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The Mexican state of Colima implemented a low-stakes accountability intervention with diagnostic feed- 

back among schools with the lowest test scores in the national assessment. A difference-in-difference 

and a regression discontinuity design are used to identify the effects of the intervention on learning out- 

comes. The two strategies consistently show that the intervention increased test scores by 0.12 standard 

deviations only a few months after the program was launched. The results indicate that full and wide 

dissemination of information detailing school quality is critically important. 
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. Introduction 

The increasing availability of standardized tests in developing

ountries opens the door to a wide range of policy interven-

ions to improve student learning outcomes. Under certain con-

itions, the provision of information in itself can be conductive

o an increase in learning outcomes. For instance, when test re-

ults are made public, they can eliminate heterogeneous percep-

ions among agents in the system (authorities, school directors,

eachers, parents and students) regarding the quality of education

ervices. Given sufficient levels of initial asymmetries on percep-

ions regarding the quality of education, the additional informa-

ion brought about by test scores can be enough to generate a new

quilibrium yielding a more transparent and accountable system

roviding higher quality education services. Information can affect

ositively school processes and outcomes because information pro-

otes a dialogue and consultation among all actors. In the United

tates, some test-based accountability initiatives amounted to no

ore than information about school performance; yet, those expe-

iences led to positive effects ( Chiang, 2009; Loeb & Strunk, 2007;

eback, 2006 ). 

The availability of test score information can also trigger actions

o improve outcomes. This can happen through specific actions

uch as the development of school-specific improvement plans. If

he standardized tests are universal in at least one school grade,
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hen every school in the system could have access to a detailed di-

gnosis of the main challenges in the subject areas and grades as-

essed by the tests. If these detailed diagnoses and school improve-

ent plans are followed by actions to address the problems iden-

ified, then the final outcome can be a system delivering higher

uality services. 

As shown in Bruns, Filmer, and Patrinos (2011) , information for

ccountability can be a mechanism for improving school outcomes.

here are three main accountability channels through which in-

ormation could affect learning outcomes: increasing choice, par-

icipation and voice. There is evidence, mostly from high-income

ountries, showing that learning outcomes can improve as a re-

ult of more accountability. For instance, in the Netherlands, both

verage grades and the number of diplomas awarded increased

fter schools received a negative report card. For schools that

eceived the lowest ranking, the one-year effects on final exam

rades amounted to 10–30% of a standard deviation ( Koning &

an der Wiel, 2013 ). Evidence shows that schools in the United

tates respond to accountability pressures with improved test

cores ( Carnoy & Loeb, 2003; Hanushek & Raymond, 2005 ). Stu-

ents in high-accountability states averaged significantly greater

ains on 8th grade math tests than did students in states with little

r no state measures to formally track student performance. One

f the most prominent examples of accountability interventions is

he state-level ranking system of No Child Left Behind (NCLB) in

he United States. Rockoff and Turner (2010) found that the intro-

uction of student tests and other measures to assign each school

 grade was enough to increase student achievement in New York

ity. Rouse, Hannaway, Goldhaber, and Figlio (2013) show that

http://dx.doi.org/10.1016/j.econedurev.2017.03.007
http://www.ScienceDirect.com
http://www.elsevier.com/locate/econedurev
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mailto:hpatrinos@worldbank.org
http://dx.doi.org/10.1016/j.econedurev.2017.03.007


124 R. de Hoyos et al. / Economics of Education Review 58 (2017) 123–140 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

d  

s  

C  

m  

p

 

t  

i  

t  

p  

o  

t  

g  

t  

a  

f  

s  

s  

i  

c

 

o  

t  

o  

m  

v  

p  

e  

f  

d  

p

 

g  

P  

m  

t  

p

2

 

w  

c  

t  

a  

g  

t  

a  

fi  

s  

a  

f  

U

 

F  

o  

s  

a  

s  

l  

m  

j  

2  

1 The poverty headcount ratio in Mexico was 45.4% in 2012. 
schools facing accountability pressures in Florida changed instruc-

tional practices and this, in turn, partly accounted for increases in

test scores. Using administrative data for North Carolina, Ahn and

Vigdor (2014) find evidence of a short term positive impact on

school performance, and among low performing students in the

medium term. 

In most of the documented cases of education accountability

interventions in high-income countries, school actors respond to

this type of intervention when they are followed by rewards and/or

sanctions. However, in low- and middle-income developing coun-

tries with a combination of relatively weak institutions, low man-

agerial capacity of school directors, high levels of poverty and in-

equality, and the presence of powerful teacher unions, such high

stakes accountability interventions might not be feasible nor de-

sirable. Instead, a shared responsibility approach characterized by

a supportive and collaborative environment rather than a puni-

tive one might be a more effective accountability intervention. Al-

though low-stakes accountability interventions like the one de-

scribed here could work through implicit mechanisms, such as

stigmatization or reputational damage, they could also have an im-

pact through coordinated collaboration among school actors and

pedagogical tools. Identifying the schools as low performing, meet-

ing with them, developing a detailed diagnosis to identify their

main challenges, and offering them advice to design a school-

specific improvement plan, could be enough to improve service de-

livery. 

The evidence on the effects of low-stakes accountability inter-

ventions within a supportive and collaborative environment in de-

veloping countries is mixed. The experimental evidence for In-

dia presented in Muralidharan and Sundararaman (2010) shows

that a program that provided low-stakes diagnostic tests and feed-

back to teachers had no effect on student learning outcomes.

In a randomized study in Punjab, Pakistan, Andrabi, Das, and

Khwaja (2014) show that providing test scores to households and

schools leads to increases in subsequent test scores by 0.11 stan-

dard deviations after one year of the intervention. Test score gains

in public schools were in response to a low-stakes threat since

there were no formal consequences attached to results. Public

schools in Punjab face little competitive or regulatory pressure

to perform, yet the information had a significant impact because

there are non-monetary mechanisms such as social/community

pressures on public school teachers that induce performance im-

provements if a school is revealed to have low test scores. In Latin

America, the results presented in Mizala and Urquiola (2013) show

that distributing information regarding schools’ value added in

Chile had no effects on enrollment, tuition levels or socioeconomic

composition of students suggesting a limited effect of a low-stakes

accountability intervention. 

This paper evaluates the impact on test scores of a short-lived

program suitable to measure the effect of a low-stakes account-

ability intervention within a supportive and collaborative environ-

ment. The program, PAE, short for Programa de Atención Específica

para la Mejora del Logro Educativo was implemented in the Mexi-

can state of Colima between January 2010 and mid-2011, with the

objective of increasing learning outcomes among the worst per-

forming public primary schools in the state. Although originally

designed as a comprehensive schooling intervention with various

components, PAE was cut short administratively and in the end

only a subset of the components were implemented. Schools were

informed of their test scores and that they were to be part of

the program; once the program was launched and the list of PAE

schools was publicly disseminated, participating schools were as-

signed a technical adviser who would visit the school and help

diagnose the test score results and design a school improvement

plan. Although similar programs have been evaluated, PAE focuses

on absolute achievement, and for that reason, information on stan-
ardized achievement test results can generate more pressure on

chools than information on value-added, as seen in the case of

hile ( Mizala & Urquiola, 2013 ), perhaps because absolute achieve-

ent can be closer to what society and school administrators ex-

ect and value. 

The present study follows two alternative strategies to iden-

ify the effects on PAE on test scores. The first is the difference-

n-difference approach comparing the evolution in test scores be-

ween PAE and non-PAE schools over time. The second strategy ex-

loits PAE’s rigid eligibility rule (an exogenously determined cut-

ff point of the national standardized test) dividing schools into

reatment and control groups and compares them through a re-

ression discontinuity design. Both strategies consistently show

hat the intervention increased test scores by 0.12 standard devi-

tions only a few months after program launch. PAE’s positive ef-

ects are true for math and Spanish test scores and do not show

tatistical differences among boys and girls. However, closer in-

pection of the heterogeneity of effects shows that the program’s

mpact was larger among students with relatively better initial

onditions (i.e., students without an age-grade distortion). 

The intuition behind these results is that public recognition

f low performing schools, together with a detailed diagnosis of

he school’s main challenges and an invitation to network with

ther school directors, teachers and advisers to develop improve-

ent strategies, is enough to improve the quality of education ser-

ices. In fact, no additional inputs to the schools were funded or

rovided throughout the program. In this way, the current study

xamines how standardized tests were used to identify poor per-

orming schools and how merely diagnosing school problems and

eveloping a school improvement plan can lead to higher student

erformance. 

The paper is organized as follows: Section 2 provides back-

round information on the Mexican state of Colima, describes the

AE, and charts some trends in test scores. Section 3 details the

ethodology and identification strategies while Section 4 discusses

he main results. Finally, a concluding Section 5 enumerates some

olicy recommendations. 

