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ABSTRACT The purpose of this study was to examine the effect of equated and non-equated data on value-added
assessment analyses. Several models have been proposed in the literature to apply the value-added
assessment approach. This study compared two different value-added models: the unadjusted hierarchical
linear model and the generalized persistence model. The former model assumes equated tests while the
latter one relaxes this assumption. Two different data sets (equated and non-equated) were analyzed with
both models. Value-added estimates for both models based on a statewide examination (equated) and a
countrywide examination (non-equated) data were generally consistent. School rankings showed
differences between the two models. The practical implication of this study is that although there were
small differences in school rankings, a model requiring an equating assumption can be applied to a non-
equated data set in a case when equating between test forms is not possible.

Value-added assessment, Hierarchical linear model, Generalized persistence model, Test
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Katma-degerli degerlendirme modellerinde esitleme 6nemli mi?

Oz Bu caligmanin amaci, esitlenmis ve esitlenmemis verilerin katma-degerli degerlendirme analizlerine
etkisini incelemektir. Katma-degerli degerlendirme yaklasimini uygulayabilmek i¢in literatiirde birgok
model Onerilmistir. Bu ¢alisma, iki farkli katma degerli degerlendirme modeli karsilagtirmistir:
diizeltilmemis hiyerarsik dogrusal model (UHLMM) ve genellestirilmis siireklilik (GP) modeli. Birinci
model esitlenmis testler i¢in kullanilirken, ikincisi bu varsayimi esnetir. Her iki modelde iki farkli veri seti
(esitlenmis ve esitlenmemis) analiz edildi. Her iki model i¢in eyalet ¢capinda yapilan bir sinav (esitlenmis)
ve iilke capinda yapilan bir smav (esitlenmemis) verilerine dayanan katma-deger kestirimleri genellikle
tutarlt bulundu. Okul siralamalarinda iki model arasinda bazi farkliliklar gézlendi. Bu ¢alismanin pratik
cikarimi, okul siralamasinda kiigiik farkliliklar olmasina ragmen, test formlar1 arasinda esitlemenin
miimkiin olmadigi durumlarda esitlenmemis bir veri seti gerektiren bir modelin uygulanabilecegidir.

Anahtar  Katma-degerli degerlendirme, Hiyerarsik dogrusal model, Genellestirilmis siireklilik modeli,
Kelimeler  Test esitleme,

Cite This  Sen, S., Terzi, R., Yildirim, 1., & Cohen, A. S. (2018). Does equating matter in value-added
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INTRODUCTION

The effectiveness of a school or a teacher has been debated for decades. How to identify a qualified
teacher or an effective school constitutes a major problem in education? The focus of our study which
emerged from this problem on value-added analysis (VAA) is a recent approach to determining
school/teacher effectiveness. In this process, various approaches have been developed for the
evaluation of the school effectiveness such as using school’s overall achievement scores and data
envelopment analysis (Bessent & Bessent, 1980) that take into account teachers’ proficiency levels in
teaching. Since the problem of “effectiveness” contains many variables (Marzano, 2003), only
measurable benefits can be expressed in an unbiased manner. In this context, “student achievement”
can be considered the most important indicator of school effectiveness (Balci, 1988).

The assessment of student learning is a major policy issue in the field of education (Ercikan, 2006). As
is well known, there are many factors that affect student achievement. Among a number of factors,
teacher and school effects in students’ test score gains can be detected by a recent statistical approach
to assessment of student learning (Sanders et al., 2002). Hanushek (1972) first used VAA in an
accountability system. Sanders and his colleagues implemented VAA in the Tennessee Value Added
Accountability System (TVAAS), a statewide testing system (Sanders & Horn, 1994; Sanders &
Rivers, 1996; Sanders et al., 1997; Wright, Horn, & Sanders, 1997).

Sanders et al. (1997) defined a teacher value-added score as the differences between the predicted
level of achievement and current achievement in a classroom taught by the teacher. In this definition,
the magnitude of differences in the predicted and observed test scores is assumed to reflect teacher and
school effectiveness. If the measured score is higher than the predicted score, it is interpreted to mean
that the teacher and school “add” to student achievement, otherwise, they detract from student
achievement.

