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Abstract
A kindergartner’s opportunities to develop reading skills are likely constrained by the
amount of time allocated to reading instruction. In the meantime, the student’s engagement in
learning tasks will likely increase if the instruction has been adapted to his or her prior ability
often through homogeneous grouping. This study investigates whether the grouping effects on
kindergartners’ reading growth depend on the amount of reading instruction time and the
intensity of grouping. To answer our research questions requires causal inferences about
concurrent multivalued instructional treatments. We develop a procedure of applying the
marginal mean weighting method to multilevel educational data for this purpose. Results from
the Early Childhood Longitudinal Study Kindergarten cohort (ECLSK) data set lend support to
our theoretical hypothesis that, when teachers allocate a substantial amount of time to reading
instruction, homogeneous grouping helps kindergartners to gain more in reading. We find no
effect of homogeneous grouping when the total amount of reading time is limited.
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Grouping students on the basis of their ability has been a controversial issue puzzling
elementary reading teachers for decades. Many believe that dividing a class into a number of
homogeneous ability groups provides the teacher with more flexibility in adjusting learning
objectives and the pace of instruction, and therefore may help the teacher to address a broad
range of student needs within a single classroom (Barr & Dreeben, 1983; Gamoran, Nystrand,
Berends, & LePore, 1995; Hallinan & Sorensen, 1983; Sorensen & Hallinan, 1986). Others
reason that withinclass grouping reduces opportunities for the teacher to interact with each
group, reduces opportunities for peer interactions across ability levels, and may promote unequal
learning opportunities for different groups (Macintyre & Ireson, 2002; Oakes, Gamoran, & Page,
1992; Tach & Farkas, 2006). Extensive reviews and metaanalyses have generated a collection of
inconsistent results ranging from negative to positive estimates of the overall effects of within
class homogeneous grouping versus no such grouping (Dawson, 1987; Kulik & Kulik, 1987;
Lou, Abrami, Spence, Poulsen, Chambers, & d’Apollonia, 1996; Lou, Abrami, & Spence, 2000;
Slavin, 1987). As pointed out by Loveless (1998), the null hypothesis of a zero effect of ability
grouping on average would likely be maintained when the treatment has offsetting negative and
positive effects across different conditions. In our view, much is yet to be learned about specific
instructional conditions under which homogeneous grouping might exert a positive or negative
effect on student learning.
Past research has rarely considered the amount of time allocated to reading instruction as
a primary condition when examining the grouping effects. This is an important oversight
especially when the research focus is at the kindergarten level where we often observe vast
differences in reading instruction time across programs. We reason that, in classes that have
allocated only a limited amount of time to reading and in the meantime intensively use
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homogeneous grouping, a relatively large proportion of the time is perhaps spent on transitioning
between different instructional activities as the teacher moves from one group to another, with
even less time left for instruction. Hence, the time constraint will likely offset the potential
benefit of homogeneous grouping. According to this reasoning, student learning through
sustained engagement is more likely to occur when a substantial amount of time has been
allocated to reading instruction, and especially when the learning tasks have been tailored to their
ability levels. To empirically examine the above reasoning will require studying the interaction
effect between reading instruction time and the intensity of homogeneous grouping, the latter
defined as the proportion of reading instruction time that students spend in homogeneous groups.
The lack of research evidence on these issues is related to the methodological challenges
in studying the causal effects of multiple treatments with nonexperimental data. We develop and
illustrate a causal inference procedure that applies the marginal mean weighting (MMW) strategy
to an evaluation of the effects of concurrent instructional treatments on student learning. To be
specific, we compare the population average reading growth of kindergartners across six
treatment conditions: no grouping, lowintensity grouping, or highintensity grouping when a
class spends a substantial amount of time on reading instruction; and no grouping, lowintensity
grouping, or highintensity grouping when a limited amount of time is allocated to reading
instruction. Our results suggest a positive effect of homogeneous grouping with abundant time
on reading instruction. The effect disappears when reading instruction time is limited.
Theoretical Framework
Past Research on Homogeneous Grouping in Elementary Reading Instruction
As a conventional way of differentiating curriculum and instruction in order to
accommodate the diverse needs of students, withinclass homogeneous grouping has been
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examined, challenged, debated, and reexamined for many years (Biemiller, 1993; Hallinan,
2003; Ireson & Hallam, 1999; Loveless, 1998; Sorensen and Hallinan, 1986). In particular, in the
1980s and 1990s, ability grouping in elementary schools and tracking in secondary schools
received strong criticisms on ethical and legal grounds (Gamoran, 1992; Oakes, 1985, 1995;
Page, 1987; Rosenbaum, 1980; Trimble & Sinclair, 1987; Welner & Oakes, 1996; Wheelock,
1992; Zirkel & Gluckman, 1995). However, past research has not supplied strong empirical
evidence in support of a policy of banning withinclass homogeneous grouping in the early
elementary grades. Below we summarize the findings from the previous literature and examine
the existing basis for drawing causal conclusions.
The overall effect of homogeneous grouping, when averaged over a large number of
studies, seems to be either slightly positive or negligible. However, among the numerous studies
selected and synthesized in the most influential metaanalyses of ability grouping, only a small
portion focused on early reading instruction. According to Slavin (1987), dividing a class into
two or three ability groups was so widespread in elementary reading instruction prior to the mid
1980s that it was difficult to find nongrouped classes for experimental or quasiexperimental
comparisons. Kulik and Kulik (1987) located 19 studies of withinclass grouping programs. Only
two of these studies examined elementary reading programs for all students, one showing an
effect size of 0.29 standard deviations favoring withinclass grouping over wholeclass
instruction, and the other showing an effect size of 0.08. A metaanalysis by Lou, Abrami,
Spence, Poulsen, Chambers, and d’Apollonia (1996) reported an average effect size of 0.08 of
withinclass grouping at the early elementary level, with a larger effect in math than in reading.
More recently, McCoach, O’Connell, and Levitt (2006) analyzed the Early Childhood
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Longitudinal Study Kindergarten Cohort (ECLSK) data and reported a higher average reading
gain over the kindergarten year in schools with a higher frequency of using ability groups.
The causal validity of the findings from many individual studies has been a major
concern. According to Lou and her colleagues’ report in their metaanalyses (Lou et al, 1996;
Lou, Abrami, & Spence, 2000), as the methodological adequacy of the studies increased, the
effect sizes decreased. In most nonexperimental studies, statistical adjustment for a very limited
number of pretreatment covariates could hardly be relied upon to remove selection bias. In the
meantime, controlling for posttreatment covariates that could have been a result of the treatment
may introduce additional bias to the treatment evaluation (Rosenbaum, 1987). McCoach et al’s
(2006) study provided a typical example in which the researchers made linear adjustments for a
small number of childlevel and schoollevel covariates when analyzing the effect of withinclass
grouping. Among the covariates being adjusted for was a summary measure of the principal’s
perception of kindergarten teachers’ success in achieving important educational goals at the end
of the year — including challenging highachieving children, helping lowachieving children,
and raising average performance, which arguably could have reflected the impact of the grouping
practice. In general, due to the lack of solid empirical evidence, homogeneous grouping has
remained controversial.
Instructional Time and Intensity of Grouping
Kindergarten instruction has traditionally prepared children for school life through
engaging them in a variety of developmentally appropriate activities (Kilpatrick, 1916). Under
the pressure of accountability in the US since the 1980s, schools have increasingly pushed the
structured academic curriculum down to the kindergarten level (Jeynes, 2006; Meisels, 1989;
Shepard & Smith, 1988). Nonetheless, kindergarten teachers vary in the amount of emphasis
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they place on reading instruction. Some spend only a minimal amount of time teaching reading.
Others allocate a major block of time to reading instruction everyday. In addition, they take
different approaches to accommodating students entering kindergarten with diverse reading
related abilities. Some insist on providing uniform learning opportunities to all students through
wholeclass instruction; others choose to adopt the convention of placing students in
homogeneous ability groups; still others switch flexibly between homogeneous grouping and
alternative ways of organizing instruction such as peer tutoring or centerbased individual
activities (Wiggins, 1994).
In probing the mechanisms through which grouping may influence student learning, some
researchers have emphasized the importance of considering the context and quality of instruction
(Barr & Dreeben, 1983; Dreeben & Barr, 1988; Gamoran, 1987; Hiebert, 1983). We argue that
reading instruction time is a primary condition to consider among various contextual factors.
This is because time for instruction constrains the learning opportunities available to all students
(Anderson, 1984; Bloom, 1974; Carroll, 1963; Millot, 1995). We can divide the total
instructional time into academic engaged time and managerial or disengaged time. It is a well
known fact that, when the allocated time is given, the proportion of time in which a student is
actively engaged in learning tasks of appropriate difficulty has a more direct impact on his or her
learning outcomes (Fisher, Berliner, Fully, Marliave, Cahen, & Dishaw, 1980).
Students tend to engage themselves in stimulating learning tasks that are within the reach
of their proximal development. Due to the variation in prior reading ability among
kindergartners, some learning materials may exceed the capability of children who have not yet
learned the alphabet; while some other tasks may pose little challenges to children who are ready
