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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.



Appendix A

Analysis of Differences in Student Performance 2002-2003.

By
Pete Goldschmidt, Ph.D.

Two issues need to be considered when addressing the performance gaps among students:
one, eliminating as many confounding characteristics associated with achievement (Campbell
and Stanley, 1963; Pedhazur, 1982); and two, accounting for the natural data structure of
students attending schools (Burstein, 1980; Raudenbush and Bryk, 2002). The former issue can
be partially addressed by including student characteristics as covariates (Pedhazur, 1982); while
latter issue is addressed by using a hierarchical modeling framework (Raudenbush and Bryk,
2002). Within the underlying question of the existing achievement gaps between special
education students and no-special education students, this analysis focuses on three related
ISSues:

O one, is the sample of special education students who have available CST
mathematics and English Language Arts (ELA) information representative of
special education students in the district in general;

0 two, are special education students who take the CAPA similar to special
education students who take the CST; and

o three what are the achievement gaps for each special education category.

In order to examine these questions the remainder of this analysis presents the data,

methods and results.

Data

The data for this analysis were supplied by LAUSD and consist of the standard data
elements produced by the California Department of Education for each school district as part of
the Standardized testing and Reporting (STAR) system. This dataset includes student
background as well as student outcome measures. The outcome measures of interest are the
California Standards Test and California Achievement Test v.6 (CAT6) reading and
Mathematics results. We focus on the CST because it is more closely aligned with specific

California standards. We focus on Mathematics and English Language Arts (ELA) because these
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subject areas are tested across all grades?. To the extent that progress in closing achievement
gaps will be monitored over time, the same subject matter needs to be available to examine
achievement growth. Other subjects apply to either primary grades or secondary grades, but not
both. Also, Mathematics and ELA are the current basis for No Child Left Behind (NCLB)
standards2. A supplemental dataset, the California Alternative Performance Assessment (CAPA)
was also provided by LAUSD. These data include student background and outcome measures
for special education students who did not participate in the STAR tests. Table 1 displays the
distribution of special education students by category for three samples. The first dataset, STAR
data all, represents the entire STAR dataset as received from LAUSD for students who had a
specific disability code. The second dataset represented in Table 1 is for students who had a
specific disability code and had both Mathematics and ELA CST scores. The third dataset

summarized in

Table 1: Distribution of disability categories within each sample

Disability STAR Data, all STAR Data - w/ CST CAPA Data
Code Frequency - N  Percent Frequency - N Percent Frequency - N  Percent
None 33 0.05 17 0.03 3 0.06
MR 2,998 4,53 492 1.01 2,233 44.76
hh-deaf 1,317 1.99 961 1.97 178 3.57
sli 4,381 6.61 4,165 8.55 8 0.16
vi 263 0.40 178 0.37 52 1.04
ed 3,468 5.23 2,171 4.46 120 241
oi-thi 822 1.24 544 1.12 153 3.07
ohi 3,077 4.64 2,471 5.07 88 1.76
sld 46,676  70.45 36,635 75.20 277 5.55
db-md 1,264 1.91 139 0.29 990 19.84
aut 1,952 2.95 946 1.94 813 16.30
U 74 1.48
Total (1) 66,251 100 48,719 100 4,989 100
Notes:

(1) The percentage of Special Education students in the STAR all sample, and the STAR with
CST sample is 11.5 and 9.7 respectively.

Table 1 is for students in the CAPA file provided by LAUSD. The proportion of special
education students with valid CST test scores is slightly less then the proportion of special

1 Results using CAT6 Mathematics and Reading are reported in Annex 2.
2 Science will be included
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education students in the district, in general. However, the majority of the difference is
accounted for by the fact that about 10% of special education student took the CAPA instead of
the CST. Comparing the distribution of students by specific disability code reveals that students
with valid CST scores are distributed in approximately the same proportions as in the district in
general. One exception to this is that the MR subgroup is significantly under-represented. This is
consistent with the CAPA data, as almost 45% of the CAPA examinees are from the MR
subgroup. Overall, the sample used to examine performance gaps is sufficiently representative

of the LAUSD special edition disability category distribution to utilize it for the analysis.

Of course, we would consider any parameter estimates pertaining to the performance
gaps as lower bounds, as it is likely that the most severely affected students took the CAPA
instead of the CST. This issue will be addressed further below. Table 2 continues the

comparison among the three data samples.

Table 2: Distribution of Ethnicity categories within each sample of
Special Education students

STAR Data, all STAR Data - w/ CST CAPA Data

Ethnicity Frequency - N  Percent Frequency - N  Percent Frequency - N  Percent
White 7,313  11.04 5,345  10.97 590 11.83
aa 12,427  18.76 8,275  16.99 876 17.56
ai 268 0.40 174 0.36 12 0.24
asian 1,049 1.58 803 1.65 125 2.51
pacisl 754 1.14 518 1.06 150 3.01
hisp 43970  66.37 33,306  68.36 3,180 63.74
unknown 470 0.71 298 0.61 56 1.12

Total 66,251 100 48,719 100 4,989 100

Table 2 displays the distribution of ethnic/race categories among special education
students. The focus here is not whether any particular ethnic/race group is over represented in
special education, rather whether special education students with valid CST scores are
representative of the ethnic/race distribution of special education students in the district as a
whole. The STAR CST distribution is representative, while the CAPA examines tend to slightly
over-represent Asians and Pacific Islanders.

Table 3 displays the distribution of gender for Special Education students. The
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Table 3: Distribution of gender within each sample
among Special Education students

STAR Data, all STAR Data - w/ CST CAPA Data
Gender Frequency - N  Percent Frequency - N Percent Frequency - N  Percent
Female 22,877 3454 16,808 34.50 1,876 37.60
Male 43,352  65.46 31,911 65.50 3,108 62.30
missing 22
Total 66,229 100 48,719 100 4,989 100

results in Table 3 indicate that gender appears consist among the three samples.
Table 4 presents the distribution of language status among special education students. As with
gender, the results appear to be consistent across the three samples.

Table 4: Distribution of language status categories within each sample
Among Special Education students

Language STAR Data, all STAR Data - w/ CST CAPA Data

Status Frequency - N Percent Frequency - N Percent Frequency - N  Percent

EO/IFEP* 31,173 47.05 21,759 44.66 2,211 44.32

ELL* 32,623 49.24 24,996 51.31 2,736 54.84

Redesignated* 2455 371 1,964  4.03 42 0.84
Total 66,251 100 48,719 100 4,989 100

* Students who are designated EO/IFEP = English Only/Initially English Proficient; ELL = English Language
Learner; Redesignated = students who were initially ELL but have been redesignated as fully English Proficient.

