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Okul Performansinin Katma-Degerli Degerlendirilmesinde
Kullanilan Yaygin Istatistik Modellerinin Karsilastirmali Analizi

Sedat Sen ** Seock-Ho Kim *** Allan S. Cohen ****

Abstract

The purpose of this study was to compare three popular value-added models used in measuring school
effectiveness based on their distinguishing characteristics. In this study, the simple fixed effects model (SFEM)
and two hierarchical models (UHLMM and AHLMM) were analyzed using value-added measures obtained
from a common data set with two years standard assessment data. Value-added measures obtained from these
three models were analyzed to determine the impact of the differences of each model. Correlational analyses
were also conducted to see whether there were meaningful relationships among these value-added models.
SFEM and UHLMM models produced very similar rank orders of school effects while SFEM and AHLMM
had only a moderate correlation. Thus there was not much difference between SFEM and two HLM models in
terms of the rank orders of schools.
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Oz

Bu ¢alismanin amaci, okul etkililigini 6l¢gmede yaygin olarak kullanilan {i¢ katma-degerli modeli ayirt edici
ozelliklerine dayanarak karsilagtirmaktir. Bu ¢alismada iki yillik bir standart test verisi kullanilarak bu veriden
elde edilen katma-degerli 6l¢limler vasitasiyla basit sabit etki modeli (SFEM) ve iki hiyerarsik dogrusal model
(UHLMM ve AHLMM) analiz edilmistir. Bu tic modelden elde edilen katma-deger 6l¢timleri, her modelin
farkliliklarinin etkisini belirlemek i¢in analiz edildi. Bu katma degerli modellerin sonuglari arasinda anlaml
iliski olup olmadigimi gérmek igin korelasyon analizine bagvurulmustur. SFEM ve UHLMM modelleri okul
etkilerini benzer derecede siralarken, SFEM ve AHLMM sonuglar orta derecede bir korelasyona sahiptir. Bu
nedenle, okullarin siralamasina gére SFEM ve iki HLM modelinden elde edilen sonuglar arasinda ¢ok fazla
fark bulunmamustir.

Anahtar Kelimeler: Okul etkililigi, katma-degerli degerlendirme, katma-degerli modeller, hiyerarsik dogrusal
modeller.

INTRODUCTION

Over the past few decades, there has been growing interest in the effectiveness and accountability of
schools around the world. As an example, this has been the case with the U.S., especially since the
adoption of the No Child Left Behind act of 2001 which requires states to measure student academic
achievement and to report on progress using Adequate Yearly Progress (AYP) measures (Amrein-
Beardsley, 2008). This system is based on an approach which gives rewards to schools that make
contributions to students’ learning and sanctions those that do not make any improvement on student
test scores. Early applications of this state-wide assessment have focused on the current status of
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students. The current-status approach compares different cohorts of students at a single point in time
(Doran & lzumi, 2004). It simply uses the percentage of students who passed the state test at the end
of the school year.

Educators recognize that a one-time test score is not always a useful way to estimate school effects
on student performance. Differences among schools may be due to student and school variables that
are not measured in tests but that influence test scores. Current-status methods don’t take
socioeconomic factors into account, for example, when assessing schools’ effectiveness. Although
these methods are located at the heart of the state accountability system, there are at least two
reasons why they’re invalid and inappropriate to use for the purpose of school comparisons.

First, students come to school with different backgrounds. In other words, there is no random
assignment of students to schools (Doran & lzumi, 2004) yet the statistical methodology underlying
this approach assumes random assignment. This results in making unfair comparisons between
disadvantaged and advantaged schools in terms of socioeconomic status.

Second, current-status methods are cumulative. They reflect the impact of learning obtained from all
previous schools on students’ performance scores (Doran & Izumi, 2004) but they do not
differentiate current effects from previous effects. Thus, we cannot hold only the latest school
accountable for a student’s good or poor test score if the student has changed schools in the past. As
Ballou, Sanders, and Wright (2004) note, holding schools accountable based on mean achievement
levels makes no sense, when students enter those schools with large mean differences in
achievement.

It is widely accepted that status-based accountability systems are likely to be flawed, resulting in
inaccurate judgments of school quality (Doran & lzumi, 2004; Tekwe et el., 2004). As the
shortcomings of this method increasingly become apparent, an alternative way of assessing school
effectiveness using growth models has gained acceptance. This new method focuses on the
improvement students in the school made during the year. Instead of considering how cohort groups
have increased in knowledge, measuring individual student progress over time from one time point
to the next is more reasonable in terms of “learning,” which is meant to be “change.” Growth models
are designed to generate estimates from these kinds of data (Doran & Izumi, 2004).

In this regard, researchers have developed a method called value-added analysis (VAA) which
enables them to use individual student achievement scores over time in order to identify effective
schools. As defined by Tekwe et al. (2004) “Value-added is a term used to label methods of
assessment of school/teacher from one year to the next and then use that measure as the basis for a
performance assessment system” (p. 31). Pioneers of VAA claim that VAA generates fairer and
more accurate estimates than those generated by state tests that measure only the achievement of a
single year. The primary purpose of VAA is to determine the impact of teachers or schools on the
progress of their students (Raudenbush, 2004). To do this, VAA computes gain scores by taking the
differences between students’ scores on state tests from one year to the next (Sanders et al., 2002).

The VAA approach evaluates schools based simply on how they increased the level of their students’
knowledge. The two basic ideas underlying value-added measurement are that it is calculated for
each individual nested within the schools and that it is based on changes in student performance from
one year to the next (Ladd & Walsh, 2002). Another advantage cited of VAA is that, unlike the
current-status method, it can control the effect of confounding variables such as student and school
socioeconomic status that may influence the test scores. In this way, it is an attempt to minimize the
influence of experiences, privilege, and ethnicity on student performance.

In general, value-added models (VAMS) are a class of statistical model procedures that analyze
students’ standardized test scores over time to identify the degree to which a student’s progress is a
function of their own characteristics or of the characteristics of their school (Doran & 1zumi, 2004).
VVAMs have recently received a great deal of interest from both policy makers and researchers due to
a belief that these models can adequately determine how individuals are growing over time while
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appropriately attributing that portion of their gain scores to their schools (Sanders, & Horn, 1994;
Sanders, & Horn, 1998; Sanders, Saxton, & Horn, 1997). It is an area of research in education that
has achieved a significant role in shaping the school accountability system.