. Background and recent trends 

Colima is a small state in the center-west region of Mexico,

ith 650,0 0 0 inhabitants, 34% of whom live in households with in-

omes below the official 2012 poverty line. 1 Since the decentraliza-

ion of the education system that began in 1992, Colima has built

n efficient school system adjusting the national educational pro-

rams to the state’s specific characteristics and needs. Throughout

he 1990s, Colima undertook innovative education policies such

s the implementation and dissemination of one of the country’s

rst standardized tests. By 2003, Colima outperformed all Mexican

tates in the OECD’s PISA test and actually approached the OECD

verage. For example, Colima’s math scores were on par with those

or Greece and Serbia, and higher than those from Thailand, Brazil,

ruguay and Turkey. 

At the end of school year 20 05–20 06, for the first time, the

ederal Ministry of Education (SEP) applied the National Evaluation

f Academic Achievement in School Centers (ENLACE), a universal

tandardized test. ENLACE, a low stakes test, gathered information

nnually on student performance in math, Spanish and a rotating

ubject for third, fourth, fifth and sixth graders in private and pub-

ic primary schools in Mexico. By design, ENLACE had a national

ean score of 500 and a standard deviation of 100 for every sub-

ect area and grade. In early October 2009, the results from ENLACE

0 08–20 09 were published, and Colima performed below the na-
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Fig. 1. PAE and Non-PAE population, Colima. 
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ional average. All the schools in Colima had access to this infor-

ation, but there is no evidence of rankings or public dissemina-

ion of the results at this stage. A few weeks after the release of

he disappointing ENLACE results, Colima’s Ministry of Education

CMoE) began the design of PAE. 

.1. PAE 

PAE was a program designed to improve learning outcomes

mong the lowest performing public primary schools in Colima,

hich also provide education services to students from the most

arginalized schools. The program’s operational rules excluded

ulti-grade schools with one or two teachers and community

chools managed by the Consejo Nacional de Fomento Educativo

CONAFE). 2 Of the 477 primary schools in Colima in academic year

0 08–20 09, 40 were private, 39 were managed by CONAFE, 78

ere one- and two-teacher schools, and 10, for a variety of rea-

ons, did not have an ENLACE score. The group of PAE-eligible

chools consisted of 310 public primary schools (see Fig. 1 ) with

 total student population of 62,366 (95.2% of the total num-

er of students in public primary schools in Colima during the

0 08–20 09 school year). Between October and November 2009,

he CMoE used the 20 08–20 09 ENLACE score data to construct

ts ranking of schools. School scores were a simple average of the

hree subject areas tested: math, Spanish and science across grades

, 4, 5 and 6. Schools in the 35th percentile or less of the distri-

ution of the school average test scores were automatically desig-

ated as PAE schools (see Fig. A2 in Annex). As shown in Fig. 1 , PAE

ncluded 108 of the 310 schools that belong to the potentially eli-
2 For details on CONAFE see www.conafe.gob.mx . 

s

t

ible population. 3 PAE schools were distributed across all ten mu-

icipalities of Colima and encompassed 1091 teachers and 10,550

tudents in 2009. 

Fig. 2 illustrates the timeline followed by the design and im-

lementation of Colima’s PAE. Between November and December

009, the CMoE assigned the schools that were going to partici-

ate in PAE following the criteria described above. In January 2010,

he selected schools were officially notified. In February 2010, at

 teachers’ congress in Colima, the Governor launched the pro-

ram and publicly disseminated the list of PAE schools. Although

he assigned schools were presented as those with the lowest

earning outcomes in the state, the Governor emphasized the co-

esponsibility of state authorities and the need to work closely

ith those schools to make improvements. Between the public an-

ouncement of the program and the first follow up ENLACE test

n May 2010, PAE schools were assigned a technical adviser , part

f the CMoE, who would visit the school three times a month to

ork with school directors and teachers on the diagnosis of the

NLACE test and the design of improvement strategies. In addition,

he PAE technical adviser coached teachers on analyzing the EN-

ACE information to have a clearer understanding of how schools

ere assigned to PAE and the causes of poor performance within

heir schools. 

Between January and March 2010, PAE’ technical advisers, to-

ether with school directors and selected teachers, developed and

pplied a simple methodology to construct a detailed diagnosis

dentifying the academic weaknesses of their students based on
3 A total of 110 schools were originally selected to participate in PAE but two 

chools were dropped from the sample due to a mistake in their original classifica- 

ion as non-multi-grade schools which later on was changed to multi-grade. 

http://www.conafe.gob.mx
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Fig. 2. The timeline of PAE. 
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6 More information on ENLACE is available from the test’s website www.enlace. 

sep.gob.mx . 
ENLACE results. 4 The diagnoses were tailored to each school: the

ENLACE test questions which more students answered wrong were

collected by subject area, grade and classroom. Using personal

identification numbers and a password, all teachers in Mexico had

online access to a rich data set organizing the proportion of stu-

dents in their class who answered an ENLACE question incorrectly.

The website also indicated the area of knowledge and the rele-

vant curriculum area for each ENLACE question, thereby providing

teachers with concrete pedagogical direction to guide their effort s

(see Fig. A1 showing an example of the type of information pro-

vided by ENLACE). 

Between February and May 2010, PAE’s technical advisers,

school directors and teachers worked on a school improvement

plan to address the problems identified during the diagnosis. The

school improvement plan had to include clear medium- and long-

term goals in terms of learning outcomes and a plausible strategy,

involving teachers and parents, to reach them. The CMoE’s techni-

cal advisers would visit PAE schools three times a month to fol-

low up on the implementation of the school improvement plans.

However, the “awareness” period of the program was too short to

change any of the fundamental inputs of the learning production

function and it is, hence, capturing the accountability and diagno-

sis effect of the program (see Fig. 2 ). 

Implementation stage of PAE started in September 2010. It con-

sisted of pedagogical interventions and the monitoring of progress.

With diagnoses and school improvement plans in hand, state

authorities, school directors and teachers collaboratively imple-

mented the school-specific improvement strategies which, broadly

speaking, included one or more of the following four interventions:

(i) strengthening school-based management, (ii) training for school

directors and supervisors, and (iii) reinforcing teachers’ knowledge

in the identified academic areas posing challenges. Due to reasons

unrelated to the program’s performance, PAE was canceled in mid

2011, less than one year after the pedagogical interventions were

in place. 5 Given the partial implementation, at best, of the peda-

gogical interventions, the present study focus on the PAE’s effects

through accountability and availability of information mechanisms.
4 The methodology relied on public information generated by the Federal Min- 

istry of Education (SEP). 
5 SEP claimed that PAE was very close to the Federal Program “PEMLE” and to 

avoid duplicating effort s CMoE decided to discontinue PAE. Although the decision 

was confirmed in mid-2011, PAE did not receive enough budget to fully implement 

the pedagogical interventions during school year 2010–2011. 

r

d

a

f

h

m

s

 difference-in-difference and a regression discontinuity approach

s used to answer the following two research questions: 

1. Does PAE increase achievement test scores among students in

participating schools? 

2. Are PAE effects heterogeneous across students with different

initial conditions? 

.2. Dataset and recent trends 

This study uses and merges student test scores as measured by

NLACE with administrative school census data collected by fed-

ral and state education authorities (known as the Formato 911 ).

ince 1998, this school census is collected at the beginning and

nd of each school year, and lists, among other entries, the number

f teachers, students, classrooms, computers, the average years of

chooling of teachers, and the geographic location of each school.

ith a unique school identifier ( Clave de Centro de Trabajo, CCT ), it

s possible to merge this school census data with the results from

NLACE into a single data base. 

ENLACE’s methodology followed item response theory (IRT) al-

owing horizontal comparability of results (same grade over time),

ut not vertical comparisons (between grades). Since ENLACE is a

ensus, in theory, it is possible to construct a panel of students

ith learning outcomes in different points in time. However, for

his paper we do not attempt to construct and exploit the longi-

udinal dimension of ENLACE and instead rely on the analysis of

epeated cross sections. 6 In addition to learning outcomes, ENLACE

ncludes socioeconomic information for each school based on their

eographical location. 7 

Fig. 3 shows mean math scores in PAE and non-PAE schools

rom 2006 to 2013. In general, schools in Colima improved by 42

oints of ENLACE, or 0.42 standard deviations, throughout this pe-

iod. As expected, the 108 PAE schools had lower learning out-
7 The National Population Council (Consejo Nacional de Población, CONAPO) 

anks all localities (an administrative and / or geographic entity often more 

isaggregated than a municipality) in Mexico according to a marginality index, 

 weighted average of literacy, access to basic public utilities, household in- 

rastructure and average wages. Rankings range from very high marginalization, 

igh marginalization, medium marginalization, low marginalization, and very low 

arginalization. For methodological details regarding Mexico’s marginality index, 

ee www.conapo.gob.mx . 

http://www.enlace.sep.gob.mx
http://www.conapo.gob.mx
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Fig. 3. Evolution of average score in PAE and non-PAE schools. 

Table 1 

Characteristics of public schools in Colima, 2009–2012. 

