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Abstract

With few exceptions, empirical research investigating the possibility of heterogeneous
benefits of class size reduction lacks a conceptual framework about specific dimensions of
potential heterogeneity. In this paper we develop a model of education production that
incorporates disruption and student achievement and illustrates how these underlying sources of
variation may drive heterogeneity in the benefits of class size reductions. We test for results
consistent with this model using the Tennessee STAR data. The estimates show that students in
higher poverty schools and with greater learning aptitude realize larger benefits from smaller
classes.
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I. Introduction
Research generally shows that low income students and students of color derive larger
benefits from class size reduction, but the rather ad-hoc specification of sub-groups is typically
not based on underlying conceptual arguments regarding the pathways through which class size
reduction affects learning. Lazear (2001) provides one explanation for the observed pattern of
class size estimates, attributing the benefits of smaller classes to a reduction in time lost to
disruptive behavior. Yet benefits of smaller classes may also emanate from additional
opportunities to tailor instruction to individual students or to use innovative curricula, a
hypothesis that finds some support in Rice (1999).
In this paper we develop a model of education production with two potential dimensions
of underlying heterogeneity and use data from the Tennessee STAR random assignment
experiment to investigate the pattern of benefits from smaller classes. In the model, the returns to
education are a function of both the time available for learning and the value of a unit of
instructional time. Following Lazear (2001), we assume that the time available for learning
depends on how frequently students disrupt class and that the probability of disrupting the class
is on average higher for lower income children. Where there is a higher initial propensity to
disrupt, class size reductions are expected to have a larger effect on the share of time available
for learning, thereby leading to larger benefits of smaller classes in high poverty schools.
We expand on Lazear's model by assuming that the time available for learning also
interacts with the value of a unit of instructional time. This value in turn depends on both class
size and the academic skill of the student. Whether students with high or low baseline
achievement can be expected to gain more from class size reduction therefore depends on the
shape of the function linking academic skill and quality of instruction.
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One possibility is that when class size is reduced, there is an expansion of opportunities
to differentiate instruction in order to meet the needs of students with varying levels of academic
preparation. Although one might expect the curriculum to target the median student in terms of
academic preparation, accountability regimes are based on pass rates and thereby provide an
incentive to focus on students lower down the skill distribution. By permitting a manageable
number of small groups and more time for individual instruction, class size reduction might
expand the use of differentiated curricula within classes. This would bestow particular benefit to
higher achieving students who might otherwise gain little from class time.
A second possibility is that the increased quality of instruction due to smaller class size
may differentially benefit initially low or high achieving students through their own differences
in effort, ability to focus, or cognitive skills. On the one hand, struggling students may benefit
more from improvements in the quality of instructional time because they exert greater effort and
focus better in smaller classes. On the other hand, high achievers may derive greater benefit
because higher levels of effort or focus or more rapid processing of new information translates
into higher returns from improvements in school quality.
Our model therefore illustrates that the heterogeneity in benefits from reductions in class
size cannot be signed a priori when both the time available for instruction and the quality of
instruction play a role in the education production function. Rather the pattern of heterogeneity is
an empirical question, and we attempt to learn more about variation in the benefits of smaller
classes by both student income and achievement using quantile treatment effect (QTE) methods
and the Tennessee STAR data.
The results support the existence of multiple dimensions of heterogeneity in the return to
smaller classes. First, consistent with the hypothesized model, both QTE and OLS estimates
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show that students in higher poverty schools realize larger benefits from smaller classes. This
heterogeneity is consistent with the belief that class size reduction has a larger effect on time
available for learning in higher poverty schools. Additional evidence from the Early Childhood
Longitudinal Study (ECLS) that shows higher rates of disruptive behavior in higher poverty
schools supports this interpretation. The fact that heterogeneity in benefits of class size reduction
on the basis of individual income is much less pronounced lends additional support for the
importance of disruption, as all students and not just lower income students benefit from the
increase in time available for instruction.
Second, the QTE estimates show a consistent pattern of larger class size effects for
students at the upper end of the achievement distribution. This pattern holds regardless of
whether the sample includes all students or is split by individual income or the share of low
income students in a school. This heterogeneity in benefits by initial achievement is consistent
with both the belief that smaller classes enable teachers to focus more attention on higher
achievers and the belief that higher achieving students derive larger benefits for improvements to
instruction. Although these explanations are not mutually exclusive, observations taken as part of
Project STAR tend to support the latter explanation, as there is little or no evidence that smaller
classes led to changes in teacher behavior or pedagogy.
The remainder of the paper is structured as follows. Section II reviews selected literature
on the estimation of class size and quantile treatment effects. Section III develops the model
through which the effects of class size on achievement vary along two dimensions. Section IV
describes the Tenessee STAR data, and the estimates of heterogeneity in benefits of class size
based on this data. Section V brings additional evidence to bear on the causal channels from the
ECLS, and Section VI summarizes the analysis and discusses policy implications.
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II. Selected Research on Class Size and Heterogeneous Benefits
Since the release of the Coleman Report on equality of educational opportunity in 1966, a
great deal of research on the effects of smaller classes has been completed. Much of this
literature focuses on the average treatment effect but it has investigated heterogeneous effects
along various dimensions.
The purposeful sorting of families into schools and allocation of resources among schools
clearly complicates identification, and a number of recent papers use quasi-random variation in
class size to identify the causal effects of smaller classes. Focusing largely on average treatment
effects and potential differences by identifiable sub-groups, Angrist and Lavy (1999), Hoxby
(2000), Jepsen and Rivkin (2008), and Rivkin, Hanushek, and Kain (2005) identify plausibly
exogenous variation in class size (in Israel, Connecticut, California, and Texas, respectively).
These studies have generally found that smaller classes significantly increase achievement in the
early grades (grade 5 and below), and that effects tend to be larger for lower-income students.1
Babcock and Betts (2009) delves deeper in an effort to uncover the causal channels
through which smaller classes raise achievement for lower income children. Using information
from first grade report cards to classify students on the basis of both effort and academic
achievement, the authors find that those graded poorly on effort realize larger benefits from class
size reduction, while there appears to be little heterogeneity on the basis of achievement.2 This
finding is consistent with Lazear’s emphasis on behavior rather than skill.

