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Evaluating Kindergarten Retention Policy:
A Case Study of Causal Inference for

Multilevel Observational Data
Guanglei HONG and Stephen W. RAUDENBUSH

This article considers the policy of retaining low-achieving children in kindergarten rather than promoting them to first grade. Under the
stable unit treatment value assumption (SUTVA) as articulated by Rubin, each child at risk of retention has two potential outcomes: Y(1)

if retained and Y(0) if promoted. But SUTVA is questionable, because a child’s potential outcomes will plausibly depend on which school
that child attends and also on treatment assignments of other children. We develop a causal model that allows school assignment and peer
treatments to affect potential outcomes. We impose an identifying assumption that peer effects can be summarized through a scalar function
of the vector of treatment assignments in a school. Using a large, nationally representative sample, we then estimate (1) the effect of being
retained in kindergarten rather than being promoted to the first grade in schools having a low retention rate, (2) the retention effect in
schools having a high retention rate, and (3) the effect of being promoted in a low-retention school as compared to being promoted in a
high-retention school. This third effect is not definable under SUTVA. We use multilevel propensity score stratification to approximate a
two-stage experiment. At the first stage, intact schools are blocked on covariates and then, within blocks, randomly assigned to a policy
of retaining comparatively more or fewer children in kindergarten. At the second stage, “at-risk” students within schools are blocked on
covariates and then assigned at random to be retained. We find evidence that retainees learned less on average than did similar children
who were promoted, a result found in both high-retention and low-retention schools. We do not detect a peer treatment effect on low-risk
students.

KEY WORDS: Grade retention; Multilevel design; Potential outcomes; Propensity score; Stable unit treatment value assumption.

1. INTRODUCTION

Schools typically allocate children to age-based grade levels;
however, children who make inadequate progress may be re-
tained in their current grade rather than being promoted to the
next grade. For example, based on the National Household Ed-
ucation Survey, Zill, Loomis, and West (1997) reported that the
kindergarten retention rate was about 6% in 1993 and 5% in
1995. Not all educators agree that grade retention is helpful in
these cases; indeed, many school districts have adopted a policy
of “social promotion” that enables children having academic
difficulty to proceed to the next grade with their same-age peers.
But “ending social promotion” has recently become a popu-
lar slogan to justify grade retention (Ellwein and Glass 1989;
Hauser 1998; Roderick, Bryk, Jacobs, Easton, and Allensworth
1999). In principle, the retention policy may affect not only the
children who are at risk of repetition, but also those who are at
no risk.

In Section 1 we clarify key causal questions, introduce the
sample and data, and describe major methodological challenges
in studying the effects of grade retention. In Section 2 we pro-
pose a framework for causal inference that incorporates school
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and peer effects. We give empirical results in Section 3 and pro-
vide conclusions in Section 4.

1.1 Causal Questions

Many believe that some kindergarten children need more
time to mature or more time to master basic skills before pro-
gressing to the first grade (Smith and Shepard 1988). More-
over, grouping these immature children with younger peers
may increase their self-esteem, thus improving their learning
(Plummer and Graziano 1987). In contrast, others argue that
grade retention stifles children’s cognitive and social develop-
ment (Morrison, Griffith, and Alberts 1997) and stigmatizes
those retained (Jackson 1975; Shepard 1989), slowing down
their learning. Moreover, grade retention may simply repro-
duce an unsuccessful kindergarten experience (Karweit 1992;
Leinhardt 1980; Peterson 1989; Reynolds 1992; Tanner and
Galis 1997).

The effect of grade retention may not be confined to the indi-
vidual children who are retained. When low-achieving students
are retained in kindergarten, a more homogeneous classroom
may ease the teacher’s task in managing instructional activities
(Shepard and Smith 1988), and also may allow the first-grade
teacher to cover more advanced content. Therefore, it is natural
to hypothesize that a child promoted to the first grade may fare
better when a relatively larger proportion of children experienc-
ing learning difficulties are retained in kindergarten. Similarly,
the retention effect on a retainee may depend on the proportion
of peers retained at the same time. These arguments rest on the
belief that a student’s learning outcome can be affected by the
treatments assigned to other students.

In this article we ask three questions:

1. What is the effect of being retained in kindergarten versus
being promoted to the first grade on the academic learning
of retainees when few peers are retained?
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2. What is the effect of being retained when comparatively
many peers are retained?

3. What is the effect of a high retention rate versus a low
retention rate on children at little or no risk of retention?

1.2 Sample and Data

We selected data from the Early Childhood Longitudinal
Study Kindergarten cohort (ECLS–K), released by the National
Center for Education Statistics, which contains repeated obser-
vations of a nationally representative sample of students, their
families, teachers, and schools over two school years. Students
were observed in the fall and the spring of the kindergarten year
and then in the spring of the treatment year. Our analytic sample
included 471 kindergarten retainees and 10,255 promoted stu-
dents in 1,080 schools that allowed for kindergarten retention.

The outcome variables were reading and math scale scores
calibrated by item response theory (IRT) (Hambleton,
Swaminathan, and Rogers 1991). The test scores of each subject
obtained from repeated assessments over the two study years
were equated on the same scale. This enabled us to assess the
reading and math growth of each student over time and also to
compare the reading and math achievement of students from
different grade levels. Table 1 presents the sample size, mean,
and standard deviation of each of the three rounds of reading
and math assessment scores.

