUSSION 

In this article, we assess the ex ante motivational effect of SPP, a nationwide merit and need-based 

scholarship program in Colombia that allows low-income students to attend top-quality 

universities.  We separately implement a DD and an RD using the need-based eligibility criteria 

and identify a substantial motivational effect that improved the performance of eligible students at 

the top of the distribution of the Saber 11 national high school exit exam.  At the 90th percentile of 

the distribution, the ex ante motivational effect of SPP led to an approximate 11 to 15-percent 

reduction of the socioeconomic achievement gap between eligible and non-eligible students.  

Furthermore, in 2015, the enrollment rates of high-performing eligible students increased 

substantially, even among those who obtained a Sisbén score slightly below the merit-based 

criterion for the scholarship. The findings are consistent with Barrera-Osorio and Filmer 2016, 

who argue in favor of a scale up of scholarship that target low-income students with an incentive 

that rewards high academic potential in order to combine equity and efficiency. 

 

The ex ante motivational effect of SPP that we document has inherent strengths and 

limitations.  On the one hand, the motivational effect of SPP is stronger among students with the 

highest potential, and smaller in magnitude and not robust across all specifications at the bottom 

of the distribution.  This highlights a strong limitation of this policy and highlighting that the 

program may be a complement rather than a substitute for other education policies.  On the other 

hand, the reduction in the socioeconomic achievement gap among top students is a remarkable 

result, especially when considering that eligible students had ten months to respond to the new 

opportunities presented by the scholarship.  Over time, the motivational effect may influence 

students early in their academic careers, become stronger, and span across a broader segment of 

low-income students. For instance, Molano, Rodríguez-Gomez, and Bayona (2017) document an 

unprecedented reduction in the socioeconomic achievement gap in the national exams for grades 

3, 5, and 9.  While their results do not provide causal evidence of a motivational effect of SPP on 
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younger cohorts, they are consistent with a higher level of effort among low-income students in 

primary and secondary schools.22 

A common concern with incentives is the possibility that the extrinsic motivation to obtain 

the reward replaces one’s intrinsic motivation.  In this context, this concern indicates that students 

may redirect their effort to mastering the Saber 11 without a positive effect on their overall human 

capital accumulation.  We cannot fully rule out that students redirected part of their effort toward 

the Saber 11 at the expense of other forms of learning.  Notably, however, SPP provides an 

incentive to allow top-performing low-income students to pursue a higher education degree at a 

top university, which may in fact reinforce their intrinsic motivation.  Furthermore, since the Saber 

11 is a general knowledge exam that covers the entire high school curriculum on 10 different 

subjects, imagining that students could substantially increase their test scores without improving 

their skills and knowledge is difficult.  Finally, the reduction in the socioeconomic achievement 

gap on the national exams for grades 3, 5, and 9 documented by Molano, Rodríguez-Gómez, and 

Bayona (2017) suggests intrinsic motivation for human capital accumulation since these exams 

have low, if any, incentives for the students. 

Taken together, our results contribute to debates on the costs and benefits of merit-based 

scholarships in Colombia and abroad, which are generally focused on the ex anti effects for actual 

recipients.  For instance, SPP has been contested in policy and academic circles in Colombia, 

especially regarding the program’s cost, which will account for nearly 20 percent of the Ministry 

of Education’s budget for higher education in 2018. The program’s costs are substantial 

considering that only 3 percent of students per year receive the scholarship.  Therefore, current 

policy debate leans toward shutting down the program and using the available resources to increase 

the enrollment of low-income students in public universities. Unfortunately, these discussions fail 

to consider the positive and substantial ex ante benefits that extend beyond the scholarship’s 

beneficiaries.  A full cost-benefit analysis of SPP is well beyond the scope of this article.  Notably, 

however, SPP engendered a considerable reduction in the socioeconomic achievement gap, an 

increase in higher education enrollment rates even for eligible students who failed to obtain the 

                                                 
22

 Unfortunately, the administrative data on younger cohorts are less complete and cannot be linked to the household Sisbén index, precluding 
us from exploring the causal ex ante effects of SPP on test scores during primary and secondary education.  Likewise, we cannot explore the 
motivational effects of SPP beyond 2015 since the micro-data for the 2016 and 2017 Saber 11 exams have not been shared by the Ministry of 
Education. 
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scholarship, and a mechanism that promotes socioeconomic mobility, contributing to reducing the 

intergenerational perpetuation of poverty and inequality.   

