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Modeling School and District Effects in the Math Achievement of
Delaware Students Measured by DSTP: An Application of
Hierarchical Linear Modeling in Accountability Study

Background

The term “school effects” is found throughout the educational literature.
Numerous studies have been done to identify effective schools and factors associated
with the success or failure of schools. It has been pointed out (Raudenbush & Willms,
1995) that “school effect” usually refers to the extent to which attending a particular
school modifies a student's outcome. This conception underlies current policy initiatives
that aim to hold individual schools accountable for their contributions to student learning.
A similar conception can be applied to the educational policy that intends to hold
accountable the units higher than schools, for example, school districts. The publication
of the ranking of both schools and districts in Delaware based on their student
performance in the Delaware Student Testing Program (DSTP) is one example of such an
effort.

In 1996, Delaware initiated a statewide assessment of student learning in
mathematics, reading, writing, science, and social studies, as a response to the standards
movement that began in 1991 and the adoption of Content Standards for all major school
subjects in 1995 (Woodruff, 2000). In 1997, the Delaware General Assembly passed
legislation that made the DSTP the official measure of progress towards the Delaware
content standards and the major measurement tool for the state’s new accountability
system for students, schools, and districts. The law also established a system of school
accountability based on student performance on the DSTP that holds all schools
accountable. Each year since 1998, students in grades 3, 5, 8, and 10 are tested in
mathematics, reading, and writing. Science and social studies were added in the spring of
2000 for students in grades 8 and 11, and in the fall of 2000 for students in grades 4 and
6.

The capability of decomposing and modeling the variance in student achievement
scores on the different levels of our school system is a vital condition for a sensible
system of accountability. Our study used the DSTP math scores as an example and tried
to answer the following questions: How much variability in the student math performance
is among schools and among school districts? How much of the observed variance
among schools and districts can be attributed to the individual student background
characteristics? And how much of the variance can be attributed to other factors on the
school and district levels?

Statistical Analysis of School Effects
Educational researchers are interested in comparing schools or school districts in
terms of the achievement of their students. The popularity of public accountability

system in education calls for fair and scientifically valid approaches to estimate the
school and district effects. It is commonly held among researchers that characteristics of
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students may undermine the fairness of judging schools or districts on the same basis
(Yen, Schafer, & Rahman, 1999). Student background information, such as prior
achievement, ethnicity, and socioecnomic status (SES) should be adjusted, and such
adjustments should be made at both student and school levels (Caldas & Bankston,
1997).

There have been numerous explorations on the appropriate methodologies to
adjust the impact of student demographic variables when estimating school or district
cffccts. One approach is to regress school mean achievement scores on school means of
one or more background variables (for example, the average SES of the students in a
school). Then the school effect is each school’s residual from the regression. This
approach may be adequate to the extent that there is minimum within-school variance (in
other words, schools impact all their students in similar ways). In most cases, however,
such an aggregation results in loss of information and biased estimations.

An approach more sophisticated than simple aggregation to higher units of
analysis involves the aggregation of residuals from the student-level regression models
and the use of average deviation to indicate school effects. This approach takes account
of individual characteristics and has been adopted in some recent studies (for example,
Felter & Carlson, 1985; Saka, 1984, Webster & Olson, 1988). The concern is the
variation at school levels that actually exists. For example, the average student
characteristics of a school may have an effect on student achievement above and beyond
the effect of the individual student’s characteristics. Such an effect reflects the school’s
resources and environment, which provides a common experience for its students.
Misestimated standard errors may occur when such dependence among the students
within the same school is not modeled (Bryk & Raudenbush, 1992).

According to Goldstein (1995, 1987), an analysis that explicitly models the
structure in which students are grouped within schools has several advantages. First, it
can produce statistically efficient estimates of regression coefficients. Second, by
incorporating the clustering information, it can provide standard errors and significant
tests generally more conservative than those by traditional regression analysis. Third, it
makes it possible to explore the extent to which differences in average achievement
difference between schools can be accounted for by organizational factors as wells as
other characteristics of students, and the extent to which school differ for different kinds
of students. Finally, it enables the relative ranking of individual schools for public
accountability system after adjusting for students’ intake achievement on top of other
student level and school level characteristics.