Several VAM approaches have been suggested by researchers. Current-status methods all rely on
regression models and assume that school effects are fixed (Tekwe et al., 2004). They are also
confounded with nonschool factors (Sanders, 2000), whereas VAMSs require the use of more
complex statistical models such as mixed models and hierarchical models which assume school
effects to be random. Hanushek (1972) is generally credited as the first to use VAM methods in the
accountability system. Sanders, who developed the Tennessee Value Added Assessment System
(TVAAS), was the first to implement VAMS in a statewide testing system (Stewart, 2006).

According to a report by the RAND corporation (McCaffrey, Lockwood, Koretz, & Hamilton, 2003)
early VAM applications (e.g., Hanushek, 1972; Murnane, 1975) primarily used fixed effects models.
More recent applications, including the TVAAS layered model, have used random effects models
exclusively.

Another important model is one developed by Raudenbush and Bryk (1986) and Aitkin and
Longford (1986). This model relies on hierarchical linear models to measure student growth.
Although there are several VAMs which are based on different statistical assumptions (Braun, 2004;
Tekwe et al., 2004), the most popular has been the TVAAS (Olson, 2004). For any of these models
to be useful in VAA analysis, however, the test scores must be vertically scaled (Ballou et al., 2004;
Doran & Cohen, 2005). That is, the test scores must all be expressed on a common scale that extends
over the time periods included in the analysis. In brief, longitudinal data, annual assessment, and
vertically equated tests are said to be basic elements of VAMSs. Typically, standardized assessment
scores are used in VAM studies. Though no VAM has yet been obvious to be clearly superior over
another, VAMs are considered to be fairer and more accurate than conventional methods (Doran &
Izumi, 2004).

To date, several alternative models, ranging from simple gain scores to complex mixed models, have
been suggested by researchers with regard to assessment of school effectiveness. However, there
have been a limited number of studies which make comparisons among these different models
(Ballou et al., 2004; McCaffrey et al., 2003; Tekwe et al., 2004). Selection of the most useful model
for an accountability analysis requires determining which model is most accurate. Fortunately, a few
important studies have been conducted to determine the most desirable model for computing school
effects. The Journal of Educational and Behavioral Statistics published one volume solely
concerning the VAA and popular VAMs (Wainer, 2004). The papers in that volume concluded that
there are numerous acceptable models as opposed to only a single acceptable model.

Tekwe et al. (2004), Ballou et al. (2004), and McCaffrey et al. (2003) describe differences among
VAMs. As these studies have noted, compared to other methods, VAMs are less biased and produce
more precise estimates. Although there is a lack of comparative studies showing which VAM is
better than the others, the LMEM model has been used frequently for accountability purposes.
Ballou et al. (2004) conducted a simulation study to evaluate the TVAAS model which is based on
the LMEM. Results indicated that the TVAAS uses a highly parsimonious model that omits controls
for contextual factors such as SES and demographics that influence achievement.

Unlike the LMEM model, HLM maodels include school and student variables and attempt to control
such factors by statistical adjustment (Bryk & Raudenbush, 1992). Sanders et al. (2002) noted that
inclusion of these factors in HLM affects the school estimates resulting in biased measures of
schools towards zero. Sanders’ LMEM model does not account for these variables. That model
attempts to eliminate controls for these variables by use of multiple measures on each student
(Ballou et al., 2004). Sanders found that the inclusion of these factors to the model did not result in a
significant difference between the two models (Ballou et al., 2004). Results of a simulation study
comparing the general model, which is similar to the AHLMM, with those of a layered model which
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is similar to the LMEM, however, suggested that the AHLMM fit the data better than the layered
model (McCaffrey et al., 2003).

Tekwe et al. (2004) found little or no benefit from use of more complex models. The simpler SFEM
model provided results that were more accurate compared to estimates from the other models.
Results also indicated that the AHLM model would be preferred when there is a need for controlling
the effects of student and school variables estimates and that selection of one of the two models
should be based on non-empirical considerations.

Although VAMs have been shown as an important tool for accountability system, a number of
researchers criticized the VAMSs application for determining school or teacher effectiveness. An
important criticism of VAMs is that they do not yet solve the problem of randomization completely
(Wiley, 2006). Another criticism of VAMSs is about the precision of the value-added estimates
obtained from longitutional data sets. Schochet and Chiang (2010) examined the likely system error
rates for measuring teacher and school performance in the upper elementary grades using ordinary
least squares (OLS) and Empirical Bayes (EB) methods applied to student test score gain data.

Similarly, Guarino, Reckase, and Wooldridge (2015) investigated the accuracy of the value-added
estimates of teachers obtained from commonly used value-added models. They found that no one
method accurately captures true teacher effects and classifies teachers in realistic conditions. In
addition, VAM approach has been shown to be invalid when there is endogeneity which may be due
to correlation between the random effect in the hierarchical model and some of its covariates (Manzi,
San Martin, & Van Bellegem, 2014). Another criticism of VAMs is about the data requirements of
these models. As mentioned above vertically equated test results from multiple years are basic
elements of VAMSs. This makes VAM useful for a single developmental scale. However, most of the
VAMs cannot be used for multiple test instruments (on different scales) administered within a school
year. A few researchers have discussed how to use VAMs to analyze longitudinal student
achievement data obtained from multiple instruments (Green, 2010; Rivkin, Hanushek, & Kain,
2005).

There have been numerous studies that show the strengths of the VAMSs over the conventional
methods. However, the concern remains that simpler models are as efficient as more complex
models (Doran & Fleischman, 2005). Several models introduced in VAA calculate the value-added
measures based on different assumptions. SFEM and UHLMM do not account for school/non-school
variables, while AHLMM attempts to control these factors by statistical adjustments. In this study,
the impact of school and non-school factors are compared on school-level value-added scores using
an empirical data with an eye to better understanding problems associated with model complexity.
Three popular VAMs (i.e., SFEM, UHLMM, and AHLMM) were examined in this study. The
models selected for the present study show similarities to a previous study conducted by Tekwe et al.
(2004). Tekwe et al. (2004) have also examined the LMEM in their study in addition to the models
compared in this study. LMEM was excluded from our study due to data requirements of this model.