Finally, Table 5 presents the distribution of grade among special education students.

Table 5: Distribution of grade within each sample
among Special Education students

STAR Data, all STAR Data - w/ CST CAPA Data
Grade Frequency - N  Percent  Frequency - N Percent Frequency - N  Percent

2 5,161 7.79 4,310 8.85 508 10.18

3 6,602 9.97 5,657 11.61 491 9.84

4 7,212 10.89 6,094 12.51 541 10.84

5 6,829 10.31 5,814 11.93 528 10.58

6 8,073 12.19 6,832 14.02 602 12.07

7 8,364 12.62 6,328 12.99 573 11.49

8 6,771 10.22 5,281 10.84 478 9.58

9 7,929 11.97 4,747 9.74 459 9.20

10 5,484 8.28 2,234 4.59 419 8.40
11 3,826 5.78 1,422 2.92 390 7.82
Total 66,251 100 48,719 100 4,989 100

It is not readily apparent from examining the numbers in Table 5 that students with CST scores

are representative of LAUSD special education students, in general. This result is more apparent
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when examining Figure 1, which displays the proportion representation in each grade. The
percentages vary slightly among the samples, but the overall patterns are similar.

Figure 1: Distrubtion of Grade by Sample
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Table 6 examines the bivariate distribution of ethnicity/race and specific disability code for both
the STAR and the CAPA dataset. This is primarily presented to examine who is taking the
CAPA, as compared to who exists in the district, overall. Again, while there appears to be
disproportionate proportions of various ethnic/race categories, the purpose of Table 6 is to
examine whether these same proportions exist in the CAPA data. Given the small sample sizes

within each cell in the CAPA file, the figures are consistent with the district STAR data source.
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Table 6: Disability Category by Ethnicity/Race status (in percent)

STAR African American Pacific
Disability Category White American Indian Asian Islander  Hispanic Unknown
None 9.41 11.71 028 4.20 2.65 71.58 0.18
mr 7.71 16.88 033 217 2.27 70.51 0.13
hh-deaf 7.97 9.72 023 342 3.34 75.17 0.15
sli 12.83 11.32 032 4.5 1.16 70.01 0.21
vi 13.69 15.21 5.32 3.42 61.98 0.38
ed 18.83 36.45 1.04 0.98 0.63 37.89 4.18
oi-thi 13.87 10.34 036 3.04 2.07 70.07 0.24
ohi 28.14 18.62 078 214 1.30 48.33 0.68
sld 8.58 18.85 035 1.00 0.84 69.88 0.51
db-md 14.56 15.19 055 261 2.37 64.00 0.71
aut 28.38 17.01 046 6.05 4.10 42.01 2.00
Total  9.60 12.52 029 3.90 247 70.99 0.24
CAPA African American Pacific
Disability Category White American Indian Asian Islander Hispanic Unknown
None 33.33 66.67
mr 7.75 16.03 013 210 2.55 70.98 0.45
hh-deaf 5.62 17.98 0.56 4.49 71.35
sli 25.00 25.00 12.50 37.50
vi 17.31 11.54 3.85 1.92 65.38
ed 16.67 31.67 167 250 0.83 45.83 0.83
oi-thi 11.76 16.34 1.96 4.58 61.44 3.92
ohi 20.45 17.05 341 4.55 51.14 341
sld 10.11 18.41 144 181 1.44 62.82 3.97
db-md 12.73 12.93 2.02 2.12 68.99 121
aut 21.65 25.46 037 455 5.04 42.44 0.49
U 12.16 18.92 5.41 6.76 44.59 12.16
Total 11.83 17.56 024 251 3.01 63.74 1.12

Table 7 presents the distribution of test modifications by specific disability category.
These test modifications represent a set of standard modifications as coded by the district. As
expected, the vast majority of students in LAUSD do not receive any modifications. What is
interesting to note, however, is that between 25% and 93% of special education students taking
the CST receive no valid test modification.

The descriptive results indicate that, overall the students with valid CST data are
representative of the district as a whole. The caveat to consider are that the MR subgroup is
overwhelming assigned to the CAPA. This may be due to the specific nature of this category,
but also highlights the fact that there is insufficient information available
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Table 7: Distribution of Test Modifications by Disability Category
If received any test modification, type of Modification received, in Percent

Disability Category N None 1EP Time Reading/ELA Calculator Dictionary Other
None 452,578 99.65 0.00 44,96 19.02 3.49 26.76 5.77
Not indicated 716 0.00 100.00 0.00 0.00 0.00 0.00 0.00
mr 492 27.85 30.70 16.90 29.58 8.73 2.82 11.27
hh-deaf 961 54.32 51.25 13.67 23.92 2.51 0.23 8.43
sli 4,165 93.01 40.55 29.55 21.65 2.41 1.72 412
Vi 178 32.58 35.00 50.00 6.67 2.50 0.00 5.83
ed 2,171 49.42 49.73 26.87 12.02 5.65 2.73 3.01
oi-thi 544 55.70 40.66 27.80 16.60 5.39 1.24 8.30
ohi 2,471 57.99 43.55 29.67 13.29 7.61 2.02 3.85
sld 36,635 46.07 41.32 28.78 16.13 8.53 2.24 3.00
db-md 139 39.57 40.48 26.19 11.90 10.71 1.19 9.52
aut 946 41.33 32.43 28.29 21.08 7.39 2.70 8.11
Total 501,996 94.77 39.91 28.78 15.77 7.18 4.81 3.56

Note: Data on Braille was missing, hence, some of the students categorized as VI and DB_MD listed as receiving
no modification, may have received Braille modification.

with which to discern whether the most severely effected students in any special education
category are the ones taking the CAPA (although this may be exactly the role of the CAPA). It
is beyond the scope of this study to examine relative performance between the CAPA and the
CST. However, the focus of this analysis is to identify baseline performance gaps among specific
disability categories and between those and non-special education students. Hence, the next
section briefly describes the methodology used to estimate the performance gaps.