Among the various models proposed for multilevel analysis, Hierarchical Linear
Modeling (HLM), systematically introduced by Bryk and Raudenbush (Raudenbush &
Bryk, 1986; Bryk & Raudenbush, 1992, 1988; Raudenbush & Willms, 1995), gains most
popularity among educational researchers (Kreft & De Leeuw, 1998). HLM provides
estimates of linear equations that explain outcomes for group members as a function of
the characteristics of the group as well as the characteristics of the members. It is
relatively easy to implement and interpret, and thus it has been called the “model of
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choice” and widely used to estimate school effects (Young, Reynolds, & Walberg, 1996;
Yen, Schafer, & Rahman, 1999; Webster, Mendro, Orsak, & Weerasinghe, 1998; Morris,
1995) and school district effects (Hargrove & Mao, 1997).

Method

Our study modeled the school and district effects in the math scores of the
Delaware Student Testing Program using Hierarchical Linear Modeling. Three-level
hierarchical models were fitted to estimate school and district effects in the DSTP math
scores, and to examine the school and district variance with variables assessing student
characteristics entered as predictors at each level.

Data

Up to this date, four waves of DSTP data have been collected (1998, 1999, 2000,
2001), which include both students’ test scores and key demographic information about
the students. The data of the first three years are currently available for analyses. The
release of the 2000 data provides the first chance to study a specific cohort, namely, the
31 graders tested in 1998 and then tested again in 2000 as 5t graders.

The study used three data sets. The first set (grade 3 data) included the math
scores of the grade 3 students who took the DSTP in 1998. There were 8061 students in
66 schools and 15 districts. The second data set (grade 5 data) included the math scores
of the grade 5 students who took the DSTP in 2000. There were 8066 students in 43
schools and 15 districts. The third data set (called “matched data” in the rest of this
paperz included pairs of scores of the same individuals who took the 3™ test in 1998 and
the 5" grade test in 2000. In this data set, there were 6872 students nested in 43 schools
and 15 districts.

Model Specifications and estimation procedures

Three-level linear regression models were applied to the three data sets described
above. The dependent variable was the math standard based scores (SBS), reported on a
scale that runs approximately from 150 to 800.

Variables of student background information were specified as independent
variables at each level. These variables are listed in Table 1. At the student level,
dummy variables were created to indicate race, gender, and special education status and
whether the student was assigned to the Title I reading program. The Title I Reading was
chosen as a proxy for the student’s SES status because the data available do not contain
direct assessment of the socioeconomic status of individual students. For the matched
data set only, three more variables were added. Grade 3 math scores in 1998 were used
as an estimate of the student’s previous math achievement. It was also known from
preliminary analyses that 72% of the students in the matched data set changed their
schools and 13% changed districts before they moved up to grade 5. Two more dummy
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variables were thus created to indicate whether a student had made changes in his/her
school or district registrations between grade 3 and grade 5.

The variables specified at the school level include the size of school in terms of the
number of students, and the proportions of students in a school who were white, female,
or identified as special education students. The school’s average SES status was assessed
by the percentage of students in that school who were eligible for free or reduced price
lunch (information obtained from sources other than the DSTP data files). For the .
matched data alone, there was one more variable that indicated the proportion of students
who had transferred into the school from other schools.

At the district level, the variables included the district size (the number of
students), the proportions of students in a district who were white, who were identified as
special education students, and who were eligible for free or reduced price lunch.
Another variable was the proportion of the students in the district who were enrolled via
school choice. For the matched data set, there was also one more variable indicating the
proportion of students who had transferred from another district.

The models were estimated with hierarchical linear modeling (HLM 5). For each
data set, the estimations started with an unconditional model (Model 0) to assess the
initial proportion of the variance at each level. In the following equations, i stands for
individual student, j for school, and & for district. Model O did not include any predictors
at any level, and the equations were:

Level 1: Mathyx = my + ey

Level 2: myu= Poox+ rojx

Level 3: Boox= Yooo + Hook
Where
Mathy; is the math score for student i in school j and district k,
;% 1s the expected math score for school j in district k,
ejjk is the residual for student i in school j and district k,
Pook 1s the expected math score for district k,
rgix is the residual for school j in district k,
7000 1s the grand mean or the average of all students,
and g is residual for district k.

_ The next step of estimation (Model 1) added the student level variables to the
level 1 equation:

Level 1: Mathy = my + 7 (WHITE) j + ..o + ey

where WHITE is a dummy variable specifying whether a student is minority.
Other student level covariates are not shown in the equation above.

All regression coefficients other than the intercepts were constrained to be
constant within schools and districts so the models on level 2 and level 3 were:
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Level 2: mgx= Book + rojx
k= ,310k

Level 3: Boox= yo00 + Hook
Biox= Y100

At the third step (Model 2) the level 1 intercept {7y mean math achicvement of
school j in district k) was regressed on the school level variables and the level 1 equation
remained the same.

