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Recent evidence about the effects of class size on academic achievementfrom randomized experiments
points to positive effects of small classes. However, the evidence about the mechanism producing these
effects is less clear. Some scholars have arguedfor mechanisms that would imply greater effects of small
classes for low-achieving students. This article investigates possible differential effects of small classes
on achievement using data from Project STAR, a four-year, large-scale randomized experiment on the
effects of class size. We examined the differential effects of small classes for students in the bottom half
and bottom quarter, respectively, of their class's achievement distribution in kindergarten. Although
small class effects are somewhat largerfor low-achieving students in reading, the differential effects (in-
teractions) are not statistically significant. Moreover, the small class effects for low-achieving students
in mathematics are actually smaller than those for higher achieving students. Thus while there are un-
ambiguous positive effects of small classes on achievement, there is no evidence for differentially larger
effects of small classes for lower achieving students.
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THE question of how to allocate resources to in-
crease achievement for students at risk of school
failure is a critical question facing educational re-
searchers and policy makers. Most interventions
designed to address the needs of students at risk
(e.g., various forms of compensatory education)
are targeted specifically at students who are iden-
tified as being at risk of school failure. It is tempt-
ing to imagine that there is some intervention that
might increase achievement for all students while
also having particularly strong effects for those at
risk of school failure.

There is some evidence that reducing class size
might be such an intervention. Finn and Achilles
(1990) analyzed data from the first two years of
Project STAR (the Tennessee Class Size Experi-
ment) and found some evidence that the positive
effects of small classes were larger for minority
students. However, these differential effects (class

size by minority interactions) were statistically
significant only for reading achievement. Similar
findings of somewhat larger class size effects for
minorities were obtained in the initial reports of
the Lasting Benefits Study (the follow-up study of
students who had been in Project STAR), but their
statistical significance was not evaluated. These
analyses were widely reported, however, and were
interpreted by many as evidence that the effects
of small classes were more positive for minorities
and the disadvantaged than for all students.

Manipulating class size is a policy option that
is gaining increasing attention throughout the na-
tion. Some 18 states have recently adopted poli-
cies that reduce class sizes with the goal of im-
proving achievement; and reduction of class size
is included in the president's recent education ini-
tiative. Some states and localities (such as Madi-
son, Wisconsin) have explicitly linked policies
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of reducing class size to efforts to improve the
achievement of at-risk students and to reduce
achievement gaps between minority and majority
students. It is critical to know whether there are
differential class-size effects for low-achieving
students in order to know whether this policy will
achieve the stated goal.

Even if class-size reductions were differentially
effective in increasing the achievement of at-risk
students, it would be useful to understand the
mechanism through which the reductions pro-
duced their effects. Understanding the mechanism
might enable the development of more effective
ways to promote increased achievement in con-
junction with class-size reductions. Class-size re-
duction is an expensive intervention. If we knew
the mechanism, it might be possible to develop
more cost-effective ways to achieve the same re-
sults using that mechanism without actually re-
ducing class size.

Related Literature

A variety of research designs have been used
over the past few decades to investigate the effects
of class size on academic achievement. Over 100
experiments and quasi-experimental studies of the
effects of class size have been conducted, each
involving assignments of students to smaller or
larger classes. This literature has been reviewed
by Glass and Smith (1979); Glass, Cahen, Smith,
and Filby (1982); Hedges and Stock (1983); and
Mosteller, Light, and Sachs (1996). There is some
disagreement about the exact interpretation of the
experimental research (e.g., Educational Research
Services, 1980; Slavin, 1984). However, these syn-
theses of research on the effects of class size gen-
erally suggest positive effects of class-size reduc-
tion on achievement and effect with the effects
becoming larger as the classes become smaller.

The small-scale studies reviewed by these au-
thors suffer from important limitations. For exam-
ple, because the investigations are typically small
in scale and short-term, it is difficult to know
whether the effects are a consequence of the spe-
cial circumstances surrounding the experiment or
whether they would have occurred if the use of
smaller classes had happened in a more natural set-
ting. That is, the findings may be internally valid,
but it is difficult to know whether they are exter-
nally valid and would generalize to other settings.

Another method used to study the effects of
class size is econometric modeling of education
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production functions (e.g., Hanushek, 1986). This
approach uses the distribution of naturally occur-
ring class sizes, and models the relationship be-
tween class size and an outcome (usually achieve-
ment) while controlling for student characteristics
such as social class or prior achievement. There
have been a considerable number of economet-
ric studies of the effects of class size on achieve-
ment (see e.g., Hanushek, 1989; Hedges, Laine,
& Greenwald, 1994). There is some controversy
over the interpretation of the econometric studies.
Some researchers such as Hanushek (1989) are
persuaded that effects of class size must be small
since so few of the studies found statistically sig-
nificant effects of class size. Others, such as Green-
wald, Hedges, and Laine (1996), have argued that
the magnitude of the actual regression coefficients
obtained in the studies (regardless of their indi-
vidual statistical significance) is more interpre-
table. Whatever the proper method of summary
may be, the econometric studies are probably more
externally valid than small scale experiments since
they arise from data on operating schools. How-
ever, econometric studies generally have limited
internal validity. It is often not clear if the rela-
tions between class size and achievement (con-
trolling for student background) are causal. In
many cases the student background data are
rather limited and may fail to fully account for in-
dividual differences between students assigned to
classes of different sizes. For example, a plausi-
ble hypothesis is that achievement (or expected
achievement) causes students to be assigned to
classes of different sizes, not the other way around.
That is, students may be assigned to smaller
classes precisely because their achievement is
low (for example in compensatory or remedial
programs).

We would argue that both small-scale experi-
ments and econometric studies are limited for the
purposes of determining whether there are class
size effects. This research is even more limited for
the purposes of evaluating the differential effects
of small classes on subpopulations such as at-risk
students. Relatively few of the small-scale exper-
imental studies and essentially none of the econo-
metric studies evaluated differential effects for at-
risk students or low-achieving students. The few
evaluations of differential effects were subject to
the same limitations that plagued the evaluation of
main effects, but have the additional weakness of
lower statistical power.
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Modeling Academic Achievement
and School Effects

Academic achievement is developed over time
and is influenced by experiences both within and
outside of the school. Research on the correlates
of student achievement has led to a considerable
consensus on the variables used in models of aca-
demic achievement and school-effects models.
One of the most widely replicated findings in ed-
ucational research is the relation between socio-
economic status (SES) and academic achievement.
Students from low-socioeconomic status back-
grounds typically score from one half to three
fourths of a standard deviation lower on achieve-
ment tests than those from high-socioeconomic
backgrounds (White, 1982). Consequently, SES is
typically included in the specification of models to
study achievement and estimate school effects.