1

The exception is Hoxby (2000), but data deficiencies introduce downward bias which might account for the small
and insignificant estimates.
2
Some concerns have been raised that the difference-in-differences framework used by Babcock and Betts may not
control for all confounding factors, particularly given the likelihood that improvements in effort and behavior are
likely to benefit all students by reducing the amount of class time lost to disruption.
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There is also a growing body of non-experimental research that investigates the
distribution of class size effects across the achievement distribution using quantile treatment
effect (QTE) methods, and the findings of three recent papers reveal little evidence of benefits to
smaller classes at any points in the distribution. Eide and Showalter (1998) find no significant
benefit of smaller classes at any quantile using US data. In two papers using Dutch data, Levin
(2001), and Ma and Koenker (2006) find little evidence of a significant relationship between
class size and achievement across most of the distribution. Though these two papers both use
two-stage quantile treatment effect methods to account for unobserved factors, they differ in
terms of the parameterization of class size. Levin groups classes into six size categories, while
Ma and Koenker analyze the benefits of marginal class size reductions.
The divergence between the QTE estimates and estimates of the average class size effects
raise the concern that at least some of the non-experimental approaches do not account
adequately for confounding factors. Because findings based on ideal random assignment
experiments are not contaminated by confounding factors, a number of researchers have used the
Tennesse STAR class size experiment to investigate the benefits of smaller classes. Word et al.,
(1990), Finn and Achilles (1990), Krueger (1999), Finn, Gerber, Achilles, and Boyd-Zaharias
(2001), and Krueger and Whitmore (2001) all find that smaller class sizes have a significant and
lasting impact on academic achievement and educational attainment. These studies also tend to
find larger benefits for low income students and students of color.
Several studies have also used the STAR data to investigate whether the benefits of class
size reduction vary along the achievement distribution. In contrast to the non-experimental QTE
estimates, both Ding and Lehrer (2005) and Konstantopoulos (2008) find that the benefits of
smaller classes appear to increase with achievement. Although differences in grade level and
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other factors or problems with the STAR experiment may account for the divergent findings, the
pattern of results is certainly consistent with the possibility that the non-experimental methods
failed to account fully for confounding factors.

III. Conceptual Framework
The existing empirical research on class size effects is conducted largely in the absence
of a theoretical framework, and we believe that such a framework provides valuable structure for
an empirical analysis of the distribution of the returns to smaller classes. This section builds on
Lazear (2001) and develops a model of the relationship between class size and the quality of
instruction that incorporates two potential sources of heterogeneity: differences in the propensity
to disrupt the class and academic achievement3. Following the description of the model we
discuss potential channels that could cause heterogeneity along the achievement distribution.
Equation (1) models learning for student i in classroom c in school j where class size is
given as n:
(1)

learning icj = [ ρ (d cj ) n ][q(n, a ) icj ] + X icj

In this equation, total learning is a function of the amount of classroom time available, the
quality of class time in terms of the amount learned, and other student, community, and school
factors (X).
The first term in brackets on the right hand side, ρ (d cj ) n , captures the amount of
classroom time available for learning; this term comes almost directly from the model in Lazear
(2001). Here the proportion of time a student is not disrupting the class is given as ρ, which is
3

