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Abstract

Class size proponents draw heavily on the results from Project STAR to
support their initiatives. Adding to the political appeal of these initiative
are reports that minority and economic disadvantaged students received the
largest benefits. We extend this research in two dimensions. First we con-
duct a more detailed examination of the heterogeneous impacts of class size
reductions on measures of cognitive and non-cognitive achievement using both
conditional and unconditional quantile regression strategies. Second to address
correlated outcomes from the same treatment(s) we account for over-rejection
of the null hypotheses by using multiple inference procedures. We present
evidence of substantial heterogeneity in the impacts of class size reductions on
measures of cognitive achievement. Our evidence indicates that higher abil-
ity students gain the most from class size reductions while many low ability
students do not benefit from these reductions. Further, the multiple inference
procedures render the few significantly differential impacts of smaller classes
by race and free lunch status when the outcomes were assumed independent
to appear at a frequency that one could reasonably expect due to chance.

*We are grateful to Alan Krueger for providing a subset of the data used in the study. We
wish to thank Caroline Hoxby and Richard Murnane for suggestions which helped improve this
paper. Lehrer wishes to thank SSHRC for research support. We are responsible for all errors.



1 Introduction

Unlike vouchers, charter schools, teacher testing, and other controversial reform strate-
gies, class size reduction (CSR) proposals have intuitive and political appeal. Parents
assume that their children will get more individualized instruction and attention, thereby
improving student achievement, and teachers believe that it gives them a shot at creating
true learning communities. In 2004, 33 states had laws that restricted class size at the
K-3 level and new federal and state/provincial legislation and appropriations will pro-
mote further shrinkage of class sizes in North America. Policymakers continuously draw
from the reported experience of Project STAR, a randomized evaluation in the late 1980s
on the impacts of CSR in Tennessee to support the launch of multi-billion dollar CSR
initiatives.!

Two issues have been largely ignored in the discussion of the results from Project
STAR. First, if the prescription of smaller classes does not benefit students in an equal
manner then an improved and more comprehensive understanding of which group of
pupils received the largest benefits is needed.? To assess the distributional effects of
class size reductions we consider unconditional quantile regression to determine where

the treatment effects are concentrated in the test score distribution.?

From a policy
perspective estimating quantile impacts of inputs to an education production function
(in addition to mean impacts) is likely of importance since societal costs associated with
poor development of cognitive and non-cognitive skills exist primarily at the low end of
the achievement distribution, with the costs increasing substantially at the very low end.
Additionally, we examine whether there are heterogeneous impacts of small class by race,
economic background and school characteristics accounting for a more comprehensive
set of possible interactions between individual and school factors. Finally, we consider

traditional quantile regression strategies that explicitly allow the impacts of smaller classes

to vary across the conditional achievement distribution.*



Second, as students in Project STAR completed a battery of exams in each year, a
special set of techniques are needed to evaluate whether CSR is effective with multiple
outcomes. These techniques incorporate the dependence in student test scores across
multiple subjects for the same student. Failing to account for multiple outcomes from
the same treatment(s) may lead to finding significant impacts when there are none.” For
example, if the effectiveness of CSR is assessed on six outcomes each at a significance
level of 5% (two-sided tests), the chance of finding at least one false positive statistically
significant test increases to 15.9%. Accounting for multiple outcomes can have a substan-
tial influence on the rate of false positive conclusions which may affect education policy
whenever there is an opportunity to select the most favorable results from an analyses;
as without choice there is no influence. We adopt two multiple testing procedures that
i) controls for the probability of at least one rejection of a true null hypothesis, ii) allow
the number of false rejections one is willing to tolerate to vary with the total number of
rejections, to present a more detailed analysis of CSR effectiveness.

We also investigate the impacts of CSR on non-cognitive skills such as listening, mo-
tivation and self-concept using multiple inference and allowing for flexible heterogeneity.
The majority of Project STAR research has focused solely on test scores in reading, math-
ematics and word recognition. Several researchers have criticized the focus of education
policy on cognitive skills and shown the importance of non-cognitive skills on a variety of
education and labor market outcomes.” With the recent public availability of measures of
non-cognitive performance in Project STAR, we have a chance to examine whether CSR
has appealing impacts on non-cognitive skills.®

This paper is organized as follows. In the next section we provide a brief review of the
Project STAR experiment and describe the data used in this study. In order to minimize
issues related to non-random violations to the experimental protocol that occurred in
subsequent years of the study affecting the estimates, we only report analysis using data

collected in the first year of the experiment.” The statistical approaches employed are



discussed and empirical results are reported in Section 3. We find strong evidence that
i) students with higher test scores received larger impacts from CSR, ii) higher ability
students gain the most from CSR while many low ability students do not benefit from these
reductions, iii) there are few additional benefits from CSR for minority or disadvantaged
students. Some of the differences between our findings and earlier work are related to a)
treating the impacts of school factors in a more general manner and b) the different ways
in which researchers use test score measures as outcome variables. Multiple inference
procedures that account for general correlations in student outcomes between subject
areas suggest that the impacts of CSR had positive impacts on measures of cognitive
achievement but did not yield non-cognitive benefits. Moreover, these procedures render
the few significantly differential impacts of CSR by race and free lunch status observed
when the outcomes are treated as independent to appear at a frequency that one could
reasonably expect to be due to chance. A concluding section summarizes our findings and

discusses directions for future research.

2 Project STAR Experiment

The Student/Teacher Achievement Ratio (STAR) was a four-year longitudinal class-size
study funded by the Tennessee General Assembly and conducted by the State Department
of Education. Over 7,000 students in 79 schools were randomly assigned into one of the
three intervention groups: small class (13 to 17 students per teacher), regular class (22
to 25 students per teacher), and regular-with-aide class (22 to 25 students with a full-
time teacher’s aide) as the students entered kindergarten. Teachers were also randomly
assigned to the classes they would teach.

In theory, random assignment circumvents problems related to selection in treatment.
However, following the completion of Kindergarten there were significant non-random

movements between control and treatment groups as well as in and out of the sample



which complicates any analysis.! By grade three over 50% of the subjects who partic-
ipated in kindergarten left the STAR sample and approximately 10% of the remaining
subjects switch class type annually. Ding and Lehrer (2008) present evidence of selective
attrition and demonstrate that the conditional random assignment of the newly entering
students failed in the second year of the experiment as among this group of students those
on free lunch were significantly more likely to be assigned to regular (larger) classes.!! To
reduce concerns regarding potential biases from non-random violations to the experimen-
tal protocol, our analysis focuses solely on data from the first year of the experiment.!?
At the end of the kindergarten year the majority of the students completed six exams to
measure their performance in different dimensions. The students completed the Reading,
Listening Comprehension, Mathematics and Word Recognition sections of the Stanford
Achievement test.!® In our analysis, we employ total scaled scores by each subject area.
Scaled scores are calculated from the actual number of items correct adjusting for the
difficulty level of the question to a single scoring system across all grades. Scaled scores
vary according to the test given, but within the same test they have the advantage that a
one point change on one part of the scale is equivalent to a one point change on another
part of the scale.!* While the instructional objectives of the listening comprehension
component are similar to that of the reading test, they focus on a different set of skills that
measure ability to comprehend spoken communication.!® Finally, the students completed
the Self-concept and Motivation Inventory test presenting measures of two non-cognitive
skills: self-concept and motivation, which are obtained by the child’s response to 24
questions that are prefaced with the statement, "What face would you wear if ...". The
student selects and blackens the tone of one of five different faces for each question.
Even at the kindergarten level these tests have been found to have moderate internal
consistency (Davis and Johnston (1987)), and is scored from 24 to 120, with higher scores
indicating more positive outcomes. The motivate inventory is scored from 8 to 40 and the

self concept scale ranges from 16 to 80.



