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Section 6, Subsection A (37) of the Modified Consent Decree states that “The Independent
Monitor shall develop an outcome measure to require that the performance of students with
disabilities increases on the statewide asessment program and that the disparity with general
education performance on the statewide assessment program is reduced. The outcome measure
shall be based on key performance indices.”

This section requires the Independent Monitor to identify the disparity or “gap” between the
performance of students with disabilities and general education students on the key performance
indices of the statewide assessment program. Once the performance gap has been established, the
Independent Monitor must develop an outcome to ensure that this gap decreases and that the
performance of students with disabilities increases.

Background

The state-wide assessment system is referred to as the California Standardized Testing and
Reporting (STAR) program. During the 2002-03 school year, most students in Los Angeles
Unified School District (LAUSD) took the California Standards Tests (CST) and the California
Achievement Test, Sixth Edition Survey (CAT6). Students with the most significant cognitive
disabilities, who were unable to take the CST or the CAT6, took the California Alternative
Performance Assessment (CAPA). While the CST and CAT6 have a number of different
components, nearly all students take the English Language Arts and Mathematics sections.
Because of their high participation rates and broad grade distribution, these sections would
constitute the key performance indices that could be used to develop an outcome measure. These
are also the sections that form the basis of the No Child Left Behind (NCLB) standards.



Over the past two years, the results of the CST have been given a greater weight in the
determination of the Academic Performance Index (API) than the results of the CAT6. For the
2003-04 school year, the CST comprised 80% of the weight for the grade 2-8 API calculations
and 73% of the weight for the grade 9-11 API calculations. As the CST has assumed greater
weight, it should be considered the key performance index. Since it is possible that the CAT6
may be phased out before the termination of the Modified Consent Decree, the results of the CST
should be used to develop an outcome measure. However, since the CATG6 is a nationally norm
referenced test, its results can provide a valuable reference for LAUSD performance vs. the
performance of students nationally. As such, we requested an analysis of both the CST and the
CAT6 from Dr. Peter Goldschmidt of the National Center for Research on Evaluation, Standards
and Student Testing (See Appendix A). The CST results are presented in the body of his report
and the CAT6 in the appendices. In this memo, | will primarily refer to the CST results. These
results will be reported as scaled scores rather than using the proficiency categories (%
advanced, proficient, basic, below basic, far below basic) derived from the requirements of No
Child Left Behind. This is because proficiency categories cannot be used to establish an overall
performance gap. However, we have attached the LAUSD STAR summary reports containing
the % proficiency breakdown for your information (See Appendix B).

Performance Data

Dr. Goldschmidt found that the distribution of the students with disabilities who took the
mathematics and English language arts (ELA) sections of the CST and CAT6 was similar to the
distribution of all students with disabilities who took each test. He found that the two groups had
similar ethnic, grade, language proficiency and gender distributions. He also found that the
disability distribution of special education students who took the CAPA was similar to that of
special education students who took the CST and the CAT®6, with the exception of the MR
subgroup that “was overwhelmingly assigned to the CAPA”. Based on these findings,
Goldschmidt states that “overall, the students with valid CST data are representative of the
District as a whole.”

Goldschmidt’s methodology permitted him to divide the variation in achievement between
student and school components. This allowed him to determine how much of the variation or
difference in reading scores is associated with a student level effect such as English Language
Learner (ELL) status and how much is associated with placement in a particular school — an
elementary school in Local District A vs. one in Local District G. Goldschmidt found that
roughly 73% of the variation in math scores and 79% in English language arts are attributable to
innate student effects within schools. The remainder can be attributed to differences between
schools. This means that a comparably small percentage of the variation in student scores is
attributable to differences between school level factors such as enrollment. In a practical sense,
this means that addressing the overall achievement gap for students with disabilities by
addressing differences between schools would have less effect than addressing differences
between classrooms within a school. It does not, however, mean that the achievement gap is
fixed in stone because of a student’s demographic statistics. Nor does it diminish the likelihood
that any such gap could be addressed through instructional, curricular or other classroom or
student-level improvements.

While Goldschmidt found little overall variation in the achievement gap for students with
disabilities as a whole. for three subgroups, specific learning disability (SLD), speech and
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language impaired (SLI), and Deaf-Blind/Multiple Disabilities, the achievement gap did vary to
a small extent between schools. As Goldschmidt notes, for these categories, “some schools are
doing better (smaller gap) and some schools are doing worse (larger gap). In fact, the results
indicate the better schools would have an SLD/Non-SLD achievement gap that is 23 [for math]
and 10 points [for ELA] smaller than a school doing poorly with SLD students.” Goldschmidt
explores this issue in greater detail on page 16.

Goldschmidt creates three models to analyze the achievement gap. The parameter estimates for
these models are presented in Table 9 on page 11. Model 1, identified on the chart as estimate 1,
presents the achievement gap without considering the effect of various demographic variables
such as ethnicity. For this model, the achievement gap in English Language Arts is -42.69. This
means that students with disabilities as a group performed 42.69 points below non-disabled
students. That is the “effect of being designated special education” for performance in English
language arts. Similarly, in math, the effect of being designated special education is -55.38.
However, when one factors in the effects of the demographic variables presented in Model 2
(Estimate 2), the achievement gap “is reduced by approximately 20%” to -32.41 in English
language arts and -45.54 in math. This is the baseline achievement gap.!