We refer to achievement rather than ability because it captures more broadly differences in aptitude, effort, and
other factors that could lead to variation in the rate of knowledge acquisition, due to either student heterogeneity in
the rate of learning or teacher decisions regarding the distribution of effort or the focus of the curriculum.
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modeled as a function of d, the classroom average propensity to disrupt the class. With n
students in the class, the share of class time not lost to disruption is thus ρ (d cj ) n .
The second term in brackets, q(n, a) , represents the quality of a unit of instructional time

as a function of both class size (n) and the academic preparation (a) of the student. Although all
students in the classroom experience the same amount of instructional time free from disruption,
the value of that instructional time is likely to depend on the baseline academic preparation of the
student. Variation among students could result from the level at which the curriculum is taught,
distribution of teacher effort, and differences in student aptitude or effort.
In order to illustrate the ways in which classroom propensity for disruption (d) and
academic preparation (a) may affect the benefits from class size reduction, we take the derivative
of equation 1 with respect to n and then again with respect to each of the two potential
dimensions of heterogeneity, d (equation 2) and a (equation 3).
Equation (2) illustrates how the learning benefit of class size reduction varies with
respect to the propensity to disrupt class. For simplicity, we drop the subscripts:4
(2)

∂ 2 learning
∂n∂d

= {ρ (d ) n −1

∂q (n, a )
∂ρ (d )
} * {[ nln( ρ (d )) + 1] * q (n, a ) + n
}
∂n
∂d

The product of the two functions enclosed in squiggly brackets determines the sign of the
cross-partial derivative of learning with respect to class size (n) and propensity for disruption (d).
The first is negative, as the derivative of ρ with respect to d is assumed to be negative (a higher
average propensity to disrupt reduces the share of time available for learning). The sign of the
second is ambiguous and depends on the magnitudes of the respective terms. The expression to

4

The derivative of learning with respect to class size (n) equals [ ρ ( d )] ln( ρ ( d ))q ( n, a ) + [ ρ ( d )]
n

n

∂q (n, a)
.
∂n

Taking the derivative of this relationship with respect to d produces Equation (2) and with respect to a produces
equation 3.
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the right of the plus sign is assumed to be negative, because the quality of instructional time is
assumed to decrease as class size increases, (i.e.

∂q(n, a)
> 0 ), and class size, n, is positive. The
∂n

expression to the right of the plus sign is assumed to be positive, because the product of ln(ρ) and
n lies between 0 and -1, and q(n,a) is positive.5
The relationship between the benefits of smaller classes and the degree of disruption (d)
thus depends upon the magnitudes of two counteracting effects. First, as was emphasized by
Lazear (2001), at lower values of ρ(d), i.e. higher propensity for disruption, reduced class size
has a larger effect on the share of time available for learning and thus a larger effect on
achievement. Second, at lower values of ρ(d), any improvement in the quality of instruction time
due to smaller classes has a lower overall impact, because classrooms with lower values of ρ(d)
also have less time available for learning. This effect, not considered by Lazear, may partially,
fully, or even more than fully offset the higher benefit resulting from a larger decrease in the
amount of time lost to disruption. Therefore we may not necessarily expect to see greater
benefits of smaller class size where the propensity for disruption is higher.
To explore how the second dimension of heterogeneity may affect achievement gains
from smaller classes, equation (3) illustrates the cross-partial derivative of learning with respect
to class size (n) and achievement (a):
∂ 2 q ( n, a )
∂ learning
= [ ρ (d )]n * {[ln( ρ (d )] + ∂n∂a
}
∂q (n, a )
∂n∂a
∂a
2

(3)

As is the case with disruption, the relationship between the benefit of class size reduction and
initial achievement cannot be signed a priori in this framework. Rather it depends on the sign of
5

At a value of ρ below 0.95, nln(ρ) +1 becomes negative, but at such a low value of ρ the share of class time
available for instruction is well below 50 percent.
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the sum of the two functions enclosed in squiggly brackets. The first term [lnρ (d )] , which is
roughly the average disruption of a single student, is negative. The second term, given by the
∂ 2 q(n, a)
ratio, ∂n∂a

∂q(n, a)
∂a

might be positive or negative depending on how the value of a unit of

instructional time (q) varies with class size (n) and achievement (a). If the second term is
negative the benefit of smaller classes would rise with initial level of achievement; we discuss
this case below. First, however, we offer two possible explanations for why this ratio is likely to
be positive, thereby leading to a theoretically ambiguous relationship between the benefit of
smaller classes and initial student achievement that would depend on the relative magnitudes of
offsetting terms.
Consider first how teacher behavior might lead to a negative ratio. The denominator
∂q(n, a)
will be negative if it is the case that teachers tend to target the curriculum and their
∂a
efforts towards less well-prepared students, so that the value of a unit of instructional time is
decreasing in student achievement. This would follow if schools, particularly in an accountability
era with a focus on the pass rate, target the curriculum toward those at or near the bottom of the
distribution. The numerator,

∂ 2 q(n, a)
, will also be negative if the emphasis on the lower
∂n∂a

portion of the achievement distribution increases with class size. Such an increasing emphasis on
less well-prepared students would occur if individualized instruction or the division of the
classroom into small groups becomes more difficult in larger classes.
An alternative and not mutually exclusive explanation for a positive ratio can arise
directly from student heterogeneity. Consider the possibility that higher achievers learn more per
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unit of class time (