The public access data on Project STAR contains information on teaching experience,
the education level and race of the teacher, the gender, race and free lunch status of the
student. Summary statistics on the Project STAR kindergarten sample are provided in
Table 1. Between 79.7% to 92.5% of the participants completed each of the examinations
as some were not offered in certain schools or some students were absent on certain test
days. Nearly half of the sample is on free lunch status. There are few Hispanic or Asian
students and the sample is approximately % Caucasian and % African American. There
are nearly twice as many students attending schools located in rural areas than either
suburban or inner city areas. There are few students in the sample (9.0%) attending
schools located in urban areas. Regression analysis and specification tests found no evi-
dence of any systematic differences between small and regular classes in any student or
teacher characteristics in kindergarten, suggesting that randomization was indeed suc-
cessful. However, among black students those on free lunch status were more likely to be
assigned to regular classes than small classes (33.67% vs. 27.69%, Pr(T > t) = 0.0091,

one sided test).

3 Empirical Results

3.1 Quantile Treatment Effects
3.1.1 Conditional Quantile Regression

In our work we first allow the effect of class size to vary for individuals at the different
points of the conditional test score distribution which we view as reflecting the distri-
bution of unobserved ability. We estimate the following contemporaneous achievement
education production function by quantile regression for each component of the Stanford
Achievement Test!©

Aij = B/Xij + ﬁ/CSCSZJ + €ij- (1)



where A;; is the level of achievement for child 7 in school j, X;; is a vector of school
indicators, student and teacher characteristics, C'S;; is an indicator if student ¢ attended

a small class,'”

€i; captures random unobserved factors. Controlling for school effects
is necessary since randomization was done within schools. By randomly assigning class
type and teachers to students, C'S;; is uncorrelated with unobserved factors such as the
impact of pre-kindergarten inputs, family and community background variables, etc.,
permitting unbiased estimates of S-¢ with only kindergarten data. Quantile regression
provides a flexible approach to characterizing the effects of observed covariates such as
class type on different percentiles of the conditional achievement distribution. This allows
us to investigate whether small class induces a more complex change in the test score
distribution as opposed to a simple constant impact. Implicitly we are allowing class
size and ability to be two separate factors in the generation of achievement to interact
in unknown ways. If ability and class size are substitutes we would expect the marginal
returns on class size to decrease when ability is increasing. If ability and class size are
complements then marginal returns to class size would be higher for the more able.

The quantile regression results for class size coefficients from equation (1) are presented
in Figure 1. In all the subject areas higher ability students benefit more from reduced
class sizes, indicating that smaller class size complements unobserved ability. Students in
the lowest quantiles (0.05 and 0.10) do not gain from smaller classes as the benefits are not
statistically different from zero. In all subjects students in the highest quantile (0.95) gain
a larger amount from a small class compared with the OLS coefficient estimates. There
are substantial difference between the OLS and quantile regression class size coefficients
in the extreme quantiles in all subject areas, whereas the other quantiles have impacts
similar to OLS. In particular, in word recognition the quantile regression coefficients differ

greatly in magnitude from the OLS estimates in the extreme quantiles.



3.1.2 Unconditional Quantile Regression

We next allow the effect of class size reductions to vary for individuals at the different
points of the unconditional test score distribution. We estimate the contribution of each
explanatory variable to the unconditional quantiles of test scores, which permits us to
answer question such as what is the impact on a specific quantile of math test scores of
assigning everyone to a small class, holding everything else constant. To better interpret
the estimates we present information on the quantiles of each test score distribution in
Appendix Table 1.

We estimate equation (1) via the Firpo, Fortin and Lemieux (2007) regression method
that essentially replaces the original outcome variable (A;;) by a simple transformation
known as the recentered influence function. The recentered influence function for the
quantile of interest ¢, is formally defined as
T—I(A<q)

falgr)

where f4 is the marginal density function of A, I is an indicator function . Since the

RIF(A;q.) = q- + (2)

RIF(A;q,) defined in equation (2) is unobserved in practice, we use its sample analog

that replaces the unknown quantities by their estimators as follows

r-I(A<q)
Falar)

where ¢, is the 7th sample quantile and ]?A is the kernel density estimator. Once the

RIF(A;q:) = + (3)

dependent variable is replaced by the transformation defined in equation (3) a simple
OLS regression allows us to recover the impact of changes in the explanatory variables on
the unconditional quantiles of A;;. Intuitively at each quantile this procedure changes the
outcome variable in equation (1) in such a way that the mean of the recentered influence
function corresponds to the statistic of interest.

Figure 2 presents by subject area unconditional quantile regression estimates of the

impact of attending a small class on levels of kindergarten achievement.'® These esti-
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mates provide more information about the impact of class size reductions than the OLS
estimates. They show at different achievement levels how important attending a small
class is. Notice that in all the subject areas in the top row of Figure 2 (mathematics,
reading, word recognition) there is clear evidence of heterogeneity that the OLS estimate
is often not captured within the 95% confidence interval. In addition, tests of treatment
effect homogeneity between quantiles are firmly rejected. In these subjects students with
higher test scores have received larger impacts from being assigned to a small class than
students in the lower quantiles of the test score distribution. Additionally, those students
in the lowest quantiles in mathematics do not receive a statistically significant impact
from being assigned to a small class. In contrast, examining the test scores presented
in the bottom row of Figure 2 (listening, self-concept and motivation) we do not find
significant evidence of treatment effect heterogeneity. Interestingly small class only has a
significantly positive impact on test scores in motivation at 7 of the 19 quantiles.

By exploring treatment effect heterogeneity we are attempting to enter the “black box”
of CSRs. Our evidence indicates that there was considerable heterogeneity in the impacts
of small classes on the distributions of test scores in mathematics, reading and word
recognition; heterogeneity that would be left unexplored by only reporting mean impacts.
In particular, we find that the impact of small classes is not significantly different from
zero in the bottom 20% of the math distribution and in over 60% of the quantiles of
the motivation test score. To improve the effectiveness of class size reductions one could
simply target students who have larger responses to the intervention. reforms. In the next
section, we take a closer look at how the relationship between class size and achievement

varies across subgroups that are easy to identify.