Model 3 (estimate 3) “breaks out” the performance gap by disability category and demographic
variables. For example, in English language arts, a student with mental retardation performed on
average 56.13 points lower than a non-mentally retarded student, controlling for demographic
characteristics related to achievement. Similarly, a student with a specific learning disability
(SLD) performed 36.96 points lower than a non-SLD student. Interestingly, SLD exhibits the
largest gap of any category in English language arts with the exception of MR, an unexpected
result since SLD is a high incidence disability with typically less impact on performance than
moderate to severe disabilities. As would be expected, speech and language impairment (SLI)
has the least effect on performance at -8.36 for English language arts and —8.53 for math.

A second interesting feature of Model 3 is that the effect of each characteristic is additive. For
example, the effect of being African American is -23.16 points. | have already noted that the
effect of being SLD is -36.96 points. Thus, the effect of being African American and labeled
SLD on performance on the English language arts section of the CST would be the sum of the
two effects or -60.22. This means that an African American identified as SLD performed 60.22
points lower than a non-African-American, non-SLD student. If one adds the -21.67 point effect
of Title I status to the -36.96 effect of being SLD, the performance gap is 58.63 points.

Table 11 on page 16 considers the effect of school context. As noted earlier there is variation
between schools in the achievement gap for students in the categories: SLD, ED, MD_DB, and
SLI. This table examines the effects of several demographic variables on the school mean as
opposed to the student mean, after accounting for the effects of individual student characteristics
such as disability and ethnicity. Interestingly, all of the demographic characteristics with the
exception of school size have a positive effect on school mean. Based on the results of earlier
analyses, it would be expected that a larger % of GATE students and % of White (hon-minority)
students would increase a school’s score and the size of a school have a negative relationship
with the overall score (larger schools produce lower scores). In addition, this table reveals that

! Table 10 on page 13 presents these results in terms of effect sizes. Thus, in English language arts, students with
disabilities performed .49 standard deviation below non-disabled student. For math, the gap was .91 standard
deviation. The standard deviation for the sample is 65.9 for English language arts and 49.9 for math.
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both % special education and % ELL students have a positive effect on a school’s overall score,
once we control for the effects of disability and ELL status. When the effects are examined by
specific disability category, some of these results are reversed. For example, student with SLD,
increasing the % of ELL students in a school increases the math performance gap by 3.49 points.

Implications

Dr. Goldschmidt’s states that “the existing achievement gaps between special education and non-
special education students are substantively large and careful analysis of ensuing years’ data
needs to be undertaken in order to properly monitor progress toward reducing those gaps.” This
finding has considerable implications for both general and special education.

Goldschmidt also makes a series of important points regarding the development of any
performance outcome for the District. He states that “it would be inappropriate to monitor the
special education achievement gap” using the overall gap between special and general education
or to monitor categories such as low and high incidence disabilities. This is because of the
“substantial difference in the performance gaps among specific disability categories.” For
example, the gap between in English language arts for the two high incidence categories, SLD
and SLI are 36.96 and 8.36 respectively. These are considerably different gaps and combining
them would only result in masking those differences. Further, a high incidence gap would make
little practical sense, as there are likely to be considerable differences in the manner in which the
District would attempt to improve the performance of these different groups of students. The
same holds for the moderate to low incidence categories. This does not, however, preclude the
possibility of other groupings for the purpose of establishing a performance outcome/s.

In terms of monitoring the gap over time, Goldschmidt states that a growth curve model would
be preferable. He also notes that “there exist external estimates of acceptable differences in
performance due to actual cognitive differences and not due to school related factors.” By this,
he is referring the fact that disabilities such as mental retardation and traumatic brain injury can
impact students’ cognitive ability. Even though many students with cognitive disabilities take the
CAPA, for some disability categories, it is likely that a percentage of the performance gap for
those that take the CST is associated with the impact of the disability and a percentage with
instructional and curricular issues. The District has little control over the former but considerable
control over the latter. While the provision of accommodations and modifications can enhance
the performance of students with disabilities, it is unlikely that they can entirely overcome the
impact of a cognitive disability. The parties should carefully consider the impact of disability as
they consider the establishment of a performance outcome.

The development of an outcome to address the achievement gap between general and special
education is an important step. It reflects the current focus in education policy and practice on
improving the academic performance of all students, especially those students who have
traditionally been “left behind”. Special education has often been overly focused on the process
of education rather than its results. As these statistics reveal, the results for students with
disabilities in LAUSD both overall and in comparison to their non-disabled students are poor.
This is especially the case when one factors in other demographic characteristics such as
ethnicity and Title I status. It is my hope that the parties will closely review and consider these
results, and if necessary access the expertise to understand and analyze them, prior to engaging
in the negotiations over an outcome.






that is 23 and 10 points smaller than a school doing poorly with SLD students, in Mathematics
and ELA respectively. This between-school variation is discussed further below.