1.3 Methodological Challenges

Applying Rubin’s (1978) causal model in a conventional
way, we define the retention effect on an at-risk child as the
difference between the outcome the child would display if re-
tained and the outcome if promoted. This child-specific effect
is defined under the stable unit treatment value assumption
(SUTVA) that there is a single value of each potential out-
come associated with each treatment for each experimental
unit, regardless of how the treatments are assigned and of what
treatments are received by other experimental units (Rubin
1986). Most researchers simply invoke SUTVA without fur-
ther theoretical or empirical scrutiny. However, as Rubin (1990)
cautioned, SUTVA becomes problematic when, for example,
educational treatments are given to children who interact with
one another. Due to the multilevel structure of modern school-
ing, almost every educational treatment is conducted in an
organizational setting that bears an impact on a child’s poten-
tial outcomes. The organizational effect has two major sources:
treatment enactment variation and interference between indi-
viduals. For example, the potential outcome of a retained child
may depend on whether the school allocates additional re-
sources to the retainees, whereas the potential outcome of a

Table 1. Descriptive Statistics of the Three Rounds of Assessment

IRT scale score n Mean SD

Reading
Fall, kindergarten year 10,108 23.52 8.80
Spring, kindergarten year 10,391 33.87 10.91
Spring, treatment year 10,680 56.66 13.48

Mathematics
Fall, kindergarten year 10,431 20.35 7.23
Spring, kindergarten year 10,556 28.66 8.64
Spring, treatment year 10,678 44.04 8.90

child who is not at risk of retention and gets promoted may
depend on how many of his or her low-achieving peers are re-
tained. Hence, conceptually there is a distinct set of potential
outcome values associated with each treatment for each indi-
vidual. The multiplicity of potential outcomes poses a problem
that is largely unaddressed in the causal inference literature.

2. EXTENDED FRAMEWORK FOR
CAUSAL INFERENCE

2.1 Potential Outcomes and Causal Effects With
Relaxation of SUTVA

For the current study, we propose a framework for causal
inference in which peer treatment assignments can affect
each child’s potential outcomes through a scalar function. As-
sumptions underlying the framework include the following:
(a) Generalization of causal inferences is restricted to cur-
rent school assignments; (b) there is no interference between
schools, and (c) treatment assignment is strongly ignorable;
that is, one’s own and one’s peers’ treatment assignments are
independent of the ensemble of potential outcomes given ob-
served covariates. For clarity of exposition, we introduce basic
ideas in the case in which all students of interest attend the
same school. We then extend the approach to the study at hand,
in which students are nested within many schools.

The Case of a Single School. Given a binary treatment,
zi = 1 if child i is retained and zi = 0 if promoted, and N units
overall, we have the 1 × N vector of possible treatment as-
signments z = (z1, z2, . . . , zN) = (zi, z−i), where z−i is the
1 × (N − 1) vector of treatment assignments with zi removed,
for zi ∈ {0,1}, i = 1, . . . ,N. Under this setup, subject i has
2N potential outcomes, Yi(z), corresponding to all possible
treatment assignments of the N subjects. In the continuous out-
come case, the potential outcome for a single subject is a func-
tion mapping {0,1}N to R

2N . A contrast between any two of
the 2N potential outcomes for a given subject is a causal effect.
Clearly, SUTVA is a special case where Yi(z) ≡ Yi(zi, z−i) =
Yi(zi).

Without imposing further structure, the sheer number of
causal effects per subject undermines any attempt to summa-
rize evidence in a readily interpretable way. Moreover, a shift
in the treatment assignment of any subject changes the poten-
tial outcome of any other subject, making it difficult to conceive
of average causal effects or to frame interesting questions for
policy. To impose structure that can lead to analytic progress,
we follow the work of Verbitsky and Raudenbush (2004) in the
context of spatial data. Specifically, we model the impact of z
on a focal subject’s potential outcome as operating through zi

and a scalar function v(z). The N-dimensional space is thus re-
duced to a two-dimensional space. Hence we have

Yi(z) ≡ Yi(zi, z−i) = Yi[zi, v(z)]. (1)

Many functions can be formulated to represent theoretical con-
ceptions of the influence of the ensemble of treatment as-
signments on the outcomes of any focal subject. A generic
estimand is E{Y[z, v(z)] − Y[z′, v(z′)]}, where z and z′ are al-
ternative treatment assignments for an individual and z and z′
are alternative treatment assignments for all individuals. To
pose questions of interest in the current study, let v(z) = 1 if
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a high proportion of kindergartners are retained and v(z) = 0
if not. Thus Y[z, v(z)] can take on four possible values—
Y(1,1),Y(0,1),Y(1,0), and Y(0,0)—generating estimands
corresponding to the questions of interest in our study. E[Y(1,

1) − Y(0,1)] is the average causal effect of being retained
if the school retains a high proportion of kindergartners;
E[Y(1,0) − Y(0,0)] is the average causal effect of being re-
tained if the school retains a low proportion of kindergartners;
and E[Y(0,1)−Y(0,0)] is the average causal effect of attending
a high- versus a low-retention school if a student is promoted.

The Case of Multiple Schools. Suppose now that students
are level-1 units nested within schools at level 2. We intro-
duce, along with the 1 × N treatment assignment vector z =
(z1, z2, . . . , zN) for zi ∈ {0,1}, the 1×N school assignment vec-
tor s = (s1, s2, . . . , sN), where the possible values of si are the
school identification numbers j = 1, . . . , J. The generic poten-
tial outcome for subject i is then Yi[zi, v(z), s], modifying our
causal estimands to have the form

E
{
Y[z, v(z), s] − Y[z′, v(z′), s′]}, (2)

that is, the average causal effect of treatment assignments z,
v(z), and school assignments s compared with treatment as-
signments z′, v(z′), and school assignments s′. Such a causal
effect would be estimable if assignments to schools and treat-
ments were ignorable (e.g., students were assigned at random
to schools, retention rates were assigned at random to schools,
and students within schools were assigned at random to be re-
tained). However, in the real world, students are not assigned
at random to schools, and thus estimand (2) is not of practical
interest. Therefore, we modify our estimand as follows:

a. Intact schools. Given the social and geographic segrega-
tion of schools in many regions on the basis of student social
background and ethnicity, we are typically interested in gener-
alizing results to a set of existing schools rather than to a hy-
pothetical world in which children are assigned at random to
schools. In particular, in the current study we are interested in
estimating the average treatment effects given current member-
ship in those schools. Therefore, our estimands of interest will
be conditional on current school assignments,

E
{
Y[z, v(z), s∗] − Y[z′, v(z′), s∗]|S = s∗}, (3)

where s∗ is the vector of school assignments observed in the
sample.

