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Abstract

This study examines the effect of SES on student test score gains and whether
particular subgroups of students benefit more from NCLB tutoring services. The sample
used includes information on students enrolled in 3rd through 8th grades nested in 121
elementary and middle schools over a five-year period from 2003-04 to 2007-08. A total of
17 elementary and middle schools were required to offer SES at some point during the
period under study, and 9,861 student-year pairings in the sample were eligible to receive
SES. While the authors’ preferred analytic approach takes advantage of panel data to
implement an analysis strategy with student fixed effect regression methods, they also test
the robustness of these estimates to a number of alternative approaches, including a
comparison of student test score gains between current and future SES participants. The
authors find consistently significant and positive average effects of SES on test score gains
in mathematics. Results in reading tend to be insignificant. SES tutoring does not appear
to disproportionately benefit a particular racial/ethnic group or ability level. Female
students and students with disabilities appear to benefit more from participating in SES.
SES has a significant, cumulative effect on students in both mathematics and reading.
They also demonstrate that not accounting for content area of tutoring can cause
downward bias in estimates of the SES treatment effect. These findings are qualified on a

couple of dimensions.



1. Introduction

After-school programs have become a popular approach to enhance academic opportunities and
outcomes of public elementary and secondary school children in the United States. Advocated
during the 1980s as a strategy for lowering juvenile crime, increasing social and job-readiness
development, and lessening opportunity costs for single parents to enter the workforce (Catalano et
al, 1999; Gelbach, 2002; Connely, 1992; Blau and Robins, 1998), the purpose of after-school policies
became increasingly academically-oriented in the 1990s when federal legislation established the 21*
Century Community Learning Centers program.' The supplemental educational services (SES)’
provision of the No Child Left Behind Act of 2001 (NCLB) further reinforced the intent of after-
school programs to “increase the academic achievement of eligible children on academic
assessments...and attain proficiency in meeting the State’s academic achievement standards” (Title I,
Section 1116(e)(12)(C)).

SES are free tutoring services offered to low income children in low performing schools
outside of the hours of the typical school day. SES are provided through a variety of entities
including for-profit, non-profit, local community, school district, and college and university tutoring
programs. Students who both are identified as low-income and attend a Title I school that has failed
to make adequate yearly progress for three or more consecutive years under a state’s NCLB

accountability policy can enroll with a service provider.” With an approximate $2.78 billion included

11n 1994, Congtess authorized the 215t Century Community Learning Center to open schools for broader use
in their communities. The program became more narrowly focused on school-based academic and
enrichment activities in 1998, growing from an appropriation of $40 million per year in 1998 to more than §1
billion in 2002 (Dynarski et al, 2003).

2 In this paper, the acronym SES refers to supplemental education services which should not be confused
with socioeconomic status.

3 The U.S. Department of Education has entered into flexibility agreements with five districts and eleven
states for the 08-09 school year to offer SES to eligible students after only two years of failing AYP.



for NCLB’s SES provision in the President’s FY 2008 budget request to Congress (representing a
58.7 percent funding increase since first being funded in 2001), the federal government is placing
significant weight on after-school programs to improve academic opportunities and outcomes in
public elementary and secondary schools.

However, the evidence paints a mixed picture of the effects of pre-NCLB after-school
tutoring programs on student test scores. Several experimental and quasi-experimental evaluations
report inconclusive or insignificant effects (Reisner et al, 2002; Walker et al, 2003; Dynarski et al,
2003). A meta-analysis of out of school time that does not include those studies indicates a small
but statistically significant and positive effect on mathematics and reading test scores (Lauer et al,
2000). Yet, two surveys of the literature call into question the credibility of the evidence on the
benefits of after-school tutoring (Hollister, 2003; Kane, 2004).

The literature assessing the effects of SES on student achievement is similarly inconclusive.
Evaluations have found positive program effects in mathematics and reading (Chicago Public
Schools, 2005; Rickles and Barnhart, 2007; Zimmer et al, 2006; Zimmer et al, 2007), while other
studies report mixed (Chicago Public Schools, 2007; Heistad, 2007; Rickles and White, 2006) or
negligible program effects (Potter et al, 2007; Heinrich, Meyer, and Whitten, 2007). We do not
know of any studies, to date, concluding that SES had a negative effect on student test scores.

The SES evaluation literature also varies widely with respect to methodological rigor. None
of the existing evaluation studies employ a random assignment design,’ which makes selection bias a
salient concern because schools are required to offer SES for repeatedly failing to make AYP and

student participation in SES is voluntary. However, even though there are statistical and

Locations include Boston Public Schools, Chicago Public Schools, and the states of Arkansas, Florida, and
Utah.

+Two randomized, controlled trials compare the impact of students participating in a typical after-school
program to those students participating in an after-school tutoring program with a specific curriculum
(Fitzgerald and Hartry, 2008; Black et al, 2008).



econometric methods aimed at attenuating the influence of selectivity bias when evaluating a policy
intervention in the absence of randomization, the majority of SES evaluations do not implement a
rigorous, non-experimental design. Indeed, in our review of the literature, we identified only four
studies that did so (Zimmer et al, 2006; Zimmer et al, 2007; Heinrich, Meyer, and Whitten, 2007,
Heistad, 2007).

Other forms of omitted variable bias may skew estimates of the SES parameter measured in
previous evaluations. For example, most studies do not account for differential patterns of student
enrollment and attendance in SES. Moreover, no study distinguishes the content area in which a
student receives tutoring, even though a student may receive tutoring in reading, mathematics, or
both subjects. Both the failure to show up by students enrolled with a provider and the variation in
the content area in which students receive tutoring may dilute estimates of the SES treatment effect.

In an effort to more precisely identify the effects of SES on student test scores, and whether
particular subgroups of students benefitted more from tutoring services, we constructed a
comprehensive panel data set in partnership with a large, urban school district in the southern
United States. The district enrolls over 70,000 students, 72 percent of who qualify for free or
reduced price lunch. Our sample includes students in 3" through 8" grades nested in 121 elementary
and middle schools over a five year period comprising the 2003-04 to 2007-08 school years.
Seventeen schools were required to offer SES, and 9,861 student-year pairings were eligible to
receive SES. In total, there are 114,978 student-year observations.

Our basic modeling strategy relies on a student fixed effects model to control for
unobserved, time invariant sources of heterogeneity between SES and non-SES students. We
estimate how a student who attends SES performs compared to how that student is expected to

have performed without SES tutoring. In addition to the usual student- and school-level covariates,



we account for actual attendance of students enrolled in SES (after enrollment), the content focus in
which a student receives tutoring, and/or the number of years a student attended SES.

To test the robustness of our main findings, we adopt two cross-sectional methods for
estimating the SES treatment effect. First, we implement a modeling strategy following the
framework employed in Zimmer et al.’s (2007) assessment of NCLB’s student transfer provision.
We compare the performance of students enrolled in SES to future SES participants, where future
participants are defined by those students who were not yet eligible for SES but elected to enroll
with a provider when they became eligible in the following school year. The approach accounts for
selection bias in that the comparison group, by its future participation, has signaled a willingness of
enrolling in SES if it were available to them. Admittedly, if student performance in the year prior to
enrollment is correlated with enrolling in SES, comparisons of current and future participants will
produce biased estimates.

A second cross-sectional method uses propensity score analysis as first defined by
Rosenbaum and Rubin (1983) and advanced by Lunceford and Davidian (2004). Propensity score
analysis balances nonequivalent groups in an effort to more reliably estimate the effect of a policy
intervention using observational data. However, this approach may be suboptimal in the current
context.” Most education data sets contain limited number of covariates about students and their
situation, and factors not observed in the data that are associated with student test scores and

selection into tutoring services are likely to confound estimates of the SES treatment effect.

> Researchers have examined whether non-experimental methods replicate estimates on the experimental
impact of a program or policy intervention. Agodini and Dynarski (2004) concluded that propensity score
analysis performed pootly when measuring the experimental impacts of 16 dropout prevention programs.
Wilde and Hollister (2007) reached a similar conclusion using data from the Tennessee STAR study. Diaz
and Handa (2006: 341) suggest that propensity score analysis can adequately address selection bias if
researchers have “...an extremely rich set of covariates, detailed knowledge of the beneficiary selection
process, and the outcomes of interest [are] measured as comparably as possible.”



However, as we have several years of pre-intervention data, we do incorporate pre-SES test scores,
which may capture some of the unobserved correlates of student achievement.

In this study, we find significant and positive effects of SES on student test scores in
mathematics. Results in reading tend to be inconsistent. Findings are maintained when controlling
for either the percent of or absolute hours of SES tutoring sessions attended. The magnitude of the
SES treatment effect also increases in the expected direction when controlling for the content area
of tutoring. Furthermore, the results from the student fixed effect models align with comparisons
of SES students with the pre-enrollment gains students who reveal an SES enrollment preference
through future participation.

SES is measured to have a significant cumulative impact on test score gains in both
mathematics and reading if a student receives two or more years of tutoring. SES tutoring does not
appear to disproportionately benefit a particular ethnic group or ability level, where ability level is
determined by the previous yeat’s quartile performance. However, female students and students
with disabilities disproportionately benefit from participating in SES.

Our findings are qualified on several dimensions. First, observational studies of this nature
are always susceptible to selectivity bias or other spurious relationships arising from events or
processes such as differential teacher effects. Second, we do not know the extent to which a student
actually received academically focused tutoring when he attended SES, nor do we know the quality
of those services.” Third, even though most SES providers serve clients in urban school systems, it
is unclear if students enrolled in tutoring services and the services offered in the district under study
can generalize to those of other urban school districts.