Our analysis highlights important lessons regarding the extent to which the lack of 

meritocracy discourages effort and human capital accumulation.  The results suggest that an 

unequal distribution of opportunities harms the human capital accumulation of low-income 

students.  Such loss in human capital occurs not only because good students from vulnerable 

households cannot afford to enroll at a top university but also because being a good student is 

endogenous to prior effort, which is conditional on whether students perceive that such effort will 

pay off.  Therefore, a lack of real opportunities discourages low-income students from exerting 

effort throughout the schooling process, which hinders their capacity to transition out of poverty 

and becomes a different mechanism through which inequality persists over multiple generations.  

In contrast, when low-income students perceive attainable and meritocratic opportunities for social 

mobility, their effort, motivation, and human capital accumulation increase and facilitate actual 

transitions out of poverty. 
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APPENDIX 
APPENDIX FIGURES 

 
FIGURE A.I. ENROLLMENT RATES AT ALL UNIVERSITIES BY SOCIOECONOMIC STRATA 

Notes: Rates of post-secondary enrollment across socioeconomic strata in 2014 and 2015 (before and after the program was introduced) for students 
in the top 10 percentiles of the distribution for the national high school exit exam.  The figure is taken and reproduced with permission from  
Londoño-Velez, Rodriguez, and Sánchez (2017). 
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FIGURE A.II. ACCESS TO ACCREDITED UNIVERSITIES IN BOGOTÁ BY DEPARTMENT OF ORIGIN, 

ENTRY IN 2014 COMPARED TO 2015 
Notes: The number of students enrolled in accredited (and top) universities in Bogotá in 2014 and 2015 by department (state) of origin.  Students 
entering in 2015 passed the Saber 11 test in 2014 and are the first cohort of beneficiaries of SPP. 
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FIGURE A.III. EVOLUTION OF STUDENTS’ RANKINGS ON THE SABER 11 BETWEEN 2013 & 2014 

Notes: Evolution of rankings on the Saber 11 national high school exit exam for need-based eligible students (those below the Sisbén threshold) 
and non-eligible students, stratified by quartiles (according to their Sisbén scores).  The figure illustrates the evolution of the rankings at the mean 
and median and for different percentiles of the distribution.  The data used to compute the figures exclude information from wealthier students 
without a Sisbén score. 
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FIGURE A.IV. DENSITY OF THE SISBÉN INDEX AROUND THE SOCIOECONOMIC ELIGIBILITY 

THRESHOLD 
Notes: The variable on the x-axis corresponds to the Sisbén index centered on socioeconomic eligibility (which varies by area).  To center it, the 
eligibility criterion in the area was subtracted from the Sisbén index value of the household. 
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APPENDIX TABLES 
TABLE A.I. OTHER DESCRIPTIVE STATISTICS 

  
Full Sample 

Non Eligible Eligible Difference 

A.  Student Characteristics  
Saber 11 Score 259.3 242.1 17.21*** 

  [50.34] [42.38] (137.20) 

Age 17.22 17.29 -0.0677*** 

  [1.974] [2.549] (-10.73) 

Male (dummy) 0.483 0.427 0.0560*** 

  [0.500] [0.495] (41.29) 

Sisbén 63.97 29.08 34.89*** 

  [8.310] [13.74] (582.58) 

14 Cities (dummy) 0.409 0.299 0.110*** 

  [0.492] [0.458] (49.16) 

Other Urban Area  (dummy) 0.483 0.536 -0.0522*** 

  [0.500] [0.499] (-22.74) 

Rural (dummy) 0.108 0.165 -0.0577*** 

  [0.310] [0.371] (-39.18) 