We impose two additional restrictions to make inferences
tractable.

b. No interference between schools. We assume that the po-
tential outcomes for student i depend on the identities and treat-
ment assignments of that student’s schoolmates, whereas the
identities and treatment assignments of students attending other
schools are assumed to be uninformative about student i’s out-
comes. Therefore, we sort z and s by school identification num-
ber, so that z = (z1, z2, . . . , zJ) and s = (s1, s2, . . . , sJ), where
zj = (z1j, z2j, . . . , znjj) is the 1 × nj vector of treatment assign-
ments of students assigned to school j and sj = ( j, j, . . . , j) is the
corresponding 1 × nj vector of school assignments. Our relaxed
form of SUTVA allows no interference between intact schools;
therefore, we write

Yi[zi, v(z), s∗] = Yij[zij, v(zj), s∗
j ] ≡ Yij[zij, v(zj)]. (4)

Henceforth, to simplify our notation, we denote by v(Z) = V
the random variable that takes on values v(z) = v = 0 for low-
retention schools or 1 for high-retention schools.

c. Strongly ignorable treatment assignment. In our case
study, retention rates were not assigned at random to schools,
and students within schools were not assigned at random to
be retained. Let X be a vector of child-level covariates and
let W be a vector of school-level covariates. Here W includes
school-level aggregates of child-level covariates indicating, for
example, the demographic composition of students attending
the same school. Causal inferences are nevertheless possible if
treatment assignments are strongly ignorable within levels of
covariates (where X = x and W = w) for intact schools such
that E[Y(z, v)|Z = z,V = v,X = x,W = w] = E[Y(z, v)|X = x,

W = w], in which case the conditional average causal ef-
fect, E[Y(z, v)|X = x,W = w] − E[Y(z′, v′)|X = x,W = w],
is equivalent to the observed data estimand, E[Y(z, v)|Z = z,
V = v, X = x, W = w] − E[Y(z′, v′)|Z = z′, V = v′, X = x,

W = w].
2.2 Causal Estimands for Subpopulations and

Multilevel Experimental Designs

In the current study, the potential outcomes for child i at-
tending school j, denoted by Yij(zij, vj), could take up to four
values: Yij(1,1), Yij(0,1), Yij(1,0), and Yij(0,0). However, not
all of the four potential outcomes are defined for some children.
A child who would likely be retained under a high retention rate
may not be at such a risk under a low retention rate, whereas an-
other child may never be retained even under a high retention
rate. Let q1 denote a child’s probability of being retained under
a high retention rate, and let q0 denote the child’s probability
of repetition under a low retention rate. If monotonicity holds
for every child (i.e., if one’s probability of repetition under a
high retention rate is always equal to or higher than that under
a low retention rate), then we can identify three subpopulations
of children:

(A) Children at risk of being retained under a low retention
rate (q1 ≥ q0 > 0)

(B) Children at risk of being retained only under a high re-
tention rate (q1 > 0,q0 = 0)

(C) Children at no risk of being retained even under a high
retention rate (q1 = q0 = 0).

Table 2 lists the potential outcomes and the causal effects
of interest. For subpopulation (A), we are interested in esti-
mating E[Y(1,0) − Y(0,0)] and E[Y(1,1) − Y(0,1)] as de-
fined in Section 2.1. The difference between these two effects,
E[Y(1,1) − Y(0,1)] − E[Y(1,0) − Y(0,0)], provides informa-
tion about whether the average retention effect depends on the
school-level retention rate. Children in subpopulation (B) have
three potential outcome values. The causal effect of particular
interest is E[Y(1,1) − Y(0,1)]. The only estimand defined for
the children in subpopulation (C) is E[Y(0,1) − Y(0,0)].

A randomized experimental design is usually ideal for treat-
ment effect estimation, because it ensures ignorable treatment
assignment. For the causal questions at hand, we conceive a
multilevel randomized experiment as follows.

Through a cluster randomized trial, intact schools that al-
low kindergarten retention are assigned at random to a high
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Table 2. Potential Outcomes and Causal Effects for Subpopulations of Children

Subpopulations Probabilities of retention Potential outcomes Causal effects of interest

(A) q1 ≥ q0 > 0 Y (1, 1), Y (0, 1), Y (1, 0), Y (0, 0) E[Y (1, 0) − Y (0, 0)],
E[Y (1, 1) − Y (0, 1)],

E[Y (1, 1) − Y (0, 1)] − E[Y (1, 0) − Y (0, 0)]
(B) q1 > 0, Y (1, 1), Y (0, 1), Y (0, 0) E[Y (1, 1) − Y (0, 1)]

q0 = 0
(C) q1 = q0 = 0 Y (0, 1), Y (0, 0) E[Y (0, 1) − Y (0, 0)]

retention rate with a probability Q. This is to be followed by
a multisite randomized trial, in which at-risk students within
each school are assigned at random to retention according to
the fixed retention rate determined by the school-level treatment
assignment such that q1 = P[Z = 1|V = 1] and q0 = P[Z = 1|
V = 0]. (This is similar to a standard split-plot design, in which
schools are “whole plots” assigned to high or low retention rate
policies and students are “subplots” to be retained or promoted.)

2.3 Estimable Causal Effects Under Strong Ignorability

Our current nonexperimental study can be approximated
by a cluster-level randomized block design followed by an
individual-level randomized block design within each clus-
ter. First, intact schools are assigned at random to V = 1
within school-level blocks defined by W with a probability
Q = Q(W); thus

Q = P(V = 1|W). (5)

Next, given a school’s assignment to high or low retention rate,
children at risk of repetition within each school are assigned at
random to Z = 1 or Z = 0 within blocks defined by X and W.
Hence q1 = q1(X,W) and q0 = q0(X,W), where

q1 = P(Z = 1|V = 1,X,W),
(6)

q0 = P(Z = 1|V = 0,X,W).

In combination, a child’s probability of receiving a certain treat-
ment under a certain retention rate is P(Z = z,V = v|X,W) =
P(Z = z|V = v,X,W)P(V = v|W).