Variable School 2009 2010 2011 2012 

Number of students PAE 223.042 232.158 243.729 244.91 

Non-PAE 286.984 290.241 296.758 295.651 

Student/teacher ratio PAE 25.46791 26.38239 26.8327 26.89017 

Non-PAE 28.39154 28.35412 28.46782 28.40472 

% of teachers with PAE 0.4086632 0.4353684 0.4279682 0.4299641 

Incentive program Non-PAE 0.5917175 0.5751988 0.5549696 0.5519045 

% of teachers with PAE 0.7514346 0.7729504 0.7899677 0.7935849 

B.A. or more Non-PAE 0.7489002 0.7766308 0.8095469 0.8108789 

Marginality index PAE 1.191259 1.19247 1.188182 1.182734 

Non-PAE 0.4429964 0.4426403 0.4437509 0.4430926 

Source: Authors’ own computations with data from the school census, 2009, Secretaría de Educación Pública. 
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omes relative to the non-PAE schools. In 2009, the baseline year,

he difference between PAE and non-PAE schools was 56 points;

he gap was reduced to 42 point in 2010, one year after the im-

lementation of PAE. Table 1 shows average characteristics of PAE

nd non-PAE schools during the period 2009–2012. PAE schools

ere smaller, with fewer teachers in the teacher incentive pro-

ram ( Carrera Magisterial ) and significantly poorer than noon PAE

chools. 

. Methodology 

We follow two alternative methodologies to identify the effects

f PAE on student-level test scores: a differences-in difference (DD)

pproach exploiting post-treatment differentiated performance on

est scores between PAE and non-PAE schools and a regression

iscontinuity (RD) approach exploiting the exogenously defined

hreshold or cutoff point dividing PAE and non-PAE schools. The
D identifies the effects of the program assuming homogeneous

erformance in test scores between PAE and non-PAE schools in

he absence of the program. In other words, DD assumes orthog-

nality between treatment assignment and pre-treatment trend,

hich could be a restrictive assumption. RD overcomes this limi-

ation by exploiting differences in performance between PAE and

on-PAE schools in the neighborhood of the exogenously deter-

ined cutoff point defining PAE schools. However, the limitation of

D is that the number of clusters (in our case schools) around the

utoff needed to identify a given effect under RD is relatively large,

ence reducing the precision of the estimates. Therefore, getting

imilar effects under the two alternative strategies provides more

obust evidence of the true impact of PAE on test scores. In ad-

ition, as a robustness check, we estimate the changes-in-changes

stimator developed by Athey and Imbens (2006) . 

Formally, let us define Y i, s, t as the test score of the i th student

n school s in year t and PAE s as a dummy variable taking the value
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Table 2 

Bandwidths around the cutoff. 

Enlace points Schools Students PAE NonPAE 

10.1 67 7460 35 32 

20.2 129 14,126 67 62 

40.4 223 25,071 98 125 

Source: Authors’ elaboration using RD command 
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of one if the school is part of the program, zero otherwise. The DD

is estimated via the following regression using OLS: 

 i,s,t = α0 ,t + α1 PAE s + A t + 

T ∑ 

t = t ∗
λt PAE s ∗ (A t ) + 

K ∑ 

k =1 

δk,t X 

k 
s,t + εi,s,t 

(1)

where A are year fixed effects, X s, t are a series of school-level con-

trols and ε i, s, t is a random component. The parameters of interest

capturing the impact of PAE are the ones measuring the test score

effects of the interaction between PAE and the year fixed effects,

λt . If these parameters are statistically significant they would indi-

cate that the post-treatment performance of PAE schools is differ-

ent from non-PAE schools, controlling for everything else, suggest-

ing that the program had an effect on student test scores. 

There could be several reasons why an identification strategy

such as the one described by Eq. (1) would yield biased estima-

tors. First, the two groups, PAE and non-PAE schools are not equal

ex-ante. Therefore, factors unrelated to the program can impact

both groups differently causing a different post-PAE performance

among treated and untreated schools and hence biasing the DD

results. Second, the selection of schools on the basis of a one-year

school performance ranking may misclassify schools due to a one-

time performance aberration (one time shocks or mean reverting

noise). As discussed by Chay, McEwan, and Urquiola (2005) , this

would produce biased estimators of the program’s impact since

PAE (low-performing) schools would tend to automatically revert

to the overall mean, causing a post-treatment performance differ-

ent from that of non-PAE schools. 

According to Chay et al. (2005) , a regression discontinuity de-

sign can defuse these two identification problems. The logic be-

hind the RD approach is simple: the objective is to identify a group

of schools that are part of PAE and similar enough to a group of

schools that are not part of the program. A good place to identify

such comparison groups is around the cutoff point distinguishing

PAE from non-PAE schools as the threshold mimics a randomized

selection to receive or not to receive treatment ( Imbens & Lemieux,

20 07; Imbens & Wooldridge, 20 08 ). Formally, let us define Y i, s, t as

a function of PAE , the average results of school s at the baseline

Y s , 2009 , the interaction between the former and the latter, a series

of school-level controls X s, t and random component ε′ 
i,s,t 

: 

 i,s,t = β0 ,t + β1 ,t PAE s + β2 ,t Y s, 2009 + β3 ,t PAE s ∗ (Y s, 2009 ) 

+ 

K ∑ 

k =4 

βk,t X 

k 
s,t + ε′ 

i,s,t (2)

Notice that the dummy variable identifying schools belonging

to PAE and their eligibility variable, ENLACE average results for

2009, are constant over time. By assumption ε′ 
i,s,t 

should be inde-

pendently and identically distributed (iid) with a mean of zero and

known variance. Eq. (2) can be modified to include higher order

terms of the forcing variable, Y s , 2009 , to control for non-linearities

in the relationship between the eligibility criteria and subsequent

test scores. 8 For a group of schools sufficiently close to the PAE-

eligibility cutoff, such that samples are balanced both in observ-

ables and unobservables, the effects of PAE will be captured by ˆ β1 ,t 

in Eq. (2) . An important limitation to the regression discontinuity

design, however, is that the results are valid only for observations

around the cutoff point; the estimated impact is limited to a lo-

cal average treatment effect which cannot be generalized to cover

the entire population, thereby undermining the external validity of
8 Higher order polynomials are typically used when estimating RD using all the 

available information as oppose to restricting it to those observations within the 

optimal bandwidth (see Imbens & Lemieux, 2007 ). 

d  

p

he estimation. A second limitation more relevant for the current

tudy is that RD relies on having a large number of observations

round the cutoff. As shown by Dragoset and Deke (2012) and

chochet (2009) for a constant statistical power and minimum de-

ectable effect, the number clusters (schools) needed under RD is

elatively large, hence, limiting the statistical power in the evalua-

ion of PAE. 

Under both approaches, DD and RD, the unit of intervention is

he school but the unit of analysis is the student (that is, schools,

ot students, are assigned to PAE). Therefore, the unobservables are

omposed of two terms εi,s,t = ηs + νi,s,t . These terms are, respec-

ively, a school-specific component ( ηs ) and an individual-, school-

nd time-specific term ( ν i, s, t ). This structure of the error term im-

lies clustering of students within schools allowing for intra-school

orrelation across students. Since PAE started in January of 2010

nd the first follow up ENLACE test was a few months later, in May

010, the DD estimator ˆ λ2010 and RD estimator ˆ β1 , 2010 capture the

ccountability effect of the program. 

.1. Determining the bandwidth of comparable schools 

The optimal number of schools around the cutoff by which to

valuate the impact of the PAE program is determined by a trade-

ff between precision and internal validity. That is, a narrow band-

idth would select schools very close to the cutoff, hence more

imilar in observables and unobservables, but the statistical power

ight be compromised given the small number of observations.

n the other hand, a wider bandwidth would increase the number

f observations in the treatment and control groups but might not

ield balanced samples in observables (and unobservables). We fol-

ow the method developed by Imbens and Kalyanaraman (2012) to

etermine the optimal bandwidth which yields 20.2 ENLACE points

elow and above the cutoff or 0.202 standard deviations around

he threshold dividing PAE from non-PAE schools. This optimal

andwidth will be complemented with two alternative but rather

rbitrary bandwidths: half of the optimal bandwidth ( ±10.1 points

f ENLACE) and double the optimal bandwidth ( ±40.4 points of

NLACE). 9 Table 2 shows the number of schools above (non-PAE)

nd below (PAE) the cutoff as well as the number of students us-

ng each of the three different bandwidths. 

A requirement for the RD approach to be valid is that the den-

ity of the forcing variable must be continuous around the cutoff

nd this is what is shown by Fig. A2 in the Annex. Granted suffi-

ient observations around the cutoff, the RD approach may mimic

 randomized experiment if the treatment and control groups are

qual in expectation on all observed and unobserved dimensions.

able 3 shows school inputs in the school year 20 08–20 09 (the

aseline) for schools within the optimal bandwidth. School inputs

re statistically equal across treatment and control in all but one

imension. Differences in school size, number of teachers, the pro-

ortion of teacher that are part of a monetary incentives program

 Carrera Magisterial ), the proportion of teachers with a university

egree or higher, as well as the dropout and failure rates between
9 The optimal bandwidth was computed using the regression discontinuity Stata 

rogram RD developed in Nichols (2014) . 
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Table 3 

School inputs 2009, schools within the optimal bandwidth. 

