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How the Timing of Grade Retention
Affects Outcomes: Identification and

Estimation of Time-Varying
Treatment Effects

Jane Cooley Fruehwirth, University of North Carolina
at Chapel Hill

Salvador Navarro, University of Western Ontario

Yuya Takahashi, Johns Hopkins University

We showhow the effect of grade retention varies by abilities, by tim-
ing of retention, and as time since retention elapses. Existing studies
of grade retention are not well equipped to deal with the possibility
that students retained at different grades differ in unobservable abil-
ities (dynamic selection) and the effects of retention also vary by the
student’s abilities and the timing of retention. We extend existing fac-
tor analytic methods for identifying treatment effects in such settings.
Using ECLS-K data, we find evidence of dynamic selection into re-
tention and of heterogeneous effects of retention by grade and unob-
servable abilities.

I. Introduction

Grade retention (or grade repetition) is a common and controversial
practice in many countries. In Germany, 9% of 15-year-olds report being
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retained in primary school, and as many as 18% in France do so (Eurydice
2011). In the United States, about 10% of students are retained between
kindergarten and eighth grade (approximately age 14; NCES 2009). With
the federal reforms initiated by the No Child Left Behind Act (NCLB)
of 2001 and associated national rhetoric emphasizing an end to social pro-
motion, the practice of grade retention is facing new scrutiny as a potential
policy to help bring students up to proficiency levels in the United States.
This is somewhat surprising given that the empirical literature often finds
negative effects of retention and at best provides mixed evidence of its effec-
tiveness in improving student outcomes (e.g., Holmes 1989; Jimerson 2001;
Allen et al. 2009). In this paper, we provide evidence on how the effect of
grade retention varies by age, the time the student is retained, and unob-
served abilities. Understanding these types of heterogeneity in responses
to grade retention is central to informing policy, both concerning who
would benefit from retention and optimal timing. For instance, student ac-
countability policies based on retention may vary in effectiveness depend-
ing on the average ability of the students who are retained (as determined by
the cutoff for passing the exam) and whether the policy applies to students
in early or later grades. Furthermore, to the extent that grade retention has
less severe effects on socioemotional development in young children, early
retention may lead to better outcomes than late retention.
We develop a simple framework to estimate time-varying treatment ef-

fects. As in the static treatment effect setting, the key challenge is dealing
with selection on unobservables. However, in our context, the selection
problem is further complicated because different types of students might
select (or be selected) into treatment over time, that is, theremay be dynamic
selection. This is likely because the pool of potential retainees changes as
students age and/or the rules for retention might also vary over time. Our
method for controlling for dynamic selection can be understood as a hybrid
between a control function and a generalization of the fixed effect approach.
We assume that a “low” dimensional set of unobservables affects both selec-
tion into treatment and the outcome of treatment. This strategy effectively
places restrictions on the covariances between unobservables in the out-
come and selection equations, a generalization of the semiparametric factor
structure of Carneiro, Hansen, and Heckman (2003); see also Bonhomme
and Robin (2010) and Cunha, Heckman, and Schennach (2010) for recent
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developments). It is a control function approach because we use informa-
tion from the selection equation to help control for selection, so that the
same unobserved abilities affect both test scores and the probability of being
retained. Identification is further aided by the use of exclusion restrictions
(retention policies), variables that affect a student’s selection into retention
but do not affect their outcomes directly.
This is akin to a fixed effects approach, in that we assume unobservable

ability is fixed, but this generalizes because we can control for multiple di-
mensions of ability. This is particularly important when different types of
unobservable ability, such as behavioral and cognitive abilities, play impor-
tant and distinctive roles in determining both selection into treatment and
outcomes, as in our application. In addition, unlike the fixed effect model,
which assumes that fixed ability affects outcomes and selection in the same
way over time, our framework allows the effects of unobservable abilities to
be time-varying. This proves to be important in estimating how the effect of
retention varies across grades.
Our paper contributes to a broad literature on the effects of grade reten-

tion. Most of this literature relies on the assumption of selection on observ-
ables (see Jimerson [2001] for an overview). More recent literature recog-
nizes the importance of unobservables in confounding the effect of grade
retention and has developed innovative approaches to deal with selection
on unobservables. Gary-Bobo,Gousse, andRobin (2013) is most closely re-
lated to our paper, in that its authors apply a factor-analytic model to the
question of grade retention, but it does not allow for time-varying treat-
ment effects.1 Other studies use both regression discontinuity and instru-
mental variables to deal with selection on unobservables (Eide and Showalter
2001; Fertig 2004; Jacob and Lefgren 2004, 2009; Greene andWinters 2007;
Brodaty, Gary-Bobo, and Prieto 2008; Manacorda 2012). For instance, Jacob
and Lefgren (2009) and Manacorda (2012) use a regression discontinuity ap-
proach that exploits a clear policy (a test performance threshold in the case
of Jacob and Lefgren [2004, 2009] and a rule based on days absent in the
case of Manacorda [2012]). Considering the case of the achievement rule,
the treatment effect of grade retention is estimated by comparing students
just above to students just below the threshold. These studies are also in-
terested in heterogeneity by time at which the student is retained and com-
pare estimated treatment effects across different grades where performance
thresholds apply.However, when treatment effects vary by the unobservable
ability of students, these comparisons are confounded by dynamic selection:
the marginal and average unobserved ability of students retained in these

1 Another notable difference is that our extended factor model accounts for mul-
tiple dimensions of ability (cognitive, behavioral, etc.), while Gary-Bobo et al. (2013)
use single-dimensional finite ordered types.
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different grades is likely to vary because of prior retention decisions and also
because of different performance thresholds. The key contribution of our
method is to separate out this time-varying treatment effect from dynamic
selection.
A second contribution of our method relative to the existing literature

that uses instrumental variables (IV) or regression discontinuity is that we
are able to show how the treatment effects vary by the unobserved abilities
of students and to estimate different average treatment effects, such as treat-
ment on the treated, rather than local average treatment effects. Because of
heterogeneity in retention policies across states, we have sufficient support
to identify the effect of grade retention even for the lowest-ability students,
who are often the target of policy, rather than just themarginal students.We
can also provide insight into how treatment effects might differ across stu-
dents depending on whether they are of low cognitive or behavioral ability.
Because we have considerable overlap in the distributions of abilities across
retention statuses (even students with above-median cognitive test scores are
retained in our data), we can also consider effects on relatively high-ability
students.
Methodologically, our paper also contributes to a relatively sparse liter-

ature on the estimation of time-varying treatment effects.HamandLaLonde
(1996) andAbbring andVan den Berg (2003) provide other useful approaches
to analyzing treatment effects in dynamic models. Whereas they rely on the
proportional hazards assumption, our model supports more general forms
of treatment heterogeneity than in either Abbring and Van den Berg (2003),
where treatment heterogeneity can be allowed at the expense of ruling out
the endogenously selected time-at-treatment to affect outcomes, or Ham and
LaLonde (1996), where treatment effects are homogeneous. Cellini, Ferreira,
and Rothstein (2010) and Fruehwirth and Traczynski (2013) use a dynamic
regression discontinuity approach, but these approaches deal with a more
limited form of selection and generally are not informative about treatment
effects away from the threshold, a central contribution of our approach.
Rokkanen (2014) andDong and Lewbel (2015) provide possible extensions
to the regression discontinuity method for estimating treatment effects away
from the threshold, but this would still only apply to specialized settings
where the selection rule is known. An advantage of our method is that it
generalizes to a majority of settings, where the selection rule for retention
is unknown. For instance, students may be retained through parental request,
because they have low behavioral ability, or because they underperform on
a cognitive exam.
Our approach to modeling time-varying treatments is close to that in

Heckman and Navarro (2007). However, our focus is substantively differ-
ent, namely, on how factor analytic methods can aid in identification and
interpretation of time-varying treatment effects. This builds on a burgeon-
ing literature that shows how factor models can be useful for identifying
treatment effects, primarily in a static context (e.g., Urzua 2013; Rokkanen
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2014). We provide a further methodological contribution in generalizing
the factor structure results used in other settings (Carneiro et al. 2003;
Bonhomme and Robin 2010). By employing the information contained in
higher-order moments, our factor model is less “data hungry” than stan-
dard models and can be applied to settings where few measurements (e.g.,
test scores) are available, but with the additional assumption that the fac-
tors are distributed asymmetrically (see Bonhomme and Robin [2009] for
a similar approach). Furthermore, an important aspect of our model, where
we are considering time-varying treatment effects, is to relax the standard
assumption of uncorrelated unobservable shocks that enter each equation
in each period by exploiting the panel aspect of our data to allow new un-
observable factors every period (unobserved persistent shocks). This is im-
portant because the event of retention in a given year could be correlated
with other negative shocks (such as parental divorce) that simultaneously
affect test outcomes.
We evaluate the effect of retention on achievement using data from the

Early Childhood Longitudinal Study of Kindergartners (ECLS-K). We find
that students who are retained in kindergarten would have performed as
much as 27% higher in the next year if they had not been retained. We also
find that the initial losses to achievement diminish over time. By the end of
our data, when students are approximately age 11, eliminating grade reten-
tion raises achievement by as much as 7% for students who were retained in
prior years. This means that these retained students learn 7% less by age 11
than they would have learned if they had not been retained. As we discuss
further below, a somewhat surprising finding is that the treatment effect of
kindergarten retention is positive for the average untreated student in the
long run, whereas it is negative for the average treated student. We provide
evidence that the positive average treatment effect arises because higher-
ability students, if retained,would receivemore parental and school resources
as a consequence of retention than lower-ability retained students.
The paper proceeds as follows. In Section II, we describe the basic frame-

work and define dynamic treatment effects for the dynamic case. In Section IV,
we specialize the framework to our proposed factor structure. We show
that the model is semiparametrically identified. We describe our estimation
strategy in Section V. Data and results are discussed in Sections III and VI.

II. The Framework

Below we outline a simple framework for evaluating the effect of grade
retention that permits heterogeneous treatment effects based on ability
and timing of retention and applies to a general context where the selection
rule is unknown.
Let t 5 1, 2, ::: , t index calendar time and i 5 1, :::, I index the individ-

ual. Since we allow for students to be retained at different times, we define a
random variable that indicates the grade in which a student is retained, Ri ∈
f1, 2, ::: ,R 2 1,R,∞g, where R ≤ t allows for the possibility that students
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maybe retainedonly up to a certain time periodor grade.We assume that the
student is retained at most once. Our data follow a single cohort of
kindergarteners across time, so thatRi 5 1 denotes that a student is retained
in kindergarten, and so forth.We adopt the convention of lettingRi 5 ∞ for
the “never” treated statewherewe donot observe a student being retained in
the sample period.

A. Outcomes and Selection Rule

The outcome of interest, math and reading test scores at time t for a stu-
dent iwho receives treatment at time r, is denoted byYi (t, r). For notational
simplicity, we keep all conditioning on covariates, observable school and
student characteristics, implicit. Finally, we define a random variable Di(r)
that takes value 1 if an individual is retained at time r and 0 otherwise. For
individual i, the observed outcome in period t will be given by

Yi tð Þ 5 o
R

r51

Di rð Þ Yi t, rð Þ 2 Yi t,∞ð Þ½ � 1 Yi t,∞ð Þ : (1)

While the standard case only has the treated and untreated potential
states, we have the untreated, the treated at time 1, the treated at time 2,
and so forth. There is no single effect of retention, but rather an effect of re-
tention in kindergarten, in first grade, and so forth. Furthermore, there is no
single effect of retention in kindergarten, for example, as the effects depend
on the time elapsed since retention.
Following Abbring and Van den Berg (2003), we also impose that:

ASSUMPTION 1. Yiðt, rÞ 5 Yiðt,∞Þ 5 YiðtÞ for r ≥ t.