3.2 Education for the Disadvantaged

(Class size reductions have played a large role in recent policy debates searching for mecha-

nisms to reduce the achievement gap between disadvantaged children and other children.
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The reported positive results that CSR is more beneficial for minority and inner city
children has substantial political appeal. While the quantile regression results presented
evidence that in subsamples defined by race or free-lunch status, individuals in the higher
quantiles received larger gains than their counterparts in the lower quantiles of the con-
ditional achievement distribution, in this subsection we conduct a more comprehensive
examination of whether students on fee lunch and minority children gain more in small
classes on average. To accomplish this goal, we interacted the individual student and

teacher characteristics with class size and estimated the following equation
Aij = B'Xij + BosCSij + BxesCSiXij + €y (4)

The results for all six subjects are presented in the Table 2. Notice from the bottom row
the interaction terms are jointly insignificant at conventional levels in all subject areas with
the exception of self-concept. Further, the interaction between small class and free lunch
status was individually insignificant in all subject areas. Similarly African Americans
students did not perform significantly different in smaller classes with the exception of
self-concept skills but this effect is only significant at the 10% level.

In order to consider the most flexible method to evaluate whether there was hetero-
geneity in the impact of small class treatment across groups we consider a fully saturated
model that contains all possible interactions between student and teacher covariates. The
results are presented in Table 3. The effect of small class is highly significant in math,
reading and word recognition, but the only interaction between small class and another
input that is significantly related to academic performance is that with the indicator for
being female in a small class on the motivation exam. In specifications that consist of the
full set of interactions there are substantially large negative impacts for being a minority
or free lunch student. Further, the interaction between black and free lunch status is
highly significant and positively relate to achievement on all four Stanford Achievement

tests. F tests on the full set of interaction terms indicate that they are jointly significant
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on the mathematics, listening and reading examination. F-tests on the joint significance
of the individual demographic characteristics and small class indicators are only signifi-
cant on the self-concept and motivation tests.!” However, the inclusion of this large set of
regressors only explains a limited amount of the variation in self-concept and motivation
scores.

These discrepancies between our results and earlier work are due to two major features.
First, prior work ran multiple regressions separately on samples defined by class types and
then compared the magnitude of the estimated coefficient on the free lunch variable as
opposed to pooling the sample and including interaction terms. By running the regressions
on two separate subsamples defined by class assignment does not restrict the student
invariant school effects nor the other covariates to have the same impacts across subsample.
This could distort inference if there are some partial correlations between these variables.
Further, many of these comparisons were exploiting variation across schools and do not
account for school heterogeneity. Since randomization was done within and not between
schools, these comparisons ignore the experimental variation which provides exogenous
variation to identify any impacts. Further, only 34% of the African American and Hispanic
students in the full kindergarten sample attend schools that also contain white or Asian
students. In fact, there are 15 schools that only consist of minority students and 15 schools
for which there was not a single minority student in the kindergarten sample. Thus, using
raw differences from specification held on samples defined by class types could lead the
results to be confounded by factors that vary across schools. In contrast, the pooling
approach not only includes school indicators and exploits the experimental variation but
the interpretation of the interaction terms from a regression using the pooled sample as
intercept or slope shifts is straightforward. Lastly, there are gains in efficiency of the
estimates by using the full sample.

Second the method in which student performance is measured varies substantially

across samples. In our study we used scaled scores for outcomes from the Stanford
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Achievement test since they are developmental. Within the same test they have the
advantage that a one point change on one part of the scale is equivalent to a one point
change on another part of the scale allowing one to measure growth across grades as
well as within grades. Scaled scores represent the sole method of determining whether a
student actually demonstrated growth in a subject area but cannot be combined across
subjects. Alternative methods to estimate student performance with STAR data repre-
sent monotonic transformations of scaled scores or raw scores. These methods include
percentile scores, standard scores and grade equivalent scores. Percentile scores represent
ranks within a sample and simply provide the percentage of students whose scores were
at or lower than a given score. While useful to compare a student’s performance in rela-
tion to other students, they create a uniform distribution that places too much weight on
scores near the mean when estimating equations via OLS. To construct standard scores
researchers assume that any non-normality in the observed distribution of test scores is
an artifact and convert each percentile point into the standard score that would corre-
spond to that percentile in a normal distribution. Standard scores provide a measure of
how much standard deviation one’s score is from a mean and provide an equal unit of
measurement on a single test. However, they are not developmental and cannot be used
to measure growth within a subject area or combined across subjects. Further, it is much
easier to interpret marginal effects and translate results to policymakers with scaled scores
as these adjust for difficulties in test scoring which could occur from ceiling effects. To
illustrate, consider a 10 percentile score increase on the kindergarten math exam from our
sample. A move from the median to the 60th percentile is equivalent to moving 10 scaled
points or 0.0180,whereas moving from the 80th to the 90th percentile involves 27 scaled
points or 0.294¢0. The transformations from one measure to another changes the variation
in outcome scores to be explained by the regressors. The relationship between standard
scores, percentiles scores and scaled scores also varies from test to test. We replicated

all of the analysis in Tables 2 and 3 with both standard scores and percentile scores and
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there were several differences in the significance of the findings.?® While the methods to
specify dependent variables in labor economics and health economics studies have been
an active area of study where dependent variables have i) nonnegative outcomes and ii)
skewed outcome distributions, this has been an understudied area in the economics of
education literature that we believe warrants further investigation.?!

We replicated the analysis in Table 2 with a sample of students from inner city schools
and compared the coefficients obtained to those of the sample of students from other
schools. We did not find any significant differences for the class size variable or interactions,
lending little support to the claim that the impacts of smaller classes are significantly

22 The discrepancy between our work and earlier studies

larger in inner city schools.
comes from the inclusion of school effects which are required since randomization was
done within and not across schools.?3

Finally, we attempted to investigate the significant heterogeneity in the effectiveness of
CSR across schools.?* Since there does not appear to be a consistent relationship between
kindergarten class size and academic achievement understanding why it works in some
schools but not in others is essential. We categorized schools on the basis of whether CSR,
was effective in each of mathematics, reading and word recognition subject tests. We then
tried to determine in those schools that small classes outperformed regular classes in all
3 subject areas if there were systematic differences in any of the school or teacher factors.
Unfortunately the publicly available STAR data did not yield many insights into the
sources of program heterogeneity and future work requires more data collected during the
process evaluations that are currently unavailable to outside researchers. While the above
analysis consisted of a more comprehensive examination of the heterogenous impacts of
CSR in the first year of Project STAR, we treated each test score outcome as independent
and there are many reasons to believe that there are substantial positive correlations in
performance across subject areas. We next account for these factors and examine whether

the above results and the effectiveness of CSR are robust to multiple inference.
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3.3 Multiple Test Outcomes