Non-PAE control PAE-Treatment Difference S.E. 

Number of students 201.9 181.7 20.17 (16.82) 

Number of teachers 11.20 10.82 0.38 (0.73) 

% of teachers with incentive program 0.51 0.45 0.06 (.055) 

% of teachers with B.A. or more 0.72 0.75 −0.02 (0.04) 

Student/teacher ratio 26.18 24.7 1.47 (0.89) 

Marginality index 0.77 1.13 −0.36 (0.17) ∗∗

Source: Authors’ own computations with data from the school census, 2009, Secretaría de Educación Pública. 
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AE and non-PAE schools within the optimal bandwidth are sta-

istically insignificant. Nevertheless, differences in the marginality

ndex between PAE and non-PAE schools indicate that PAE schools

end to be poorer that non-PAE, even when comparing only those

ocated ±20.2 points of ENLACE around the cutoff. This is not sur-

rising given the very high correlation between test scores and so-

ioeconomic status in Mexico and elsewhere (see Mizala, Roma-

uera, & Urquiola, 2007 ). By definition, PAE schools have lower av-

rage test scores than non-PAE schools, therefore, almost by con-

truction PAE schools tend to be poorer than non-PAE schools. Our

esults control for all these school-level differences. 

. Results 

This section shows the results of the DD and RD approaches

escribed above focusing on the effects of PAE on math test scores.

he effects on Spanish are listed in the Annex as a comparison. The

esults include estimations of DD and RD with and without school-

evel controls using all available data and restricting the estimation

or those schools within the optimal bandwidth. The DD are also

stimated using only schools around the cutoff to make them more

omparable to the RD estimates and to make the results robust to

ifferences in initial conditions. In all estimations standard errors

re clustered at the school level. 

.1. DD approach 

Table 4 presents the DD effects of the PAE program on math

est scores using different specifications. The first of these speci-

cations (column 1 in Table 4 ) estimates the DD effects without
Table 4 

Difference in difference PAE estimation, Math. 

(1) (2) (

All All-controls O

PAE −64.71 ∗∗∗ (3.15) −47.79 ∗∗∗ (3.31) −
2010 13.29 ∗∗∗ (1.37) 13.88 ∗∗∗ (1.38) 1

2011 25.21 ∗∗∗ (1.82) 26.34 ∗∗∗ (1.82) 2

2012 44.19 ∗∗∗ (1.84) 45.52 ∗∗∗ (1.85) 4

PAE 2010 12.89 ∗∗∗ (3.42) 9.63 ∗∗∗ (3.51) 1

PAE 2011 18.47 ∗∗∗ (3.30) 13.78 ∗∗∗ (3.50) 1

PAE 2012 22.77 ∗∗∗ (4.46) 17.62 ∗∗∗ (4.55) 1

Student/teacher 1.97 ∗∗∗ (0.39) 0

Incentive program 23.62 ∗∗∗ (6.05) 8

Teachers BA n −5.47 (7.89) −
Low marginality n −12.42 ∗∗∗ (3.87) 5

Medium marginality n −16.02 ∗∗ (6.33) 4

High marginality −15.52 ∗∗ (7.12) −
Constant 523.28 ∗∗∗ (2.69) 461.38 ∗∗∗ (11.29) 4

R2 0.063 0.075 0

Obs 161,085 160,757 5

Clusters 310 309 1

School-level clustered standard errors in parentheses. 
∗p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 

n: the reference category is “very low” marginality level. 
ontrols and using all available data of 310 PAE-eligible public pri-

ary schools in Colima. The results show an effect of almost 0.13

tandard deviations ( σ hereafter) in 2010, a few months after PAE

as launched. According to this simple specification, the DD esti-

ator increased over time although the estimated effects in 2011

nd 2012 are not statistically different from that in 2010, as sug-

ested by the learning outcome trends shown in Fig. 3 . Notice that

pecification (1) with standard errors clustered at the school level

s equivalent to specification without clusters but with school fixed

ffects. Specification (2) includes the following school-level con-

rols: student - teacher ratio, proportion of teachers that are en-

olled in the monetary incentives program Carrera Magisterial , pro-

ortion of teachers with a university degree or a post-graduate

iploma, and the level of marginalization of the locality where the

chool is located (based on the marginality index). Including these

ontrols, which are highly significant, reduces the estimated effects

f PAE to close to 0.10 σ in 2010 but still significant at the 99%

onfidence level. The DD effects for 2011 and 2012 are positive and

tatistically significant but not different than the results in 2010. 

Specifications (3), (4) and (5) are the same as specification

2) but restricting the observations to schools within the optimal

andwidth (OB), half of the OB, and twice the OB. Not surprisingly,

nder the OB restricted sample, the controls reduce their signifi-

ance. However, the effects of PAE remain statistically significant

ith a point estimator close to 0.11 σ . Notice that under speci-

cation (3), the DD estimators across years 2010, 2011 and 2012

re very similar suggesting that there was a short term improve-

ent and then test scores remained constant. Between 2009 and

010, PAE schools managed to improve 0.11 σ faster vis-a-vis the

hanges in comparable non-PAE schools as a result of the interven-

ion, capturing the effects of the program during the “awareness”
3) (4) (5) 

ptmal BW Half the OB Double OB 

22.42 ∗∗∗ (2.66) −11.64 ∗∗∗ (3.33) −36.92 ∗∗∗ (2.60) 

3.75 ∗∗∗ (3.07) 16.18 ∗∗∗ (4.54) 13.73 ∗∗∗ (1.97) 

9.07 ∗∗∗ (3.31) 30.40 ∗∗∗ (5.36) 29.63 ∗∗∗ (2.16) 

7.09 ∗∗∗ (3.63) 51.34 ∗∗∗ (5.05) 48.95 ∗∗∗ (2.36) 

0.82 ∗∗ (4.77) 10.93 (7.49) 10.31 ∗∗∗ (3.61) 

2.85 ∗∗∗ (4.81) 10.84 (7.28) 12.58 ∗∗∗ (3.60) 

3.51 ∗∗ (5.43) 7.88 (7.19) 15.92 ∗∗∗ (4.77) 

.64 ∗ (0.32) 0.49 (0.51) 0.52 ∗ (0.30) 

.70 ∗ (4.92) 11.94 ∗ (6.09) 5.41 (4.54) 

9.42 (7.03) −9.07 (9.84) −7.37 (6.09) 

.47 ∗ (3.02) 5.16 (4.05) 4.13 (3.06) 

.96 (7.68) 4.28 (8.76) −3.34 (6.31) 

1.88 (5.25) −4.80 (5.00) −4.40 (6.45) 

73.47 ∗∗∗ (9.60) 470.56 ∗∗∗ (13.03) 4 87.6 8 ∗∗∗ (8.84) 

.038 0.037 0.050 

9,223 31,548 105,475 

29 67 222 
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Table 5 

Regresion discontinuity estimation results, math. 

(1) (2) (3) (4) 

All Optimal BW Half the OB Double OB 

PAE 15.93 ∗ (8.91) 6.85 (8.59) 1.95 (13.61) 12.02 ∗ (7.24) 

Forcing variable 0.98 ∗∗∗ (0.17) 0.44 (0.46) 0.23 (1.43) 0.99 ∗∗∗ (0.19) 

FV square −0.00 (0.00) 

PAE ∗ (F V − cutof f ) 1.23 (0.93) 1.10 (0.76) −0.06 (2.56) 0.38 (0.38) 

(PAE ∗ (F V − cutof f )) 2 0.03 (0.02) 

Student/teacher 1.25 ∗∗∗ (0.35) 1.26 ∗∗ (0.51) 2.32 ∗ (1.26) 1.31 ∗∗∗ (0.42) 

Incentive program 6.22 (5.24) 3.44 (6.81) −6.47 (10.09) −0.09 (5.79) 

Teachers BA −7.10 (7.18) −24.84 ∗ (14.10) −46.98 ∗∗ (20.03) −13.01 (8.30) 

Low marginality 2.43 (3.74) 2.96 (4.49) 12.01 ∗ (6.68) 4.76 (3.85) 

Medium marginality −4.06 (7.61) 7.40 (12.41) 22.12 (14.08) 0.74 (8.53) 

High marginality −1.54 (6.91) 0.86 (4.61) 8.55 (6.65) −1.42 (6.35) 

Constant 461.86 ∗∗∗ (11.77) 481.07 ∗∗∗ (18.81) 468.94 ∗∗∗ (29.26) 466.49 ∗∗∗ (14.18) 

R2 0.095 0.012 0.014 0.030 

Obs 38,928 14,201 7518 25,433 

Clusters 307 127 67 220 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 
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period. Restricting the schools included in the analysis to half of

the OB does not change the DD estimator; however, with only 67

clusters, the estimates lose precision and are no longer statistically

significant. DD estimations using schools within double the size of

the OB (222 clusters) yields very similar results as those with the

OB. Albeit marginally smaller, the effects of PAE on math scores

are corroborated by the program’s effects on Spanish (see Table A1

in Annex). The effects on Spanish scores in 2010 range from close

to 0.12 σ when estimating the DD without controls and using the

full sample, to 0.09 σ when the controls are included and 0.08 σ
when restricting the estimation to schools within the OB, always

significant at the 95% confidence level. 