A number of Value-Added Models (VAMs) have been developed to track individual students’
academic growth over years and in different subjects so that teachers’ contributions to that growth can
be estimated (Braun, 2005). In this way, these models are intended to control for student-level socio-
demographic variables (e.g., age, gender, and ethnicity) that may have effects on student achievement.
The purpose of VAM s is to obtain accurate and reliable comparisons of student achievement across
schools regardless of large demographic or ability differences in student populations. Some VAMs
rely on fixed school effects while others rely on random school effects. For instance, early VAM
applications (e.g., Hanushek, 1972; Murnane, 1975) assume fixed effects models, whereas, more
recent applications (e.g., the TVAAS layer model) assume random effects models (McCaffrey,
Lockwood, Koretz, & Hamilton, 2003). The former methods are based on regression models (Tekwe
et al., 2004), while the latter use more complex statistical models such as mixed models or hierarchical
models (Aitkin & Longford, 1986; Raudenbush & Bryk, 1986) to assess school and teacher effects
(Sen, Kim, & Cohen, 2017).

Estimating teacher effectiveness based on student achievement using VAMSs requires longitudinal data
in order to track the impacts of prior educational inputs on future achievement (Mariano et al., 2010).
In order for test scores to be used to estimate growth, however, they need to be vertically equated and
scaled to a common metric (Ballou et al., 2004; Briggs & Domingue, 2013; Doran & Cohen, 2005).
Therefore, one challenging issue in modeling longitudinal data is the need for equating test scores as
most standardized tests consist of different items varying in difficulty. This is a crucial point because
inferences based on VAMs should be made with respect to the validity standards (Hill, 2009).
Concerns have been raised about the limitations of vertical scaling and equating in part because latent
constructs are subject to changes at each grade level. Furthermore, equating constructs that shift across
grades can result in biased and distorted value-added teacher effectiveness (Braun & Wainer, 2007;
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Martineau, 2006). Another issue that may affect the estimates of VAMSs is the choice of vertical
scaling methodology as this can affect the subsequent results from a given VAM (Briggs &
Domingue, 2013; Briggs & Weeks, 2009).

The majority of VAMs require equating between consecutive grades, while some VAMs relax it by
simply requiring scores across grades be linearly related (Shaw, 2012). In the absence of vertically
scaled data sets, some possible alternative methods have been proposed for use with VAA. Mariano et
al. (2010) and McCaffrey et al. (2003; 2004) proposed the variable persistence model for data with
non-constant variances and covariances obtained from different developmental scales. It is also the
case, however, that inferences about teacher effectiveness may be biased due to measurement error in
previous test scores (Shaw, 2012). Reckase (2004) noted that comparing results across years does not
provide unbiased estimates if different skills and academic domains are included in a VAA. A number
of models have been introduced to deal with aforementioned issues (Broatch & Lohr, 2012; Lockwood
et al., 2007; Mariano et al., 2010). Some of these VAMs ignore construct shift entirely and directly
carry out analyses with vertically scaled test scores, while some VAMs model construct shift with
vertically scaled test scores, and some other VAMSs ignore vertically scaled test scores completely.
There is no research reported, however, comparing the sensitivity of VAMs based on equated and non-
equated data sets.

Two approaches to VAA were investigated in this study, the unadjusted hierarchical linear model
(UHLMM; Tekwe, et al., 2004) and the generalized persistence model (GP model; Mariano et al.,
2010). Results from these two models were compared to determine whether they were consistent with
one another and the two models differed with respect to school rankings?

METHODOLOGY

In this study, two different data sets (equated and non-equated) were analyzed. Equated data for this
study were taken from a vertically scaled statewide mathematics test administered to 8" graders from
2002 and 2003 in a large Southeastern state in USA. As these data were vertically scaled, they were
consistent with models requiring equating. This test is a part of a criterion-referenced test that aims to
assess student achievement in the high-order cognitive skills represented in the state standards in
reading, mathematics, writing, and science. Three types of questions — multiple choice items, graded
response items, and performance tasks — were used in this test. Non-equated data for this study were
taken from the 2015 November and 2016 April administrations of a countrywide exam in Turkey,
namely, the Exam for the Transition from Basic Education to Secondary Education (also known as
TEOG; Ministry of Education). The exam scores from the Grade 8 mathematics section of this test
were used for analyses under a non-equating condition. The exams consist of 20 multiple choice
questions and data were collected from schools in a province located in southeastern Turkey. Twenty
schools were randomly selected from each of the two data sets. The samples consisted of 9,811
students for the vertically equated statewide examination data set and 941 students for the countrywide
examination data set.

VAMs Used in This Study

Unadjusted hierarchical linear model and generalized persistence model were used to examine the
effect of vertical equating on value-added estimates. A brief explanation about these models is
presented below.
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Unadjusted hierarchical linear model

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

Student-level model,
dijs = Bois T Eijs 1)

where d;j, is the change score, f; is a random intercept associated with the school i, and &
represents random error.