Making adjustments for the use of multiple outcomes has a long history in psychology
(Benjamini and Yekutiele (2001)) and biostatistics (Hochberg (1988)). These techniques
have also been adopted in some studies within education (Williams et al. (1999)) as
well as studies in economics that examine multiple child outcomes (Kling and Liebman
(2004) and Andersson (2007)). The motivation for these tests is that without accounting
for the fact that outcomes collected within the study are related one may over reject
the Null hypothesis of no treatment effects when using univariate statistical methods.
Therefore one needs to adjust the p-value for the multiple outcomes and we consider
making corrections for both the Familywise error rate (FWER) and false discovery rate
(FDR). These p-value adjustments reduce the chance of making type I errors and are
based on the number of outcomes being considered. Formally, suppose that we wish to
test K hypotheses, Hy Hy . Hj of which only [ < K are true, the FWER is simply the
probability of making one or more type I errors (i.e. one of [ true hypotheses in the family
is rejected) among all the single hypotheses when performing multiple pairwise tests on
a families of hypotheses that are similar in purpose. We consider three families in our
analysis. The first family consists of all six student performance examinations and we
also separately consider the three measures in the cognitive and non-cognitive domains.
While, the FWER controls for the probability of making a Type I error,?’ we also consider
accounting for the FDR rate which controls the expected proportion of incorrectly rejected
null hypotheses (Type I errors) in a list of rejected hypotheses. It is a less conservative
procedure with greater power than FWER control, at a cost of increasing the likelihood
of obtaining type I errors.

For the FWER, we use the free step-down method (Holland and Copenhaver, 1987)
that allows the different p-values (which are clustered at the classroom level) to be arbi-
trarily correlated. The two-step procedure developed in Benjamini, Krieger and Yekutieli

(2006) is used for the FDR since Benjamini et al (2006) present evidence from simulations
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that the algorithm performs well when p-values are positively correlated across tests (as in
our case) therefore providing sharper control. If all Null hypotheses are true, controlling
for the FWER is equivalent to accounting for the FDR; however as increasingly more
alternative hypotheses are true controlling for the FDR, can result in fewer Type II errors
than controlling for the FWER.

Table 4 reevaluates the evidence on the mean effectiveness of CSR in kindergarten
by adjusting the estimates presented in the text for multiplicity. The first three columns
lists the Null hypotheses being tested, the specifications of the estimation equations and
the number of subjects that are being examined together. The fourth and fifth columns
reports the number of outcomes that are statistically significant when tested independently
at the 5% and 10% significance levels respectively. The next two columns present the
number of Null hypotheses rejected using the Holland and Copenhaver (1987) method at
the 5% and 10% significance levels. The last two columns correspond to the previous two
except report the number of rejections when accounting for the FDR using the Benjamini
et al (2006) procedure.

The first three rows of Table 4 reexamines the effectiveness of CSR from OLS estimates
of equation (1). We find that accounting for multiplicity leads to rejecting the positive
impact of CSR on the motivation exam at the 10% level, which assuming independence
failed to reject. However, the effects of accounting for multiple tests on the conclusions
one can draw from Project STAR are more dramatic when we consider estimates from
the fully saturated model in Table 3. When examining all six tests together, the effects
of CSR on three cognitive achievements are significantly different from zero at the 5%
level when the tests are treated as independent, while the effects of CSR on non-cognitive
achievements are insignificant in the saturated model. Once we account for multiplicity
only the impact of CSR on reading remains significant at the 5% level. This result holds
whether we correct for the FDR or FWER. At the 10% level, the impact of CSR on

mathematics becomes significant when we account for the FWER whereas accounting for
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FDR yields equivalent results to assuming independence.

Evaluating the effects of small classes interacted with student demographics with mul-
tiple inference procedures suggests that the few differential impacts of CSR by race and
free lunch status when the outcomes are independently assessed now appear at a frequency
that one could reasonably expect due to chance. None of the interactions between small
class and student demographic characteristics are significant at the 5% level even when we
assume the outcomes are independent, with the exception of being a female student in a
small class on motivation assessment. With the criterion of 10% significance level, there is
positive impact of being an African American student in a small class on the self-concept
evaluation when assuming independence. This positive result becomes insignificant once
we account for multiple inference by FWER, or FDR. Taken together, this casts doubt
that there are truly heterogeneous mean impacts from CSR across groups defined by race

or free lunch status in kindergarten.?

4  Conclusion

This paper provides new evidence in one of the most active and highly politicized subject
areas in the education reform debate: the effects of reduced class size. Our empirical
analysis of the STAR project complement existing studies using this data by first demon-
strating that higher ability students gain the most from CSR while many low ability
students do not benefit from these reductions in Kindergarten. These differences in per-
formance across the conditional achievement distribution also holds in subsamples defined
by race and free lunch status. Second, we also explored heterogeneity by estimating the
impact of attending a small class on the distribution of test scores. We find substantial
heterogeneity in these impacts in the cognitive subject areas as students with higher test
scores receive larger impacts from small classes. Third, using statistical corrections for

multiple inference, we do not find any evidence in Kindergarten for additional benefits
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from CSR for minority or disadvantaged students. It may well be that CSR are more
effective for some groups of students defined by alternative criteria in which case policy
might be more effective targeting specific populations rather than mandating across the
board reductions. Finally, we find mixed evidence on the effectiveness of CSR in kinder-
garten as it leads to significant improvement in cognitive achievement measures but does
not appear to provide substantial benefits to the development of non-cognitive skills.
Understanding why CSRs were only effective in some subjects but not others is clearly
a direction for future research. Moreover, since there was substantial heterogeneity in
the effectiveness of CSR across schools, increased attention should be paid to determine
why some schools were able but other schools were not to translate smaller classes into
gains in student cognitive achievement.?” As teaching practices varied across and within
schools uncovering whether certain practices are partially responsible for the extent of
heterogeneity in treatment effectiveness is important for education policy. In conclusion,
we suggest that the substantial heterogeneity in the impacts from class size reduction
witnessed in Kindergarten should promote further investigation by integrating qualitative
data collected in the process evaluations into quantitative empirical analyses to improve

our understanding of how class size affects the production of education outcomes.
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Notes

'For example, The US Department of Education in a 1998 report titled “Reducing
Class Size: What Do We Know?” states “In sum, due to the magnitude of the Project
STAR longitudinal experiment, the design, and the care with which it was executed, the
results are clear: This research leaves no doubt that small classes have an advantage over
larger classes in student performance in the early primary grades.”

*For example, the American Education Research Association (2003) concludes their
research summary by stating "There is no doubt that small classes can deliver lasting
benefits, especially for minority and low-income students." Past research with Project
STAR data has reported that i) minority students receive at least twice the small class
benefit (Finn and Achilles (1990) and Finn (2002)), ii) larger gains are received in inner-
city schools relative to urban, suburban and rural schools (Pate-Bain et al. (1992)), and
iii) small classes reduced the gap between students who were economically eligible for the
free lunch program versus those students who were not eligible (Word et al (1990)). These
studies have reported larger gains for disadvantaged students, thus increasing the political
appeal of CSR policies. Yet, much of this research has employed statistical models that
allow for limited forms of heterogeneity.

