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Abstract
We sought to quantify the effectiveness of special education services as naturally delivered in U.S.
schools. Specifically, we examined whether children receiving special education services
displayed (a) greater reading or mathematics skills, (b) more frequent learning-related behaviors,
or (c) less frequent externalizing or internalizing problem behaviors than closely matched peers
not receiving such services. To do so, we used propensity score matching techniques to analyze
data from the Early Childhood Longitudinal—Study Kindergarten Cohort, 1998–1999, a large
scale, nationally representative sample of U.S. schoolchildren. Collectively, results indicate that
receipt of special education services has either a negative or statistically non-significant impact on
children’s learning or behavior. However, special education services do yield a small, positive
effect on children’s learning-related behaviors.

Special education provides children with disabilities with specialized services designed to
“prepare them for further education, employment, and independent living” (Individuals with
Disabilities Improvement Education Act, 2004). Practitioners are responsible for providing
specific services, instructional strategies or routines, and resources that mitigate the impact
of the disability on a child’s learning or behavior. Doing so should allow the child to better
access his or her school’s general curriculum, or develop the skills and competencies
necessary to participate in that curriculum (Bateman & Linden, 2006). Helping the child to
benefit from the school’s curriculum should in turn increase his or her subsequent
educational and societal opportunities (U.S. Department of Education’s Office of Special
Education Programs, 2006). Over 6 million children and youth receive special education
services in the U.S. (U.S. Department of Education, 2005).

These services are costly to provide. For example, the federal government spent about $50
billion on special education services in 1999–2000 (President’s Commission on Excellence
in Special Education, 2002). In contrast, the government spent $27.3 billion and $1 billion,
respectively, to fund regular education services and other additional special programs (e.g.,
Title 1). In per-pupil expenditures, the federal government spent about $8,080 on special
education services and $4,394 on regular education services. Thus, the U.S. Department of
Education (2002) estimated that “the nation spends 90% more on a special education student
than on a regular education student (p. I-24).” These estimates do not include additional
funds allocated by states or localities. These are also substantial. For instance, in 2008, the
state of Kansas expects to pay $404,439,603 to provide students with special education
services, after subtracting out the costs of providing regular education services and
accounting for funds received in federal aid and Medicaid reimbursements (Kansas
Legislative Research Department, 2004).
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Are Special Education Services Effective?
There is much indirect evidence that, despite their expense, special education services may
not be functioning to increase children’s educational or societal opportunities. For example,
66% and 68% of eighth grade youth with disabilities scored below the basic level on the
2005 National Assessment of Educational Progress (NAEP) reading and mathematics
measures, respectively (U.S. Department of Education, 2007). In contrast, only 24% and
27% of youth without disabilities scored below this level on the two measures. Those youth
with disabilities about to enter the nation’s job market and postsecondary schools performed
even worse. Seventy-two percent and 83% of twelfth graders with disabilities scored below
the basic level on the NAEP’s reading and mathematics measures. Children and youth with
disabilities also continue to lag far behind their non-disabled peers on varying measures of
societal attainment (Phelps & Hanley-Maxwell, 1997). For example, those with disabilities
are more likely to drop out of school, be delinquent, be unemployed, earn less, and be
unsatisfied with their adult lives than their non-disabled peers (Blackorby & Wagner, 1996).
Both legal judgments (e.g., Zachary Deal v. Hamilton County Department of Education,
2001, 2004) and classroom observations (e.g., Levy & Vaughn, 2002; Magiera & Zigmond,
2005; Shores, Jack, Gunter, Ellis, DeBriere, & Wehby, 1993) indicate that children with
disabilities do not always receive services that can be expected to mitigate the effects of
their disabilities. Indeed, children placed in special education classrooms sometimes score
lower on measures of reading, writing, and mathematics skills at the end than at the
beginning of the school year (Lane, Wehby, Little, & Cooley, 2005). Such findings have led
many researchers to attempt to identify ways to increase the effectiveness (e.g., by seeking
to close the “research-to-practice gap”) of special education services (Abbott, Walton,
Tapia, & Greenwood, 1999; Carnine, 1997; Deshler, 2005; Gersten, Vaughn, Deshler, &
Schiller, 1997; Snell, 2003).

Yet the effectiveness of special education services remains to be established. This is because
prior studies have not used design features (e.g., random assignment, matching) that help
control for selection bias. Selection bias is particularly likely to occur in programs intended
for special populations. Instead, most studies have relied on simple contrasts between
children who received special education services and those who did not (e.g., Blackorby &
Wagner, 1996; NAEP, 2005). For example, the NAEP’s analyses do not statistically control
for variation in children’s background characteristics, such as between-group differences in
children’s initial (i.e., at school entry) level of proficiency in reading, mathematics, or
behavior, or in a range of socio-demographic factors (e.g., gender, socioeconomic status),
before contrasting the learning and behavior of those who received and who did not receive
special education services. Reliance on such simple contrasts is problematic because they
likely yield biased estimates of special education’s effects. That is, these types of contrasts
confound differing characteristics of the groups with differences in each group’s outcomes
(Shadish, Cook, & Campbell, 2002).

Properly estimating the effectiveness of special education services as naturally delivered in
U. S. schools necessitates contrasting outcomes for two groups of children. These are (a)
children receiving special education and (b) an equivalent group of children not receiving
such services. A randomized control trial would best approximate this contrast, in which
children were randomly assigned to receive or not receive special education services
(Shadish et al., 2002). Use of random assignment should result in children in the treatment
and control groups being equivalent on both observed and unobserved background
characteristics, thereby controlling for any selection bias. Doing so should yield a relatively
unbiased estimate of special education’s effects on children’s learning and behavior. The
study’s contrasts, if based on a large-scale nationally representative sample of U.S.
schoolchildren, should also allow for generalizations about special education’s effectiveness
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as a federally mandated program of compensatory services. For example, use of such a
representative sample should help account for observed large state-level variation in special
education placement rates (Donovan & Cross, 2002).