4.2. RD approach 

The first strategy followed within the RD approach is a graphi-

cal representation of the discontinuity using local linear or kernel

regressions on both sides of the cutoff. Fig. 6 illustrates the rela-

tionship between average math performance at the school level

in 2010 (vertical axis) and the forcing variable , the simple aver-

age ENLACE results at the school level in 2009 relative to the test

score (horizontal axis). The PAE schools are to the left of the cutoff,

which was used for their eligibility into the program, and the non-

PAE schools are to the right. A mild discontinuity appears at the

cutoff (469 points of the school average ENLACE score of 2009):

there is a general pattern showing that schools slightly below the

cutoff (the PAE schools) display greater test scores in 2010 than

schools slightly above the cutoff (the non-PAE schools), although

their scores in 2009 were very similar. Zooming into the disconti-

nuity reveals that the difference in the regression at the cutoff is

around 10 ENLACE points or 0.10 σ , very close to DD estimates.

This graphic illustration suggests a positive effect on test scores in

2010 brought about by the program and is consistent with the re-

sults shown by the DD approach. 

Analyzing the impact of the program after one year, when the

schools may have implemented some of the pedagogical interven-

tions, provides additional information on the impact of the PAE.

The graphical representation of the RD in 2011, shows no discon-

tinuity at the cutoff. Schools on the left of the threshold have an

average achievement in 2011 similar to those schools on the right

of the cutoff (see left panel of Fig. 6 ). Similar results showing no-

discontinuity are found in 2012, two years after the implementa-

tion of the program. 
The parametric estimation of RD, Eq. (2) , includes the same

pecifications as the DD approach. In other words, the results pre-

ented in Table 5 include a specification using the full sample

more than 38,0 0 0 students in 310 schools at baseline) and in-

luding school-level controls while specifications 2, 3 and 4 restrict

he observations to those schools within different bandwidths. All

tandard errors are clustered at the school level. According to the

D results of a specification using all available schools, PAE had

n effect of 0.16 σ on math test scores in 2010 (with ρ = 0 . 075 ),

 few months after the implementation of the program. These re-

ults are similar in magnitude to the ones obtained by the DD ap-

roach. However, the effect tends to disappear as we narrow the

andwidth of schools included in the regression. At double the OB

at ±0.4 σ around the cutoff) with 220 schools included, the ef-

ect of the program is 0.12 σ significant at the 10% level; at the

B ( ±0.2 σ around the cutoff) with 127 schools included the ef-

ect is no longer significant; and at half of the OB ( ±0.1 σ around

he cutoff) with only 67 schools included, the effect basically dis-

ppears. These results suggest that PAE’s effects could have been

maller among schools near the cutoff. 

The parametric estimation of RD for years 2011 and 2012 are

hown in Tables A4 and A5 in the Annex. Consistent with the

raphic representation of the discontinuity, the parametric results

or 2011 and 2012 show no effects of PAE on test scores. These re-

ults combined with the significant effects for 2010 suggest that

he impact of PAE on test scores are driven by the accountability

nd diagnosis effect with no apparent short-run impact from the

edagogical interventions. It seems that the diagnosis and design

f a school improvement plan based on the results of ENLACE was

nough to improve test scores among PAE schools; however, no ad-

itional improvements were possible either because the pedagogi-

al interventions were not able to address the constraints faced by

chools or because the interventions were not well implemented,

ot implemented at all, or they simply needed more time to bear

ruit. 

While the DD and RD point estimates of 2010 are not substan-

ially different from each other when all the schools in the sample

re included or when those within double the OB are considered,

he SE are significantly higher under RD. For instance, taking the

ull sample and including controls, the RD shows an impact of 0.16

with a standard error of 8.9, this last one being two a half times

arger than the SE under DD which shows an effect of 0.10 σ and

E of 3.5. As we restrict further the bandwidth, SE increases and,

articularly under RD, the point estimate reduces. The increase in
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Fig. 4. PAE effects (in σ ) by gender and subject, DID and RD, 2010. Note: Not significant coefficients in red, at 10% level. (For interpretation of the references to color in this 

figure legend, the reader is referred to the web version of this article.) 
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E or lost precision of the RD estimator can be explained by poor

tatistical power attributable to the relatively few schools around

he cutoff. Notice that although there is a large number of stu-

ents in our sample, the number of clusters or schools is rela-

ively small, especially when we restrict the sample to schools lo-

ated within the OB (127 schools). Schochet (2009) estimated that,

or the same level of statistical precision, the number of clusters

eeded under RD are three to four times larger than the sample

ize required under a randomized controlled trial (RCT). Accord-

ng to Schochet (2009) “[t]he reduction in precision in the RD de-

ign arises due to the substantial correlation, by construction, be-

ween the treatment status and score variables that are included

n the regression models; this correlation is not present under the

andom allocation design.” Additional evidence in Dragoset and

eke (2012) shows that, under certain conditions, sample require-

ents are 9–17 times larger under RD that for RCTs, for a given

tatistical power. In our particular case, the number of clusters re-

uired under an RCT with an error of 0.05, power of 0.8, minimum

etectable effect of 0.13 σ , an intra-class correlation of 0.05, R 2 of

.05 and an average number of students per school of 250 is equal

o 200 clusters, or 100 treatment and control schools, respectively.

aking the results of Schochet (2009) , to have the same statistical

recision under an RD we would need at least three times more

lusters, or 600 schools within the OB, a figure considerably higher

he 129 schools within the OB. Therefore, the lack of precision un-

er RD when we restrict the sample to schools within the OB is

xplained by a lack of statistical power due to the low number of

chools around the cutoff. 
d  

i  
.3. Heterogeneous effects 

The average positive and significant effect of PAE could hide im-

ortant heterogeneous impacts within schools. The program could

ave a differentiated effect among students with different initial

onditions. For instance, between 2009 and 2010, the student-level

tandard deviation of test scores in Colima increased by 4 EN-

ACE points while the increase was equal to 10 points among PAE

chools. This suggests that PAE could have increased the within-

chool dispersion in test scores due to a heterogeneous effects

mong students in different points in the distribution of skills. 

To explore possible heterogeneous effects of the program, sepa-

ate specifications are estimated for boys and girls and for students

dentified as having an age-grade distortion and those who do

ot. All the result presented in this section concentrate in the pe-

iod 2009–2010 when the positive effect of PAE is observed. Fig. 4

hows PAE’s test score effects in math and Spanish, differentiated

y gender using the two alternative methodologies, DID and RD.

he results show that although the program had some heteroge-

eous impacts across boys and girls with boys experiencing larger

mprovements in math and girls in Spanish, we cannot reject the

ull hypothesis of equality of coefficients between gender-specific

quations. 

Students with an age-grade distortion in Mexico are largely the

utcome of late enrollment in the education system. As shown by

anacorda (2012) age-grade distortions have significant and long-

asting negative effects on test scores. In 2009, more than 17% of

he students in Colima’s public primary schools had an age-grade

istortion and close to 40% of them fell in the “insufficient” level

n ENLACE compared to 20% among students without an age-grade



132 R. de Hoyos et al. / Economics of Education Review 58 (2017) 123–140 

Fig. 5. PAE effects (in σ ) by age-grade distortion and subject, DID and RD, 2010. Note: Not significant coefficients in red, at 10% level. (For interpretation of the references to 

color in this figure legend, the reader is referred to the web version of this article.) 
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distortion. Fig. 5 shows PAE’s test score effects in math and Span-

ish, for students with an age-grade distortion and those who are

on the right grade based on their age, using the two alternative

methodologies, DID and RD. The results show that PAE had a posi-

tive effect, though not statistically significant, on math and Spanish

test scores among students with an age-grade distortion while the

effect was positive and significant among students without a dis-

tortion. This has two important implications: (1) the improvements

on average test scores brought about by PAE were not the outcome

of an increase in results among the better-off students while re-

ducing achievement test scores among the relatively worse-off, and

(2) students with relatively better starting conditions seem to ben-

efit more from the changes introduced by a low-stakes account-

ability and diagnosis interventions such PAE. Arguably, improving

scores among students with more challenging starting conditions

requires more comprehensive and long-term interventions. 

4.4. Robustness 

The results presented so far suggest that PAE had a positive

and significant effect on learning outcomes in the very short term.

There are at least three threats to the internal validity of these

results: (1) serially correlated outcomes leading to the underes-

timation of standard errors under DD; (2) a mean-reversion pro-

cess artificially increasing the point estimator under the DD ap-

proach; and (3) differences in the distribution of unobservables

across treatment and control groups, making the DD estimates in-

consistent. This section address these three potential threats to the

validity of our results. 