to read and write. Hence, even with abundant time allocated to reading instruction, some students
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may lose motivation and become disengaged when there is a mismatch between the uniform
tasks and their current ability (Greenwood, Horton, & Utley, 2002). In other words, increasing
reading instruction time does not necessarily lead to an increase in students’ academic engaged
time when there is a lack of adaptation in wholeclass instruction.
With a substantial amount of time allocated to reading, instructional differentiation can
be carried out through either intensive grouping or flexible switches between different grouping
schemes. Both strategies may enable the teacher to flexibly select learning tasks to suit
individual needs, which will likely increase academic engaged time and thereby maximizing the
learning of all students. Hence, we reason that a student will gain more in reading growth if the
kindergarten class spends relatively more time on reading instruction and if homogeneous
grouping sustains the student’s engagement in meaningful learning tasks matched to his or her
current ability.
Reducing instructional time for reading will inevitably limit students’ exposure to content
materials. We reason that student learning is likely to suffer as a result, especially when students
are placed in homogeneous groups on an intensive basis. This is because grouping will require
the teacher to spend a relatively large portion of time on simultaneously organizing and
managing activities in different groups and on transitioning between groups, with less time left
for engaging each group of students in academic tasks for a sustained period. Therefore, the
potential benefit of homogeneous grouping will likely vanish under the time constraint.
Based on the above reasoning, we hypothesize that student learning will likely be
optimized when students receive a substantial amount of reading instruction time in combination
with adaptive instruction through homogeneous grouping. The benefit of instructional time may
diminish if the teacher fails to accommodate students’ diverse needs in wholeclass instruction.
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However, instructional differentiation through highintensity grouping is unlikely to succeed
when the teacher distributes a very limited amount of time to each group of students.
Few evaluations of ability grouping in early elementary reading instruction have
quantified the extent to which the grouping effects depend on instructional time or grouping
intensity. Typically, researchers viewed measures of instructional contexts and processes as
confounders that would require covariance adjustment. For example, McCoach, O’Connell, and
Levitt (2006) studied the association between ability grouping and kindergarten reading gain,
with fullday versus halfday program as a covariate in a linear additive model. Their results
provided no information about whether the association between homogeneous grouping and
reading gain differs between fullday programs and halfday programs. There has been an
attempt to identify moderators of grouping effects through metaanalysis. In search for factors
explaining the variability among a set of 103 effect size estimates extracted from 51 studies of
ability grouping versus no grouping in elementary through postsecondary grades (Lou, Abrami,
Spence, Poulsen, Chambers, & d’Apollonia, 1996; Lou, Abrami, & Spence, 2000), the
researchers tested the homogeneity of effect sizes across settings. They noted that the grouping
effect was stronger in studies of high treatment frequency (grouped for more than one period per
week) than in studies of low treatment frequency (one period per week or less). However, the
statistical results generated from these metaanalyses were summaries over a large number of
studies that vary enormously in target population and in methodological adequacy.
We focus this study on examining the effect of intensity of homogeneous grouping in
kindergarten as a function of the amount of time allocated to reading instruction. The outcome of
interest is children’s reading growth over the kindergarten year. To be specific, we regard a
kindergarten class as having a major emphasis on reading instruction if more than one hour per
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day has been allocated to reading. Students are receiving highintensity grouping if they spend
more than 40% of the reading instruction time in homogeneous groups. They are receiving low
intensity grouping if grouped instruction takes no more than 40% of the time. To test our
theoretical hypotheses empirically, we ask: What are the effects of highintensity withinclass
homogeneous grouping in comparison with lowintensity grouping or no grouping on
kindergartners’ reading growth when a relatively high amount of time is allocated to reading
instruction? What are the effects of grouping when a relatively low amount of instructional time
is spent on reading in kindergarten? What is the effect of reading instruction time on student
learning under wholeclass instruction? How does the effect of reading instruction time change
as the intensity of grouping increases?
Causal Estimands
In the current study, each treatment condition defined by instructional time and intensity
of grouping has been assigned at the class level. We use L0, L1, and L2 to denote no grouping,
lowintensity grouping, and highintensity grouping, respectively, when a limited amount of time
is allocated to kindergarten reading instruction. The corresponding grouping patterns with a
substantial amount of time spent on reading are denoted by H0, H1, and H2, respectively (see the
upper panel of Table 1).
_________________________
Insert Table 1 here
_________________________
Rubin’s causal model (Holland, 1986; Rubin, 1978), when extended to multilevel
educational data, typically defines the causal effect of one treatment relative to another as the
difference between the respective potential outcomes of a child given the treatment setting
(Hong, 2004; Hong & Raudenbush, 2006). In the current study, if a kindergarten class has a
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possibility of adopting each of the six treatment conditions, every kindergartener in the class will
have six corresponding potential reading outcomes at the end of the year, denoted with Yij(z) for
child i in class j and for z = L0, L1, L2, H0, H1, and H2. For simplicity, we assume that a child’s
potential outcome value associated with a certain treatment is relatively stable given the student
and teacher composition of the class. This is the socalled “stableunittreatmentvalue
assumption” (SUTVA) (Rubin, 1986). In other words, we are not interested in possible changes
in the child’s potential outcome values if the child has attended a kindergarten class with a
different student and teacher composition. Hence, our results are to be generalized to a
population of the existing kindergarten classes.
Depending on which treatment has actually been selected for the class, only one of the six
potential outcomes can be observed for each child. A causal estimand is the population average
causal effect of one treatment relative to another. For example, the population average causal
effect of highintensity grouping versus no grouping under high reading time is E[Y(H2) –
Y(H0)], where E[×] denotes the expectation taken over all the individuals in the population. The
above causal estimand is equivalent to the difference between a pair of population average
potential outcomes E[Y(H2)] – E[Y(H0)]. Here E[Y(H2)] is the average reading outcome of all
kindergarten students in a hypothetical world in which all the kindergarten classes have spent a
substantial amount of time on reading with highintensity grouping; and E[Y(H0)] is the average
reading outcome of all students if all the kindergarten classes have spent a high amount of time
on reading with no grouping Similarly, we define the population average potential outcomes
E[Y(L0)], E[Y(L1)], E[Y(L2)], and E[Y(H1)]. Corresponding to our research questions, the causal
estimands for the grouping effects under a high amount of time for reading are E[Y(H2) –
Y(H0)], the average difference between highintensity grouping and no grouping, and E[Y(H1) –
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Y(H0)], the average difference between lowintensity grouping and no grouping. We evaluate the
grouping effects under low reading time through estimating E[Y(L2) – Y(L0)] and E[Y(L1) –
Y(L0)]. The causal estimands for the effects of a high amount of reading instruction time versus a
low amount of reading instruction time when there is no grouping, lowintensity grouping, or
highintensity grouping are E[Y(H0) – Y(L0)], E[Y(H1) – Y(L1)], and E[Y(H2) – Y(L2)],
respectively (see the lower panel of Table 1).
Marginal Mean Weighting Adjustment for Selection Bias
In an ideal world, optimal combinations of concurrent treatments such as instructional
time and intensity of grouping could be identified through a 2 ´ 3 factorial randomized
experiment. Under randomization, all the six treatment groups would have the same pretreatment
composition in expectation. Hence, the observed mean outcome of each treatment group would
be an unbiased estimate of the corresponding average potential outcome of the population
represented by the sample, that is, E[Y(z) | Z = z] = E[Y(z)], for z = L0, L1, L2, H0, H1, and H2.
The experimental data can be analyzed through a twoway analysis of variance after taking into
account the nesting of students in classrooms and schools. However, with an increasing number
of treatments under study, the cost of a factorial experiment would rise in multiples. In addition,
researchers have voiced strong concerns about the novelty and artificialities of experimental
situations that might have compromised the relevance of the findings to realworld settings
(Gamoran, 1987; Hiebert, 1987). Nonexperimental surveys of instructional practices in
naturalistic circumstances therefore have indispensable value.
Without randomization, causal inference is nonetheless possible if the observed data
contain useful information about treatment selection. In this study, whether a kindergarten
teacher will spend a great amount of time teaching reading and how intensively the teacher will
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use homogeneous grouping can perhaps be predicted by a large number of covariates. An
effective way to simplify the statistical adjustment for all the observed covariates that predict a
certain treatment is to summarize their information in a unidimensional propensity score, a
method initially developed for binary treatments (Rosenbaum and Rubin, 1983). For example,
we use Z = 1 to indicate an experimental condition and Z = 0 for a control condition. Let Y(1)
and Y(0) denote an individual’s potential outcomes associated with Z = 1 and Z = 0, respectively.
Let q (1) denote an individual’s propensity of adopting Z = 1. The key assumption, also called
the “strong ignorability assumption,” is that the treatment assignment Z is independent of the
potential outcomes Y(1) and Y(0) given the estimated propensity score qˆ (1) (Rosenbaum &
Rubin, 1984). Under this assumption, we have that