This assumption rules out that potential outcomes differ because in the fu-
ture treatment times will be different. This means, for example, that after
conditioning on all prior information, the fact that a student will be retained
in second grade does not directly affect his/her performance in first grade.
While Abbring and Van den Berg refer to this as the no anticipations as-
sumption, this should not be confused with the assumption that individuals
are not forward-looking. Assumption 1 does not rule out that individuals
may predict that they are more likely to get treated at a particular time r
(i.e., have some anticipation as to treatment time).2

2 The assumption does rule out that after conditioning on the information avail-
able at the pre-r period of interest t, the actual event of getting treated at time r has
an effect on pre–time r outcomes. It is in this sense that it is closer to a “no perfect
foresight” assumption, although this is not necessary for assumption 1 to hold. We
can accommodate cases in which assumption 1 does not hold, but we keep the as-
sumption for simplicity. See Abbring and Van den Berg (2003) and Heckman and
Navarro (2007) for a discussion.
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We decompose outcomes into a mean component and an individual-
specific component,

Yi t, rð Þ 5 F t, rð Þ 1 ei t, rð Þ, (2)

where, because of assumption 1, we impose Fðt, rÞ 5 FðtÞ and eiðt, rÞ 5
eiðtÞ if r ≥ t. This decomposition permits us to write the observed outcome
(test score) in period t as

Yi tð Þ 5 Fðt,∞Þ 1 eiðt,∞Þ 1 o
min t,�Rf g

r51

Di rð Þ F t, rð Þ 2 F t,∞ð Þð Þ

1 o
min t,�Rf g

r51

Di rð Þðei t, rð Þ 2 ei t,∞Þð Þ:

This is similar to the typical potential outcomes framework, except that now
we have multiple periods where students could be retained, and so we have
to allow for all potential treatment times. The first component describes the
outcome for those not retained. The second and third components describe,
respectively, the mean and individual-specific treatment effect of retention
at a given grade (relative to not being retained). The relevance of this repre-
sentation becomes clearer in the discussion of identification and estimation.

In most cases, the decision to retain a student is not clearly defined, but
rather is the result of a complex process involving many actors, including
teachers, principals, and parents. We thus model selection in a reduced-form
way, such that the treatment-time-specific index isViðrÞ 5 lðrÞ 1 UiðrÞ for
r ∈ f1, 2, ::: ,R 2 1,Rg, and treatment time is selected according to

Di Rið Þ 5 1 Vi Rið Þ > 0 ∣ Vi rð Þ < 0f gRi21
r51

� �
5 1 Vi Rið Þ > 0 ∣ Di rð Þ 5 0f gRi21

r51

� �
,

where 1(a) is an indicator function that takes value 1 if a is true and 0 other-
wise, and where Ri 5 ∞ if fViðrÞ < 0gR

r51. The selection process is dynamic
in the sense that today’s choice to retain a student depends on yesterday’s
choice: treatment time r can only be selected if treatment has not been taken
before.
This framework can be thought of as a midpoint between the standard

static treatment literature that does not model the selection process ex-
plicitly and a fully specified structural dynamic discrete choice model.3 At

3 Our selection model is consistent with the usual threshold-crossing or reservation-
value decision rules that frequently arise from complex dynamic decision problems.
Cunha, Heckman, and Navarro (2007) provide conditions under which structural
dynamic discrete choicemodels can be represented by a reduced form approximation
as above.
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the same time, the selection process we propose is consistent with, for ex-
ample, the commonly employed test score thresholds for whether a stu-
dent should repeat a grade. This threshold could be individual specific if
schools use relative comparisons or take into account extenuating circum-
stances for individual students. Our selection process applies whether we
observe the scores used for the decision (as in Jacob and Lefgren 2004) or
not. For example, if the jth test scoreYi,j(t) (whether observed by the econo-
metrician or not) is used to decide who to retain, and the threshold mi is
individual specific, we would have

Vi tð Þ 5 l tð Þ 1 Ui tð Þ
5 2Yi,j tð Þ 1 mi

5 2Fj tð Þ 2 ei,j tð Þ 1 mi,

(3)

where lðtÞ 5 2FjðtÞ and UiðtÞ 5 2ei,jðtÞ 1 mi. Clearly, thresholds based
on combinations of different test scores would also be consistent with
our specification.

B. Defining Treatment Effects

Because both the timing of treatment and the time elapsed since treatment
may matter, there are many possible individual treatment effects. A partic-
ular parameter of interest is

D1
i t, r, r 0ð Þ 5 Yi t, rð Þ 2 Yi t, r

0ð Þ
5 F t, rð Þ 2 F t, r 0ð Þ 1 ei t, rð Þ 2 ei t, r

0ð Þ,
which measures the effect at period t of receiving treatment at time r versus
receiving treatment at time r 0. An example would be the difference in test
scores at age 11 for a student if he/she repeats first grade versus if he/she
repeats third grade. If we let r0 5 ∞, this parameter would measure the effect
at t of receiving treatment at time r versus not receiving treatment at all.
Because of the multiplicity of treatments available, we can define many

more mean treatment parameters than in the static binary case, like the av-
erage effect of receiving treatment at r versus receiving treatment at r 0,

ATE t, r, r0ð Þ 5 E Y t, rð Þ 2 Y t, r0ð Þð Þ 5 F t, rð Þ 2 F t, r 0ð Þ
or the effect of treatment at r versus treatment at r 0 for people who are ac-
tually treated at time Ri 5 r 00,

TT t, r, r 0, r 00ð Þ 5 E Y t, rð Þ 2 Y t, r 0ð Þ ∣Ri 5 r 00ð Þ,
and so forth. For instance, wemaywant to know the return to retaining stu-
dents in kindergarten who were actually retained in first grade. One inter-
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esting issue in comparing treatment effects is that we cannot hold both grade
and age fixed. In this paper, we hold age fixed because that is what is permit-
ted with the data, as discussed further below. In the case of being treated
versus not, the treatment effect of not being retained involves the student
being exposed to an extra grade’s worth of material. In comparing the rel-
ative effects of two possible treatment times, such as being retained in kin-
dergarten versus first grade, the student is exposed to the same amount of
material since the treatment comparison is done at the same grade (e.g., third
grade).

III. Data

Weuse the ECLS-K, a nationally representative survey of kindergartners
in school year 1998–99, to study the effect of grade retention. It follows the
students as they progress through school, with follow-up surveys in the
1999–2000, 2001–2, and 2003–4 school years. A benefit of these data is that
we observe the history of a student’s schooling beginning at kindergarten,
and it covers the earlier years when retention is relatively more common.
Roughly 10% of our sample is retained between kindergarten and fourth
grade. We restrict the sample to students who were retained at most once,
did not skip grades, and were taking kindergarten for the first time in
1998–99.4 Because of the nature of the survey, we are able to form three dif-
ferent retention indicators: kindergarten, early (first or second grades), and
late (third or fourth grades).5 That is, our dynamic treatment time indicator
takes values Ri 5 1, 2, 3,∞, where Ri 5 ∞ means the student is never re-
tained, Ri 5 1 that he/she is retained in kindergarten, Ri 5 2 that he/she
is retained early, and Ri 5 3 that he/she is retained late.
Each year of the ECLS-K includes cognitive tests measuring students’

science, reading, and math skills.6 We focus primarily on the effect of reten-
tion at different grades on the math and reading tests, using the log of the
item response theory (IRT) scores. The ECLS-K also includes teacher rat-
ings on students’ behavioral and social skills—the approaches to learning,
self-control, and interpersonal skills components of the Social Rating Scale

4 The number of students we observe being retained twice in the raw data is about
.3%of the sample. After restricting to the samplewith the necessary set of covariates,
this numberwould be even smaller.We lose about 100 students in the restricted sam-
ple when we drop students who are taking kindergarten for the second time in the
base year, or about 1% of our restricted sample. Including them does not significantly
change our estimated effects of retention.

5 We can separate early and late into the four grades at which retention takes
place, but only for less than half of the sample, and we already lose a significant
amount of data because of attrition, as shown below.

6 In the first two periods, students are given a general knowledge test, rather than
a science test, which measures science skills. However, the science and the general
knowledge tests are not directly comparable.
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(SRS).We use these together with the cognitive tests in order to identify the
different components of ability, as described below in Section IV.
A logical difficulty in evaluating the effect of grade retention is that it is

impossible to hold both the grade and the age fixed when determining the
treatment effect of retention. Depending on the policy question of interest,
it may be more appropriate to focus on measuring effects holding grade
fixed or holding age fixed. The effect holding grade fixed addresses, for
instance, whether a student learns more by the end of fifth grade than he/she
would have if he/she had not repeated fourth grade. This attributes matura-
tion (or age) effects to the estimated effect of retention. Alternatively, holding
age fixed measures whether a student learns more, say, by age 11 if he/she
repeats fourth grade than he/she would have if he/she had been promoted
to the fifth grade and exposed to new material. We focus on the effect of re-
tention holding age fixed.7 This is in part because the tests used by ECLS-K
are designed to measure cognitive development as opposed to grade-specific
knowledge, but also because we do not have the data to estimate the effect
holding grade fixed. For instance, if a student is retained in kindergarten,
we observe his/her achievement twice in kindergarten and then in second
and fourth grade but not in third grade and fifth grade, which is what we
observe for nonretained students. Arguably, estimates holding age fixed pro-
vide a more conservative estimate of the potential benefits of grade reten-
tion, given that we are comparing students who have not been exposed to an
extra year of material.
The ECLS-K contains a very rich set of covariates. We use characteristics

of the student, the family, the class, and the school as controls in our model.
Class and teacher characteristics are taken from teacher surveys.8 School
administrator surveys provide information about the school characteristics,
and parent surveys provide information about the family.
Table 1 shows descriptive statistics for the covariates we include in all our

equations for the first year of the survey (1998–99) in columns 1–3. In order
to include as many observations as possible, we include in the sample stu-
dents who have any test score measure in the first year and the full set of
conditioning covariates. Thus, the number of observations differs across test
scores and covariates. A potentially important concern with a panel study of
this type is nonrandom sample attrition. As shown in table 1, the number of
observations decreases substantially from 7,832 in the base year to 2,106
in the last year. Column 5 of table 1 shows the mean 1998–99 characteristics

7 This is also the focus of Jacob and Lefgren (2004) and a number of the higher-
quality studies in the literature, as surveyed by Allen et al. (2009).