School-level model,

Bois = Yos * $is (2)

where y,, is the mean of the random intercepts, Sy;s and &;s are the random effect and random error
for school i on the random intercept for subject area s, respectively. By;s and &;¢ are assumed to be
independent. The single equation form can be written as

dijs = Pos + &is + Eijs- 3)
Generalized persistence model

The GP model is a general multivariate model for estimating teacher or school effects based on a
longitudinal data set, which was developed by Mariano et al. (2010), it was intended to accommodate
both school effect decay and scale changes. The GP model estimates are computed from a Bayesian
framework for non-equated longitudinal data set. A student’s year t score depends on an overall year t
mean for all students, plus a cumulative sum of the current year and past year schools’ effects, plus a
random residual error term for the student in the current testing year. yi: is the achievement score of
student i in year t and the GP model for this score is

t Jg 4)

Yie = W + z z bGigiOgpjer | T €itr

g=1j=1

where L is the overall mean for the year, ¢;,; equals 1 if student was taught by school j in year g, and
0 otherwise. Therefore, the products of ¢;4;6,(;; provide the school effects for the current and prior
grades, and &;; is the residual error term.

Results of the UHLMM and GP models based on the equated and non-equated data sets were
compared in this study. As mentioned, the UHLMM requires equated test scores while the GP model
relaxes this assumption. UHLMM analyses were conducted with SAS software using the code
provided by Tekwe et al. (2004); GP model estimations were conducted using GPvam R package
(Karl et al., 2012).
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RESULTS

Value-added estimates from each VAM used in this study are shown in Table 1. The UHLMM
provides value-added estimates as best linear unbiased predictors (BLUP), while the GP model
provides empirical best linear unbiased predictors (EBLUP). As shown in Table 1, value-added
estimates for the statewide test from both models appeared to be consistent in terms of sign for most of
the schools except for Schools 3, 4, 6, 9, 13, and 20 (presented in bold). Similarly, value-added
estimates for the countrywide test from both models appeared to be consistent in terms of sign for
most of the schools except for Schools 8, 13, 15, 17, and 20 (presented in bold). However, the
magnitude of the school estimates varied.

Table 1
Estimates of the school effects obtained from two VAMs based on grade 8 statewide and countrywide math test
results

Statewide Test Countrywide Test
School ID UHLMM GP School ID UHLMM GP
BLUP SE EBLUP SE BLUP SE EBLUP SE
5 4558 8.44 20.71  8.72 12 247 179 112 1.23
2 23.65 7.86 1757  8.47 4 179 1.86 0.67 1.26
10 2138 9.32 26,53  9.10 3 082 178 059 123
9 19.24  8.85 -2.79  8.89 6 139 1.97 052 129
3 10.66  8.82 -4.46  8.88 1 098 181 043 124
12 8.84 798 959 852 7 1.07 179 029 1.23
8 6.99 757 796  8.36 17 -0.26 1.81 025 124
4 211 9.00 -6.89  8.96 15 -0.78  1.19 0.14 1.08
20 0.46 834 -5.50  8.68 20 -0.13  1.83 009 125
6 -0.09 8.88 434 891 5 039 165 0.08 119
19 -0.85 8.37 -255  8.69 2 021 1.67 0.00 1.20
7 -483 853 -0.73  8.75 8 025 1.93 -0.02 128
13 -5.79  7.82 165 846 13 035 1.79 -0.09 123
15 -8.79  9.09 -8.54  9.00 11 -143 185 -0.33  1.25
18 -13.06 7.68 -10.34  8.39 18 -0.59  1.87 -0.38  1.26
11 -1458  7.62 -293 837 10 -0.66 1.87 -047 126
14 -14.76 742 -2.27 829 16 -112 185 -058 1.25
17 -16.93  9.06 -17.09 898 19 -1.16  1.64 -0.66 1.19
16 -19.55 748 -6.04  8.32 9 -1.76  1.08 -0.75 1.06
1 -39.67  7.66 -2049  8.39 14 -1.83 1.79 -0.93  1.23

School IDs are sorted by UHLMM; inconsistent results (in terms of signs) between two models are presented in bold.