{

} {

{

} {

}

E E[Y (1) | Z = 1,qˆ(1)] = E E[Y (1) | qˆ(1)] = E[Y (1)] and that

}

E E[Y (0) | Z = 0,qˆ(1)] = E E[Y (0) | qˆ (1)] = E[Y (0)] . Hence, we can estimate from the observed

data the conditional treatment effect for subsets of units that have the same estimated propensity
score and then take an average over the distribution of the estimated propensity score. That is, we

{

} {

}

estimate E E[Y (1) | Z = 1, qˆ(1)] - E[Y ( 0) | Z = 0,qˆ(1)] = E E[Y (1) - Y (0) | qˆ(1)] = E[Y (1) - Y (0)] .
The analysis can be carried out through matching or stratifying units on the estimated propensity
score.
Most propensity scorebased causal inference studies have been restricted to evaluations
of binary treatments. This is due to the difficulty in simultaneous adjustment for multiple
propensity scores when there are multiple treatments (Joffe & Rosenbaum, 1999). In our case,
every kindergarten class will have up to six propensity scores corresponding to the six treatment
conditions, denoted by q(L0), q(L1), q(L2), q(H0), q(H1), and q(H2). To approximate a factorial
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randomized experiment will require identifying subsets of classes that are relatively
homogeneous in all the six propensity scores, a procedure hard to implement in practice.1
The marginal mean weighting (MMW) method (Hong, 2007), originated from
Rosenbaum (1987) and Imbens (2000) and recently applied in epidemiological research (Huang,
Frangakis, Dominici, Diette, & Wu, 2005), suggests a viable solution for estimating the causal
effects of concurrent treatments and of multivalued treatments from nonexperimental data.
Instead of attempting to estimate the average of the conditional treatment effect within subsets of
homogeneous units, this alternative strategy directly estimates the population average potential
outcome—that is, the marginal mean outcome—of a treatment from the observed outcome of the
units actually assigned to this treatment under the assumption that the assignment to treatment z
is independent of its corresponding potential outcome Y(z) given the observed pretreatment
covariates (Imbens, 2000).
Below we use treatment L0 as an example. Causal inference is defensible if, among units
that are relatively homogeneous in the estimated propensity of adopting L0, those that are
actually in the L0 group are not systematically different from those that are not in terms of the
distribution of their prior characteristics. Under this assumption, we have that

{

} {

}

E E[Y ( L 0) | Z = L 0,qˆ ( L 0)] = E E[Y ( L 0) | qˆ ( L 0)] = E[Y ( L 0)] . If all the classes in the L0 group

had had the same probability of adopting this particular treatment, as would have been the case
in a completely randomized experiment, the average observed outcome of the L0 group would
have been an unbiased estimate of the population average potential outcome associated with L0.
This would have been equivalent to assigning a weight 1.0 to each class in the L0 group. Because
the assignment to the L0 group was not at random, we need to adjust for selection bias associated
with the unequal propensity of adopting L0 among the classes in the L0 group. Through

Kindergarten Reading Ability Grouping

13

comparing the distribution of qˆ ( L 0) between the L0 group and the entire sample, we assign a
higher weight to the classes that are overrepresented in the L0 group and a lower weight to those
underrepresented. The weighted sample of the L0 group will have the same composition of prior
characteristics as that of the entire sample. Hence, the weighted average observed outcome of the
L0 group will be a consistent estimate of the corresponding population average potential
outcome E[Y(L0)].
We apply a similar weighing strategy to every treatment group. In general, for classes
that have adopted treatment condition z and have an estimated propensity score qˆ ( z ) , we assign
the weight:

pr (q z )
pr (q z )
=
´ pr{D(z) = 1}. Suppose that each kindergarten
pr {q z | D(z) = 1} pr {q z , D(z) = 1}