Bertrand, Duflo, and Mullainathan (2004) show that, by ignor-

ing the fact that DD focuses on serially correlated outcomes, its

estimation can severely underestimate standard errors. They show

that a simple correction consisting of collapsing the time series in-

formation into a “pre”- and “post”-intervention period would be
nough to account for this time series inconsistency in standard

rrors. Tables A2 and A3 in the Annex shows that when the DD

s performed using a sample with data collapsed into two peri-

ds, before and after PAE, the results are practically unchanged.

he effects on math (Spanish) test scores range from 0.18 σ (0.14

) with the full sample and no controls to 0.14 σ (0.09 σ ) when

he controls are added and 0.13 σ (0.08 σ ) when the sample is

estricted to schools within the OB, in all cases significant at the

5% confidence level. As mentioned in Section 3 one of the most

mportant limitations of the DD approach as a strategy to evalu-

te the impact of PAE is that program effects can be confounded

ith mean-reversion noise caused by a treatment selection based

n ranking of schools at the baseline. Although the RD is a ro-

ust strategy to address this concern, we also perform a simulation

howing that mean-reversion is not driving our results. If mean-

eversion is at work, then reproducing PAE’s eligibility criteria but

sing the ENLACE results of 2008 (as opposed to 2009) to rank

nd select schools should result in the simulated PAE schools ad-

ancing faster than the simulated non-PAE schools between 2008

nd 2009. Fig. A3 in the Annex shows the average evolution of test

cores between PAE and non-PAE schools using the alternative se-

ection criteria based on the school ranking of 2008 (top figure)

nd compares it with the evolution under the actual selection of

AE and non-PAE schools. The simulation and actual trends on av-

rage test scores in Fig. A3 are based on schools within the OB.

sing the ranking of 2008 to simulate the assignment of schools

nto PAE and non-PAE produces no differentiated evolution in test

cores after the assignment, suggesting that the post-2009 PAE ver-

us non-PAE differences in trends observed after the program was

aunched can be attributable to the intervention with little or no

vidence of mean-reversion effects. 

Differences in the pre-program distribution of unobservables

cross treatment and control groups would result in inconsistent
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Fig. 6. Regression discontinuity, PAE vs Non-PAE, 2010, 2011 and 2012. 
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Table 6 

Treatment effects under the changes in changes. 

Math Spanish 

Full sample Optimal BW Full sample Optimal BW 

1 17.1 (3.44) 13.8 (3.70) 16.6 (2.95) 13.0 (3.16) 

2 13.1 (2.89) 9.1 (3.25) 16.3 (1.78) 15.1 (2.68) 

3 16.0 (2.71) 13.7 (3.55) 16.4 (1.99) 15.5 (2.94) 

4 17.7 (2.61) 12.4 (3.83) 16.1 (2.36) 14.1 (2.47) 

5 18.0 (2.60) 14.6 (3.63) 20.2 (2.41) 11.7 (3.62) 

6 22.6 (2.90) 18.7 (3.78) 16.5 (2.75) 9.5 (3.85) 

7 22.0 (3.14) 21.0 (4.16) 16.4 (3.04) 6.3 (3.92) 

8 21.3 (3.14) 18.5 (3.93) 14.7 (3.28) 7.9 (3.43) 

9 22.6 (3.05) 17.3 (3.98) 13.2 (3.09) 5.6 (5.07) 

Average 18.9 15.5 16.3 11.0 

Standard errors in parentheses. 

Standard errors estimated by bootstrapping results 10 0 0 times. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 
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DD estimates. To address this potential limitation we complement

the DD with the changes-in-changes (CC) estimator developed by

Athey and Imbens (2006) . 10 The CC estimator is a generalization

of DD but imposing less assumptions. Under CC, the pre-PAE dis-

tribution of unobservables are allowed to differ between treatment

and control groups. These pre-program distribution of unobserv-

ables are used to estimate the post-program treatment effect, giv-

ing a more robust estimate of the true treatment effect of PAE.

A second advantage of CC over DD is that the former allows for

heterogeneous treatment effects across the baseline distribution of

outcome variables. In our case, CC can estimate the effects of PAE

at different points of ENLACE test scores of 2009 (the baseline). 

The results of the CC under different specifications, for math

and Spanish are presented in Table 6 . 11 Using the full sample of

310 schools without covariates, the CC effects show that PAE had

a positive and statistically significant effect on math (0.19 σ on

average) and Spanish (0.16 σ ) test scores. These effects are larger

than the ones estimated by DD and RD, perhaps indicating that the

pre-program distribution of unobservables had a negative effect on

test scores of PAE schools relative to non-PAE schools. Once these

pre-program differences in unobservables are accounted for, the ef-

fects of PAE are indeed larger than the effects estimated under DD

and RD. The difference in unobservables’ effects among treatment

and control groups could be explained by PAE’s students relatively

poorer background versus students in non-PAE schools. When the

sample is restricted to schools within the OB, the average CC es-

timates are smaller but still statistically significant, both for math

and Spanish. The heterogeneity of effects across the deciles of the

baseline ENLACE score corroborates that students with relatively

better initial math test scores at baseline benefited more from PAE.

However, this was not the case in Spanish with students in the

lower or middle part of the baseline test score distribution bene-

fiting relatively more than their better-off peers. 

PAE’s information dissemination strategy could have created

incentives within schools that can explain a positive impact.

First, the pressure put on PAE teachers by being declared low-

performing schools may have created incentives to practice some

type of “strategic behavior” by school directors or teachers such as

cheating or teaching to the test (see Figlio & Getzler, 2002 ). EN-

LACE uses two algorithms to detect cheating and results are invali-
10 The authors are indebted with an anonymous referee who suggested the use of 

the CC estimator as a strategy to provide more robust evidence of the true impact 

of PAE. 
11 The CC effects were estimated using the Stata command “cic” developed by 

Blaise Melly at the University of Bern. 

i  

n  

a  

a  

t

L

ated when it happens. 12 There is no evidence of test scores inval-

dation by the Ministry of Education of Colima to any PAE school

uring 2010, 2011 and 2012. In addition, the percentage of students

ho did not take ENLACE in 2010 and 2011 was equal to share

n non-PAE schools, which suggests that PAE schools did not try

o manipulate test scores by choosing the students who took the

est. Second, student mobility across schools might have affected

he test scores after the PAE schools were identified. But such mo-

ility in Mexico is very difficult without a strong reason such as

he geographic reallocation of the student’s family. In addition, it

ould have been more likely that the best students would have

oved out of PAE schools, which, if anything, would suggest the

mpact of the program could have been stronger than the esti-

ated presented in this study. Third, school directors could have

hanged their managerial practices in PAE schools. There is some

vidence, from self-reported surveys, that directors in PAE schools

mprove monitoring of teacher’s attendance and punctuality, vis-

ted classrooms more often, and had meetings to discuss learning

utcomes between 2009 and 2010; all these managerial changes

ere prompted, in part, by the regular visits of PAE’s technical ad-

iser . Finally, principals and teachers may have focused on teach-

ng to the test. Curriculum and ENLACE are linked by design and

NLACE was used to show the weakness areas in the classrooms

f the low-performing schools. With the existing information, we

annot rule out the possibility that teachers used this information

o teach the subjects that were more closely connected to the test

math and Spanish). But just as probable as using the information

o improve learning outcomes, as argued here. There is little incen-

ive to teach to the test since the Mexican achievement tests are

ot high stakes. In the case of the Colima intervention, the targeted

chools were low performing, significantly below the state and na-

ional averages. Incentives to improve learning outcomes in this

ow-stakes environment probably resulted in increased attention

o mastering the material, which is a positive thing when learn-

ng outcomes are so low. 

. Conclusions 

In 2009, the state of Colima identified 108 public primary

chools that had obtained the lowest learning outcomes as mea-

ured by the national standardized student assessment, ENLACE.

n early February 2010, the state governor announced the “perfor-

ance status” of selected schools: schools which performed below

n arbitrary cut-off were automatically enrolled in a mandatory

chool improvement program known as PAE. The program, how-

ver, was discontinued during the 2011–2012 school year. 