METHOD
Instrumentation

Data for this study were taken from 2002 and 2003 statewide mathematics and reading test results of
the Florida Comprehensive Assessment Test (FCAT) for Grades 6 to 8. Separate analyses were done
for each grade. The FCAT is a criterion-referenced test that aims to assess student achievement in
high-order cognitive skills represented in the Sunshine State Standards (Florida Department of
Education, 2003) in reading, mathematics, writing, and science. The FCAT includes three types of
guestions: multiple choice items, graded response items, and open-ended items. FCAT scaled scores
used in this study were vertically scaled, thus making them appropriate for VAA.
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Sample

Separated analyses were performed for each of the grade cohorts for Grades 6, 7 and 8 in a large
Florida school district with 44 secondary schools for 2002 and 2003. Only standard curriculum
students were used in the analyses. Special education students with any exceptionality and students
in the limited English proficiency (LEP) program for two or fewer years were excluded due to
following reasons. Generally, it is impossible to collect two years of score from students with severe
cognitive disabilities that are required for most of the VAMs. In addition, students with limited
English cannot show real performance on state test and this may have a negative effect on the value-
added measures of schools. Students whose reported ages were outside the acceptable age range for a
given grade were excluded from the analyses. Listwise deletion was applied to exclude these
students’ information.

A total of 60,718 students were available for analyses after the exclusions: 19,611 for Grade 6,
20,433 for Grade 7, and 20,674 for Grade 8. Non-school variables for socioeconomic status and
minority status were included in the data set. Socioeconomic status information was provided in the
form of student’s eligibility for the free-or-reduced lunch program. Minority status is a school-level
variable is based on the proportion of African-American or non-African-American students in the
school. Descriptive statistics based on grade and subject combination are presented in Table 1.

Table 1. Sample Size, Mean FCAT and Standard Deviation by Subject, Grade and Year, and Percent
Minority and Percent Poverty in 2003 by Grade

Reading Math Demographics in 2003
2002 2003 Change 2002 score 2003 score Change Poverty Minority
score score score score
N 19,611 19,611 19,611 19,611 19,611 19,611 19,611 19,611
M 142132  1527.89 106.57 1566.02 1581.17 15.15 73.7% 28.6%
6th sp 36852 371.85 235.62 294.80 297.80 189.48
N 20433 20,433 20,433 20,433 20,433 20,433 20,433 20,433
M 1493.98  1623.32 129.33 1554.14 1692.70 138.56 72.2% 28.4%
th sp 38543  348.92 244.52 293.74 255.18 191.43
N 20,674 20,674 20,674 20,674 20,674 20,674 20,674 20,674
M 1606.93  1782.10 175.16 1675.76 1804.40 128.64 70.3% 28.6%
8th sp  345.79 276.42 223.87 274.60 216.95 169.142

Value-Added Models Used in This Study

As noted above, VAMS have the capability of controlling the effects of non-school variables as well
as prior performance. In this study, results for three commonly used VAMSs were compared: a simple
fixed effects model and two hierarchical linear models. It should be noted that layered mixed effects
model (LMEM) is another popular VAM that is useful for data sets collected from students attending
multiple schools. This model was not examined in this study as the data set in this study does not
have students attending multiple schools within a school-year. This makes present study different
from Tekwe et al. (2004).

Simple fixed effects model (SFEM)

Fixed effects models (FEM) used for VAA assume school effects to be fixed rather than random.
These have the advantage of being the simplest VAM, requiring less computation than the others. As
a result, estimates from FEM are more easily understood by policymakers and educators with little
statistics experience (Wiley, 2006). The simple fixed effects model (SFEM) is an extension of the
FEM. One concern with this model is that it does not incorporate student-level covariates and does
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not apportion variance for students who have attended multiple schools. Thus it does not produce
any shrunken estimates. As SFEM uses only two years of data in a single subject, however, its
application is very straightforward.

Model parameterization:

dijs = Pos + Xke1Biks Skijz + Eijs » 1)
where
dijs = Yijs2 — Vijs1,
d;js = is a simple change score obtained from difference between two examinations of a student i
in school j on the same subject area s,
Yijse =IS the test score on the subject area s (s = 1,2) at time t (¢t = 1,2) for the student j (j =
1,---,m) inschooli (i = 1,--+,n;),
Syij2= Is effect coding at time (t = 2) for school k (k = 1,--+, 44) with coding numbers m (m =
1’ e 43)’
Skijzzlfork =mandk # 44;0fork +# mand k # 44; -1 for k = 44,

and ¢&;;is the random error for student j in school i for subject area s.
2
It is assumed that “iis ~ N(O’Gﬁ).

B1xs In Equation 1 is the value-added component in subject area s for school k.

Hierarchical linear models.

Hierarchical linear models (HLM) require using hierarchically ordered nested data. The hierarchical
nature of the structure is that students are considered nested within classes and classes as nested
within schools. Due to the nature of the data used in education, HLM has been used extensively for
analysis of school effects (Raudenbush & Bryk, 2002). HLM is a special type of the general mixed
models family and can be used to obtain value-added measures. These models demand more
computation than SFEM, but unlike SFEM, HLM-based models produce shrunken effects.

The HLM analysis consists of four parts as follows (Raudenbush & Bryk, 1988-1989):
i.  Apportioning variation between and within units of analysis
ii.  Assessing the homogeneity of regression assumption
iii.  Testing for compositional effects
iv.  Assessing the effect of the method

Traditional regression methods assume that individuals are independent of each other although
students in the same school might have similar results when compared to students from different
schools. HLM can handle this violation of the independence assumption unlike linear models.

In this study, two different types of HLM were examined, unadjusted HLM (UHLMM) with random
intercept and adjusted HLM (AHLMM). The AHLMM consists of two equations called student-level
and school-level models. The two-level HLM provides an analytical framework for examining the
effects of schools on student outcomes. An extension of two-level model (i.e., three-level HLM) can
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be used to obtain value-added estimates of schools and teachers using a data set structure which has
students nested within teachers and teachers nested within schools.

Unadjusted hierarchical linear model (UHLMM)

UHLMM uses unadjusted change score with random intercept. This model consists of two level
HLM described by the following equations;

Student-level model:
dijs = Bois + Eijs»
where d;; is the change score defined as in Equation 1, B is a random intercept associated with

the school i, and Eijs is a random error.