First student level effects are examined. The results displayed in Table 9 present the
parameter estimates derived from three models, each of which build upon the previous model.
Separate models are tested for Mathematics and ELA. Model 1 simply categorizes students as
being designated as special education or not, but does not account for other student
characteristics and potentially confounds the effects of special education status with other student
background factors that might affect achievement. Model 2 adds student concomitant variables.
Model 3 identifies each specific category separately and includes student concomitant variables
as well.

The result from Model 1 indicate that for both Mathematics and ELA, special education
students are expected to score approximately 55.4 and 42.7 points lower than non-special
education students. This result is not unexpected. Model 2 accounting for differences among
students in other concomitant characteristics demonstrates the effect of confounding. The
special education parameter estimate (achievement gap) is reduced by approximately 20% once
student background characteristics are included. This indicates that comparing unadjusted means
over-estimates the gap in special education student achievement by about 20%.

The results of model 3 indicate that there are both substantively large and statistically
significant performance gaps between special education and non-special education students.
Model 3 further indicates that these performance gaps vary substantially by specific disability
category. This implies that grouping special education categories into high and low incidence is
likely not appropriate and would incorrectly imply that students within the high or low incidence
categories demonstrate similar achievement patterns. Again, the student covariates conform to

expectations. Girls perform less well than boys in Mathematics, but better in ELA.
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Table 9: HLM parameter estimates for student characteristics

CST Mathematics ELA
Model 1 2 3 1 2 3
Estimate Estimate Estimate Estimate Estimate Estimate
Mean Scale Score 329.63 * 322.39 * 322.40 * 32338 * 320.11 * 320.13 *
Grade -7.45 * -7.27 * -2.40 * -2.32 *
Effect of Being designated
Special Education (Any) -55.38 * -45.564 * -42.69 * -32.41 *
GATE 55.42 * 55.17 * 47.63 * 47.48 *
MR -80.28 * -56.13 *
HH_DEAF -20.56 * -21.60 *
SLI -8.53 * -8.36 *
VI -24.87 * -20.01 *
ED -46.49 * -26.88 *
Ol_TBI -37.53 * -20.74 *
OHI -38.22 * -26.02 *
SLD -52.41 * -36.96 *
DB_MD -58.89 * -31.85 *
AUT -45.79 * -27.25 *
Demographic Effects (compared to Whites)
Girls (vs. Boys) -3.27 * -3.19 * 7.23 * 7.30 *
African American -30.84 * -30.55 * -23.51 * -23.16 *
American Indian -15.51 * -15.36 * -12.47 * -12.35 *
Asian 21.25 * 21.10 * 4.03 * 4.05 *
Pacific Islander 221 * 225 * -0.17 -0.04
Hispanic -15.65 * -15.54 * -12.92 * -12.71 *
Unknown -23.63 * -23.11 * -22.91 * -22.56 *
ELL -15.15 * -15.04 * -24.80 * -24.68 *
Redesignated EL 7.33 * 7.08 * 475 * 4.61 *
Title 1 (vs non-Title 1) -23.79 * -23.58 * -21.83 * -21.67 *
*p<.05

The effect of being an English Language Learner (ELL) is negative, and consistent with
previous research is the fact that performance gap between ELL and non-ELL students is smaller
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in mathematics because it is less language dependent. There are differences by race/ethnicity
categories as well (the reference group is White students). The results also account for which
grade a student is in. Generally, students’ performance decreases with grade. While results
pertaining to student background are not the focus of this analysis, checking these results is
important in that it lends some credibility to findings that are of interest.

The importance of including these student covariates, as noted, is to be able to examine
the marginal effects of the specific disability categories, net of other characteristics related to
achievement. Hence, the estimates presented in Table 9, Model 3 represent the marginal effect,
or performance gap for each specific category ceteris paribus. Also, these effects are additive.
For example, a girl is estimated to score approximately 3.2 points less than a boy in
Mathematics, but a girl who is classified with SLI would be expected to score about 11.7
(3.2+48.5) points lower than a boy, not classified with SLI.

This simple additivity depends on whether any interaction effects exist among the
variables. Preliminary analyses examined whether there existed any interaction, or joint, effects
among some of the pertinent student characteristics and specific disability categories. For
example the results in Model 3 suggest that students classified with SLD score approximately
52.4 points lower in Mathematics than students without the special education designation. The
results from Model 3 also indicate that girls score approximately 3.2 points lower than boys in
Mathematics. Examining the joint effect accounts for potential effects of different distributions
of girls and boys in the SLD category and examines whether among SLD students specifically,
girls score differently than boys. Hence, preliminary analyses examined whether there were
interaction effects between specific disability categories and gender, grade, and race/ethnicity.
In general the results indicated that that there were not statistically significant interaction effects,
nor were these effects substantively significant. Further, creating interaction effects between
specific disability categories and race/ethnicity uses too many degrees of freedom and creates a
model that even this large dataset cannot support. These results are likely not robust to
variations in specifications. The results, therefore, imply that only main effects need to be

considered.
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Table 10: Effect size estimates for student characteristics