Level 2: Toje= ﬂook + ﬂOIk (S_LUNCH)jk+ . T Yojk
ik = ,310k

Here S_ LUNCH is the percentage of students eligible for free or reduced price
lunch in a school. Again, other covariates on the school levels are not listed in the
equation of 7y,

Level 3: Boox= 100 + Hook
Boi= yo10

At the fourth step (Model 3 or the full model), the level-two intercept (Spor, mean
math achievement of district k) was regressed on the district level variables, with the
level 1 and level 2 equations unchanged.

Level 3: ﬂ00k= Yooo t ]@o[(D_CHOICE)k + ...t Uook
,301k= Yoro

where D_CHOICE is the percentage of school choice students in a district. The
other covariates on the district level are omitted.

Indicators of school and district effects
The above-specified model falls into the category of multilevel models with

random intercepts and fixed slopes (Bryk & Raudenbush, 1992). For the purpose of
estimating school and district effects, the following three equations are of most interest:

Level 1: Math,jk = ik T Tk (WHITE) ikt eee T ek
Level 2: Tk = ﬂook+ ﬂo[k (S_LIJNCH)jk'F N
Level 3: ﬂ00k= Yooo + ]@o[(D_CHOICE)k +...+ Hook

In this study, school and district effects are defined as the unique effect for each
school (rg) or district (1yg) after controlling for the impact of the covariates on the three
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levels. In other words, they are the deviance of the school or district average
performance from their expected performance.

Results

Table 2 displayed the estimated random effects of the unconditional model
(Model 0) for all three data sets. The results show that, on the whole, the proportions of
the among-school variance and the among-district variance in the total variance were
small. In fact the variance among districts at grade 3 is trivial (0.8% of the total
variance). The variances among school and among districts are more balanced in the
grade 5 data and in the matched data. For the grade 5 data (not matched), the two
proportions out of the total variance are identical (3.4%).

The estimated fixed and random effects of the series of estimations (Model 0
through Model 3) for the three data sets are displayed in Tables 3, 4, and 5.

For grade 3 and grade 5 data sets, the inclusion of individual student characteristic
variables at the student level (see Model 1) reduced the within-school variance of math
scores by 24.6% and by19.2% respetively. The between-school variances were also
reduced by 32.1% at grade 3 and by 32.9% at grade 5. For the grade 5 data, the student
level variables helped to reduce the district level variance by 11.9%. For the grade 3
data, however, they actually increased the district level variance.

For the matched data the student level variables, including the grade 3 math
scores and the two variables about school and district changes, decreased the student
level variance by over 65% and helped to reduce the variance on the school and the
district levels by 28.9% and 67.3% respectively.

The school level predictors, when added to the model (see Model 2), did not
further reduce the school level variance in the grade 3 data but they accounted for over
73% of variance at the district level that had been increased at the previous step of
modeling. For the grade 5 data, the school level predictors reduced the among-school
variance by another 42.5% but they slightly increased the variance at the district level.
For the matched data set, the school level variables further reduced the among-school
variance by 34.6% and also increase the among-district variance by 14.3%.

The final models with district level variables added in (Model 3) reduced the
among-district variance to non-significance in all three data sets. These variables also
slightly increased the among-school variance in both the grade 5 data set and the matched
data set but not in the grade 3 data set.

The estimated fixed effects on each level are also showed in Tables 2, 3, and 4.
On the student level the results showed strong impacts of individual race, gender, special
education status, and SES (approximated by the Title I Reading status) on math
achievement in favor of white, male, non special education students, as well as students
with higher SES. These effects were consistent across the datasets and significant even
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after previous math achievement (grade 3 scores) had been accounted for in the matched
data models. Previous math achievement, in its own right, was the most significant
predictor of the outcome math scores (f=0.728, t = 83.025, p <0.001). At the same
time, changing school and changing district both had negative impact on math
achievement.

The effects of the school level predictors varied across the three datasets. For
grade 3, only the school size and the percentage of students eligible for free/reduced price
tunch had significant effects, both negative, on the DSTP math achievement. For both
grade 5 and the matched data, the only significant variable on the school level was the
percentage of female students that was negatively related with math achievement.