Using Propensity Score Matching to Evaluate Special Education’s
Effectiveness

Randomly assigning children to receive or not receive special education services is not
possible because children meeting eligibility criteria are legally entitled to these services. An
alternative method of reducing selection bias is to use propensity score matching techniques.
These techniques allow for quasi-experimental contrasts between children in naturally
occurring “treatment” and “control” groups, but who display similar likelihoods of
experiencing the treatment based on their observed characteristics. Here, we used propensity
score matching to contrast the learning and behavior of children who did and who did not
receive special education services, but who, as indicated by measures of their health and
well-being, family experiences, child-care experience prior to kindergarten entry,
socioeconomic background, prior learning and behavior, and quality of school experiences,
displayed similar propensities to receive these services.

Proper use of propensity score matching should allow for rigorously derived and relatively
unbiased estimates of special education’s effects on children’s learning and behavior
(Dehejia & Wahba, 1998; Hong & Raudenbush, 2005; Shadish et al., 2002). Results
obtained from quasi-experiments using propensity score matching methods can closely
approximate those obtained from randomized control trials (Becker & Ichino, 2002). For
example, Luellen, Shadish, and Clark (2005) contrasted findings from two quasi-
experiments using propensity score matching to those obtained from two true experiments.
Use of propensity score matching reduced selection bias by 73–90%. The mean differences
obtained from the propensity score analyses and those obtained using randomization differed
by only .09 and .20 of a point on each study’s particular outcome measure. Because of its
ability to greatly reduce selection bias, propensity score matching is increasingly being
utilized in the fields of policy evaluation (Harknett, 2006; Jones, D’Agostino, Gondolf, &
Heckert, 2004), medicine and epidemiology (Stone et al., 1995), economics (Czajka,
Hirabayashi, Little, & Rubin, 1992; Lechner, 2002), psychology (Green & Ensminger, 2006)
and education (Rosenbaum, 1986; Schneider et al., 2007).

Study’s Purpose
We sought to quantify the effects of naturally delivered special education services on
children’s learning and behavior. Specifically, we used data from the Early Childhood
Longitudinal Study, Kindergarten Class of 1998–99 (ECLS-K), a large-scale, longitudinal,
and nationally representative sample of U.S. schoolchildren, to examine whether children
receiving special education services in the spring of 2002 (when they were about 8–9 years
old) displayed (a) greater reading or mathematics skills, (b) more frequent learning-related
behaviors, or (c) less frequent externalizing or internalizing problem behaviors in the spring
of 2004 (when they were about 10–11 years old) than peers with similar characteristics who
did not receive such services. We used three propensity score matching techniques to
estimate the impact of special education services on five measures of children’s learning and
behavior. We also contrasted these results to estimates obtained using simple tests of mean
differences and ordinary least squares (OLS) regression. Our use of a large and longitudinal
sample of U.S. schoolchildren, multiple measures of children’s learning and behavior, and
multiple statistical strategies, should help inform policy-makers, researchers, and
practitioners on the magnitude of special education’s effects on the learning and behavior of
children with disabilities.
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Method
Study’s Database

The ECLS-K is maintained by the U.S. Department of Education’s National Center for
Education Statistics (NCES). The ECLS-K is the first large scale, nationally representative
sample of children as they age through the elementary school years. The sample was
selected to be representative of all U.S. schoolchildren entering kindergarten in the fall of
1998. Children were recruited from both public and private kindergartens offering full- or
half-day classes. Data from the sampled children were collected in the fall of 1998, the
spring of 1999, the fall of 1999 (with only data from a random sub-sample collected at this
time point), and again in the springs of 2000, 2002, and 2004.

Study’s Analytical Sample
Our study used two samples of children. We estimated the propensity to receive special
education services using data from the first sample. We used data from the second sample to
estimate the effects of special education services on children’s learning and behavior. To be
eligible for the first sample, children had to participate in the ECLS-K in the springs of 2002
and 2004 and have data on whether they were receiving special education services in the
spring of 2002 (N=11,479). We further constrained this sample to those children having
complete data on all those covariates used to predict their propensity to receive special
education services (N=8,020).

Those children eligible for the second sample had complete data on each measure of
learning and behavior. Thus, we excluded those children without complete 2002 and 2004
Reading and Mathematics Test scores or ratings of their learning-related, externalizing, or
internalizing problem behaviors. This constraint resulted in a final second sample of 6,318
children, 363 of who received special education services and 5,955 of who did not. Most
(i.e., 87%) of the children receiving special education services had been identified as having
learning disabilities or speech or language impairments. Supplementary analyses indicated
that our sample is slightly more advantaged than the full ECLS-K sample. The analytic
sample includes a greater proportion of children who are non-Hispanic White, living in
households with two biological parents, and whose families had a higher socioeconomic
status. Only 7% of our analytical sample’s schools were attended by more than one child
receiving special education services.1

We did not constrain the sample used to construct our propensity score to the smaller sample
used to estimate mean differences between treatment and control cases. This is because our
goal in using propensity score matching was to estimate children’s true propensities, or
“known propensities” to receive a treatment. Such estimates will typically have more
precision when based on more data (Rosenbaum & Rubin, 1983). Using a larger sample
reduces standard errors and in turn leads to a more precise estimate of the propensity score
(Frisco, Muller, & Frank, 2007).

Study’s Measures
We predicted the effect of special education on two measures of children’s learning and
three measures of their behavior. Specifically, we examined whether children who were
receiving special education services in the spring of 2002 displayed (a) greater reading or

1Tables reporting on (a) children’s disability identification, (b) descriptive statistics contrasting the study’s analytical sample and
ECLS-K full sample, (c) the analytical sample’s special education placement per school, (d) the propensity score model’s covariates,
and (e) the relation of the covariates (using logistic regression coefficients) to children’s special education placement are available at
the study’s first author’s departmental webpage (http://espse.educ.psu.edu/faculty_web_page.php?id=31).
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mathematics skills, (b) more frequent learning-related behaviors, or (c) less frequent
externalizing or internalizing problem behaviors in the spring of 2004 than closely matched
peers who did not receive such services. Using multiple measures of a program’s effects
better identifies its potential impact (Gersten, Baker, & Lloyd, 2000). Each of the outcomes
is a key contributor to a child’s later educational and societal opportunities (e.g., Diperna,
Lei, & Reid, 2007; Fergusson & Woodward, 2002; McClelland, Acock, & Morrison, 2006;
Rivera-Batiz, 1992; Schaefer, Petras, Ialongo, Poduska, & Kellam, 2003; Schneider, 2001).
Below, we detail our measures of children’s reading skills, mathematics skills, learning-
related behaviors, and externalizing and internalizing problem behaviors.