The subsequent paper is divided into six sections. In section 2, we provide a brief overview

of the status and trends of SES in the United States and the school district studied in this paper. In

¢ Provider-specific models were run by the authors. While variation did exist in the efficacy of provider, it
was not the case that a small subset of providers drove the results.



Section 3, we review relevant literature on the impact of SES on student test score gains, paying
particular attention to shortcomings in prior evaluations of NCLB’s SES provision. Sections 4 and 5
describe our analytic strategy and our data and sample, respectively. Findings are presented in

Section 6. Section 7 discusses results and implications for SES policy.

2. No Child Left Behind and Supplemental Education Services

The SES provision is one of several regulation found in NCLB, including student transfers from
failing schools, school restructuring, and state-level takeovers. SES are offered through a variety of
entities, including for-profit, non-profit, local community, local education agencies, and college and
university tutoring programs. A national survey on the incidence of SES finds that 54 percent of
SES providers are private for-profit companies, 21 percent are nonreligious non-profit entities, and
nine percent of SES providers are LEA operated (Center on Education Policy, 2006). The
remaining 16 percent of SES providers are operated by either local community groups or colleges
and universities.

A recent review of the literature reported that approximately 13 percent of Title I schools in
the United State were required to offer SES during the 2007-08 school year, where between zero and
approximately 70 percent of eligible students enrolled (Springer et al., 2009). Although the number
of districts with schools required to offer SES has remained fairly stable over time, the proportion of
schools within these districts increased nearly 2.5 times (from 27 percent to 65 percent) from the
2002-03 to 2005-06 school years (Center for Education Policy, 2006). Studying the effects of SES
on student test scores in urban school districts is particularly important bearing in mind that less
than one third of Title I schools are located in urban settings, yet more than half of all urban Title I
schools have failed to make AYP for three or more consecutive years (Center for Education Policy,

2006).



Table 1 displays descriptive information on the status and trends of the SES marketplace in
the district under study. A total of 20 SES providers offered tutoring services to eligible students at
some time during the 2003-04 to 2007-08 school years. The provider with the largest market share
of students enrolled 20.5 percent of all students enrolled in SES when pooled across years, while the
next five largest providers accounted for another 58.5 percent of enrolled students. The market
share for any single provider remaining was fewer than 5 percent of students enrolled in SES.
Perhaps strikingly, 60 percent of the 20 providers stopped offering tutoring services in the school
district after one school year.

[Insert Table 1 Here]

The total number of Title I schools required to offer SES steadily increased from the time
the first school in the district was required to offer SES (i.e., the 2003-04 school year). An additional
five schools were required to offer tutoring services in the 2005-06 school year, and by the 2007-08
school year, a total of 14 schools had to offer SES (about 12 percent of those schools in the district
with at least one grade in the 3*' through 8" grade range). The total number of students eligible to
receive SES grew from approximately 100 students in the 2004-05 school year to more than 4,300
students in the 2007-08 school year, or about 9,900 students across all years.

The percentage of students enrolled in SES by year ranged between 18.4 and 23.0, with an
average enrollment rate of 21.0 percent, which is similar to national estimates published by the
Government Accountability Office (Shaul, 2006). However, the percentage of students that actually
received tutoring services fell between 26.4 and 35 percent after taking into consideration those
students that never attended a tutoring session.

Figure 1 displays the SES take-up rate among students enrolled in elementary schools and
middle schools from 2005-06 through 2007-08 school years. Each vertical bar represents the

percent of a school’s eligible student population that attended at least one hour of SES in a



particular school year. Panel A reports these SES take-up rates for elementary schools and Panel B
does the same for middle schools. Not all schools have observations for each of the three school
years because eligibility is determined by AYP status, which varies from year to year.

[Insert Figure 1 Here]

Two trends are particularly noticeable in Figure 1. First, elementary schools have much
greater success at enrolling students for SES. More than one-third (39 percent) of eligible
elementary school students signed-up for SES, and 87 percent of those students attended at least
one tutoring session. In contrast, 19 percent of middle school students eligible for SES signed-up.
Only seventy-two percent of those middle school students attended at least one tutoring session.

The data displayed in Figure 1 further demonstrates that SES enrollment rates vary from
school to school and, to a lesser extent, within the same school from one school year to the next.
Anecdotal information provided by administrators operating the district’s Office of Federal
Programs pointed out that a motivated school administrator or site-based SES coordinator can
significantly affect the SES take-up rate. Furthermore, district- and school-level personnel have
become more familiar with their roles and responsibilities and worked to improve their delivery of

SES over time.

3. Review of Relevant Literature

Very few studies have attempted to estimate the impact of SES on student outcomes. None of
these studies use a random assignment evaluation design due, in part, to NCLB legislation being
applied to all schools and school systems when the law was first enacted in 2002. Even though

statisticians and econometricians have developed several strategies for estimating the effect of a

policy intervention in the absence of randomization, only a handful of studies have implemented



rigorous non-experimental methods (e.g., statistical matching techniques or panel data methods) to
draw inferences about the SES treatment effect.’

Two studies attempt to correct for selection bias using propensity score analysis, both of
which reported negligible effects of SES on average test score gains in mathematics and reading
(Heinrich, Meyer, and Whitten, 2007; Heistad, 2005). Propensity score analysis assumes the
conditional probability of treatment and comparison condition students as a function of observable
characteristics of students and schools can be used to balance the covariates among SES participants
and non-participants. Making use of propensity scores to estimate the SES treatment effect is likely
to produce biased conclusions because factors associated with student test scores and likely
influence student selection into SES are typically unobserved in most education databases (i.c.,
parent motivation or innate student ability). Indeed, most data sets available to education
researchers have a limited amount of information about students, their teacher and schools, and
their home environment.

Researchers frequently use panel data to implement fixed effect regression methods that can
account for latent heterogeneity among students, teachers, classrooms, and so on. So long as
unobserved characteristics do not change overtime, fixed effect methods can produce reasonable
inferences about an educational intervention where assignment of units is outside the control of the
researcher. If a limited amount of information is available about the units under study, fixed effect
methods offer several advantages over propensity score analysis. However, they require a minimum
of three years of valid test score information per student to get two gain scores (one pre- and one-
post treatment) and can result in biased estimates if the subsample of students used to identify the

treatment effect is not representative of all students.

7 Gill and Deke (2008) recently designed a large-scale evaluation of SES for the United States Department of
Education’s Institute of Education Sciences, which takes advantage of SES oversubscription to compare
accepted and denied applicants using a regression discontinuity framework. See Springer et al. (2009) for a
more complete review of the literature.

10



Contrary to the estimates reported in the two SES evaluations that relied on propensity score
analysis, studies that employed a student-fixed effect approach report generally positive and
significant effects on student test scores. For example, Zimmer et al.’s (20006) analysis of two after-
school tutoring programs in Pittsburgh reported average effect sizes of 0.26 in mathematics and
negligible effects in reading. Zimmer et al (2007) report that, on average, participation in SES
increases test score gains in mathematics by 0.09 standard deviations and 0.08 standard deviations in
reading. Furthermore, students enrolled for two or more years was even larger, equivalent to 0.17
and 0.15 standard deviations in mathematics and reading, respectively.

Most studies reporting a SES treatment effect on student test scores are also susceptible to
bias from incomplete information on patterns of student enrollment and attendance. For example,
even though three of the four rigorous, non-experimental evaluations tracked student attendance
patterns, only two of those studies had adequate data to calculate a student's attendance rate at SES.
Attendance rate can proxy for a student’s exposure to tutoring, but may hide large differences in the
number of hours provided, which vary by provider. At the same time, some empirical work
contends the amount of time spent in after-school tutoring may be less important than what occurs
during tutoring sessions or whether that time was actually spent on academics (Aaronson,
Zimmerman, and Catrlos, 2002; Karweit, 1985; Lauer et al., 2000).

Finally, studies evaluating the effect of SES on student achievement have not accounted for
the content area in which a student receives tutoring. Not knowing the subject(s) in which a student
receives tutoring may cause the measured impact of SES on mathematics (or reading) test score
gains to be biased downward when using the entire SES population because students who received
tutoring in reading (or mathematics) only would dilute the treatment effect (assuming, of course,
there are negligible spillover effects across subjects). Omitting content area of tutoring is very

salient in the context of the current study considering 21.8 percent of students enrolled in SES
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received tutoring in mathematics only, 32.1 percent received tutoring in reading only, and 46.1
percent received tutoring in both mathematics and reading.

In summary, our review of relevant literature highlights several limitations in the existing
knowledge base. First, none of the existing evaluations use randomized, controlled trial designs
which makes it difficult to answer how a student who participated in SES would have fared without
the program. Second, in a majority of studies, researchers have attempted to estimate the effect of
SES on student test scores without taking into account selection bias and, as a result, conclusions
drawn from these studies are likely wrong. Third, of the four rigorous evaluations reviewed, two
rely on statistical matching techniques to correct for selection effects. Since estimates of program
effects tend to be highly sensitive to the vector of variables used to create propensity scores, and we
know the amount of information available in most education databases tends to be limited, it is
questionable whether these studies provide reliable estimates. Finally, most studies are likely
susceptible to omitted variable bias because their analytic strategy omit patterns of student

enrollment and attendance in SES as well as the content area in which a student receives tutoring.