At the district level, district size had significant negative effect on the math
achievement of grade 3 students. For the grade 5 data, both district size and the
percentage of students eligible for free or reduced price lunch students had significant
negative effects. However, the percentage of special education students had highly
significant positive effect (f=3.103,¢=5.771, p <0.001) in the grade 5 data. The
matched data also showed that this variable had a positive impact after all other variables
were controlled for. Neither district size nor the percentage of school choice students
was found to have significant effect on math achievement for the matched data.

A revised, more compact model was fitted to the matched grade 5 data. The
results were shown in Table 6. According to this model, after their previous math scores
were controlled for, students would have lower performance if they were minority,
female, lower in SES, identified as special education students, or if they changed schools
from grade 3 to grade 5. The same students would perform worse if they were from a
school with higher proportion of female students or of students entitled to free or reduced
price lunch. Counter-intuitively, they would actually perform better if their district had
higher percentage of special education students or of students coming from another ,
district. This last model had 15 estimated parameters versus the 24 parameters in the full
model, and fitted the data equally well as the insignificant difference in the deviances
between the two models indicated (Ay* =8.709, df =9, p < 0.25).

The school and district effects were estimated by calculating the residual terms on
the school and the district levels for the revised model of the matched data. Table 7 lists
the residuals at both school and district levels. As indicators of school and district effects
of the grade 5 math scores, these residuals are ranked and the rankings (called Modeled
Rank in the table) are displayed together with the rankings based on the average school
and district math scores (called Raw Score Rank in the table). For some schools and
districts, the discrepancies in the two rankings are huge (School #11, School #38, and
District #14, for example). For others, the raw and modeled rankings are not far from
each other. The correlation between the two rankings of schools is 0.7412, and the
correlation between the two rankings of districts is 0.7393.
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Discussion

The Delaware Student Testing Program (DSTP) is designed exclusively as an
assessment of the academic achievement of Delaware’s public school students, rather
than a research project intended to account for all the variation in student performance.
The current study was based on available information and it examined only the math
scores of DSTP. Nevertheless, this study is the first to decompose the variance of DSTP
performance at different levels — student, school, and district, and provides a potential
alternative to the current a(‘.(‘.nnnfﬂhi]ify System in Delaware.

29 WALl At AR

The results of the current study indicate the following:

First, hierarchical linear modeling showed the proportions of the variance at the
school level and the district level in the total variance of the DSTP math scores (1998 and
2000) were very small (see Table 2). According to Bryk and Raudenbush (1992), the
variability among schools was normally 10 to 30 percent in school effect studies. At this
moment it is not clear what grade levels and what subject fields were modeled in those
studies and to what extent the current findings were deviant from the norm.

Second, different patterns in the composition of variance at the school and district
levels were observed for grade 3 and grade 5 students. For grade 3 the variance is
predominantly at the school level, while for grade 5 the variance is nearly equal between
the school level and the district level. The larger number of grade 3 schools (66 schools),
and subsequently smaller number of students within each school, might have contributed
to the larger among-school variation in the grade 3 math scores.

Third, besides the racial, gender, and SES gaps commonly found in studies of
math performance, the results from the current analysis indicated that on average students
who had changed their schools had lower performance than those who stayed in the same
school between grade 3 and grade 5, after the impacts of other student background
characteristics including their previous math achievement were controlled for. The study
needs to be replicated for other subject areas and grade levels before any generalizations
can be made. In Delaware, such an observation may indicate a problem caused by a lack
of consistency in school experience when students have fo leave a certain school to be in
a higher grade.

Finally, while district level variability in math achievement could be easily
explained away by one or two variables of student characteristics aggregated to that level,
the variance at the school level remained significant even in the full model. In other
words, the models we have specified are not exhaustive to account for the variance at the
school level. From another perspective, it indicates the existence of differential effect of
Delaware schools on their students’ math performance in standardized testing, after the
impacts of student background characteristics, including their previous achievement,
were controlled for. The reasons for such a difference are not known from the current
study.
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In further analyses, we expect to expand and modify the study in the following
ways. First, hierarchical linear modeling of DSTP scores will be extended to other
subject areas, such as reading, writing, science, and social studies to explore the
similarity and differences in school and district effects across these subjects. Public
accountability systems usually ask for a composite value, rather than scores of a single
subject, to stand for the relative efficiency of a school or a district. We need to explore
the ways hierarchical linear models can be helpful in this aspect.

Second, hierarchical linear modeling will be applied to the DSTP scores of all the

grades in every year since 1998. The aim is to reveal any general pattern or change in the
school and district effects in the first four years of the DSTP program.