The Reading Test—The ECLS-K Reading Test seeks to measure children’s basic skills
(e.g., print familiarity, letter recognition, decoding, sight word recognition), receptive
vocabulary, and reading comprehension skills (i.e., making interpretations, using
background knowledge). The Reading Test was created through a multi-stage panel review.
Some items were borrowed or adapted from published tests (e.g., the Peabody Picture
Vocabulary Test—Revised, the Woodcock Johnson Tests of Achievement—Revised). The
Educational Testing Service, elementary school curriculum specialists, and practicing
teachers supplied other items. Each item was field-tested. Items were included in the Test if
they displayed (a) acceptable item-level statistics, (b) good fit with maximum likelihood
item response theory (IRT) parameters, and (c) no differential item functioning across
gender or race (NCES, 2005). NCES-trained field staff individually administered the
Reading Test using an un-timed format. NCES uses a routing procedure (i.e., a child is given
a different battery of test items depending on the accuracy of his or her initial responses) and
IRT methods to derive scale scores that are then comparable across grade levels. NCES
considers reliabilities of the Reading Test’s IRT theta scores (i.e., estimates of a child’s
ability) to be the most appropriate internal consistency estimates. These reliabilities were .
91, .93, .96, .93, and .94 for the fall and spring of kindergarten and the springs of first, third,
and fifth grade, respectively (NCES, 2005). First graders’ Reading Test scores correlated .85
or above with the Kaufman Test of Educational Achievement reading test (NCES, 2002);
third graders’ scores correlated .83 with the Woodcock-McGrew-Werder Mini-Battery of
Achievement (NCES, 2005).

The Mathematics Test—The Mathematics Test seeks to measure a range of mathematics
skills (e.g., identify numbers and shapes, sequence, add or subtract or multiply or divide, use
rates and measurements, use fractions, calculate area and volume). NCES used a multi-step
panel review process to develop the ECLS-K’s Mathematics Test (NCES, 2005). This test
was based on the NAEP’s specifications. A wide range of kindergarten, first grade, third
grade, and fifth grade-level mathematics test bank items were used. NCES also used IRT-
methods to create adaptive tests that were administered one-to-one to each child, in an un-
timed format. Thus, children were given a test whose coverage varied according to their
grade and skill level. Like the Reading Test, the Mathematics Test has strong psychometric
properties. For example, reliabilities of the theta scores ranged from .89 to .94 between the
fall of kindergarten and the spring of fifth grade (NCES, 2005).

The Teacher Social Skills Rating Scale—The ECLS-K modified the Social Skills
Rating System (SSRS; Grehsam & Elliott, 1990) to measure’s children’s behavior. The
original psychometric data of the Social Skills Rating System were based on 4,170 K-12
students (Gresham & Elliott, 1990). Seventeen percent of these students attended special
education classes. The test–retest correlation over 4 weeks was .85 (Gresham & Elliott).
Correlational and factor analyses support the measures’ construct validity (Feng &
Cartledge, 1996; Furlong & Karno, 1995). NCES’s subsequently modified the SSRS. These
modifications included (a) the addition of items measuring the child’s frequency of positive
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affect, behavior, and approaches to learning, (b) expanding the response format from a three
point to a four point scale and including a “not observed” response, and (c) re-wording some
items to reduce cultural bias (NCES, 2005). Meisels, Atkins-Burnett, and Nicholson (1996)
provide additional details on the modifications to the SSRS.

The ECLS-K Teacher SSRS includes three subscales: (a) Approaches to Learning; (b)
Externalizing Problem Behaviors; and (c) Internalizing Problem Behaviors (NCES, 2004).
Teachers use a frequency scale to rate how often the child displays a particular social skill or
behavior (i.e., 1 = student never exhibits this behavior; 4 = student exhibits this behavior
most of the time). Items used for the Approaches to Learning subscale measure behaviors
impacting how well a child manages his or her behavior while completing learning-related
tasks (e.g., remaining attentive, persisting at task, being flexible and organized). The
Externalizing Problem Behaviors subscale’s items measure acting out behaviors (e.g.,
arguing, fighting, showing anger, acting impulsively, disturbing the classroom). The
Internalizing Problem Behavior subscale’s items ask teachers about whether the child
appears anxious, lonely, sad, or has low self-esteem. NCES (2005) reports that the split-half
reliabilities for the five scales for first grade and third grade children were, respectively, .89
and .91 for Approaches to Learning, .86 and .89 for Externalizing Problem Behaviors, and .
77 and .76 for Internalizing Problem Behaviors. These reliabilities for fifth grade children
were .91 for Approaches to Learning, .89 for Externalizing Problem Behaviors, and .77 for
Internalizing Problem Behaviors. Exploratory and confirmatory factor analyses confirmed
the full scale’s structure (NCES, 2005).

Participation in Special Education
We operationalized receipt of special education services as whether a child was being
provided with special education services when ECLS-K field staff collected these data in the
spring of 2002. NCES examined school administrative records to determine whether or not a
child was receiving special education. School administrative records are a frequently used
indicator of a child’s disability status (e.g., Hollomon, Dobbins, & Scott, 1998; Hosp &
Reschly, 2002). This measure of participation in special education included children just
beginning to receive special education services in the spring of 2002, as well as children
already receiving such services.

We conducted “intent-to-treat” analyses (Lachin, 2000), in which we considered all those
children so identified by school districts as receiving special education services, regardless
of the children’s adherence to the eligibility criteria, what types of services they actually
received, and whether they subsequently moved out of special education. Intent-to-treat
analyses help account for selection bias and so should result in less biased estimates of a
program’s effectiveness (Petkova & Teresi, 2002).