CST Mathematics ELA
Model 1 2 3 1 2 3
Estimate Estimate Estimate Estimate Estimate Estimate
Mean Scale Score
Grade -0.15 * -0.15 * -0.04 * -0.04 *
Effect of Being designated
Special Education (Any) -1.11 * -0.91 * -0.65 * -0.49 *
GATE 111 ~* 111 * 0.72 * 0.72 *
MR -1.61 * -0.85 *
HH_DEAF -0.41 * -0.33 *
SLI -0.17 * -0.13 *
VI -0.50 * -0.30 *
ED -0.93 * -0.41 *
OL_TBI -0.75 * -0.31 *
OHI -0.77 * -0.39 *
SLD -1.05 * -0.56 *
DB_MD -1.18 * -0.48 *
AUT -0.92 * -0.41 *
Demographic Effects (compared to Whites)
Girls (vs. Boys) -0.07 * -0.06 * 0.11 * 0.11 *
African American -0.62 * -0.61 * -0.36 * -0.35 *
American Indian -0.31 * -0.31 * -0.19 * -0.19 *
Asian 0.43 * 0.42 * 0.06 * 0.06 *
Pacific Islander 0.04 * 0.05 * 0.00 0.00
Hispanic -0.31 * -0.31 * -0.20 * -0.19 *
Unknown -0.47 * -0.46 * -0.35 * -0.34 *
ELL -0.30 * -0.30 * -0.38 * -0.37 *
Redesignated EL 0.15 * 0.14 * 0.07 * 0.07 *
Title 1 (vs non-Title 1) -0.48 * -0.47 * -0.33 * -0.33 *

*p< .05
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In order to get a more intuitive estimate, Table 10 presents the results of the three models
in terms of effect sizes®. The effect sizes are substantively large for each of the specific
disability categories. Students designated as MR, for example, are expected to score 1.61
standard deviations below non-MR students in Mathematics, ceteris paribus. Students
designated with SLD, the largest specific disability category, are expected to score about 1.05
and 0.56 standard deviations below students without a special education designation, in
Mathematics and ELA respectively.

The results in Tables 9 and 10 represent the baseline (as of 2002-2003) performance gaps
by specific disability categories, net of student background characteristics and also demonstrated
that for SLI, ED, SLD and DB_MD students, their performance gaps varied significantly among
schools. Table 11 presents results of reduced models for Mathematics and ELA that attempt to
account for this variability with a limited number of school context variables. This should be
considered a preliminary investigation of factors that might account for the variation in these
effects. As is discussed below, many school context variables will not be appropriate for
modeling cross-sectional data.

The school context variables considered here include only aggregate proportions of
student background characteristics. That is, for each school, the percentage of GATE, Special
Education, non-Minority’, ELL, and Title 1 are calculated. A proxy for school enrolment is also
used. Table 11 presents only those school factors that were statistically significantly related to
mean school achievement, and to the three specific disability categories demonstrated, above, to
vary significantly between schools (that is the effects of being designated into one of the three
categories.). They are interpreted as follows.

For example, as Tables 9 and 11 demonstrate, students designated as SLD demonstrate
lower performance by about 54 and 38 points compared to non-SLD students, in Mathematics
and ELA respectively. However, as noted, this effect varies among schools. For example in
Mathematics, an average student classified as SLD, in a school were SLD students are
performing one standard deviation above average, as compared to a similar student attending a
school where SLD students are performing one standard deviation below average, would score

6 The effect size is estimated as b1j/(s.d. of the outcome). The standard deviation of this sample is 49.9
for Mathematics and 65.9 for ELA.

7 Non-Minority = White.
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about 46.6 points higher8. Model 4 attempts to use a limited number of school context variables
to account for the variation in the SLD achievement gap as well as SLI, ED, and MD_DB.
School Mean achievement is positively related to all of the aggregate student
characteristics, after accounting for the effects of individual student characteristics on
achievement. For both Mathematics and ELA, school size is inversely associated with mean
school performance — although substantively this effect is small. SLI varied only for ELA, and
the percentage of Title 1 students and school size are both related to this variation. ED varies for
both Mathematics and ELA. Again, school size was positively related to performance. That is
the gap between ED students and non-ED students, was smaller in larger schools. The SLD
achievement gap is associated with the number percentage of students with several aggregate
school factors. Consistent with the specific disability categories, larger schools are estimated to
have smaller SLD- Non-SLD achievement gaps. The MD_DB effect was also related to school
size in a manner consistent with the other special education categories. It is interesting to note
that for specific disability categories, the percentage of ELL students at a school exacerbates the
negative consequences of that category. Another consistent result is that the percentage of
Students with Disabilities at a school generally does not affect the achievement gap between
students with specific categories and students without. The results in Table 11 indicate that
magnitude of these limited school context variables is relatively small, compared to the overall
gaps. This clearly warrants further research; likely by combining school data from other sources

(e.g. the CBEDS data) that could examine programmatic and teacher qualification effects.