8 For the 2003–4 school year, both math/science and reading teachers fill out sur-
veys, resulting in potentially different classroom and teacher characteristics formath/
science and reading. We use the relevant classroommeasures for each test in estimat-
ing the outcome equations.
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Table 1
Summary Statistics

Value of Variables in 1998–99 School Year for
Observations Included in:

1998–99 School Year 2003–4 School Year

Variable Observations Mean SD Observations Mean SD

General test score 7,549 3.09 .35 2,078 3.14 .33
Reading test score 7,608 3.36 .28 2,078 3.39 .27
Math test score 7,794 3.10 .36 2,101 3.14 .35
Approach to learning 7,829 .05 .98 2,104 .13 .95
Self-control 7,808 .03 .97 2,097 .11 .94
Interpersonal skills 7,782 .02 .98 2,095 .09 .96
Male 7,832 .50 .50 2,106 .49 .50
White 7,832 .65 .48 2,106 .77 .42
Black 7,832 .12 .32 2,106 .07 .26
Hispanic 7,832 .14 .34 2,106 .09 .28
Body mass index 7,832 16.25 2.13 2,106 16.21 2.10
Age 7,832 5.62 .34 2,106 5.63 .34
Number of siblings 7,832 1.42 1.11 2,106 1.41 1.07
Socioeconomic Status Index 7,832 .10 .78 2,106 .20 .74
Attended full-time kindergarten 7,832 .58 .49 2,106 .52 .50
TV rule at home 7,832 .89 .32 2,106 .89 .31
Mother not in household 7,832 .01 .11 2,106 .01 .11
Father not in household 7,832 .17 .37 2,106 .12 .32
Number of books at home 7,832 80.54 60.75 2,106 88.76 60.23
Minority students in school between
(1%, 5%) 7,832 .20 .40 2,106 .20 .40

Minority students in school between
(5%, 10%) 7,832 .15 .36 2,106 .12 .33

Minority students in school between
(10%, 25%) 7,832 .10 .30 2,106 .05 .22

Minority students in school > 25% 7,832 .16 .36 2,106 .09 .29
Public school 7,832 .78 .42 2,106 .73 .44
TT1 funds received by school 7,832 .62 .49 2,106 .63 .48
Crime a problem 7,832 .46 .58 2,106 .36 .52
Students bring weapons 7,832 .16 .37 2,106 .13 .34
Children or teachers physically
attacked 7,832 .36 .48 2,106 .35 .48

Security measures in school 7,832 .55 .50 2,106 .58 .49
Parents involved in school activities 7,832 2.97 .90 2,106 3.10 .83
Teacher has a master’s degree 7,832 .35 .48 2,106 .34 .48
Teacher experience 7,832 14.31 9.03 2,106 14.39 8.97
Student’s class size 7,832 20.40 5.00 2,106 19.89 4.80
Teacher’s rating of class behavior 7,832 1.56 .78 2,106 1.52 .77
Minority students in class between
(1%, 5%) 7,832 .08 .26 2,106 .09 .29

Minority students in class between
(5%, 10%) 7,832 .13 .33 2,106 .16 .36

Minority students in class between
(10%, 25%) 7,832 .18 .39 2,106 .18 .38

Minority students in class > 25% 7,832 .42 .49 2,106 .28 .45

SOURCE.—ECLS-K Longitudinal Kindergarten–Fifth Grade Public-Use Data File.
NOTE.—For our counterfactual analyses, we only use data on students whose covariates and retention

history are observable (i.e., not missing) for all time periods. Thus, we end up with fewer observations
at the 2003–4 school year.
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for students who are still in the sample in 2003–4 (the last year of the survey
thatwe use for estimation). Comparing summary statistics, we see suggestive
evidence of nonrandom attrition. In Section IV.C, we discuss how we con-
trol for nonrandom attrition. Table 2 breaks out summary statistics by reten-
tion statuses and shows that students who are retained have lower test scores
and are more disadvantaged than those who are not retained. Furthermore,
observable characteristics differ across retention statuses, suggesting that un-
observable characteristics may differ as well, that is, that dynamic selection
might be a concern.
Before discussing our identification strategy, we first perform some base-

line OLS regressions that indicate that dynamic selection and/or time-
varying treatment effects are likely to be important in our data. To test for
dynamic selection, we regress the kindergarten cognitive tests, which took
place prior to any retention decisions, on period-specific indicators of
whether the student is retained in the future. We also control for covariates
related to the student, his family, school, and class, as described in table 1
above. Column 1 of table 3 presents results for reading and math in panels
A and B, respectively. Not surprisingly, students who will be retained have
lower kindergarten test scores than those who will not be retained. Reading
scores are 18% lower for kindergarten retainees and 20% and 12% lower
for early and late retainees. Math scores are even more striking, 27%,
32%, and 22% lower for kindergarten, early retainees, and late retainees, re-
spectively. Furthermore, p-values, reported at the bottom of the table, reject
the joint test that the coefficients on being retained at different grades in the
future are the same. These results suggest not only the presence of selection
but also dynamic selection on cognitive test scores, that is, different types of
students are being retained at different grades.
We show evidence that time-varying treatment effects are likely to be

present by regressing test scores in the last sample period (2003–4 school
year) on retention in different grades. As shown in column 2 of table 3, be-
ing retained is associated with worse outcomes than not being retained. The
coefficients on the different retention statuses are also significantly different
from each other. This is not direct evidence of time-varying treatment ef-
fects, since differences in the estimated effects across grades could be a result
of time-varying treatment effects or a result of dynamic selection.
One way to begin to control for a static component of selection is to in-

clude various performance measures in kindergarten, that is, prior to any
retention decisions taking place. Columns 3 and 4 control for kindergarten
cognitive test scores and then behavioral scores. Consistent with the exis-
tence of selection, the negative effects of retention become smaller but do
not disappear. For instance, the coefficient on kindergarten retention is
cut in half for both reading and math, from218% without initial test con-
trols to 29% with test controls. Furthermore, we reject the formal test of
equality of the effects for different retention times, again providing evidence

990 Fruehwirth et al.

This content downloaded from 
�����������205.175.106.83 on Tue, 24 Oct 2023 21:36:45 +00:00����������� 

All use subject to https://about.jstor.org/terms



Table 2
Summary Statistics for Selected Variables by Retention Status
(1998–99 School Year)

Not
Retained

Retained in
Kindergarten

Retained
Early

Retained
Late

Variable Mean SD Mean SD Mean SD Mean SD

General test score 3.12 .33 2.85 .37 2.72 .33 2.78 .32
Reading test score 3.39 .27 3.13 .21 3.08 .18 3.15 .17
Math test score 3.14 .35 2.77 .32 2.67 .26 2.74 .25
Approach to learning .12 .94 2.72 .99 2.91 .95 2.40 .98
Self-control .06 .96 2.31 1.02 2.41 1.03 2.09 .93
Interpersonal skills .06 .96 2.36 .95 2.53 1.00 2.21 1.01
Male .49 .50 .66 .48 .63 .48 .54 .50
Black .11 .31 .14 .35 .29 .46 .28 .45
Hispanic .13 .34 .12 .32 .19 .39 .18 .39
Age 5.64 .34 5.39 .28 5.50 .32 5.52 .33
Attended full-time kindergarten .57 .49 .62 .49 .61 .49 .72 .45
Number of siblings 1.39 1.08 1.65 1.27 1.80 1.41 1.52 1.25
Socioeconomic Status Index .13 .77 2.12 .80 2.33 .69 2.54 .60
TV rule at home .89 .31 .90 .30 .83 .37 .90 .31
Father not in household .16 .37 .19 .39 .28 .45 .38 .49
Number of books at home 82.52 60.84 71.20 60.34 50.19 49.66 45.00 42.67
Minority students in school >25% .15 .36 .16 .37 .27 .44 .38 .49
Public school .77 .42 .73 .44 .91 .28 .93 .25
TT1 funds received by school .62 .49 .61 .49 .76 .43 .79 .41
Teacher has a master’s degree .35 .48 .32 .47 .40 .49 .33 .47
Teacher experience 14.37 9.02 14.19 9.29 13.74 8.90 12.51 9.14
Student’s class size 20.46 4.96 19.48 5.49 20.76 4.70 20.63 4.47
Minority students in class > 25% .40 .49 .42 .50 .63 .48 .66 .48
Policy:
Can be retained for immaturity .76 .43 .78 .41 .72 .45 .68 .47
Can be retained at parents’ request .75 .43 .76 .43 .79 .41 .76 .43
Can be retained due to academic
deficiencies .88 .33 .83 .38 .91 .29 .88 .32

Can be retained any grade more
than once .10 .30 .13 .33 .14 .35 .15 .36

Can be retained more than once
in elementary school .35 .48 .30 .46 .43 .50 .50 .50

Can be tetained without parents’
permission .44 .50 .45 .50 .61 .49 .58 .50

Number of observations 7,038 255 288 87

SOURCE.—ECLS-K Longitudinal Kindergarten–Fifth Grade Public-Use Data File
NOTE.—For our counterfactual analyses, we only use data on students whose covariates and retention

history are observable (i.e., not missing) for all time periods. Thus, we end up with fewer observations
at the 2003–4 school year. The last line lists the total number of usable observations (i.e., observations that
contain at least one test/rating). Hence, the number of usable observations for any particular test/rating
does not necessarily correspond to the number of observations in the last line. Notice that the last line does
not sum to the total number of observations in table 1 (7,832). This is because we do not know every stu-
dent’s retention status. Regardless, these observations can still be used in period 1, when no selection has
taken place.
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for potentially time-varying treatment effects. The same pattern holds for
the other cognitive tests and behavioral measures. After including all initial
test controls, retention in kindergarten is estimated to lower achievement by
9%, early retention by 14%, and late retention by only 4%, in both reading
and math.

Table 3
Evidence for Dynamic Selection and Treatment Effect

Dependent Variable

Kindergarten Reading
Score for 1998-99

School Year
Reading Score for
2003–4 School Year

(1) (2) (3) (4)

A. Reading score:
Retained in kindergarten 2.1775* 2.1791* 2.0948* 2.0926*
Retained early (1st or 2nd grade) 2.2014* 2.2306* 2.1450* 2.1374*
Retained late (3rd or 4th grade) 2.1222* 2.1192* 2.0498 2.0358
Student’s characteristics Yes Yes Yes Yes
Family characteristics Yes Yes Yes Yes
School characteristics Yes Yes Yes Yes
Age and (Age)2 Yes Yes Yes Yes
Kindergarten cognitive tests No Yes Yes
Kindergarten behavioral ratings No No Yes
Number of observations 5,319 2,040 2,014 1,998
p-value for:

KI 5 EA 5 LA .003 .019 .026 .012
KI 5 EA .189 .099 .079 .113
EA 5 LA .001 .006 .009 .003
KI 5 LA .028 .148 .192 .092

R2 .312 .385 .530 .530
B. Math score:

Retained in kindergarten 2.2735* 2.1804* 2.0727* 2.0889*
Retained early (1st or 2nd grade) 2.3172* 2.2450* 2.1463* 2.1396*
Retained late (3rd or 4th grade) 2.2240* 2.1697* 2.0875* 2.0387
Student’s characteristics Yes Yes Yes Yes
Family characteristics Yes Yes Yes Yes
School characteristics Yes Yes Yes Yes
Age and (Age)2 Yes Yes Yes Yes
Kindergarten cognitive tests No Yes Yes
Kindergarten behavioral ratings No No Yes
Number of observations 5,462 2,043 2,017 1,998
p-value for:

KI 5 EA 5 LA .006 .094 .086 .012
KI 5 EA .097 .071 .038 .076
EA 5 LA .002 .079 .097 .004
KI 5 LA .136 .813 .684 .141

R2 .408 .357 .531 .522

NOTE.—Yes/No indicates if each group of variables is included as controls. KI, EA, and LA stand for the
coefficient of the dummy variable for “retained in kindergarten,” “retained early,” and “retained late,” re-
spectively. The p-values are for the hypothesis of equality of coefficients on KI, EA, and LA.
* Statistically significant at the 5% level.
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While this provides suggestive evidence of both time-varying treatment
effects and dynamic selection, it is far from conclusive. The assumption that
kindergarten test scores control for dynamic selection is a very restrictive
one in that it assumes a static ability that determines whether one is retained
in kindergarten, early, or late. In addition, test scores are noisy measures of
true latent abilities; hence, using the kindergarten measures as controls may
actually worsen the bias in the estimated treatment effects (Heckman and
Navarro 2004). Furthermore, this illustrative analysis does not capture het-
erogeneous effects of treatment by student type, a central motivation of our
paper.
The ECLS-K also has information on the schools’ retention policies for

the 1998–99, 1999–2000, and 2001–2 survey years, including whether the
school has a policy that allows students to be retained in any grade (this
policy only applies to grades after kindergarten), to be retained because
of immaturity, to be retained at the parents’ request, to be retained without
parental authorization, to be retained multiple times, or to be retained mul-
tiple times in a given grade. As shown in table 2, retention policies vary con-
siderably across schools and also to a lesser extent across retention statuses.
In general, students who are retained early or late attend schools with more
“liberal” retention policies than students who are not retained or who are
retained in kindergarten. For instance, in the 1998–99 school year, 44% of
schools in the nonretained sample permit retentionwithout parental permis-
sion, compared to 61% and 58% for students who are retained early or late.
Our identification strategy in Section V incorporates these variables by us-
ing them as exclusions, in that they do not directly determine the student’s
test score but they do affect the probability that a student repeats a grade.
We perform various tests to examine whether these are valid exclusions,

focusing on the static setting, estimating the effect of kindergarten retention
on 1999–2000 test scores, the year after retention. First, we perform a sim-
ple two-stage least squares regression (instrumenting for kindergarten re-
tentionwith the retention policies) andfind that they satisfy the test of over-
identifying restrictions. We also try an alternative where we control for
selection using a semiparametric control function approach (see Navarro
[2008] for a description). If the exclusion restrictions are valid, they should
only affect test scores through the selection process. Hence, we can test
whether the retention policy variables are significant oncewe control for se-
lection. To do this, we first estimate a probit of whether a student is retained
in kindergarten on all the relevant covariates and the retention policy vari-
ables (the equivalent to the first stage in a 2SLS approach), and we find that
the retention policy variables are jointly significant (p-value of .008). We
then regress test scores on all the covariates, an indicator for whether the
student was retained in kindergarten and a polynomial on the probability
of selection (i.e., the control function). The terms involving the probability
of selection are jointly significant in all cases (p-values of .033, .019, and .005
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for reading, math, and general knowledge test scores, respectively), which is
evidence that there is selection on unobservables. Finally, we run the same
regressions including the retention policy variables (i.e., the exclusion re-
strictions), and we find that they are not significant (p-values of .082, .543,
and .158, for reading,math, and general knowledge test scores, respectively).
This is helpful evidence in support of our exclusion restrictions but far from
definitive given that we cannot test for their validity in the dynamic model.
To make sure the assumptions on the exclusions are not driving our results,
we also estimate the full model without the exclusion restrictions, and we
get similar results.

IV. Identification

The primary challenge in identifying the treatment effect of grade reten-
tion in the static framework is that individuals differ in unobservable ways
that help determine both selection into retention and the effect of retention.
For instance, lower-ability students are more likely to be retained and may
also learn at a slower rate than higher-ability students, leading to a differ-
ent effect of grade retention. The problem is similar in our setting, with
the added challenge that selection is dynamic and that treatment effects vary
over time as well as by unobservable characteristics of the student.
We first illustrate the strategy we develop to control for dynamic selec-

tion using a three-period example in Section IV.A. Central to the credibility
of our identification strategy is that we have adequately controlled for the
unobservables that jointly determine selection into treatment and the effect
of treatment. In Section IV.B, we illustrate how identification works in the
case of a unidimensional unobservable factor that affects both selection into
treatment and the outcome of treatment, and we then expand this to allow
for correlated shocks to outcomes over time. This is important for capturing
shocks, such as divorce, whichmight affect both selection into retention and
the treatment effect of retention. Section IV.C then expands the argument to
multidimensional abilities. This appears crucial in our setting, where stu-
dents may be retained for behavioral or cognitive reasons.

A. Factor Structure

Consider a three-period example, where treatment can be taken in either
of the first two periods (R 5 1, 2); that is, students can be retained in kin-
dergarten or first grade. The policy is evaluated according to its effect on
some outcome measured at period t: Yi(t, r), for example, third-period test
scores. For example, potential outcomes in period 3 can be given by

Yi 3, rð Þ 5 F 3, rð Þ 1 ei 3, rð Þ  for    r 5 1, 2,∞,

and the observed outcome can be written as a function of potential out-
comes and treatment indicators as
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Yi 3ð Þ 5 F 3,∞ð Þ 1 Di 1ð Þ F 3, 1ð Þ 2 F 3,∞ð Þ½ � 1 Di 2ð Þ F 3, 2ð Þ 2 F 3,∞ð Þ½ �
1 ei 3,∞ð Þ 1 Di 1ð Þ ei 3, 1ð Þ 2 ei 3,∞ð Þ½ � 1 Di 2ð Þ ei 3, 2ð Þ 2 ei 3,∞ð Þ½ �:

(4)

Equation (4) is a regression model with dummy indicators for the time
at which an individual is retained. It is different from a standard binary
treatment model both because there is more than one treatment indicator
and because the effect of treatment is potentially heterogeneous due to the
interaction of the treatment indicatorwith the individual-specific unobserv-
able gains from treatment. If the decision of when to receive treatment is
correlated with the unobservable (to the econometrician) gains of choosing
each treatment, we have a situation with essential heterogeneity, in the lan-
guage of Heckman, Urzua, and Vytlacil (2006). That is, essential heteroge-
neity exists if the students who are retained are more likely to experience
higher (lower) gains from retention. Formally, in our case treatment status
Di(r) and/or Di(r 0) may be correlated with eið3, rÞ 2 eið3, r 0Þ for r ≠ r 0.
One way to account for essential heterogeneity is to recover the joint dis-

tribution of the unobservables in the selection and outcome equations,
ðUi, eiÞ. This way we can describe how the treatment effect varies across un-
observable individual types. Imposing a factor structure simplifies the prob-
lem and permits us to recover the joint distribution of the unobservables.
In particular, we put some structure on the residuals that determine student
outcomes and selection into being retained. We assume that they can be de-
composed into a component that determines both selection into treatment
and outcome of treatment (we refer to these as factors vi and interpret them
as student abilities) and random component, that is:

ASSUMPTION 2. (Factor structure) eiðt, rÞ 5 viaðt, rÞ 1 εiðtÞ andUiðrÞ 5
virðrÞ 1 uiðrÞ, where vi is a vector of mutually independent “factors,”
and we assume that εiðtÞ ⫫ εiðt 0Þ for all t ≠ t0, uiðrÞ ⫫ uiðr 0Þ for all r ≠ r 0,
and uiðrÞ ⫫ εiðtÞ for all r and t, where ⫫ denotes statistical independence.9

If assumption 1 holds, aðt, rÞ 5 aðt,∞Þ 5 aðtÞ for r ≥ t. The factor struc-
ture assumption is a convenient dimension reduction technique: it reduces

9 We impose assumption 2 for convenience, even though it is stronger than re-
quired. Following the analysis of measurement error models in Schennach (2004)
and Hu and Schennach (2008), we can relax the strong statistical independence as-
sumptions and replace them with a combination of general dependence and weaker
mean independence assumptions. Furthermore, the assumption that ui (r) ⫫ εi (t) for
all r and twould not hold in the case inwhich the decision to retain is based on the same
test scores used in the analysis. Our identification argument can be readily adapted to
account for this case (see appendix B; appendices A and B are available online).
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the problem of recovering the entire joint distribution of (Ui,  ei) to that of
recovering the factor “loadings” aðt, rÞ and rðrÞ and the marginal distribu-
tions of the elements of vi and of εiðtÞ, uiðrÞ 8 t, r.
The factor structure also has an appealing interpretation, since we can

now talk about a low dimensional set of common “causes.”10 The same
set of unobservables that determines the effect of grade retention also deter-
mines whether a student is retained. We can then see how selection into re-
tention and the treatment effect of retention vary by student abilities and the
timing of retention.
To understand how the factor structure assumption helps address the

identification problem associated with unobserved heterogeneity, consider
our three-period example. If assumption 2 holds, the choice process is de-
termined by

Vi rð Þ 5 l rð Þ 1 vir rð Þ 1 ui rð Þ :
We find it plausible to assume that selection into retention depends on abil-
ities that are unobservable to the researcher because parents and teachers
would know more about the ability of the student. However, as discussed
in Section II, the decision rule is consistent with parents and teachers bas-
ing retention only on observable test scores. The observed outcome vectors
are

Yi 1ð Þ 5 F 1ð Þ 1 εi 1ð Þ 1 via 1ð Þ,
Yi 2ð Þ 5 F 2,∞ð Þ 1 Di 1ð Þ F 2, 1ð Þ 2 F 2,∞ð Þ½ � 1 εi 2ð Þ 1 via 2,∞ð Þ

1Di 1ð Þvi a 2, 1ð Þ 2 a 2,∞ð Þ½ �,
and

Yi 3ð Þ 5 F 3,∞ð Þ 1 Di 1ð Þ F 3, 1ð Þ 2 F 3,∞ð Þ½ � 1 Di 2ð Þ F 3, 2ð Þ 2 F 3,∞ð Þ½ �
1 εi 3ð Þ 1 via 3,∞ð Þ 1 Di 1ð Þvi a 3, 1ð Þ 2 a 3,∞ð Þ½ �
1Di 2ð Þvi a 3, 2ð Þ 2 a 3,∞ð Þ½ �:

By the third year, students could have been retained in the first period or
the second period. Essential heterogeneity is present when aðt, rÞ ≠ aðt,
∞Þ. In this case, unobserved gains in the test score, eiðt, rÞ 2 eiðt,∞Þ 5
vi½aðt, rÞ 2 aðt,∞Þ� are individual-specific and vary based on the student’s
unobservable abilities. Furthermore, they also determine whether a student
is retained, asDi(r) is a function of the same vi.
If we could recover (or condition on) the unobserved vi, then Di(1) and

Di(2) would no longer be endogenous, and we could obtain consistent esti-

10 See Jöreskog and Goldberger (1975) for a discussion and Carneiro et al. (2003)
and Cunha, Heckman, and Navarro (2005) for recent developments.
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mates of the treatment effect. This is the key intuition behind the factor
model, to condition not only on observable covariates but also on the un-
observable vector vi in order to recover the conditional independence as-
sumption of quasi-experimental methods. In this way, the factor structure
is an alternative form of matching, where the idea is to “match” based not
only on variables observable to the econometrician but also on the unob-
servable factors.
The factor model can also be understood as a generalization of the fixed

effectsmodel. To see this, take differences between the period 2 and period 1
jth outcomes as one would do in the standard fixed effects model to differ-
ence out the individual effect vi. In our model, differencing is not enough;
instead we get

Yi 2ð Þ2 Yi 1ð Þ 5 F 2,∞ð Þ2 F 1ð Þ1 Di 1ð Þ F 2, 1ð Þ2 F 2,∞ð Þ½ �1 εi 2ð Þ2 εi 1ð Þ
1 vi a 2,∞ð Þ 2 a 1ð Þ½ � 1 Di 1ð Þvi a 2, 1ð Þ 2 a 2,∞ð Þ½ �:

For the differencing strategy to work, we need to impose two restrictions.
First, we need to rule out essential heterogeneity, that is, að2, 1Þ 5
að2,∞Þ 5 að2Þ. This eliminates any heterogeneity in the effects of reten-
tion. Second, we need to assume that the marginal effect of vi does not
change over time; that is, að2Þ 5 að1Þ ; a. First-differencing eliminates
vi only when these two restrictions hold. As more periods pass, more as-
sumptions are required for the fixed effects model to work. For instance,
to identify the effect on period 3 outcomes, we would need to impose the
additional assumption that að3, 2Þ 5 að3, 1Þ 5 að3,∞Þ 5 að3Þ.11
These assumptions that permit identification of the treatment effect using

the differencing strategy also eliminate important heterogeneity. For instance,
they impose that the average treatment effect is the same as the treatment on
the treated, which is particularly unlikely in the case of grade retention. Thus,
the factor structure approach provides an important generalization of the
fixed effects approach by allowing for essential heterogeneity and that the
marginal effects of abilities vary by treatment status. We further generalize
from the fixed effects approach by permitting multidimensional abilities, so
that retention decisions and the outcome of retention can depend both on
cognitive and behavioral abilities of the students, as we discuss this further
in Section IV.C. These appealing properties of the factor structure are part

11 Alternatively, by relaxing the fixed effects assumption slightly, we could em-
ploy a double-differencing strategy. We continue to rule out essential heterogene-
ity, but now allow for time trends. In other words, we substitute the assumption of
a time-invariant marginal effect of vi with aðtÞ 5 a0 1 a1t. Under these assump-
tions, subtracting Yið2Þ 2 Yið1Þ from Yið3Þ 2 Yið2Þ would recover Fð3, 2Þ 2
Fð3,∞Þ and Fð3, 1Þ 2 Fð3,∞Þ 2 2ðFð2, 1Þ 2 Fð2,∞ÞÞ. However, even with these
strong assumptions, we could not separate the effect of being treated in period 1
on outcomes in periods 2 and 3.
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of the reason it is increasingly used in economic studies for estimating treat-
ment effects (see Carneiro et al. [2003], among others).

B. Single-Dimensional Ability Example

To illustrate how identification works with the factor structure assump-
tion, first consider the simplest example in which only one factor (e.g., the
first element of vi : vi,1) affects the outcome and selection equations in pe-
riod 1. The outcome in period 1 is then

Yi 1ð Þ 5 F 1ð Þ 1 vi,1a1 1ð Þ 1 εi 1ð Þ, (5)

where the parameters do not depend on retention status because we assume
that first period outcomes are free of selection. This assumption is natural in
our context where we have exams for students in kindergarten, before re-
tention decisions are made.12 However, it is not crucial, as we could alter-
natively correct for selection using exclusion restrictions. It is straightfor-
ward to show that the joint distribution of eið1Þ 5 vi,1a1ð1Þ 1 εið1Þ and
Uið1Þ 5 vi,1r1ð1Þ 1 uið1Þ is nonparametrically identified (e.g., Heckman
and Smith 1998). Because we can recover the joint distribution of the resid-
uals from the outcome and selection equation, we can also form the differ-
ent moments of the joint distribution. Further, we can form

E e2i 1ð ÞUi 1ð Þð Þ
E ei 1ð ÞU2

i 1ð Þð Þ 5
a2

1 1ð ÞE v3i,1
� �

a1 1ð ÞE v3i,1
� � 5 a1 1ð Þ,

where we have normalized r1ð1Þ 5 1.13

Implicitly, we assume here that the distribution is not symmetric; that is,
Eðv3i1Þ ≠ 0. While restrictive, this assumption allows for a compact identifi-
cation proof. In our application, we have more than one test per student,
in which case it is easy to relax the nonsymmetry assumption, as we show
in appendix B (appendices A and B are available online), but the proof be-
comes more cumbersome.
With a1ð1Þ in hand, it follows from a theorem of Kotlarski (1967) that the

distribution of vi,1 (and of εið1Þ and nið1Þ) is nonparametrically identified.14

12 The main objection to this assumption is that the sample may contain students
who have already been retained. We drop these students from the sample (about
1%), as indicated in Sec. III, though our results are not sensitive to their inclusion.

13 Given that v1 is latent, this normalization implies no restriction since
vi,1r1ð1Þ 5 vi,1k½r1ð1Þ=j� for any constant k.

14 The theorem states that, if X1, X2, and X3 are independent real-valued random
variables, and we define

Z1 5 X1 2 X2,

Z2 5 X1 2 X3,
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For example, suppose these distributions are such that they can be char-
acterized by their moments (see Billingsley [1995] for conditions). Then,
intuitively, identification of the distribution of vi,1 follows from the fact
that we can recover all its moments from taking higher-order cross mo-
ments of the residual from the selection and outcome equations; that is,
Eðeki ð1ÞUið1ÞÞ 5 ak

1ð1ÞEðvk11
i,1 Þ for k > 0.15

Because we are considering a dynamic model, an additional concern for
identification is unobserved correlated shocks, such as parental divorce or
loss of job, whichmight affect both selection into retention and the outcome
of retention. As a consequence, we now allow for a new element of vi (vi,2) to
enter the model. The second-period outcomes and the selection equation
for next period also depend on vi,2 and are given by

Yi 2, rð Þ 5 F 2, rð Þ 1 vi,1a1 2, rð Þ 1 vi,2a2 2, rð Þ 1 εi 2ð Þ,   for r ∈ 1,∞f g,
Vi 2ð Þ 5 l 2ð Þ 1 vi,1r1 2ð Þ 1 vi,2r2 2ð Þ 1 ui 2ð Þ:

Thus the vi,2 is an unobserved correlated shock that affects outcomes and
selection equations from period 2 onward, with the potential that its effect
may change as time elapses; that is, the effect of parental divorce may be
stronger in the short run than in the long run.
First, consider the selection correction forYi(2, r). Since the retention de-

cision for period 2 is made in the previous period, the only source of selec-
tion in this equation is vi,1. Controlling for selection involves finding the
distribution of vi,1 conditional on the previous retention decision, as we just
did above. Hence, we can control for selection even though vi,2 is present.
Next, we can identify the elements associated with vi,1 in the period 2 equa-
tions by taking cross moments over time (i.e., Yi(1) with the selection cor-
rected Yi(2, r) and Vi(2)). Finally, we can identify the elements associated
with the correlated shock (vi,2), as well as the nonparametric distributions
of við2Þ, nið2Þ, εið2Þ by taking cross moments within period 2 equations.
Further periods follow similarly, with additional shocks introduced each
period.

C. Multidimensional Abilities

We extend this analysis to the case in which unobserved ability (vi,1) is
multidimensional beyond the correlated shocks described above. We con-
sider a normalization of vi such that true ability at the initial period consists
of three independent components ðAi, Bi,CiÞ. In particular, assumewe have

15 Formally, one wants to characterize a distribution using its characteristic func-
tion and not moments, and this is precisely what the Kotlarski argument does.

then, if the characteristic function of (Z1, Z2) does not vanish, the joint distribution
of (Z1, Z2) determines the distributions ofX1,X2, andX3 up to location. For a proof,
see Kotlarski (1967) or Prakasa Rao (1992), theorem 2.1.1.
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access to Nc ≥ 2 measures (or tests) of cognitive functions z i,j, and Nb ≥ 2
measures of behavioral functions, bi,j, that are measured free of selection.
As before, we keep all conditioning on covariates implicit to simplify nota-
tion. We write the jth demeaned period 1 cognitive test as

z i,j,1 5 Aiaz ,j,1 1 Cipz ,j,1 1 εi,z ,j,1, (6)

and the jth demeaned behavioral test as

bi,j,1 5 Aiab,j,1 1 Bifb,j,1 1 εi,b,j,1: (7)

The latent index for selection for period 1 is

Vi 1ð Þ 5 l0,1 1 Zi,1lz,1 1 AirA,1 1 BirB,1 1 CirC,1 1 ui,1,

where Zi denotes an exclusion that affects the retention decision but not
outcomes directly.We take science, math, and reading test scores asmarkers
of cognitive ability Ci and general ability Ai (i.e., z) and the SRS ratings on
students behavioral and social skills as our noisy measures of the behavioral
ability Bi and general abilityAi (i.e., b). This is not to say that cognitive abil-
ity plays no role in behavioral aspects or vice versa but rather that whatever
is common between these functions is captured by the general ability com-
ponent Ai. The cognitive ability component Ci and the behavioral compo-
nent Bi measure the part of ability that is used exclusively for the corre-
sponding function.16

Semiparametric identification follows similarly to the one-factor model.
We prove semiparametric identification of the model formally in appendix
B. Intuitively, we now take moments across cognitive and behavioral equa-
tions to recover the period 1 a parameters and the nonparametric distribu-
tion of general ability, Ai. After removing general ability, we can then take
cross-moments within cognitive tests to recover the period 1 p parameters
and the distributions of cognitive ability,Ci, and the remaining residual, εi,z .
After removing general ability, we take cross moments within behavioral
tests to recover the period 1 f parameters as well as the nonparametric dis-
tributions of behavioral ability, Bi, and the remaining residual, εi,b. In es-
sence Ai represents everything that correlates behavioral and cognitive
scores, while Bi and Ci capture the residual correlation in behavioral and
cognitive scores respectively after accounting for Ai. The residual variance
in scores not captured by (Ai, Bi, Ci) is captured by εi.
Once we have recovered the distribution of (Ai,Bi,Ci), we can proceed to

the next period. Now some students will be treated (i.e., will repeat kinder-
garten), and so the test scores in period 2 will be contaminated with selec-

16 Other normalizations are possible, but the present normalization may also be
applicable to other settings with multidimensional unobservables. See Bonhomme
and Robin (2010) and Cunha et al. (2010) for examples.

1000 Fruehwirth et al.

This content downloaded from 
�����������205.175.106.83 on Tue, 24 Oct 2023 21:36:45 +00:00����������� 

All use subject to https://about.jstor.org/terms



tion. Since the only source of selection for period 2 test scores is given by
(Ai,Bi,Ci), we can control for selection in period 2 test scores by controlling
for how the (now-known) distribution of (Ai, Bi, Ci) for potential retainees
varies due to past retention decisions. We can then repeat the arguments
above and recover the period 2 loadings and the distribution of the period
2 ε0s from the selection-corrected period 2 outcomes. However, since we
now know the distribution of abilities in advance, we can let all three types
of ability enter all equations (whether behavioral or cognitive) without hav-
ing to normalize some loadings to zero. That is, the normalization that Bi

only enters b-equations and Ci only enters z-equations need only apply
to the first period.
Proceeding iteratively with the arguments above, we can recover all of

the parameters and distributions in the outcomes of interest for each pe-
riod. Furthermore, as in the single-dimensional ability example above, we
can add elements to v over time to allow for persistent unobserved (to the
econometrician) shocks every period. By adding a new element to v every
period, we can capture any residual correlation in outcomes not captured
by (Ai, Bi, Ci) and time varying loadings.
Finally, we correct for potential biases due to selective sample attrition

(e.g., students moving to a different school if they know they will be re-
tained in their current school) by adding an equation for missing data (i.e.,
a binary model for attrition) that depends on the same common vector vi.