Descriptive analyses for the 2002 ECLS-K’s full sample of children participating in special
education indicated that the mean number of hours per week of special education services
received by children was 6.78 (SD=9.48). The most commonly used practices, as a
percentage of special education teachers who reported using these practices, were small
group instruction (95%), direct instruction (86%), and one-to-one instruction (76%). The
mean number of hours per week of special education services received by the 2004 full
sample was 7.6 (SD=11.32). The most commonly used practices by special education
teachers remained small group instruction (97%), direct instruction (88%), and one-to-one
instruction (78%).
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Predictors of Special Education Placement
We used 35 covariates and 4 interaction terms to model a child’s propensity to receive
special education services. We used both theory (e.g., Kavale, 1988; Stanovich, 1986) and
prior empirical research (e.g., Delgado & Scott, 2006; Donovan & Cross, 2002; Mann,
McCartney, & Park, 2007) to identify background characteristics that increase a child’s risk
of being identified as disabled. For example, we used gender as a covariate because boys are
two to three times more likely to be identified as learning disabled than girls, regardless of
whether a regression-, discrepancy, or low-achievement identification method is used
(Katusic, Colligan, Barbaresi, Schaid, & Jacobsen, 2001). We used the child’s race, both
family- and school-level socioeconomic status, and the parents’ marital status as covariates
because they are known to predict school-based disability identification (e.g., Hosp &
Reschley, 2004; Mann et al., 2007; U. S. Department of Education, 2007). Prior studies also
indicate that a child’s reading, mathematics, and learning-related behaviors at school entry
strongly predict his or her subsequent placement into special education (e.g., Hibel, Farkas,
& Morgan, 2008; Mann et al.; Merrell & Shinn, 1990). These factors are also included here.
To maximally reduce the potential for selection bias, many covariates should be included in
the model predicting propensity to receive treatment (e.g., Shadish et al., 2002), even those
that only weakly predict the treatment (Rubin, 1997). Thus, we also included many
additional covariates, such as whether the child participated in Head Start, the number of the
child’s siblings, his or her birth weight, his or her mother’s age when she first gave birth,
and whether the child had received non-parental child care prior to kindergarten. These
factors can also function as predictors of special education placement (e.g., Andrews,
Goldberg, Wellen, Pittman, & Struening, 1995; Mannerkoski, Aberg, Autti, Hoikkala,
Sarna, & Heiskala, 2007).

Analytical Strategies
Simple mean differences—We used t-tests to determine whether mean differences in
the learning and behavior of children receiving or not receiving special education services
were statistically significant. We used a conservative p value of .01 for these analyses. As
noted above, this type of analysis is confounded by selection bias. Therefore, we considered
the results obtained from t-tests of these mean differences as a “benchmark” for the results
obtained from analyses using propensity score matching.

OLS regression—We used OLS regression to estimate the average treatment effect of
special education services. We used the following OLS regression equation:

(1)

where y = the outcome of interest, α = the constant term, each xi represents an independent
variable associated with outcome y, each βi indicates the parameter estimate for each xi, and
e represents an error term. The covariates used as control variables in OLS regression
models are the same covariates used in models estimating children’s propensity to receive
special education services (described below).

OLS regression analyses may not always adequately control for selection bias (Heckman,
Ichimura, & Todd, 1997; Winship & Mare, 1992). For example, OLS regression’s
assumption of a linear or nonlinear functional form between an outcome and the covariates
may not hold, especially if the covariate distributions differ substantially between the
treatment and control groups. We therefore considered results obtained from the OLS
regression models as an additional benchmark against which to compare results obtained
through use of propensity score matching techniques.
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Propensity score matching—We used propensity score matching to allow for contrasts
of the learning and behavior of children who did and did not receive special education
services, but who, as indicated on the basis of a wide range of observed background
characteristics, had the same or nearly the same probability of receiving such services.
Propensity score matching yields an average treatment effect for the treated (ATT), which is
considered a better indicator of whether to continue policy or programs that target a specific
group of interest than the population-wide average treatment effect obtained using OLS
regression methods (Heckman, 1996).

Propensity score matching is a two-stage process. Stage 1 involves the use of a logistic or
probit regression model to calculate all respondents’ propensity for experiencing a treatment
of interest, in this case receiving special education services. The propensity score is defined
as follows (Rosenbaum & Rubin, 1983):

(2)

where, here, p(T) is the propensity to be placed into special education; T indicates that a
child did or did not receive special education; and S is a vector of covariates influencing
whether the child did or did not receive special education. We utilized a logit rather than a
probit model to predict children’s propensity to receive special education services
(Goodman, 1978; Rosenbaum & Rubin). The 35 covariates used here to predict children’s
propensity to receive special education services represent their health and well-being, family
experiences, child-care experience prior to kindergarten entry, socioeconomic background,
prior learning and behavior, and quality of school experiences. Four interaction terms are
also included in the model. We measured all variables except those representing the child’s
reading or mathematics skills or school transitions using data from the ECLS-K’s
kindergarten surveys, administered when the children were about 5–6 years of age. Using
variables measured at school entry helped avoid the endogeneity problems associated with
controlling variables that might themselves have been affected by special education services
the student subsequently received, or did not receive, between 1998 and 2002. We estimated
a child’s initial level of reading or mathematics skills by averaging his or her kindergarten
and first grade test scores on the ECLS-K’s Reading and the Mathematics Tests. We used
the STATA “pscore” command to generate propensity scores (see Becker & Ichino, 2002,
pp. 12–14 for an example of this code and output produced by the “pscore” command). This
procedure automatically tests for balance between the treatment and control groups on
covariates used to predict the propensity score

Table 1 shows the grouping of children into strata based on their predicted propensity scores
of special education placement. For the two groups of children in stratum 1 (i.e., the stratum
of children with the lowest propensity to receive special education), the propensity to be
placed into special education was both .01 for those who were and were not so placed. The
propensities for the two groups of children in stratum 8, which consisted of those with the
highest estimated propensity to receive special education, were .86 and .84, respectively.
Each of the covariates and interaction terms except for the dummy variable representing
kindergarten school sector balanced within each stratum. Thus, their mean or modal values
were not statistically different across matched treatment and control children. A child’s
public or private school sector balanced across seven of the eight propensity score strata; it
did not balance in the stratum containing cases with the lowest propensity to be placed in
special education. Our model and covariate balance is comparable to that reported in other
studies using propensity score matching (e.g., Hong & Raudenbush, 2005). Overall, results
from Stage 1 of the propensity score matching indicated that our model matched treatment
and control children well, thereby reducing the potential for selection bias.2
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In Stage 2, we used the estimated propensity scores obtained in State 1 to match children
who were and who were not placed in special education. We used three matching methods.
Doing so is a form of sensitivity analysis that helps guard against hidden bias (Luellen et al.,
2005). Each technique uses a different function. However, each yields an ATT attributable
to the receipt of special education services. Stratification matching utilizes all treatment and
control cases. Using the STATA 9.0 “atts” command, the full range of sample members’
propensity scores is divided into propensity score strata, or blocks, each of which includes
treatment and control cases with the same or nearly the same propensities for receiving the
treatment. The number of appropriate strata depends upon the number necessary to produce
a balanced propensity score. Within each of these strata, the ATT is calculated, and then the
ATT’s across strata are averaged to produce a final ATT.