8 The between school variance in the SLD effect in Mathematics is 544.7 (Table 9). Hence, the s.d. =
sqrt(544.7) = 23.3. 23.3 X2 =46.6.
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Table 11: HLM parameter estimates for the effect of school context (1)

CST Mathematics  Reading
4 4
Estimate Estimate
Mean Scale Score 322.34 * 320.11 *

Effect of School Context (2)

% GATE students 10.73 * 8.14 *

% Special Education students 240 * 164 *

% Non-Minority (3) 417 * 211 ~*

% ELL Students 153 * 0.63 *

% Title 1 Students 3.20 * 243 *

School Size (4) -0.96 * -0.55 *
SLI -8.55 * -8.64 *

Effect of School Context (2)

% Title 1 Students -0.44 *

School Size (4) 0.19 *
ED -48.19 * -29.04 *

Effect of School Context (2)

% GATE students -4.41 *

% ELL Students -3.04 *

School Size (4) 140 * 0.55 *
SLD -54.08 * -37.89 *

Effect of School Context (2)

% of GATE students -3.77 * -3.32 *

% Non-Minority (3) -3.38 *

% ELL Students -3.49 *

% Title 1 Students -1.09 *

School Size (4) 162 * 041 *
DB_MD -75.50 * -31.75 *

Effect of School Context (2)

% ELL Students -3.21 *

School Size (4) 3.35 *

Variance Components

SLI 455 *

ED 383.0 1515 *

SLD 258.1 770 *

DB_MD 132.8

Variance reduction from unconditional Estimates (Table 9)

SLI 10.5%
ED 15.4% 16.1%
SLD 52.6% 25.8%
DB_MD 78.5%

Notes: *p<.05

(1) Model 4, at the student level, contains all of the variables
presented in Table 10. Only the results of the mean and the
three specific disability categories that varied among schools are
(2) The effect of school context presents change in achievement
associated with a 10% change in the school context variable.

(3) Non-Minority = White.

(4) School Size is a proxy for student enrolment and estimated
by the number of valid test scores in each school. Figures
displayed represent the change in achievement per 100 students.
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Conclusions

It is important to examine performance gaps net of student background characteristics as
this reduces the effects of potential confounding factors. However, cross-sectional analyses such
as the one conducted to establish the baseline estimates are inadequate to monitor progress in
reducing these gaps.

The existing achievement gaps between special education students and non-special
education students are substantively large and careful analysis of ensuing years’ data needs to be
under-taken in order to properly monitor progress towards reducing these gaps. The results
suggest that it would be inappropriate to monitor the special education achievement gap using a
dichotomous special education or not special education designation. Similarly, the results imply
that classifying students into high or low incidence special educations categories would be
inappropriate. Given that the results indicate substantial differences in performance gaps among
specific disability categories. Overall, the results indicate that these performance gaps are
relatively uniform across schools (and by extension across local districts). This is supported by
the fact that approximately 75% of the variation in student achievement scores is attributable to
students within schools. Further, only three specific disability categories demonstrated any
statistically significant variability among schools. Of course, one of these is SLD, the largest
category, and this warrants further investigation. The simple cross-level models attempting to
account for the between-school variation in the achievement gaps of specific disability categories
do not present results that allow for conclusive policy and practice recommendations. However,
the results are suggestive as to a couple of points pertaining to specific achievement gaps. One,
the percentage of students designated as special education at a school does not affect how large
the gap is — implying there are no “economies of scale”; two, as the percentage of ELL students
at a school increase, so do the performance gaps of specific disability categories — implying that
for students in some disability categories schools are not able to successfully handle several
competing sources of achievement gaps; and three, while larger scores tend to have lower overall
achievement, larger schools, have slightly smaller special education — non-special education
achievement gaps -- for some specific disability categories.. Clearly, all of these areas warrant

additional research.
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While the HLM methodology addresses some issues, the simple two level model cannot
address internal validity issues that will arise when attempting to monitor performance gaps over
time. ldeally, a hierarchical growth model to assess change (Bryk and Raudenbush, 1987),
within a growth curve approach (Rogosa, Brandt, and Zimowski, 1982), should be utilized.
Longitudinal modeling has several advantages that can addresses issues of internal validity
(Campbell and Stanley, 1963), as well as specific issues associated with the relationship between
baseline and growth. In fact longitudinal hierarchical linear growth models can address spurious
negative correlations that standard pre-post designs produce (Raudenbush and Bryk, 2002).
Another benefit of longitudinal modeling is that the effect of test modifications or school
program variables can be examined as well®.

A growth curve approach estimates growth trajectories for each student, which then
allows for comparisons among specific disability categories’ growth, relative to students without
such designations — i.e. how much that gap is closing. Given that there exist external estimates
of acceptable differences in performance due to actual cognitive differences, and not due to
school related factors, relative growth estimates should be based on the difference between the
proposed gap and the current gap divided by the time to meet the objectives. Statistically, a
longitudinal growth model can explicitly test whether any specific group is “catching up,” but
the model cannot address to what extent this catching up represents acceptable progress towards
the objective. A lower bound, then, should be statistically significant growth parameter

estimates for each of the specific disability categories.