3To the best of our knowledge this is the first paper in the economics of education
literature to employ unconditional quantile regression.

*Quantile regression and unconditional quantile regression strategies differ substan-
tially. Quantile regression estimates are harder to interpret for a policy audience but have
a structural interpretation as they are conditional quantile functions that are multidimen-
sional whereas estimates from unconditional quantile regression present estimates of the
effects of a treatment for the entire population as the unconditional quantile function is
a one dimensional function.

This problem is well known in the theoretical statistics literature (Romano and Wolf
(2005)) and the importance of making adjustments to the inference procedure when eval-
uating the impact of an intervention on multiple outcomes is also stressed by practitioners

such as the U.S. Department of Education’s Institute of Education Sciences What Works
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Clearinghouse to determine whether an education intervention is truly effective. See
http: / /www.whatworks.ed.gov /reviewprocess/rating_scheme.pdf for details.

In contrast, earlier research has either combined a subset of the outcome measures
collected into a single index using arbitrary weights or examined each of these outcomes
independent of the others.

"This is of policy relevance since research has shown that noncognitive skills influence
individual performance on cognitive tests (Borghans et al. (2006)), likelihood of school
dropout (Heckman and Rubinstein (2001)) and amount of schooling obtained (Heckman,
Stixrud and Urzua (2006)).

$Word et al. (1990) report not finding a significant impact of CSR with a couple of

the non-cognitive measures.

“We only examine relationships in the first year of the study to present evidence
that imposes minimal assumptions on the analysis. There are several complications that
arose in the experiment including i) students switching between class types, ii) selective
attrition and refereshment samples being assigned to class type in a non-random manner.
Dealing with each of these violations to the experimental protocol results in separate
series of assumptions being made as in Ding and Lehrer (2008); which presents evidence
on each of the above violations. We have replicated the results and they are also robust
to using the full sample of kindergarten students in higher grades where the samples are
reweighted by either series logit estimates of the probability of remaining in the sample

or the probability of writing the exam the previous academic year.
9The STAR experiment not only witnessed attrition in students but also in schools. Six
schools left the study prior to the end of grade 3 and five of these schools left immediately

after kindergarten.

Tt should also be noted that attendance of kindergarten was not mandatory in Ten-
nessee and students who entered school in grade 1 may differ in unobservables to those
started in kindergarten.

2As discussed in footnote 9 the general pattern of our results holds in subsequent
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years where we corrected for subsequent selection on observables. These analyses impose

additional behavioral assumptions and are available upon request.

13The Stanford Achievement Test is a norm-referenced multiple-choice test designed to
measure how well a student performs in relation to a particular group, such as a repre-
sentative sample of students from across the nation. Norm-referenced tests are commer-
cially published and are based on skills specified in a variety of curriculum materials used
throughout the country. They are not specifically referenced to the Tennessee curriculum.

14 As we discuss in Section 3.2, the selection of scores is of critical importance in inter-
preting the results and much of the previous work has employed transformations of the
scaled scores as outcome variables, which has major effects upon their results.

5To a large extent each of these test scores may reflect a combination of cognitive and
non-cognitive skills. This breakdown between cognitive and non-cognitive skills is based
in part on behavior of college admission committees who consider listening a non-cognitive
skill whereas reading a cognitive skill (Streyffeler et al. (2005)).

6There is limited variability in both the motivation and self-concept scores leading to
substantial difficulties with the algorithm for quantile regression estimates in these subject
areas.

"Following Finn et al. (2001) and Krueger (1999) our control group consists of regular

class with and without teacher aides, as these studies (among others) report that the

presence of a teacher aide did not significantly impact student test scores.

8The estimates of the impacts of the other explanatory variables on the quantiles of
the achievement distribution are available from the authors upon request.

YWe also considered simpler specifications that only considered interactions between
the inputs and either the race or free lunch variable. The results are presented in Appendix
Table 2. With the exception of self-concept, the effects of class size interacted with either
being black or being economically disadvantaged are statistically insignificant.

2Tn particular, with both standard and percentile scores one would conclude that small
classes affected performance on the self-concept exam at the 5% level but not the listening

test at the 10% level. In total there are 7 and 9 differences in the significance of various
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interactions for these alternative rescalings. We could not convert the scores to grade
equivalent which tells the students standing in relation to the norm group at the time of
testing. Yet, interpretation of these scores is confusing and these scores are known to have
low accuracy for students with very high or low scores. Further, they are inappropriate
to use for computing group statistics or in determining individual gains.

2l Appendix Figure 1 presents Kernel density estimates of the distribution of test scores
in all six-subject areas and demonstrates how several of these tests have a skewed or bi-
modal distribution, which differs from a Normal distribution. Blackburn (2007) discusses
issues how the selection of dependent variables in wage regressions can lead to difficulties
in interpreting coefficients. Similarly, Manning and Mullahy (2001) provide guidance on
appropriate estimators for health economists when the dependent variable has or has not
taken the log transformation.

2The results are available from the authors by request.

23We additionally replicated the analysis presented in Figures 1 and 2 on the subsample
of students who were eligible for free lunch in kindergarten as well as on the group of
African American and Hispanic children. These graphs are available upon request and
we continue to find significant heterogeneity in the impacts of small classes on measures
of achievement for both the subsample of students on free lunch and African American
students. Notice that the patterns are nearly identical as both students on free lunch and
African American students in higher quantiles of the conditional achievement distribution
receive larger impacts from smaller classes than students in the lower quantiles. For
example, African American students in the highest quantile receive over 5 times the
benefits on mathematics from small class relative to students in the smallest quantile.
Those on free lunch student in the highest quantile receive over 4 times the benefit relative
to those in the lowest quantile on mathematics. Interestingly, the number of quantiles in
which small class is not statistically different from zero on achievement is higher for these
subsamples.

24This result is also reported in Krueger (1999).

The FWER maintains the overall probability of making a Type I error at a fixed «
(i.e. 5%) but with an ever increasing number of tests this comes at the cost of making

more Type II errors. The sequential procedure we use performs tests in order of increasing
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p-values with smaller p-values tested at a tougher threshold to maintain the FWER at a
desired level.

ZFurther, if we expand the analysis to evaluate the estimates in Table 2 and Appendix
Table 2, we find that none of the interactions between small class and student demograph-
ics remains significant once we account for the FDR or FWER with the sole exception of
the interaction between small class and being a female student on the motivation.