(

∂q(n, a)
>0) but that lower achievers realize a larger benefit to smaller classes
∂a

∂ 2 q (n, a)
> 0 ). A larger benefit to smaller classes for lower achievers might come from a
∂n∂a

disproportionate increase in effort due to less day dreaming.
Finally, consider the case in which the ratio is negative and the cross partial derivative of
learning with respect to n and a would be unambiguously negative. This will occur if students
higher up in the distribution of achievement tend to learn more per unit of instructional time,
(

∂q(n, a)
>0), and if higher achievers tend to realize larger benefits from class size reduction
∂a

induced improvements in the quality of instruction, (

∂ 2 q(n, a)
<0). Systematic differences in
∂n∂a

effort or skill that produce initial differences in achievement could lead to larger benefits for
higher achieving children.
In summary, this model of the link between learning and class size suggests disruption
and initial achievement as two dimensions over which the return to class size reduction may vary
and illustrates that the pattern of any heterogeneous effects cannot be predicted a priori.
Therefore the relationship between student characteristics and the benefits of class size becomes
an empirical question. Importantly, differences in district, state, or federal policies which affect
how teachers target instructional time may lead to differences in the pattern of heterogeneity
along each of these dimensions. In addition, a number of causal channels including class size
induced changes in the behavior of students and of teachers could produce a given pattern of
heterogeneity. Following the discussion of the estimates we provide additional information from
the ECLS and Project STAR in order to learn more about the underlying causal mechanisms.
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IV. Empirical Analysis

This section describes the Tennessee STAR data, the QTE specifications used to
investigate the pattern of heterogeneity in the effects of smaller classes on achievement and then
presents the results. The data description focuses on potential deviations from an ideal
experiment by comparing the observed characteristics of students in large and small classes, and
the description of the empirical models discusses the proxy used to measure the school average
propensity to disrupt and the interpretability of the QTE estimates.

IV.a. Data

Project STAR was legislated by the Tennessee government and carried out by researchers
from the state’s four universities (Tennessee State, Memphis State, the University of Tennessee,
and Vanderbilt). In the experiment, students and teachers were randomly assigned to small
classes (13-17 students), regular classes (22-25), or regular classes with teacher assistants from
kindergarten through 3rd grade. Seventy-nine schools participated in the experiment. These
schools had to meet criteria such as size (large enough to have three classes in grades K-3) and
location (the legislation required representation of inner city, urban, suburban, and rural schools).
Because of this, inner city schools are overrepresented, and the share of minority students in the
sample exceeds the state average.
Previous research finds no significant difference between regular classes and regular
classes with teacher assistants and we group students in the two types of large classes together.6
Following Lehrer and Ding (2005), we also limit the study to kindergarten in order to mitigate
problems introduced by non-random attrition and deficiencies in the assignment to classrooms in

6

The inclusion of an indicator based on initial assignment to a large class with an aide has virtually no effect on the
magnitude or significance of the coefficient on small class.
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later grades necessitated by student mobility or teacher preferences. Hanushek (2001) documents
the extensive attrition and classroom switching that took place following kindergarten in the
STAR experiment and highlights the limited information on teacher quality available in the
study.
Table 1 presents summary statistics for students in large and small classes. Unfortunately,
there are no pre-experiment test scores, so we cannot conclusively determine that the
kindergarten groups are similar with respect to baseline achievement. However, the two
kindergarten groups are similar with respect to other characteristics. Only a slightly higher
percent (1.5%) of regular class or regular class with TA students received free school lunch and
only a slightly higher percent (1.6%) are non-white. Age is also very similar. The t-tests in the
right-most column confirm that these differences are not significant, suggesting that random
assignment is a reasonable assumption for kindergarten. Note that the mathematics and reading
achievement test scores are transformed to have means of zero and standard deviations of one
based on the test scores of all students, some of whom are excluded from the regressions due to
missing data.
IV.b. Empirical Model

Identification of heterogeneity in class size effects by level of disruption and underlying
skill requires a full accounting for confounding factors, the identification of a valid proxy for
disruption that is unrelated to other determinants of the benefit of smaller classes, and
satisfaction of the assumption that student rank in the test score distribution is invariant to class
size. Following the description of the empirical model we discuss the use of the share of students
eligible for a subsidized lunch as a proxy for the level of disruption and then consider issues
related to the interpretability of the QTE estimates.
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Consider the following equation in which end of year achievement for student i is a
function of an intercept, an indicator for class size status and an error term that captures student
heterogeneity, differences in teacher quality among classrooms, and random noise.
(3)