Third, more variables on the school level will be introduced to account for the
part of variance that the student background characteristics alone cannot explain. It will
help to answer an important question of what makes a school effective or ineffective after
we take their students’ characteristics into consideration.

1 i Page 10 of 18



Modeling School and District Effects in DSTP Math Scores Zhang & Zhang

References

Bryk, A. S., & Raudenbush, S. W. (1992). Hierarchical linear models. Newburry
Park, CA: Sage Publications.

Bryk, A. S., & Raudenbush, S. W. (1988). Towards a‘lmore appropriate
conceptualization of research on school effects: A three-level hierarchical linear model.
American Journal of Education, 97(1), 65-108.

Caldas, S. J., & Bankston, C. (1997). Effects of school population socioeconomic
status on individual academic achievement. The Journal of Educational Research, 90(5),
269-281.

Felter, M., & Carlson, D. (1985). Identification of exemplary schools on a large
scale. In G. R. Austin & H. Garber (Eds.). Research on exemplary schools (pp 83-96).
New York: Academic Press.

Goldstein, H. (1995). Multilevel statistical models. London: Edward Arnold.

Goldstein, H. (1987). Multilevel models in educational and social research.
London: Griffin.

Hargrove, L. L., & Mao, M. X. (1997). Three level HLM modeling of academic
and contextual variables related to SAT scores in Texas. Paper represented at the Annual
Meeting of the National Council on Measurement in Education, Chicago, Illinois.

Kreft, 1., & De Leeuw, J. (1998). Introducing multilevel modeling. Thousand
Oaks, CA: Sage Publications.

Morris, N. K. (1995). Hierarchical models for educational data: An overview.
Journal of Educational and Behavioral Statistics, 20(2), 190-220.

Raudenbush, S. W., & Willms, J. D. (1995). The estimation of school effects.
Journal of Educational and Behavioral Statistics, 20(4), 307-335.

Raudenbush, S. W., & Bryk, A. S. (1986). A hierarchical models for studying
school effects. Sociology of Education, 59(1), 1-17.

Saka, T. (1984). Indicators of school effectiveness: Which are the most valid and
what impacts upon them? Paper presented at the Annual Meeting of the American
Educational Research Association, San Francisco, CA.

Webster, W. J., Mendro, R. L., Orsak, T. H., & Weerasinghe, D. (1998). An
application of hierarchical linear modeling to the estimation of school and teacher effect.
Paper presented at the Annual Meeting of the American Educational Research
Association, New Orleans.

12 Page 11 0of 18



Modeling School and District Effects in DSTP Math Scores Zhang & Zhang

Webster, W. J., & Olson, G. H. (1988). A quantitative procedure for the
identification of effective schools. Journal of Experimental Education, 56,213-219.

Woodruff, V. A. (2000). Letter from Acting Secretary of Education. DSTP State
Summary Report Spring 2000 Administration. Delaware Department of Education,
Dover, DE.

Yen, S., Schafer, W. D., & Rahman, T. (1999). School effect indices: Stability of
one- and two-level formulations. Paper presented at the Annual Meeting of the American
Educational Research Association, Montreal, Canada.

Young, D. J., Reynolds, A. J., & Walberg, H. J. (1996). Science achievement and

educational productivity: A hierarchical linear model. The Journal of Educational
Research, 89(5), 272-278.

13 Page 12 of 18



Modeting School and District Effects in DSTP Math Scores Zhang & Zhang

Table 1: List of Variables at Each Level

Name of Variable  Description of Variable
Student Level
WHITE Race of student, 1 for white (non-Hispanic), O for non-white
FEMALE Gender of student, 1 for female, O for male
TI READ Student was entitled to Title-I Reading, 1 for yes, O for no
SPED Student is special ed, 1 for yes, 0 for no '
CH _SCH* Student changed school, 1 for yes, 0 for no
CH_DIS * Student changed district, 1 for yes, 0 for no
G3MATH * DSTP math score of grade 3
School Level
S LUNCH Percentage of students eligible for free/reduced price lunch in a school
SCH_SIZE Number of students in a school
S WHITE Percentage of white students in a school
S_FEMALE Percentage of female students in a school
S_SPED Percentage of special ed students in a school
S _CHANGE *  Percentage of students from another school
District Level _
DIST SIZE Number of students in a district
D_WHITE Percentage of white students in a district
D SPED Percentage of special ed students in a district
D_LUNCH Percentage of students entitled to free or reduced price lunch in a district
D_CHOICE Percentage of school choice students in a district
D CHANGE *  Percentage of students from another district