9 This is not possible using a cross-sectional dataset, as students most in need of modifications receive
them — generating negative estimates for the effects of the modifications. But in longitudinal studies,
students become their own controls and growth rates can be estimated and compared.
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Annex 1: Statistical Methodology employed in the analysis

While the focus of this analysis is not on school effects, in it is, none-the-less, informative to
examine the extent to which specific disability categories’ performance gaps vary among schools
—as it is not unlikely that some schools may do a better job with some students than others.
Briefly, the HLM at level 1 is

Yij = BOJ + Bljxlij + ...t Bpjxpij + rij, where Fij ~N(O, 62) Q)
Where Yi; is the outcome for student i in school j, and Xy;j to Xp;; are student level covariates.

These covariates include student characteristics such as gender, race/ethnicity, or language
status. At level 2

BOJ' = Joo + U where Uoj ~ N(O, Too) (2)
B1j = Q1o + Ugj Where ugj ~ N(O, t11) (3)
Boi = Gpo + Upj Where Upj ~ N(O, Tpp) ®

where goo is the overall mean of the sample, and uoj is unique increment associated with school
J (Raudenbush and Bryk, 2002). gi, to gpo are the average slopes (or in the case of categorical
variables, the average effect of being assigned that particular category as compared to a reference
group (Hardy, 1993). The random effects uoj to upj are the unique effects associated to school j
(Raudenbush and Bryk, 2002). Equation 2 through 4 can be extended to include school level
context variables that would be used to account for the significant variation in the unique effects
of schools. However, that is not the focus of this analysis. Equations 2-4 are tested to using a y?
((Raudenbush and Bryk, 2002) test to determine whether the variation in the level 1paremeter
estimates are significant. Thatis. X; might be gender19, B;j then represents the CST

achievement gap between girl and boys. This gap is simultaneously modeled as a function of an

10 Gender is coded as 1=girls and 0=boys.

Page 20 of 29



overall grand mean achievement gap (g10) and a unique school effect uy;. If the associated
significance test for usj reveals that this value differs significantly from 0, then this indicates that
the size achievement gap between girls and boys depends on which specific school in which the
students are enrolled. If the estimate for ug; is not statistically different from O, then a single
mean achievement gap estimate adequately summarizes the relationship between gender and
achievement. If this is the case then (3) would be reduced to:

B1j = go (3b)
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Annex 2: Results using CAT6 Mathematics and Reading as the outcome measures.

These results are generally similar to the ones reported above, using the CST. The main

differences are that the CST results tend to be less homogeneous within schools.

Table 8 presents the results of the various models used to identify performance gaps

among students. The results displayed under model 0 are the baseline or random

Table 8: Random effects and variance

components
Mathematics Models Reading Models
Variance Components 0 2 3 0 2 3
Student 420.7  330.0 306.0 341.6 262.6 247.6
School 88.4 254 27.8 62.2 16.1 17.0
SLI 3.6
SLD 17.0 11.9
DB_MD 69.3 65.6
Percent Percent
Percent accounted Attributabl

Attributable for e Percent accounted for
Student 82.6 21.6 27.3 84.6 23.1 27.5
School 17.4 71.3 68.6 15.4 74.1 72.7

coefficient results. These results indicate that the majority of the variation in CAT6 scores is
attributable to students, within schools. In fact 82.6% and 84.6% of the variation in Mathematics
and Reading scores are attributable to students, respectively. The variance estimates for students
can be used to compare student performance within a school. For example, in mathematics, a
student one standard deviation above average would be expected to score about 41 points!!
higher than a student one standard deviation below average, in the same school. Conversely,
about 15% to 17% of the variation in outcomes is attributable to schools. This means that
differences among schools (e.g. school size) can only account for 15% of the variation in
achievement scores. Roughly, this means that a hypothetical 10 point achievement gap between

girls and boys, could at best be reduced by 1.5 points by addressing differences between schools.

11 The student level variance is 420. The standard deviation = the square root of the variance = 20.5. 20.5
X2=41.
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Each of the specific disability categories was tested for randomly varying slopes, but only
the three indicated in Table 8 varied randomly. In other words, except for SLD, DB_MD and
(SLI in Reading), the achievement gaps estimated for each specific disability category does not
vary among schools. That is, the average district-wide gaps between special education students
(except the specific groups noted above) and non-special education students does not vary
among schools — differences between schools (e.g. enrolment) will not account for any of the gap
sizes. On the other hand randomly varying slopes (or gaps) for SLD, for example, indicate that
some schools are doing better (i.e. smaller gap) and some are doing worse (i.e. larger gap). In
fact, these results indicate that better schools would have a SLD-Non-SLD achievement gap that
is 16.4 and 13.8 points smaller than a school doing poorly with SLD students, in Mathematics
and Reading respectively. This between-school variation is discussed further below.

First student level effects are examined. The results displayed in Table 9 present the
parameter estimates derived from three models, each of which build upon the previous model.
Separate models are tested for Mathematics and Reading. Model 1 simply categorizes students
as being designated as special education or not, but does not account for other student
characteristics and potentially confounds the effects of special education status with other student
background factors that might affect achievement. Model 2 adds student concomitant variables.
Model 3 identifies each specific category separately and includes student concomitant variables
as well.

The result from Model 1 indicate that for both Mathematics and Reading, special
education students are expected to score approximately 20 and 16.4 NCEs lower than non-
special education students. This result is not unexpected. Model 2 accounting for differences
among students in other concomitant characteristics demonstrates the effect of confounding. The
special education parameter estimate (achievement gap) is reduced by approximately 20% once
student background characteristics are included. This indicates that comparing unadjusted means
over-estimates the gap in special education student achievement by about 20%.