Ai = β0 + β1SMALLi + εi,

In the ideal experiment with random assignment of students and teachers and no switching or
attrition, achievement in the large classes would provide a valid counterfactual for what students
in small classes would have achieved in the absence of the treatment. Therefore βhat from the
OLS regression would provide a consistent estimate of the average treatment effect of class size
reduction, and QTE estimates would provide consistent estimates of the distance between the
small class and large class post-treatment achievement distributions at a given quantile. The
corresponding QTE specification is:

(4)

Ai = α0(τ) + α1(τ)SMALLi + ߟi(τ)

where the τ's represent quantiles of the achievement distribution. To capture the effects across
the distribution, we estimate the above specification for each τ in {.1, .25, .5, .75, .9}. Given the
balance between small and large classes in the observed characteristics, it appears that any
deviations from the ideal experiment in kindergarten are likely to be small. However, we do
include controls for student and teacher characteristics in all specifications order to assure that
the results are not driven by differences across the samples in these characteristics.
The theoretical model presented above focused on the potential role of disruption in the
learning function. To explore this idea empirically we use the share of students eligible for
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subsidized lunch as a proxy for the level of disruptive behavior. Although many factors
contribute to the probability of disruptive behavior, the higher rate of family instability, more
limited opportunities to attend enriching pre-school, more difficult time attracting teachers, and
more limited school resources likely lead to more disruption on average in schools with a higher
share of lower income children.
However, the school share of low income students may have a direct relationship with
achievement for a number of reasons including those outlined above, making it necessary to
account for these other linkages in order to draw inferences about any variation in class size
effects. Importantly, estimation of differences in class size effects by school subsidized lunch
eligibility focuses on the interaction between class size and the low income share and not on the
direct effect of the low income share on achievement. Therefore school fixed effects can be
included as controls for differences among schools including those related to subsidized lunch
eligibility. In addition, we recognize as Babcock and Betts (2009) point out that other factors
related to low income might also affect both achievement directly and the benefit of class size
reduction. Therefore we include indicators for individual free lunch eligibility status in all
specifications and also estimate separate class size effects by student eligibility for a subsidized
lunch rather than the school low income share for comparison.
A final consideration is the interpretability of the QTE estimates. The QTE estimates are
difficult to interpret because the marginal achievement distributions of those in small and those
in large classes provide limited information about the joint distribution. The difference between
the τth quantiles of the small class and large class distributions provides a valid estimate of the
treatment effect at the τth quantile only if a student would be in the τth quantile regardless of
treatment status. Satisfaction of this rank preservation assumption cannot be demonstrated
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empirically, and therefore the results are most cautiously interpreted as reflecting differences in
the marginal distributions.

IV.c. Class Size Effects

The investigation of class size effects begins with an analysis of the entire sample that
ignores variation due to disruption and focuses solely on heterogeneity along the achievement
distribution.7 The sample is then divided in half on the basis of the school share of students
eligible for a subsidized lunch, and the patterns of class size effects are examined separately for
the two groups of schools. In order to provide additional information on the source of any
heterogeneity by income, the sample is also divided on the basis of individual student eligibility
for a subsidized lunch. All specifications include indicators for teachers with fewer than three
years of experience and teachers with an advanced degree, student demographic information
including race-ethnicity, gender, age, special education status, whether or not the student is
repeating kindergarten, attendance record, and subsidized lunch eligibility indicators.
Specifications that do not include school fixed effects also include indicators for community type
(suburban, rural, urban, and inner-city).
Figure 1 shows kernel density plots by class size and subject. Neither of the plots
suggests that a smaller class shifts out the distribution more at lower levels of achievement. If
anything, the plots suggest a larger effect at higher levels of achievement, as the horizontal
distances between the small and large class plots tend to increase with achievement. Although
the plots do not adjust for differences in demographic characteristics, the random assignment
experimental design and observed balance between small and large classes suggests that the