4. Analytic Strategy

4.1. Longitudinal Analysis with Student Fixed-Effect Approach
Our base model for estimating the relationship between SES tutoring and student test score
gains can be expressed as:
AYijr = Yije — Yij o1 = Xot+ %y (registered);, +x, (student);j,
+3 (school)jr +y; + 04t + vy (1)
where, AY;j; is the spring-to-spring standardized test score gain in reading or mathematics for

student 7 attending school ; in year 4 registered;; is an indicator variable that takes a value of one

12



if student 7 signed-up for SES in year 7 or zero if a student does not register for SES; student;; is a
vector of observable student-level characteristics for student 7 in year 4 schoolj; is a vector of year-

specific school characteristics; y; is a student fixed effect; 6y is a year by grade effect which
controls for changes in the test, changes in how well aligned the test is with curricula, and student
cohort effects; and v;j; is the random disturbance term.

The parameter of interest in Equation (1) is the coefficient of registered, a4, which
represents the average SES treatment effect on student test score gains in mathematics or reading.
The parameter a; reflects potential test score gains from offering free tutoring services to low
income children in low petforming schools. However, registered is likely an imperfect measure
for whether or not a student benefits from tutoring because @; does not differentiate between
students registered for SES and those students registered for SES that attended tutoring services;
nor does Equation (1) account for the content area in which a student receives tutoring.

Consequently, we substitute registered with the indicator variable, attended, which takes
a value of one if student 7 attended at least one tutoring session in year 7 or zero if a student does not
register for SES, registers but does not attend a single tutoring session, or is ineligible for tutoring
services. The coefficient of attended represents the average difference in mathematics or reading
test score gains between students that attended at least one tutoring session and students that never
attended a tutoring session. Select specifications, as reported in the next section, also account for
the content area in which a student receives tutoring.

Our base estimation strategy accounts for potentially confounding factors associated with
latent characteristics of a student (i.e., motivation, family characteristics, or parental inputs) through
replacement of an additive individual effect with a student fixed effect, ¥;. A student fixed effect

approach may produce biased estimates if the subsample of students used to identify the SES

13



treatment effect is not representative of all SES students in the sample, or the necessary assumption
of unobserved characteristics being time invariant is invalid. For example, the complex information
networks among the poor may result in an endogenous relationship between the likelihood of
signing-up for SES and the exposure of a student’s peers to SES; that is, a student’s likelihood of
signing-up for SES increases as he (or his parents) encounters other peers who attend tutoring
services.

We also examine the potential test score differences among those students that chose to
attend SES and those that did not register or registered and did not attend. We use a modified form
of Equation (1), which can be expressed as:

AY;je = Yije — Yijeo1 = ag + ay (registered);, + ay(attended); +oc; (student);j,
+ocy (school) jy +v; + Oy + vije )
where, @, is the average difference in mathematics or reading test score gains between students that

registered for SES and students that never registered for SES and @, is the average difference in
mathematics and reading test score gains between students that registered for SES and students that
registered for SES and attended at least one tutoring session. We are most interested in the estimate

on @y + a; + ay, which reflects the average test score gain for students that registered for SES and

attended at least one tutoring session. The estimate on a, is also of interest in that @, differentiates
the average effect of SES registration and attendance on test score gains in mathematics and reading,.
We further explore this line of inquiry through the inclusion of exploratory variables that
broaden the model specification identified in Equation (2). We first introduce a continuous control
variable for hours of attendance. The continuous attendance variable is included as either the
percent of total hours attended or the absolute hours attended, which vary by student and within

provider. Although these variables arguably offer an adequate proxy for student exposure to

14



tutoring services, previous research literature contends the amount of time spent in after-school
tutoring may be less important than what occurs during tutoring sessions or whether that time was
actually spent on academic learning (Aaronson, Zimmerman, and Carlos, 2002; Karweit, 1985; Lauer
et al., 2000).

We also create three binary variables indicating if a student received tutoring in mathematics
only, reading only, or both mathematics and reading. We do not anticipate spillover effects between
subjects; that is, a student who receives tutoring in reading only (or mathematics only) is not
expected to perform better in mathematics (or reading) as a result of tutoring services. Finally, we
investigate the relationship between SES treatment and observable student characteristics (i.e.,
race/ethnicity, gender, limited English proficient (LEP) students, students eligible for special
education services, prior ability level). We also investigate the benefits of attending SES one year

compared to attending more than one year.

4.2. Current and Future Participants Estimation Strategy

We implement a second estimation strategy that compares test score gains of students
enrolled in SES to future SES participants. Comparing the test score gains of a matched sample of
students currently enrolled in SES to test score gains of students who were not yet eligible for SES
but elected to enroll with a provider when they became eligible in the following year is another way
to control for unobservable factors under the assumption students have equal propensity to enroll
when given the opportunity. Modeled after Zimmer et al. (2007), this estimation strategy can be
expressed as:
AYjr = Yije — Yije—1 = 8o + 6, (attended); +6,(student);

+85(school) jy + 04t + vyt (3)

15



where, all coefficients are similar to those reported in Equation (1) and the parameter of interest is
the coefficient of attended, 1, which represents the average SES treatment effect holding
constant all observed student and school attributes. Equation (3) will produce biased results of the
SES treatment effect if the timing of participation in SES were related to a student’s test score in the
year immediately preceding enrolling in SES or the sample of current and future participants is not
representative of all SES participants. Because the sample is restricted to 714 control and 1,020
treatment observations, we only use the future participant identification strategy to estimate the

average SES effect.

4.3. Propensity Score Analysis

Our final estimation strategy employs propensity score analysis. Propensity score analysis is
a statistical technique implemented to balance two non-equivalent groups on observed covariates to
get more accurate estimates of the average treatment effect under the assumption that bias will be
reduced when the comparison of students enrolled and not enrolled in treatment are as alike as
possible. Propensity scores summarize all the information from the observed covariates into one
single number, namely, the probability of being assigned to the treatment given by the covariates.
Selection bias is eliminated only if the exposure to treatment can be considered to be purely random
among individuals who have the same value of the propensity score; that is, no unobserved
covariates are confounded with treatment within the same levels of the propensity score.

We specified a student’s propensity of enrolling in and attending SES using the following
logit model:
S5, =P(Dyjr = 1|C) 4)
where, SA'l- is student 7’s propensity of enrolling in and attending SES during the window of the study;

D;j; is a binary variable taking on a value of one if student 7 in school / enrolled in SES or zero if a

16



student did not enroll; Cj is a vector of observed student-level pre-treatment covariates including
mathematics and reading test scores, race, gender, eligibility for free lunch, eligibility for reduced
price lunch program, LEP status, special education status, student attendance rate at school, and
grade-level of student.

After fitting the logit model and estimating propensity scores, we divided the propensity
scores into quintiles. To check for distribution of the quintiles across the SES and non-SES
students, we then ran a series of analysis of variance models with each student-level covariate used in
the adjustment as the dependent variable, and propensity score quintile, SES treatment status, and
the interaction of quintile with SES as independent variables. We also tested for balance among the
covariates by conducting a t-test for the two groups prior to any adjustment using the propensity
score.

We incorporated the propensity score into our evaluation models in two ways. In the first

direct way, we estimate the weight as the inverse of the propensity score for the treatment group,

w; = 1/S;. For the control group, the weight equals w; = 1_;51 We include these weights when

estimating the following regression model:
AYj = Yije — Yij—1 = Pi(attended);, + B,(student);j, + B3(school) .
+ 04t + Vit 5)
Thus, the average SES effect is a weighted average of the outcome or gain scores can be

expressed as:

Xwij X(Yije—Yije—1)
X wij

Ave(YiLt - Yij,t—l) = ©

In an alternate approach, we used the propensity scores to adjust for covariates through
stratification, and then the strata variable is included as a covariate when calculating the effect of

SES. The quintiles of the distribution of the propensity scores form five strata, thus effectively
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making a coarse match between SES and non-SES students. There were sufficient SES and non-
SES kids in three of the five strata, while in the two lowest strata contained an insufficient number
of SES students to estimate the SES effect within each stratum.® We created a series of indicators

for the strata and included these as covariates in the model where we estimate the SES effect.

5. Data and Sample

We cleaned and merged relevant student, school, and provider information from multiple data
sources to create a single longitudinal data file for a five-year period comprising the 2003-04 to
2007-08 school years. Data were drawn from management information systems maintained by the
school district, including test score files, enrollment history files, and federal program files. In total,
our sample includes approximately 143,801 continuously enrolled student-year observations in
mathematics and reading nested in 121 elementary and middle schools.’

The test score file is a flat file that contains annual test score results for mathematics,
reading, science and social studies. We focus on data from the mathematics and reading assessments
because test scores are linked across grades and presented on a single developmental scale. A one to
two percent error rate in the unique identifier linking a student to his test score was corrected on a
case-by-case basis, resulting in student-score match rates of greater than 99.9 percent across all years
and grades.

We standardized student test scores by subject, grade, and year and then constructed a
simply standardized gain score by subtracting scores at time # from those at time 7. A gain score

indicates a student's test score is below the mean for all tested students in that subject, grade, and

8 The two lowest strata contained only two student observations that enrolled in SES.
9 “Continuously enrolled” is defined using the state’s definition under NCLB; that is, a student must be

enrolled within the same school from the twentieth day of school through mid-April when the state’s high-
stakes assessments are administered.
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school year, while a positive score indicates a student's test score is above the distribution mean. A
standardized gain score of zero means a student test score from one year to the next increased the
average amount for that grade, year, and subject.