There is a substantial gap in achievement test
scores between minority group students (Blacks
and Hispanics) and majority group (White) stu-
dents. Studies using nationally representative sam-
ples have found that the Black-White achievement
gap ranges from three fourths to about one stan-
dard deviation, while the Hispanic-White gap is a
little smaller (see Campbell, Hombo, & Mazzeo,
2000; Jencks & Phillips, 1998). Although differ-
ences in socioeconomic status between minority
group and majority group members account for
some of the minority-majority achievement dif-
ference, a substantial difference remains even after
accounting for socioeconomic status. For exam-
ple, Hedges and Nowell (1999) found that con-
trolling for socioeconomic status reduced Black-
White differences in mathematics and reading
achievement by only about one third in national
samples, leaving the gap at between one half and
two thirds of a standard deviation. Consequently,
minority group status is typically included in
models of academic achievement and to estimate
school effects.

Finally, gender differences in academic
achievement have also been studied rather exten-
sively. Studies based on nationally representative
samples have found gender differences favor-
ing females in reading achievement on the order
of about two tenths of a standard deviation and
gender differences favoring males in mathemat-
ics achievement on the order of about one to two
tenths of a standard deviation (see Hedges & Now-
ell, 1995; Willingham & Cole, 1997). Because the

effects of gender are somewhat smaller, they are
included in some, but not in all models of acade-
mic achievement.

Contemporary approaches to estimating school
effects typically use hierarchical models that in-
clude a within-school (school-specific) achieve-
ment model along with a model of between-school
variation in some or all of the parameters of the
within-school model. The within-school model
typically includes effects of SES, minority group
status, and sometimes gender, and prior achieve-
ment (see e.g., Bryk & Raudenbush, 1992; Rau-
denbush & Bryk, 1986; Raudenbush & Bryk,
1989). The specification of the between-school
model depends on the substantive question (see
e.g., Bryk & Raudenbush, 1992; Willms & Rau-
denbush, 1989).

Project STAR

An important source of information on class size
is the Tennessee Class Size Experiment or Proj-
ect STAR (Student-Teacher Achievement Ratio).
This randomized experiment was commissioned in
1985 by the Tennessee state legislature and imple-
mented by a consortium of Tennessee universities
and the Tennessee State Department of Education.
The total cost of the experiment, including the cost
of hiring new teachers and classroom aides, was
approximately 12 million dollars.

Initially, all Tennessee school districts were
asked to participate in Project STAR, and about
180 schools in about 50 of the 141 school systems
in the state expressed interest in participating. Only
about 100 schools had enough students in each
grade to meet the size criteria (at least 57 students
per grade necessary to form one small and two
regular sized classes) for participation. This size
criterion, which was necessary to permit assign-
ment to class types within schools, excluded very
small schools from the study. Ultimately 79 ele-
mentary schools in 42 school districts became
sites in the STAR experiment. Districts had to
agree to participate for four years and allow site
visitations for verification of class sizes, inter-
viewing, and data collection, including extra stu-
dent testing. They also had to allow random as-
signment of pupils and teachers to class types
from kindergarten through grade 3.

The state paid for the additional teachers and
classroom aides, and only class size conditions
changed within the schools. School districts and
buildings followed their own policies, and cur-
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ricula. It is important that the study design pro-
vided that no student would receive any less ser-
vice than would normally be provided by the state
as a consequence of being in the STAR project.
Thus there was no incentive for any student not to
participate and participating schools, as a whole,
had an incentive (in the form of overall greater re-
sources) to participate in the STAR project.

The experiment randomly assigned kinder-
garten students into small classes (with 13 to 17
students), larger classes (with 22 to 26 students),
or larger classes with a full-time classroom aide.
Teachers were also randomly assigned to classes
of different types. These assignments of students
and teachers to class type were maintained through
the third grade. Some students entered the study in
the first grade and subsequent grades, but were
randomly assigned to classes at that time.

This data source (called "one of the great exper-
iments in education in U.S. history" by Mosteller,
Light, & Sachs, 1996, p. 814) substantially miti-
gates many of the problems of other class-size
research. Because it is a large-scale, random-
ized experiment that randomizes both teachers
and students into classrooms within each partici-
pating school, it has high internal validity. The
STAR project involves a rather broad range of
schools from throughout a diverse state. It in-
cludes both large urban districts and small rural
ones, and a scope of wealth ranging from some of
the wealthiest school districts in the country to
some of the poorest. Therefore, Project STAR in-
cludes essentially the entire range of educational
conditions that occur in American education, and
it is more likely to be generalizable than smaller,
more circumscribed studies conducted in only one
location. Moreover, it was conducted for four
years as part of the everyday operation of the
schools that participated and therefore is likely
to avoid the effects associated with "new, ex-
perimental programs."

The Project STAR database and a long term fol-
low up of the students who were involved in Proj-
ect STAR (the Lasting Benefits Study, Nye et al.,
1994) are parts of a larger program of research on
class size which is conducted by the Center of Ex-
cellence for Research in Basic Skills at Tennessee
State University.

Previous Analyses of Data from Project STAR

Previous analyses of Project STAR have es-
tablished the effects of small classes on achieve-
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ment. Although not entirely satisfactory in some
ways, the analyses reported during the original
project (Word et. al., 1990) found consistent and
statistically significant effects of small classes on
achievement, Another early analysis of the data
from the first two years of the project (e.g., Finn
& Achilles, 1990) obtained similar results. The
most prominent discussions of the data (e.g.,
Mosteller, Light, & Sachs, 1996) relied on the orig-
inal analyses.

More recent analyses of the data from Project
STAR have concentrated on evaluating threats
to the validity of the findings, such as the effects
of clustering of students into schools, imple-
mentation problems, attrition, and treatment
switching (Hanushek, 1999; Krueger, 1999;
Nye, Hedges, & Konstantopoulos, 2000b).
Other analyses have concentrated on the long-
term effects of reduced class size in the early
grades (Nye, Hedges, & Konstantopoulos,
1999) or on differential effects for minorities or
those of low-socioeconomic backgrounds (Nye,
Hedges, & Konstantopoulos, 2000a).

The data from Project STAR has not yet been
exploited to determine whether small classes are
particularly effective for low-achieving students.
This article is a report of analyses intended to do
just that. Specifically, we investigate whether small
classes lead to differentially larger effects for
"below average" (actually below median) achieve-
ment students and for students whose achieve-
ment is in the bottom quartile.