With data from a cluster randomized block design followed
by a multisite randomized block design, we expect to obtain an
unbiased estimate of each of the following causal estimands.
The first of these estimands is the average causal effect of re-
tention relative to promotion, conditional on covariates, under a
low retention rate for children in subpopulation (A),

E[YA(1,0) − YA(0,0)|X,W]. (7)

The second is the average conditional retention effect under a
high retention rate for children in subpopulation (A) and those
in subpopulation (B). The union of these two subpopulations
contains all of the children who would be ever at risk of repeti-
tion, denoted as subpopulation (AR),

E[YAR(1,1) − YAR(0,1)|X,W]. (8)

For children in subpopulation (A), the difference between (7)
and (8) indicates the extent to which the causal effect of the
individual-level retention treatment depends on the school-level
retention rate. For children in subpopulation (C), the third esti-
mand, the average causal effect of high retention rate versus

low retention rate, conditional on school-level covariates W, is
defined as

E[YC(0,1) − YC(0,0)|W]. (9)

In our nonexperimental data, kindergarten retention is a
highly selective process that depends on various pretreatment
conditions; so is a school’s selection of the retention rate. In
theory, a child’s probability of being retained is likely asso-
ciated with his or her demographic characteristics; cognitive,
emotional, and social development; and previous learning ex-
periences at home and in school. Meanwhile, a school’s adop-
tion of a high retention rate is associated mainly with school
characteristics including compositions of students and teachers,
instructional practices in kindergarten, principal characteristics,
school resources and climate, and policy context.

Rosenbaum and Rubin (1983) showed a way of summariz-
ing in a unidimensional propensity score all of the observed
pretreatment information associated with the assignment to a
particular treatment. For a binary treatment measure, the joint
distribution of all of the observed pretreatment covariates is
balanced between the treatment groups given the propensity
score. In a nonrandomized experiment, if the treatment assign-
ment is strongly ignorable given the observed pretreatment co-
variates, then statistical adjustment for the propensity score
will be sufficient for producing unbiased estimates of the av-
erage treatment effect. Following (5) and (6), if the assign-
ment of schools to a high or low retention rate is strongly
ignorable given the observed school-level pretreatment covari-
ates W, then we can estimate school j’s propensity of selecting
a high retention rate, Qj, as a function of Wj. If the assignment
of students to retention or promotion under high or low reten-
tion rate is strongly ignorable given the observed student-level
pretreatment covariates X and the school-level covariates W,
then student i’s propensities of being retained in school j, de-
noted by q1ij if the school has adopted a high retention rate and
by q0ij otherwise, can be estimated as functions of Xi and Wj.
Because students are nested within schools, for strong ignor-
ability to hold, the vector of school-level covariates W needs
to capture the pretreatment commonalities of students from the
same school that predict the student-level treatment assignment.

The two propensity scores for every child, q1 and q0, could
both be estimated if schools were assigned at random to a
high or low retention rate even though the within-school as-
signments of students to retention or promotion might not be
random. This is because, under randomization of the school-
level retention rate, the joint distribution of all pretreatment
covariates is balanced between high-retention schools and low-
retention schools. Hence the propensity score function for q1
estimated from the observed data of high-retention school stu-
dents under strong ignorability is applicable to low-retention
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school students as well. Similarly, the propensity score function
for q0 applies to both low-retention and high-retention school
students.

But without randomization of the school-level retention rate,
as is the case in our nonexperimental study, only one of these
two propensity scores for every child can be estimated from the
observed data. This fact constrains our ability to estimate the
causal effects defined in (7) and (8). Equation (7) can be decom-
posed as E[YA(1,0) − YA(0,0)|V = 1,X,W]P(V = 1|W) +
E[YA(1,0) − YA(0,0)|V = 0,X,W]P(V = 0|W). The problem
is that the first term, E[YA(1,0) − YA(0,0)|V = 1,X,W], can-
not be directly estimated, because the propensity of retention
under a low retention rate is not estimable for children attending
high-retention schools. We can only estimate its second term,

δZ0 = E[YA(1,0) − YA(0,0)|V = 0,X,W], (10)

that is, the conditional effect of kindergarten retention un-
der a low retention rate for children actually attending low-
retention schools. For a similar reason, the low-retention school
children’s propensity of being retained under a high retention
rate remains unknown. The interaction effect between reten-
tion and retention rate for those in subpopulation (A) is not
estimable. Similarly, if we decompose (8) as E[YAR(1,1) −
YAR(0,1)|V = 1,X,W]P(V = 1|W)+E[YAR(1,1)−YAR(0,1)|
V = 0,X,W]P(V = 0|W), then we note that the second term,
E[YAR(1,1) − YAR(0,1)|V = 0,X,W], cannot be estimated di-
rectly from nonexperimental data, although we can estimate its
first term,

δZ1 = E[YAR(1,1) − YAR(0,1)|V = 1,X,W], (11)

that is, the conditional effect of kindergarten retention under the
high retention rate for children actually attending high-retention
schools. For those in subpopulation (C), the estimand can be
estimated as defined in (9),

δV0 = E[YC(0,1) − YC(0,0)|W]. (12)

In summary, δZ0, δZ1, and δV0 are among the causal estimands
directly estimable under strong ignorability. These three causal
estimands are of particular interest to the current study. They
also exemplify possible ways of defining causal effects in mul-
tilevel nonexperimental data more generally when SUTVA is
relaxed.

3. PROPENSITY SCORE–BASED
CAUSAL INFERENCES

In this section we apply propensity score stratification to es-
timate causal effects defined by (10)–(12). We present in detail
the estimation of the causal effects on the reading outcome and
then briefly summarize the results for math. We used HLM6.0
(Raudenbush, Bryk, Cheong, Congdon, and du Toit 2005) for
most of the analyses.

3.1 Propensity Score Estimation and Stratification

Empirical Identification of High-Retention Schools. The
ratio of the sampled number of kindergarten retainees dur-
ing the treatment year to the sampled number of kindergart-
ners during the pretreatment year in each school provides an
unbiased estimate of that school’s kindergarten retention rate.
Using a two-level logistic regression model, we obtained an

empirical Bayes estimate of each school’s retention rate. We
found considerable between-school variation in retention rates.
With an average school-level log-odds of retention of −3.84
and a variance of .37, school-specific retention rates as low
as 0 and as high as .27 were not implausible. For each school,
we calculated a 95% posterior confidence interval for its re-
tention rate and classified as “high-retention schools” those
with a lower confidence limit exceeding the national aver-
age. Among the 790 sampled schools that had information
on kindergarten retention rate, 57 enrolling 560 sampled chil-
dren were thus labeled high-retention schools, and the remain-
ing 733 schools serving 9,233 sampled children were labeled
low-retention schools. The number of sampled retainees ranged
from 2 to 10 in high-retention schools and from 0 to 2 in low-
retention schools.