Analysis Methodology

As noted above, the natural data structure of students requires that the intra-cluster
correlations be taken into account (Raudenbush and Bryk, 2002). Ignoring the data structure
leads to under estimation of the standard errors associated with the parameter estimates and
inflates type | error rates3. Hence, this analysis will use a two level hierarchical linear model
(HLM), with students at level 1 and schools at level 2. By using a two level model, we are able
to divide the variation in achievement into between student and between school components. It
is particularly important to do so because data containing multiple levels of aggregation can lead

to errors in interpretation of results, when these multiple levels are ignored (Aitkin and Longford,

3 The type | error rate is the rate that the null hypothesis is falsely rejected. This is set a-priori, and is referred to as
alpha (o). Testing hypotheses entails comparing whether test a statistic (for example, the parameter estimate for the
achievement gap between girls and boys) is far enough from 0, to say that it does not have that value due to chance
variation. The null hypothesis is rejected when the probability of the test statistic occurring is less than the a
value. Dividing the test statistic by the standard error of the test statistic and looking up that value on a
normal curve table obtains the probability. If data are clustered (e.g. students within a classroom) and
their outcomes are correlated, then this causes the standard error to be too small because the N used to
calculate the standard is assumed to represent N independent observations, but in reality represents
fewer observations if the observations are correlated. An intra-cluster correlation of (ICC) .05 can double
the actual a value — that is increase the likelihood of making a type I error.
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1986; Burstein, 1980). For example, ELL (English Language Learner) status, measured at the
student level, represents a measure of a student’s English language ability, while the aggregated
mean student ELL at a school, represents the school or community language environment and
the potential effect of encountering, practicing, or reinforcing English or English conventions
(Burstein, 1980). These are related, yet, distinct issues. The former variable can be used to
examine whether an individual student is affected by not speaking English fluently. The latter
addresses whether an ELL student will benefit from peers who speak predominantly English, or
predominantly their native language. Ignoring the nested nature of the data and simply analyzing
outcomes aggregated to the school level upwardly biases results of student level predictors,
because within school student level variation is lost upon aggregation (Freedman, Pisani, and
Purves, 1978). Not only are student effect biased, but it becomes unclear whether the estimated
effect is due to a group effect or whether the aggregated variable proxies for an un-represented
student effect (Burstein, 1980). That is, if the effect of ELL on ELA scores were only measured
at the school level, then this would technically address the question of whether peers speaking a
native language (more vs. less) effects mean student outcomes. Since the individual effect of
ELL status is not measured, it is confounded with the group effect.

For this analysis, the focus is on what the performance gap is for special education
students and whether the specific disability categories’ effects vary among schools. The HLM
methodology presented in Annex 1 was used to generate the results presented in Tables 8
through 10.

Results

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
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Table 8: Random effects and variance components

Mathematics ELA
Variance Components 0 2 3 0 2 3
Student 3400.383 2589.278 2577.000 2064.099 1409.914 1402.000
School 1288.221 398.056 399.000 536.151 174.655 171.000
SLI 50.8
ED 452.6 180.7
SLD 544.7 103.8
DB_MD 617.5
Percent Percent
Attributable Percent accounted for Attributable Percent accounted for

Student 725 23.9 24.2 79.4 31.7 32.1
School 27.5 69.1 69.0 20.6 67.4 68.1

coefficient results. These results indicate that the majority of the variation in CST scores is
attributable to students, within schools. In fact 72.5% and 79.4% of the variation in Mathematics
and ELA 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 116 points4
higher than a student one standard deviation below average, in the same school. Conversely,
about 20.6% to 27.5% of the variation in outcomes is attributable to schools. This means that
differences among schools (e.g. school size) can only account for 20%-28% of the variation in
achievement scores. Roughly, this means that a hypothetical 10 point achievement gap between
girls and boys, in Mathematics, could at best be reduced by 2.75 points by addressing differences
between schools.

Each of the specific disability categories was tested for randomly varying slopes, but only
the four indicated in Table 8 varied randomly. In other words, except for SLI, ED, SLD, and
DB_MD?, 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 an SLD-Non-SLD achievement gap

4 The student level variance is 3400. The standard deviation = the square root of the variance = 58. 58 X
2=116.
5 Not all disability categories varied significantly in both Mathematics and ELA.
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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.
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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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Appendix B

TO: Donnalyn Anton

FROM: Jeffrey A. White

CC: Esther Wong
Ted Bartell

SUBJECT: MATCHED CST SCORES FOR SPECIAL EDUCATION STUDENTS

Attached are matched individual student California Standards Test (CST) scores for Special
Education Students. The Special Education identification comes from the primary disability
codes on the 2003 STAR data layout and includes:

Mental Retardation

Hard of Hearing

Deaf

Speech/Language Impairment
Visual Impairment
Emotional Disturbance
Orthopedic Impairment
Other Health Impairment
Established Medical Disability
Deaf-Blindness

Multiple Disabilities

Autism

Traumatic Brain Injury

Students who took the CSTs with exclusionary accommodations and/or modifications are not
included in this report. Please contact me if you have questions or would like me to walk you
through this report (213-241-8266).



2002 to 2003 Matched Individual Student California Standards Test Scores by District and Special Education Identification

Appendix A:

ENGLISH LANGUAGE ARTS MATHEMATICS SCIENCE HISTORY
% % Turnover % Y Turnover .
% Proficlent/Above Basic/ in Rank % Proficient/Above Basic/ n Rank % Proficient/Abova % Proficien/Above
Gradef Above Grade/ Above Grade/ Grade/
Subtast N 2002 2003 Change|Change| Loss Gain Subtest N 2002 2003 Changa!Change| Loss Gain]  Sublesl N 2002 2003 Changs| Subtest N 2002 2003 Change
LAUSD
Speclal Education
3 3344 97 10.5 0.8 08 237 207 3 3871 170 18.0 1.0 0.3 226 290
4 3,077 B8O 1.0 30 17.8 89 46.9 4 3942 107 17.7 7.0 11.2 12.7 396 . .
5 2618 103 113 10 B.5 186 288 5 3030 124 136 1.2 0.2 216 219 Earth Sci. 115 17
6 3,347 49 6.3 14 0.3 258 19.0 g 3603 52 58 0.6 09 190 mm..m Biology 2,158 39
7 3402 341 45 14 5.0 1.0 292 7 4208 34 31 0.3 24 239 245 Chemistry 228 12.7 .
8 2835 3.2 36 04 a7 10.7  27.4| General Math 5,859 2.2 Physics 49 8.2 8] 3956 . 4.1
9 3,484 3.2 .h.m 1.7 8.9 B3 4190 Algebra | 2,866 23 Integrated 1 a75 0.3 9 .
10 2376 AT 3.9 0.2 37 106 332 Geometry| 1,018 49 Integrated 2 340 0.6 10 2,690 43
11 1,457 44 4.3 01 1.2 17.0 19.2 Algebra i 220 150 Integrated 3 38 00 11 1,655 56
. . . HS Summative 101 109 Integrated 4 2 0.0
Mot Identified for Special Education
3 51,728 253 261 0.8 03 229 2401 3] 53384 354 421 6.7 48 19.8 5.5
4] 50100 251 T 5.6 16.9 98 416 4 50942 31.7 446 129 134 131 446 . .
5 44560 257 292 3.5 6.3 165 27.1 5 46993 316 336 2.0 -1.9 278 236 Earth Sci. 797 113
6] 45909 194 225 3.1 0.1 19.9 219 B{ 46,388 201 208 0.8 24 202 u‘..._..lm Biology] 29.510 208
7| 43504 175 240 6.5 7.6 121 3ts ¥oa4471 1941 183 08 31 235 2201 Chemistry] 13.091 17 .
8 3763 201 200 0.1 4.8 161 27.1] General Math| 46,624 9.4 . Physics 1,670 202 8 41953 17.2
ol 42213 166 258 9.2 11.8 100 415 Algebrall 38778 11.7 Integrated 1{ 10,121 3.2 9 . .
10] 31,197 255 270 1.5 5.2 6.2 287 Geometry] 24,558 13.3 Integrated 2 3,683 1.4 10] 32,034 19.2
11} 22982 29.1 296 0.5 1.0 220 227 Algebra ll] 13,494 15.6 Integrated 3 459 35 11 23,316 289
HS Summative, 5,304 320G integrated 4 6 0.0
District A
Special Education
3 447 157 17.7 2.0 1.8 19.7 253 3 489 243 299 55 4.1 18.6 32.7]
4 406 153 200 4.7 18.0 81 44 1 4 484 209 319 110 14.9 12.7 444 .
5 368 141 16.3 2.2 6.8 158 239 5 416 190 219 29 24 243 231 Earth Sci. 1 oX1]
B 470 9.8 13.2 3.4 0.9 200 217 6 493 103 124 2.0 0.0 205 256 Biology 253 75
T 444 7.7 108 3.1 6.8 113 3086 7 568 8.1 8.6 0.5 32 218 248 Chemistry 18 61.1 .
8 363 96 10.7 1.1 6.6 13.2  300| General Math 658 6.5 Physics 3 0.0 8 447 i0.7
k] 39 7.1 116 4.5 139 7% | 50.5 Algebra | 278 7.2 Integrated 1 42 24 g . .
10, 273 106 10.3 -0.3 55 7.2 330 Geomelry] 92 186 Integrated 2 14 0.0 10 281 10.3
11 190 100 10.5 0.5 11 216 242 Algebra Il 38 . 342 Integrated 3 0 11 1487 1.8
. . . HS Summative 9 556 Integrated 4
Not Identified for Special Education
3 4650 379 403 24 0.8 201 248 3 4775 458 551 9.3 6.7 159 386 .
4 4,567 391 446 55 133 102 310 4 4614 462 598 136 1244 124 433 .
5 4,121 406 456 5.0 51 6.5 250 5 4343 454 50.9 5.5 0.7 23.5 M.m Earth Sci. 12 0.0
&} 4760 379 417 a8 0.5 163 232 6 4,783 365 384 19 0.8 192 258 Biology 3,687 369
T 4780 335 434 9.9 71 105 332 7 4841 365 368 Q.4 53 205 236 Chemistry 1,550 31.9 .
. [:] 4526 383 37.0 -1.3 5.0 16.4 25.9] General Math 5667 19.0 Physics 99 444 8 4,863 354
9 4971 257 399 142 135 7.7 466 Algebra | 3,908 276 Integrated 1 910 2.4 9 . .
10 3,807 414 427 1.6 4.2 15.8 26.9 Geometry| 2870 331 Integrated 2 361 03 10 3,851 324
1 2,937 455 453 0.2 07 212 215 Algebra Il 1,518 . 0.6 Integrated 3 . 1 2,932 4.4 p
HS Summative! 971 55.9 Integrated 4
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Appendix A:

2002 to 2003 Matched Individual Student California Standards Test Scores by District and Special Education Identification