School-level model:

Bois = Yos + Sis»
where ¥, is the mean of the random intercepts, B, and &, are the random effect and random
error of school i on the random intercept for subject area s. fSj.and & are assumed to be
independent. ¢; ;5 and &; are assumed to have normal distribution.

Single equation form:

dijs = Pos + Sis + Eijs- (2

Adjusted hierarchical linear model (AHLMM)
The AHLMM model is adjusted for student-level and school-level covariates.
Student-level model:

dijs = Bois + P1s Vijs1 + BasMingj + BssPov;; + s,
where d;;; = 75, — Zijs» Bois 18 @ random intercept associated with the school i and subject area s,

Min;; = an indicator of minority status (Yes or No) for student j in school i, Pov;; =an indicator of

poverty in which the status of a student eligible for a free-and-reduced lunch is considered to be
poverty (Yes or No) for student j in school i, B, f,.,and f,, are the fixed effects of previous

year's test score, minority status, and poverty on learning gain in subject area s, and & is a random
error.

School-level model:

Bois = Yos + Y1sZ1i + V2sZai + Sis)
where Z; is the mean input score for the school i, Z,; is the percentage of students in poverty in the
school i, &, is is the random error associated with the value of the random intercept for the subject
area test (s) and the school i in the student level model, and the y's are fixed effects coefficient

parameters. The within and between school error terms, &;;;and &, are assumed to be independent.

is?
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Single equation form:

dijs = Yos + V1sZ1i + VasZai + BisVijs1 + PasMingj + PssPov;; + &5 + &5, 3)

RESULTS

Assumptions and characteristics of each of the VAMSs used in this study are shown in Table 2. Thus,
differences in characteristics of the models can be seen in Table 2. Interpretations of results for each
model are based on distinguishing characteristics of the model. Correlations between VAM measures
of schools generated from each model are given in Table 3. Schools were ranked based on their
VAM estimates from different models. Correlational results provide information about the rank
order of school effects generated from each model. Tables with these rankings are also presented in
Appendices.

Table 2. Summary of Distinguishing Characteristics of Models
Model identifier Dependent variable School effects ~ Student-level variable  School-level variables

SFEM Change score Fixed No No
UHLMM Change score Random No No
AHLMM Change score Random Yes Yes

Note. Adapted from Tekwe et al. (2004, p.23). SFEM = Simple fixed effects model, UHLMM = Unadjusted hierarchical
linear model, AHLMM = Adjusted hierarchical linear model.

Table 3. Table of Correlations Between Value-added Measures of the Models

6" grade 7" grade 8" grade

Math Reading Math Reading Math Reading
SFEM vs. UHLMM .99 .99 .99 .99 .99 .99
SFEM vs. AHLMM 75 .85 .80 .55 73 74
UHLMM vs. AHLMM .75 .85 .80 .54 .73 74

Note. SFEM = Simple fixed effects model, UHLMM = Unadjusted hierarchical linear model, AHLMM = Adjusted
hierarchical linear model.

With respect to the assumption of school effects as random, the SFEM is the only one that accounts
for school effects as fixed effects. Therefore, it is appropriate to compare the SFEM to the UHLMM.
The UHLMM differs only in that it considers the school effect to be random. The most important
finding that is evident in Table 3 is the very high correlation between SFEM and UHLMM value-
added estimates (r = .99) in all cohorts. This suggests that the two models provide the same rank
ordering of schools. Thus, it is possible to conclude that there was no difference between taking
school effects as random or fixed in terms of rank order of school effects.

A second concern in measuring school effectiveness is to include school and non-school covariates
in the models. Among the models in this study, only the AHLMM can take both student-level and
school-level effects into account. Apart from this characteristic, the AHLMM and UHLMM are
identical. As a result, we can make inferences based on the comparison of these two models. As can
be seen in Table 3, there were moderate correlations ranging from .54 to .85 between AHLMM and
UHLMM for the different cohorts. This indicates that the effects of including school and non-school
variables in the AHLMM had a clear impact on the VAA estimates.

Another comparison with the AHLMM can be made with SFEM. This comparison will help to see
the effects of employing shrinkage or including school and non-school variables in the AHLMM
model. Correlations between these two models showed moderate values ranging from .55 to .85.
These results suggest there is a noticeable difference between SFEM and AHLMM. Although the
AHLMM is appropriate when seeking to adjust for confounding variables, the only thing we can
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really conclude is that there was a difference between the rank orders of schools based on these two
models.

Strong correlations were observed between results generated by the SFEM and UHLMM, but much
more modest correlations were observed between the AHLMM and all other models. We conclude
on the basis of these results that there was not much difference between the SFEM and hierarchical
models in terms of the rank order of school estimates.

Once a model is chosen, value-added measures for students can be converted to standardized grades
to determine the relative performance of the teachers within each school (or attributed to each
school). To obtain standardized grades, standardized value-added measures were divided by their
standard errors and assigned grade point average (GPA) values using the following criteria from
Tekwe et al. (2004):

If z> 2, then assign a grade of A and 4 growth points;

If 1 <z <2, then assign a grade of B and 3 growth points;
If -1 <z <1, then assign a grade of C and 2 growth points;
If -2 <z<-1, then assign a grade of D and 1 growth points;
If z < -2, then assign a grade of F and 0 growth points.

Results of the standardized grade conversions are presented in Table 4.

Since grades from the SFEM and UHLMM models were found to be similar, we present only results
for the SFEM and AHLMM in Table 4. Results in Table 4 suggest that large schools with higher
value-added estimates tended to have lower GPA values than smaller schools with lower value-
added estimates, although it was also possible that large schools with lower value-added estimates
could have higher GPA values.

Individual school estimates and their rankings were obtained for each grade from three different
VAMs. Only estimates for Grade 6 are presented (see Tables 5 and 6 in Appendices A and B).
(Estimates for Grades 7 and 8 are available on request from the first author.). For the SFEM,
estimates can be interpreted as the difference between the school specific sample average change and
the average changes overall. Estimates from the UHLMM are shrunken estimates of school effects
from the SFEM. These can be calculated as estimates of the best linear unbiased predictors of the
random effects for each school and each grade. Value-added estimates of the AHLMM were also
calculated as estimates of best linear unbiased predictors.