class in the target population has a nonzero probability of being assigned to each of the six
treatment conditions. After weighting, every treatment group will become representative of the
population as represented by the whole sample. We then estimate the causal effects of interest
through pairwise comparisons between the estimated population average potential outcomes.
As shown in Hong (2007), Equation (1) is inherently connected to the inverse
probabilityoftreatment weight (IPTW) (Robins, 2000). The consistency of the weighted
estimate of the treatment effect has been proved by Robins (2000) for singlelevel data and by
Hong & Raudenbush (in press) for multilevel data. However, rather than estimating a weight for
each class as a direct function of its estimated propensity of having the treatment actually
received (Hernan, Brumback, & Robins, 2000; Robins, 2000; Robins, Hernán, & Brumback,
2000), we opt for a nonparametric approach to estimating Equation (1).2 Specifically, the
marginal mean weighting (MMW) method approximates the distribution of the propensity score
for a certain treatment z through dividing the sample into a number of strata on the basis of the
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propensity score. The marginal mean outcome is approximately equal to the withinstratum mean
outcome of the treated units multiplied by the proportion of units in the stratum and summed
over all the strata.3 We will illustrate our analytic procedure in the next two sections.
Methods
Sample and Measures
We selected data for this study from the Early Childhood Longitudinal study,
Kindergarten class of 199899 (ECLS_K). The data set contains repeated observations of a
nationally representative sample of 21,260 children. Most of the kindergartners were assessed at
the beginning (Fall 1998) and the end (Spring 1999) of the school year. The kindergarten reading
assessments put a major emphasis on basic skills (including familiarity with print and
recognition of letters and phonemes) and minor emphases on various reading comprehension
skills. The total reading scale scores encompassing all these domains had a mean of 22.54 with a
standard deviation of 8.49 in Fall 1998 and a mean of 32.42 with a standard deviation of 10.35 in
Spring 1999. These two waves of assessment scores, equated on a vertical scale, enabled us to
assess every child’s reading growth over the year (National Center for Education Statistics,
2002). In addition, ECLSK researchers surveyed the parents and teachers of each sampled child
in Fall 1998 and Spring 1999, and collected data from school administrators in Spring 1999.
The two treatments of main interest are reading instruction time and intensity of within
class homogenous grouping. We identified 2,814 kindergarten classes from 990 schools that
supplied useful treatment information. The measure of reading instruction time was based on
kindergarten teachers’ responses to two items in the spring teacher questionnaire: one item asked
teachers to rate on a 5point scale the frequency of reading instruction per week; and the other
inquired about the duration of reading instruction on a typical instructional day using a 4point
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scale. To obtain a continuous measure of total reading instruction time per week, we first
assigned a middle value to each category in the frequency measure (never = 0, less than once a
week = 0.5, 12 times a week = 1.5, 34 times a week = 3.5, daily = 5) and each in the duration
measure (130 minutes a day = 15, 3060 minutes a day = 45, 6190 minutes a day = 75, more
than 90 minutes a day = 105). We then multiplied these two scale scores. The product ranges in
value from 7.50 to 525 minutes with a mean of 320.81 minutes per week and a standard
deviation of 143.20 (see Figure 1). Using 300 minutes per week as a cutoff point, which is
equivalent to one hour per day on average, we created a dichotomous measure of reading
instruction time. There were about 50% of the kindergarten classes in the “high reading time”
category and 50% in the “low reading time” category.
_________________________
Insert Figure 1 here
_________________________
To measure the intensity of homogeneous grouping, we computed a ratio of the time
spent on ability grouped reading instruction to the total amount of reading instruction time per
week. Kindergarten teachers responded to two items in the spring questionnaire about reading
ability grouping. One item measured the frequency of withinclass homogeneous grouping in
reading rated on a 5point scale ranging from never to daily. The other measured the duration of
reading ability grouping on a typical instructional day, using a 4point scale ranging from 115
minutes per day to more than 60 minutes per day. We assigned a middle value to each category
in the frequency measure and an end value to each category in the duration measure. The product
of these two variables measured the approximate amount of time a class spent on ability grouped
reading instruction per week, ranging in value from 0 to 450 minutes with a mean of about 83
minutes and a standard deviation of 111. The distribution of the intensity of ability grouping,
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indicated by the ratio of time for ability grouped reading instruction to total reading instruction
time, showed that about a third of the kindergarten classes never used homogeneous ability
grouping in reading, about 40% of the classes used grouping less than 40% of the time when
teaching reading, and the rest of the classes used grouping on a more intensive basis (see Figure
2). We found that the continuous measures of reading instruction time and intensity of ability
grouping were only weakly correlated (r = 0.241).
_________________________
Insert Figure 2 here
_________________________
Because US teachers tend to have considerable autonomy in determining instructional
organization within classrooms (Firestone & Louis, 1999; Lortie, 1975), and because past
research has suggested that reading groups are formed primarily on the basis of class size and
class composition of students’ reading aptitude (Loveless, 1998), we regarded both reading
instruction time and withinclass reading ability grouping to be mainly results of classlevel
decisions. We found in the ECLSK data a considerable amount of withinschool variation in
treatment adoption among kindergarten classes. About 30% of the schools had only one
kindergarten class represented in the sample. In about a third of the schools that had more than
one kindergarten class sampled, the classes differed in reading instruction time or in the intensity
of withinclass homogeneous grouping. This evidence further suggests that the treatments were
mostly selected at the class level rather than at the school level. Table 2 shows the frequency
distribution of kindergarten classes in the six treatment conditions. The kindergarten classes with
treatment information were attended by 16,124 students. Table 3 compares the average reading
scores across the six treatment groups.
_________________________
Insert Table 2 here
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_________________________
_________________________
Insert Table 3 here
_________________________
Analytic Procedure
We took seven steps in analyzing the effects of the intensity of withinclass homogeneous
grouping on kindergartners’ reading growth while conditioning on reading instruction time.
1. Identify all the observed pretreatment covariates for each treatment condition. Create
missing indicators to capture different missing patterns among categorical covariates; impute
missing data in the continuous covariates and outcomes via maximum likelihood estimation.
2. Analyze a multinomial logistic regression model at the class level, estimating five
propensity scores per class for five of the six treatment conditions.
3. Empirically identify an analytic sample for causal inference in which every class had a
nonzero probability of adopting each of the six treatment conditions.
4. For each of the six treatment conditions, stratify the analytic sample on the basis of the
corresponding propensity score and then check withinstratum balance between the treated
classes and the untreated classes in the distribution of all the pretreatment covariates.
5. Compute a marginal mean weight for each kindergarten class.
6. Analyze a weighted multilevel growth model with repeated reading assessments at
level 1, children at level 2, and classes at level 3, generating estimates of the treatment effects on
reading growth. To examine the stability of results, obtain weighted estimates of the treatment
effects on the endofyear reading achievement with children at level 1, classes at level 2, and
schools at level 3.
7. Assess the sensitivity of the analytic results to the potential influence of unmeasured
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confounders.
We present the details of each step in the Results section. We carried out our analysis
with HLM 6.0 (Raudenbush, Bryk, Cheong, Congdon, & du Toit, 2004), SPSS 15.0, and SAS
9.1.
Results
Pretreatment Covariates
In the ECLSK dataset, we identified 168 pretreatment measures of classroom or school
characteristics that showed bivariate associations with reading instruction time or with intensity
of ability grouping when the instructional time is given. The pretreatment covariates included
class composition of student characteristics, teacher background, school type, and school
climate. In general, we found that classes adopting a higher amount of reading instruction time or
more intensive homogeneous grouping had a higher concentration of disadvantaged students on
average and were more often under the pressure to raise students’ academic achievement.
Predictors of reading instruction time. Classes spending more than one hour per day in
reading instruction tended to have a higher proportion of minority students, students with
Limited English Proficiency (LEP), students who were above the age for kindergarten, and
students who were repeating their kindergarten year. Although classes in fullday kindergarten
programs spent more time on reading instruction on average when compared with those in half
day programs, we observed a considerable amount of variation in reading instruction time within
each type of programs. We noticed that classes in public schools or schools with no selective
criteria for kindergarten enrollment tended to allocate more time to reading instruction on
average. Such schools usually had more students from lowincome families, were relatively large
in size, and often had inadequate educational resources. Teachers spending more time on reading
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instruction often observed more disruptive classroom behaviors among their students. They
tended to have less control of curriculum, receive a lower salary, and report a lower level of job
satisfaction. We also found a higher amount of time spent on reading instruction by teachers who
had a higher education level or were certified in elementary/early childhood education. In
addition, these teachers tended to place a higher emphasis on academic and behavioral readiness
for school and on the importance of helping parents teach child to read. Such classes were more
often found in schools in which principals were evaluated by students’ standardized test scores
and especially by raising the performance level of lowachieving students.
Predictors of withinclass homogeneous grouping. In agreement with the previous
literature, our results showed that the practice of ability grouping was predicted by class
composition of student characteristics. To be specific, classes with a higher proportion of
students with special needs—including gifted, disabled, or LEP—were more likely to resort to
ability grouping. Teacher ethnicity (e.g. being Hispanic or Latino), training (e.g. in bilingual
education), and experience (e.g. years of teaching ESL) mirrored the demographic composition
of the classes they taught, and thus also predicted more intensive usage of homogeneous
grouping. Classes with homogeneous grouping were more often found in public schools, schools
with no selective criteria for kindergarten enrollment, schools located in lowincome
communities with a relatively high proportion of minority students, large schools, and schools
with inadequate educational resources. However, we also found that, in schools where more
intensive homogeneous grouping was adopted, standardized test scores and especially the
performance level of lowachieving students had a greater influence on principal evaluation.
These schools tended to set up as their major goal to facilitate kindergarten children’s progress in
language and number skills. Although teachers who practiced intensive homogeneous grouping
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often expressed a lower level of job satisfaction, they also tended to emphasize more on child
preparation for school and on assessing child performance relative to national or state standards.
Meanwhile, we found that teachers who had a relatively higher education degree and those who
had more experience of teaching at a higher grade level in the past showed a higher tendency of
using homogeneous grouping. Interestingly, among classes that spent relatively less time on
reading instruction, we found that teachers using homogenous grouping placed more emphasis
on the importance of evaluating individual child achievement relative to the rest of the class.
Contrary to the widely held belief that ability grouping is related to differential standards, such
teachers were less likely to report that they applied different evaluation standards to students
based on their talent, when compared with teachers not using grouping in the “lowreadingtime”
category. We did not find these distinctions between grouped classes and nongrouped classes in
the “highreadingtime” category.
Retrospectively predicted reading pretest scores. The pretreatment covariates of
particular interest were class mean and class standard deviation of children’s reading ability at
kindergarten entry. Because the Fall reading assessment occurred about two months into the
kindergarten year on average, and because the assessment time differed among the students, we
retrospectively predicted every child’s reading pretest score at the time of kindergarten entry
through analyzing a threelevel polynomial growth model with the repeated reading assessments
at level 1, children at level 2, and kindergarten classes at level 3. We estimated the growth
parameters for subpopulations of children defined by age, socioeconomic status, gender, and
ethnicity. Within each subpopulation, every child had a childspecific intercept at time 0 and a
childspecific linear growth rate. We then aggregated to the class level the mean and standard
deviation of child reading pretest score at time 0 (see the Appendix for details).
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Propensity Score Estimation
Under the assumption that no unobserved covariates were confounded with the treatment
given the observed covariates (Rosenbaum & Rubin, 1983; Imbens, 2000), we specified a
multinomial logistic regression model for estimating the conditional probability that a
kindergarten class would adopt each of the six treatment conditions. The propensity scores,
denoted by q j (z ) for class j, z = L1, L2, H0, H1, and H2, with L0 as the reference group, were
estimated as functions of the observed pretreatment covariates, W j :

q j ( z) = Pr(Z j = z | W j ),
æ q j ( z) ö
÷ = f z (W j ).
logç
ç q j ( L0) ÷
è
ø

(1)

The six estimated propensity scores summed up to 1.0 for every kindergarten class. We had
employed a stepwise procedure to reduce the number of covariates in the propensity models.
The multinomial logistic regression model contained, in total, 68 covariates, 20 quadratic terms,
and 9 missing indicators.
Analytic Sample
We compared, between each treatment group and the rest of the sample, the distribution
of the logit of the estimated propensity of being assigned to that particular treatment condition.
This procedure enabled us to empirically identify classes in each treatment group that did not
have matches in the rest of the sample, or classes in the rest of the sample that would almost
never be assigned to a particular treatment. In total, about 956 classes showed an almost zero
probability of being assigned to one or more of the treatment conditions and therefore would not
contribute to our causal inference. Hence, we restricted our analysis to the remaining sample of
1858 classes in 740 schools attended by 10,189 sampled students. In this analytic sample, we
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found about 16% of the classes having low reading time with no grouping, 16% having low
reading time with lowintensity grouping, and 13% having low reading time with highintensity
grouping. The proportions of classes having no grouping, lowintensity grouping, or high
intensity grouping under high reading time were 16%, 28%, and 11%, respectively.
We compared the 10,189 kindergartners in our analytic sample with the nationally
representative sample of 21, 260 kindergarteners. The two samples showed no statistically
significant differences in average age, gender composition, proportion of black children, and
proportion of Asian children. Nonetheless, our analytic sample appeared to have some slight
differences when compared with the entire ECLSK sample in that the former had a smaller
proportion of white children, a larger proportion of Hispanic children, and hence a smaller
proportion of children from Englishspeaking families. In addition, with a higher percentage of
freelunch students represented in the analytic sample, the average socioeconomic status of the
children in the analytic sample was slightly lower than those in the full sample (see Table 4).
_________________________
Insert Table 4 here
_________________________
Propensity Score Stratification
For each of the six treatment conditions, we divided the analytic sample into either five or
six strata on the basis of its corresponding logit of the estimated propensity score (see Tables 5
10). According to Cochran (1968), stratifying a sample into five subclasses typically removes at
least 90% of the bias associated with a pretreatment covariate. We then examined, under each
stratification, whether the classes in the focal treatment condition and those not in this treatment
condition had the same composition of pretreatment characteristics within each stratum. We
found withinstratum balance in 95~98% of the 168 pretreatment covariates except for the H0
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group in which nearly 6% of the pretreatment covariates showed statistically significant
differences between the H0 group and the rest of the sample. Further analysis indicated that,
among the ten imbalanced covariates for H0, only five of them (i.e. about 3% of the pretreatment
covariates) were significant predictors of reading growth and would actually confound the
treatment effect estimates.
_________________________
Insert Tables 510 here
_________________________
Marginal Mean Weight
Our next step was to construct a weighted sample for each treatment condition. For
classes in treatment group z and in stratum s, the marginal mean weight was computed as the
following:
MMW =

ns
´ Pr(Z = z ).
nz ,s

(2)