Nearest neighbor matching as conducted using the STATA 9.0 “attnd” command utilizes
estimated propensity scores to pair cases in the control and treatment group based on their
likelihood of experiencing a treatment. Control cases not matched to a treatment case are
excluded from analyses. We used matching with replacement to identify neighbor cases.
Matching using replacement allows control cases to be matched to more than one case in the
treatment group if that control case is a better match to multiple treatment cases than
alternative control cases. Matching with replacement helps minimize bias in the calculation
of the ATT (Frisco et al., 2007).

Kernel matching uses the calculated propensity score to match individual cases in the
treatment group to a weighted mean of control cases. Control cases receive weights based on
the distance between their propensity score and the propensity score of the treatment case to
which they are being matched. All control cases can potentially contribute to the weighted
mean composite of the control cases, which improves estimation power and efficiency
(Frisco et. al. 2007). This is especially important when there are many potential matches for
each treatment subject, as was the case with our sample. However, kernel matching results
in control observations contributing to more than one match. The matches are not
independent, thereby violating an assumption of ordinary parametric techniques for
calculating standard errors. Therefore, we bootstrapped using 1000 repetitions to obtain
standard errors. We then used the bootstrapped standard errors to make statistical inferences.
We used a relatively small bandwidth of .01 when matching cases. Pagan and Ullah’s (1999)
exploratory analyses indicated that this leads to a less biased estimate of the ATT.

Results
Below we present results from four types of analyses. The first set of results, displayed in
Table 2, are estimates of mean differences in the learning and behavior between the sub-
samples of ECLS-K children who received (n = 363) and who did not receive (n = 5,955)
special education services. These children have not been matched on their propensity to
receive special education services. The second set of results, reported in the second and third

2We used multiple methods to produce our estimates. Each set of analyses utilized data from all 6,318 cases except those conducted
using nearest neighbor matching. These were constrained to the 363 children who received special education services and the 274
children who did not receive special education services but who had been “matched” based on observable covariates predicting special
education placement. We conducted extensive sensitivity analyses when estimating our final propensity score model. We also
evaluated how inclusion and exclusion of different variables, including interaction terms and polynomial terms, influenced our ability
to achieve balance, as well as whether use of data trimming (excluding potential outliers) influenced our findings. We conducted
sensitivity analyses to investigate whether different bandwidth and bootstrapping specifications affected the robustness of the ATT
estimates produced using kernel matching. They did not. In addition, we estimated a second propensity score model that further
constrained our sample to those children with complete data on (a) individually-administered measures of their reading and
mathematics skills, and (b) teacher-reports on their learning-related behaviors, externalizing problem behaviors, and internalizing
problem behaviors (N=6,318). This second model was estimated from a smaller sample size and fewer variables, but did balance
across all covariates. Results from this second model were consistent with our reported results.
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columns of Tables 3 and 5, are obtained using OLS regression methods. The third column in
both tables displays results from OLS regression using the same covariates used to estimate
a child’s propensity to receive special education services. That is, Tables 3 and 5’s third
column displays differences in the learning and behavior of children who received and did
not receive special education, after statistically controlling for the same covariates used to
predict children’s propensity to these services. The third set of results, shown in the last
three columns of Table 3 and 5, are estimates obtained from three different propensity score
matching techniques. These results indicate differences in the learning and behavior between
children who received and who did not receive special education services, but who have
been matched on their propensity to receive such services. The fourth set of analyses,
displayed in Tables 4 and 6, disaggregates these differences by estimating special
education’s effects within each of the eight propensity score strata. Each stratum includes
children who received and who did not receive special education but whose estimated
propensities to receive such services were the same or nearly the same. For each measure of
children’s learning or behavior, we report differences between special education and non-
special education children in both their (a) spring 2004 scores, and (b) gain scores between
the springs of 2002 and 2004. For example, we report whether the children who did or did
not participate in special education displayed systematic differences in their reading and
mathematics IRT scores in spring 2004, as well as differences in their relative gains in their
reading and mathematics IRT scores between the springs of 2002 and 2004. We examined
special education’s effects on the children’s teacher-rated behavior in the same way. We
used gain scores to help ensure that any observed differences in spring 2004 between special
education and non-special education children who were alike on a large number of
background characteristics were not statistical artifacts of initial learning or behavior
differences in spring 2002. Gain scores can correctly be used in this way when estimating a
treatment effect following implementation of a program or intervention (Allison, 1990;
Maris, 1998; Williams & Zimmerman, 1996).

Do Special Education Services Improve Children’s Learning of Reading or Mathematics?
Effects on Reading Skills—Table 2 displays simple mean differences between those
receiving and not-receiving special education services in spring 2002. Results indicate that
children receiving special education services scored about one standard deviation lower on
the Reading Test in spring 2004 than those children not receiving such services (i.e., 122.9
vs. 145.2 points, respectively). This difference is statistically significant at the p <.01 level.
However, children who received special education services also displayed 2.7 points more in
skills gain between the springs of 2002 and 2004 than children who did not receive such
services (i.e., an average gain of 23.3 vs. 20.6 points, respectively). Table 3’s second and
third columns display results using regression analysis. These results indicate that
statistically controlling for differences in children’s backgrounds substantially reduces
special education’s negative effect from −22.3 to −6.6 points, although it remains
statistically significant at the p <.001 level. Accounting for these covariates also reduces the
difference in 2002–2004 test score gains to statistical non-significance.