The results of model 3 indicate that there are both substantively large and statistically
significant performance gaps between special education and non-special education students.
Model 3 further indicates that these performance gaps vary substantially by specific disability
category. This implies that grouping special education categories into high and low incidence is
likely not appropriate and would incorrectly imply that students within the high or low incidence
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categories demonstrate similar achievement patterns. Again, the student covariates conform to

expectations. Girls perform less well than boys in Mathematics, but better in Reading.

Table 9: HLM parameter estimates for student characteristics

CAT6 Mathematics Reading
Model 1 2 3 1 2 3
Estimate Estimate Estimate Estimate Estimate Estimate
Mean NCE 46.86 * 4361 * 4526 * 4172 * 39.37 * 40.64 *
Grade -1.70 * -1.46 * -0.93 * -0.77 *
Effect of Being designated
Special Education (Any) -20.01 * -16.10 * -16.37 * -13.09 *
GATE 21.08 * 19.93 * 17.89 * 16.95 *
MR -30.38 * -22.59 *
HH_DEAF -9.80 * -9.54 *
SLI -2.83 * -2.86 *
VI -11.89 * -7.68 *
ED -15.91 * -11.92 *
Ol_TBI -14.08 * 726 *
OHI -13.50 * -9.56 *
SLD -18.49 * -14.37 *
DB_MD -20.46 * -14.23 *
AUT -15.66 * -11.56 *
Demographic Effects (compared to Whites)
Girls (vs. Boys) 020 * -1.00 * 363 * 2.99 *
African American -12.20 * -11.46 * -9.44 * -8.80 *
American Indian -5.68 * -5.67 * -4.05 * -4.02 *
Asian 6.77 * 595 * 1.07 * 0.42
Pacific Islander 154 * 0.44 0.15 071 *
Hispanic -5.87 * -6.03 * 437 * -4.48 *
Unknown -11.01 * -9.35 * -10.65 * -9.37 *
ELL -6.89 * -6.59 * -10.17 * -9.91 *
Redesignated EL 484 * 347 ™ 2.89 * 178 *
Title 1 (vs non-Title 1) -9.34 * -8.73 * -8.07 * -757 >

*p<.05

The effect of being an English Language Learner (ELL) is negative, and consistent with
previous research is the fact that performance gap between ELL and non-ELL students is smaller
in mathematics because it is less language dependent. There are differences by race/ethnicity
categories as well (the reference group is White students). The result s also account for which
grade a student is in. Generally, students’ performance decreases with grade. While results
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pertaining to student background are not the focus of this analysis, checking these results is
important in that it lends some credibility to findings that are of interest.

The importance of including these student covariates, as noted, is to be able to examine
the marginal effects of the specific disability categories, net of other characteristics related to
achievement. Hence, the estimates presented in Table 9, Model 3 represent the marginal effect,
or performance gap for each specific category ceteris paribus. Also, these effects are additive.
For example, a girl is estimated to score approximately 1.0 NCE less than a boy, but a girl who is
classified with SLI would be expected to score about 3.8 NCEs lower than a boy, not classified
with SLI.

This simple additivity depends on whether any interaction effects exist among the
variables. Preliminary analyses examined whether there existed any interaction, or joint, effects
among some of the pertinent student characteristics and specific disability categories. For
example the results in Model 3 suggest that students classified with SLD score approximately
18.5 NCEs lower in Mathematics than students without the special education designation. The
results from Model 3 also indicate that girls score approximately 1.0 NCE lower than boys in
Mathematics. Examining the joint effect accounts for potential effects of different distributions
of girls and boys in the SLD category and examines whether among SLD students specifically,
girls score differently than boys. Hence, preliminary analyses examined whether there were
interaction effects between specific disability categories and gender, grade, and race/ethnicity.
In general the results indicated that that there were not statistically significant interaction effects,
nor were these effects substantively significant. Further, creating interaction effects between
specific disability categories and race/ethnicity uses too many degrees of freedom and creates a
model that even this large dataset cannot support. These results are likely not robust to
variations in specifications. The results, therefore, imply that only main effects need to be

considered.
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Table 10: Effect size estimates for student characteristics

CAT6 Mathematics Reading
Model 1 2 3 1 2 3
Estimate Estimate Estimate Estimate Estimate Estimate
Mean NCE
Grade -0.09 * -0.08 * -0.05 * -0.05 *
Effect of Being designated
Special Education (Any) -1.05 * -0.85 * -0.96 * -0.77 *
GATE 111 % 1.05 * 1.05 * 1.00 *
MR -1.60 * -133*
HH_DEAF -052 * -0.56 *
SLI -0.15 * -0.17
Vi -0.63 * -0.45 *
ED -0.84 * -0.70 *
Ol_TBI -0.74 * -043 *
OHI -0.71 * -0.56 *
SLD -0.97 * -0.85 *
DB_MD -1.08 * -0.84 *
AUT -0.82 * -0.68 *
Demographic Effects (compared to Whites)
Girls (vs. Boys) -0.01 * -0.05 * 021~ 0.18 *
African American -0.64 * -0.60 * -0.56 * -0.52 *
American Indian -0.30 * -0.30 * -0.24 * -0.24 *
Asian 0.36 * 031~ 0.06 * 0.02 *
Pacific Islander 0.08 * 0.02 * 001~ -0.04 *
Hispanic -031 ™ -032 % -0.26 * -0.26 *
Unknown -0.58 * -0.49 * -0.63 * -0.55 *
ELL -0.36 * -0.35 * -0.60 * -0.58 *
Redesignated EL 0.25 * 0.18 * 017 * 0.10 *
Title 1 (vs non-Title 1) -049 * -0.46 * -047 ™ -0.45 *
*p<.05