Here ns denotes the number of classes in stratum s; nz,s denoted the number of classes in stratum s
that were actually assigned to the treatment condition; Pr(Z = z) is the proportion of classes in
treatment group z (Hong, 2007). The estimated marginal mean weight, ranging from 0.18 to 4.57,
had a mean of 1.0 and a standard deviation of 0.89. Table 11 illustrated the construction of the
weighted sample of L0. For example, the kindergarten classes in stratum 1 had a relatively low
propensity of adopting L0. These classes had a lower representation in the L0 group when
compared with its representation in the whole sample. For the 38 classes in the L0 group in this
stratum, the estimated marginal mean weight was 3.04. Hence, the weighted L0 group had
115.66 classes in stratum 1. The kindergarten classes in a higher stratum had a relatively higher
representation in the L0 group and thus received a relatively lower weight. As a result, the
weighted sample of the L0 group across all the strata resembled the entire analytic sample as if
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the classes had been assigned at random to L0. Following the same logic, after weighting, all the
six treatment groups became comparable in their distributions of the observed pretreatment
characteristics.
_________________________
Insert Table 11 here
_________________________
ModelBased Estimation of Treatment Effects
Model specification. A weighted threelevel growth model generated the results for
comparing the population average potential reading growth rates across the six treatment
conditions. For simplicity, we specified a linear growth model at level 1 for the Fall and Spring
reading scale scores of child i in class j:
Ytij = p 0 ij + p 1ij ( Dur_K) tij + etij ,

etij ~ N ( 0, σ et2 ) .

(3)

The reading pretest score at kindergarten entry p 0 ij and the reading growth rate p 1ij varied
randomly among children at level 2 and classes at level 3. The level2 model was simply

p 0ij = b 00 j + r0ij ,
p 1ij = b 10 j + r1ij ;
éæ 0 ö æt
æ r0ij ö
t öù
ç ÷ ~ N êçç ÷÷, çç p 00 p 01 ÷÷ú .
ç r1ij ÷
è ø
ëè 0 ø è t p 10 t p 11 øû

(4)

Applying the estimated marginal mean weight for the kindergarten classes at level 3, we
analyzed a saturated model for both class mean reading pretest and class mean reading growth
rate:
b 00 j = g 001 ( DM_L ) j + g 002 (DM_L1) j + g 003 (DM_L 2) j + g 004 (DM_H ) j + g 005 (DM_H 1) j + g 006 (DM_H 2) j + u 00 j ,
b 10 j = g 101 (DM_L) j + g 102 ( DM_L1) j + g 103 (DM_L 2) j + g 104 (DM_H ) j + g 105 (DM_H 1) j + g 106 (DM_H 2) j + u10 j ;

éæ 0 ö æ t b 00 t b 00.10 öù
æ u 00 j ö
ç
÷
ç
÷ú
ç u10 j ÷ ~ N êçç 0 ÷÷, çt
÷
êëè ø è b 10.00 t b 10 øûú
è
ø

(5)
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Here (DM_L)j is a dummy indicator taking a value of 1 if class j was in the lowreadingtime
category and 0 otherwise; (DM_H)j takes a value of 1 if the class was in the highreadingtime
category and 0 otherwise; (DM_L1), (DM_L2), (DM_H1), and (DM_H2) are dummy indicators
for the treatment groups L1, L2, H1, and H2, respectively. We used L0 as the reference group for
classes of low reading time, and H0 as the reference group for those of high reading time. We
estimated the model through pseudomaximum likelihood that produced consistent estimates of
the variance components and therefore of the causal effects of interest (Hong & Raudenbush, in
press). Given our large sample size of classes, we based our hypotheses testing on robust
standard errors.
Unweighted analysis. The first panel in Table 12 compares the average reading pretest
scores and the average reading growth rates across the six treatment groups without weighting.
Children attending kindergarten classes with high reading time and highintensity grouping (H2)
appeared to have the lowest average pretest score (18.83 – 0.84 = 17.99); while those in classes
with low reading time and lowintensity grouping (L1) had the highest average pretest score
(18.82 + 0.13 = 18.95). According to hypotheses testing, the mean difference between these two
groups was significantly different from zero (mean difference = 0.96, SE = 0.49, t = 1.97, p <
.05), indicating a lack of equivalence among the treatment groups at kindergarten entry. Due to
the pretreatment differences among the treatment groups, the unweighted mean differences in
reading growth would likely be biased estimates of the treatment effects.
_________________________
Insert Table 12 here
_________________________
Weighted analysis. The results of analyzing the weighted growth model as specified in
Equations (3), (4), and (5) are listed in the second panel of Table 12. After weighting, the
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average reading pretest scores showed no statistically significant differences among all six
treatment groups. Under the assumption that the treatment assignment was independent of the
unmeasured covariates given the observed pretreatment covariates, the weighted sample of each
treatment group would provide a consistent estimate of the population average potential growth
rate, that is, the average reading growth we would have observed had the whole population of
kindergarten classes represented by our analytic sample been assigned to that particular treatment
condition. We found that, under low reading time, the estimated average monthly reading growth
rates were 1.55 if there was no grouping (L0), 1.58 for lowintensity grouping (L1), and 1.52 for
highintensity grouping (L2). Hypothesis testing showed no statistically significant differences
between lowintensity grouping (L1) and no grouping (L0) ( gˆ102 = 0.02, SE = 0.05, t = 0.54),
between highintensity grouping (L2) and no grouping (L0) ( gˆ103 = 0.03, SE = 0.05, t = 0.58), or
between highintensity grouping (L2) and lowintensity grouping (L1) (contrast = 0.05, SE =
0.05, c2 = 1.12, df = 1, p = .29).
The estimated average reading growth rates under high reading time were 1.58 for no
grouping (H0), 1.69 for lowintensity grouping (H1), and 1.73 for highintensity grouping (H2).
Multivariate hypothesis testing showed no significant difference between the latter two (contrast
= 0.04, SE = 0.05, c2 = 0.44, df = 1, p > .50). According to our estimation, experiencing low
intensity grouping (H1) rather than no grouping (H0) would raise a kindergartner’s reading
growth by about 0.99 over nine months ( gˆ105 = 0.11, SE = 0.04, t = 2.76, p < .01). Having high
intensity grouping (H2) rather than no grouping (H0) during the same period would raise reading
growth by 1.35 ( gˆ106 = 0.15, SE = 0.06, t = 2.64, p < .01).
We found no statistically significant difference between high reading time with no
grouping (H0) and low reading time with no grouping (L0) (contrast = 0.02, SE = 0.04, t = 0.55,
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df = 1, p > .50). However, the largest contrast existed between high reading time with high
intensity grouping (H2) and low reading time with highintensity grouping (L2) (contrast = 0.21,
SE = 0.05, t = 4.46, p < .001). The difference in average reading growth accumulated over a 9
month period was 0.21 ´ 9 = 1.89, equivalent to 13.04% of the average reading growth over the
school year, or close to a whole month of reading growth for a typical kindergartner.
To illustrate, we have graphed in Figure 3, for a typical kindergartner in the population
represented by our analytic sample, the six potential reading growth trajectories that the child
would display under the six corresponding treatment conditions. The estimated average reading
pretest score at kindergarten entry was 18.46, which we used as the starting point for all the six
potential trajectories.
_________________________
Insert Figure 3 here
_________________________
Observing no statistically significant differences in average reading growth either among
L0, L1, and L2, or between H2 and H1, we estimated a parsimonious model by combining each
of these two clusters of treatment groups. Using H0 as the reference category, the fixedeffect
part of the classlevel model in Equation (5) became the following:

b 00 j = g 000 + g 001 (DM_ L) j + g 002 (DM_ H 12) j + u 00 j ,
b 10 j = g 100 + g 101 ( DM_ L) j + g 102 (DM_ H 12) j + u10 j .

(6)

Here (DM_H12)j took a value of 1 if class j was either in H1 or H2 and 0 otherwise. By
analyzing this model, we intended to make inference about a new causal estimand

d H 12-0 = E[Y ( H 1 or H 2) - Y ( H 0)].