7

See Hao and Naiman (2007) and Koenker (2001) for further information on quantile regression.
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inclusion of such controls should not lead to substantial changes in the achievement differences
by class size. This is confirmed by the quantile regression estimates reported in Table 2.
Table 2 gives estimates of the average benefit of a small class and the magnitudes of the
shifts in the distributions at the 10th, 25th, 50th, 75th, and 90th percentiles for specifications with
and without school fixed effects. The estimates indicate a pattern of class size effects similar to
that shown in Figure 1. Regardless of whether school fixed effects are included, estimates of
class size effects increase monotonically as one moves up the achievement distribution in both
mathematics and reading. Not surprisingly given the previous findings on the STAR experiment,
the estimated effect of small classes is positive and highly significant. The 90th-10th and 75th-25th
percentile differences in effect magnitudes differ only slightly whether or not school fixed effects
are included. Focusing on the first and third column (without school fixed effects), the 90th-10th
percentile difference in mathematics exceeds 0.21 standard deviations and the 75th-25th percentile
difference exceeds 0.11 standard deviations; the corresponding figures for reading are 0.16
standard deviations and 0.08 standard deviations.
This finding that small class size leads to a greater outward shift at the upper end of the
achievement distribution is consistent with previous QTE estimates discussed above. We now
separate the sample by share of low income students in a school in order to explore disruption as
another possible source of heterogeneity in the return to smaller classes.
Table 3 reports QTE and OLS estimates for schools above and schools below the median
share of students eligible for a subsidized lunch. The results provide strong support for the
hypothesis that the benefits of class size reduction are larger in high poverty schools. First,
differences in the OLS estimates (lower part of Table 3) of average class size effects exceed 0.08
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standard deviations in math and 0.10 standard deviations in reading regardless of whether school
fixed effects are included.
Second, in terms of heterogeneity by underlying skill, the QTE estimates in Table 3 show
that the pattern of heterogeneous returns to smaller classes found for the sample as a whole holds
for both higher income and lower income schools. This pattern is particularly pronounced for
schools with higher shares of low income students regardless of whether the specification
includes school fixed effects. In mathematics the 90-10 difference exceeds 0.19 standard
deviations and the 75-25 difference exceeds 0.14 standard deviations regardless of whether
school fixed effects are included. The differences in reading are slightly smaller: the 90-10
difference equals 0.17 standard deviations and the 75-25 difference equals 0.13 standard
deviations in the specifications with school fixed effects, and those from the specification
without fixed effects are only slightly smaller. Therefore, the pattern of increasing magnitudes as
achievement rises appears more pronounced for the sample of schools with a larger faction of
students eligible for a subsidized lunch. This pattern also appears in Figure 2, which compares
the kernel density plots of kindergarten achievement by class size and by school share of
students eligible for a subsidized lunch. The shift of the achievement distribution to the right is
generally larger for students in schools with a high share of subsidized lunch eligible students,
particularly for mathematics.
Although the results in Table 3 and Figure 2 provide compelling evidence of a larger
return to class size reduction in lower income schools, the lack of an explicit measure of
disruption raises questions about the source of this heterogeneity. A plausible alternative
hypothesis is that lower income children realize larger benefits due to individual circumstances
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rather than the classroom environment. If this is in fact the case we would expect a higher effect
for lower income students regardless of school demographic composition.
Table 4 therefore reports class size estimates by individual subsidized lunch eligibility
rather than by the share of eligible students in a school and includes specifications both with and
without school fixed effects. The difference in OLS estimates by individual income is far smaller
than the difference by the school share of low income students. This is true even if we include
school fixed effects, as shown in Table 4. This provides additional support for the disruption
interpretation, as it suggests that it is something about the learning environment rather than the
individual that drives the differential class size effect by low income share. Note also that the
pattern of increasing class size effects as you move up the achievement distribution is present for
both low and high income students, providing additional evidence that this finding holds across
schools and student populations.

V. Additional Evidence on Causal Mechanisms

The findings reveal heterogeneous class size effects by both the school share of
low income students and achievement, although to interpret these results as supporting specific
causal channels would require additional evidence. In this section we provide evidence on the
likely causal mechanisms that contribute to observed heterogeneity in class size effects. This
evidence includes classroom observations on teacher and student behavior in a sub-sample of
Project STAR classrooms and teacher reports on student misbehavior from the Early Childhood
Longitudinal Survey-Kindergarten Cohort. The pattern of evidence generally supports 1) the use
of school share of low income students as a proxy for the level of disruption; and 2) the
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hypothesis that the higher benefit realized by higher achieving students results from student
heterogeneity rather than changes in teacher behavior in response to smaller classes.
Table 5 reports the distribution of kindergarten teacher responses to the statement: “The
level of child misbehavior in this school interferes with my teaching,” by the school share of
students eligible for a subsidized lunch. The responses reveal sharp differences in the probability
that teachers experience disruptive behavior. In both the fall and spring surveys teachers in
schools with a subsidized lunch eligible share above the median are more than two and one half
times as likely to agree or strongly agree with the statement than teachers in schools with a
below median share of subsidized lunch eligible students. Although these responses come from
the nationally representative Early Childhood Longitudinal Survey-Kindergarten cohort and not
from the same set of Tennessee schools as the STAR data, there is no reason to believe that this
relationship does not hold for Tennessee.
Of course there could be differences in other school characteristics related to the share of
low income students that could also affect the return to smaller classes, and it is not possible to
rule them all out. However, there is some evidence that differences in teacher quality do not
account for the variation in class size effects. Specifically, OLS estimates (not reported) that
permitted the benefit of smaller classes to vary by teacher experience found little or no evidence
of such variation, as the interaction term between an indicator for being in the first or second
year of teaching and class size was insignificant at any conventional level. Certainly there exist
other dimensions by which teacher quality can vary, but the strong evidence of substantial
quality differences between rookie and more experienced teachers suggests that the coefficient
on the interaction between the indicators for teacher inexperience and small class should have
been significant had quality differences accounted for the variation in class size effects.
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The evidence on the source of heterogeneity by achievement comes from observations of
STAR classrooms. These observations provide little or no support for the belief that teacher
behavior or pedagogy differed significantly by class size (Finn et al, 2007), raising doubts that
changes in the distribution of effort, increased differentiation, or other pedagogical changes
underlay the higher return for higher achievers. These observations suggest instead that
differences among students account directly for the observed heterogeneity in returns.