ENGLISH LANGUAGE ARTS MATHEMATICS SCIENCE HISTORY
% ProficiantiAbove mHE Y Tmover % Proficiant/Above mHE % T % Proficient/Above % ProficienyAbove
Grade/ Aoy | TRk Grade/ e Grade/ Gradef
Sublest N 2002 2003 Change|Changa| Loss Gain Subtest N 2002 2003 Change|Change, Loss Gainf Sublest N 2002 2002 Change Subtest N 2002 2003 Change
District B
Special Education
3 391 97 8.7 -1.0 0.5 27.4 210 3 457 204 16.4 -39 -3.7 265 274
4 W0 70 10.3 33 15.0 8.7 44.7 4 406 118 145 27 71 153 369 .
5 237 80 9.3 1.3 38 18.6 257 5 275 8.7 12.0 33 -2.5 276 21.8 Earth Sci. 31 . 6.5
6 306 39 4.6 0.7 -1.0 261 18.6 6 324 25 4.6 22 -1.2 16.0 302 Biology 257 . 3.1
7 T 22 B 1.6 6.0 11.0 322 7 a1 2.7 24 0.2 6.8 204 280 Chemistry 14 . 7.1
8 288 24 1.4 0.7 4.2 9.0 323 General Math 611 1.3 Physics 8 390 1.3
9 418 26 4.5 19 98 69 414 Algebra | 4465 0.9 Integrated 1 48 . 0.0 9 .
10 202 34 33 0.7 3.1 89 33.0 Geomelry| 118 2.5 Integrated 2 42 . 0.0 10 318 i
11 154 1.3 19 06 0.6 143 14.9 Algebra Il 19 N6 Integrated 3 " 176 1.7
. . . HS Summative 7 0.0 Integrated 4
Not Identified for Special Education
3 574 221 224 0.3 09 227 231 3 5058 350 404 54 5.3 19.7 356
4 5469 227 300 7.3 19.6 83 439 4 5565 299 423 124 i2.2 145 440 . . . .
5 4637 241 29.2 5.1 76 146 288 5 5021 295 30.2 0.7 2.8 295 243 Earth Sci. 221 . 18.1
5] 4602 149 19.1 4.2 25 1756 242 6 4652 150 17.8 29 7.0 7.7 308 Biology 3,086 14.2
7 4607 133 2041 68 10.1 108 349 7 4665 159 151 08 6.3 211 240[ Chemistry 1,337 149 . .
8 4,055 166 17.0 04 8.1 14.4 30.5] Gaeneral Math 4,872 7.5 Physics 178 . 213 8 4402 136
9 4851 125 218 9.3 134 10.4 432 Algebra | 4,575 10.2 Integrated 1 391 . 0.5 9 . .
10 3325 206 235 29 54 161 294 Geometry|] 2,820 9.5 Integrated 2 296 . 03 107 3404 . 1549
11 2485 249 260 1.1 20 218 228 Algebra 1! 1,356 12.2 Integrated 3 1 2475 26.0
HS Summalive 637 28.1 Integrated 4 0
Diatrict C
Special Education
3 403 144 186 4.2 3.0 231 28.3 3 456 25.7 303 46 26 21.7 M2 .
4 380 11.8 167 49 234 85 443 4 462 158 268 110 136 123 435 .
5 202 205 9.2 -1.3 48 226 257 5 322 211 236 25 -0.9 314 26.1 Earth Sci. 1 0.0
6 430 6.7 8.1 1.4 4.2 242 9.8 6 449 7.8 a7 1.1 -1.8 192 232 Biology 205 . 6.8
7 410 2.2 6.1 3.9 6.8 100 36.3 7 475 3.4 34 0.0 36 22.9 28.4 Charistry 22 . 18.2
8 384 47 5.7 1.0 3.9 135 281 General Math 732 4.2 Physics 3 66.7 8, 446 5.8
9 396 40 T8 38 12,6 111 455 Algebra | 280 e Integrated 1 113 . 0.0 9 .
10, 27 TA 56 -1.5 52 116 337 Geometry 62 1.3 Integrated 2 51 . 2.0 10 picd| 6.5
11 173 649 4.0 -2.9 -1.7 249 118 Algebra Il 25 16.0 Integrated 3 11 . 0.0 11 181 8.9
. . . HS Summalive T 14.3 Integrated 4
Not Identified for Spactal Education
3 4217 337 368 31 1.4 21.0 26.% 3 4,328 470 55.0 a1 56 7.4 B7
4 4192 34.% 434 9.3 149 10.0 39.9 4 4,220 401 58.6 18.5 141 106 494 . . . .
5 3933 364 40.4 4.0 39 17.3 238 ] 4038 424 47.8 8.7 1.4 223 2717 Earth Sci. 44 . 273
g 4868 255 290 a5 0.8 179 227 G 4902 274 217 0.3 2.2 204 257 Biology 3,519 209
7 4,794 227 323 9.6 106 9.5 352 7 4850 242 255 1.3 T 209 231 Chemistry 1,385 29.7
8 4407 262  26.7 0.5 6.2 149 26.8| General Math 5,936 16.1 Physics 255 420 8] 4508 206
9 5109 246 354 1038 10.3 94 418 Algebra | 3,886 209 Integrated 1 1,855 . 6.7 9 . .
10 3944 359 37.4 15 43 16.3 278 Geornelry 2,440 242 Integrated 2 502 . 4.2 10 3.992 29.7
11 2857 3986 413 1.7 0.7 202 232 Algebra Il 1677 32.4 Integrated 3 a6 . 35 11 2,859 335
HS Summative 1.018 452 Integrated 4 2 0.0
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Appendix A:

2002 to 2003 Matched Individual Student California Standards Test Scores by District and Special Education Identification

MATHEMATICS

~ ENGLISH LANGUAGE ARTS SCIENCE HISTORY
Yo %
% ProficienyAbove | Basic/ x.__H,mH”& % Proficient/Aboves | Basic/ J_H:_“H“Q % Proficient/Abova % ProficienyAbove
Grade/ Above Grade/ Above Grada/ Grade/
Subtesl N 2002 2003 Change|Change! Lloss Gain Subtes! N 2002 2003 Change|Changa| Loss Gain| Subtest N 2002 2003 Change Subtest N 2002 2003 Change,
District D
Spocial Education
3 333 1.7 18.6 0.9 -5.1 26.4 219 3 354 280 2486 -3.4 34 257 254
4 33 125 18.2 5.7 19.3 2.5 46.7 4 429 1641 24.2 8.2 133 149 4086 .
5 321 215 206 09 5.6 193 259 5 334 218 219 0.3 1.8 A 24.9 Earth Sci. 3 0.0
B 331 B85 121 36 4.5 242 239 6 M8 86 a9 0.3 -1.4 175 258 Biology| 152 6.6
7 370 6.2 a1 19 54 138 324 7 419 69 4.1 -2.9 19 289 229 Chemistry, 26 7.7
a 263 6.1 6.1 0.0 23 16.3 255 General Math 489 a1 Physics 10 10.0 8 352 8.0
B ol 350 57 91 34 | 117 | 103 411 Algebral| 274 29 Integrated 1 186 0.5 9
10 238 59 55 0.4 4.6 118 294 Geometry T4 135 Integrated 2 96 1.0 10 259 6.6 .
1" 165 7.3 9.7 24 1.2 12.1 224 Algebra Il 27 1.1 Integrated 3 17 0.0 11 167 18.2
. . . HS Summative 17 17.6 Integrated 4 0
Not Identifiad for Spectal Education
3 3748 453 464 o} :] 0.3 220 235 3 3817 520 576 5.5 5.0 186 338 .
4 3,586 466 53.2 6.6 1.8 96 362 4 3664 485 611 126 11.0 122 414 . R R
5 3.524 470 50.1 31 4.8 171 224 5 3657 497 474 -2.3 -5.4 305 17.8 Eorth Sci. 15 0.0
6 3493 355 398 4.4 0.0 16.0 235 6 3526 320 350 29 32 174 280 Biology 1,977 352
7 3,386 339 408 6.7 4.5 139 291 7 3432 343 304 -3.8 0.1 217 17.7 Chernistry] 1,440 275 . .
B 2,744 3641 3B -1.3 1.4 17.7 228 General Math, 2,631 9.3 % Physics 115 339 8 3,245 294
k] 3529 316 423 10.7 9.3 97 393 Algebra | 3,614 13.5 Integrated 1 1,684 56 9 . .
16 2863 379 397 18 4.4 17.1 26.9 Geomelry 2,681 201 Integrated 2 783 1.2 10, 2,920 28.2
11 2210 407 419 1.2 2.1 237 239 Algebra Il 1,255 19.0 Integrated 3 185 2.7 11 2,249 41.0
HS Summative 791 35.0 Integrated 4
Diatrict €
Special Education
3 219 7.2 a6 1.4 -39 269 208 3 T 119 478 5.8 85 180 3689
4 299 6.7 6.7 2.0 204 94 495 4 414 9.2 205 11.4 138 13.0 435 .
5 276 8.0 1t.2 3.2 8.0 170 330 5 332 139 15.1 1.2 -2.4 250 202 Earth Sci. 4 0.0
6 242 37 7.0 33 -1.7 248 207 6 213 73 7.3 0.0 5.5 256 234 Biology 267 26
7 o1 27 a3 0.6 23 133 233 7 395 28 38 1.0 0.0 271 24.1 Chemistry 11 273
B 293 1.7 1.4 0.3 3.1 0.2 225| General Malh 598 0.8 3 Physics 8 479 23
9 288 38 4.9 1.1 59 94 365 Algebra | 178 34 Integrated 1 65 1.5 9
10 200 25 35 1.0 55 1.0 36.5 Geometry| 70 29 Integrated 2, 10 293 27
11 114 6.1 1.8 -4.3 44 218 14.0 Algebra Il 13 15.4 Integrated 3 1" 162 2.5
. .. HS Summative| 7 14.3 Integrated 4
Not Identified for Spacial Education
3 4629 276 293 1.7 1.2 21.8 262 k] 5017 375 485 1.0 7.4 164 398
4 4733 269 338 6.9 17.3 9.1 413 4 4817 3BT 537 171 14.6 109 489 . .
5 4238 282 308 26 56 17.3 255 5 4398 352 39.2 3.0 -1.5 289 242 Earth Sci. b | 129
5] 4512 219 269 5.0 0.1 180 231 il 4551 239 270 31 4.8 186 M6 Biology 3.401 191
i 4192 205 266 6.1 6.6 134 303 7 4251 245 228 -2.0 38 248 217 Chemistry 1,179 16.4
8 3554 198 201 0.3 3.0 18.1 27.3] General Math 4,398 6.9 Physics 133 128 8 4,100 203
9 4,017 15.1 228 7.7 10.1 118 384 Algebra | 3,851 7.6 Integrated 1 497 4.4 bl . .
10 3124 228 238 1.2 4.4 165 273 Geomalry 2,566 8.5 Integrated 2 2 0.0 10 3156 18.3
" 2,283 258 247 -1.1 -1.0 26.1 211 Algebra Il 1,238 8.6 Integrated 3 11 2,327 244
HS Summative 574 249 integrated 4 )
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Appendix A:
2002 to 2003 Matched individual Student California Standards Test Scores by District and Special Education Identification