2"There is limited examination in the economics of education literature on how class size
may affect student achievement. It has been hypothesized that the teacher will have more
time to transmit knowledge and exert less effort to discipline (Lazear (1999)). Among
other claimed benefits are better assessment techniques, more small group instruction and
students becoming less passive. The available evidence suggests that teaching practices
do not vary with class size as hypothesized. For example, Betts and Shkolnik (1999)
find no association between class size and text coverage and correspondingly no more
time devoted to material in one class over another even after controlling for teacher fixed
effects. Yet they do find teachers in large classes spent more time on discipline and less
time on individualized attention. Finally, Shapson et al., (1980) present experimental
evidence on teacher behavior across 4 class sizes (16, 23, 30 or 37 students). The authors
conducted a two-year study of 62 Toronto area classes of grade four and five students from
eleven schools. They found that class size makes a large difference to teachers in terms of
their attitudes and expectations, but little or no difference to students or to instructional
methods used. Teachers in class sizes of 16 and 23 were pleased because they had less work
to do in terms of evaluating students’ work, than did the teachers with larger class sizes.
They conclude that teachers need to be trained in instructional strategies for various size

classes.
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Table 1: Summary Statistics of the Project STAR Kindergarten Sample

Variable Number_ of Mean Star_ldz_nlrd
Observations Deviation
Mathematics Test Score 5871 485.377 47.698
Reading Test Score 5849 434,179 36.762
Word Recognition Test Score 5789 436.725 31.706
Listening Skills Test Score 5837 537.4746 33.140
Motivation Skills Test Score 5038 25.64887 2.513
Self-Concept Skills Test Scores 5038 55.950 5.170
Teacher is African American 6282 0.165 0.371
Teacher has Master’s Degree 6304 0.347 0.476
Years of Teaching Experience 6304 9.258 5.808
Student on Free Lunch Status 6301 0.484 0.500
Student is White 6322 0.669 0.470
Student is African American 6322 0.326 0.469
Student is Hispanic 6322 7.909*10E-4 0.028
Student is Asian 6322 2.201*10E-3 0.470
Student is Female 6326 0.486 0.500
Assigned to Small Class Treatment 6325 0.300 0.458
Class Size 6325 20.338 3.981
Inner City School 6325 0.226 0.418
Suburban School 6325 0.223 0.416
Rural School 6325 0.461 0.491
Urban School 6325 0.090 0.286
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Table 2: Does the Impact of Class Size Vary by Student or Teacher Characteristics?
Estimation of Education Production Function with the Small Class Interactions

all interactions

Mathematics | Reading Word Listening Self Concept | Motivation
Recognition | Comprehension
Kindergarten 12.095 9.779 9.749 5.351 0.756 0.037
Small Class (4.741)* (3.090)* (3.922)* (3.045) (0.584) (0.227)
Female Student 7.816 5.681 5.640 2.482 -0.054 -0.072
(1.342)* (0.958)* (1.162)* (0.893)** (0.172) (0.083)
Black Student -16.258 -7.544 -7.066 -17.221 0.587 0.185
(2.881)** (1.816)* (2.079)* (1.939)* (0.378) (0.197)
Student on Free -20.123 -14.918 -16.022 -15.994 -0.745 -0.082
Lunch (1.570)* (1.034)* (1.228)** (1.120)** (0.241)* (0.116)
Black Teacher -3.122 -1.464 -1.711 1.282 0.601 0.048
(4.468) (3.215) (3.729) (3.252) (0.509) (0.198)
Teacher has -4.301 -0.483 0.066 -0.299 0.434 0.103
Masters Degree (2.631) (1.675) (1.930) (1.555) (0.311) (0.136)
Years of Teaching 0.584 0.430 0.414 0.410 0.046 0.006
Experience (0.242)* (0.145)* (0.165)* (0.191)* (0.026) (0.010)
Small Class -4.644 -1.057 -2.160 0.487 0.518 0.412
*Female Student (2.391) (1.644) (1.951) (1.598) (0.336) (0.149)*
Small Class -1.518 -0.416 0.458 -1.020 0.818 0.249
*Black Student (3.905) (2.890) (3.374) (2.860) (0.496) (0.236)
Small Class -0.000 0.616 0.062 2.270 0.480 0.071
*Eree Lunch Stu. (2.917) (1.968) (2.197) (2.028) (0.364) (0.174)
Small Class 11.999 5.216 2.941 6.850 -0.935 -0.258
*Black Teacher (7.725) (4.736) (4.835) (5.234) (0.664) (0.302)
Small Class 5.139 -1.445 -0.057 1.744 0.202 -0.000
*Master Teacher (4.927) (3.000) (3.546) (2.879) (0.578) (0.244)
Small Class -0.467 -0.412 -0.326 -0.487 -0.077 -0.022
*Tch Experience (0.403) (0.257) (0.301) (0.259) (0.044) (0.021)
Constant 490.733 438.305 436.061 544.697 55.264 25.526
(2.906)** (1.722)** (2.073)* (2.074)* (0.306)** (0.125)*
Observations 5809 5728 5790 5776 5000 5000
R-squared 0.27 0.27 0.23 0.26 0.05 0.03
Test of joint 1.46 0.77 0.49 1.50 2.31 1.89
significance of [0.191] [0.597] [0.816] [0.177] [0.034]* [0.082]

Note: Standard errors corrected at the classroom level in parentheses. Regression equation includes
information on school identifiers as well as interactions between the school indicators and student race
being black. * Significant at 5%; ** Significant at 1%.

27




Table 3: Estimation of Education Production Function with the Full Set of Interactions

Mathematics | Reading Word Listening Self Motivation
Recognition | Comprehension | Concept

Kindergarten Small 10.652 8.984 8.446 4.161 0.704 0.025
Class (4.543)* (3.000)* (3.858)* (2.847) (0.590) (0.232)
Female Student 8.052 6.893 7.045 1.825 -0.181 -0.249
(2.936)* (2.120)* (2.632)* (1.935) (0.304) (0.138)
Black Student -31.248 -14.478 -15.355 -27.034 0.172 -0.069
(5.163)* (3.470)* (3.928)* (3.509)* (0.635) (0.299)
Student on Free -19.684 -15.359 -16.912 -15.544 -0.877 -0.090
Lunch (3.187)* (2.003)** (2.284)* (2.282)* (0.425)* (0.202)
Black Teacher -7.588 -4.739 -6.400 -5.358 0.254 -0.062
(7.689) (4.342) (4.680) (5.003) (0.639) (0.344)
Teacher has Masters -13.429 -4.844 -6.115 -1.924 0.432 0.103
Degree (5.182)* (3.345) (4.010) (3.069) (0.675) (0.293)
Years of Teaching 0.498 0.350 0.202 0.156 0.023 0.009
Experience (0.324) (0.183) (0.219) (0.192) (0.038) (0.016)
Small Class -4.113 -0.874 -1.985 0.756 0.537 0.430