The enrollment history file contains student demographic information such as a unique
student identifier, race, gender, date of birth, grade, free lunch status, and reduced lunch status. The
file also provides a transactional enrollment history which records dates of school enrollment and
transfer for each student. The enrollment history file was supplemented with daily student
attendance records to create an in-school attendance variable for each student.

The federal program file tracked the involvement of an individual student in SES on several
dimensions, including student enrollment, total hours scheduled, total hours attended, the name of
the tutoring provider, and the content area of tutoring (i.e., mathematics, reading, or both). Under
mandate by the state department of education, this data is recorded and maintained by a designated
SES coordinator at the district. SES attendance information is tracked through invoices submitted
by providers. School-level SES coordinators confirm the accuracy of records in the federal program
file at regular intervals throughout the school year.

Table 2 displays summary statistics on select characteristics of students and schools.
Information is reported by all students in the district, students in schools required to offer SES,
students eligible to receive SES in failing schools, students who signed-up for SES, students who
attended at least one SES tutoring session, and students who enrolled but did not attend SES. The
final set of columns report attendance by SES content area for students who attended at least one
tutoring session.

[Insert Tables 2 Here|
Roughly half of the student observations in the sample are female, 47.8 percent are Black,

36.4 percent are white, and 12.4 percent are Hispanic. Approximately 62 percent of students in
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grades 3 to 8 qualified for free or reduced price lunch program. The great majority of those students
are part of the free lunch program (= 87 percent). More than 10 percent of SES eligible students
received special education services with the largest share of those students receiving between 5 and
20 hours of service per week. The average daily in-school attendance rate was 95.7 percent.

On select demographic characteristic, students attending a school required to offer SES are
noticeably different from the average student in the district. A smaller percentage of white students
enrolled in failing schools, which is offset by failing schools enrolling a larger concentration of
Hispanic and Black students. Approximately 81 percent of students in failing schools qualify for the
free- or reduced-price lunch opposed to an average of 62 percent of students in the district. There
are modest differences in the percentage of students receiving more than 20 hours of special
education services, while virtually equal shares of students qualify for Title I lunch program in
schools offering SES and those not offering SES. Students classified as limited English proficiency
(LEP) are much more likely to attend a school required to offer SES.

Table 2 further indicates students eligible for SES are different from the average student in
the district and the average student in schools offering SES. A slightly larger percentage of eligible
students are Black and Hispanic, while fewer white students are eligible for SES. All of these
students are eligible for free or reduced price lunch. Students eligible for SES score, on average, 6 to
17 points lower than the average student in the district on standardized assessments in mathematics
and English language arts."” This is equivalent to between 0.17 and 0.43 standard deviations
dependent upon the grade and subject under consideration.

Students enrolled in SES are different from the average student eligible to receive SES on a
number of observable characteristics. A greater percentage of Black students enroll, and enroll and

attend SES, while a lower percentage of eligible, white students enroll. Hispanic students enrolled in

10 Means and standard deviations of level scores and gain scores ate reported by grade and student subgroups

in Appendix A.
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SES are slightly less likely to attend SES sessions. In addition, special education students receiving
between five and 20 hours of special education services per week are more likely to take-up SES.
Female students are slightly more likely to receive tutoring in mathematics only, while Hispanic and
LEP students are more likely to receive tutoring in reading only. Students receiving between 5 and
20 hours of special education services each week disproportionately receive SES tutoring in
mathematics.

Table 2 also reveals that, as students matriculate into middle school, subject-specific tutoring
slightly shifts from reading only to mathematics only. An investigation into subject area data by SES
providers reveals that providers generally offered services either focused on both subjects or focused
on one subject only. For example, the provider that tutored the most students focused only on
mathematics for 133 students, only on reading for 151 students, and both or unknown for 8
students. The third largest provider focused on both subjects for 199 students, and a single subject

only for 15 students.

6. Results

6.1. The Average Effect of SES on Student Test Score Gains

Table 3 displays results for the estimated effect of SES on mathematics and reading test score gains.
Panel A and Panel B report results when mathematics and reading test score gains are the dependent
variable, respectively. All model specification include grade-by-year and student fixed effects, while
estimates in the second column of each panel adds controls for characteristics of students. Our
preferred model specification, as displayed in the third column of each panel, contains student fixed

effects, grade-by-year effects and time-varying student and school characteristics.

[Insert Table 3 Here]
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Models (1) through (6) show a positive, statistically significant average effect of SES on
student test score gains in mathematics and reading. Students registered in SES experienced
increases in test score gains of 0.088 standard deviations in mathematics and 0.076 standard
deviations in reading. However, using students identified as enrolled in SES is an imperfect strategy
to measure whether a student benefits from SES because students that registered for SES and those
students that registered for SES and attended tutoring services are considered the same.

As displayed in the bottom half of Table 3, Models (7) through (12) estimate the average
difference in mathematics or reading test score gains between students that attended at least one
tutoring session and students that never attended a tutoring session. The precision and magnitude
of the estimates are virtually identical when test score gains in mathematics provided the outcome
measure. Estimates from Models (10) through (12) further suggest that students that enrolled in
SES but did not attend a single tutoring session appear to be driving the positive SES treatment
effect in reading. The magnitude of the SES treatment effect is about half as large as models fitted
using registered and enrolled students, and the estimates for the SES treatment effect are no longer
significant at conventional levels. Subsequent tests do not reveal statistically meaningful test score
gain differences between students that enrolled for SES and those students that enrolled and
attended at least one tutoring session in either mathematics or reading.

A number of dynamics can help to explain these counterintuitive results. First, a
comparison of test scores in both the year prior to and the two years prior to a student enrolling in
SES reveals very few differences in mathematics score gains and levels. Although the same holds
true for reading two years prior to a student enrolling in SES, we find that students that enrolled but
did not attend SES performed noticeably worse in the year prior to enrollment than did students
that enrolled and attended SES. If this downward trajectory in test performance is associated with

test measurement error then students that enrolled in but did not attend SES achievement are likely
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to experience larger than expected gains during the following school year as their test scores return
to historical average.

Second, these results may be explained, in part, by parents’ opportunistic use of SES.
Anecdotally, some parents enroll their child in SES to induce desired behavior in their child; that is,
these parents threaten to send their child to after-school tutoring if their child doesn’t improve their
academic performance and/or change their attitude toward school. In a less draconian manner,
parents may enroll their child with an SES provider as a precautionary measure (if their child’s
academic performance continues to slip their child can start attending after-school tutoring
immediately) which can also motivate students to improve their academic performance.'’ Another
plausible explanation is that not accounting for the content area in which a student receives tutoring

biases estimates, which is the focus of the analysis reported in the next section.

0.2. The Effect of SES on Student Test Score Gains by Content Area of Tutoring

Even though the plurality of students (n=655) received tutoring in both reading and mathematics,
456 students received tutoring in reading only and 309 students received tutoring in mathematics
only. The measured impact of SES on mathematics (or reading) test score gains will be biased
downward when using the entire SES population because students who received tutoring in reading

(or mathematics) will dilute the treatment effect. We fit a more precise specification of our

11 Students that enrolled in but did not attend SES received out of school remedial services from another
venue, although this explanation is less likely given the social and economic conditions of the district and the
group of students under study. For example, 92.7 percent of students that enrolled with a SES provider but
did not attend a single tutoring session qualified for free lunch program (7.3 percent quality for reduce-price
lunch program). And, as reported by the United States Department of Agriculture (2008), children from
families with incomes at or below 130 percent of the poverty level are eligible for free meals. Those with
incomes between 130 percent and 185 percent of the poverty level are eligible for reduce-price meals, for
which students can be charged no more than 40 cents. For the 2008-09 school year, 130 percent of the
poverty level is $27,560 for a family of four (185 percent is $39,220) (USDA, 2009).
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preferred modeling strategy by incorporating data on the content area of tutoring received by a
student.

As displayed in Table 4, we introduced an additive term to distinguish the effects of
receiving tutoring in only one subject, or both subjects compared to only one subject. Model (2), for
example, measures the effect of receiving SES in mathematics only compared to receiving SES in
reading only. If a student is tutored in mathematics only, he receives the sum of the betas, which is
the equivalent to a 0.11 standard deviation increase in his mathematics score. The alternative
scenario, which is reported by Model (3), indicates receiving tutoring in mathematics only results in a
positive impact on test score gains in mathematics.

[Insert Table 4 Here]

Estimates displayed in Panel A of Table 4 further indicate that accounting for tutoring
content area provides a more accurate measure for the effect of SES on student test score gains.
Model (4), for example, compares the effects of SES in both subjects to the alternative of receiving
tutoring in one subject only. Note that the size of the SES effect in mathematics is slightly larger
than the baseline effect displayed in Model (1). The estimates in Panel B for reading display
coefficients in the expected direction, but with too much variation to gain statistical significance at
conventional levels.

There is error in the content area of tutoring measure. We do not know the relative weight
placed on each subject for students receiving tutoring in both mathematics and reading, nor can we
be absolutely certain that a student registered for tutoring in mathematics received tutoring only in
that subject. While tutors may offer academic support in subjects beyond those defined in their
students’ individual learning plan, more precise measures of the SES treatment effect are obtained
by limiting the regression sample to students who received tutoring in the subject of interest.

Interestingly, we also find that students do not experience positive spillover effects in reading (or
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mathematics) if they receive tutoring in mathematics (or reading) only, which offers additional

support of an actual association between SES and student achievement.

6.3. The Effect of SES on Student Test Score Gains by Student Attendance at SES

We explore additional ways to measure the effect of SES on student test scores using data
on student attendance as the indicator of interest. In select model specifications, student attendance
is captured as a continuous variable measuring the total number of tutoring hours served. Other
specifications used the percent of the allocated tutoring sessions attended which is also expressed as
a continuous variable.'