(7)

Here d H 12-0 denotes the effect of lowintensity grouping or highintensity grouping (H1 or H2)
relative to no grouping (H0) under high reading time. A likelihood ratio test indicated that the
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parsimonious model was as sufficient as the saturated model (c2 = 4.73, df = 6, p > .50). The
results showed that, with more than one hour of reading instruction per day, withinclass
homogeneous grouping, regardless of its intensity (H1 or H2), was expected to raise reading
growth by 1.08 over the year ( gˆ102 = 0.12, SE = 0.04, t = 3.14, p < .01) when compared with no
grouping (H0). This amounted to 7.45% of the average yearly reading growth, which was
equivalent to a typical kindergartner’s reading growth in about twothirds of a month. We found
no statistically significant difference between low reading time regardless of grouping (L0, L1, or
L2) and high reading time with no grouping (H0) ( gˆ101 = 0.02, SE = 0.04, t = 0.64, p > .50).
Stability analysis. In our analytic sample, about 40% of the schools had only one
kindergarten class sampled, and about 60% of the schools had no more than two kindergarten
classes. To assess the stability of our conclusions about the treatment effects across different
model specifications, we alternatively estimated the treatment effects on the endofyear reading
achievement with students at level 1, classes at level 2, and schools at level 3. We applied the
marginal mean weight at level 2 where the class average reading achievement at the end of the 9
month kindergarten year was regressed on the treatment indicators. To increase precision in
estimation, we made covariance adjustment for the empirical Bayes estimate of child pretest
score obtained from estimating Equation (A4), and denoted it with (Y_pre)ijk for child i attending
kindergarten class j in school k. In addition, we centered the lapse of time from kindergarten
entry on the end of the 9month school year for the Spring reading assessment, and denoted it
with (Dur_K – 9)ijk. The threelevel saturated model was specified as follows:
Level 1
Yijk = p 0 jk + p 1 jk (Y _ pre) ijk + p 2 jk (Dur_k - 9) ijk + eijk ;
Level 2
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p 0 jk = b 00 k + b 01k (DM_ L1) jk + b 02 k (DM_ L 2) jk + b 03 k ( DM_ H 0) jk + b 04 k (DM_ H 1) jk + b 05 k ( DM_ H 2) jk + r0 jk ,
p 1 jk = b 10 k ,
p 2 jk = b 20 k ;

Level 3
b 00 k = g 000 + u 00 k ,

b 0ck = g 0c 0 , for c = 1, ...,5,
b d 0 k = g d 00 , for d = 1, 2;
eijk ~ N (0, σ 2 );

r0 jk ~ N (0, t p );

(8)
u 00 k ~ N (0, t u ).

By equating the average pretest scores at kindergarten entry across all the six treatment groups
through weighting and covariance adjustment, we expect that a comparison between any two
treatment groups of their endofyear reading achievement would approximately replicate the
corresponding betweengroup comparison of 9month reading growth.
The weighted analysis of this alternative threelevel model showed that, under low
reading time, no grouping (L0) seemed to have led to a higher level of reading achievement at
the end of the kindergarten year when compared with lowintensity grouping (L1) ( gˆ010 = 0.07,
SE = 0.35, t = 0.19, p > .50) or highintensity grouping (L2) ( gˆ020 = 0.48, SE = 0.40, t = 1.20, p
= .23), although the differences were not statistically significant. When using H0 as the reference
category, we found that lowintensity grouping under high reading time (H1) displayed a higher
endofyear reading achievement (contrast = 0.71, SE = 0.31, t = 2.28, p < .05). Similarly, high
intensity grouping under high reading time (H2) seemed to have led to a higher reading
achievement (contrast = 0.81, SE = 0.40, t = 2.04, p < .05) in comparison with no grouping (H0).
In the meantime, no statistically significant difference was detected between high reading time
with no grouping (H0) and low reading time with no grouping (L0) ( gˆ030 = 0.11, SE = 0.32, t = 
0.35). Yet the largest contrast existed between high reading time with highintensity grouping
(H2) and low reading time with highintensity grouping (L2) (contrast = 1.18, SE = 0.45, t =
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2.64, p < .01). As before, we found no statistically significant differences in endofyear reading
achievement among L0, L1, and L2 or between H1 and H2 (results not tabulated). We therefore
merged each of these two clusters of treatment conditions in our subsequent analysis. Grouping
under high reading time, regardless of intensity (H1 or H2), continued to show a significant
positive effect on reading achievement (contrast = 0.76, SE = 0.29, t = 2.58, p < .01) in
comparison with no grouping (H0). In addition, the latter (H0) showed no benefit when
compared with low reading time (L0, L1, or L2) (contrast = 0.04, SE = 0.28, t = 0.13, p > .50). In
general, the growth model analysis and the crosssectional analyses both suggested a positive
effect of lowintensity or highintensity grouping when compared with no grouping under high
reading time. Neither analysis detected any statistically significant effect of grouping under low
reading time.
Comparison with causal inferences for a single treatment. Our analysis was guided by
the theory that the grouping effects may depend on the amount of reading instruction time and
the intensity of grouping. We suspected that evaluating ability grouping only as a binary
treatment, which has been typically the case in most causal inference studies, might generate
uninformative or even misleading results. To reveal this point, we estimated the effect of
grouping versus no grouping on kindergarten reading achievement without taking into
consideration reading instruction time and the intensity of grouping. The classlevel model in
Equation (8) was modified as follows:

p 0 jk = b 00 k + b 01k ( DM_Z12) jk + r0 jk

(9)

Here (DM_Z12)j is a dummy indicator taking a value of 1 if class j had adopted either low
intensity grouping or highintensity grouping. The result indicated that withinclass
homogeneous grouping had no effect on endofyear reading achievement ( gˆ010 = 0.28, SE =
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0.22, t = 1.28, p = .20). However, this results was unstable, as a parallel analysis of reading
growth showed a small positive effect of grouping versus no grouping (contrast = 0.07, SE =
0.03, t = 2.59, p < .01) equivalent to about 4.36% of the average reading growth rate.
Ignoring reading instruction time, we also estimated the effect of the intensity of ability
grouping by changing the classlevel model to the following:

p 0 jk = b 00 k + b 01k ( DM_Z1) jk + b 02 k (DM_Z2) jk + r0 jk .

(10)

Here (DM_Z1)j took a value of 1 if class j had adopted lowintensity grouping and 0 otherwise;
(DM_Z2)j took a value of 1 if class j had adopted highintensity grouping and 0 otherwise. In
comparison with the practice of no grouping, the results showed no significant effect of either
lowintensity grouping ( gˆ010 = 0.39, SE = 0.24, t = 1.66, p = .10) or highintensity grouping
( gˆ020 = 0.06, SE = 0.30, t = 0.21, p > .50). A parallel analysis of growth model, instead, showed a
small positive effect of infrequent grouping (contrast = 0.08, SE = 0.03, t = 2.77, p < .01) and no
effect of frequent grouping (contrast = 0.05, SE = 0.04, t = 1.30, p = .19). These results were hard
to interpret in theory and disguised the fact that grouping made no difference under low reading
time and that, in contrast, highintensity and lowintensity grouping were more effective than no
grouping under high reading time.
Sensitivity Analysis
The weighted estimation of the treatment effects would be unbiased under the assumption
that the assignment to each treatment condition was independent of the unobserved confounders
given the observed covariates. We assessed the extent to which our causal conclusions would be
altered by additional adjustment for potential unmeasured confounders, the omission of which
would introduce a bias comparable to that of the most important observed covariates (Lin, Psaty,
& Kronmal 1998; Rosenbaum 1986, 2002). The parsimonious classlevel model as shown in
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Equation (6) contrasted H0 with the combination of H1 and H2. Suppose that an unmeasured
classlevel covariate UH had a mean difference U H 12 - U H 0 between classes in H1 or H2 and
those in H0. Also suppose that the bivariate association f H between UH and the potential reading
growth was linear. To remove from gˆ102 the potential bias associated with UH, we computed new
estimates

d H* 12-0 = g 104 ± f H (U H 12 - U H 0 ).

(11)

Because our list of pretreatment covariates was relatively comprehensive, we generated
plausible values for U H 12 - U H 0 from computing the mean differences between the combination
of H1 and H2 groups and the H0 group in the observed pretreatment covariates Wm, m = 1, …,
168. To generate plausible values for f H , we selected all the classes in the highreadingtime
category and regressed, under marginal mean weighting, class mean reading growth rate b 10 j on
each of the observed covariates one at a time,4

b 10 j = f 0 + f1 ( DM_L 2) j + f HmWmj + e j , m = 1, …, 168.

(12)