The ranks of the school estimates from the SFEM were similar to those of the school estimates from
the UHLMM. It is interesting to note that estimates from both models were very similar. This result
also suggests that there was little difference in estimating school effects as either random or fixed.
Results from the AHLMM had moderate agreement with results from SFEM. Results from each of
the models suggested that VAM rankings of schools differed across different grades. Results
compared for each grade, however, were very consistent with the results of correlational analyses.
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Table 4. Growth Point Averages for Each School Based on Value-Added Measures from SFEM and
AHLMM

SFEM AHLMM
School M R G6 G7 G8 T M R G6 G7 G8 T

1 0.00 066 050 050 000 033 033 133 050 150 050 0.83
2 3.00 3.66 200 400 4.00 333 233 233 150 250 3.00 233
3 1.00 233 050 100 350 166 233 266 200 200 350 25

4 200 100 200 050 200 150 200 166 250 100 200 1.83
5 333 3.00 200 400 350 316 266 166 200 250 200 216
6 266 166 250 250 150 216 266 200 3.00 200 200 233
7 1.00 233 150 100 250 166 166 200 200 150 2.00 1.83
8 3.00 266 400 200 250 283 166 200 200 150 200 1.83
9 200 1.00 0.00 1.00 350 150 233 200 200 200 250 216
10 366 3.00 4.00 300 3.00 333 300 233 250 250 3.00 266
11 233 166 350 250 000 200 233 133 200 250 100 1.83
12 3.00 233 3.00 250 250 266 166 166 200 150 150 1.66
13 266 200 4.00 200 100 233 233 233 3.00 200 200 233
14 166 200 400 150 0.00 1.83 200 200 200 200 200 2.00
15 1.00 233 200 100 200 166 100 200 200 100 150 1.0
16 0.00 100 100 0.00 050 050 1.33 200 100 200 200 1.66
17 033 1.00 150 0.00 050 066 066 133 200 050 050 1.00
18 0.00 133 000 0.00 200 0.66 200 266 200 200 3.00 233
19 333 3.00 350 4.00 200 316 266 166 3.00 250 100 216
20 166 166 1.00 200 200 166 200 200 200 200 200 200
21 1.00 100 0.00 150 150 100 0.66 100 1.00 150 0.00 0.83
22 200 233 200 050 4.00 216 200 266 250 150 3.00 233
23 3.00 200 150 3.00 300 250 366 233 300 300 300 3.00
24 133 266 150 300 150 200 066 200 200 100 1.00 1.33
25 333 266 400 250 250 3.00 333 233 400 200 250 283
26 1.00 166 250 150 0.00 133 066 133 150 150 0.00 1.00
27 200 233 150 350 100 216 233 266 250 350 150 250
28 166 266 350 100 200 216 166 200 200 150 200 1.83
29 366 266 3.00 300 350 316 200 200 200 200 200 2.00
30 066 233 050 1.00 300 150 266 3.00 200 250 400 283
31 166 266 200 150 3.00 216 266 266 250 200 350 2.66
32 233 300 150 250 4.00 266 333 333 3.00 300 4.00 333
33 200 266 000 400 300 233 133 166 0.00 250 200 150
34 133 133 400 000 0.00 133 200 200 200 200 200 2.00
35 0.00 066 000 0.00 100 033 1.33 200 100 150 250 1.66
36 233 166 150 250 200 200 200 133 1.00 200 200 1.66
37 333 133 3.00 250 150 233 266 133 250 250 100 2.00
38 266 066 100 200 200 166 266 166 150 250 250 216
39 266 333 4.00 250 250 3.00 200 233 200 200 250 216
40 266 266 150 350 3.00 266 133 133 150 150 100 1.33
41 133 066 300 000 0.00 1.00 266 166 250 150 250 216
42 200 166 250 250 050 1.83 200 200 150 250 200 200
43 200 066 000 300 100 133 100 100 050 150 1.00 1.00

44 - - - - - - 233 233 200 250 250 233
Notes. M = Math GPA; R = Reading GPA; T = Total GPA,; 6G = 6™ Grade GPA; 7G = 7" Grade GPA.

DISCUSSION and CONCLUSION

The purpose of the present study was to determine whether there were similarities or differences
among three models commonly used for value-added assessment of schools. The simplest model was
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the SFEM. This model treats school effects as fixed. Two hierarchical linear models were also
included. Each model has distinguishing characteristics and different assumptions. Value-added
estimates of individual schools obtained from these models were analyzed to compare results from
the different models on the estimates.

The primary question was to investigate whether results from simpler models, such as the SFEM,
differed as effective as the more complex models such as AHLMM in terms of school rankings.
Previous research has found that little difference between the results of simple and complex value-
added models in that correlations between estimates from SFEM and AHLMM models ranged from
.55 to .85 (Tekwe et al., 2004). Results from this study were somewhat consistent with previous
research in that the simple model produced similar rank orders of school effects with the more
complex AHLMM. Based on these results, it may be concluded that simple models were as effective
as more complex models at estimating value added effects of schooling. Further, simpler models
generally could be used in place of more complex models such as AHLMM. There is typically a
desire for using simpler statistical models among policy makers as well as the general public. Results
of the present study tend to support the use of simpler models such as the SFEM in value-added
accountability systems.

Another concern in value-added studies is to determine the impact of the inclusion of school and
student background variables into models on model estimates. Among the models in this study, only
the AHLMM includes statistical adjustments for these potentially confounding variables. Tekwe et
al. (2004) suggested that both inclusion and exclusion of these variables during the analysis result in
biased estimates of schools. In this study, the estimates from the AHLMM model were compared to
estimates from other models to determine the effects of these covariates. No major differences were
observed between results of the AHLMM, the UHLMM and the SFEM. Correlations between
estimates from the AHLMM and SFEM ranged from .55 to .85. Correlations between results from
the AHLMM and the UHLMM also ranged from .54 to .85. These correlations were mostly
consistent with results from previous research. Consistent with previous research, inclusion of these
covariates did have an effect on value-added estimates. The omission of covariates from the model
appeared to bias parameter estimates when students were stratified by those covariates (McCaffrey et
al., 2003).