Results in Table 3’s last three columns display the predicted effects of special education
services on children’s reading skills, as measured both by the children’s 2004 Reading Test
IRT scores and the gain between their 2002 and 2004 IRT scores. When matched on their
propensity to receive special education services, children who received these services
displayed neither greater reading skills in 2004 nor greater gains in their reading skills
between 2002 and 2004 when compared to closely matched peers who did not receive these
services. Instead, children who received special education services displayed lower reading
skills. Special education’s negative effect, as measured using either stratification matching
(i.e., −4.0 points) or kernel matching (i.e., −3.5 points), on the children’s 2004 IRT scores is
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statistically significant at the p <.05 to p < .01 levels. Differences in the children’s gains on
the 2002 to 2004 administrations of the Reading Test were again statistically non-
significant.

Table 4 displays estimates of the effect of special education for children who, within each of
the eight propensity strata, were predicted to have statistically similar propensities of
receiving special education services. Regardless of a child’s propensity to receive special
education services, delivery of such services did not result in statistically significant
differences in his or her reading skills.

Effects on Mathematics Skills—Table 2 displays simple mean differences on the
Mathematics Test between children who were or were not placed into special education.
These simple mean differences indicate that, in 2004, children who received special
education services scored 16.5 points lower on the Mathematics Test than children not so
placed (i.e., 101.8 vs. 118.3 points). This difference is statistically significant at the p <.01
level. The difference in the two groups’ gains between 2002 and 2004 were not statistically
significant. Table 3’s regression analyses indicate that children placed in special education
did less well in 2004 on the Mathematics Test than those children not so placed. Although
adjusting for the model’s covariates substantially reduces special education’s negative effect
from 16.4 points to 3.5 points, the estimated effect remains statistically significant at the p <.
001 level.

The last three columns of Table 3 indicate that once children are matched on their propensity
for special education placement, the negative effects of special education are reduced to
statistical non-significance, as measured either by the 2004 IRT score or 2002 to 2004 IRT
score gain. Table 4’s within stratum contrasts indicate that, regardless of the child’s
propensity to receive special education services, delivery of such services did not lead to
statistically significant differences in his or her mathematics skills.

Do Special Education Services Improve Children’s Behavior?
Effects on Learning-Related Behaviors—Table 2 displays simple mean differences in
the learning-related behaviors of children who received and who did not receive special
education services. The mean difference of .04 indicates that teachers rated those children
receiving special education services as less task-focused than children not receiving such
services (i.e., 2.8 vs. 3.2 points). However, those who received special education did begin
to engage in learning-related behaviors with increasing frequency in contrast to those who
did not receive these services. This is indicated by the positive and statistically significant .
11 point difference in the 2002–2004 gain scores in the teacher ratings (i.e., .10 points vs. −.
01 points). Table 5’s regression coefficients indicate that these effects are reduced to
statistical non-significance after controlling for the model’s covariates.

The final three columns of Table 5 indicate that once children are matched on their
propensity for receiving special education services, the effect of special education on
learning-related behaviors in 2004 is reduced to statistical non-significance. However, when
measured as the difference in gains between children’s scores on the 2002 and 2004 teacher
ratings, special education has a statistically significant, positive effect on learning-related
behaviors. We obtained this ATT with stratification matching, nearest neighbor matching,
and kernel matching. These methods estimated that the effect of special education on
increasing children’s learning-related behaviors ranged between .09 and .14 of a point on the
4-point scale used by teachers to rate such behaviors.

Table 6 provides additional detail on the pattern of this positive predicted effect. Special
education improves the learning-related behaviors of those children who are most likely to
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receive such services (i.e., strata 6, 7, and 8) when measured as the differences in teacher
ratings in 2004 (i.e., ds of .03, .25, and 1.56, respectively, each p<.05). Yet it has statistically
significant negative predicted effects on the behaviors of those children who are relatively
less likely to receive special education services (i.e., strata 1, 2, 3, 4, and 5). The negative
effect sizes range from −.07 to −.45 for these five strata. Special education has a statistically
significant positive effect on the learning-related behaviors of children in strata 5–8 when
the dependent variable is the differences in the gains between the teacher ratings from 2002
to 2004 (i.e., ds of .11, .19, .44, .47, respectively). Thus, and even after using gain scores to
better control for a child’s initial level of learning-related behaviors in 2002, receipt of
special education services has an estimated positive effect on the learning-related behaviors
of those most likely to receive such services. These positive effect sizes are approximately
linear. This occurs whether they are measured using only the 2004 ratings or gain scores in
the 2002–2004 ratings. However, special education yields a consistently negative (non-
linear) effect on the frequency of learning-related behaviors for those children less likely to
be so placed (i.e., strata 1, 2, and 3). This occurs whether the effect sizes are measured using
the 2004 ratings or gain scores in the 2002–2004 ratings.

Effects on Externalizing Problem Behaviors—Table 2’s mean differences indicate
that children receiving special education services were rated as displaying externalizing
problem behaviors more frequently than children not in special education (i.e., 1.76 versus
1.60, p<.01). However, no statistically significant difference is evident between the two
groups of children’s 2002–2004 gain scores. Table 5’s regression coefficients show that
special education has no statistically significant effects on the frequency of children’s
externalizing problem behaviors after controlling for the model’s covariates.

Table 5’s last three columns indicate that use of propensity score matching further reduces
the estimated ATTs, and again indicate that special education services yields no statistically
significant effects. Stratum-level contrasts displayed in Table 6 show that special education
consistently reduces the frequency with which children who are relatively likely to be in
special education (i.e., stratum 6, 7, & 8) engage in externalizing problem behaviors.
However, this linear effect is limited to analyses using the children’s 2004 scores on the
teacher rating. A less consistent pattern is found when analyzing the children’s 2002 to 2004
gain scores. Here, only those children in stratum 6 display less frequent externalizing
problem behaviors, although the size of the statistically significant effect size is very small
(i.e., d of −.04). Children in strata 1, 3, and 7 now display more frequent externalizing
behaviors as a function of receiving special education services. However, the effect sizes for
these statistically significant positive differences in gain scores are again small, ranging
from .09 to .11.

Effects on Internalizing Problem Behaviors—The mean differences in Table 2
indicate that children who were in special education in spring 2002 displayed internalizing
problem behaviors more frequently in spring 2004 than children who had not been so placed
(i.e., 1.88 vs. 1.59, p<.01). However, this effect is not evident when using 2002 to 2004 gain
scores. The regression analyses results displayed in Table 5 show the same pattern. The
2004 coefficients remain statistically significant even after accounting for the child’s
background characteristics (i.e., a reduction to .112 points, p<.001). However, the
coefficient for the difference in the two groups of children’s 2002–2004 gains is statistically
non-significant whether these covariates are accounted for or not.