*Female Student (2.338) (1.640) (1.951) (1.579) (0.332) (0.147)*
Small Class *Black -0.245 0.334 1.785 0.183 0.905 0.333
Student (3.856) (2.848) (3.380) (2.914) (0.510) (0.244)
Small Class 0.299 0.815 0.337 2.456 0.498 0.054
*Free Lunch Stu. (2.854) (1.905) (2.149) (1.994) (0.367) (0.174)
Small Class 10.988 4,764 2.043 6.573 -0.996 -0.310
*Black Teacher (7.240) (4.688) (4.789) (5.242) (0.662) (0.317)
Small Class 5.431 -1.305 0.076 1.721 0.152 0.008
*Master Teacher (4.810) (2.921) (3.485) (2.791) (0.582) (0.244)
Small Class -0.333 -0.338 -0.200 -0.396 -0.071 -0.022
*Tch Experience (0.393) (0.246) (0.295) (0.238) (0.045) (0.021)
Female Black 3.671 0.220 0.037 3.620 -0.198 -0.051
Student (2.972) (1.753) (2.197) (1.956) (0.374) (0.186)
Female student on -4.725 -2.813 -3.109 -4.470 0.135 0.023
Free Lunch (2.515) (1.596) (1.933) (1.731)* (0.327) (0.158)
Female Student 5.912 3.071 2.862 2.204 0.575 0.514
*Black Teacher (3.680) (2.237) (2.502) (2.082) (0.453) (0.224)*
Female Student 5.625 1.200 1.315 1.060 0.013 -0.029
*Master Teacher (2.371)* (1.660) (2.068) (1.596) (0.333) (0.155)
Female Student -0.239 -0.095 -0.094 0.087 0.004 0.012
*Teach exp. (0.217) (0.134) (0.163) (0.133) (0.026) (0.011)
Black Student on 9.415 5.681 6.382 6.831 -0.178 0.227
Free Lunch (3.286)** (2.196)* (2.574)* (2.170)* (0.428) (0.206)
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Black Student 10.107 3.422 4.276 3.002 0.260 0.152
*Black Teacher (5.704) (3.808) (4.384) (4.247) (0.562) (0.293)
Black Student 2.500 -0.032 1.841 3.208 0.375 0.377
*Master Teacher (4.268) (2.975) (3.391) (2.834) (0.515) (0.280)
Black Student 0.498 0.287 0.297 0.232 0.040 -0.007

* Teach Exp. (0.381) (0.275) (0.307) (0.272) (0.042) (0.019)
Free lunch Stu. *Black 1.483 2.003 2.432 1.954 0.333 -0.048
Teacher (4.634) (2.762) (3.151) (3.310) (0.529) (0.248)
Free Lunch 2.099 3.341 2.732 0.410 -0.009 0.061
Stu*Master Tch (2.771) (1.824) (2.146) (1.796) (0.381) (0.181)
Free lunch -0.151 -0.113 -0.054 -0.038 0.006 -0.007
Stu.* Teach exp. (0.264) (0.169) (0.181) (0.179) (0.033) (0.015)
Black Teacher -6.351 -2.694 -3.626 -2.048 -1.129 -0.395
*Master teacher (5.712) (3.482) (4.175) (4.077) (0.756) (0.333)
Black Teacher -0.597 -0.143 0.012 0.362 -0.019 -0.012
*Teach Exp. (0.592) (0.368) (0.410) (0.606) (0.064) (0.026)
Master Teacher 0.516 0.242 0.406 0.043 0.003 -0.005
*Teach EXxp. (0.431) (0.287) (0.326) (0.247) (0.051) (0.021)
Constant 493.858 439.883 438.831 547.804 55.575 25.587
(3.387)* (2.018)* (2.548)* (2.286)** (0.407)* (0.174)=
Observations 5809 5728 5790 5776 5000 5000
R-squared 0.28 0.27 0.24 0.26 0.06 0.03
Test of joint 2.10 1.61 1.36 1.94 1.15 1.38
significance of all [0.036]* [0.045]* [0.138] [0.009]** [0.293] [0.128]
interactions
Test of joint 1.06 0.17 0.48 0.59 3.20 3.77
significance of [0.365] [0.919] [0.698] [0.624] [0.024]* [0.011]*

interaction between
small class & student
variables

Note: Standard errors corrected at the classroom level in parentheses. Regression equation includes
information on school identifiers.

* Significant at 5%; ** Significant at 1%
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Table 4: Evaluating the Impacts of Small Classes Adjusting for Multiple Outcomes

Null Control Number of Number of Number of Number of Number of Number of Number of

Hypothesis variables Subjects being | rejected P- rejected P- rejected P- rejected P- rejected P- rejected P-

being tested include the full | tested value@.05 value @.10 value@.05 value @.10 value@.05 value @.10

set of Independent Independent Account for Account for Account for Account for
interactions FWER FWER FDR FDR

Small Class =0 | No All 6 5 6 5 5 6 5

Small Class =0 | No 3 Cognitive 3 3 3 3 3 3

Small Class =0 | No 3 Non- 2 2 2 2 2 2
Cognitive

Small Class =0 | Yes All 6 3 3 1 2 1 3

Small Class Yes All 6 0 1 0 0 0 0

*Black Stu.=0

Small Class Yes All 6 0 0 0 0 0 0

*Free L. Stu.=0

Small Class =0 | Yes 3 Cognitive 3 3 3 3 3 3

Small Class Yes 3 Cognitive 0 0 0 0 0 0

*Black Stu.=0

Small Class Yes 3 Cognitive 0 0 0 0 0 0

*Free L. Stu.=0

Small Class =0 | Yes 3 Non- 0 0 0 0 0 0
Cognitive

Small Class Yes 3 Non- 0 1 0 0 0 0

*Black Stu.=0 Cognitive

Small Class Yes 3 Non- 0 0 0 0 0 0

*Free L. Stu.=0 Cognitive

Note: Each cell entry lists the number of hypotheses that reject the hypothesis in the first column at a specific level with a given procedure.
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Appendix Table 1: Summary Statistics on the Percentiles of the Kindergarten Test Scores

Subject-> | Mathematics | Reading | Word Listening | Self- Motivation
Percentilel Comprehension Concept

5% 418 395 386 486 48 22
10% 429 402 396 498 49 23
20% 444 410 405 509 52 24
25% 454 414 405 516 53 24
30% 459 418 410 516 54 25
40% 468 425 418 528 55 25
50% 484 433 427 536 56 26
60% 494 439 435 545 58 26
70% 506 447 449 554 59 26
75% 513 453 458 560 59 27
80% 520 456 463 565 60 27
90% 547 474 480 578 62 28
95% 576 492 494 595 63 30
Minimum 288 315 315 397 24 12
Maximum 626 627 593 671 72 36
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Appendix Table 2 : Does The Impact of Education Production Function Inputs Vary by Student Race or

with Student Free Lunch Status?