Among the observed pretreatment covariates, school safety rate was the strongest
observed confounder. After adjusting for either a positive or a negative hypothetical confounding
effect of the same magnitude, our new estimates of d H 12-0 were 0.11 and 0.13. Both 95%
confidence intervals (0.03, 0.19) and (0.05, 0.21) were still above zero. Hence, our conclusion
about the positive effect of H1 and H2 relative to H0 did not seem highly sensitive to the
possible influence of unmeasured covariates comparable to the strongest confounders observed.
Conclusion
In this study we examined the effects of withinclass homogeneous grouping on
kindergartners’ reading growth and its dependence on reading instruction time. Our results have
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suggested that, when a substantial amount of time was devoted to reading instruction in
kindergarten, withinclass homogeneous grouping was expected to better improve
kindergartners’ reading growth when compared with no grouping. This seemed to be true
regardless of how intensively a teacher groups students in reading instruction. The effect size
was about 7.45% of the average reading growth over 9 months or equivalent to a typical
kindergartner’s reading growth in twothirds of a month. The 95% confidence interval for the
effect size was (2.58%, 12.33%). This conclusion was insensitive to the impact of plausible
unmeasured confounders. In contrast, when reading instruction time was limited, our results
suggested no effect of homogeneous grouping on kindergartners’ reading growth when
compared with no grouping.
When homogeneous grouping was never used in a class, we detected no advantage of
allocating one hour or more per day to reading instruction in comparison with no more than one
hour per day. The effect size was about 1.24% of the average 9month reading growth with a
confidence interval of (3.63%, 6.12%). However, when teachers adopted homogeneous
grouping in reading with a high intensity, we found the largest benefit of spending more time on
reading. The effect size was 11.78% of the yearly reading growth or about one month of reading
growth with a confidence interval of (1.45%, 20.91%). All the above conclusions were stable
under an alternative model specification.
In summary, withinclass homogeneous grouping seems to bring benefit to student
learning when reading instruction receives a major emphasis in kindergarten. With abundant
time spent on reading, instructional differentiation can be carried out through either intensive
grouping or flexible switches between different grouping schemes. Both strategies may facilitate
instructional adaptation to individual needs and hence are more effective than no grouping.
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When reading instruction time is limited, homogeneous grouping shows no advantage when
compared with no grouping perhaps due to a relatively large portion of time spent on managing
multiple groups and on transitioning between group activities. These results are consistent with
our hypotheses that, during the kindergarten year, student learning will likely be optimized when
students receive a substantial amount of reading instruction time in combination with adaptive
instruction through homogeneous grouping. The positive effect of homogeneous grouping will
likely disappear when only a limited amount of time is available for teaching reading. In
addition, according to our hypothesis, when there is a lack of adaptation to students’ diverse
needs in wholeclass instruction, increasing reading instruction time may not lead to an increase
in students’ academic engaged time and therefore may not improve student learning. We indeed
found evidence that the potential benefit of increasing reading instruction time tends to diminish
when the teacher never uses homogeneous grouping. In contrast, the benefit of increasing
instructional time is maximized in classes with highintensity grouping.
We have found that kindergarten teachers in public schools with a larger concentration of
lowincome and minority students and under a greater pressure to raise student performance
tended to use withinclass homogeneous grouping more often. We have also observed a higher
amount of reading instruction time on average in similar types of classes and schools. As
suggested by the results of our causal inference, these teaching efforts in combination appear to
be generally fruitful in helping kindergartners to read. Hence, if a kindergarten teacher intends to
enhance student learning by allocating more time to reading instruction, the increased
instructional time will be most effectively used when students are engaged in learning tasks
tailored to their ability levels. In fact, the results have shown that, without flexible adaptation to
individual needs, the increase of instructional time will bring little benefit to student learning.
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These results have important implications especially for schools striving for raising the
performance of a large number of children from disadvantaged backgrounds. The evidence
generated from this study will also help to inform the ongoing debate about ability grouping. Our
findings have clearly indicated that, universally abolishing homogeneous grouping, a policy
endorsed by the opponents to grouping in many school districts, could have inadvertently harmed
the kindergartners’ reading growth.
Most of the previous research typically singled out ability grouping as an isolated
practice without taking into account the interplay between instructional time and the intensity of
grouping. We have used our data to reveal the potential consequences when researchers took
oversimplistic approaches to studying instruction. As we have shown, ignoring reading
instruction time as an important contextual factor would lead to analytic results of little
theoretical or practical significance.
Because instruction is a multifaceted intervention program, every single element needs to
operate in concert with other parts of the program to produce a joint impact. The effects of
various elements therefore cannot be assumed additive. In studying the effects of homogeneous
grouping, we find it useful to conceptually distinguish between instructional settings and
grouping processes. Instructional settings refer to organizational structure, resources, and climate
that provide a context for abilitygrouped or nongrouped instruction. Measures of instructional
settings include time allocation to a certain subject, class size, class composition, and teacher
knowledge. Within the same context, abilitygrouped classes may vary substantially in their
instructional processes, representing different treatment versions under the same label. Besides
the intensity of grouping, measures of grouping processes also include how teachers differentiate
across ability groups in instructional pace, content coverage, pedagogical methods, and teacher
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student interactions. Rather than simply assuming a constant effect of homogeneous grouping
across different settings, or assuming a constant effect of reading instruction time across different
grouping processes, researchers can provide more useful knowledge for practitioners by
identifying an optimal combination of instructional setting and grouping process.
The effects of instructional time and grouping may not be the same for students at
different ability levels. For example, we suspect that lowachieving children are most likely to
suffer when they are not provided with sufficient time to learn. Moreover, these effects will be
carried over into the later schooling years. A firstgrade teacher’s decision about whether to
divide a class into homogeneous groups or, in a firstgrade class that has adopted homogeneous
grouping, the teacher’s decision about group placement will largely be shaped by the results of
her students’ learning experience in kindergarten. Hence, in order to improve our knowledge
base and to better inform educational practice, researchers will need to study the differential
effects and the cumulative effects of homogeneous grouping over years across a wide range of
timevarying instructional settings, grouping processes, and students’ growing abilities.
In the past, the multidimensionality of classroom instruction has posed a major challenge
to causal inferences of instructional effects. Causal inference studies with nonexperimental data
have been mostly restricted to evaluations of binary treatments. This study has introduced a new
statistical adjustment method for evaluating multivalued treatments and for testing theories
about the interdependence among concurrent treatments in multilevel educational data. Future
research will explore the potential of the MMW method for investigating more complex causal
questions about instruction effects on student learning.
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Appendix

Retrospective Prediction of Reading Pretest Scale Scores
At level 1, we modeled the reading assessment score Ytij of child i in class j at time t as a
polynomial function of ( Dur_K) tij denoting the lapse of time between the beginning of the
kindergarten year and the assessment:
3

Ytij = å p qij (Dur_K) tijq + etij ,

etij ~ N (0, σ et2 ).

(A1)

q =0

This model used linear, quadratic, and cubic terms to fully capture the nonlinear features of an
individual growth trajectory. The intercept p 0 ij represented the child’s extrapolated reading
pretest score when the time lapse was zero. Using reliability information ( lt ) supplied in the
ECLSK documentation (National Center for Education Statistics, 2002) along with the
estimated variance of reading scale score in each wave ( σ Yt2 ), we computed the measurement
error variance σ et2 by applying the formula s et2 = (1 - lt )s Yt2 . The estimated error variances were
5.32 for the Fall reading assessment and 5.94 for the Spring assement.
Based on our preliminary analysis, we fixed the quadratic and cubic slopes p 2ij and p 3ij
at level 2 and level 3. In the level 2 model,
7

p qij = b q 0 j + å b qhj X hij + rqij , for q = 0, 1;
h =1

7

p qij = b q 0 j + å b qhj X hij , for q = 2, 3;

(A2)

h =1

éæ 0 ö æt
æ r0ij ö
t öù
ç ÷ ~ N êçç ÷÷, çç p 00 p 01 ÷÷ú .
ç r1ij ÷
è ø
ëè 0 ø è t p 10 t p 11 øû
To increase precision in prediction, the above level2 model estimates the growth parameters for
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subpopulations of children defined by age, socioeconomic status, gender, and ethnicity
(including white, black, Hispanic, Asian, and other ethnic groups). We used X hij , h = 1, …, 7, to
denote these demographic measures. The level3 model has 32 equations corresponding to the 32
coefficients at level 2:

b q 0 j = g q 00 + u q 0 j , for q = 0, 1;
b q 0 j = g q 00 , for q = 2, 3;
b qhj = g qh0 , for q = 0, …, 3; h = 1, …, 7;
éæ 0 ö æ t
t b 00.10 öù
æ u 00 j ö
ç
÷ ~ N êçç ÷÷, ç b 00
÷
ç u10 j ÷
çt b 10.00 t b 10 ÷ú .
0
è
ø
øûú
ëêè ø è

(A3)

An empirical Bayes estimate of the reading pretest score for child i attending kindergarten class
j, specified as
7

p 0ij = g 000 + å g 0 h 0 X hij + u 00 j + r0ij ,

(A4)

h =1

could be obtained from the level2 residual file. This extrapolated pretest score had a mean of
19.53 and a standard deviation of 8.11. We then computed the mean and standard deviation of
reading pretest for each kindergarten class.
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Footnotes

1

Simply including five of the six propensity scores as covariates along with the treatment

indicators in a multiple regression model is not recommendable, because the assumptions of
linearity and additivity are often unwarranted. Alternatively, if we stratify a sample on five of the
six propensity scores, with five strata in each dimension, there will be as many as 55 = 3,125
strata. Unless the sample is sufficiently large, data in most strata will be too sparse to allow for
withinstratum estimation of all the causal estimands.
2

Hong (2007) showed some relative strengths of the MMW method in reducing bias. In

particular, IPTW estimation of treatment effects could be biased when units with no
counterfactual information in the data receive a nonzero weight, or when the propensity model
fails to represent a nonlinear relationship between pretreatment covariates and treatment
assignment. The MMW method, due to its nonparametric approach, has a builtin procedure to
avoid these problems. Moreover, because MMW is estimated as a ratio of the sample sizes
within each stratum rather than as a direct function of the estimated propensity score itself, the
MMW estimate of treatment effect remains robust even when a nonlinear propensity model is
misspecified as a linear one.
3

Hong (2007) derived the following result:
E{Y ( z )} » E [E{Y ( z ) | D ( z ) = 1, s}]
K

= å E{Y ( z ) | D( z ) = 1, s}pr ( s )
s =1

K æ
Y ön
= å çç å i ÷÷ s
s =1 è iÎz , s n z , s ø N
1 K ìï æ n ö üï
= å í å çç s ÷÷Yi ý ,
N s =1 ïîiÎz , s è n z , s ø ïþ
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where D(z) is a dummy indicator that takes on a value of 1 if the unit is in treatment group z and
0 otherwise; s = 1, …, K indicates one of the K strata on the basis of the propensity score for
treatment z; pr(s) is the proportion of units in stratum s; ns is the number of units in stratum s; nz,s
is the number of units in stratum s who were actually assigned to treatment z; and N is the total
sample size.
4

We had obtained an empirical Bayes estimate of the class average reading growth rate

from the level3 residual file of the saturated model (see Equation 6).
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Table 1
Potential Outcomes and Causal Estimands
Treatments

Labels

Potential Outcomes

L0

Low reading time with no grouping

Y(L0)

L1

Low reading time with lowintensity grouping

Y(L1)

L2

Low reading time with highintensity grouping

Y(L2)

H0

High reading time with no grouping

Y(H0)

H1

High reading time with lowintensity grouping

Y(H1)

H2

High reading time with highintensity grouping

Y(H2)

Causal Estimands
Grouping Effects

E[Y(H2) – Y(H0)]; E[Y(H1) – Y(H0)];
E[Y(L2) – Y(L0)]; E[Y(L1) – Y(L0)].