ENGLISH LANGUAGE ARTS MATHEMATICS SCIENCE HISTORY
% 1 o Tumover % % Turnover
% Proficiant/Above Basic/ \ % Proficient/Above Basic/ . % Proficien/Above % Proficient/Above
Grade/ Abova ! in Rark Grade/ Above in Rark Grade/ Grade/
Subtest N 2002 2003 Change|Change| Loss Gain Subtes! N 2002 2003 Change|Change| Loss Gain| Subtest N 2002 2003 Change Subtest N 2002 2003 Change
District F |
Special Education
3 238 46 6.7 2.1 21 23.5 19.3 3 289 118 114 -0.3 A7 246 249
4 209 38 .7 19 | 198 7.7 541 4 217 6.1 13.4 7.2 1.2 101 397 .
5 160 5.0 4.4 -0.6 6.9 8.1 325 5 200 70 10.4 35 20 239 259 Earth Sci. 3 Q.0
8 193 52 4.1 -1.1 1.0 295 155 6 206 49 29 -1.9 0.5 16.5 296 Biology 219 1.8
7 145 21 28 0.7 48 9.7 310 7 166 3.0 36 06 3.0 235 224 Chemistry| 15 26.7
8 157 D0 1.9 19 1.9 7.6 236 General Math 406 1.2 Physics 3 0.0 B 194 15
9 N7 13 1.3 Q.o 4.1 69 388 Algebra | 130 A Integrated 1 95 0.0 9 .
10 120 0.5 16 11 3.2 100 352 Geometry 19 08 Integraled 2 t 0.0 10 211 0.5
11 120 4.2 25 -1.7 33 158 250 Algebra Il 24 125 Iintegrated 3 1 150 4.7
. . . HS Summalive 7 14.3 Inlegrated 4
Not [dentified for Special Education
3 4388 198 202 0.4 -2.1 249 232 3 4531 321 rT 5.6 4.1 21.3 M4
4 4,214 184 250 6.6 194 94 446 4 4284 285 424 13.9 16.0 123 470 .
5 3635 189 231 4.2 6.6 157 279 5 3898 286 312 26 04 269 251 Earth Sci. 17 0.0
) 3407 114 1286 1.2 09 222 199 6 3475 137 133 0.4 2.7 208 .ﬂ. Biology 2,580 209
7 2961 95 14.6 51 | 92 134 334 7 3,070 119 12.0 0.1 55 222 253 Chemistry, 862 208 . .
8 2649 10.2 10.7 0.5 6.6 148 292| General Math 3,314 48 Physics o4 "y 3 2,898 10.2
9 3e2r 129 218 B9 127 93 413 Algebra | 3.086 B.9 Integrated 1 979 33 9 . .
10 2580 225 236 1.1 6.4 16.0 298 Geomelry 2,185 6.9 Integrated 2 47 241 10 2,726 144
11 2078 237 259 22 5.0 193 261 Algsbra (I 1.270 138 Integrated 3 3 0.0 11 2,140 238
i HS Summalive a16 229 Integrated 4 0
Diatrict G ,
Special Education
3 194 2.6 4.6 2.0 -2.6 253 17.0 3 255 47 59 1.2 08 200 275
4 203 39 49 10 202 89 478 4 279 36 6.5 2.9 9.0 133 368 .
5 149 40 8.1 4.1 13 235 356 5 190 4.7 3.z -1.6 2.1 232 A7 Earth Sci. 4 0o
i 239 25 0.8 47 -5.0 5.1 167 6 259 12 2.7 1.5 04 205 305 Biclogy 256 1.6
7 280 1.1 1.1 0.0 29 12.1 25.0 7] 3B 06 03 0.3 21 249 240 Chemistry 43 23
] 248 1.2 20 0.8 36 6.9 27.0| General Math arz 0.3 Physics 4 0.0 8 348 29
9 209 05 1.4 09 8.6 7.7 364 Algebra | 290 0.0 . Integrated 1 64 0.0 g
10 174 34 3.4 0.0 1.1 n 103 253 Geometry 163 0.0 Integrated 2 13 00 10 203 25
11 133 08 08 0.0 -1.5 12.8 18.0 Algebra Il 37 0.0 Integrated 3 11 145 0.7
. . . HS Summalive 10 0.0 integrated 4
Not Identified for Special Education
3 4515 1941 18.3 0.8 -3.0 270 233 3 4720 263 300 T 2.0 239 332
4 4464 179 19.9 2.0 18.0 12.0 39.8 4 4570 213 287 75 10.2 160 400 .
5 3915 164 19.8 34 7.7 168 286 5 4217 200 210 1.1 -2.2 298 236 Earth Sci. 26 1.7
B 3,595 101 114 1.3 -1.6 235 200 6 3645 99 T8 21 -1.4 229 258 Biology] 2.514 78
T 3,161 86 14.4 5.8 58 139 3141 7 3218 80 6.3 -7 -1.8 28.1 9.9 Chemistry 1,068 42 . .
8 2804 114 120 0.6 45 164  27.9) General Math 2,239 472 Physics B2 6.1 8l 3215 17
9 2,295 10.2 16.6 6.4 8.0 13.2 356 Algebra | 2,827 24 Integrated 1 412 1.0 g .
10 1927 148 166 18 33 187 285 Geomelry 1.909 15 Inlagrated 2 94 0.0 10 1,998 8.3
11 1464 179 181 02 08 240  z186 Algebra Il 1,255 . 2.2 Integrated 3 1f 1,498 15.0
HS Summative 331 6.9 Integrated 4
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2002 to 2003 Matched Individual Student California Standards Test Scores by District and Special Education Identification