V. Estimation

Let z i,j,1 be our jth cognitive measure for individual i in period 1 (kinder-
garten) and similarly for behavioral measures. Let Xi,t denote the set of ob-
servable covariates related to the student, his family, his school, and his
class, as described in table 1. These covariates are assumed to be orthogonal
to (Ai, Bi, and Ci). Our kindergarten measures are modeled as:17

z i,j,1 5 Xi,1gz ,j,1 1 Aiaz ,j,1 1 Cipz ,j,1 1 εi,z ,j,1, (8)

and

bi,j,1 5 Xi,1gb,j,1 1 Aiab,j,1 1 Bifb,j,1 1 εi,b,j,1: (9)

17 We follow the identification arguments in Sec. IV.A and, without loss of gen-
erality, impose the following normalizations. We normalize the general ability
loading on the first period general knowledge test to 1, so A can be interpreted
as a trait that is associated positively with higher scores in the general knowledge
test. The loading on cognitive ability is normalized to 1 on the first period math
test, so C is associated with higher math scores. Finally, we normalize the behav-
ioral loading on the self-control marker to 1.
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Observed test scores in the following years are

z i,j,t 5 Xi,tgz ,j,t 1 Aiaz ,j,∞,t 1 Bifz ,j,∞,t 1 Cipz ,j,∞,t 1o
t

t52

h
tð Þ
i d

tð Þ
z ,j,t 1 εi,z ,j,t

1o
t21

r51

Di rð Þ½ Ft,r 1Ai ½ az ,j,r,t 2 az ,j,∞,t� 1 Bi ½ fz ,j,r,t 2 fz ,j,∞,t�

1Ci ½ pz ,j,r,t 2 pz ,j,∞,t��: 

(10)

We restrict the observable covariates (except for the constant) to have the
same marginal effect across time for a given subject. The main reason we
do this is to save on the number of parameters we are estimating. Further-
more, preliminary reduced form regressions suggested that the marginal ef-
fects did not vary much across grades. We also restrict the effect of the per-
manent shock ðhðtÞ

i Þ to be the same regardless of retention status. Parameter
Ft,r then measures the average effect of being retained at r in period t. Im-
portantly, note that this specification corresponds to the general case dis-
cussed above in that the treatment varies over time as does the effect of the
unobservable “abilities” (i.e., the difference in the loadings). Hence, the ef-
fect of treatment is both heterogeneous and time-varying.
To model selection into retention,18 we write the latent index V as

Vi rð Þ 5 l0,r 1 Xi,rlx,r 1 Zi,rlz,r 1 AirA,r 1 BirB,r 1 CirC,r 1o
r

t52

h
tð Þ
i w tð Þ

r

1 ui,r    for    r5 1, ::: ,R:

We then define Di(Ri) as

Di Rið Þ 5 1 Vi Rið Þ > 0 ∣ Vi rð Þ ≤ 0f gRi21
r51

� �
:

Notice that we allow for exclusions in the index, so that some variables (Z)
are included in the retention equations but not in the outcomes. This corre-
sponds to the seven binary measures of the retention policies discussed in
Section III.
As discussed in Section IV.A, given that test scores in kindergarten are

free of selection, the additional assumption of valid exclusion restrictions
is not necessary but rather aids in identification. Similarly, given valid exclu-
sions, the assumption of initial test scores free of selection is not necessary
for identification. We estimate the model with and without exclusions and
find similar results, though the loglikelihood ratio test supports that the ex-

18 Since we know the latent index is nonparametrically identified, we could in-
stead write it as a polynomial on the variables instead of a linear function for ex-
ample. Given that the number of parameters we are estimating is already 616, and
the number of parameters would increase considerably, we maintain the linearity
assumption.
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clusions are important. Finally, to address nonrandom sample attrition
based on unobservables, we also include a similar selection equation for stu-
dents who select out of the sample.
The distributions of the unobservables ðA, B,C, fhðtÞgt

t52, ε, uÞ in the
model are nonparametrically identified, as shown in Section IV.A. How-
ever, for estimation purposes, we specify all of the distributions and allow
them to follow mixtures of normals with either two or three components.
Furthermore, while our identification arguments are presented in a sequen-
tial fashion and lead naturally to a multistep estimation procedure, we esti-
mate all of the parameters in the model jointly by maximum likelihood in a
single step primarily for efficiency reasons.19

VI. Results

We find that our model fits the means and variances of all the test mea-
sures very well; we cannot reject that the values predicted by the model
equal those in the data. The same is true for the probabilities of retention
in the data.20

Figure 1 presents evidence of selection on the different components of
ability. Ignoring kindergartners for themoment, we find that early retainees
have lower ability (by all measures) than later retaineeswho have lower abil-
ity than students who are not retained. This is consistent with a dynamic se-
lection model in which you first retain the lowest-ability students and then
in the next round the next-lowest ability, and so forth. Kindergarten reten-
tion appears to be an exception in that these students have higher general
and behavioral ability than early retainees but lower ability than late re-
tainees in all dimensions. This seems to suggest that the decision to retain
students in kindergarten is different than in other grades. This evidence pro-
vides important support for our method, that is, the need to account for
both dynamic selection and multidimensional abilities.
Table 4 describes one parameter of interest—the treatment on the treated

(and the untreated) parameters for both reading andmath test scores (panels
A and B, respectively) in the last year in our data, the 2003–4 school year,
when students are approximately age 11.21 The columns correspond to

19 Maximization of the log likelihood was performed in three steps. First, we use
a simulated annealing algorithm, which is a probabilistic search algorithm that al-
lows us to rule out regions of lower-valued local optima. Second, we employ a
Nelder-Mead polytope search algorithm to make quick strides toward the optimum
avoiding the costly calculation of gradients. Finally, we use the BFGS (Broyden–
Fletcher–Goldfarb–Shanno) method to obtain convergence. We also tried several dif-
ferent initial values, and found the same maximum.

20 In tables A1 and A2 we present evidence of the fit of the model. Parameter es-
timates and standard errors are available in online appendix A.

21 The predicted levels of achievement from which these gains are calculated are
shown in table A5.
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FIG. 1.—Densities of abilities by retention status. NOTE: Let f(X) denote the prob-
ability density function of ability X ∈ fA,B,Cg. We allow f(X) to follow a mixture
of normals distribution. LetR ∈ f1, 2, 3,∞g denote retention states: retained in kin-
dergarten, retained early (grade 1 or grade 2), retained late (grade 3 or grade 4), and
not retained. The graph shows f ðX ∣R 5 rÞ for each retention status. A color ver-
sion of this figure is available online.
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actual treatment statuses, whereas the rows compare potential gains across
treatment statuses relative to not being retained. In other words, the first
row describes the treatment effect of being retained in kindergarten versus
not being retained. The last column describes the average treatment effects.
Considering, first, the treatment on the treated parameters, students who

are actually retained in kindergarten perform 6% lower in reading andmath
by 2003–4 than if they had not been retained. This does not mean that
students who are retained lose acquired knowledge by being retained, but
rather that by age 11 (i.e., in 2003–4) a pair of identical students (one of
whom was retained) would both have higher test scores than they did at
age 6. The retained student’s age 11 score, however, would be 6% lower
than his counterpart. Students who are retained early perform about 11%
lower in reading and 10% lower in math than if they had not been retained.
The results for late retention vary acrossmath and reading, with late retainees
experiencing gains of 2% in reading but losses of 5% inmath, although these

Table 4
Average Test Score Gain by Retention Status: 2003–4 School Year

Average Gain of a Student Who Is Actually
Not Retained/Retained, Conditional

on the Retention Status Being:

Not
Retained

Retained in
Kindergarten

Retained
Early

Retained
Late

ATE
(Unconditional)

A. Reading score:
Retained in kindergarten
versus not retained .034 2.057 2.086 2.023 .025

(.014) (.013) (.018) (.027) (.012)
Retained early versus not
retained .058 2.092 2.111 2.046 .046

(.019) (.019) (.023) (.046) (.017)
Retained late versus
not retained .058 .026 .016 .022 .056

(.112) (.058) (.080) (.084) (.101)
B. Math score:

Retained in kindergarten
versus not retained .011 2.057 2.084 2.071 .004

(.024) (.019) (.021) (.031) (.022)
Retained early versus not
retained .079 2.058 2.095 2.016 .066

(.021) (.015) (.017) (.036) (.019)
Retained late versus not
retained .098 2.075 2.112 2.052 .083

(.337) (.142) (.162) (.258) (.309)

NOTE.—Let R 5 1, 2, 3, or ∞ represent the actual retention status of a student, respectively, retained in
kindergarten, retained early (at grade 1 or grade 2), retained late (at grade 3 or grade 4), or never retained.
Let z (i) be the potential test score if the student were retained at time i 5 1, 2, 3, ∞. The row i, column j,
element of this table calculates E[z(i)2 z(∞) ∣R5 j]. For example, the math test score of a student who was
actually not retained would increase by 0.079 if he/she were retained at grade 1 or grade 2 instead. Standard
errors are in parentheses.
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results are not statistically significantly different from 0. The off-diagonal el-
ements of the table provide other interesting counterfactuals. For instance,
a student who is retained in kindergarten would have been even worse off
in reading if retained early instead. Generally these results are supportive ev-
idence that conditional on retaining a student, the timing was optimal, that is,
the student would not have been better off if retained at another time.
Overall, the treatment on the treated parameters show a negative effect

of retention. In contrast, the average treatment effects reported in the last
column predict that the effect of retention in kindergarten is small or zero
and positive for early retention. Again, the effect is not statistically signifi-
cantly different from zero for late retention. Our results show that these
nonnegative average treatment effects are driven by the untreated students,
for whom the treatment effect of retention is generally positive. Below we
provide some intuition behind this finding, but first we consider another
important piece of this puzzle, how treatment effects vary by unobserved
ability.

A. Heterogeneity in Treatment Effects by Abilities

Figures 2, 3, and 4 break out the average treatment effects from table 4 to
show how the treatment effects of being retained at different grades vary
across the percentiles of the general, behavioral, and cognitive ability distri-
butions for reading and math for the 2003–4 academic year. Comparing
across graphs, we see that lower-ability students generally experience losses
(or are no better off) due to retention, whereas the higher-ability students
actually benefit from retention.
There could be several reasons for these findings. We begin by ruling out

explanations related to misspecification and limited support in our data.
First, it may not be possible to estimate the effect for high-ability students
if we do not observe high-ability students being retained in our data, in
which case our result would be purely due to functional-form extrapola-
tion.However, the test scores reported in the ECLS-K are not actually used
to determine retention decisions.While we recognize a student as high abil-
ity from the factor decomposition of the history of his performance on these
tests, his performance in the classroom could suggest otherwise. In fact,
some of our retainees have above-median measured achievement. Further-
more, we test that the results for high-ability students are not just noise;
confidence intervals show that the effects are often statistically significantly
different from 0.
A second potential reason is that our model is restricted to be linear in

ability. It could be that in reality the students close to the margin benefit,
while high- and low-ability students experience losses from retention. We
estimate a more flexible version of our model that includes a quadratic in
ability in the outcome equations, thus permitting this sort of inverted-U-
shaped pattern in ability. While we do find evidence of some inverted U’s,
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this is far from being a consistent pattern. In some cases, the upward-sloping
treatment effects in ability become even more pronounced. Furthermore,
model selection tests favor the linear model over the quadratic ones.
Another reason could be that higher-ability students actually benefit

more from retention than low-ability students.We find that the factor load-
ings are larger for the retained than for the not retained outcomes and pos-