Value-added scores are typically used for school ranking. The schools were ranked based on the value-
added scores obtained from two different models. The school ranks based on the UHLMM and GP
model are presented in Table 2. As shown in Table 2, school rankings based on statewide test data
showed differences between UHLMM and GP models. Only the least successful school (i.e., School 1)
was found to be the same in both models. The three most successful schools were the same but they
were in different orders for the two models. School rankings for the countrywide test data also showed
differences between UHLMM and GP models (see Table 2). As shown in Table 2, twenty-five percent
of the schools (Schools 12, 4, 1, 9, and 14) were ranked the same by both models (presented in bold).
Although other schools’ ranks did differ, the school rankings appeared to be close to each other from
both models. Spearman rank correlations were calculated between the ranks obtained from both
models. The correlations were .699 and .878 for the statewide (equated) data and the countrywide
(non-equated) data, respectively.
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Table 2
School ranks obtained from the two VAMs based on grade 8 statewide and countrywide math test results
Statewide Test School ID  Countrywide Test School ID

Ranking UHLMM GP UHLMM GP
1 5 10 12 12
2 2 5 4 4
3 10 2 6 3
4 9 12 7 6
5 3 8 1 1
6 12 6 3 7
7 8 13 5 17
8 4 7 13 15
9 20 14 8 20
10 6 19 2 5
11 19 9 20 2
12 7 11 17 8
13 13 3 18 13
14 15 20 10 11
15 18 16 15 18
16 11 4 16 10
17 14 15 19 16
18 17 18 11 19
19 16 17 9 9
20 1 1 14 14

Consistent rankings between two models are presented in bold.

DISCUSSION and CONCLUSION

In this study, equated statewide test data and non-equated countrywide test data were analyzed with
both UHLMM and GP models. In general, the estimated effects of most of the schools are compatible
for both data sets. On the other hand, school rankings showed differences between the UHLMM and
GP model for both data sets. The school rankings based on the two VAMSs were closer for the non-
equated data set than for the equated data set. The correlation of school effects across models also
appeared to be stronger in the non-equated data (i.e., the countrywide test data) than in the non-
equated data (i.e., the statewide examination test data). Thus, the differences between results of the
UHLMM and GP model appeared to be smaller for the non-equated data set. One possible explanation
for the differences between two data sets may be due to the equating effect. As a result, it can be
concluded that practitioners should be careful about the model choice. When test scores are equated,
then the data should be analyzed with the UHLMM. When data are not equated, then tests can be
estimated by either the UHLMM or GP model. As the test score equating is a tedious process and is
not always possible in the real testing applications (e.g., the lack of anchor items), practitioners may
prefer either the UHLMM or GP model. These results are consistent with Yildirim and Sen’s (2018)
study. Yildirim and Sen (2018) have compared the GP model to the UHLMM under non-equated data
set and they found that tests can be estimated by either the UHLMM or GP model for non-equated
data set.

Test equating is an important process if one wants to compare results from different forms of the same
test. This is likewise important when the test scores from multiple years are to be compared. However,
this issue has not been studied sufficiently for comparison of value-added assessments. A relatively
small number of studies have been reported examining scaling effects on value-added estimates (e.g.,
Briggs & Domingue, 2013; Briggs & Weeks, 2009; Briggs, Weeks, & Wiley, 2008). Briggs and
Weeks (2009), for example, examined the effect of different scaling methods on school level
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estimates, and they found that scaling did have an effect on the estimates. Similarly, in the present
study showed, there were differences observed in terms of school-level value-added estimates and in
school rankings between equated and non-equated data sets. Briggs and Domingue (2013) note that
choices in vertical scaling may also have an effect on teacher and school effects. Although only one
data set with vertical scaling was examined in this study, results provide evidence that test equating
may have an effect on model selection and school estimates. Although vertical scaling appears to be
important for growth models, vertical equating using IRT does not guarantee an equal interval scale in
value-added assessment applications (Ballou, 2009).

Several VAMs have been developed for determining teacher and school effectiveness. Each model has
some strengths and weaknesses. Persistence models are different from gain score models in that they
incorporate persistence of school effects. Another possible explanation for the difference between the
two data sets in this study may be due to school effect estimates that are sensitive to different
modeling specifications, such as the persistence of school effects. Although VAMSs appear to provide
an objective tool for use in educational accountability systems, these models should be used cautiously
along with other tools to determine effective and ineffective schools (Beardsley, 2008).

Thinking of a different perspective, some countries such as Turkey and the US give a key role to
private schools and tutoring centers for high-stakes tests. It could be particularly helpful for parents to
decide which school or tutoring center they should send their children. In this regard, ranking of these
schools and centers based on its effectiveness could be considered as an alternative procedure because
tracking students’ academic growth can be explained by teachers’ contributions using VAMs.
Furthermore, considering the performance salaries of teachers in these private institutions (Boran,
Atalmis, & Sagir, 2015), the importance of using VAMs cannot be ignored.