Methods

The design of the STAR experiment involves
randomly assigning students and teachers to treat-
ments within schools. The study is conceptually a
series of within-school experiments conducted
using the same procedures and outcome variables.
Since the variance in student achievement within
schools is typically different than the variance be-
tween schools, the sampling design involves clus-
tering or hierarchical structure that should be
taken into account in the analysis. One such analy-
sis is the use of hierarchical linear models (Bryk
& Raudenbush, 1992). Such models permit the
analysis and pooling of school-specific regres-
sions (including, for example, treatment effects) in
a manner that takes the clustering of the sample by
school. We used hierarchical linear models in two
different types of analyses. One type of analysis
examined effects in each grade separately. The
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other analysis pooled results over all three grades
into a single repeated measures analysis.

The within-school model used in our primary
analysis treated student achievement as a function
of student characteristics (gender and minority
group status or social class operationalized by
free-lunch eligibility), treatment group assign-
ment, and the interaction of assignment with low
achievement in kindergarten.

Indicators of Prior Level of Achievement

Project STAR did not have a pretest before
the beginning of the experiment. A pretest would
have been difficult to interpret in any event since
the experiment began in kindergarten and it would
be difficult to obtain unambiguous measures of
achievement before schooling has begun. How-
ever, students were tested at the end of kinder-
garten, after the first year of the experiment, using
the Stanford Achievement Test (SAT), which is
both widely used in large-scale assessment pro-
grams and has excellent psychometric properties
(Psychological Corporation, 1983). We developed
two indicators of low achievement using the
kindergarten test-score distribution within each
classroom. The first indicator was obtained by
dividing the within-class test score distribution
at the median and coding a student as having
low achievement if they were below the median
in their classroom. We obtained the second indi-
cator by dividing the within-class test-score dis-
tribution at the first quartile (25th percentile) and
coding a student as having low achievement if
they were below the first quartile in their class.
We constructed separate low achievement indi-
cators for mathematics and reading and used low
achievement in each subject area in analyses of
corresponding outcome. Thus it was possible for
a student to be classified as low achievement in
mathematics but not in reading or vice versa.

We chose two different criteria for low achieve-
ment (below the median and below the first quar-
tile) to determine whether there might be larger
differential effects for very low-achieving stu-
dents (those in the lowest 25% of their class). In
cases where the within-classroom distribution
of achievement is representative of the entire
achievement distribution, students in the bottom
quarter of the achievement distribution might be
considered at risk of school failure.

These definitions of low achievement are spe-
cific to the classroom in which students were en-
rolled. Thus the question investigated with this

variable becomes one of differential effects of rel-
atively (rather than absolutely) low achievement.
That is, the question is whether small classes have
differential effects for the lower achieving stu-
dents within a class, rather than absolutely low-
achieving students. Note, however, that we carried
out additional analyses (reported in the Sensitivity
Analyses section of this article) using an absolute
definition of low achievement.

The choice to use a relative rather than an ab-
solute definition of low achievement was moti-
vated by the work on classroom organization initi-
ated by Barr and Dreeben. They argue that teacher
effects on student achievement are the result of de-
cisions teachers make about instruction given the
characteristics of their students. Teachers' instruc-
tional behavior is determined in part by choices
teachers make about instruction, given the dis-
tribution of ability and achievement they face
in their classroom (see Barr & Dreeben, 1983).
This perspective suggests that if teachers make de-
cisions about differentiating instruction within the
classroom on the basis of prior achievement, it is
likely to be based on achievement relative to other
students within the classroom.

The use of a relative definition of low achieve-
ment is consistent with the classroom organi-
zational model and also has the advantage that
the achievement indicator is orthogonal to the
between-class differences and avoids the analytic
problems that would arise when all students in
some schools or classes are high or low in absolute
achievement. However, it is possible that the ef-
fects of small classes depend on absolute, not rela-
tive, achievement. The relative definition of low
achievement is positively but imperfectly corre-
lated with absolute low achievement. The associa-
tion between the low achievement indicators used
in this study (based on the within-class distribu-
tion) and the corresponding indicator computed
from the entire sample is relatively high (they
would be classified as "large" using the criteria of
Cohen, 1977). For mathematics achievement, the
gamma coefficients (see Goodman & Kruskal,
1954) are y= 0.83 for below-median achievement
and y= 0.87 for first quartile achievement. In read-
ing achievement the corresponding gamma coeffi-
cients are y= 0.80 for below-median achievement
and y= 0.83 for first quartile achievement.

Analyses of Each Grade Separately

We estimated several models for each grade
separately using various combinations of gender,
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SES, mninority status and interactions of these vari-
ables. The results of the analyses were quite simi-
lar and we present only the analyses of the specific
model given below for simplicity. We report re-
sults for the specific model in which the standard-
ized achievement test score Yjj of the ith student in
the jth school was:

Y, = j, + 3,jFEMALEj + 0j2MINORITY,j

+ P,jSESij + P4JSMALL,

+ ,5 LOWACHIEVEMENT,

+ P,JSMALL x LOWACHIEVEMENT,

+ £jj

where FEMALE,j is a dummy variable for gender,
MINORITY,9 is a dummy variable for minority
group membership, SES,j is a dummy variable for
free lunch eligibility, SMALLj, is an indicator
variable for small class size, LOWACHIEVE-
MENTi,J is a dummy variable for below-classroom
median (or first quartile) achievement at the end of
kindergarten, SMALLxLOWACHIEVEMENTij
is the interaction of SMALL and LOWACHIEVE-
MENT, and cjj is a student-specific residual.

The specification chosen includes the vari-
ables that have become standard in models of
academic achievement and school effects (SES,
minority group status, gender, and of course,
prior achievement level). The SMALLxLOW-
ACHIEVEMENT is the effect of most interest
since it reflects the differential effect of small
classes for low-achieving individuals.

We modeled variation across schools in each of
the school-specific regression coefficients using
several models that included various combina-
tions of the geographic location of the school, the
mean level of teacher experience in the school, the
SES level of the school (as the proportion of all
students receiving free lunches), and the percent-
age of Black students in the school. The choice of
specification of the school-level model did not
substantially affect estimates of the small class ef-
fect or its interactions with low-achievement group
status. Moreover, almost none of the school-level
predictors explained any variation in the school-
specific regression coefficients. We chose to model
all of the coefficients in the school-specific regres-
sion model as random effects. This specifica-
tion was chosen to incorporate the empirically
observed variation of these effects across schools

while simplifying presentation of results. The spe-
cific level-2 model for the mth coefficient in thejth
school Pj was therefore:

P. = Yo. + II,

where rl.j is a level-2 residual (random effect). We
originally estimated models with random effects
for every coefficient and then estimated the mod-
els again with variance components that were not
statistically significant at the .05 level constrained
to be 0, which resulted in random effects only for
the intercept, the small class effect, the female ef-
fect (in several cases), and in one case each the mi-
nority effect and the small class by low-achieve-
ment interaction. The results of the analyses with
all coefficients random and those presented here
were not qualitatively different, but only the latter
are presented for simplicity. Therefore the object
of the statistical analysis is to estimate the seven
fixed effects (yoo, yol, . . ., and Y06) determining
each of the seven Pi3s, and the corresponding
between-school variance components (variances
of the l,ns) for the coefficients in which there was
nonzero variation.