* For the matched data only

Table 2: Variance components of the null models

Variance Proportion in
Component  Total
Variance
Grade 3 (1998)
Student Level 1508.845
School Level 117.397 **  7.2%
District Level 14.233 0.8%
Grade 5 (2000)
Student Level 1453.465
School Level 54.003 ** 3.4%
District Level 53.076 ** 3.4%
Grade 5 (98-00 Matched)
Student Level 1625.864
School Level 65.816 ** 3.8%
District Level 36472 *  2.1%

** Coefficient significant at the 0.001 level
* Coefficient significant at the 0.01 level
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Table 3: Estimated Effects of the Models for Grade 3 Math 1998

Model 0 Model 1 Model 2 Model 3
Fixed effects
Grand Mean 410.299 404.064 415.060 458.827
White Student 24 868 *¥*¥* 24775 *¥** 24 774 ***
Female Student -2.286 ** -2.302 ** -2.302 **
Title I Reading Student -26.462 *¥** 26,712 *¥*%* 26,712 *+*
Special Education Student -35.317 *** 35321 *¥** 3532 ***
School Size -0.032 * -0.032
% of Free Lunch Students in School -0.274 * -0.485 **
% White Students in School -0.076 -0.089
% of Female Students in School 0.098 0.017
% of Special Ed Students in School 0.159 0.030
District Size -0.001 *
% White Students in District -0.480
% of Special Ed Students in District 0.859
% of Free Lunch Students in District -0.031
% of School Choice Students in District 0.378
Random Effects :
Student Level Variance Component 1508.845 '1137.640 1137.673 1137.746
School Level Variance Component 117.397 ***  80.874 *** 79,892 ***  £8.073 ***
District Level Variance Component 14.233 31.886 8.343 . 0.123
Model Fit
Deviance 82031.766 79756.908 79748.561 79735.031
Number of Estimated Parameters 4 X 8 14 : 19
*** Coefficient significant at the 0.001 level
** Coefficient significant at the 0.01 level
* Coefficient significant at the 0.05 level
BESTCOPY AVAILABLE
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Modeling School and District Effects in DSTP Math Scores

‘Table 4: Estimated Effects of the Models for Grade 5 Math 2000

.Zhang & Zhang

Model 0 Model 1 Model 2 Model 3

Fixed effects

Grand Mean 461.605 453.113 476.722 495.369

White Student 23.424 *** 23.343 *** 23.343 ***

Female Student -1.945 * -1.914 * -1.914 *.

Title I Reading Student -31.722 *** 131,954 ***  _3] 054 ***

Special Education Student -21.108 *** 21,055 ***  .2]1.055 ***

School Size 0.008 -0.001

% of Free Lunch Students in School -0.158 -0.181

% White Students in School 0.101 0.050

% of Female Students in School -0.545 * -0.474 *

% of Special Ed Students in School -0.206 0.329

District Size -0.001 *

% White Students in District -0.409:

% of Special Ed Students in District 3,103 **x*

% of Free Lunch Students in District -0.591 *

% of School Choice Students in District 0.161
Random Effects

Student Level 1453.465 1174.597 1174.579 1174.398

School Level 54.003 *** 36.197 *** 20.785 *** 26.023 **x*

District Level 53.076 *** 46.743 *** 47.267 *** 0.0218
Model Fit

Deviance 81724.264 80001.778 79988.306 79970.415

Number of Estimated Parameters 4 8 14 19

*** Coefficient significant at the 0.001 level
** Coefficient significant at the 0.01 level
* Coefficient significant at the 0.05 level

16
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Modeling School and District Effects in DSTP Math Scores

Table 5: Estimated Effects of the Models for the M.