As displayed in Table 5, there are moderate to large SES effects on student test score gains
in mathematics and small to moderate effects in reading. A student that attends the mean number
of tutoring hours is expected to increase his mathematics test score gain by 0.095 standard
deviations, while a student at the 95" percentile of total hours attended is projected to gain almost
one-fourth of a standard deviation more than expected. Although estimates reported in Model (3)
indicate a weaker but significant relationship between the total hours of SES attended and student
test score gains in reading, it suggests a student that attends the mean number of tutoring hours is
expected to increase his reading test score gain by 0.072 standard deviations.

[Insert Table 5 Here]

Estimates measured by the percent of available hours attended are similar in that a greater
intensity of tutoring is associated with greater standardized test score gains, but the magnitudes of
the estimates are noticeably larger. For example, a student that attends the mean percentage of

available tutoring is expected to experience an additional gain of 0.134 standard deviations in their

12We also ran regressions investigating the effect of a quadratic form of total hours attended to determine if
the positive impact of attendance decreased with its growth, but the quadratic expression was statistically
insignificant.
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mathematics test score, which increases to 0.20 standard deviations for a student at the 95"
percentile of the SES attendance rate distribution.

Estimates reported in Models (2) and (4) may be biased upward if the percentage of
available SES hours attended proxies for unobserved time variant characteristics of an individual
student or that individual student’s school or home situation. For example, if student attributes such
as student motivation or academic press of parents varies from one year to the next, the coefficient
on the percentage of available SES hours attended is likely to capture at least part of the effect.

Even so, the analysis finds that the total number of hours attended is significantly related to

standardized test score gains in mathematics and reading, which further confirms the positive effect

of SES.

6.4. Moderators of the Effect of SES on Student Test Score Gains
By introducing a simple interaction term between a binary variable for attended SES and a binary
variable for a student characteristic, we conducted a series of exploratory analyses on the
relationship between student characteristics and the estimated effect of SES on student test score
gains. We first examine the heterogeneity of effects by student race, which is a salient topic given
the large and persistent gap in test scores between students of different racial backgrounds
(Clotfelter, Ladd, Vigdor, 20006; Stiefel, Schwartz, and Ellen, 2007; Hanushek and Rivkin, 2006), and
then turn attention to LEP status, special education status, gender, and, finally, prior ability."’

As displayed in Table 6, SES does not appear to disproportionately benefit a particular racial
group with the exception of the estimates from Model (6), which indicates that the test score gains

of Hispanic students that received tutoring in mathematics increased, on average, 0.15 standard

13 We do not investigate differential effects by socioeconomic status because a student must be eligible for

free lunch or reduced-price lunch to enroll with a provider, and more than 90 percent of students enrolled in
SES qualified for free lunch.

26



deviations more in mathematics than non-Hispanic students enrolled in SES. Further, there are
notable changes in the direction of the sign and magnitude of the coefficient when accounting for
the content area in which a student received services.

[Insert Table 6 Here]

We explored a similar specification for students identified as LEP. As displayed in Table 7,
LEP students do not benefit more or less in mathematics from SES when compared to non-LEP
students that attended SES. Although estimates reported in Models (15) and (16) demonstrate that
they performed significantly worse in reading than non-LEP students, a negative effect is not
unexpected. LEP students are still developing their English proficiency and, according to several
SES coordinators, SES is a means to further develop language proficiency. Indeed, a simple logit
model not only predicts LEP students are much more likely to enroll in reading-focused tutoring,
but also that they are more likely to register and attend SES than their non-LEP peers.

We also explored a similar specification for students receiving special education services. As
displayed in Models (5) and (6), students receiving special education services experience test score
gains in mathematics approximately two-times larger than the expected gain for non-special
education students enrolled in SES. There are even larger differences when test score gains in
reading is the outcome variable. However, the large variability in the sampling distribution of special
education students results in the differences being insignificant.

[Insert Table 7 Here]

Another set of analyses examined differential SES treatment effects by student gender. We
find surprisingly strong effects on mathematics tutoring for female students. For example, as
reported in Models (9) and (10) of Table 7, female students experienced an average test score gain

increase in mathematics of approximate 0.12 standard deviations and .18 standard deviations,
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respectively. There were negligible differences in test score gains among male and female students
that attended SES as displayed in Models (11) and (12).

The last series of analyses examined whether tutoring services differentially benefitted lower-
or higher-achieving students. Students were categorized into quartiles based on their prior year’s
performance in that subject. This allows for the measurement of the SES treatment effect on a
specific group of students achieving at similar levels. As displayed in Table 8, we do not find a
differential effect of SES by a student’s prior level of achievement. Moreover, the estimates were
not sensitive to the categorization of prior ability (i.e., terciles, quintiles, or deciles).

[Insert Table 8 Here]

In total, SES tutoring does not appear to disproportionately benefit a particular ethnic group
or ability level. However, female students and students with disabilities disproportionately benefit
from participating in SES. These findings are qualified by the fact some of the sample sizes creep
toward the lower bound before stable parameter estimates become difficult to achieve. Thus it is

important for readers to interpret student subgroup findings cautiously.

6.5. The Cumulative Effects of SES Participation on Student Test Score Gains

We also examined if there is a student-SES maturation effect. That is, does a student’s
exposure to SES from one year to the next affects that student’s performance on the mathematics or
reading assessments? We construct two binary variables denoting whether a student is enrolled in
SES for the first time or is enrolled in SES for a second year. Perhaps strikingly, even after
accounting for the matriculation of students and movement of schools in and out of eligibility, very
few students attended SES for more than one year.

As displayed in Table 9, there is a large, cumulative effect of attending SES. Students

attending SES for more than one year experience, on average, a cumulative increase of 0.39 standard
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deviations and 0.48 standard deviations in their mathematics and reading test score gain,
respectively. These estimates of the cumulative effects of SES align with those reported by Zimmer
et al. (2007), as well as the evidence reported in evaluations of pre-NCLB after-school tutoring
initiatives (Welsh et al., 2002) and summer school programs (Borman et. al., 2002).

[Insert Table 9 Here]

0.6. Robustness Check

To explore the robustness of our preferred estimation strategy, we first compare the
performance of students enrolled in SES to future SES participants and then use propensity score
analysis to estimate the SES treatment effect. In terms of the former strategy, we identify future
participants defined as those students who were not yet eligible for SES but elected to enroll with a
provider when they became eligible in the following school year. Both the movement of schools in
and out of eligibility from year to year and the matriculation of students from elementary to middle
schools allows for the formation of these future participants.

Table 10 displays estimates from the future participants modeling strategy. The estimates of
the average SES treatment effect are slightly larger in magnitude when compared to estimates
reported for the baseline model. Test score gains in mathematics are approximately 0.18 standard
deviations greater for students enrolled in SES. Gains in reading are positive but still statistically
indistinguishable from zero at conventional levels of significance. Assuming the timing of SES
participation is not related to a student’s test score in the year immediately preceding enrolling in
SES, the future participants modeling strategy confirms estimates reported for our preferred

modeling strategy.

[Insert Table 10 Here]
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We also examine estimates of the SES treatment effect using propensity score analysis. As
displayed in Panels C and D of Table 10, there is a significant effect of SES on test score gains in
mathematics when measured by either the propensity score weights or stratification approach.
Using the propensity scores as weights in a regression equation predicts slightly smaller estimates of
the average SES treatment effect than the future participant analysis, while adjusting for covariates
through stratification produces noticeably smaller estimates (e.g., estimates using weights are, on
average, twice the size of the stratification estimates). Moreover, we find a weak negative effect of
SES on reading test score gains, which is markedly different from the estimates generated by analytic
strategies throughout this study even though readings scores tended to be statistically
indistinguishable from zero in virtually all models.

Table 11 reports estimates from a series of robustness checks to the choice of gain
specification. Models (3) to (8) and (13) to (18) enter prior achievement on the right-hand side of
the regression equation, where select specifications model prior achievement as a linear, quadratic or
cubic form. The dependent variable used in Models (9), (10), (19), and (20) was constructed by
dividing the distribution of the students’ prior year assessment scores into 20 equal intervals and
then calculation the mean and standard deviation of the test score gain for all students starting in a
particular interval. A student’s test score gain was standardized by taking the difference between
that student’s nominal gain and the mean gain of all students in the interval over the standard
deviation of all student gains in the interval.'* For the most part, estimates models using alternative
gain specifications are similar to those produced by our preferred modeling strategy.

[Insert Table 11 Here]

7. Conclusion

14 This approach is described in Hanushek et al (2005) and has been used by Springer (2007, 2008) and others.
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In this study, we examined the effect of SES on test score gains in mathematics and reading
and whether particular subgroups of students benefit more from tutoring services. Our preferred
analytic strategy employs a differences-in-differences estimation strategy, conditional on student,
grade and time fixed effects. We explored the robustness of these estimates by comparing student
test score gains between current and future SES participants. We also estimated the average SES
treatment effect using propensity score analysis.

Approximately one in five students eligible to receive SES actually signed-up for tutoring
services in a given school year. The average SES take-up rate falls from 21.0 percent of eligible
students to 14.7 percent of eligible students after limiting the sample to students who attended at
least one single tutoring session. Patterns of student attendance among those students enrolled in
SES vary considerably (i.e., the average student attends 67 percent of his tutoring sessions), which
lends support for examining the effect of SES on student test score gains by rate of attendance.