School Propensity of Adopting a High Retention Rate, Q.
In the ECLS–K dataset, we found measures of many the-
oretically important predictors of school retention rate. The
pretreatment information included school type (public or pri-
vate), urbanicity, geographic region, principal characteristics
(e.g., demographic background, credentials, work experience),
school climate (e.g., goals, academic emphasis, security, out-
reach to parents), and school resources (e.g., funding, staffing,
services, facilities, curriculum materials). We also aggregated
student information to the school level. (A list of pretreat-
ment covariates and information about the specification of each
propensity model are available at the first author’s website,
http://home.oise.utoronto.ca/˜ghong.) We tentatively assumed
that, given all of these observed covariates, the assignment
of school-level retention rate would be independent of other
unmeasured covariates. Hence, following (5), we used logis-
tic regression to compute the estimate, Q̂, of each school’s
conditional probability of adopting a high retention rate given
the observed school-level covariates. High-retention schools
were notable, for example, in tending to enroll students having
below-average mean teacher ratings on science and social sci-
ence skills and also in having comparatively large numbers of
students with disabilities. Such schools tended to provide com-
paratively more years of bilingual services, to base kindergarten
assignment on children’s preschool experience, and to enforce
a sign-in policy. On the basis of the logit of Q̂, we divided the
sample of schools into seven strata (Table 3). The distribution of
the logit of Q̂ was balanced in all of the strata containing both
low- and high-retention schools, and balance was achieved in
>99% of the 161 school-level pretreatment covariates.

Table 3. Distribution of the Logit of Propensity for High Retention Rate

Low retention rate High retention rate

Stratum n Mean SD n Mean SD

Q = 0 80 −6.79 .59 1 −6.70
Q = 1 336 −4.83 .60 0
Q = 2 202 −3.14 .40 13 −3.12 .36
Q = 3 61 −1.99 .24 8 −1.93 .20
Q = 4 43 −1.01 .33 9 −.98 .39
Q = 5 8 −.03 .21 18 −.02 .23
Q = 6 3 1.36 .38 8 1.31 .49
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Child Propensity of Repetition in High-Retention Schools, q1.
The ECLS–K dataset provided a comparatively comprehen-
sive set of pretreatment predictors of kindergarten repetition,
including child demographic characteristics; academic perfor-
mance at the beginning and the end of the first kindergarten
year; physical and mental health; tardiness and absenteeism,
day care, preschool, and Head Start experiences; learning ex-
periences during the first kindergarten year; home literacy; par-
enting style; parent involvement in school; kindergarten teacher
background; teacher beliefs and teaching practices; classroom
composition; and school characteristics as listed before. We es-
timated q1 for students attending high-retention schools as
a function of the observed school-level covariates, student-
level covariates, and a school-specific random effect estimated
through an empirical Bayes procedure. Among high-retention
school children, retainees differed from promoted children in
a number of ways; for example, retainees were likely to be
boys, to be young at entry to kindergarten, and to score low
on pretests of reading and general knowledge. The schools that
the retained children attended had comparatively high average
scores in pretests.

The kindergarten retainees attending high-retention schools
had a minimum value of −3.89 in the logit of q̂1. Choosing this
minimum as the cutoff point, we identified 89 promoted chil-
dren in high-retention schools whose logit of q̂1 was below this
value. Because these children did not have counterparts in the
retained group, they were identified as at extremely low risk of
repetition under a high retention rate and hence likely would be-
long to subpopulation (C). We classified those children whose
logit of q̂1 was above the cutoff value as members of the sub-
population (AR).

Then we divided the sample of high-retention school stu-
dents into seven strata on the basis of the logit of q̂1. As dis-
played in Table 4, the lowest stratum contains 89 promoted
children showing almost no risk of repetition, whereas the
highest stratum contains 22 kindergarten retainees showing the
highest probability of being retained. In the remaining five
strata, we found no significant difference in the distribution
of the logit of q̂1 between the promoted children and the re-
tainees. Moreover, under this propensity stratification, 97.2%
of the 213 child-level and school-level pretreatment covariates
showed no significant difference at the 5% level between the
promoted group and the retained group.

Child Propensity of Repetition in Low-Retention Schools, q0.
In parallel, q0 was estimated through another two-level logistic
regression model for children attending low-retention schools
only. Retainees in low-retention schools differed from their

Table 4. Distribution of the Logit of Propensity for Kindergarten
Retention in High-Retention Schools

Promoted Retained

Stratum n Mean SD n Mean SD

q1 = 0 89 −4.75 .65 0
q1 = 1 110 −3.43 .25 7 −3.35 .35
q1 = 2 139 −2.51 .28 10 −2.36 .30
q1 = 3 170 −1.25 .46 40 −1.19 .46
q1 = 4 33 .05 .23 40 .09 .26
q1 = 5 19 .87 .32 64 .99 .29
q1 = 6 0 22 2.32 .53

Table 5. Distribution of the Logit of Propensity for Kindergarten
Retention in Low-Retention Schools

Promoted Retained

Stratum n Mean SD n Mean SD

q0 = 0 4,062 −8.13 1.21 0
q0 = 1 3,055 −5.55 .58 9 −5.41 .63
q0 = 2 1,211 −3.90 .36 21 −3.78 .36
q0 = 3 457 −2.83 .23 22 −2.77 .24
q0 = 4 209 −2.09 .21 26 −2.01 .23
q0 = 5 137 −1.39 .19 32 −1.37 .19
q0 = 6 64 −.74 .17 32 −.72 .18
q0 = 7 17 −.23 .08 22 −.21 .09
q0 = 8 12 .56 .47 60 .60 .53
q0 = 9 0 7 2.70 .27

promoted peers in a number of ways. For example, similar
to the trend observed in high-retention schools, kindergartners
who had a higher probability of being retained in low-retention
schools appeared to have lower achievement in reading, mathe-
matics, and general knowledge, whereas their schools’ average
pretreatment achievement scores tended to be comparatively
high. In addition, retained children were more likely to have
fallen behind due to poor health. They were less likely to re-
ceive individual tutoring in reading and were more often found
in schools in which teacher salaries were low.