  
B. Household Characteristics   
Father's Education - Elementary (dummy) 0.269 0.424 -0.155*** 

  [0.443] [0.494] (-121.99) 

Father's Education - Junior High School (dummy) 0.389 0.379 0.0107*** 

  [0.488] [0.485] (8.09) 

Father's Education - Technical or Technological (dummy) 0.0931 0.0529 0.0402*** 

  [0.291] [0.224] (56.26) 

Father's Education - University (dummy) 0.171 0.0501 0.121*** 

  [0.376] [0.218] (140.96) 

Mothers's Education - Elementary (dummy) 0.240 0.389 -0.149*** 

  [0.427] [0.488] (-120.46) 

Mother's Education - Junior High School (dummy) 0.429 0.448 -0.0190*** 

  [0.495] [0.497] (-14.12) 

Mother's Education - Technical or Technological (dummy) 0.115 0.0697 0.0457*** 

  [0.320] [0.255] (57.58) 

Mother's Education - University (dummy) 0.180 0.0520 0.128*** 

  [0.384] [0.222] (146.74) 

    

Observations 2015 246,413 300,241    

Notes: Statistics of the cohort that presented the Saber 11 test in 2015.  The standard deviations are shown in brackets, and t-statistic values from 
difference tests are in parentheses. 
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TABLE A.II. DIFFERENCE-IN-DIFFERENCES WITH COVARIATES 
  Average 

Score (std) 

  Score threshold 

 0.25  0.50  0.75  0.90  0.95  

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

	 2015  0.056*** 0.0072* 0.017*** 0.020*** 0.017*** 0.0095*** 
 (0.011) (0.0041) (0.0054) (0.0055) (0.0044) (0.0034) 

 -0.098*** -0.016*** -0.040*** -0.044*** -0.027*** -0.046*** 
 (0.0077) (0.0029) (0.0038) (0.0039) (0.0031) (0.0024) 

2015  -0.065*** -0.016*** -0.016*** -0.025*** -0.020*** -0.0092***  
(0.011) (0.0039) (0.0053) (0.0054) (0.0043) (0.0034) 

   
Observations 569,905 569,905 569,905 569,905 569,905 612,815 

R-squared 0.306   0.168 0.202 0.176 0.121 0.002 

Gap Reduction ( percent) 0.14*** 0.079* 0.11*** 0.13*** 0.17*** 0.15*** 

  
(0.027)   (0.045) (0.036) (0.036) (0.045) (0.053) 

Notes: The sample is restricted to the Sisbén-eligible group and the first quartile of the distribution of the non-eligible group according to the Sisbén 
index.  The gap reduction is the ratio between the coefficient of eligible Sisbén students  year and the gap in the Saber 11 in 2014 between eligible 
Sisbén students and the entire group of non-eligible students.  Robust standard errors are in parentheses.  *** p<0.01, ** p<0.05, * p<0.1.  
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TABLE A.III. PLACEBO: DIFFERENCE IN DIFFERENCES 
  Average 

Score (std) 

  Score threshold 

 0.25  0.50  0.75  0.90  0.95  

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

    

 

  
-0.045***  -0.013*** -0.025*** -0.019*** -0.0076* -0.0021 

 (0.012)  (0.0042) (0.0056) (0.0056) (0.0043) (0.0033) 

 
 
 

-0.33***  -0.090*** -0.13*** -0.12*** -0.069*** -0.044*** 

 (0.0086)  (0.0030) (0.0039) (0.0038) (0.0030) (0.0023) 

 

  
0.046***  0.019*** 0.022*** 0.021*** 0.0091** 0.0031 

 (0.012)  (0.0041) (0.0054) (0.0054) (0.0042) (0.0033) 

    
Observations 581,330 581,330 581,330 581,330 581,330 581,330 

R-squared 0.006   0.003 0.004 0.004 0.003 0.002 

Notes: This placebo test examines the change from 2013 to 2014 (the year before the announcement of the SPP scholarship).  The sample is 
restricted to the Sisbén-eligible group and the first quartile of the distribution of the non-eligible group according to the Sisbén index.  Robust 
standard errors are in parentheses.  *** p<0.01, ** p<0.05, * p<0.1.     