Time Effects

E[Y(H0) – Y(L0)];
E[Y(H1) – Y(L1)];
E[Y(H2) – Y(L2)].
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Table 2
Distribution of Kindergarten Classes in Six Treatment Conditions
Reading Instruction time
Low

High

No Grouping

505

446

Lowintensity Grouping

424

769

Highintensity Grouping

375

295

Intensity of Reading
Ability Grouping
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Table 3
Descriptive Statistics of Reading Scaled Scores across the Six Treatment Conditions

Fall 1998
Treatment conditions

Spring 1999

n

M

SD

n

M

SD

3120

22.56

8.49

3492

31.87

10.11

2432

22.97

8.83

2656

32.46

10.68

1523

22.21

8.55

1793

32.05

10.93

2308

22.54

8.48

2600

32.37

10.11

3191

22.39

8.13

3517

33.00

10.14

1059

22.20

8.58

1220

32.83

10.41

13633

22.54

8.49

15278

32.42

10.35

No grouping,
low reading time (L0)
Lowintensity grouping,
low reading time (L1)
Highintensity grouping,
low reading time (L2)
No grouping,
high reading time, (H0)
Lowintensity grouping,
high reading time (H1)
Highintensity grouping,
high reading time (H2)
Total
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Table 4
Comparison between Full sample and Analytic Sample
Student demographic features
Average age (months)

Full Sample

Analytic Sample

65.49

65.48

Proportion of girls

.49

.50

Proportion of white

.55

.54

Proportion of black

.15

.15

Proportion of Asian

.06

.07

Proportion of Hispanic

.18

.19

Proportion speaking English at home

.85

.84

Proportion of children receiving free/reduced lunch

.31

.33

Average socioeconomic status

.01

.01
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Table 5
Balance in Logit of the Propensity Score for No Grouping and Low Reading Time
No grouping, low reading time

Other treatment conditions

(L0 = 1)

(L0 = 0)

Stratum

N

M

SD

N

M

SD

1

38

3.00

0.44

688

3.08

0.43

2

37

2.07

0.19

342

2.08

0.17

3

73

1.39

0.24

348

1.43

0.23

4

110

0.58

0.27

167

0.60

0.27

5

38

0.30

0.23

17

0.26

0.21

Total

296

1.16

1.02

1562

2.19

0.96
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Table 6
Balance in Logit of the Propensity Score for LowIntensity Grouping and Low Reading Time
Lowintensity grouping, low reading time

Other treatment conditions

(L1 = 1)

(L1 = 0)

Stratum

N

M

SD

N

M

SD

1

34

3.01

0.47

686

3.11

0.52

2

66

1.95

0.21

453

1.98

0.21

3

74

1.27

0.22

295

1.25

0.21

4

58

0.65

0.14

93

0.67

0.14

5

58

0.06

0.26

41

0.00

0.28

Total

290

1.26

0.95

1568

2.21

0.98
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Table 7
Balance in Logit of the Propensity Score for HighIntensity Grouping and Low Reading Time
Highintensity grouping, low reading time

Other treatment conditions

(L2 = 1)

(L2 = 0)

Stratum

N

M

SD

N

M

SD

1

39

3.22

0.66

883

3.27

0.66

2

57

1.92

0.26

415

1.93

0.24

3

48

1.25

0.16

219

1.26

0.16

4

48

0.70

0.13

65

0.73

0.14

5

48

0.02

0.35

36

0.06

0.33

Total

240

1.37

1.11

1618

2.48

1.06
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Table 8
Balance in Logit of the Propensity Score for No Grouping and High Reading Time
No grouping, high reading time

Other treatment conditions

(H0 = 1)

(H0 = 0)

Stratum

N

M

SD

N

M

SD

1

24

3.03

0.39

466

3.13

0.41

2

50

2.20

0.24

477

2.17

0.23

3

111

1.41

0.24

414

1.43

0.23

4

39

0.81

0.11

86

0.80

0.11

5

50

0.38

0.14

80

0.38

0.15

6

34

0.29

0.26

23

0.16

0.19

Total

308

1.23

0.93

1550

2.05

0.92
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Table 9
Balance in Logit of the Propensity Score for LowIntensity Grouping and High Reading Time
Lowintensity grouping, high reading time

Other treatment conditions

(H1 = 1)

(H1 = 0)

Stratum

N

M

SD

N

M

SD

1

16

2.60

0.27

246

2.69

0.30

2

54

1.86

0.22

349

1.83

0.21

3

94

1.12

0.20

348

1.15

0.20

4

41

0.70

0.06

81

0.69

0.06

5

191

0.23

0.22

239

0.25

0.22

6

122

0.58

0.29

77

0.51

0.29

Total

518

0.48

0.87

1340

1.33

0.94
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Table 10
Balance in Logit of the Propensity Score for HighIntensity Grouping and High Reading Time
Highintensity grouping, high reading

Other treatment conditions

time

(H2 = 0)

Stratum

(H2 = 1)
N

M

SD

N

M

SD

1

28

3.64

0.56

856

3.69

0.62

2

40

2.19

0.28

463

2.26

0.27

3

50

1.42

0.18

197

1.45

0.18

4

63

0.68

0.27

120

0.74

0.27

5

25

0.30

0.26

16

0.16

0.22

Total

206

1.44

1.19

1652

2.77

1.15
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Table 11
Marginal Mean Weighted Sample of Kindergarten Classes with Low Reading Time and No
Grouping (L0)

Weighted Sample

Unweighted Sample

Stratum

MMW

L0 = 1

L0 = 0

Total

L0 = 1

1

38

688

726

3.04

115.66

2

37

342

379

1.63

60.38

3

73

348

421

0.92

67.07

4

110

167

277

0.40

44.13

5

38

17

55

0.23

8.76

Total

296

1562

1858



296
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Table 12
Saturated Model Estimation of Treatment Effects without Weighting versus with Marginal Mean Weighting
Fixed Effect
Reading pretest
Intercept for no grouping, low reading time (L0), g 001
Lowintensity grouping, low reading time (L1), g 002
Highintensity grouping, low reading time (L2), g 003
Intercept for no grouping, high reading time (H0), g 004
Lowintensity grouping, high reading time (H1), g 005
Highintensity grouping, high reading time (H2), g 006
Reading growth
Intercept for no grouping, low reading time (L0), g 101
Lowintensity grouping, low reading time (L1), g 102
Highintensity grouping, low reading time (L2), g 103
Intercept for no grouping, high reading time (H0), g 104
Lowintensity grouping, high reading time (H1), g 105
Highintensity grouping, high reading time (H2), g 106
Random Effect
Level 3
Class mean reading pretest, u00j
Class mean reading growth rate, u10j
Classlevel correlation between pretest and growth
Level 2
Student reading pretest, r0ij
Student reading growth rate, r1ij
Studentlevel correlation between pretest and growth
* p < .05; ** p < .01; *** p < .001

Unweighted
Coefficient
SE

t

Weighted
Coefficient
SE

t

18.82
0.13
0.47
18.83
0.23
0.84

0.29
0.43
0.45
0.32
0.40
0.48

64.23***
0.31
1.04
58.31***
0.58
1.76

18.82
0.16
0.59
18.86
0.19
0.58

0.32
0.46
0.51
0.34
0.41
0.54

58.51***
0.35
1.14
56.00***
0.47
1.06

1.54
0.03
0.01
1.60
0.11
0.12

0.03
0.04
0.05
0.03
0.04
0.05

52.25***
0.64
0.20
50.55***
2.76**
2.27*

1.55
0.02
0.03
1.58
0.11
0.15

0.03
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Figure Captions

Figure 1. Distribution of Reading Instruction time.
Figure 2. Distribution of the Ratio of Grouped Instruction Time to Total Amount of
Reading Instruction Time
Figure 3. Population Average Potential Reading Growth Trajectories Under Six Treatment
Conditions
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Note:
L0: Low reading time with no grouping;
L1: Low reading time with lowintensity grouping;
L2: Low reading time with highintensity grouping;
H0: High reading time with no grouping;
H1: High reading time with lowintensity grouping;
H2: High reading time with highintensity grouping.
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