Following two alternative strategies to identify the effects of

AE on learning outcomes, a difference-in-difference and a regres-

ion discontinuity design, the paper shows that PAE increased test

cores by 0.12 standard deviations only a few months after pro-

ram launch. The size of the effect aligns with other studies evalu-

ting the impact of low-stakes accountability interventions on test

cores. Although this effect remains two years after program im-

lementation, our results show no additional impact attributable

o the interventions intended to change major inputs in the learn-

ng production function as oppose to a marginal change in effort.

he effects are homogeneous across boys and girls; however, test

cores among students with disadvantaged initial conditions, prox-

ed by age-grade distortion, improved only marginally (statistically

ot different from zero) as a result of the intervention. Our results

re not driven by serial correlation or mean reversion effects and

re robust to the less restrictive identification assumptions under

he changes-in-changes estimator. 
12 Algorithms have also been used in the US to detect cheating, see Jacob and 

evitt (2003) for an example using data from Chicago public schools. 
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The fact that the PAE program was halted after only 18 months

f implementation suggests that the main intervention of the pro-

ram was circumscribed to the public announcement made by

tate authorities, followed by detailed information provided to the

chools about the test scores of their students, the activities con-

ected to the design of a school improvement plan, and close sup-

ort provided by the program’s technical advisers. Activities dur-

ng the period of preparation of the school improvement plan in-

luded the notification to schools that they were low-performing, a

iagnosis based on test score results, identification of weaknesses

ithin subject areas evaluated, a discussion between the school

irector and teachers on how to address the challenges, and the

etting of clear goals regarding learning outcomes. In other words,

t was the information that was publicly announced apprising di-

ectors in PAE schools of their relatively poor performance. While

his information was public already, the announcement by state

uthorities triggered an accountability effect. The diagnostic feed-

ack that came about through the design of the school improve-

ent plan gave the schools the tools and knowledge they needed

o take action and set goals themselves. Therefore, it is plausible

hat the public announcement itself allowed school to make small

ut significant learning gains. 

The results suggests that when students, teachers and parents

n a school know that their scores are low, this could trigger a

rocess of self-evaluation and analysis, and the process itself may

ead to an improvement in learning outcomes. Although there was

o “shaming” for PAE schools in Colima, there may be an intrin-

ic motivational impact connected to the ranking of a school rel-

tive to others compounded by the compensatory nature of the

rogram and the co-responsibility of state authorities in the chal-
Fig. A1. Example of a report card u
enge of improving learning outcomes. According to this analysis, it

s not the inputs made available by PAE that led to improvements.

ather, it was the signaling value of the program which resulted

n rising test scores. Moreover, unlike the high-stakes accountabil-

ty interventions sometimes leading school closures in the United

tates, or the sacking of school directors in England, or the lead

ith your feet school choice in the Netherlands, the policy (and the

e facto events) in Colima bore no punitive actions against schools

r school directors. 

While the PAE program in Colima was surprisingly and frus-

ratingly short-lived, its premature termination serves to highlight

 largely unrecognized phenomenon in education: acknowledg-

ent is, in some ways, virtually tantamount to improvement. After

ll, if you really understand the problem, effective solutions come

uch easier. If you do not understand the problem, no amount of

problem-solving” can be expected to work. One may still legiti-

ately wonder why schools did not improve before the PAE pro-

ram given that the same information was already disclosed pub-

icly. Perhaps the information was not well understood or dissem-

nated, or beleaguered school leaders in poorly performing schools

ould not, without the right logistical support and networking, be-

in to proactively use the results from the standardized test to trig-

er a discussion and design a school improvement plan. These are

ll areas of future research. It remains refreshing, however, that the

se of information from standardized tests, without punitive mea-

ures but within a supportive and collaborative environment, ap-

ears to be sufficient for improving learning. 

nnex 
sing ENLACE, math 3rd grade. 
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Fig. A2. Density of the assignment variable. 

Table A1 

Difference in difference PAE estimation, Spanish. 

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

All All-controls Optmal BW Half the OB Double OB 

PAE −62.38 ∗∗∗ (2.98) −45.01 ∗∗∗ (3.07) −19.89 ∗∗∗ (2.09) −9.47 ∗∗∗ (2.60) −34.98 ∗∗∗ (2.22) 

2010 16.28 ∗∗∗ (1.27) 16.74 ∗∗∗ (1.31) 17.62 ∗∗∗ (2.61) 20.25 ∗∗∗ (3.80) 17.64 ∗∗∗ (1.73) 

2011 28.99 ∗∗∗ (1.70) 29.80 ∗∗∗ (1.72) 33.08 ∗∗∗ (2.84) 33.84 ∗∗∗ (4.43) 32.62 ∗∗∗ (2.14) 

2012 30.07 ∗∗∗ (1.79) 31.05 ∗∗∗ (1.83) 31.30 ∗∗∗ (3.40) 32.92 ∗∗∗ (4.17) 31.63 ∗∗∗ (2.30) 

PAE 2010 11.75 ∗∗∗ (2.92) 8.65 ∗∗∗ (3.03) 8.14 ∗∗ (3.90) 7.81 (6.22) 8.26 ∗∗∗ (3.03) 

PAE 2011 14.56 ∗∗∗ (3.16) 10.17 ∗∗∗ (3.46) 8.07 ∗ (4.13) 4.72 (5.66) 9.18 ∗∗∗ (3.50) 

PAE 2012 14.26 ∗∗∗ (3.90) 9.40 ∗∗ (4.08) 6.63 (5.08) 3.25 (6.15) 10.28 ∗∗ (4.23) 

Student/teacher 2.05 ∗∗∗ (0.37) 0.52 ∗ (0.30) 0.11 (0.46) 0.63 ∗∗ (0.25) 

Incentive program 20.45 ∗∗∗ (5.45) 3.36 (4.65) 5.97 (5.69) 1.52 (3.94) 

Teachers BA −2.32 (7.37) 0.49 (6.07) 0.15 (8.31) −1.40 (5.25) 

Low marginality −13.56 ∗∗∗ (3.62) 3.44 (2.90) 2.02 (4.04) 2.85 (2.82) 

Medium marginality −19.96 ∗∗∗ (5.27) −1.32 (6.21) −0.45 (6.72) −7.64 (4.97) 

High marginality −15.50 ∗∗∗ (5.71) −4.07 (4.86) −9.75 ∗∗ (4.87) −4.70 (5.38) 

Constant 519.25 ∗∗∗ (2.54) 455.07 ∗∗∗ (10.82) 469.19 ∗∗∗ (9.28) 474.83 ∗∗∗ (12.07) 479.53 ∗∗∗ (7.73) 

R2 0.060 0.074 0.027 0.022 0.041 

Mean Dep 

SD Dep 

Obs 161,085 160,757 59,223 31,548 105,475 

Clusters 310 309 129 67 222 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 



R. de Hoyos et al. / Economics of Education Review 58 (2017) 123–140 137 

Fig. A3. Evolution of test scores under simulated (top) versus actual (bottom) PAE. 
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Table A2 

Difference in difference, before vs. after estimation, math. 

(1) (2) (3) 

All All-controls Optmal BW 

PAE −64.71 ∗∗∗ (3.15) −47.86 ∗∗∗ (3.31) −22.55 ∗∗∗ (2.68) 

After 28.18 ∗∗∗ (1.43) 29.02 ∗∗∗ (1.41) 30.62 ∗∗∗ (2.85) 

PAE ∗after 18.27 ∗∗∗ (2.94) 14.04 ∗∗∗ (3.06) 12.61 ∗∗∗ (4.04) 

Student/teacher 2.00 ∗∗∗ (0.39) 0.68 ∗∗ (0.33) 

Incentive program 22.95 ∗∗∗ (6.11) 7.25 (5.11) 

Teachers BA −2.28 (7.98) −9.09 (7.06) 

Low marginality −12.33 ∗∗∗ (3.90) 5.26 ∗ (3.06) 

Medium marginality −16.01 ∗∗ (6.35) 5.12 (7.66) 

High marginality −15.62 ∗∗ (7.09) −1.91 (5.34) 

Constant 523.28 ∗∗∗ (2.69) 458.65 ∗∗∗ (11.21) 473.02 ∗∗∗ (9.68) 

R2 0.052 0.064 0.026 

Obs 161,085 160,757 59,223 

Clusters 310 309 129 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 

Table A3 

Difference in difference, before vs. after estimation, Spanish. 

(1) (2) (3) 

All All-controls Optimal BW 

PAE −62.38 ∗∗∗ (2.98) −45.07 ∗∗∗ (3.07) −19.96 ∗∗∗ (2.10) 

After 25.33 ∗∗∗ (1.38) 25.98 ∗∗∗ (1.38) 27.52 ∗∗∗ (2.51) 

PAE ∗after 13.55 ∗∗∗ (2.65) 9.49 ∗∗∗ (2.84) 7.63 ∗∗ (3.52) 

Student/teacher 2.06 ∗∗∗ (0.37) 0.54 ∗ (0.31) 

Incentive program 20.05 ∗∗∗ (5.47) 2.55 (4.66) 

Teachers BA −0.50 (7.36) 0.60 (6.06) 

Low marginality −13.46 ∗∗∗ (3.64) 3.42 (2.91) 

Medium marginality −19.90 ∗∗∗ (5.28) −1.24 (6.22) 

High marginality −15.58 ∗∗∗ (5.69) −4.07 (4.90) 

Constant 519.25 ∗∗∗ (2.54) 453.49 ∗∗∗ (10.75) 468.98 ∗∗∗ (9.38) 

R2 0.057 0.071 0.024 

Obs 161,085 160,757 59,223 

Clusters 310 309 129 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 

Table A4 

Regresion discontinuity estimation results, Math 2011. 