The present study also reported on standardized GPA grading and rankings of each school based on
value-added estimates from each model. These results were consistent with the correlational
analysis. VAM-based rankings of schools showed differences over grades. It should be noted that the
conclusions drawn from this study cannot be generalized to teachers or to other test conditions.

Although, value-added models are believed to be useful in school accountability system, the
credibility of these methods have been questioned by a number of researchers (AERA, 2015,
Amrein-Beardsley, 2014; Ballou & Springer, 2015; Guzman, 2016; The American Statistical
Association (ASA), 2014). Amrein-Beardsley (2014), emphasized that VAMSs have several problems
with reliability, validity, and bias, affecting their fairness and transparency. In addition to these
serious problems, theoretical and methodological assumptions of VAMSs have also been questioned
in the literature. Thus, school (or teacher) performances should not be based on only value-added
measures obtained from any of the VAMs described in this study. As Amrein-Beardsley (2014)
suggested multiple measures and more holistic evaluation systems should be used for school
evaluations rather than relying only on VAMs.
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GENIS OZET

Girig

Son yillarda, okullarin etkililigi ve hesap verebilirligi konularina ilgide diinya ¢apinda bir artig
gozlenmektedir. Bu konulardaki ilk uygulamalar, 6grencilerin mevcut basart durumlarini kullanmaya
odaklanmistir. Mevcut durum yaklasimi, farkli kademedelerdeki Ogrencileri tek bir zaman
noktasinda (genellikle donem sonunda) karsilagtirmaya dayanmaktadir (Doran ve Izumi, 2004).
Egitimciler, bir seferlik test puanini kullanarak 6grencilerin performansi iizerindeki okul etkilerini
tahmin etmenin ¢ok dogru bir yol olmadigimi diistinmektedir. Bu nedenle hesap verebilirlik
sisteminde okul etkinligini degerlendirmenin alternatif yollar1 aranmistir. Bu yeni yaklagimlar
ogrencilere okulda yi1l boyunca yapilan iyilestirmeler iizerine odaklanmaktadir. Arastirmacilar etkili
okullar1 belirlemek i¢in bireysel 6grenci basar1 puanlarini zamanla beraber kullanmalarini saglayan
katma-degerli degerlendirme (KDD) fikrini gelistirmistir. Tekwe ve digerleri (2004)’e gore “Katma
deger ifadesi bir yildan digerine okul ya da d6gretmenin degerlendirilmesi yontemlerini ifade eden ve
daha sonra bu olgiitiin bir performans degerlendirme sistemi igin temel teskil etmesinde kullanilan
bir terimdir” (s.31). KDD’nin O6nciileri, KDD’nin yalnizca bir yilin basarisin1 dlgen standart
testlerden elde edilen sonuglardan (mevcut durum yaklagimi) daha adil ve daha dogru tahminler
irettigini iddia etmektedir. KDD’nin birincil amaci 6gretmenlerin veya okullarin 6grencilerin
gelisimine olan etkilerini belirlemektir (Raudenbush, 2004). KDD sistemi, okullar1 6grencilerin bilgi
diizeylerini nasil arttirdiklarina gére degerlendirmeye dayanir.

Bugiine kadar, okul etkililiginin degerlendirilmesinde basit gelisim puanlarindan karmasik karma
modellere kadar degisen ¢esitli alternatif modeller (Katma-Degerli Modeller; KDM) o6nerilmis
olmasina ragmen bu modelleri karsilastiran sinirli sayida ¢alisma bulunmaktadir (McCaffrey vd.,
2003; Tekwe ve digerleri, 2004; Weiss, 2006). Hesap verebilirlik sistemlerinde yeni KDD
yaklagimlarim1 benimseyerek problemlere ¢oziim bulmak adima hangi modelin en etkili ve hangi
modelin en kolay uygulanabilir oldugunun gdsterilmesinin uygulamacilar adina faydali olacag
diisiiniilmektedir. Herhangi bir KDD modeli geleneksel yontemlerden daha istiin olmakla birlikte
devletlerin hesap verebilirlik sistemlerinin (karmasikligindan o6tiiril) KDM’leri kullanmadaki
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isteksizligi gozlenmektedir. KDM’ler agisindan daha basit modellerin daha karmagik modeller kadar
etkili oldugunu gosteren calismalara uygulamacilarin fikrini degistirmek adina ihtiyag
duyulmaktadir.

KDM’lerin geleneksel yontemlerden daha etkili oldugu goriisiiniin yaninda bu modellerin ve
dayandigi istatistiksel uygulamalarin dogru ve giivenilir sonuglar {iretmedigini ileri siiren
caligmalarin oldugu da unutulmamalidir (Guarino, Reckase ve Wooldridge, 2015; Manzi, San Martin
ve Van Bellegem, 2014; Schochet ve Chiang, 2010; Wiley, 2006).

KDD kapsaminda gelistirilen modeller farkli varsayimlara dayanarak okul katma degerlerini
hesaplamaktadir. Ornegin, bazi modeller okula ait ve okul dis1 diger degiskenleri hesaba katmazken,
bazi modeller bu faktorleri istatistiksel diizenlemelerle kontrol etmeye c¢alismaktadir. Florida
Comprehensive Assessment Testi’'nden (FCAT) elde edilen sinav puanlarini kullanarak; bu
calismada, okula ait ve okul dis1 faktdrlerin okul diizeyindeki katma-deger puanlarina etkileri
arastirllmig ve KDM’lerin karmasikligi konusu iizerine 1sik tutulmaya calisilmistir. Bu iki konu
baglaminda uygulayicilar ve egitim yoneticileri i¢in en faydali modeli/modelleri belirlemek amaciyla
en yaygin olarak kullanilan ii¢ katma-degerli model incelenmistir. Bu ¢alimada cevaplanmaya
calisilan temel soru: “Okul etkinliginin katma-degerli degerlendirilmesi i¢in karmasik istatistiksel
modellere gercekten ihtiyacimiz var mi, yoksa daha basit modellerle daha karmasik modellerle
oldugu kadar okul etkililigini etkin bir sekilde degerlendirebilir miyiz?”