FIG. 2.—Achievement gains (retained in kindergarten vs. not retained) in 2003–4
by ability quantiles. NOTE. Let z(t, 1) and z(t, ∞) be the potential test scores at
period t if the student is retained in kindergarten and if the student is not retained
at all, respectively. Let X denote one kind of ability: X ∈ fA,B,Cg. The graph
shows Eðzðt, 1Þ 2 zðt,∞Þ ∣X 5 qÞ, where q is the qth quantile of the X –type of
ability distribution. Dashed lines show the 95% confidence interval. A color ver-
sion of this figure is available online.
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itive in cognitive and general ability (see table A10; tables A1–A19 are avail-
able online). Given that ability has mean 0, this means roughly that high-
ability students experience achievement gains relative to not being retained,
whereas low-ability students experience losses relative to not being retained.
There are several economics-based explanations for this that are supported
both in our data and in the literature. We present empirical evidence for the

FIG. 3.—Achievement gains (retained early vs. not retained) in 2003–4 by ability
quantiles. NOTE. Let z(t, 2) and z(t, ∞) be the potential test scores at period t if the
student is retained early (grade 1 or grade 2) and if the student is not retained at all,
respectively. Let X denote one kind of ability: X ∈ fA, B,Cg. The graph shows
Eðzðt, 2Þ 2 zðt,∞Þ ∣X 5 qÞ, where q is the qth quantile of the X –type of ability
distribution. Dashed lines show the 95% confidence interval. A color version of
this figure is available online.
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most intuitively appealing ones: that high-ability students who are retained
either receive more investment or can better take advantage of opportunities
post-retention than their low-ability counterparts.
First, high-ability students may have higher-ability parents (assuming in-

tergenerational transmission of human capital). We find evidence of this in
our data; higher-ability students who are retained in kindergarten come

FIG. 4.—Achievement gains (retained late vs. not retained) in 2003–4 by ability
quantiles. NOTE. Let zðt, 3Þ and zðt,∞Þ be the potential test scores at period t if the
student is retained late (grade 3 or grade 4) and if the student is not retained at all,
respectively. Let X denote one kind of ability: X ∈ fA, B,Cg. The graph shows
Eðzðt, 3Þ 2 zðt,∞Þ ∣X 5 qÞ, where q is the qth quantile of the X –type of ability
distribution. Dashed lines show the 95% confidence interval. A color version of
this figure is available online.

How the Timing of Grade Retention Affects Outcomes 1009

This content downloaded from 
�����������205.175.106.83 on Tue, 24 Oct 2023 21:36:45 +00:00����������� 

All use subject to https://about.jstor.org/terms



from higher-SES families and are less likely to be from single-parent fami-
lies.22 Higher-SES parents may be better equipped to ensure that when their
child is retained he/she gets the best teachers and the resources he needs.
Thus, resources may be invested disproportionately more in high-ability
students who are retained than in low-ability students. Note that this inter-
pretation is in no way inconsistent with the assumption that unobservable
abilities of students are orthogonal to observable covariates; that is, abilities
conditional on retention status may be correlated with observable covariates.
We test for this directly using a difference-in-difference strategy and find
some evidence to support this hypothesis. Higher-ability students who are
retained in kindergarten experience larger increases in the quantity of books
in the home in the next year and are more likely to have a TV rule put in
place, relative to lower-ability students who are retained. To the extent that
race proxies for SES, this is also supported by Eide and Showalter (2001),
which finds positive effects of grade retention for whites but not nonwhites,
and Jacob and Lefgren (2009), which finds more negative effects primarily
for black females in eighth grade.
Furthermore, on average, high-ability students may attend better schools

and/or have more resources at their disposal than low-ability students who
are retained, further reinforcing our argument. We find some evidence in
the data that higher-ability students who are retained in kindergarten have
more resources at their disposal relative to lower-ability students in the
form of more books in the home and smaller class sizes.
Additionally, even if teachers and/or parents putmore resources into stu-

dents who are retained equally, we may still observe this pattern. If high-
ability students are better equipped to take advantage of these resources than
low-ability students, this may explain the difference across ability types.
High-ability students also may benefit from being retained if, by being re-
tained, they are put in the position of teaching other students or gain confi-
dence as they see that they are able to perform well next to the new cohort
of students. In contrast, low-ability students who are retained may not be
in a position to offer help to their new cohort of peers. They may even lose
self-esteem if they find that they continue to perform worse next to their
younger cohort. This finding is supported by Bedard and Dhuey (2006)
and others suggesting that the age relative to other students in the classroom
matters for performance.
Importantly, while we provide support for our finding that high-ability

students who are retained benefit relatively more than lower-ability stu-
dents, we would not conclude from our findings that in general high-ability
students should be retained, for several reasons. First, we can only esti-

22 For each student in our sample, we use the model to predict their abilities given
all the information (i.e., test scores, retention decisions, covariates) we observe by
using Bayes’s rule repeatedly.

1010 Fruehwirth et al.

This content downloaded from 
�����������205.175.106.83 on Tue, 24 Oct 2023 21:36:45 +00:00����������� 

All use subject to https://about.jstor.org/terms



mate the effect of retention on the support of students who are actually re-
tained. While there appear to be some relatively high-ability students re-
tained in our data, as argued above, the results may not generalize to the
highest-ability students. Second, the negative consequences of the year lost
by a high-ability student from retention in terms of wages and additional
schooling could easily outweigh the achievement benefits we estimate in
our data. Third, the model is not a general equilibrium model and clearly
could not accurately predict the effect of retaining all high-ability students.
On the other end, it is also important to point out that grade retention

generally has a negative effect on the low-ability students in our sample.
These findings in particular are a useful addition to the literature, as previ-
ous studies that have dealt with selection on unobservables, in particular
regression discontinuity estimates, cannot speak to these lowest-ability stu-
dents (e.g., Jacob and Lefgren 2004, 2009; Manacorda 2012), and these stu-
dents are often the target of retention policies.23

B. Time-Varying Treatment Effects

The results so far also illustrate considerable heterogeneity in treatment
effects across retention times. On the one hand, this heterogeneity would
follow if there is something substantively different about retention at these
different grades, such as the repetition of first grade producing larger ben-
efits on average than the repetition of kindergarten. On the other hand, it
could be that the disparities are driven by the time elapsed since retention
and our choice to focus on 2003–4 outcomes. For instance, for the case of
late retention, the results reported in table 4 and figures 2–4 are short-run
effects, achievement gains 1–2 years after retention. For kindergarten reten-
tion, the effects are longer run, that is, 4–5 years after treatment.
To consider how treatment effects vary over time, figures 5 and 6 com-

pare treatment effects of kindergarten and early retention at the different pe-
riods we observe in the data. The left-hand-side figure depicts the evolution
over time of the average treatment effect and the right-hand-side figure de-
picts the treatment on the treated for kindergarten and early retention, re-

23 Jacob and Lefgren (2004) do look at heterogeneity in effects by prior achieve-
ment (the year before the threshold passing rule was implemented). They find some
evidence of negative effects for the lowest and highest achieving in math, but no sta-
tistically significant effects in reading. While these are useful estimates, one concern
is that the source of variation in their performance from year to year is not ran-
dom andmay be driven by shocks, like divorce, parental loss of job, etc. This would
suggest that these students are special cases and caution should be exercised in in-
terpreting heterogeneity in regression discontinuity results based on prior achieve-
ment. Our method not only controls for these types of correlated shocks, but recov-
ers a more permanent type of ability that is based on the history of performance,
rather than just a single observation. In principle, these estimates could be more use-
ful from a policy perspective in that we expect parents to know more about ability
and to base retention decisions in part on the history of their child’s performance.
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spectively.24 Figure 5 shows that the initial effect of being retained in kinder-
garten is fairly strongly negative, with students performing on average 26%
lower in reading and 12% lower in math than if they had not been retained.
However, 2 years later (in 2001) the average treatment effect is somewhat
positive at 4%, and it goes down to 3% for reading and 0 for math in
2003. Thus, while the initial effect of retention is negative and large, students
on average appear to catch up in the long run.
The right-hand-side panel offigure 5 shows a similar pattern for the treat-

ment on the treated, that is, students who are actually retained in kinder-
garten. The initial effect of retention is slightly more negative than for the
average student,228% in reading and219% inmath. Like the average stu-
dent, the treated students have made significant progress 2 years later and
only perform about 9% lower in reading and 7% lower in math than if they
had not been retained. However, the treatment on the treated remains neg-

24 Tables A8 and A9 show the gains and standard errors for different time periods
and correspond to the different points in these figures.

FIG. 5.—Achievement gains for kindergarten retention over time.NOTE. Let z(t, 1)
and z(t, ∞) be the potential test scores at period t if the student is retained in kin-
dergarten and if the student is not retained at all, respectively. Let R ∈ {1, 2, 3} in-
dicate the period a student is retained at. The average treatment effect graph shows
Eðzðt, 1Þ 2 zðt,∞ÞÞ for t5 1, 2, and 3 for each test score. The treatment on the treated
graph showsEðzðt, 1Þ 2 zðt,∞Þ ∣R 5 tÞ. Dashed lines show the 95% confidence in-
terval. A color version of this figure is available online.
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ative in 2003–4 (4 years later) at about26%, so the effect does not become
positive as is the case for the average student.
With early retention (fig. 6), we can only compare the short-run effect (in

2001) to the effect 2 years later (in 2003). In contrast to kindergarten reten-
tion, the initial effect of early retention for the average student is much
smaller, approximately 0 for reading and 25% for math. The longer-run
effect is positive, 5% for reading and 7% for math, on average. The initial
effect of retention on early retainees is also less negative than the initial effect
for kindergarten retainees, 215% and 27% for reading and math, respec-
tively. As in kindergarten, there is evidence that students catch up with
where their reading score would have been if not retained, but not in math.
One reason that the initial negative effect of retention is smaller for early
retainees could be because this effect may be measured up to 2 years after
retention occurred (i.e., they could have been retained in first or second
grade), whereas the estimated initial effect for kindergarten retainees is in
the first year after retention.
The fact that the average treatment effect is, in general, less negative than

the treatment on the treated over time is consistent with our findings in

FIG. 6.—Achievement gains for early retention over time. NOTE. Let z(t, 2) and
z(t, ∞) be the potential test scores at period t if the student is retained early (grade 1
or grade 2) and if the student is not retained at all, respectively. Let R ∈ {1, 2, 3} in-
dicate the period a student is retained at. The average treatment effect graph shows
Eðzðt, 2Þ 2 zðt,∞ÞÞ for t 5 1, 2, and 3 for each test score. The treatment on the
treated graph shows Eðzðt, 2Þ 2 zðt,∞Þ ∣R 5 tÞ. Dashed lines show the 95% con-
fidence interval. A color version of this figure is available online.
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Section VI.A that the effect on the treated student is more negative than
for the average student.25 In their meta-analysis, Allen et al. (2009) find that
studies that estimate the effect of grade retention holding age fixed, as in
our case, find initial losses to achievement that appear to go away over time.
In contrast, studies that hold grade fixed find the opposite—initial gains to
achievement that go away over time.
Similar to our findings, Jacob and Lefgren (2009), using their regression

discontinuity design, find that the effects of grade retention on high school
completion are not statistically significantly different from zero for stu-
dents retained in sixth grade but are negative for students retained in eighth
grade. They posit that the students in sixth grade have more time to catch
up, an argument that is supported in our findings. While we are not able
to look at long-run employment or drop-out effects, as in Jacob and Lef-
gren (2009), an advantage of our approach is that we are able to condition
on the history of the student’s performance, and even treatment status, thus
providing a picture of long-run effects that are not confounded with later
possibilities of grade retention, something that cannot be controlled for in
the regression discontinuity framework or the studies in the meta-analysis.
Jacob and Lefgren (2009) also point out that students who manage to just
pass in sixth grade are more likely to be retained in eighth grade, potentially
confounding estimates of the comparison of the treatment effect of reten-
tion across grades.