  

 2014

2014  
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TABLE A.IV. SISBÉN CUTOFFS OF OTHER PROGRAMS 

Program  

Sisbén Cutoff 
Starting 
year 

What it provides 

14 Cities 
Other 
Urban 

Rural 

SPP 57.21 56.32 40.75 2014 Merit and need-base college scholarship 

ICBF Primera Infancia 57.21† 56.32† 40.75† 2007 
Education and nutrition for young children (0-5 
years old) 

Vivienda Rural NA 56.32† 40.75† 2013 Rural housing building or improvement 

BEPS 57.21† 56.32† 40.75† 2015 Saving program for the elderly without a pension

Susbsidio de sostenimiento 
(Icetex) 

57.21† 56.22 40.75† 2013 Credit for college students’ life expenditures 

Subsidio de tasa de interés 
(Icetex) 

57.21† 56.32† 40.75† 2013 
Credit for college students at a subsidized 
interest rate 

Atención Humanitaria 57.21† 56.32† 56.32 2011 
Financial aid, food, housing and health services 
for victims of the armed conflict 

Más Familias en Acción 30.56 32.2 29.03 2012 
Nutrition (0-6 years old) and education (4-18 
years old) 

Jóvenes en Acción 54.86 51.57 37.8 2012 
Conditional money transfers to keep young 
adults (16-24 years old) in tertiary education 

Acces (Icetex) 30.39 30.73 22.19 2002 Long-run credit for tertiary education 

Exención en el pago de la 
cuota de compensación 
militar 

61.91 61.91 61.91 1993 
Exemption from the compensation fee for 
avoiding mandatory military service 

Implementación 
generación de ingresos y 
desarrollo de capacidades 
productivas 

NA NA 40.79 2014 Technical assistance for agricultural projects  

Colombia Mayor 43.63 43.63 35.26 2010 Subsidies for the elderly population 

Red Unidos 23.4 32.2 26.12 2016 
Support for poor displaced families and 
preferential access to social services of the state 

SENA Emprende Rural  56.32 40.75† 2016 Agricultural training 

Tú Eliges (Icetex) 58.12 58.16 40.75† 2016 
Credit for college students at a subsidized 
interest rate 

Regimen Subsidiado 54.86 51.57 37.8 1993 Subsidies to access the national health system 

Notes: † indicates that the cutoff is the same as that used by SPP for this part of the population. Programs in the upper part share at least one 
cutoff with the Sisbén eligibility criteria for SPP. Source: https://www.sisben.gov.co/Paginas/Noticias/Puntos-de-corte.aspx, completed with 
information from the websites of the different programs. 
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TABLE A.V. PLACEBO: REGRESSION DISCONTINUITY DESIGN 

Bandwidth 

Local OLS   Quantile 
Obs. 

Average 0.25 0.5 0.75 0.9 0.95 

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

CERSUM [6.756] -0.034 -0.032 -0.035 -0.029 -0.082* -0.14** 58,139 

 (0.023) (0.028) (0.027) (0.035) (0.043) (0.055) 

MSERD [14.817] -0.019 -0.014 -0.017 -0.025 -0.044 -0.056 123,418 

 (0.016) (0.020) (0.018) (0.022) (0.029) (0.036) 

        
Notes: This placebo test examines the discontinuity in Saber 11 scores in 2014 (the year before the announcement of the SPP scholarship). The 
optimal bandwidth is presented in the following order: MSERD, MSESUM, CERRD and CERSUM.  All specifications use the following controls: 
Sisbén area, father's education level, mother's education level, sex, age, school ranking in 2013 and state of residency of the student.  The model is 
constructed with the Sisbén index, its quadratic term, and its interaction with eligibility criteria.  The full sample is used in this estimation.  Standard 
errors are in parentheses for the OLS model clustered by school.  The estimations of the standard errors for all the specifications of the quantile 
regression were calculated through bootstrapping (100 repetitions).  *** p<0.01, ** p<0.05, * p<0.1.  
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