We divided this subsample into 10 strata on the basis of the
logit of q̂0. The lowest stratum consisted of 4,062 promoted
children whose logit of q̂0 was below −6.40 and did not have
counterparts in the retained group. Children in the remaining
nine strata, including the seven retainees in the top stratum who
did not have counterparts in the promoted group, were consid-
ered to be from subpopulation (B). As shown in Table 5, we
found no significant difference in the distribution of the logit
of q̂0 between the retained group and the promoted group in
the middle eight strata. Within-stratum balance was achieved in
about 95% of the 213 pretreatment covariates.

Empirical Identification of Low-Retention School Children in
Subpopulation (C). Children in subpopulation (C) were un-
likely to be retained even under a high retention rate. The likely
risk status under a high retention rate of children assigned to
low-retention schools is, of course, a counterfactual quantity,
the estimation of which requires special assumptions. We as-
sumed that had a low-retention school adopted a high retention
rate instead, then its students would have been subject to sim-
ilar selection criteria as defined by the propensity model spec-
ified for high-retention school children. Having estimated the
propensity model from the observed data of the high-retention
school students, we then used the same model to predict the
propensity score for each student enrolled in a low-retention
school, and used −3.89 as the cutoff point as before for iden-
tifying every child’s risk status under a high retention rate. In
this way, we identified 1,305 promoted children in 503 low-
retention schools who were highly unlikely to be retained even
if their schools had chosen to have a high retention rate instead.
Also in subpopulation (C) are 89 children in 39 high-retention
schools. Balance was achieved between low-retention and high-
retention schools in more than 98% of the 224 school-level
pretreatment covariates, including the aggregated measures of
low-risk children.
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The small number of low-risk students attending high-
retention schools limited our statistical power to detect the
effect of attending a high-retention school on low-risk chil-
dren. Therefore, we undertook an additional analysis using a
less stringent cutoff point in defining low risk; specifically, we
chose −3.00 as the new cutoff point. The expanded sample
included 199 promoted children enrolled in 46 high-retention
schools and 2,610 promoted children enrolled in 625 low-
retention schools. Again, we were able to achieve balance
in >98% of the covariates.

3.2 Causal Effect Estimation

Retention Effect on Reading for Low-Retention School Chil-
dren in Subpopulation (A). The first estimand defined in (10)
is equivalent to δZ0 = E[YA(1,0) − YA(0,0)|V = 0,q0]. Af-
ter removing the children identified to be at almost no risk
for repetition under a low retention rate (i.e., those in the
q0 = 0 stratum), the subsample included 5,162 promoted chil-
dren and 231 retainees from 714 low-retention schools. The
raw difference in reading between the retainees and the pro-
moted children was −19.27. The within-stratum mean differ-
ences between the two groups, as shown in Table 6, were much
smaller. Although there appeared to be a decrease in the reten-
tion effect on reading as low-retention school children’s propen-
sity of repetition increased, such a trend was not obvious in
the middle part of the distributions of the two treatment groups
(i.e., from the second to the sixth strata), where the data were
less sparse. We made a similar observation in comparing the bi-
variate distribution of the reading outcome and the logit of q̂0

between the retained group and the promoted group (Fig. 1).
Under our assumptions, the vertical distance between the two
loess lines approximated the conditional effect of retention ver-
sus promotion for any given value of the logit of q̂0.

The standard deviations in Table 6 were estimated with
no consideration of the clustering of students within schools.
To take into account the clustered nature of the sample and to
examine the variation of the retention effect across the high-
retention schools, we analyzed a two-level model, as shown
here for child i in school j. We computed the proportion of re-
tainees in each stratum as a sample weight, as recommended by
Pfefferman, Skinner, Homes, Goldstein, and Rasbash (1998),

Yij = γ0 + uj + (δZ0 + �Z0j)zij

+
8∑

g=1

γgq0gij + γ9(Logit _q̂0)ij + eij; (13)

(
uj

�Z0j

)
∼ N

[(
0
0

)
,

(
τu τu·Z0

τu·Z0 τZ0

)]
; eij ∼ N(0, σ 2).

Here q0gij, g = 1, . . . ,8, are dummy indicators for eight of
the nine propensity strata that subclassify the at-risk children
in low-retention schools. We made additional adjustments for
(Logit_q̂0)ij to remove residual within-stratum bias. In the ran-
dom part of the model, uj is the school-specific random effect
on the reading outcome, whereas �Z0j represents the school-
specific increment to the retention effect. The foregoing model
allowed us to estimate the variation of the retention effect across

Figure 1. Association Between the Logit of Propensity of Retention
and the Retention Effect on Reading for Low-Retention School Children
in Subpopulation (A) (Z : promoted; retained).

the low-retention schools, denoted by τZ0, as well as the covari-
ance between the school-specific potential outcome of promo-
tion and the school-specific retention effect, τu·Z0. The analytic
results are presented in Table 7.

The adjusted within-stratum mean difference between the re-
tained and promoted students was δ̂Z0 = −8.18, with a standard
error of .94 and a 95% confidence interval of (−10.02,−6.34).
This point estimate is almost three-fifths of a standard devia-
tion of the reading outcome. We found statistically significant
variation in the retention effect across the low-retention schools
(τ̂Z0 = 38.17, χ2 = 310.32, df = 169,p < .001). Assuming the
school-specific retention effect to be normally distributed, this
effect would range from −20.29 to 3.93 among 95% of the low-

Table 6. Within-Stratum Distribution of the Reading Outcome of At-Risk
Students Attending Low-Retention Schools

Promoted Retained Mean
differenceStratum n Mean SD n Mean SD

q0 = 1 3,051 56.83 11.48 9 45.00 14.63 −11.83
q0 = 2 1,207 51.19 11.41 21 41.11 11.73 −10.08
q0 = 3 457 48.58 11.98 22 39.58 12.49 −9.00
q0 = 4 209 44.43 10.96 26 36.96 10.82 −7.48
q0 = 5 137 42.46 12.01 32 33.86 7.73 −8.60
q0 = 6 64 39.87 12.19 32 32.59 13.45 −7.28
q0 = 7 17 38.66 12.75 22 33.53 8.20 −5.13
q0 = 8 12 32.74 9.67 60 29.27 8.32 −3.47
q0 = 9 0 7 28.80 6.81