In each case, we conducted separate analyses
for each of the two dependent variables (SAT
mathematics and reading test scores) for each of
the three grade levels (grades one through three)
and for each of the two indicators of low achieve-
ment (below-class median or first quartile). There-
fore each analysis was repeated 12 times.

We have chosen to model treatment effects as
categorical (small or regular-sized classes) rather
than estimating an effect of the numerical value of
class size. We did so because the randomization
was carried out across values of the categorical
variable, not the numerical values of class size.
Therefore randomization in principle guarantees
freedom from bias in estimates of the effects as-
sociated with the categorical values of the treat-
ment effects, but it would not do so for estimates
of the effects of numerical values of class size.

Repeated Measures Analysis

The object of the previous analyses is essen-
tially to detect interaction (differential) effects of
small classes on low-achieving students. Interac-
tions are more difficult to detect than main effects
because tests for interactions generally have lower
statistical power (see e.g., Cronbach & Snow,
1977). Although the overall sample size is large,
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the actual effects are rather small. It is therefore
conceivable that there are differential effects for
low-achieving students, but the separate analyses
for each grade level might have insufficient statis-
tical power to detect those effects.

Since this data includes repeated measures for
the same students over time, it is possible to carry
out a repeated measures analysis of the data. Be-
cause such an analysis uses the data from all three
grades in the same analysis, it should produce more
powerful tests of the low achievement by small
class interaction (at least if the interaction is the
same across grades).

We estimated several models using various
combinations of gender, SES, minority status
and interactions of these variables. The results of
the analyses were quite similar and we present
only the analyses of the models, which included
just main effects and the small class by low-
achievement interaction. The specific model is
one in which the standardized achievement test
score Yijk of the ith student in the jth school at the
kth grade was

Yj,j = P, + P,jGRADE + E,,

where 3oij is a student-specific intercept, ,Bij is a
student-specific grade effect, and Eij is a student-
and grade level-specific residual.

The specific model for variation of coeffi-
cients between students within schools (the level 2
model) was

0. = n'i + ' 0,1FEMALE,,

+• i 02 MINORITY,i + t,,SES,j

+ 71,jSMALLi,

+ r0 5 1LOWACHIEVEMENT,

+ TC'JSMALL x LOWACHIEVEMENT,

+ t.J,

where FEMALEij is a dummy variable for gender,
MLNORITYij is a dummy variable for minority
group membership, SES, is a dummy variable for
free lunch eligibility, SMALL,j is an indicator
variable for small class size, LOWACHIEVE-
MENT0j is a dummy variable for below-classroom
median (or first quartile) achievement at the end of
kindergarten, SMALLxLOWACHIEVEMENTij
is the interaction of SMALL and LOWACHIEVE-
MENT, and toij is a student-specific residual.

The model for the grade effect at level 2 was

I3j = MiOj + &,Ej

where r,ij is a school-specific intercept and 4,g is
a student-specific residual.

As in the analyses of each grade separately, we
modeled variation across schools in each of the
school-specific regression coefficients using sev-
eral models, and the choice of specification of the
school-level model did not substantially affect es-
timates of the small-class effect or its interactions
with SES or minority group status. As before, the
school-level predictors did not explain substan-
tial variation in the school-specific regression co-
efficients. To simplify presentation of results, we
chose to model all coefficients as random when-
ever the variation across schools was statistically
significant. The specific level 3 model for the mth
coefficient in the model for the intercept and grade
level slope, respectively, in thejth school (imoj and
It1 ,j) was therefore,

lo; = Yioo + Tlio.

and
itio. = yloG + Tlo

where YO.O and y,00 are fixed effects and Tlroj and
'1 Ij are level 3 residuals (random effects). Thus
the object of the statistical analysis is to estimate
the eight fixed effects (Yow, yolo, . . ., yO, and y00)
determnining each of the eight itkjs, and the corre-
sponding between-school variance components
(variances of the ilo,s and TIlojs) that are nonzero.
We conducted separate analyses for each of the
two dependent variables (SAT mathematics and
reading test scores) and for each of the two defi-
nitions of low achievement.

Note that while this analysis of pooled data is
probably more powerful than analyses of each
grade separately, it also has some disadvantages
compared to the analyses that were presented pre-
viously. The pooled analysis requires pooling data
on different tests into the same analysis. If the raw
test scores are pooled, there will be differences in
both the mean and variability of test scores across
grades. The differences in variance across grades
are particularly problematic for models that as-
sume a common residual variance. Of course such
pooling makes sense only if the tests are strictly
equated. Previous analyses of these data led us
to question the adequacy of the equating over the
four year period.
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We addressed the problem of unequal variances
by standardizing test scores within grades before
combining the data. This may solve the problem
of unequal residual variances, but does not en-
tirely solve the problem of making data from dif-
ferent grades comparable (since the true variability
of achievement may be changing across grades).
It also makes the main effects of grade difficult to
interpret. In particular, they should not be inter-
preted as estimates of growth.

Another limitation of our analysis of pooled
data is that it assumes that effects, such as the low
achievement by small-class interactions, are the
same across grades (that is, the low achievement
by small class-by-grade interactions are negligi-
ble). While we have investigated this empirically
and found these interactions to be statistically in-
significant, the power to test higher order inter-
actions is even smaller than that for testing lower
order interactions, so these tests probably have
relatively little power.

A third disadvantage of the repeated measures
analysis is that the longitudinal data structure con-
tains missing data (not every child had test scores
at every time point). While there is no evidence of
bias due to missing data (see Nye, Hedges, &
Konstantopoulos, 2000b), the analysis requires a
strategy to deal with missing data. One strategy is
to consider only complete cases. Such a strategy
reduces sample sizes considerably and leads to a
subsample that might be biased in various ways
(e.g., the children are almost certainly less mobile
and attend school with higher frequency than
those that miss testing). A second strategy is to im-
pute missing scores. This strategy requires an im-
putation model and results in overstating the pre-
cision of the estimates (or at least estimates it
inconsistently), since imputed data is treated as
containing the same information as observed data
(Little & Rubin, 1987). A third strategy is to use
maximum likelihood estimation of the hierarchi-
cal model that incorporates the missing data struc-

TABLE 1

ture using the EM algorithm (see Bryk & Rau-
denbush, 1992). We used the latter strategy for
students who participated in Project STAR all four
years, but did not have scores in all grades.