Results displayed in Table 5 indicate that use of propensity score matching further reduces
the size of the estimated 2004 ATTs. The gains from 2002 to 2004 are not statistically
significant. Thus, and as an overall point estimate, receipt of special education services does
not decrease the frequency of children’s internalizing problem behaviors. The within-
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stratum contrasts of Table 6 show greater detail underlying this point estimate. These
contrasts indicate that special education increases the frequency of most children’s (i.e.,
those in strata 1, 2, 3, 4, 5, 6, but not 7) internalizing problem behaviors. Yet this predicted
effect is only evident using the children’s 2004 teacher rating scores. These statistically
significant effects are mostly small (i.e., ds of .36, .06, .26, .26, .12, .20, −.35, respectively).
The 2002–2004 gain scores yield inconsistent predicted effects. Here, special education
increases the frequency of the child’s internalizing problem behaviors of children in strata 1
(d of .53), but decreases the frequency of such behaviors of children in strata 3 and 5 (ds of
−.11 and −.14, respectively).

Discussion
We sought to quantify the effects of naturally delivered special education services on U. S.
schoolchildren’s learning and behavior. We did so using a large and longitudinal sample of
such children and methods that should greatly reduce selection bias. Because we could not
randomly assign children to receive or not receive special education services, we used
propensity score matching techniques to contrast the learning and behavior of children who
did and who did not receive special education services, but who were matched on a wide
range of observed background characteristics. We also conducted “benchmark” analyses
using t tests of mean differences and OLS regression.

Evidence of Special Education’s Effects
It is widely considered critical that children acquire basic skills proficiency if they are to
experience long-term educational and societal opportunities (e.g., Reynolds, Elksnin, &
Brown, 1996; Snow, Burns, & Griffin, 1998; U.S. Department of Education, 2007). For
example, a lack of proficiency in mathematics lowers an adult’s employability and wages,
over and above poor reading ability, low IQ, and many other factors (Rivera-Batiz, 1992).
Even those adults with good literacy skills are more likely to be unemployed and less likely
to be promoted when employed if they have poor mathematics skills (Parsons & Bynner,
1997). Yet a large majority of high school youth with disabilities displays below-basic levels
of proficiency in both mathematics and reading (NAEP, 2005).

Our analyses indicate that special education services being provided to U.S. schoolchildren
during their elementary years may not be of sufficient strength to prevent a subsequent lack
of basic skills proficiency. Specifically, we found that special education services had
negative or statistically non-significant effects on young children’s reading and mathematics
skills. We found that children receiving special education services in the spring of 2002
displayed significantly lower reading skills in the spring of 2004 than closely matched peers
not receiving such services. These two groups of children displayed statistically equivalent
reading skills gain between 2002 and 2004. The lack of statistically significant effects on
mathematics learning was evident whether measured as either the difference between the
two groups of children’s 2004 IRT scores or as the difference in gain between their 2002
and 2004 IRT scores. Regardless of a child’s propensity to receive special education
services, receipt of such services resulted in no statistically significant change in his or her
reading or mathematics skills.

Special education also had negative or statistically non-significant effects on most children’s
externalizing or internalizing problem behaviors. That is, overall, special education services
failed to lessen the frequency with which children engaged in these behaviors. This is
problematic because children who display such behaviors frequently are at greater risk for a
range of negative long-term outcomes (e.g., Schaeffer et al., 2003; Sprague & Walker,
2000). These behaviors can also quickly become resistant to intervention, necessitating that
they be prevented or remediated by the elementary grades (e.g., Walker, Colvin, & Ramsey,
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1995). However, we did find that these estimates varied by a child’s propensity to receive
special education services. The receipt of special education services reduced the frequency
with which children who were relatively likely to receive special education services engaged
in externalizing problem behaviors. This pattern was generally limited to those analyses
using the children’s 2004 teacher rating scores. Within-stratum contrasts indicated that
receipt of special education increased the frequency of some children’s internalizing
problem behaviors. This predicted effect was again generally limited to the children’s 2004
teacher rating scores.

We also found that receipt of special education services had positive predicted effects on
children’s learning-related behaviors. This is an important finding, which to our knowledge
has not been previously reported. Learning-related behavior is increasingly shown to be a
key contributor to young children’s skills proficiency in reading (e.g., Tach & Farkas, 2006)
and mathematics (e.g., Diperna et al., 2007). Thus, it may be that, over time, special
education services positively but indirectly impact both types of skills. Yet the magnitude of
this indirect effect may be small. Our study’s largest positive ATT was only .14 of one
point’s difference in gain in children’s learning-related behaviors.

Special education is sometimes hypothesized to have stigmatizing effects on children, such
that children so placed may be more likely to display task-avoidant, acting out, or social
withdrawal behaviors (La Greca & Stone, 1990; Valas, 2001). Our estimates of special
education’s ATT on children’s externalizing or internalizing problem behaviors fail to
provide consistent evidence for this hypothesis. However, our within-stratum contrasts do
repeatedly indicate that children who were predicted to be unlikely to be placed into special
education, but who nevertheless were so placed (i.e., those in stratum 1), more frequently
displayed these two types of problem behaviors, as well as less frequent learning-related
behaviors. If special education placement has stigmatizing effects on children, then these
effects are most likely experienced by children whose background characteristics are most
like those of children who are not so placed.

We derived these estimates of special education’s effectiveness using rigorous methodology.
We used multiple measures of children’s learning and behavior. Each of these measures
displays strong psychometric properties. Our sample was selected from a large-scale,
longitudinal, and nationally representative sample of U.S. elementary schoolchildren. We
also estimated special education’s impact using multiple analytical methods, including three
different types of propensity score matching techniques. Collectively, these methods yielded
the same general pattern of findings, which helps ensure that flawed methodology is an
unlikely explanation for the study’s findings.