Total 5,154 53.57 12.37 231 34.30 11.14 −19.27
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Table 7. Causal Effect of Retention versus Promotion on Retainees’
Reading Outcome in Low-Retention Schools

Fixed effect Coefficient SE t

Promoted at-risk children intercept, γ0 51.90 .30 170.48
Retention effect in low-retention schools, δZ0 −8.18 .94 −8.71
Propensity stratum 1, γ1 −2.01 3.91 −.52
Propensity stratum 2, γ2 −3.18 3.61 −.88
Propensity stratum 3, γ3 −2.58 3.49 −.74
Propensity stratum 4, γ4 −4.42 3.38 −1.31
Propensity stratum 5, γ5 −4.56 3.31 −1.38
Propensity stratum 6, γ6 −4.01 3.35 −1.20
Propensity stratum 7, γ7 −2.82 3.42 −.83
Propensity stratum 8, γ8 −4.40 3.14 −1.40
Logit of propensity score, γ9 −2.85 .30 −9.38

Random effect Variance df χ2 p value

School mean, uj 50.43 169 1053.92 <.001
School retention effect, �Z1j 38.17 169 310.32 <.001
Correlation between uj and �Z1j −.377
Level-one effect, eij 77.21

retention schools. The estimated correlation between school-
specific retention effect and school mean outcome was −.38,
indicating a more severe negative effect of retention on the read-
ing outcome of retainees in low-retention schools in which the
average reading achievement was higher. Result of additional
analysis supported our earlier observation that the retention ef-
fect did not depend on the propensity of repetition.

Retention Effect on Reading for High-Retention School
Children in Subpopulation (AR). The second causal esti-
mand, as defined in (11), is equivalent to δZ1 = E[YAR(1,1) −
YAR(0,1)|V = 1,q1]. After excluding the high-retention school
children identified to be at low risk of repetition under a high
retention rate (i.e., those in the q1 = 0 stratum), 654 children
remained in this subsample, including 471 promoted students
and 183 retainees from 57 high-retention schools. The results
paralleled those for the low-retention schools. In general, the
within-stratum mean differences in reading between the re-
tainees and the promoted children were smaller than the raw
difference, −15.96 (not tabulated). Nonetheless, the kinder-
garten retainees did not perform as well on average as their
counterparts in the promoted group in most of the propensity
strata except for the q1 = 1 stratum, in which there were only
seven retainees. Again, there was no clear pattern suggesting
any dependence of the retention effect on the propensity of
repetition. Hence a weighted two-level linear model similar to
that specified in (13) seemed applicable, except that the cur-
rent model included five dummies to represent five of the six
propensity strata.

The adjusted within-stratum mean difference between the
retained and promoted students was δ̂Z1 = −8.86, with a
standard error of 1.38 and a 95% confidence interval of
(−11.56,−6.16). Again, there was statistically significant vari-
ation in the retention effect across the high-retention schools
(τ̂Z1 = 42.58, χ2 = 122.05, df = 49, p < .001). Assuming the
school-specific retention effect to be normally distributed, this
effect would range from −21.65 to 3.93 among 95% of the
high-retention schools. The correlation between school-specific
retention effect and school mean outcome was −.02, indistin-
guishable from 0.

Causal Effect of High Retention Rate Relative to Low Reten-
tion Rate on Reading for Children in Subpopulation (C). The
third estimand, δV0 as defined in (12), was estimated through
statistical adjustment for a school’s propensity of adopting a
high retention rate. Although the raw difference in the average
reading outcome was −3.08 favoring the low-retention school
children, in five of the seven strata in which the reading out-
come was observed for children from both treatment groups,
the mean difference in reading seemed to fluctuate around 0,
ranging from −5.89 to 3.56.

The first two strata, in which no subpopulation (C) children
were sampled in high-retention schools, were combined into
one in our subsequent analysis. Again, to take into account the
clustered nature of the data, we specified a two-level regression
model,

Yij = γ0 + uj + δV0vj + γ1(Logit _Q̂)j +
6∑

h=2

γhQhj + eij,

uj ∼ N(0, τ ); eij ∼ N(0, σ 2). (14)

The estimate of δV0 was .62, with a standard error of 2.03 and a
95% confidence interval of (−3.36,4.60). No statistically sig-
nificant difference in the reading outcome was detected between
high-retention school children and low-retention school chil-
dren, perhaps due to the lack of statistical power given that only
89 children from high-retention schools were identified to be in
subpopulation (C).

As mentioned earlier, our strategy to increase power was to
reanalyze the retention rate effect for an expanded sample that
included 2,610 children promoted in low-retention schools and
199 children promoted in high-retention schools from the first
two strata of q1. The new estimate was .67, with a standard
error of 1.53 and a 95% confidence interval of (−2.33,3.67).
The magnitude of the estimated effect of retention rate for low-
risk children remained negligible.

Sensitivity Analyses. The analytic results are valid only
under the assumption of strongly ignorable treatment assign-
ment given the observed covariates. For the estimate of each
causal effect that was significantly different from 0, we exam-
ined whether our conclusion would be altered by additional ad-
justment for unmeasured confounders, the omission of which
would create a bias comparable to that of the most important ob-
served covariates (Lin, Psaty, and Kronmal 1998; Rosenbaum
1986, 2002). In our multilevel context, hidden bias may origi-
nate from the individual level, the cluster level, or both. Hence
we assumed that there might exist a student-level unmea-
sured composite, UX , and a school-level unmeasured compos-
ite, UW , comparable to the most important student-level and
school-level observed covariates. The impact of the omission
of UX and UW would depend on their associations with the
treatment assignment, represented by E[UW1] − E[UW0] and
E[UX1]−E[UX0], and their associations with the outcome, rep-
resented by πW and πX . Because our original estimate of the re-
tention effect was negative, to test sensitivity, we constructed a
worst-case scenario in which the potential confounding effects
of UX and UW were both positive. By taking into account these
hypothetical unmeasured confounders, we created a new esti-
mate δ̂∗ = δ̂+πW(E[UW1]−E[UW0])+πX(E[UX1]−E[UX0]).
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The original estimate, δ̂, was considered insensitive to the vio-
lation of strong ignorability if the confidence interval for δ̂∗ was
strictly negative.