In terms of the average effect of SES on student test score gains, our preferred analytic
strategy consistently detects significant and positive effects of SES attendance on test score gains in
mathematics (0.09 standard deviations). Results in reading tended to be insignificant, however.
These findings are maintained when controlling for the percent and absolute hours of SES tutoring
sessions attended, with large positive effects for students receiving greater than 99 percent of their
allocated tutoring in mathematics (0.33 standard deviations), but no significant impact on reading
scofes.

Our results further suggest that more precise measures of SES impact can be obtained by
limiting the modeling sample to students who received tutoring in the subject of interest. We also
find that the SES treatment effect also increases in the expected direction when controlling for the

content area of tutoring. Specifically, students receiving tutoring in mathematics experience score
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increases of 0.11 standard deviations, while those students receiving tutoring in reading experience
score increases of 0.09 (but without statistical significance).

SES is measured to have a significant cumulative impact on students, with mathematics
effect sizes of up to 0.39 standard deviations and 0.48 standard deviations for students receiving two
or more years of tutoring in mathematics and reading, respectively.”” SES also appears to
disproportionately benefit female students and students with disabilities. At the same time, we do
not find evidence of SES benefiting students belonging to a particular ethnic group or ability level,
where ability level is determined by the previous year’s quartile performance.

The measured, baseline treatment effect aligns with the findings from comparing students
who reveal an SES enrollment preference through future participation with their pre-enrollment
gains. This specification reveals statistically significant, positive effects of SES tutoring on student
test score gains in mathematics (0.13 standard deviations), and small, positive effects that are not
statistically significant in reading. In total, both approaches — which control for selection bias in
different ways — find moderate, statistically significant effects on mathematics test score gains and
positive, but statistically insignificant, results in reading test score gains.

Our findings are qualified on several dimensions. First, observational studies of this nature
are always susceptible to selectivity bias or other spurious relationships arising from events or
processes such as differential teacher effects. Second, we do not know the extent to which a student
actually received academically focused tutoring when he attended SES, nor do we know the quality
of those services. Third, even though most SES providers serve clients in urban school systems, it is
unclear if students enrolled in tutoring services and the services offered in the district under study

are similar to those of other districts throughout the nation.

15 The upper and lower 95 percent confidence interval bounds are .56 and .21 in mathematics and .68 and .28
in reading.
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Figure 1. Percentage of Eligible Student Population Enrolled in SES by School and Year
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Table 1. Select Summary Statistics of Supplemental Educational Services

School Year All Years
2005-06 2006-07 2007-08 (2003-04 ro 2007-08)
District and Provider Information
# of Students in District, Grades 3-8 28,484 28,862 29,075 143,801
# of Schools Required to Offfer SES 6 12 14 17
# of SES Providers 8 13 14 20
Top 50% of Providers have x% of Market 85.1% 90.3% 89.8% 90.5%
School Year SES Years
2005-06 2006-07 2007-08 (2005-06 to 2007-08)
Student Eligibility, Enrollment, and
Attendance
# of Eligible Students 1,432 3,904 4,422 9,758
% of Total Students who are Eligible 5.0% 13.5% 15.2% 11.3%
# of Students Signed Up 264 897 893 2,054
% of Eligible Students Signed Up 18.4% 23.0% 20.2% 21.0%
# of Students Receiving SES 194 583 657 1,434
73.5% 65.0% 73.6% 69.8%

% of Signed-Up Student Attended

Note: Data limited to continuously enrolled students in grades 3 through 8.
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Table 2. Select Characteristics of Students in Grades 3 through 8, 2003-04 - 2007-08 School Year

Schools Required to Offer SES

Students Enrolled in SES

SES Content Area

All Students

All Students Eligible Students — Enrolled Students Attd. > 0 Hrs. Did Not Attd. Mathematics Reading Both
Gender # % # % # % # % # % # % # % # % # Yo
Female 56,682 49.3% 5935 48.8% 4831 49.0% 1,088 51.2% 771 51.2% 317 51.1% 174 56.3% 232 51.0% 325 49.6%
Male 58,296  50.7% 6,225 51.2% 5030 51.0% 1,038 48.8% 735  48.8% 303 48.9% 135 43.7% 224 49.0% 330 50.4%
Race/Ethnicity
Asian 3,730 3.2% 265 22% 192 1.9% 27 1.3% 17 1.1% 10 1.6% <10 . <10 .. <10 ..
Black 54,939  47.8% 6,317  51.9% 5486 55.6% 1,288 60.6% 906 60.2% 382 61.6% 186 60.2% 236 51.8% 415 63.4%
Hispanic 14,235  12.4% 2,218  182% 2,060 20.9% 437 20.6% 309 20.5% 128 20.6% 56 18.1% 153 33.6% 99 15.1%
Nat. Am [ Pac. Is. 231 0.2% 16 0.1% 12 0.1% <10 <10 <10 <10 <10 <10
W hite 41,843  36.4% 3344 275% 2111 21.4% 370 17.4% 272 18.1% 98 15.8% 59 19.1% 60 13.2% 137 20.9%
Other Characteristics
Reduced Price Lunch 9,327 8.1% 978 8.0% 978 9.9% 175 8.2% 132 8.8% 43 6.9% 36 11.7% 34 7.5% 59 9.0%
Free Lunch 61,544  53.5% 8,883 73.1% 8,883 90.1% 1,871 88.0% 1,321 87.7% 550 88.7% 261 84.5% 410 89.9% 572 87.3%
Limited English Proficient 6,623 5.8% 1,101 9.1% 1,044 10.6% 280  13.2% 190 12.6% 90 14.5% 28 9.1% 85 18.6% 75 11.5%
Special Education
<5 Hours 3,399 3.0% 308 2.5% 248 2.5% 61 2.9% 43 2.9% 18 2.9% <10 12 2.6% 19 2.9%
5 10 20 Honrs 6,626  5.8% 779 6.4% 704 7.1% 200 9.4% 141 9.4% 59 9.5% 29 9.4% 28 6.1% 76 11.6%
> 20 Hours 3,355 2.9% 531 4.4% 463 47% 96 4.5% 63 4.2% 33 5.3% 10 3.2% 15 3.3% 38 5.8%
Average Hours 15 16 15 15 16
Enrollment
Grade 3 20,544 17.9% 544 4.5% 502 5.1% 228  10.7% 199 13.2% 29 4.7% 17 5.5% 74 16.2% 69 10.5%
Grade 4 20,022 17.4% 550 4.5% 486 4.9% 180 8.5% 150 10.0% 30 4.8% 16 5.2% 44 9.6% 53 8.1%
Grade 5 18,934  16.5% 2,721 224% 2311 22.8% 523 24.6% 378 25.1% 145 23.4% 89  28.8% 104 22.8% 183 27.9%
Grade 6 18,855 16.4% 2,849  234% 2306 23.1% 455 21.4% 317 21.0% 138 22.3% 62 20.1% 94 20.6% 154 23.5%
Grade 7 18,544  16.1% 2,805 23.1% 2211 22.2% 384  18.1% 239 15.9% 145 23.4% 71 23.0% 74 16.2% 94 14.4%
Grade 8 18,079 15.7% 2,691 221% 2,045 20.6% 356 16.7% 223 14.8% 133 21.5% 54 17.5% 66 14.5% 102 15.6%
Attendance Rate
School 95.7% 94.6% 94.4% 94.9% 95.1% 94.3% 94.7% 95.2% 95.1%
SES 63.97% 60.23% 66.71% 64.17%
Number of Students 114,978 12,160 9,861 2,126 1,506 620 309 456 655
Notes: Authors own calculations. Authors suppress actual values in cells with less than 10 student observations (# = < 10) and (% = ...).
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Table 3. Estimated Effects of Supplemental Education Services on Mathematics and Reading Test Score Gains by Student
Enrollment and Student Attendance

Panel A: Mathematics Panel B: Reading
(model) M @ ) ) ®) ©)
. 0.0766 0.0769 0.0880 0.0613 0.0617 0.0758
RegIStered ook Hokok Hokk ERS Hox sofok
(.0240) (.02406) (.0251) (.0258) (.0258) (.0265)
Sample Size 87355 87355 82280 85351 85351 80337
R’ 0.3463 0.3470 0.3667 0.3698 0.3699 0.3837
(mode) @) ®) ) (10) (1 (12)
0769 .0696 .0879 0294 0297 .0385
Attended o o sk
(.0294) (.0294) (.0299) (.0306) (:0300) (0313)
Sample Size 97323 87323 82248 85319 85319 80305
R? 0.3464 .3470 .3666 3698 .3700 .3836
Student Level Covariates V V \ V
School Level Covariates \ V
Student FE v v v v ol v
Grade*Year FE V V V V \ V

*, FF RRF Estimates statistically significant from zero at the 10%, 5%, and 1% levels, respectively.

Notes: Student level covariate is student attendance at school. School level covariates include percent black, percent Hispanic, percent economically
disadvantaged, percent scoring proficient in mathematics, percent scoring proficient in reading, and student teacher ratio.
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Table 4. Estimated Effects of Supplemental Education Services on Mathematics and Reading Test Score Gains by Content Area of Tutoring

Panel A: Mathematics Panel B: Reading

. . Received . . . . Received . .
Baseline estimates o, Received Received Baseline estimates o Received Received
tutoring in tutoring in

from Table 3, mathemati tutoring in tutoring in from Table 3, mathemati tutoring in tutoring in
Model (9) athematics reading only  both subjects Model (12) Athematies reading only  both subjects
only only
(model) @ @ ©) &) ®) ©) ) ®)
Attended .0879 -.0129 .0960 .0927 .0385 .0854 -.0028 .0897
(.0299) - (.0527) (0576) " (.05706) (.0313) (.0558) (-:0600) (.0551)
Attended * Covariate 1236 -.1001 .0546 -.0816 .0969 -.0594
(column) .. (.0785) (.0783) (.0725) . (.0825) (.0823) (.0708)
Sample Size 82248 81607 81607 81864 80305 79671 79671 80008
R? .3666 3711 3711 3691 .3837 .3899 .3900 .3878
Student FE v V N N N N N N

*, Rk Rk Estimates statistically significant from zero at the 10%, 5%, and 1% levels, respectively.