VI. Conclusion

We investigate variation in the benefits of class size by both income and achievement in
order to understand better the sources of any heterogeneity in the benefits of smaller classes. The
QTE estimates show a consistent pattern of larger class size effects for students at the upper end
of the achievement distribution regardless of whether the sample includes all students or a subsample of students determined by income or the share of low income students in a school. In
addition, both OLS and QTE estimates show that students in high poverty schools realize much
larger benefits of smaller classes than students in schools with a lower share of low income
students.
The pattern of estimates and supporting evidence provides support for the hypothesis that
children in more disruptive environments realize larger benefits from smaller classes. Not only
are class size effects larger in higher poverty schools, but the class size effect differential is much
smaller when calculated by individual student income. The survey evidence that misbehavior is a
much larger problem in schools with high shares of lower income students supports the
disruption interpretation.

22

The QTE estimates and supporting observational evidence of little or no changes in
teacher behavior or pedagogy following class size reduction supports the hypothesis that student
differences directly affect the return to smaller classes. Whether it is greater effort, better ability
to focus, or skills that facilitate more rapid learning, it appears that student differences account
for the positive relationship between achievement and the benefit of smaller classes. The finding
that the ordering by achievement is more pronounced in the schools with higher shares of low
income students is consistent with the hypothesis that higher achievers realize larger benefits
from smaller class size induced improvements in the quality of instruction, as these schools
appear to have experienced larger increases in the amount of instructional time.
Regardless of the precise channels through which class size affects achievement, the
evidence indicates that the benefits of class size reduction differ systematically by level of
poverty and achievement, even ignoring any accompanying changes in the quality of teachers or
other general equilibrium effects. Importantly, the findings provide mixed evidence on the likely
impact of class size reduction on the achievement gap. On the one hand smaller classes appear to
increase the achievement variance within schools and thus provide disproportionate benefit to the
more successful students. On the other hand, the higher benefits to children in higher poverty
schools contributes to the closing of the achievement gap across schools, particularly since
subsidized lunch eligible students in these schools are likely to be poorer on average than
similarly classified students in lower poverty schools. Perhaps more important, smaller classes
appear to significantly increase achievement even for low achievers in high poverty schools. If
raising the achievement of the lowest performers is a primary goal, this would appear to be more
important than any impact on dispersion in the consideration of whether the benefits of class size
reduction exceed the costs.
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Figure 1. Kernel density of Kindergarten standardized achievement by class size and subject
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Figure 2. Kernel density of Kindergarten standardized achievement by share of students in a
school eligible for a subsidized lunch, class size, and subject
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Table 1: Summary statistics by kindergarten class size
Small classes
Demographic
Indicators
Free lunch
Non-white
Age
Class size
Math SAT
Reading SAT

Obs
1754
1754
1754
1754
1754
1730

Mean
47.1%
31.6%
5.47
15.12
-0.05
-0.02

Regular classes
SD
0.499
0.465
0.34
1.50
1.07
1.04

Obs
4089
4089
4089
4089
4089
4028

Mean
48.6%
33.2%
5.46
22.53
-0.23
-0.20

SD
0.5
0.471
0.34
2.21
1.01
0.99

pr(|T|>t)
0.28
0.26
0.30
0.00
0.00
0.00

The right-most column contains p-values for t-tests of the null hypothesis that the small and
regular class averages are equal.
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Table 2. Estimated effects of small class on Kindergarten achievement
Math
QR estimates

Reading

(1)

(2)

(3)

(4)

.10

.080
(.039)

.100
(.032)

.087
(.030)

.114
(.029)

.25

.093
(.028)

.115
(.032)

.127
(.026)

.139
(.020)

.50

.151
(.029)

.170
(.027)

.162
(.030)

.182
(.027)

.75

.205
(.044)

.208
(.034)

.211
(.043)

.212
(.029)

.90

.293
(.061)

.248
(.055)

.247
(.055)

.294
(.057)

OLS estimates

.166
(.029)

.189
(.026)

.165
(.028)

.191
(.026)

Observations
School F.E.