In order to get a more intuitive estimate, Table 10 presents the results of the three models
in terms of effect sizes!2. The effect sizes are substantively large for each of the specific
disability categories. Students designated as MR, for example, are expected to score 1.66

standard deviations below non-MR students in Mathematics, ceteris paribus. Students

12 The effect size is estimated as b1j/(s.d. of the outcome). The standard deviation of this sample is 19 for
Mathematics and 17 for Reading, which are somewhat below the metric calibrated s.d. of 21. That is,
Normal Curve Equivalents are scaled so that the norming population mean is 50 and the s.d. is 21.
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designated with SLD, the largest specific disability category, are expected to score about 0.97
and 0.85 standard deviations below students without a special education designation, in
Mathematics and Reading respectively.

The results in Tables 9 and 10 represent the baseline (as of 2002-2003) performance gaps
by specific disability categories, net of student background characteristics and also demonstrated
that for SLI, SLD and DB_MD students, their performance gaps varied significantly among
schools. Table 11 presents results of reduced models for Mathematics and Reading that attempt
to account for this variability with a limited number of school context variables. This should be
considered a preliminary investigation of factors that might account for the variation in these
effects. As is discussed below, many school context variables will not be appropriate for
modeling cross-sectional data.

The school context variables considered here include only aggregate proportions of
student background characteristics. That is, for each school, the percentage of GATE, Special
Education, non-Minorityl3, ELL, and Title 1 are calculated. A proxy for school enrolment is
also used. Table 11 presents only those school factors that were statistically significantly related
to mean school achievement, and to the three specific disability categories demonstrated, above,
to vary significantly between schools (that is the effects of being designated into one of the three
categories.). They are interpreted as follows.

For example, as Tables 9 and 11 demonstrate, students designated as SLD demonstrate
lower performance by about 18.6 and 14.4 NCEs compared to non-SLD students. However, as
noted, this effect varies among schools. Model 4 attempts to use a limited number of school
context variables to account for the variation in the SLD achievement gap. The SLD
achievement gap is associated with the number percentage of students who are designated as
ELL inaschool. Itisimportant to reiterate that this a separate effect from the individual student
being designated as ELL. As the percentage of ELL students increases, the SLD achievement
gap increases (irrespective of whether or not the SLD student is designated ELL). In fact,
comparing schools at either end of the possible ELL percent range (95% C.I) a school the upper
end (+ two standard deviations), as compared to a school at the lower end (- two standard

deviations) would

13 Non-Minority = White.
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Table 11: HLM parameter estimates for the effect of school context (1)

CAT6 Mathematics Reading
4 4
Estimate Estimate
Mean NCE 4521 40.56

Effect of School Context (2)

% GATE students 3.03 * 2.24 *
% Special Education students 0.52 *
% Non-Minority (3) 0.68 * 0.77 *
% ELL Students 0.42 *
% Title 1 Students 1.03 * 0.83 *
School Size (4) -0.21 * -0.08 *
SLI -2.83 * -2.92 *
Effect of School Context (2)
% Title 1 Students -0.18 *
School Size (4) 0.06 *
SLD -18.62 * -14.38 *
Effect of School Context (2)
% of GATE students -0.45 *
% ELL Students -0.46 *
School Size (4) 0.10 *
DB_MD -22.86 *
Effect of School Context (2)
% Title 1 Students -0.89 *
School Size (4) 0.72 *
Variance Components Variance Variance
SLI 3.2
SLD 14.2 11.7
DB_MD 15.1 70.4

Variance reduction from unconditional Estimates (Table 9)

SLI 12.1%
SLD 16.6% 1.9%
DB_MD 78.2% 0.0%
Notes: *p<.05

(1) Model 4, at the student level, contains all of the variables presented in
Table 10. Only the results of the mean and the three specific disability
categories that varied among schools are displayed.

(2) The effect of school context presents change in achievement associated
with a 10% change in the school context variable.

(3) Non-Minority = White.

(4) School Size is a proxy for student enrolment and estimated by the
number of valid test scores in each school. Figures displayed represent the
change in achievement per 100 students.
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have a SLD achievement gap that is about 4 NCEs larger (effect size =.21). The results in Table
11 indicate that magnitude of these limited school context variables is relatively small, compared
to the overall gaps. This clearly warrants further research; likely by combining school data from
other sources (e.g. the CBEDS data) that could examine programmatic and teacher qualification

effects.
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