(1) (2) (3) (4) 

All Optmal BW Half of OB Double OB 

PAE 4.71 (6.43) 1.97 (8.06) −2.72 (11.44) 8.90 (6.47) 

Forcing variable 1.04 ∗∗∗ (0.20) 0.66 (0.47) 1.31 (1.68) 1.04 ∗∗∗ (0.22) 

FV square −0.00 (0.00) 

PAE ∗ (F V − cutof f ) −0.77 (0.60) −0.12 (0.66) −3.35 (2.14) −0.08 (0.37) 

(PAE ∗ (F V − cutof f )) 2 −0.01 (0.01) 

Student/teacher 0.43 (0.33) 0.14 (0.59) −0.82 (0.77) 0.25 (0.38) 

Incentive program 12.21 ∗∗ (5.24) 14.68 ∗ (8.62) 17.63 (11.34) 7.60 (6.16) 

Teachers BA −7.43 (9.03) −8.78 (12.05) 0.50 (15.02) −7.35 (9.84) 

Low marginality 2.94 (3.68) 2.92 (4.70) −3.66 (7.19) 4.84 (3.69) 

Medium marginality 1.65 (6.60) 3.86 (11.01) 0.60 (13.38) 4.53 (7.43) 

High marginality −7.36 (7.12) −7.95 (7.71) −15.07 ∗∗ (6.98) −5.50 (7.90) 

Constant 496.83 ∗∗∗ (10.80) 507.54 ∗∗∗ (16.08) 523.92 ∗∗∗ (23.54) 502.17 ∗∗∗ (12.25) 

R2 0.074 0.007 0.007 0.023 

Mean Dep 

SD Dep 

Obs 39,866 14,635 7836 26,075 

Clusters 307 127 66 220 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 
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Table A5 

Regresion discontinuity estimation results, math 2012. 

(1) (2) (3) (4) 

All Optmal BW Half of OB Double OB 

PAE 4.36 (7.82) 0.64 (8.39) 1.72 (10.71) 8.01 (7.13) 

Forcing variable 1.01 ∗∗∗ (0.21) −0.19 (0.53) 1.02 (1.46) 1.07 ∗∗∗ (0.19) 

FV square −0.00 (0.00) 

PAE ∗ (F V − cutof f ) −0.91 (0.93) 1.22 (0.81) −1.76 (1.97) −0.48 (0.43) 

(PAE ∗ (F V − cutof f )) 2 −0.01 (0.02) 

Student/teacher 0.54 (0.40) 0.46 (0.61) −0.07 (0.76) 0.72 (0.47) 

Incentive program 14.04 ∗∗ (7.11) 24.45 ∗∗ (10.24) 39.68 ∗∗∗ (13.01) 6.70 (8.56) 

Teachers BA −16.55 (10.76) −10.29 (12.47) 0.09 (14.35) −20.37 (12.35) 

Low marginality 8.30 ∗ (4.35) 13.57 ∗∗ (5.50) 8.07 (7.40) 12.35 ∗∗∗ (4.59) 

Medium marginality −1.29 (8.66) −7.42 (9.26) −8.90 (10.75) 0.97 (9.19) 

High marginality −7.57 (8.39) −4.28 (8.90) −13.32 (9.12) −6.89 (7.69) 

Constant 517.67 ∗∗∗ (12.47) 517.73 ∗∗∗ (17.05) 512.17 ∗∗∗ (22.79) 516.60 ∗∗∗ (14.69) 

R2 0.063 0.012 0.014 0.020 

Mean Dep 

SD Dep 

Obs 43,806 16,261 8734 28,943 

Clusters 307 127 66 220 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 

Table A6 

Regresion discontinuity estimation results, Spanish 2010. 

(1) (2) (3) (4) 

All Optmal BD Half of OB Double OB 

PAE 13.31 ∗ (6.98) 6.63 (7.07) 11.81 (11.03) 9.70 (5.89) 

Forcing variable 0.98 ∗∗∗ (0.15) 0.63 (0.42) 1.85 (1.37) 1.01 ∗∗∗ (0.16) 

FV square −0.00 (0.00) 

PAE ∗ (F V − cutof f ) 0.99 (0.75) 0.69 (0.66) −1.54 (2.13) 0.19 (0.30) 

(PAE ∗ (F V − cutof f )) 2 0.03 (0.02) 

Student/teacher 1.11 ∗∗∗ (0.30) 0.84 ∗ (0.49) 1.69 (1.05) 1.19 ∗∗∗ (0.39) 

Incentive program 0.07 (4.13) 1.80 (6.03) −2.38 (8.96) −4.02 (4.66) 

Teachers BA −10.30 ∗ (5.82) −15.53 (10.31) −49.82 ∗∗∗ (14.11) −11.67 ∗ (6.61) 

Low marginality 0.91 (2.97) 0.41 (3.95) 4.32 (5.95) 3.55 (2.99) 

Medium marginality −7.28 (5.96) 1.39 (9.82) 13.08 (10.42) −3.29 (6.66) 

High marginality −1.21 (4.50) −3.84 (3.75) −1.93 (4.70) −2.09 (4.26) 

Constant 472.30 ∗∗∗ (9.86) 485.74 ∗∗∗ (16.72) 481.72 ∗∗∗ (24.54) 471.71 ∗∗∗ (12.53) 

R2 0.102 0.010 0.012 0.035 

Mean Dep 

SD Dep 

Obs 38,928 14,201 7518 25,433 

Clusters 307 127 67 220 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 

Table A7 

Regresion discontinuity estimation results, Spanish 2011. 

(1) (2) (3) (4) 

All Optmal BD Half of OB Double OB 

PAE 2.55 (5.81) −0.20 (7.27) 1.58 (11.09) 6.01 (5.99) 

Forcing variable 1.00 ∗∗∗ (0.19) 0.76 ∗ (0.44) 1.92 (1.81) 1.06 ∗∗∗ (0.22) 

FV square −0.00 (0.00) 

PAE ∗ (F V − cutof f ) −0.72 (0.58) −0.31 (0.61) −2.48 (2.01) −0.22 (0.35) 

(PAE ∗ (F V − cutof f )) 2 −0.01 (0.01) 

Student/teacher 0.56 ∗ (0.30) 0.14 (0.52) −1.03 (0.69) 0.44 (0.35) 

Incentive program 8.91 ∗ (4.95) 6.59 (8.14) 13.32 (11.54) 1.97 (5.80) 

Teachers BA −7.98 (8.44) −1.15 (10.91) 18.14 (13.95) −4.04 (9.67) 

Low marginality 2.45 (3.86) 3.55 (4.55) −3.38 (7.29) 5.90 (3.91) 

Medium marginality −5.20 (5.36) −3.45 (7.97) −3.88 (10.26) −0.98 (5.97) 

High marginality −6.01 (5.87) −6.87 (7.29) −15.27 ∗∗ (7.41) −3.37 (6.77) 

Constant 495.92 ∗∗∗ (10.73) 504.91 ∗∗∗ (15.27) 515.69 ∗∗∗ (22.02) 496.60 ∗∗∗ (12.73) 

R2 0.085 0.007 0.007 0.028 

Mean Dep 

SD Dep 

Obs 39,866 14,635 7836 26,075 

Clusters 307 127 66 220 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 
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Table A8 

Regresion discontinuity estimation results, Spanish 2012. 

(1) (2) (3) (4) 

All Optmal BD Half of OB Double OB 

PAE 1.67 (6.82) −0.67 (7.85) 4.98 (9.88) 3.19 (6.38) 

Forcing variable 0.98 ∗∗∗ (0.18) 0.34 (0.52) 1.94 (1.34) 1.00 ∗∗∗ (0.18) 

FV square −0.00 (0.00) 

PAE ∗ (F V − cutof f ) −0.66 (0.77) 0.61 (0.75) −1.81 (1.87) −0.37 (0.36) 

(PAE ∗ (F V − cutof f )) 2 −0.00 (0.02) 

Student/teacher 0.74 ∗∗ (0.33) 0.47 (0.61) −0.22 (0.70) 0.88 ∗∗ (0.40) 

Incentive program 11.10 ∗ (6.10) 8.47 (10.13) 19.30 ∗∗ (9.37) 0.84 (7.33) 

Teachers BA −6.11 (9.64) 1.84 (12.15) 12.07 (14.03) −6.80 (11.01) 

Low marginality 4.22 (4.06) 9.23 ∗ (5.41) 2.52 (6.63) 7.67 ∗ (4.14) 

Medium marginality −5.26 (6.99) −7.94 (8.79) −7.30 (10.39) −2.71 (7.39) 

High marginality −6.31 (7.04) −4.16 (9.70) −17.78 ∗ (9.69) −4.76 (7.65) 

Constant 487.01 ∗∗∗ (11.03) 492.95 ∗∗∗ (17.24) 492.92 ∗∗∗ (19.04) 487.19 ∗∗∗ (13.11) 

R2 0.084 0.009 0.008 0.024 

Mean Dep 

SD Dep 

Obs 43,806 16,261 8734 28,943 

Clusters 307 127 66 220 

Standard errors in parentheses. 

Standard errors clustered by school. 
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 
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