5843
no

5843
yes

5761
no

5761
yes

Standard errors are given in parentheses. Quantile regression estimates are listed, followed by standard
OLS estimates. All specifications include indicators for teachers with fewer than three years of
experience and teachers with an advanced degree, and for the student's race-ethnicity, gender, age, special
education status, whether or not they are repeating kindergarten, attendance record, and subsidized lunch
eligibility. Specifications that do not include school fixed effects also include indicators for community
type (suburban, rural, urban, and inner-city).
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Table 3. Estimated effects of small class on Kindergarten achievement, by share of students in
school eligible for subsidized lunch
Math
Share
eligible:
QR
estimates
.10

Reading

low

high

low

high

low

high

low

high

(1)
.089
(.045)

(2)
.081
(.062)

(3)
.059
(.046)

(4)
.144
(.054)

(5)
.039
(.038)

(6)
.151
(.038)

(7)
.098
(.041)

(8)
.138
(.035)

.25

.073
(.040)

.107
(.038)

.074
(.033)

.126
(.035)

.108
(.037)

.143
(.036)

.143
(.033)

.128
(.032)

.50

.120
(.045)

.178
(.038)

.174
(.049)

.147
(.043)

.136
(.036)

.214
(.035)

.190
(.034)

.184
(.043)

.75

.183
(.063)

.254
(.062)

.164
(.055)

.295
(.048)

.159
(.035)

.231
(.053)

.138
(.042)

.255
(.034)

.90

.259
(.084)

.274
(.083)

.169
(.067)

.352
(.069)

.216
(.083)

.294
(.073)

.245
(.083)

.312
(.062)

0.124
(0.039)

0.210
(0.042)

0.147
(0.036)

0.233
(0.038)

0.103
(0.040)

0.224
(0.039)

0.139
(0.038)

0.245
(0.037)

2960
no

2883
no

2960
yes

2883
yes

2909
no

2852
no

2909
yes

2852
yes

OLS
estimates

Observations
School F.E.

Standard errors are given in parentheses. Quantile regression estimates are listed, followed by standard
OLS estimates. All specifications include indicators for teachers with fewer than three years of
experience and teachers with an advanced degree, and for the student's race-ethnicity, gender, age, special
education status, whether or not they are repeating kindergarten, attendance record, and subsidized lunch
eligibility. Specifications that do not include school fixed effects also include indicators for community
type (suburban, rural, urban, and inner-city).
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Table 4. Estimated effects of small class on Kindergarten achievement, by individual subsidized
lunch eligibility
Math
Eligible for
subsidized
lunch
QR
estimates
.10

Reading

no

yes

no

yes

no

yes

no

yes

(1)
.038
(.059)

(2)
.116
(.052)

(3)
.006
(.032)

(4)
.185
(.052)

(5)
.052
(.041)

(6)
.110
(.045)

(7)
.132
(.054)

(8)
.110
(.028)

.25

.088
(.043)

.083
(.037)

.082
(.042)

.131
(.046)

.145
(.040)

.129
(.030)

.144
(.035)

.120
(.034)

.50

.171
(.040)

.158
(.042)

.167
(.053)

.145
(.052)

.163
(.044)

.192
(.039)

.153
(.028)

.174
(.048)

.75

.228
(.066)

.222
(.064)

.270
(.060)

.266
(.062)

.237
(.060)

.191
(.059)

.151
(.054)

.269
(.041)

.90

.392
(.085)

.204
(.075)

.299
(.121)

.293
(.063)

.230
(.103)

.212
(.070)

.237
(.107)

.334
(.057)

0.169
(0.040)

0.162
(0.041)

.173
(.037)

.208
(.038)

0.149
(0.042)

0.186
(0.036)

.161
(.041)

.221
(.033)

3028
no

2815
no

3028
yes

2815
yes

2980
no

2781
no

2980
yes

2781
yes

OLS
estimates

Observations
School F.E.

Standard errors are given in parentheses. Quantile regression estimates are listed, followed by standard
OLS estimates. All specifications include indicators for teachers with fewer than three years of
experience and teachers with an advanced degree, and for the student's race-ethnicity, gender, age, special
education status, whether or not they are repeating kindergarten, attendance record, and subsidized lunch
eligibility. Specifications that do not include school fixed effects also include indicators for community
type (suburban, rural, urban, and inner-city).

31

Table 5. Teacher perceptions of disruption by share of students eligible for a subsidized lunch
Low
disruption

<--------------------------------------------->

High
Disruption

"The level of child misbehavior in this school interferes with my teaching"
strongly
neither agree
disagree
agree
strongly agree
disagree
nor disagree

Low share eligible for
subsidized lunch
Fall survey
Spring survey

40.3
40.6

47.5
47.2

7.1
7.1

4.2
4.2

0.9
1.0

High share eligible for
subsidized lunch
Fall survey
Spring survey

26.6
26.5

47.7
47.4

12.1
12.2

10.2
10.4

3.4
3.4

Columns indicate the distribution (%) of Kindergarten teacher responses to the following statement: "The
level of child misbehavior in this school interferes with my teaching." Classes with a low share eligible
for subsidized lunch are those below the median share, classes with a high share are those above the
median share.
Source: Early Childhood Longitudinal Survey. Kindergarten Cohort: 1,741 respondents to fall survey and
1,709 respondents to spring survey.
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