Results and Discussion

The results of analyses of differential effects for
low-achieving students defined using each of the
two criteria (below-median or below first quartile)
are reported separately in the subsections that fol-
low, along with some interpretive comments.

Differential Effectsfor Students
with Below Median Achievement

The results of the analyses of differential small
class effects for students achieving below the me-
dian are reported here, along with some interpre-
tive comments. Table 1 shows the small-class ef-
fects for lower and higher students in reading and
mathematics achievement in grades one through
three. Each of these small-class effects is presented
as the difference between the mean achievement
in small classes and that in regular sized classes
divided by the overall standard deviation of test
scores at that grade in that subject matter. Thus
each of these small class effects is an effect size
expressed in standard deviation units.

In reading, the small-class effect for lower
achieving students is larger than for higher achiev-
ing students, at every grade level. The pattern is
just the opposite in mathematics achievement.
That is, the small-class effect for lower achieving
students is smaller than for higher achieving stu-
dents at every grade level. This suggests that small
classes may have a differential advantage for
lower achieving students in reading, but not in
mathematics.

While Table 1 suggests a pattern of differences,
it does not provide the evidence to evaluate the
statistical significance of these differences. To do
that, we used the hierarchical linear model analy-

Small-Class Advantage by Achievement Level: Low Achievement Defined as Below Median

Math effect size Reading effect size

Low High Low High
Class comparison achievement achievement achievement achievement

Small vs. regular classes in grade 1 0.15 0.25 0.16 0.12
Small vs. regular classes in grade 2 0.08 0.17 0.13 0.06
Small vs. regular classes in grade 3 0.02 0.15 0.15 0.14

Note. Mean differences were divided by the standard deviation of the particular score across all students in all classes.
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TABLE 2
Two-Level HLM Estimates by Grade: Low Achievement Defined as Below Median

Grade 1 Grade 2 Grade 3
Estimate Math Reading Math Reading Math Reading
Male (J3oj)

Intercept (yoo) 0.255* 0.263* 0.226* 0.25 1* 0.217* 0.239*
Residual variance 0.149* 0. L46* 0.152* 0.099* 0.130* 0.081*

Female (p3j)
Intercept (yoi) -0.046 0.077* -0.012 0.117* 0.007 0.136*
Residual variance 0.020* 0.047* 0.018*

Minority (2jv)

Intercept (702) -0.280* -0. [66* -0.240* -0.253* -0.205* -0.269*
Low SES (p3j)

Intercept (753) -0.246* -0.308* -0.328* -0.335* -0.278* -0.279*
Small class (I4j)

Intercept (y04) 0.278* O.:L73* 0.202* 0.097 0.144* 0.161*
Residual variance 0.154* 0.1107* 0.145* 0.097* 0.168*

Low achievement in kindergarten (p5j)

Intercept (7o5) -0.707* -0.773* -0.741* -0.780* -0.709* -0.733*
Small-classAlow-achievement

interaction (p61)

Intercept (7O6) -0.045 0.047 -0.024 0.066 -0.077 0.003
Residual variance 0.064*

*p <.05.

ses. The results of the two-level analyses for each
grade are summarized separately in Table 2.

These results demonstrate that, across all
schools, females have significantly higher achieve-
ment in reading (at all grades) but not in mathe-
matics. Low SES and minority students have
significantly lower achievement in reading and
mathematics at all grade levels. The effect of
lower achievement in kindergarten is, of course,
negative and statistically significant at all grade
levels. More important for this experiment is
that the average effect of small classes is signif-
icant and positive in both mathematics and read-
ing at every grade level except grade two, ranging
from about 0.10 to 0.28 standard deviation units.

Most importantly for this article, the small class
by low-achievement interaction was small in every
analysis (less than a tenth of a standard deviation
in absolute magnitude), with slightly positive ef-
fects in reading and slightly negative effects in
mathematics. Thus the signs of the differential ef-
fects are the same as in Table 1. However, the in-
teraction was not statistically significant for either
reading or mathematics achievement at any of the
three grade levels. This implies that the small-class
advantage is not significantly greater for lower
achieving students than for higher achieving stu-

dents in either reading or mathematics at any grade
level.

The statistically significant variance compo-
nents for the intercept and the small-class effect
imply that the mean level of achievement and the
small-class advantage vary across schools. How-
ever, we were not successful in accounting for this
variation in other analyses carried out but not re-
ported here.

A series of other hierarchical linear model
analyses was carried out using related analytic
models, for example eliminating all of the predic-
tors that were not statistically significant and ex-
amining slightly different codings of the variables
(these analyses are available from the authors).
None of these analyses suggested results that were
qualitatively different than those reported here. In
each case the small class effect had about the same
positive magnitude and was statistically significant
but the small class-by-low achievement interaction
was not statistically significant.

Differential Effects for Students
with Very Low Achievement

The results of the analyses of differential small-
class effects for students achieving below the first
quartile are reported in Table 3. The table shows
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TABLE 3
Small-Class Advantage by Achievement Level: Low Achievement Defined as Bottom Quarter

Math effect size Reading effect size

Low High Low High
Class comparison achievement achievement achievement achievement

Small vs. regular classes in grade 1 0.12 0.25 0.18 0.14
Small vs. regular classes in grade 2 0.07 0.15 0.17 0.08
Small vs. regular classes in grade 3 0.01 0.13 0.17 0.14

Note. Mean differences were divided by the standard deviation of the particular score across all students in all classes.

the small-class effects for very low and higher Table 1, namely that small classes may actually
achieving students in reading and mathematics be less effective for very low-achieving students
achievement at grades one through three. As in in mathematics, but more effective in reading.
Table I, the small-class effects are expressed in While Table 3 suggests a pattern of differences,
standard deviation units. it does not provide the evidence to evaluate the

In the case of reading achievement, the small- statistical significance of these differences. To do
class effect is larger for very low-achieving stu- that, we used the hierarchical linear model analy-
dents than for higher achieving students at every ses. The results of the two-level analyses are sum-
grade level. In mathematics achievement, the op- marized in Table 4.
posite pattern holds. That is, in mathematics The results for the main effects of gender, SES,
achievement, the small-class effect for very low- minority group status, small class size, and low
achieving students is smaller than for higher achievement in kindergarten are quite similar to
achieving students at every grade level. This sug- those in the previous analysis. For example, the
gests the same pattern of differential results as did average effect of small classes is significant and