Limitations
Nevertheless, our study has several limitations. Our propensity score model includes factors
identified in prior research as predictive of the receipt of special education services.
However, our model may not have included additional factors that predict a child’s receipt
of such services. Therefore our results may still be affected by hidden (i.e., omitted variable)
bias. Children in our “control” group were not formally referred, evaluated, and identified as
disabled. Instead, their observed background characteristics were very similar to those of
children not so identified. Propensity score matching can only approximate randomization in
the identification process. However, we did match children on factors (e.g., a child’s relative
proficiency in reading and mathematics) that have been identified in prior research as being
most predictive of whether or not a low performing child is identified as disabled by a
multidisciplinary team (Merrell & Shinn, 1990). We were unable to account for the multi-
level structure of the data (i.e., students nested within schools). Doing so was not a viable
analytical strategy because only 7% of the sample’s schools were attended by more than one
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student receiving special education services. Our study was designed to provide a general or
overall estimate of special education’s effects. Our intent-to-treat analyses provide estimates
of special education’s “use-effectiveness,” rather than its “method-effectiveness.” We can
currently offer no detail on the effectiveness of specific types of special education services.
For example, we are unable to say whether special education services were more or less
effective when delivered in traditional rather than inclusionary settings. Further
investigations of the effects of particular types of special education services are clearly
warranted. We are also unable to say whether special education services are more effective
when used with children with particular types of disabilities (e.g., mental retardation vs.
learning disabilities). Our point estimates of special education’s effects are limited to
children’s elementary school years. Analyses across a longer time period may have yielded
more positive effects. Our study also did not measure additional types of learning (e.g.,
general knowledge) or behavior (e.g., interpersonal skills) that special education services
may impact. We used teacher ratings to estimate special education’s effects on children’s
behaviors. Yet some teachers may provide biased reports of children’s behavior (Taylor,
Gunter, & Slate, 2001). Our estimates for behavior therefore may be confounded by teacher
bias. These behavioral estimates are also limited to the effects of special education services
in only one context (i.e., school). Gain scores can have problematic psychometric properties
(e.g., low reliability ([Cronbach & Furby, 1970]). They may also yield biased estimates of a
treatment effect (e.g., due to a lack of stationarity in the true scores ([Maris, 1998]).
However, use of IRT-scaled scores when calculating gain scores (as was the case here for
the ECLS-K’s Reading and Mathematics Tests) helps avoid these psychometric limitations
(Wang & Chyi-In, 2004).

We also acknowledge that the study’s results could be characterized as “glass half full”
evidence of special education’s effects. This is because the learning and behavior of children
receiving special education services were often statistically equivalent to that of matched
children not receiving such services. Those receiving special education services displayed
about the same level of reading skill in 2004 (i.e., an average IRT Reading Test score of
122.91) as that displayed in 2002 by closely matched children not receiving such services
(i.e., an average IRT Reading Test score of 124.63). However, and again, our contrasts
involved two groups of children who were closely matched, as they displayed the same or
nearly the same propensities to be placed into special education. We therefore characterize
the estimates as “glass half empty” because they indicate that special education has mostly
negative or statistically non-significant effects on children’s learning and behavior, despite
these services’ very high costs. Put another way, our study finds little evidence that special
education services, as currently being implemented in U. S. schools, are positively
impacting the learning or behavior of most children with disabilities, despite the vast
resources being invested in the provision of such services.

Implications of the Study’s Results
A range of practices has been empirically shown to positively impact the learning and
behavior of children with disabilities (e.g., Forness, Freeman, & Paparella, 2006; Fuchs,
Fuchs, Mathes, & Simmons, 1997; Howlin, Gordon, Pasco, Wade, & Charman, 2007;
Morgan & Sideridis, 2006; Schwartz, Carta, & Grant, 1996; Stecker, Fuchs, & Fuchs, 2005;
Swanson & Hoskyn, 1998). Yet classroom observation studies repeatedly indicate that
children do not always receive special education services that can reasonably be expected to
mitigate the effects of their disabilities (e.g., Lane et al., 2005; Levy & Vaughn, 2002). For
example, Harry and Klingner’s (2006) observations indicate that special education programs
were often “marked by routine and generic, rather than individualized, instruction; teacher
shortages; widely variable teacher quality; unduly restrictive environments in some
programs…; and unduly large class sizes” (p. 172). Others have noted the wide-spread
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shortages of qualified teachers (McLeskey, Tyler, & Flippin, 2004), ever increasing numbers
of children being placed into special education (Russ, Chiang, Rylance, & Bongers, 2001;
U.S. Department of Education, 2005), and infrequent use of research-based practices by
school staff (Boardman, Arguelles, Vaughn, Hughes, & Klingner, 2005). Policy-makers,
researchers, and practitioners have repeatedly worked to increase the effectiveness of special
education services (e.g., Denston, Vaughn, & Fletcher, 2003; Deshler, 2005; Gersten et al.,
1997). To date, however, the empirical studies indicating the need for such efforts have been
methodologically limited and have not directly estimated how extensively special education
services in the U.S. may be failing to improve the learning or behavior of children with
disabilities. Our study’s findings add much urgency to efforts to increase the effectiveness of
special education services being delivered in U.S schools.
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Table 2

Dependent Variable Means and Standard Deviations for Analytical Sample, Special Education Students, and
Non-Special Education Students

Dependent Variables Full Sample (N=6,318) Special Education Students (n=363)
Non-Special Education Students

(n=5,955)

Reading IRT Test 143.90 (20.94) 122.91** (24.54) 145.18** (19.99)

Reading IRT Test Score Gain 20.71 (12.40) 23.32** (14.17) 20.55** (12.26)

Math IRT Test 117.30 (19.55) 101.83** (23.44) 118.25** (18.88)

Math IRT Test Score Gain 21.23 (10.36) 20.90 (11.41) 21.25 (10.32)

Approaches to Learning 3.12 (0.66) 2.76** (0.63) 3.15** (0.65)

Approaches to Learning Gain 0.00 (0.62) 0.10** (0.62) −0.01** (0.62)

Externalizing Behaviors 1.61 (0.55) 1.76** (0.62) 1.60** (0.55)

Externalizing Behaviors Gain −0.04 (0.55) −0.06 (0.58) −0.04 (0.55)

Internalizing Behaviors 1.61 (0.53) 1.88** (0.60) 1.59** (0.52)

Internalizing Behaviors Gain 0.02 (0.62) 0.02 (0.68) 0.02 (0.61)

Note:

**
Means of special education and non-special education students are significantly different at the p< .01 level; SD in parentheses.
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