Notes: All models contain student and school level covariates and controls for grade-by-year effects. Student level covariate is student attendance at school. School level covariates
include percent black, percent Hispanic, petcent economically disadvantaged, percent scoring proficient in mathematics, percent scoring proficient in reading, and student teacher ratio.
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Table 5. Estimated Effects of Supplemental Education Services on Mathematics and Reading Test Score Gains by Student
Attendance Patterns

Panel A: Mathematics Panel B: Reading
(model) M ®) ©) ©)
.0060 .0041
Total Hours Attended
(.0018)*** (.0017)**
.0021 .0009
Percent of Hours Attended
(.0005)*** ... (.0005)*
Sample Size 82248 82248 80305 80305
R’ 3667 3667 .3837 .3836
Student FE v N \ N
SES Content Area \ \ N\ \

*, ok RF Bstimates statistically significant from zero at the 10%, 5%, and 1% levels, respectively.

Notes: All models contain student and school level covariates and controls for grade-by-year effects. Student level covariate is student
attendance at school. School level covariates include percent black, percent Hispanic, percent economically disadvantaged, percent scoring
proficient in mathematics, percent scoring proficient in reading, and student teacher ratio. SES Content Area indicates SES sample is restricted
to students receiving tutoring in mathematics or both mathematics and reading (or reading or both reading and mathematics) when mathematics
(or reading) is the dependent variable.
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Table 6. Estimated Effects of Supplemental Education Services on Mathematics and Reading Test Score Gains by Student Race/Ethnicity

Baseline Estimates:

Table 3, Models (9) Full Sample Hispanic White
and (12)
(model) @ @ ©) @ ©) ©) ™ ®

Mathematics

0879 1433 0478 1447 0895 1183 1010 1669
Attended *okk *ok *ok *ok *ok *ok ok

(.0299) (.0332) (:0462) (.0535) (.0337) (.0363) (.0330) (.0370)
Attended * Covariate 0685 -.0023 -.0075 1503 -0719 -1193
(column) (.0602) (0679) (0717) (0888) (.0766) (.0828)
Sample Size 82248 81896 82248 81896 82248 81896 82248 81896
R’ 3666 3692 3666 3692 3666 3693 3666 3693
(model) ©9) (10) (11) (12) (13) (14) (15) (16)
Reading
Attended 0385 0666 0350 0780 0435 0587 0336 0679
(.0313) (0340) (.0497) (.0538) (.0348) (.0383) (0347) (0375)"

Attended * Covariate 0057 -.0188 -.0262 0370 0260 -0072
(column) (.0636) (0691) (.0788) (.0827) (0794) (.0886)
Sample Size 80305 80040 80305 80040 80305 80040 80305 80040
R’ 3836 3877 3836 3877 3836 3877 3836 3877
SES Content Area v \ \/ \

*, Rx Rk Estimates statistically significant from zetro at the 10%, 5%, and 1% levels, respectively.

Notes: All models contain student and school level covariates and controls for grade-by-year effects. Student level covariate is student attendance at school. School level covariates include
percent black, percent Hispanic, percent economically disadvantaged, percent scoring proficient in mathematics, percent scoring proficient in reading, and student teacher ratio. SES
Content Area indicates SES sample is restricted to students receiving tutoring in mathematics or both mathematics and reading (or reading or both reading and mathematics) when

mathematics (or reading) is the dependent variable.



Table 7. Estimated Effects of Supplemental Education Services on Mathematics and Reading Test Score Gains by Student Characteristics

Baseline Estimates:

Table 3, Models  Table 6, Models L‘";Eg‘ég:ngtmh Special Education Male Only Female Only Female
(9) and (12) (2) and (10)

(model) ) @ ©) ©) ©) © ) ©) ) 10) an 12
Mathematics
Attended 0879 1433 0894 1394 0688 1257 0592 1064 1148 1762 0524 1025

(0299) " (0332) (031577 (0347) 7 0322) 7 (0360) T (0453)  (0509)"  (0391) " (0431) (0427)  (o0481) "

Attended * Covariate -.0149 .0433 1345 1159 .0686 0774
(column) (0979)  (1158) (0847)  (.0918) (0592)  (.0661)
Sample Size 82248 81896 82248 81896 82248 81896 41696 41525 40552 40371 82248 81896
R’ 3666 3692 3666 3692 3666 3693 3643 3663 3749 3785 3666 3693

(model) 13) (10) (15) 16) a7 18) 19) (20) @1) 22) 23) (24)
Reading
Attended 0385 0666 0602 0863 0131 0491 0137 0567 0586 0727 0085 0498

(0313) (0340) (0325)" (0355 (0337)  (.0367) (0482) (0517 (0402) (0444 (0448)  (.0482)

Attended * Covariate -.2783 -.2371 1787 1201 .0580 .0302
(column) (1158) " (12200 (0886) (0954) (0621)  (.0676)
Sample Size 80305 80040 80305 80040 80305 80040 40691 40581 39614 39459 80305 80337
R 3836 3877 3837 3878 3837 3878 3910 3952 3774 3814 3837 3836
SES Content Area N N + N N N

*, Rx Rek Estimates statistically significant from zero at the 10%, 5%, and 1% levels, respectively.

Notes: All models contain student and school level covariates and controls for grade-by-year effects. Student level covariate is student attendance at school. School level covariates include

percent black, percent Hispanic, percent economically disadvantaged, percent scoring proficient in mathematics, percent scoring proficient in reading, and student teacher ratio. SES Content

Area indicates SES sample is restricted to students receiving tutoring in mathematics or both mathematics and reading (or reading or both reading and mathematics) when mathematics (or
reading) is the dependent variable.
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Table 8. Estimated Effects of Supplemental Education Services on Mathematics and Reading Test Score Gains by Student Ability

Baseline Estimates:

Table 3, Models Table 6, Models Quartile 1 Quartile 2 Quartile 3 Quartile 4
(9) and (12) (2) and (10)
(model) O &) ©) G ©) ©) ) ®) ®) (10)
Mathematics
Attended .0879 1433 1011 1229 .0095 .0592 -.0145 -.0158 -.2317 -.0140
(.0299) o (.0332) ** (0774) (.0824) (.0418) (.0464) (.0487) (.0568) (.1253)* (.1530)
Sample Size 82248 81896 17069 17964 19610 19514 20789 20718 24780 24741
R’ 3666 3692 4954 4840 .8285 8313 .8268 .8270 4899 4925
(model) @) ) ©) (10) (11) (12) (13) (14) (15) (16)
Reading
Attended .0385 .0666 .0352 .0451 .0192 .0753 .0150 .0512 .0129 .0054
(.0313) (.0340)* (.0994) (.1059) (.0421) (.0467) (.0444) (.0503) (:1083) (.1207)
Sample Size 80305 80040 16246 16157 19284 19193 20701 20640 24074 24050
R’ .3836 3877 5104 5134 .8389 .8397 .8224 .8233 4785 4778
SES Content Area \ \ \ \ \

*, k¥, Rk Estimates statistically significant from zero at the 10%, 5%, and 1% levels, respectively.

Notes: All models contain student and school level covariates and controls for grade-by-year effects. Student level covariate is student attendance at school. School level
covariates include percent black, percent Hispanic, percent economically disadvantaged, percent scoring proficient in mathematics, percent scoring proficient in reading, and
student teacher ratio. SES Content Area indicates SES sample is restricted to students receiving tutoring in mathematics or both mathematics and reading (or reading or both
reading and mathematics) when mathematics (or reading) is the dependent variable.
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Table 9. Estimated Effects of Supplemental Education Services on Mathematics and Reading Test Scote Gains by Subject Focus and Years of Participation

Baseline Estimates:

Table 3, Models Table 6, Models Enrolled in Tutoring 1 Year Only Enrolled in Tutoring 2 or More Years
(9) and (12) (2) and (10)
(model) O @ ©) @ © (©)
Mathematics
.0879 1433 0.0690 1235 .0690 1237
Attended ok ok sk ook ok ok
(.0299) (.0332) (.0309) (.0344) (.0309) (.0344)
Attended * Covariate (column) 2635 - 2657 -
(.1153) (.1261)
Sample Size 82248 81896 82049 81725 82248 81896
R® 3666 .3692 0.3674 .3698 .3666 .3693
(model) ™ ® ® (10) ) (12)
Reading
.0385 .0666 0.0134 .0390 .0133 .0390
Attended .
(.0313) (.0340) (.0323) (.0351) (.0324) (.0351)
Attended * Covariate (column) '3703*** '4459***
(.1233) (.1403)
Sample Size 80305 80040 80114 79872 80305 80040
R® .3836 3877 0.3846 .3889 .3838 .3879
SES Content Area ~ N N

*, k¥ Rk Bstimates statistically significant from zero at the 10%, 5%, and 1% levels, respectively.