In this study, models were compared using empirical data sets for two consecutive years for a single
subject (i.e., mathematics). VAM applications are also potentially biased if school- and student-related
covariates are excluded, although some VAMs can statistically control school- and student-related
variables. Research on the effects of equating on value-added scores might benefit by inclusion of
covariates for school- and student-related variables.
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TURKCE GENISLETILMIiS OZET

Bir okulun veya 6gretmenin etkililiginin degerlendirilmesi yillardir tartisiimaktadir. Bu baglamda,
“dgrenci basaris1”, okul etkililiginin en énemli gostergesi olarak diisiiniilebilir (Balc1, 1988). Ogrenci
O0grenmesinin degerlendirilmesi, egitim alaninda 6nemli bir politika konusudur (Ercikan, 2006).
Bilindigi gibi, 6grenci basarisini etkileyen bir¢ok faktér vardir. Bu faktorler arasinda, dgrencilerin
smav puanlaridaki 6gretmen ve okul etkileri, 6grenci dgrenmesinin degerlendirilmesine yonelik yeni
bir istatistiksel yaklasimla tespit edilebilmektedir (Sanders ve ark., 2002). Sanders, Saxton ve Horn
(1997) 6gretmenin katma deger puanini, 6gretmenin derslerini yiiriittiigii bir siniftaki beklenen basari
diizeyi ile mevcut basar1 arasindaki fark olarak tanimlamistir. Bu tanimda, tahmin edilen ve
gozlemlenen test puanlarindaki farkliliklarin biiyiikliigliniin, 6gretmen ve okul etkililigini yansittig1
varsayllmaktadir. Olgiilen puan tahmin edilen puandan yiiksekse, Ogretmen ve okulun Ogrenci
basarisina “ekledigi” anlamina geldigi, aksi halde 6grenci basarisini azalttig1 sdylenebilmektedir.

Her bir 6grencinin akademik gelisimini yillar boyunca ve farkli konularda izlemek i¢in bir dizi Katma-
Degerli Model (KDM) gelistirilmistir, bdylece Ogretmenlerin bu biliylimeye katkis1 tahmin
edilebilmektedir (Braun, 2005). KDM’lerin amaci, 6grenci popiilasyonundaki biiyiik demografik veya
yetenek farkliliklarini g6z oniinde bulundurarak, okullardaki 6grenci basarisinin dogru ve giivenilir
kargilagtirmasini elde etmektir. KDM’leri kullanarak Ogrenci basarisina dayali olarak Ogretmen
etkililigini tahmin etmek, egitim ¢iktilarinin gelecekteki basar1 sonuglari tizerindeki etkilerini izlemek
icin boylamsal veriler gerektirebilir (Mariano, McCaffrey & Lockwood, 2010). Ancak, test
puanlarinin biiylimeyi tahmin etmede kullanilmasi i¢in, bu puanlarin ortak bir metrige esitlenmesi (0r.
Dikey [vertical]) ve 6l¢eklendirilmesi gerekmektedir (Ballou, Sanders, & Wright, 2004; Briggs &
Domingue, 2003; Doran & Cohen, 2005). Bu nedenle, boylamsal verileri modellemede zorlayici bir
konu farkli madde giigliik degerlerine sahip standart testlerin esitlenmis olmasidir. KDM’lerin
cogunlugu ardisik smiflar arasinda esitlik gerektirirken, bazit KDM’ler basitge notlarin dogrusal olarak
iligkili olmasini gerektirerek bu varsayimi esnetmektedir (Shaw, 2012). Dikey olarak 6l¢eklenmis veri
kiimelerinin yoklugunda, Katma-Degerli Degerlendirme (KDD) yaklagiminda kullanilabilecek bazi
alternatif yontemler 6nerilmistir. Mariano, McCaffrey ve Lockwood (2010), McCaffrey, Lockwood,
Koretz ve Hamilton (2003) ve McCaffrey, Lockwood, Koretz, Louis ve Hamilton (2004), farkli
gelisimsel Olgeklerden elde edilen sabit olmayan varyanslar ve kovaryanslara sahip veriler igin
stireklilik modellerini (persistence models) 6nermislerdir.