TABLE 4
Two-Level HLM Estimates by Grade: Low Achievement Defined as Bottom Quarter

Grade I Grade 2 Grade 3

Estimate Math Reading Math Reading Math Reading

Male (Po,)
Intercept (yoo) 0.258* 0.265* 0.230* 0.252* 0.236* 0.240*
Residual variance 0.143* 0.142* 0.151* 0.097* 0.108* 0.076*

Female (P3j)
Intercept (yoi) -0.050 0.100* -0.017 0.139* -0.0002 0.158*
Residual variance 0.030* 0.035*

Minority (02j)

Intercept (Y02) -0.312* -0.166* -0.269* -0.252* -0.278* -0.264*
Residual variance 0.137*

Low SES (Pjj)
Intercept (703) -0.263* -0.336* -0.350* -0.347* -0.309* -0.318*

Small class (p4j)

Intercept (704) 0.276* 0.195* 0.180* 0.108* 0.139* 0.151*
Residual variance 0.146* 0.094* 0.142* 0.088* 0.118*

Low achievement in kindergarten (5j)

Intercept (YoO) -0.669* -0.702* -0.730* -0.736* -0.691* -0.685*
Small class/low-achievement

interaction (p6j)

Intercept (y06) -0.078 0.057 0.024 0.104 0.051 0.043

*p <.0 5 .
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positive in both mathematics and reading at every
grade level, ranging from about 0.11 to 0.28 stan-
dard deviation units.

Most importantly for this article, the achieve-
ment interactions were quite small. The differen-
tial effects of small classes for students with very
low achievement were estimated to be one tenth of
a standard deviation or less in all analyses. The
small class-by-very-low-achievement interaction
was not statistically significant for either reading
or mathematics achievement at any of the three
grade levels, although it was almost significant for
reading at grade 2. This implies that the small-
class advantage is not significantly greater for very
low-achieving students than for higher achieving
students in either reading or mathematics at any
grade level.

The statistically significant variance compo-
nents for the intercept and the small-class effects
imply that the mean level of achievement and the
small-class advantage vary across schools. How-
ever, we were not successful in accounting for
this variation in other analyses carried out but not
reported here.

As in the previous analysis, other hierarchical
linear model analyses were carried out using re-
lated analytic models, but none of these analyses
suggested results that were qualitatively different
than those reported here. In each case the small-
class effect had about the same positive magnitude
and was statistically significant but the small-class-
by-very-low-achievement interaction was not sta-
tistically significant.

Repeated-Measures Analyses of
Effects of Below-Median Achievement

The previous analysis of the effects of below-
median achievement is somewhat unsatisfying in
that Table 1 suggests that small-class effects are
larger in reading (and smaller in mathematics
achievement) among students who had below-
median achievement in kindergarten, but the dif-
ferential effects were not statistically significant at
any single grade. A crude estimate of the statisti-
cal power of the test for the small-class-by-low-
achievement interaction suggests that the average
(across grades) power of these tests to detect a dif-
ferential effect that is 50% as large as the main ef-
fect of small classes is only 0.23 for reading and
0.44 for mathematics achievement.' The average
power to detect a differential effect 100% as large
as the small class effect is only 0.65 for reading
and 0.85 for mathematics achievement.

One might therefore wonder whether a more
powerful test of the differential effect that pooled
information across grades would detect a dif-
ferential effect of small classes. The repeated-
measures analysis is designed to investigate this
question.

The results of the repeated-measures analy-
sis are summarized in columns two and three of
Table 5. As expected from the previous analyses,
the minority, SES, low-achievement, and small-
class effects are statistically significant. The fe-
male effect is statistically significant for reading
but not mathematics achievement. However, the
small-class-by-low-achievement interaction is
estimated to be quite small, again less than one
tenth of a standard deviation, and it is not statis-
tically significant in any of the analyses. Thus it
appears that there is little evidence of differential
effects of small classes on students with below-
median achievement.

Repeated-Measures Analyses of
Effects of Very Low Achievement

The previous analysis of the differential effects
of students with very low achievement (bottom
25%) is rather unsatisfying in that it (Table 3)
suggests a pattern in the small-class effects-by-
achievement level. It appears that small-class ef-
fects on mathematics achievement are smaller for
very low-achieving students at all grade levels. It
also appears that small-class effects on reading
achievement are larger for very low-achieving stu-
dents at all grade levels. None of these differential
effects were statistically significant at any single
grade. A crude estimate of the statistical power of
the test for the small-class-by-very-low-achieve-
ment interaction suggests that the average (across
grades) power of these tests to detect a differential
effect that is 50% as large as the main effect of
small classes is only 0.17 for reading and 0.28 for
mathematics achievement. The power to detect
effects that are 100% as large as the small-class
effect is only 0.50 in reading and 0.69 in mathe-
matics achievement.

One might therefore wonder whether a more
powerful test of the differential effect that pooled
information across grades would detect an overall
differential effect of small classes. The repeated-
measures analysis is designed to investigate this
question.

The results of the repeated-measures analysis
are summarized in the last two columns of
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TABLE 5
Three-Level HLM Estimates of an Individual Change Modelfor Two Definitions of Low Achievement:

Bottom 50% and Bottom 25%

Below-median Bottom quarter
achievement achievement

Estimate Math Reading Math Reading

Male (P,o,)
Intercept (y),1) 0.222* 0.229* 0.226* 0.232*

Residual variance 0.095* 0.083* 0.092* 0.081*

Female (Poi,)
Intercept (7(1o) -0.012 0.109* -0.019 0.133*

Residual variance 0.022* 0.018* 0.020*

Minority (p,)2j)

Intercept (YO20) -0.228* -0.203* -0.269* -0.204*

Low SES (0Ol3)

Intercept (Yo3() -0.296* -0.329* -0.317* -0.349*

Small class (Io4j)

Intercept (7(40) 0.191* 0.151* 0.186* 0.162*
Residual variance 0.068* 0.049* 0.064* 0.042*

Low achievement in kindergarten (P(5j)

Intercept (YO50) -0.727* -0.774* -0.703* -0.725*
Residual variance 0.037*

Small-class/low achievement interaction (07j)

Intercept (7070) -0.013 0.049 -0.001 0.088

Time point: Grade (P1,j)

Intercept (7o0,) -0.027 -0.026 -0.027 -0.026

Residual variance 0.036* 0.020* 0.036* 0.020*

*p <.05.