Estimation of Education Production Function with the Black Student Interactions

Mathematics | Reading Word Listening Self Concept | Motivation
Recognition | Comprehension

Kindergarten 7.920 5.170 5.681 2.634 0.447 0.030
Small Class (2.247)** (1.345)** | (1.603)** (1.364) (0.252) (0.106)
Female Student 5.457 5.354 5.117 1.978 0.078 0.007
(1.396)** (1.009)** | (1.247)** (0.976)* (0.179) (0.077)
Black Student -20.362 1.176 -5.692 -7.112 -6.387 -2.151

(6.424)** (4.152) (4.536) (3.010)* (1.163)** (0.610)**

Student on Free -21.744 -15.754 -17.284 -16.648 -0.560 -0.101
Lunch (1.612)** (1.075)** | (1.255)** (1.035)** (0.230)* (0.107)
Black Teacher -8.633 -3.435 -5.424 0.636 -0.007 -0.320
(6.000) (3.696) (4.546) (4.745) (0.419) (0.253)

Teacher has -3.111 -1.147 -0.438 -0.441 0.528 0.046
Masters Degree (2.272) (1.335) (1.602) (1.417) (0.252)* (0.110)
Years of Teaching 0.291 0.208 0.165 0.061 -0.001 0.003
Experience (0.231) (0.136) (0.160) (0.140) (0.025) (0.012)
Small Class 3.050 2.609 2.253 3.405 0.918 0.290
*Black Student (4.170) (3.011) (3.065) (2.565) (0.443)* (0.209)
Black Female 3.192 0.061 -0.254 1.913 0.066 0.138
Student (2.536) (1.553) (1.831) (1.558) (0.311) (0.150)
Black Student on 8.868 5.707 6.267 6.905 -0.089 0.172
Free Lunch (2.981)** (1.985)** | (2.409)** (2.103)** (0.427) (0.203)
Black Student 13.554 5.531 6.961 4,744 0.440 0.485
*Black Teacher (6.973) (4.838) (5.577) (5.564) (0.647) (0.314)
Black Student 4,091 1.536 2.463 3.565 0.106 0.388
*Master Teacher (4.500) (3.152) (3.379) (2.888) (0.489) (0.253)
Black Student 0.266 0.217 0.308 0.379 0.045 -0.015
* Teach Exp. (0.399) (0.261) (0.275) (0.324) (0.041) (0.018)
Constant 492.778 437.504 437.115 543.367 57.096 26.063

(2.963)** (1.828)** | (2.148)** (1.730)** (0.361)** (0.177)**

Observations 5809 5728 5790 5776 5000 5000

R-squared 0.28 0.28 0.24 0.27 0.06 0.04
Estimation of Education Production Function with Interactions on Free Lunch Status

Mathematics | Reading Word Listening Self Concept | Motivation
Recognition | Comprehension

Kindergarten 8.192 5.206 6.009 1.888 0.345 0.031
Small Class (2.401)** (1.553)** | (1.792)** (1.471) (0.252) (0.109)
Female Student 7.031 6.549 6.296 2.330 -0.009 -0.110
(2.880)* (2.000)** (2.481)* (1.896) (0.294) (0.131)
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Black Student -23.361 -10.030 -0.494 -22.929 1.041 0.195
(3.832)** (2.906)* (3.268)** (2.639)* (0.496)* (0.221)
Student on Free 17.767 -16.798 -1.133 9.452 0.329 0.584
Lunch (8.301)* (4.895)** (4.673) (3.810) (0.980) (0.462)
Black Teacher -3.002 -1.156 -2.124 1.801 0.107 -0.241
(3.897) (2.882) (3.319) (2.697) (0.425) (0.177)
Teacher has -4.780 -1.273 -0.232 0.319 0.506 0.111
Masters Degree (2.355)* (1.463) (1.764) (1.458) (0.313) (0.134)
Years of Teaching 0.563 0.363 0.360 0.230 0.017 -0.006
Experience (0.210)** (0.126)* (0.145)* (0.150) (0.026) (0.011)
Female Student 1.115 1.542 0.651 3.394 0.785 0.147
on Free Lunch (2.992) (2.110) (2.258) (1.904) (0.343)* (0.160)
Black Student on -3.233 -2.603 -3.086 -3.161 0.062 0.008
Free Lunch (2.419) (1.550) (1.887) (1.610) (0.308) (0.144)
Small Class 10.315 4,333 4,728 7.221 -0.569 -0.019
*Free Lunch Stu. (4.634)* (3.275) (3.717) (3.156)* (0.676) (0.306)
Free lunch Stu. 8.402 3.486 3.283 4.545 0.404 0.434
*Black Teacher (3.465)* (2.165) (2.387) (2.060)* (0.428) (0.204)*
Free Lunch 5.865 1.349 1.441 1.039 0.011 -0.029
Stu*Master Tch (2.434)* (1.683) (2.102) (1.647) (0.339) (0.161)
Free lunch -0.290 -0.110 -0.095 0.064 0.002 0.010
Stu.* Teach exp. (0.221) (0.133) (0.162) (0.136) (0.025) (0.011)
Constant 490.630 438.321 435,708 546.095 55.269 25.493
(2.832)** (1.873)* (2.296)** (1.937)* (0.339)** (0.145)*
Observations 5809 5728 5790 5776 5000 5000
R-squared 0.28 0.28 0.25 0.27 0.06 0.04

Note: Standard errors corrected at the classroom level in parentheses. Regression equation includes
information on school identifiers as well as interactions between the school indicators and student race

(top panel) and between the school indicators and student being on free lunch (bottom panel).

* Significant at 5%; ** Significant at 1%
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Figure 1: Quantile Regression and OLS Estimates of the Impact of Class Size on Kindergarten Achievement
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Note: The y-axis presents the estimated coefficient of the impact of small class on achievement. Specifications include student demographics (race, gender), free
lunch status, class size, and teacher characteristics (race, gender, years of experience and highest education level completed).
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Figure 2: Unconditional Quantile Regression and OLS Estimates of the Impact of Class Size on Kindergarten Achievement

10 20 30

0

5 10 15

0

Note: The y-axis presents the estimated coefficient of the impact of small class on achievement. Specifications include student demographics (race, gender), free

Mathematics

)

//

LI —
.051 .2 .3

T
4
Quantil

OLS
Unconditional QR
95%Cl

Listening

F————

T T T T T
5 .6 .7 .8 .995
ile

L —
.051 2 .3

T
A4
Quantil

oLS
Unconditional QR
95%ClI

T T T T T T
5 .6 .7 .8 .995
ile

10 15

5

-50 51152

Reading Word Recognition
8
n
—
/\ o
Sl /vn/-/
~ i P
o
TT T T T T T T T T T TT T T T T T T T T T
051 2 3.4 .5 .6 .7 .8 .95 .051 2 3 .4 .5 .6 .7 .8 .95
Quantile Quantile
OLS OLS
Unconditional QR Unconditional QR
95%CI 95%ClI
Self - Concept Motivation
@
©
<
%—:‘L ~ /
o4/
&%

TT T T T T T T T TT TT T T T T T T T TT
051 2 3 45 .6 .7 .8 .995 051 2 3 4.5 .6 .7 .8 .995
Quantile Quantile
oLs oLs
Unconditional QR Unconditional QR

95%Cl 95%Cl

lunch status, class size, and teacher characteristics (race, gender, years of experience and highest education level completed).
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Appendix Figure 1: Kernel Density Estimates of Kindergarten Test Scores by Subject Area
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