Zhang & Zhang

atched Grade 5 Math Scores (1998-

2000)
Model 0 Model 1 Model 2 Model 3
Fixed effects
Grand Mean 458.396 458.245 502.641 506.196
Grade 3 Math 0.720 *** 0.728 *** 0.728 ***
White Student 7.981 *** 7.991 *** 8.001 ***
Female Student -1.226 * -1.192 * -1.191 *
Title I Reading Student -0.928 *** -10.004 *** . .10.001 ***
Special Education Student -12.723 *** -12.722 *** 12,727 ***
Change District -1.574 -1.816 -1.802
Change School -2.645 * -1.996 -2.005
School Size -0.003 -0.001
% of Free Lunch Students in School -0.201 -0.174
% of White Students in School -0.008 -0.036
% of Female Students in School -0.625 * -0.598 *
% of Special Ed Students in School -0.282 -0.322
% of Students from Another School -0.036 -0.047
District Size -0.001
% White Students in District -0.193
% of Special Ed Students in District 2.046 *
% of Free Lunch Students in District -0.371
% of School Choice Students in District -0.011
% of Students from Another District 0.124
Random Effects .
Student Level 1625.864 560.627 560.589 560.547
School Level 65.816 *** 46.748 *** 30.538 *** 35.046 ***
District Level 36.472 ** 11.914 * 13.622 ** 0.023
Model Fit ‘
Deviance 70403.909 63109.459 63096.064 63087.107
Number of Estimated Parameters 4 11 24

18

*** Coefficient significant at the 0.001 level
** Coefficient significant at the 0.01 level
* Coefficient significant at the 0.05 level
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Modeling School and District Effects in DSTP Math Scores Zhang & Zhang

Table 6: Estimated Effects of a Revised Model for the Matched Grade 5 Math Scores
(1998-2000)

Revised Model
Fixed effects
Grand Mean 483.614
Grade 3 Math 0.729 ***
White Student 8.040 ***
Female Student -1.207 *
Title I Reading Student -9.884 ***
Special Education Student -12.723 ***
Change School -3.328 **
% of Free Lunch Students in School -0.283 **
% of Female Students in School -0.681 **
% of Special Ed Students in District 1.579 *
% of Students from Another District 0.154*
Random Effects
Student Level 560.843
School Level 36.725 ***
District Level 0.011
Model Fit
Deviance 63095.816
Number of Estimated Parameters 15

*** Coefficient significant at the 0.001 level
** Coefficient significant at the 0.01 level
* Coefficient significant at the 0.05 level
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Modeling School and District Effects in DSTP Math Scores

-

Zhang & Zhang

Table 7: Residuals at the School and the District Levels of the Revised Model for the

Matched Data and Their Ranks as Compared with Ranks Based on Raw Scores (School

and District Ids Are Fictional)

SchoolID  Residual Modeled Raw Score District ID  Residual  Modeled Raw Score
Rank Rank : Rank Rank

1 6.6141 3 4 1 -47.7275 5 4
2 15.7302 1 1 2 -57.6495 11 "9
3 -13.3650 23 20 3 547244 8 12
4 .16.1324 27 24 4 .57.3371 10 13
5 -6.3479 15 17 5 -42.1008 2 1
6 -5.1009 12 13 6 -49.3298 6 5
7 -12.1168 20 26 7 -60.3204 12 15
8 -11.5624 19 33 8 -49.8736 7 6
9 -6.2247 14 21 9 -33.7986 1 2
10 -14.5916 25 37 10 -54.9372 9 7
11 -0.2852 8 34 11 -70.5474 14 14
12 -6.6549 16 11 12 -77.1783 15 10
13 2.2857 6 8 13 -67.4617 13 8
14 14.4737 2. 2 14  -46.7129 4 11
15 -4.9165 11 15 15  -43.9165 3 3
16 -12.6334 22 39
17 -9.8537 18 16
18 5.8865 4 7
19 -6.7165 17 10
20  -15.0903 26 27
21  -12.2683 21 22
22 -28.0128 36 28
23 -34.7600 40 42
24  -242142 33 36
25  -31.1423 38 38
26 -30.9586 37 35
27  -20.3595 30 19
28  -26.9961 34 18
29  -20.8662 31 9
30 -37.1977 41 40
31  -44.9209 42 41
32 -34.2223 39 32
33 -47.4590 43 43
34 -23.8881 32 23
35 -27.0425 35 30
36 -20.2022 29 12
37  -19.4254 28 29
38 -2.2008 9 31
39  -14.1608 24 25
40 4.3993 5 3
41 -6.0434 13 14
42 -2.3733 10 5
43 1.7527 7 6

19

Page 18 of 18



U.S. Department of Education
Office of Educational Research and Improvement (OERI)
National Library of Education (NLE)
Educational Resources Information Center (ERIC)

REPRODUCTION RELEASE

(Specific Document)

. DOCUMENT IDENTIFICATION: .

Tt PNodedons 8 bl and Distrit THIS  an o Moth ArbievemeT OF-

"UEMMM&U Chrrle s N asv—ed A?L DsTp /s fw %ﬁmﬁ«
0;// /—/"Cr&kr/k}_@/e« L«'WWLW(,AAT s W&L? f,.,cy/.