Table 5. As expected from the previous analy-
ses, the minority, SES, very low-achievement,
and small-class effects are statistically signifi-
cant. The female effect is statistically significant
in reading but not in mathematics achieve-
ment. However, the small-class-by-very-low-
achievement interaction is rather small and is
not statistically significant for either mathemat-
ics or reading achievement. This suggests that
there is no statistically reliable pattern of dif-
ferential effects of small classes on very low-
achieving students, when pooled across grades.
Thus small classes, by themselves, cannot be re-
lied upon to close achievement gaps between
very low and higher achieving students in read-
ing or mathematics achievement.

The Power of the Repeated-Measures Analyses

Although the repeated-measures analysis is ex-
pected to be more powerful than the single-grade
analyses, it is still reasonable to question whether
the statistical power is large enough to reliably
detect differential effects that are large enough to
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be of interest. We used the same methods used to
provide an estimate of the statistical power of the
analyses of each grade separately to compute the
statistical power of the tests in this analysis2. That
is, approximate power was computed by using an
interaction effect of 0.5 or 1.0 times the small class
effect, and assuming that the standard error would
remain the same as that estimated in the analysis
reported in Table 5.

In the case of low achievement defined as
below-median achievement, these computations
suggest that the statistical power of the tests in the
repeated-measures analysis to detect a differential
effect that is 50% as large as the main effect of
small classes is about 0.31 for reading and 0.47
for mathematics achievement and the power to
detect a differential effect 100% as large as the
small-class effect is 0.83 for reading and 0.96 for
mathematics achievement. In the case of very low
achievement, (first quartile), these computations
suggest that the statistical power of the tests in the
repeated-measures analysis to detect a differential
effect that is 50% as large as the main effect of
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small classes is about 0.29 for reading and 0.37 for
mathematics achievement and the power to detect
a differential effect 100% as large as the small-
class effect is 0.80 for reading and 0.90 for math-
ematics achievement.

These power computations suggest that the
repeated-measures analysis has more than ade-
quate power to detect interaction effects that are as
large as the small-class effect. However, the power
to detect interactions 50% as large as the main ef-
fect is not particularly large. Thus effects this large
would be detected as statistically significant less
than half of the time. Thus while these analyses
provide strong evidence that large (as large as the
main effect) differential effects of small classes do
not exist, they do not definitively rule out smaller
differential effects half or less the size of the main
effects. Indeed, the differential effects estimated
for reading achievement were one third to one half
the size of the main effect of small classes, and this
analysis does not rule out the possibility that reli-
able differential effects of this magnitude exist.

Sensitivity Analyses

While we believe that the previous analyses
are the most appropriate to test the hypotheses
of differential effects of small classes for low-
achieving students, one might ask whether the re-
sults would change if the analysis were changed.
Three alternative analytic choices seem partic-
ularly appealing for both grade-specific and
repeated-measures analyses. To investigate this
question, we reanalyzed the grade-specific data
using all eight possible combinations of these three
choices for each of the three grade levels, two
indicators of low achievement and two outcome
measures at each grade, for a total of 96 differ-
ent analyses. One additional analytic option ap-
plies to the repeated measures analysis. Conse-
quently, we investigated the potential effects of
this option by carrying out another 24 repeated-
measures analyses. Because there were such a
large number of analyses (over 100), we reported
in Tables 6 and 7 only the results for the effect
of primary interest, SMALLxLOWACHIEVE-
MENT, the small-class-by-low-achievement
interaction.

Relative Versus Absolute Definition
of Low Achievement

We used a relative, rather than absolute, mea-
sure of low achievement in previous analyses.

That is, we defined low achievement as below-
median or first quartile achievement for the class-
room in which the student was enrolled, rather
than for the entire sample. Although we argued
that relative definition of low achievement is more
educationally appropriate (more relevant to in-
structional choices in the classroom), others might
disagree. Consequently we have repeated all our
analyses defining low achievement on an absolute,
rather than relative, basis. In these analyses low
achievement is defined as being in the bottom half
or bottom quarter of the distribution for the entire
sample. The results given in even-numbered rows
of Tables 6 and 7 are based on hierarchical linear
model analyses using this absolute definition of
low achievement.

Inclusion of Covariates

We included SES, MINORITY, and GENDER
as covariates in the level- I (within-school) model
both because of their intrinsic interest and to in-
crease the statistical power of the analyses. We
were particularly concerned to maximize statisti-
cal power to maximize the chance of finding dif-
ferential effects of small classes for low-achieving
students, if they existed. This is especially impor-
tant for interpretation because we find no statisti-
cally significant effects. The finding of no effect is
unpersuasive if statistical power is low.

However, one might argue that we found no
differential effects of small classes because the
interaction of interest is confounded with these
covariates. To determine if this was the case,
we carried out new analyses that included only
SMALL, LOWACHIEVEMENT, and SMALL
xLOWACHIEVEMENT as predictors in the
level-l model. These analyses were identical to
those reported earlier except for the specifica-
tion of the level-I model. These analyses (labeled
"Reduced form") are reported in rows 3-4, 7-8,
11-12, and 15-16 of Table 6 and row 3 of Table 7.

Correlation Between the Low-Achievement-by-
Small-Class Interaction and Unmeasured

Differences Between Schools

One might argue that the reason we failed to
find differential effects of small classes for low-
achieving students is that the low-achievement-
by-small-class interaction (LOWACHIEVE-
MENTxSMALL) is somehow correlated with
unmeasured differences between schools and that
this biases estimates of the interaction effects.
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TABLE 6
Two-Level HLM Estimates of the Small-Class-by-Low-Achievement Interaction: Sensitivity Analysis by Grade

Estimates of Small-Class-by-Low-Achievement Interaction

Grade I Grade2 Grade 3

Model specification Math Reading Math Reading Math Reading

Below median
Without school centering

Full formA
Relative measure of low achievement -0.045
Absolute measure of low achievement -0.057

Reduced formB
Relative measure of low achievement -0.072
Absolute measure of low achievement -0.095

With school centering
Full form

Relative measure of low achievement -0.045
Absolute measure of low achievement -0.064

Reduced form
Relative measure of low achievement -0.068
Absolute measure of low achievement -0.101

Bottom quarter
Without school centering

Full form
Relative measure of low achievement -0.078
Absolute measure of low achievement -0.069

Reduced form
Relative measure of low achievement -0.124*
Absolute measure of low achievement -0.141*

With school centering
Full form

Relative measure of low achievement -0.080
Absolute measure of low achievement -0.077

Reduced form

0.047 -0.024 0.066 -0.077
-0.022 -0.056 0.029 -0.066

0.003
0.028

0.027 -0.043 0.064 -0.084 -0.005
-0.050 -0.071 0.026 -0.075 -0.012

0.046 -0.019 0.065 -0.067
-0.031 -0.051 0.035 -0.066

0.002
0.023

0.029 -0.038 0.064 -0.080 0.002
-0.056 -0.066 0.013 -0.082 -0.011

0.057 0.024 0.104 -0.051 0.043
-0.033 -0.074 0.099 -0.080 -0.048

0.038 -0.023 0.125 -0.057 0.048
-0.055 -0.134 0.118 -0.102 -0.052

0.059 0.029 0.108 -0.041 0.046
-0.039 -0.073 0.104 -0.083 -0.049

Relative measure of low achievement -0.123* 0.042 -0.017 0.127 -0.052 0.050

Absolute measure of low achievement -0.147* -0.058 -0.134 0.120 -0.104 -0.043

AFull form level-1 model includes small class, low achievement, small-class/low-achievement interaction, gender, race, and SES

effects.
B Reduced form level- I model includes small class, low achievement, and small-class/low achievement interaction.
*p < .05.