In studies of treatment effects on student learning, once
the lagged outcome variables are controlled, additional co-
variates typically have comparatively little of the variation
in the outcome (Bloom 2005). For this reason, the observed
individual-level covariate that demonstrated the second strong-
est association with the learning outcome—kindergarten
teacher’s report of a child’s approach to learning—provided a
plausible reference value for πX . We applied a similar criterion
in choosing a value for πW . The student-level and school-level
covariates that showed the strongest associations with the re-
tention assignment provided the empirical basis for setting the
values of E[UX1] − E[UX0] and E[UW1] − E[UW0]. With addi-
tional adjustment for the hypothetical unmeasured confounders,
the 95% confidence interval for the new estimate of δZ1 was
(−6.95,−1.54) and did not contain 0 or any positive values.
Hence if an unmeasured confounder were to explain away
the negative effect of kindergarten retention in high-retention
schools, then that variable would need to be a stronger con-
founder than the strongest measured confounder other than the
pretest. In contrast, the 95% confidence interval for the new
estimate of δZ0 was (−2.44,1.24) and did contain 0. Thus an
unmeasured confounder comparable to the strongest measured
confounder other than the pretest would be sufficient for al-
tering our conclusion about the negative effect of kindergarten
retention in low-retention schools.

Kindergarten Retention Effects on Math Learning. The
math results showed a similar pattern to that in reading. The es-
timate of the retention effect under a low retention rate for re-
tainees attending low-retention schools was −4.79 [standard
error (SE) = .63]. The retention effect under a high reten-
tion rate for retainees attending high-retention schools was
estimated to be −5.56 (SE = 1.11). Both effects varied sig-
nificantly across schools. The estimated effect of a high reten-
tion rate versus a low retention rate was .81 (SE = 1.12) for
children in subpopulation (C) and 1.01 (SE = 0.71) for the
expanded sample of low-risk children, a negligible effect in
both cases. Similar to the results in reading, refutation of the
conclusion about the negative effect of kindergarten retention
in high-retention schools would require an unmeasured con-
founder stronger than the strongest measured confounder other
than the pretest. Our conclusion about the negative effect of
kindergarten retention in low-retention schools could be altered
by an unmeasured confounder comparable to the strongest mea-
sured confounder other than the pretest.

4. CONCLUSION

Our key aim was to relax the SUTVA to investigate new
questions about school assignment and peer effects. Under our
assumptions, our results indicated that kindergarten retainees
attending high-retention schools would have achieved more in
reading and math during the treatment year had these children
instead been promoted. Similar results held for retainees in
low-retention schools. Although we inferred that the retention
effect varied significantly across schools, the estimated school-
specific retention effects were negative in a great majority of

the schools. In addition, the data showed no evidence that chil-
dren at low risk of repetition benefited from a school’s high
retention rate. Therefore, we found no empirical support for the
kindergarten retention policy. These conclusions are based on
the following assumptions.

Specification of Peer Effects. Under our dichotomous
characterization of the effect of the ensemble of treatment
assignments within a school, the potential outcome Yij(zj) =
Yij[zij, v(zj)], so that the effect of a child’s peers on that child’s
outcomes operates strictly through the scalar function v(zj) = 1
if the school has a “high” retention rate versus v(zj) = 0 if it
does not. One might explore a more refined scalar function
(e.g., the proportion of students retained) or a multidimensional
function (e.g., the fraction of disruptive children retained and
the mean IQ of those retained). Richer specifications can be
generated and tested with the ECLS–K data and with minor
modifications of our causal inference framework.

Intact Schools. We considered the data as being generated
by a two-stage experiment in which intact schools were first as-
signed to retention rates and then at-risk students were assigned
to be retained within schools. Suppose, however, that parents
were able to foresee the school-level or child-level treatments
and chose schools accordingly for their children. The assump-
tion of assignment of intact schools to treatments would then
become untenable. In this case, information about school choice
and mobility would be required in modeling treatment assign-
ment.

No Interference Between Schools. Our model allows for
the potential outcomes of each student to be affected by the
identities and treatment assignments of children attending the
same school. However, we assumed that the identities and treat-
ment assignments of students attending other schools do not
affect the potential outcomes of children in a given school. Al-
though plausible, one can construct a scenario in which such
an assumption is false. For example, suppose that a retained
child attending school A lives next door to a promoted child
attending school B, leading to a stigmatization of the retained
child. In this case, peer effects would operate through neighbor-
hoods as well as schools and would contradict our assumption
of no interference between schools. Regression models for the
joint effects of neighborhoods and schools were considered by
Raudenbush (1993) and Goldstein (2003), although their mod-
els did not identify causal effects.

Strongly Ignorable Treatment Assignment. We assumed
that school assignment to high versus low retention rates was ig-
norable given observed school-level covariates and that student
assignment to be retained was ignorable given observed school-
level covariates, observed student-level covariates, school re-
tention rates, and school-specific posterior-expected random
effects. We found in the ECLS–K dataset comparatively rich
measurement of pretreatment covariates. Each of our estimated
propensity scores balanced >95% of these pretreatment co-
variates. Nonetheless, the validity of the strong ignorability
assumption is subject to further scrutiny and debate on sci-
entific grounds. A sensitivity analysis suggested that the es-
timated negative effect of retention in high-retention schools
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could be refuted only in the presence of unmeasured con-
founders stronger than any of the observed covariates other than
the pretest.

An additional concern involves the timing of the treatment.
We assumed that the treatment begins when a child is assigned
to be retained or promoted. However, such treatment assign-
ments may be endogenous to the outcomes of the past year’s
school-level retention rate. For example, kindergartners attend-
ing high-retention schools may work harder if they are fearful
of being retained. A possible solution would be to use longitudi-
nal data on schools and to model the school-level retention rate
as a time-varying treatment. This would require a richer dataset
than ECLS–K and a further extension of the causal framework
for multilevel, longitudinal data.

Finally, our inference of no effect of the retention rate on the
low-risk students required identification of children in subpop-
ulation (C). We achieved this identification by assuming that if
the low-retention schools were to adopt a high-retention pol-
icy, then the assignment of students to be retained would follow
a similar process as in the high-retention schools. This assump-
tion, although seemingly reasonable, cannot be checked with
available data.

[Received August 2004. Revised October 2005.]
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