Author(s): )’/M/WE/ ZHAV G | LIRU ZHANG

Corporate Source:

TM034450

Publication Date:

2002,

1. REPRODUCTION RELEASE:

In order to disseminate as widely as possible timely and significant materials of interest to the educational community, documents
announced in the monthly abstract joumal of the ERIC system, Resources in Education (RIE), are usually made available to users in microfiche,
reproduced paper copy, and electronic media, and sold through the ERIC Document Reproduction Service (EDRS). Creditis given to the source
of each document, and, if reproduction release is granted, one of the following notices is affixed to the document.

If permission is granted to reproduce and disseminate the identified document, please CHECK ONE of the following three options and sign
at the bottom of the page.

The sample sticker shown below will be
affixed to all Level 1 documents

The sample sticker shown below will be The sample sticker shown below will be

affixed to all Level 2A documents

affixed to all Level 2B documents

PERMISSION TO REPRODUCE AND
DISSEMINATE THIS MATERIAL HAS
BEEN GRANTED BY

TO THE EDUCATIONAL RESOURCES
INFORMATION CENTER (ERIC)

PERMISSION TO REPRODUCE AND
DISSEMINATE THIS MATERIAL IN
MICROFICHE, AND IN ELECTRONIC MEDIA
FOR ERIC COLLECTION SUBSCRIBERS ONLY,
HAS BEEN GRANTED BY

e

TO THE EDUCATIONAL RESOURCES
INFORMATION CENTER (ERIC)

2A

PERMISSION TO REPRODUCE AND
DISSEMINATE THIS MATERIAL IN
MICROFICHE ONLY HAS BEEN GRANTED BY

le

TO THE EDUCATIONAL RESOURCES
INFORMATION CENTER (ERIC)

2B

Check here for Level 1 release, permitting
reproduction and dissemination in microfiche or
other ERIC archival media (e.g., electronic) and

paper copy.

Level 2A

Q

Check here for Level 2A releass, permitting reproduction
and dissemination in microfiche and in electronic media for
ERIC archival collection subscribers only _

Level 2B

Q

Check here for Level 2B release, permitting reproduction
and dissemination in microfiche only

Documents will be processed as indicated provided reproduction quality permits.
If permission to reproduce is granted, but no box is checked, documents will be processed at Level 1.

I hereby grant to the Educational Resources Information Center (ERIC) nonexclusive permission to reproduce and disseminate this document
as indicated above. Reproduction from the ERIC microfiche or electronic media by persons other than ERIC employees and its system
contractors requires permission from the copyright holder. Exception is made for non-profit reproduction by libraries and other service agencies
to satisfy information needs of educators in response to discrete inquiries.

Signature: J Printed Name/Position/Title:
%/m«/ %w—// VAV WE! 2ZHAN G
Organization/Address: Lnversiee’ /Uf D,cdwwa,y& T?e;;u}:?’e:) £33~ 72 77 FAX:
fO 7 g-e//s [T, T CZ E-Mail ress: ; ate:
CA L pAAT 19020 Y shang B udel.edd™2/,7 /o2
7 7 \/ \/ 7 y

ERIC

Aruitoxt provided by Eic:



lll. DOCUMENT AVAILABILITY INFORMATION (FROM NON-ERIC SOURCE):

If permission to reproduce is not granted to ERIC, or, if you wish ERIC to cite the availability of the document from another source,
please provide the following information regarding the availability of the document. (ERIC will not announce a document unless it is
publicly available, and a dependable source can be specified. Contributors should also be aware that ERIC selection criteria are
significantly more stringent for documents that cannot be made available through EDRS.)

Publisher/Distributor:

Address:

Price:

IV. REFERRAL OF ERIC TO COPYRIGHT/REPRODUCTION RIGHTS HOLDER:

If the right to grant this reproduction release is held by someone other than the addressee, please provide the appropriate name and
address:

Name:

Address:

V. WHERE TO SEND THIS FORM:

Send this form to the following ERIC Clearinghouse:

frasesmeX  pwd  Fralusdn,

However, if solicited by the ERIC Facility, or if making an unsolicited contribution to ERIC, return this form (and the document being
contributed) to:

ERIC Processing and Reference Facility
4483-A Forbes Boulevard
Lanham, Maryland 20706

Telephone: 301-552-4200

Toll Free: 800-799-3742

FAX: 301-552-4700
e-mail: ericfac@inet.ed.gov
WWW: http:/iericfacility.org

EFF-088 (Rev. 2/2001)