To test whether this was the case, we repeated

all the hierarchical linear model analyses using

school-centering for all contrasts. This center-

ing on school means should eliminate any cor-

relation of the contrasts with differences among

schools. The results of these analyses are reported

in rows 5-8 and 13-16 of Table 6 and row 4 of

Table 7.

Linear Specification of Growth Model

in the Repeated-Measures Analysis

One might argue that we failed to find a small-

class-by-low-achievement interaction because

the functional form of the linear growth model
was grossly inappropriate. To test this hypothe-
sis we reanalyzed the repeated measures using
two different contrast parameterizations for the
repeated measures (grade I versus grades 2 and
3 and grades 1 and 2 versus grade 3). The esti-
mates of the SMALLxLOWACHIEVEMENT
from these analyses are reported in rows 5-6 of
Table 7.

Results of Sensitivity Analyses

Of the 120 estimates of the small-class-by-low-
achievement interactions reported in Tables 6 and
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TABLE 7
Three-Level HLM Estimates of the Small-Class/Low-Achievement Interaction: Sensitivity Analysis by Definition
of Achievement

Below-median Bottom quarter
achievement achievement

Model specification Math Reading Math Reading

Full formA
Relative measure of low achievement -0.013 0.049 -0.001 0.088
Absolute measure of low achievement -0.035 -0.019 -0.056 -0.002

Reduced forMB
Relative measure of low achievement -0.042 0.035 -0.041 0.071

School centering
Relative measure of low achievement -0.015 0.035 -0.004 0.076

Grade 1 vs. Grades 2 and 3
Relative measure of low achievement -0.012 0.018 -0.010 0.061

Grade 3 vs. Grades 1 and 2
Relative measure of low achievement -0.013 0.016 -0.011 0.059

A Full form level- I model includes small class, low achievement, small-class/low-achievement interaction, gender, race, and SES
effects.
' Reduced form level-I model includes small class, low achievemenit, and small-class/low-achievement interaction.

7, only four (about 3%) are statistically significant
at the 5% significance level. This is not persua-
sive evidence of an effect. However, the four es-
timates that are statistically significant are for the
effects on first grade mathematics estimated using
the reduced-form model for students with very
low achievement (below the first quartile). The
fact that all of the estimates are negative may in-
dicate that low-achieving first grade students ben-
efit less than others on mathematics (but not read-
ing) achievement from small classes. However,
the fact that this pattern does not replicate across
achievement domains or across grade levels sug-
gests that it is not very robust. In all other cases,
the findings are qualitatively identical to those of
the analyses presented earlier.

Conclusions

The analyses reported here support the validity
of the conclusion that small classes in the early
grades lead to higher academic achievement.
While there is evidence that the point estimates of
the small-class advantage were larger for lower
achieving students in reading, the small-class ad-
vantage in mathematics was actually larger for
higher achieving students. However, all differen-
tial effects were statistically insignificant when
the statistical analyses were conducted at each
grade separately. The additional sensitivity analy-
ses support these conclusions, finding statistically

significant differential effects (favoring higher
achieving students) only for mathematics in grade
one in the reduced form specification. Thus while
there is strong evidence that small classes benefit
all students, the evidence of differential benefits
for lower achieving students is both weak and
contradictory.

The repeated-measures analyses, which should
have given a more powerful test of the low-
achievement-by-small-class interactions provided
no more evidence of differential positive effects of
small classes. The differential small-class effect
for students with below-median achievement,
pooled across grades, was insignificant in both
reading and mathematics achievement. The dif-
ferential small-class effect for very low-achieving
students, pooled across grades, was also statisti-
cally insignificant for both outcomes. However,
even the repeated-measures analysis had relatively
low power to detect differential effects that were
one half or less the size of the main effect for small
classes. Thus these analyses do not absolutely
rule out the possibility that smaller differential
effects of small classes may exist (e.g., in reading
achievement).

Note that the results of this article do not mean
that very low-achieving students would be better
off in larger classes. The net effect of small classes
for very low-achieving students in mathematics is
positive. It is just not any larger than that of their
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higher achieving counterparts. Also note that the

definition of low achievement used in the primary

analyses presented in this article is low achieve-

ment relative to classmates. However, a set of cor-

responding analyses using an absolute definition

of low achievement yields similar findings.
These findings are particularly interesting be-

cause they seem to undennine one potential mech-

anism through which small classes in early grades

might produce the lasting benefits that have been

observed. Small classes in early grades might

have produced benefits by making it more likely

that teachers would identify students at risk for

low-achievement and provide differential instruc-

tional strategies for them such as remediation. This

might have prevented those students from start-

ing on a trajectory ultimately leading to very low

achievement or school failure. The results of these

analyses provide no support for this hypothesis.
However, identifying at-risk students and pro-

viding remediation by some other mechanism is,

of course possible and might be effective.
Thus this investigation still leaves open the

question of what the mechanism of small-class ef-

fects might be. It is unfortunate that there was not

a more substantial data collection of classroom

process variables as a part of Project STAR.

Such additional data (or embedded ethnographic

studies) would have shed considerably more light

on the ways small classes produce lasting achieve-

ment benefits. A new randomized experiment with

this type of data collection could yield important

information on how class size produces effects and

in particular how it influences instruction.

Notes

Approximate power was computed by using an in-
teraction-effect parameter of 0.5 or 1 .0 times the small
class effect, and assuming that the standard error
would remain the same as that estimated in the analy-
sis reported in Table 2.

2 Approximate power was computed by using an
interaction-effect parameter of 0.5 or 1.0 times the
small class effect, and assuming that the standard error
would remain the same as that estimated in the analy-
sis reported in Table 5.
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