Yukarida belirtilen konularin ele alinmasi i¢in bir dizi model tanitilmigtir (Broatch & Lohr, 2012;
Lockwood ve ark., 2007; Mariano ve ark., 2010). Bununla birlikte, KDM’lerde test esitleme
durumunu karsilagtirmaya yonelik kapsamli bir arastirmaya rastlanmamistir. Bu c¢alismada KDD
cercevesinde iki yaklagim arastirilmustir: diizeltilmemis hiyerarsik dogrusal model (UHLMM; Tekwe
ve ark., 2004) ve genellestirilmis siireklilik modeli (GP modeli; Mariano ve ark., 2010). Bu iki
modelin sonuglar, birbirleriyle tutarli olup olmadiklarin1 ve iki modelin okul siralamasina gore
farklilik gosterip gostermedigini belirlemek i¢in karsilastirilmistir. Tekwe ve ark. (2004) tarafindan
saglanan kodu kullanarak SAS yazilimi ile UHLMM analizleri yapilmigtir. GP modelinin tahminleri
GPvam R paketi kullanilarak gerceklestirilmistir (Karl, Yang & Lohr, 2012). UHLMM, en iyi
dogrusal yansiz tahmin ediciler (BLUP) olarak katma degerli tahminler saglarken, GP modeli ampirik
en iyi dogrusal yansiz tahmin edicileri (EBLUP) saglar.

Bu calismada, esitlenmis eyalet geneli test verileri ve {ilke capinda uygulanan esitlenmemis test
verileri, hem UHLMM hem de GP modelleri ile analiz edilmistir. Genel olarak, okul etkilerinin
tahminlerinin isaretleri her iki veri seti i¢in uyumlu bulunurken okul etki biiyiikliiklerinin tahmini
degerleri farklilik gdstermistir. Ote yandan, okul siralamalart UHLMM ve GP modeli arasinda her iki
veri kiimesi icin farkliliklar gostermistir. ki KDM’ye dayanan okul siralamalari, esitlenmemis veri
kiimesinde esitlenmis veri kiimesine gore daha yakin ¢ikmistir. Modeller arasindaki okul etkilerinin
korelasyonu esitlenmemis verilerde (yani, esitlenmemis TEOG test verileri) esitlenmis verilerden
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(yani, eyalet capinda sinav test verileri) daha gii¢lii oldugu goriilmiistiir. Bu nedenle, esitlenmemis veri
seti icin UHLMM ve GP modelinin sonuglar1 arasindaki fark daha kiiciik goriinmektedir. iki veri seti
arasindaki farklar i¢in olas1 bir agiklama, esitleme etkisine bagh olabilir. Sonug olarak, uygulayicilarin
model se¢imi konusunda dikkatli olmalar1 gerektigi sonucuna varilabilir. Test puanlari esitlendiginde,
veriler UHLMM ile analiz edilmelidir. Test verileri esit olmadigi zaman, testler UHLMM veya GP
modelleriyle tahmin edilebilir. Test puaninin esitlenmesi yorucu bir siire¢ oldugundan ve gercek test
uygulamalarinda yapilmasi her zaman miimkiin olmadig1 i¢in (6rnegin, ortak maddelerin eksikligi),
uygulayicilar bu durumlarda UHLMM veya GP modelini tercih edebilirler.

Test esitleme, ayni testin farkli formlariin sonuglar1 karsilagtirmak isteniyorsa 6nemli bir siiregtir. Bu,
birden ¢ok yildaki test puanlarinin karsilastirilmasi gerektiginde de ayni sekilde 6nemlidir. Bununla
birlikte, bu konu katma-degerli degerlendirmelerinin karsilastirilmasi i¢in yeterince incelenmemistir.
Katma degerli tahminler {izerinde o6lgekleme etkilerini inceleyen nispeten az sayida calisma rapor
edilmistir (6rnegin, Briggs & Domingue, 2013; Briggs & Weeks, 2009; Briggs, Weeks, & Wiley,
2008). Briggs ve Weeks (2009) farkl esitleme yontemlerinin okul etkisi tahminleri tizerindeki etkisini
incelemistir. Briggs ve Weeks (2009) c¢alismasi, esitlemenin tahminler {izerinde bir etkisi oldugunu
bulmustur. Benzer sekilde, bu ¢alismada, okul diizeyinde katma-degerli tahminler ile esitlenmis ve
esitlenmemis veri setleri arasindaki okul siralamasinda farkliliklar oldugu goriilmiistiir. Bu calismada,
test esitlemenin model se¢imi ve okul tahminleri iizerinde bir etkiye sahip olabilecegine dair kanit
sunulmaktadir.
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