Yontem

Bu c¢aligmada, 2003 yilinda Florida eyaletinde bulunan orta okul (6-8. smiflar) 6grencilerine ait
verilerin ayr1 ayr1 analizleri yapilmgtir. Ogrencilerin FCAT matematik ve okuma testlerinden 2002
ve 2003 yillarinda aldiklar1 puanlar biiyiik bir bolgedeki 44 okulun katma-degerlerini tahmin etmek
icin analiz edilmistir. Analizlerde sadece standart miifredati takip eden 6grenciler kullanilmistir; 6zel
egitim dgrencileri ve simirli Ingilizce yeterlik programinda iki veya daha az yil gegiren dgrenciler de
analizlerin disinda tutulmustur. Bu ¢alismada toplam 60.718 6grenci bulunmaktadir. Yoksulluk
durum bilgisi, bir 6grencinin {icretsiz 6gle yemegi alip almayacagina bagli olarak belirlenmistir.
Diger okul dig1 degisken, etnik koken degiskeni olarak tanimlanmistir. Bu ¢aligmada, okul etkililigi
baglaminda ti¢ popiiler KDM (basit sabit etki modeli (SFEM) ve iki hiyerarsik dogrusal model
(diizeltilmis HLM: AHLMM ve diizeltilmemis HLM: UHLMM)) incelenmistir.

Bulgular ve Sonug

Bu c¢alismada kullanilan katma-degerli modellerden elde edilen okul katma deger tahminleri,
modellerin farkli 6zelliklerinin bu tahmin degerleri ve okul etkililigini belirlemedeki etkilerini
gormek igin incelenmistir. Birincil soru, SFEM gibi daha basit modellerin okul siralamasi agisindan
AHLMM gibi daha karmasik olan modeller kadar etkili olup olmadigim arastirmakti. Onceki
arastirmalar, basit ve karmasik modellerin sonuglar arasinda ¢ok az farkliliklar oldugunu bulmustur
(Tekwe ve digerleri, 2004). Bu calismadaki analizlere gére SFEM ve AHLMM arasindaki
korelasyon ,55 ile ,85 arasinda degismektedir. Bu c¢aligmanin sonucu Tekwe ve digerleri (2004)
bulgulariyla kismen tutarlilik gdstermektedir. Basit model (SFEM) okul siralamasi agisindan
AHLMM ile benzer siralamalar {iretmistir. Ayrica, basit modellerin karmasik modeller kadar etkili
oldugunu ve bu basit modelin (SFEM) ¢alismada ele alinan daha karmasik modellerin (AHLMM ve
UHLMM) yerine gegebilecekleri sonucuna varilmistir. Uygulamacilar arasinda daha basit
istatistiksel modelleri kullanma istegi oldugundan, bu sonuglar 6nceki arastirmalara ek olarak basit
modellerin de karmagik modeller kadar hesap verebilirlik sisteminde etkili olabilecegini
gostermektedir.

Bu ¢alismada okula ve Ogrenciye ait degiskenlerin katma-deger tahminleri {izerine etkisi de
incelenmistir. Modeller arasinda sadece AHLMM okul tahmin degerlerini etkileyebilecek bu
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karistirict degiskenleri kontrol edebilen istatistiksel diizeltmelere sahiptir. Tekwe ve digerleri (2004),
KDD analizlerinde bu degiskenlerin modele dogrudan dahil edilmesinin veya tamamiyla g6z ardi
edilmesinin, okullar hakkinda yanli tahminler elde edilmesine yol actigini belirtmektedir.
Arastirmacilar bunu yapmak yerine bu degiskenleri istatistiksel olarak kontrol edebilen modellerin
kullanilmasini tavsiye etmektedir. Calismamizda AHLMM’de bu degiskenlerin etkisini gdérmek icin
karsilagtirmalar yapilmistir. AHLMM’nin sonuglar1 ile UHLMM’nin ve SFEM’nin sonuglari
arasinda belirgin bir farklilik bulunamamigtir. Genel olarak, bu es degiskenlerin dahil edilmesinin,
katma degerli tahminler {izerinde biiyiik bir etkisi oldugu sonucuna varabiliriz. Bu sonucun ayn
zamanda Tekwe ve digerleri (2004)’iin yorumlariyla da uyumlu oldugu goriilmektedir. Sonuglara
dayanarak, ogrencilerin farkli arka planlara sahip oldugu durumlarda diger VAM’lara nazaran
AHLMM nin tercih edilmesini tavsiye edebiliriz.

Calismamizin simirhiliklarindan birisi de okul degerlendirmesinde siklikla kullanilan LMEM’nin
kullanmis oldugumuz veri yapisindan dolay1 ¢alismaya dahil edilmemis olmasidir. LMEM, okul,
konu ve yil agisindan ¢oklu durumlart dikkate alan giiglii bir modeldir. Iki yillik veri ve istikrarli
ogrenciler nedeniyle LMEM'nin gercek etkisini calismamizda goéremeyecegimiz diislincesiyle
analizler arasina eklenmemistir. Cok degiskenli yontemin okulun etkinligi iizerindeki etkisini
gormek i¢in daha fazla aragtirmanin farkli veriler kullanarak yapilmasi onerilir.

Sonug olarak, hesap verebilirlik sistemini sekillendirmede KDM’lerin 6nemli bir rolii oldugu bu
calismada gosterilmeye calisilmistir. Bu calismada elde edilen bulgular Florida Eyaletinde
uygulanan FCAT sinavindan elde edildigi i¢in, ¢alismanin bulgularinin diger eyaletlere ya da
tilkelere genellenip genellenemeyecegi kesin olmamakla beraber alan yazinda KDD modellerinin
kullanima dair ek kanitlar sundugu aciktir. Ayrica bu calismada katma-degerli degerlendirme
yaklagimi ve uygulanmasinda kullanilan modeller tartisildigi i¢in ¢alismanin okul etkililigi iizerine
caligan yoneticiler ve egitimciler i¢in faydali olacagi diisliniilmektedir. Yurt diginda bircok iilkede
tercih edilen ve okul performansinin degerlendirilmesinde kullanilan bu modellere ait ayrintili
aciklamalar iceren bu calismanin iilkemizde bu modelleri uygulamak isteyen arastirmacilara
yardimci olacagi diistiniilmektedir.
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Appendices

Appendix A. Grade 6 Math Estimates

Table 5. Estimates of the School Effects Obtained from Three VAMs Based on Grade 6 Math
Results