Appendix A:

ENGLISH LANGUAGE ARTS MATHEMATICS SCIENCE HISTORY
% % Turnover b % Turnover
% Prolicient/Above Basic/ . % Proficient/Above Basic/ . % Proflicient/Above
Gradef Above in Rank Grade/ Above in Renk Gradef Gradef
Subtest N 2002 2003 Change|Change| Loss Gain Subtest N 2002 2003 Change|Charge| Loss Gain| Subtest N 2002 2003 Change Subtest N 2002 2003 Change
District H
Special Education
3 220 5.9 50 0.9 -1.4 19.1 12.3 3 262 115 12.6 1.1 27 19.1 290
4 190 26 21 0.5 89 84 414 4 242 54 120 6.6 12.0 9.1 430 . .
5 145 4.1 4.8 Q.7 11.0 17.2 345 5 174 75 8.0 Q.6 0.6 264 213 Earth Sci. 14 00
6 260 1.2 15 0.3 04 238 204 6 302 3.0 23 0.7 1.3 17.5 318 Biology 137 0.0
7 311 00 1.0 1.0 42 64 254 7 354 1.1 0.6 06 0.6 232 229| Chemistry 13 15.4
] 202 00 0.0 0.0 59 64 347 General Math 378 0.3 Physics 0 [ 286 . 1.0
g 248 04 0.8 0.4 4.8 6.5 347 Algebra | 315 0.3 Inlegrated 1 62 0.0 9 . .
10 163 08 12 0.6 1.8 6.1 331 Geometry| 86 23 Integraled 2 9 0.0 10 181 . 1.1
1" 21 11 2.2 1.1 =11 143 18.7 Algebra I 8 0.0 Integrated 3 1" 90 11
. o HS Summative [} 0.0 Integrated 4 1 0.0
Not Identified for Special Education
3 5388 147 15.2 0.5 1.5 208 240 3 5551 258 335 7.7 5.7 196 366
4 5355 136 181 45 19.3 64 482 4 5431 223 352 129 16.7 129 470 . . .
5 4636 133 163 3.0 8.0 153 34 5 4778 220 263 4.3 0.8 2715 263 Earth Sci. 103 107
6 5210 95 130 35 0.3 2114 0 6l 5293 120 130 1.0 33 206 299 Biology} 2,185 9.3
7 4849 19 13.0 51 10.2 106  33.1 7 4952 103 9.7 -1.1 2.6 247 2.7 Chemistry, 961 6.3
L 4048 9.0 103 1.3 7.1 131 30.2| General Math] 4,815 5.6 Physics 61 14.8 8] 4,405 . 8.2
g 3421 64 123 59 1.6 103 393 Algebra | 3,863 6.1 integrated 1 a79 0.1 9 . . .
10 2,188 122 13.0 0.8 7.0 144 321 Geomelry 1,546 68 Integrated 2 329 089 10 2,269 . 8.9
" 1460 138 139 a1 1.2 214 230 Algebra |l 741 4.5 Integrated 3 11 1,515 . 15.6
HS Summative, 273 13.2 Integraled 4 1 Q.0
District |
Special Education
3 142 49 35 -1.4 0.0 218 14.8 3 166 B4 72 -1.2 4.8 271 229
4 158 1.3 25 1.2 19.6 38 513 4 197 25 8.1 5.6 0.7 95 365 .
5 113 53 2.7 -2.6 4.4 221 274 5 142 35 42 0.7 0.7 239  18.3{ Earth 5ci 4 0.0
6 22t 09 09 0.0 2.3 213 131 6 248 04 Q4 00 -1.6 17.7 343 Bickogy 90 0.0
7 247 08 0.8 0.0 4.0 6.5 255 T 314 03 eXs] 0.3 1.3 239 226 Chemistry, 16 0.0
8 86 05 0.5 0.0 11 5.4 ._m||m General Math 481 0.2 Physics 19 00 8 06 . 0.7
9 220 1.4 14 0.0 4.5 8.2 uw.w Algebra | 151 o7 | Integrated 1 65 0.0 9
10 152 0.7 0.0 0.7 26 9.2 276 Geometry| 42 0.0 Integrated 2 13 00 10 156 . 0.0
11 5 0.0 Q.0 00 18 54 268 Algebra Il 8 0.0 Integrated 3 1 0.0 11 75 . 1.3
. . . HS Summalive 2 0.0 Integraled 4
Not Identified for Special Education
3 4,442 125 12.8 0.3 0.7 239 229 3 4696 231 269 18 28 233 323
4 4175 114 15.1 a7 18.5 100 454 4 4301 183 291 10.8 15.4 140 445 . .
5 3825 13.0 153 23 7.2 170 305 5 3900 180 207 27 -1.2 27.3  23.5|  Earth Sci 81 16.0
6 3244 77 83 06 -1.8 260 183 6 3,307 948 78 -2.4 -1.7 240 250 Biology]  2.482 10.6
7 2905 53 9.4 4.1 7.8 110 31.9 T 2931 66 45 -2.1 -11 270 19.7 Chemistry| 1179 5.6 . . .
g 2449 6.6 6.5 0.1 4.3 149 284 General Math 3219 a7 Physics 441 09 8 2.778 . 4.8
9| 2889 62 123 6.1 14.2 96 427 Algebra | 2,745 27 Integrated 1 664 0.3 9
10 1,971 128 13.5 0r 5.9 47 3t2 Geometry 1,660 1.3 Integrated 2 133 0.0 10 2,046 . 7.6
11 1.385 17.0 18.0 1.0 3.0 205 238 Algebra I 4,087 1.7 Integrated 3, 10 0.0 8| 1.430 . 152
HS Summalive 238 38 Integrated 4 1 0.0
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Appendix A:

2002 to 2003 Matched Individual Student California Standards Test Scores by District and Special Education Identification

ENGLISH LANGUAGE ARTS MATHEMATICS SCIENCE HISTORY
% %% Turnover % % Turnover )
% Proficent/Above Basic/ . % ProficienvAbove Basic/ i % ProficientAbove % Proficient/Above
Grads/ Above | M Ramk Grade/ Abgug| TPk Gradel Grade/
Subtest N 2002 2003 Change|Change| Loss Gain Subtest N 2002 2003 Change|Change| Loss Gain| Subtest N 2002 2003 Change Sublest N 2002 2003 Change
District J
Special Education
3 365 3.0 3.8 0.8 -3.6 205 17.0 3 385 64 B9 0.5 4.1 251 241
4 g 2.1 3B 1.7 12.4 8.2 479 4 411 4.1 71 29 9.2 131 34.8 .
8 280 25 4.3 1.8 6.1 154 350 5 324 48 4.0 -0.6 0.6 29.3 _15.4] Earh Sci. 14 . 0.0
g 324 15 19 0.4 25 290 145 6 360 2.2 25 03 0.8 169 283 Biology 188 . 27
7 203 20 20 0.0 20 143 296 7 332 1.2 1.2 040 24 208 250 Chemistry 41 . 0.0
8 172 05 0.6 0.0 4.7 7.0 31.4] General Math 586 1.0 Physics 1 0.0 8 316 1.9
9 B0 08 1.1 o..w 6.8 74 421 Algebra | 284 2.1 Integrated 1 72 . 0.0 9
10 251 04 0.8 0.4 36 6.4 339 Geometry] 132 0.8 @ Integrated 2 48 . 0.0 10 267 . 26
1" 161 0.0 1.9 1.9 31 19.3 193 Algebra li 5 200 Integrated 3 7 0.0 11 173 . 1.2
. .. HS Summalive 10 0.0 Integrated 4 1 0.0
Not Identiffed for Spacial Education
3 4,774 18.0 19.5 1.5 0.1 234 244 3 4935 273 335 6.2 50 214 348
4 4673 193 241 48 18.0 103 430 4 4,747 240 338 9.8 12.6 143 409 .
5 4,008 180 209 29 6.8 16.6 28.0 5 4347 217 214 -0.3 -54 321 201 Earth Sci. 29 . 0.0
8 3686 11.2 128 1.6 -1.3 232 19.7 6 3,708 122 12.6 0.4 5.0 185 204 Biclogy 2,479 127
7| 3548 104 148 4.4 4.8 144 286 7| 3601 99 93 06 55 219 234 Chemistry| 1,166 . 5.1 . . . .
8 2473 108 10.1 -0.7 29 178 251 Generat Math 4,543 53 Physics a1 . 14.8 8 3414 . 9.9
9 3,787 92 171 79 14.7 94 44.6 Algebra | 3.364 11.1 Integrated 1 464 . 0.4 9 . .
10 2,581 158 18.0 2.4 79 150 38 Geomelry 1,807 6.4 Integrated 2 352 20 0 2,668 13.8
11 1952 184 1B6 0.2 25 215 224 Algebra Il 899 186 Integrated 3 85 . 71 11 1,992 21.7
HS Summative 299 19.4 trtegraled 4
District K
Speciat Education
3 322 9.3 6.2 =31 0.3 264 208 3 357 157 15.4 0.3 0.0 227 272
4 231 113 113 0.0 169 165 418 4 341 103 147 4.4 7.0 114 331 . R
5 265 4.5 6.4 19 1.5 196 264 5 307 94 8.8 0.7 -3.6 319 19.9 Earlh Sci. 30 0.0
6 295 27 34 0.7 -3.1 32.2 18.3 5] 310 35 3.2 0.3 0.6 203 313 Biology 85 . 106
7 344 26 3.2 086 55 12.2 27.3 2 404 2.2 1.7 0.5 1.2 26.5 235 Chamistry, 8 . 125
8 256 1.6 23 0.7 20 13.7 25.0 Ganeral Math 469 1.7 Physics 1 . 100.0 8 340 2.9
g 216 19 2.8 0.9 10.6 79 388 Algebra | 194 1.5 . Integrated 1 146 0.0 9
10 151 2.0 33 13 6.0 66 377 Geomelry 45 8.9 Integrated 2 52 . 0.0 10 184 . 16
11 84 386 24 -1.2 24 1.9 214 Algabra [! 15 6.7 Integrated 3 1 Q.0 i 106 . 38
. . . HS Summative a 0.0 Integrated 4
Not identiied for Special Education
3 4856 331 324 07 -1.6 246 222 3 4956 43.1 497 6.6 4.0 200 M0
4 4638 319 372 5.3 14.5 115 379 4 4682 377 51.2 135 11.6 130 432 . .
5 4156 298 323 25 56 17.9 244 5 4353 368 359 09 -8 256 210 Eanrh Sci 216 . 5.6
6 4462 230 264 34 -1.3 203 214 6 4476 232 227 0.5 0.8 234 235 Biology 1,515 26.3
7 4256 193 254 6.1 5.2 136 279 7 4296 189 19.1 0.2 LT 226 206 Chemistry 964 13.4
8 3809 236 222 -1.4 1.8 193  23.3| General Math 4,663 120 Physics 130 39.2 8] 4007 200
B 9 3597 184 274 9.0 10.2 115 38.8 Algebra | 3,006 116 Integrated 1 1.478 . 1.8 9 . .
10 2688 258 265 o7 5.5 16.7 274 Geomelry 1.540 13.7 Integrated 2 984 . 1.0 10 2,741 179
1 1.826 31.0 299 -1.1 048 226 208 Algebra Il 1,195 141 Integrated 3 90 2.2 11 1.817 30.4
HS Summative 324 .2 Integrated 4 2 0.0
Program Evaluation and Research Branch December 2003 Appendix A, Fage 6 of §