Notes: All models contain student and school level covariates and controls for grade-by-year effects. Student level covariate is student attendance at school. School level covariates include
percent black, percent Hispanic, percent economically disadvantaged, percent scoring proficient in mathematics, percent scoring proficient in reading, and student teacher ratio. SES
Content Area indicates SES sample is restricted to students receiving tutoring in mathematics or both mathematics and reading (or reading or both reading and mathematics) when
mathematics (or reading) is the dependent variable.
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Table 10. Estimated Effects of Supplemental Education Services on Mathematics and Reading Test Score Gains by Student Enrollment and
Attendance Patterns

Baseline Estimates:

Panel B: Current versus Panel C: Propensity Score Panel D: Propensity Score
Table 3, Models  Table 6, Models Future Participants (weight) (stratification)
(9) and (12) (2) and (10)

(model) @ @ €) @ ©) ©) ) ®
Mathematics
Attended .0879 1433 1343 1789 .0828 0919 0477 .0494

(0299) (0332) (0721) " (0775) " (0165) " (0175) " (0232) (0252)

Sample Size 82248 81896 2374 2260 8477 8370 8466 8111
R’ 3666 3692 .3493 3647 .0514 .0517 .0487 .0502

(model) ) (10) (11) (12) (13) (14) (15) (16)
Reading
Attended .0385 0666 .0390 .1004 -.0330 -.0303 -.0080 -.0041

(.0313) (.0340) " (.0856) (.0995) (0191) " (.0205) (.0265) (.0284)

Sample Size 80305 80040 2203 2076 8370 8104 8370 8113
R’ .3836 3877 .3902 4248 .0191 .0185 0166 .0157
SES Content Area \ V \ V

*, Rk Rk Hstimates statistically significant from zero at the 10%, 5%, and 1% levels, respectively.

Notes: All models contain student and school level covariates and controls for grade-by-year effects. Student level covariate is student attendance at school. School level covariates
include percent black, percent Hispanic, percent economically disadvantaged, percent scoring proficient in mathematics, percent scoring proficient in reading, and student teacher
ratio. SES Content Area indicates SES sample is restricted to students receiving tutoring in mathematics or both mathematics and reading (or reading or both reading and
mathematics) when mathematics (or reading) is the dependent variable.
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Table 11. Robustness Checks to Choice of Specification

) . Polynomials of prior
Baseline Estimates:

. . Interaction of prior mathematics and reading . .
Prior mathematics or mathematics and test scores (1) and Standardized gain score
Table 3, Models Table 6, Models reading test score (t-1) : . ; . (bins)
(9) and (12) (2) and (10) reading test score (t-1) interaction of mathematics
and reading test score (t-1)
(model) Q) 2 3) * ©) ©) ) ®) O) (10)
Mathematics
Attended .0879 .1433 .0265 0514 .0377 .0648 .0364 .0648 0.1427 0.2370
(0299) (0332) (.0181) (0202) (0188) " (.0209) (0184) " (0205 (044277 (0.0491)
Sample Size 82248 81896 82248 81896 80818 80485 80818 80485 82248 81896
R? .3666 .3692 .8973 .8979 .8935 .8941 .8977 .8983 4234 4259
(model) (11) (12) (13) (14) (15) (16) a7 (18) (19) (20)
Reading
Attended .0385 .0666 .0180 .0265 .0243 .0367 .0273 .0228 0.0813 0.1300
(.0313) (.0340) © (.0186) (:0202) (:0191) (.0208) (.0188) (:0256) 0.0451) " (0.0492)
Sample Size 80305 80040 30305 30040 80219 79954 80219 79954 80305 80040
R? .3836 3877 .8919 .8925 .8855 .8862 .8898 .8905 4222 4248
SES Content Area \ \ \ \ \

¥, FF #Rx Estimates statistically significant from zero at the 10%, 5%, and 1% levels, respectively.

Notes: All models contain student and school level covariates and controls for grade-by-year effects. Student level covariate is student attendance at school. School level
covariates include percent black, percent Hispanic, percent economically disadvantaged, percent scoring proficient in mathematics, percent scoring proficient in reading, and
student teacher ratio. SES Content Area indicates SES sample is restricted to students receiving tutoring in mathematics or both mathematics and reading (or reading or both
reading and mathematics) when mathematics (or reading) is the dependent variable.
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Appendix A. Summary Statistics for Student Test Scores

Schools Required to Offer SES Students Enrolled in SES Content Area
All Students
All Students Eligible Students  Enrolled S tudents Attd. > 0 Hrs.  Did Not Attend Mathematics Reading Both
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Mathematics Scale Score

Grade 3 47459 (31.07)  467.34 (2627) 466.88 (2647) 46383 (23.83)  464.02 (2326) 47469 (31.12) 47421 (20.54) 46113 (24.84) 463.04 (24.13)
Grade 4 488.64 (3450) 48394 (3437) 48292 (33.94) 47478 (32.62) 47563 (31.81) 48874 (34.50) 47820 (29.50) 47290 (33.55) 473.11 (32.20)
Grade 5 50023 (38.69) 49230 (35.13) 489.65 (34.17) 48599 (31.77)  486.73 (31.18) 500.51 (38.78)  488.99 (38.00) 485.85 (27.02) 484.92 (30.68)
Grade 6 513.62 (44.59) 50448 (40.49) 50126 (39.85) 49506 (37.55)  497.13 (36.94) 513.90 (44.66) 49443 (37.07) 500.69 (41.28) 49441 (34.17)
Grade 7 52392 (4827) 51350 (45.54) 509.19 (44.58) 49395 (42.84) 49447 (4227) 52430 (48.23)  496.03 (40.57) 49579 (40.45) 49557 (42.70)
Grade 8 53347 (50.44)  521.60 (45.85) 51678 (45.48) 50271 (4419) 50351 (43.66) 533.84 (50.41) 50478 (40.01) 505.86 (46.30) 502.29 (42.76)

Reading Scale Score

Grade 3 486.72  (31.80) 476.19 (26.57) 47544 (26.72) 472.64 (25.89) 472.24 (26.48) 486.86 (31.88) 479.53 (19.47) 469.59 (29.29) 471.06 (27.16)
Grade 4 493.24  (36.97) 481.30 (35.24) 480.85 (34.83) 473.73 (31.14) 474.72  (31.18) 493.39 (36.98) 479.60 (32.32) 469.88 (32.69) 471.15 (39.83)
Grade 5 504.05 (38.74) 492,92 (37.87) 489.82 (37.79) 484.43 (38.30) 485.23 (37.82) 504.44 (38.60) 493.79 (34.80) 479.88 (38.95) 482.47 (40.33)
Grade 6 518.37 (42.89) 506.85 (40.04) 502.90 (39.84) 496.01 (40.49) 497.00 (40.76) 518.74 (42.83) 498.67 (32.94) 504.13 (35.87) 492.22 (43.80)
Grade 7 522.39 (40.98) 510.26 (40.43) 506.09 (40.80) 494.41 (42.65) 495.07 (42.88) 522.75 (40.84) 500.05 (37.26) 488.96 (44.80) 497.99 (44.45)
Grade 8 536.18 (38.31) 528.05 (37.22) 523.72 (37.25) 517.07 (33.53) 518.20 (30.25) 536.40 (38.35) 51490 (31.85) 526.37 (32.02) 515.02 (27.81)

Mathematics Gain Score

Grade 4 16.27  (23.54) 24.08 (22.44) 2418 (22.30) 23.64 (22.97) 2440 (22.48) 1621 (23.54) 19.22 (18.82) 21.63 (20.22) 23.96 (25.35)

Grade 5 15.58  (25.20) 1471 (28.12) 1479 (28.25) 14.07 (28.03) 1419 (29.03) 15.61 (25.17) 10.81 (26.97) 1208 (30.11) 17.18 (28.32)

Grade 6 18.23  (27.11) 17.98 (29.88) 17.62 (30.65) 20.11 (34.46) 19.71  (32.89) 1820 (27.00) 17.28 (3449) 1796 (35.36) 22.43 (30.75)

Grade 7 14.82  (29.45) 14.34  (31.19) 1483 (31.82) 12.16 (34.15) 12.75 (35.93) 14.85 (29.36) 12.93  (27.96) 1312 (34.63) 13.44 (37.08)

Grade 8 13.09  (30.17) 14.39  (34.60) 15.08 (36.55) 17.26 (40.09) 18.96 (42.17) 13.02 (29.99) 18.40 (44.46) 20.05 (40.13) 19.53 (38.65)
Reading Gain Score

Grade 4 8.96  (24.67 9.80  (26.83) 10.37 (27.48) 10.90 (25.54) 10.77 (23.86) 8.95  (24.68) 476  (18.08) 10.18 (31.38) 5.94  (29.40)

)
Grade 5 1530  (26.63) 1573 (30.69) 1581 (31.52) 1570 (32.17) 1558 (31.82) 1529 (2652) 1323 (29.57) 1586 (33.17) 1698 (33.63)
Grade 6 1943 (2832) 1797 (3218) 1753 (33.19) 17.15 (3465 1482 (3416) 1951 (2820)  17.07 (30.06) 23.03 (36.82) 10.14 (33.41)
Grade 7 931  (28.51) 894 (3221) 994 (3375 1036  (40.35) 877  (39.02) 932 (28.35) 926 (3345) 890 (3292) 7.97 (43.48)
Grade 8 1613 (27.30) 2048 (31.68) 2120 (34.16) 2415 (3532) 2535 (3445) 1602 (27.18) 2689 (40.99) 27.64 (3452) 2452 (31.98)
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