SFEM UHLMM AHLMM

Rank* Estimate School ID Estimate School ID Estimate School ID
1 54.126 34 47.539 25 43.963 25
2 50.883 10 45.621 13 22.978 19
3 46.729 41 41.297 19 19.502 6
4 43.380 39 39.370 34 18.071 22
5 32.629 42 29.861 41 17.040 13
6 32.055 14 28.624 6 14.723 32
7 31.476 16 27.787 10 14.085 37
8 25.660 11 23.992 14 11.225 23
9 24.598 13 22.195 11 10.468 31
10 24.186 1 21.982 8 10.446 41
11 24.036 28 21.971 42 10.196 4
12 22.312 6 19.878 12 9.751 27
13 21.740 26 19.528 37 9.287 12
14 19.308 12 17.133 39 9.253 34
15 10.485 8 9.613 29 7.079 11
16 10.254 7 9.203 36 7.000 42
17 9.985 33 8.964 4 6.872 30
18 8.621 2 7.843 28 5.885 8
19 7.804 43 6.678 22 4.198 38
20 6.766 36 5.929 24 3.468 10
21 3.580 30 3.196 26 2.105 29
22 1.377 38 1.181 38 1.489 39
23 0.695 18 0.552 5 1.349 36
24 -4.603 24 -4.034 15 1.149 14
25 -6.922 19 -6.003 31 1.092 9
26 -9.650 15 -8.645 17 -1.146 24
27 -9.718 29 -8.779 32 -3.735 17
28 -10.151 25 -9.158 23 -4.549 5
29 -10.366 31 -9.277 2 -4.838 3
30 -13.212 23 -11.659 7 -5.679 28
31 -13.489 37 -12.163 40 -6.250 20
32 -18.218 20 -16.900 1 -6.839 18
33 -19.810 40 -17.065 27 -7.952 15
34 -20.228 17 -18.407 9 -9.202 44
35 -21.194 32 -19.345 20 -9.377 7
36 -21.681 35 -19.563 30 -10.226 26
37 -24.274 4 -22.656 16 -12559 35
38 -32.380 5 -28.937 3 -14.295 40
39 -33.237 3 -29.809 21 -15.309 2
40 -34.008 22 -30.654 18 -17.635 21
41 -50.386 44 -41.325 44 -23.673 16
42 -53.935 21 -45.737 43 -26.979 1
43 -58.680 9 -49.734 33 -39.858 43
44 - 27 -50.094 35 -42.581 33

Note. Only the school rankings based SFEM estimates were presented in the table. Estimate represents fixed effect
estimates for SFEM while random effects estimates are presented for UHLMM and AHLMM. SFEM = Simple fixed
effects model, UHLMM = Unadjusted hierarchical linear model, AHLMM = Adjusted hierarchical linear model.
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Appendix B. Grade 6 Reading Estimates
Table 6. Estimates of the School Effects Obtained from Three VAMs Based on Grade 6 Reading
Results

SFEM UHLMM AHLMM

Rank* Estimate School ID Estimate School ID Estimate School ID
1 60.918 25 44.015 25 -24.438 36
2 48.315 10 35.401 10 -23.498 33
3 36.844 13 27.928 13 -16.870 43
4 27.022 34 21.091 34 -14180 1
5 24.526 39 19.427 14 -13.321 21
6 23.067 14 18.243 28 -11.845 42
7 22.844 28 18.239 39 -10.927 35
8 22.459 8 17.915 8 -10.611 38
9 17.803 26 13.995 26 -9.648 24
10 15.573 19 12.195 11 -8.487 6
11 15.465 2 11.993 2 -6.880 9
12 15.173 11 11.402 19 -6.373 16
13 12.764 29 10.336 29 -5.099 4
14 11.373 27 7.840 20 -4,015 41
15 10.610 20 7.753 27 -4.011 17
16 10.071 12 7.536 12 -2.407 18
17 8.149 5 6.051 5 -1.944 40
18 6.386 32 4.879 32 -1.771 15
19 5.408 40 4,064 40 -0.895 5
20 3.358 23 2.388 23 -0.093 37
21 3.189 15 2.180 15 0.115 7
22 2.815 31 1.899 31 0.587 12
23 1.086 7 0.756 7 2.018 3
24 0.765 37 0.560 37 2.194 22
25 -1.526 41 -1.245 41 2.909 19
26 -6.618 22 -4.619 22 3.048 44
27 -7.420 16 -6.164 16 3.343 26
28 -9.302 17 -6.806 17 3.457 29
29 -12984 4 -9.036 44 3.732 2
30 -13.007 3 -9.660 24 3.736 11
31 -13.095 24 -9.730 3 4714 30
32 -14.541 1 -10.055 4 5.163 14
33 -16.027 30 -11.841 1 6.266 8
34 -17.307 6 -12910 30 6.417 34
35 -19.570 42 -13.058 6 6.687 28
36 -22.921 18 -14.798 42 7.251 39
37 -24.321 43 -18.471 18 8.767 20
38 -25.337 38 -18.894 43 9.931 31
39 -26.937 21 -19.247 21 10.142 23
40 -29.138 9 -19.764 38 11.042 13
41 -35.153 33 -22.641 9 13.489 27
42 -44.516 36 -28.362 33 14.161 32
43 -54.027 35 -34.359 36 15.269 10
44 - - -36.434 35 32.868 25

Note. Only the school rankings based SFEM estimates were presented in the table. Estimate represents fixed effect
estimates for SFEM while random effects estimates are presented for UHLMM and AHLMM. SFEM = Simple fixed
effects model, UHLMM = Unadjusted hierarchical linear model, AHLMM = Adjusted hierarchical linear model.
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Appendix C. SAS Codes Used for Model Estimations

*/ SAS Code for Modell (SFEM)*/;
proc glm data=GRADES;

model cahangem = S1 - S43/solution; run;

*/ SAS Code for Model2 (UHLMM)*/;

proc mixed data=GRADES;

class student;

model changem =;

random intercept / type = un sub = school solution;

repeated /type = un sub = student; run;

*/ SAS Code for Model3 (AHLMM)*/;

proc mixed data=GRADES;

class student min pov;

model changem = Z1M Z2 V1 min pov;

random intercept/type= un sub = school solution;
repeated/type = un sub = student; run;
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