C. Comparison with Estimated ATE Using OLS and FE

To help place our estimates in context, table 5 compares average treat-
ment effects in reading scores (panel A) and math score (panel B) using or-
dinary least squares, fixed effects, and our factor method. The model is es-
timated jointly in each case, allowing a separate effect of retention in
different years. For OLS, the math scores are used to attempt to control
for selection (or unobservable “ability”) in the reading equation, and read-
ing scores attempt to control for selection in the math equation. While the
treatment on the treated may be the more interesting comparison, the OLS
and fixed effects estimators are poorly equipped for these comparisons.
Considering reading scores in panel A, the initial effect of kindergarten

retention on reading in 1999–2000 is negative and takes similar values across
estimation methods, ranging from 224% with OLS, 226% with our
method, and 228% using individual fixed effects. However, by 2001–2
(col. 3), the results become qualitatively different across the methods. The
OLS model predicts that achievement is 7% lower for students retained
in kindergarten, whereas our model predicts that it is 4% higher. The fixed

25 Figures A1–A3 (available online) show the effects by ability at different years
and show again that higher-ability students generally fare better than low-ability
students when retained regardless of how much time has elapsed since retention.
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Table 5
Estimated Coefficients for Retention Variables in Outcome Equation

Outcome Equation
in 1999–2000
School Year

Outcome Equation
in 2001–2

School Year

Outcome Equation
in 2003–4

School Year
(1) (2) (3)

A. Reading score:
Retained in kindergarten:
OLS 2.241 2.068 2.065

(.015) (.019) (.021)
Fixed effect 2.283 2.008 .051

(.018) (.021) (.024)
Model 2.263 .041 .025

(.030) (.025) (.012)
Retained early:
OLS 2.146 2.080

(.020) (.019)
Fixed effect 2.049 .062

(.021) (.020)
Model .004 .046

(.012) (.017)
Retained late:
OLS .014

(.038)
Fixed effect .074

(.038)
Model .056

(.101)
B. Math score:

Retained in kindergarten:
OLS 2.025 2.050 2.049

(.017) (.021) (.024)
Fixed effect 2.099 .071 .151

(.018) (.022) (.024)
Model 2.117 .039 .004

(.027) (.024) (.022)
Retained early:
OLS 2.040 2.060

(.023) (.022)
Fixed effect .039 .116

(.021) (.021)
Model 2.053 .066

(.030) (.019)
Retained late:
OLS 2.091

(.044)
Fixed effect .075

(.039)
Model .083

(.309)

NOTE.—For the OLS and fixed effect regressions to better correspond to the estimated model, they are
run on the pooled data set. The coefficients for the covariates are not allowed to change over time. Year
dummies and interactions of year dummies and retention indicators are included. In addition, OLS regres-
sions control for math scores (panel A) and reading scores (panel B). Standard errors are in parentheses.
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effects estimate is approximately 0. Similarly, OLS predicts a bigger nega-
tive initial effect of early retention of215%, in contrast to smaller estimated
effects of 25% for fixed effects and 0 for our model. One reason these es-
timates may diverge over time is because of the changing importance of dif-
ferent components of ability (as evidenced in the variance decomposition
in tables A3 and A4). Ordinary least squares and fixed effects only control
for unobservable abilities in one dimension, through contemporaneous test
scores in the other subject for OLS and repeated values of tests in the same
subject for the fixed effects. In contrast, the measures of ability in ourmodel
take into account the whole history of test scores, as well as control for dif-
ferent dimensions of ability. The fixed effects estimator also assumes that
this fixed ability component affects selection in the same way over time,
which we find not to be the case using our method.
By 2003–4, OLS still estimates a negative effect of kindergarten and early

retention, though the negative effect of early retention is smaller in magni-
tude than the initial effect in 2001–2. In contrast, the fixed effects estimator
predicts a positive effect of kindergarten and early retention. Our model
also predicts positive effects, but they are smaller in magnitude than the
fixed effects. At the very least, this comparison suggests that our findings
of positive average treatment effects are not unique to our model. Even
more important, however, OLS generally predicts the wrong sign of the
average treatment effect, particularly in the long run, which would lead to
the erroneous conclusion that the effect of grade retention for the average
student is negative. In contrast, fixed effects overstates the benefit of grade
retention for the average student in the long run by as much as 15% higher
returns than our model.

D. Marginal Policy Change

Because there is considerable heterogeneity in treatment effects by abili-
ties, the effect of a marginal change in retention policy will depend on the
abilities of the students affected by the change. As a result, its effect could
differ considerably from the effects for the average, the average treated stu-
dent or the average untreated student discussed above.
We consider the effect of amarginal change in retention policies in table 6.

We simulate the effects of changing the retention policy dummies in table 2
to take value 0, making it harder for all schools to retain students. In col-
umn 1, we show the gains in achievement for those students who are no
longer retained as a consequence of the policy change. For comparison, col-
umn 2 shows the average counterfactual gain to not being retained for stu-
dents in the original retention status (i.e., the negative of the treatment on
the treated parameter in table 4), while column 3 shows the average coun-
terfactual gain to not being retained for students who are not retained
(i.e., the negative of the treatment on the untreated parameter).
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For example, the first row in panels A and B considers the case where stu-
dents are originally retained in kindergarten but are now no longer retained
because of the policy change for reading andmath, respectively. In column 1,
we see that these marginal students gain 3% in both reading and math from
the change in retention status to not being retained. In contrast, the average
student who is not retained loses 3% in reading and 1% in math by not be-
ing retained relative to being retained in kindergarten (col. 3). The average
student already being retained in kindergarten gains 6% in reading and in
math if he/she was not retained (col. 3). Except for the case involving late
retention in reading, where the estimate is very imprecise, the point estimate
of the effect for themarginal student affected by the policy lies in between the
average effects for students in the original and new retention statuses.
The return to themarginal student is closer to the treatment on the treated

estimate than it is to the treatment on the untreated one. This makes sense
given the wider range of abilities in the untreated sample. The students af-
fected by the policy have higher abilities than the average student already
retained and lower abilities than those not retained, so they are not hurt
as much by retention as the average treated student.

Table 6
Policy Simulation Treatment Parameters: 2003–4 School Year

Average Test Score If Not Retained Minus Test
Score If Retained Conditional on:

Changing to Not
Retained

Original Retention
Status

Not
RetainedRetention Status,

Old Policy
Retention Status,
New Policy (1) (2) (3)

Panel A. Reading Score

Kindergarten Not retained .032 .057 2.034
(.011) (.013) (.014)

Early Not retained .060 .111 2.058
(.026) (.023) (.019)

Late Not retained 2.097 2.022 2.058
(.090) (.084) (.112)

Panel B. Math Score

Kindergarten Not retained .027 .057 2.011
(.018) (.019) (.024)

Early Not retained .067 .095 2.079
(.027) (.017) (.021)

Late Not retained 2.032 .052 2.098
(.268) (.258) (.337)

NOTE.—We fix all retention policy variables in table 2 to 0 for all individuals. That is, we make it harder
for students to be retained. Let R0 denote the retention status under the old policy and let R1 be the re-
tention status under the new policy. Let z0 denote the test score under original policy and z1 denote the test
score under the new policy. Column 1 reports E(z1 2 z0 ∣ R1 ≠ R0, R1 5 ∞), col. 2 reports E(z1 2 z0 ∣ R0),
and col. 3 reports E(z1 2 z0 ∣R1 5∞). Notice that while some students switch to other states besidesR1 5 ∞
as a consequence of the policy, there are very few, and the results are harder to interpret, so we focus only
on the R1 5 ∞ subgroup. Standard errors are in parentheses.
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VII. Conclusion

Overall, consistent with the preponderance of evidence in the literature,
our results suggest that grade retention is not an effective policy for raising
the performance of students targeted by the policy, the lowest-ability stu-
dents. In fact, with the exception of late retainees, we find that students
who are retained experience considerable achievement losses relative to not
being retained, as large as 28% lower achievement than they would have
acquired if they had not been retained. On the more positive side, we find
that retained students may catch up after several years, so negative effects on
their achievement do not appear to persist.
We also find that the effect of repeating a grade on test scores varies con-

siderably by student type (or ability), with the lowest-ability students gen-
erally being hurt the most by retention. We find positive effects of grade re-
tention on higher-ability and (relatedly) untreated students in many cases;
thus, the associated average treatment effects are positive. This underscores
the fact that estimates of the average treatment effect, the focus of other es-
timators, such as fixed effects, would not be particularly relevant for policy
aimed at low-ability students. We find evidence that the positive effect of
grade retention for high-ability students may be due to higher resource in-
vestment conditional on retention relative to lower-ability students. We
discuss some other reasons for the positive effect for high types, andwe rule
out that this is pure noise due to lack of support or driven by functional
form assumptions.
We also find disparities in the effect of grade retention based on the tim-

ing of retention. For instance, the initial effect of kindergarten retention is
about two times as negative as the initial effects of early retention. While
previous studies have also recognized the importance of exploring hetero-
geneity in the effect of grade retention across grades by using a repeated
static treatment effect framework (see Holmes [1989] and Jimerson [2001]
for an overview and Jacob and Lefgren [2004, 2009] for more recent evi-
dence), these studies fail to control for dynamic selection. For instance,
while Jacob and Lefgren (2004) can provide useful insight into how treat-
ment effects vary across grades given the particular threshold used for reten-
tion in these different grades, the comparison confounds the ability of the
students being retained (due to dynamic selection) and the grade-specific ef-
fect of retention. This is particularly important given evidence of dynamic
selection, that is, that students who are retained in first grade have lower
ability in several dimensions than students who are retained in kindergarten
or third or fourth grade.
In contrast to existing methods, we can directly answer questions about

optimal timing, in the sense of whether a student retained in first grade, for
instance, would be better off being retained in kindergarten or later.Wefind
that generally, conditional on the decision to retain a student, schools tend
to be making the right decision about when to retain that student.

1018 Fruehwirth et al.

This content downloaded from 
�����������205.175.106.83 on Tue, 24 Oct 2023 21:36:45 +00:00����������� 

All use subject to https://about.jstor.org/terms



Interestingly, studies using regression discontinuity have found effects
ranging from negative (Jacob and Lefgren [2009] and Manacorda [2012]
for eighth-graders), to not statistically significantly different from 0 (Jacob
and Lefgren [2004] for sixth-graders), to positive (Jacob and Lefgren [2004)]
for third-graders). Our findings suggest one potential reason for this dispar-
ity is that some promotion thresholdsmay target higher-ability students than
others, leading to different estimates of the treatment effect. These disparities
could also be driven by the time elapsed since retention or the grade at reten-
tion, which our study seeks to inform.
The methodwe present can be applied to identify causal treatment effects

in many other settings where heterogeneity in the effect of treatment across
time/treatments and unobservables is likely to be important. Many policy
evaluation problems involve multiple potential treatments, whether time
is involved or not. These cases do not fit naturally into the standard binary
treatment framework that has become the workhorse of the literature, and
the analyst faces similar challenges as those highlighted in our application.
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