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Comparing Perceptual Speed
Between Educational Contexts
The Case of Students With Special Educational Needs
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Abstract. Perceptual speed is a basic component of cognitive functioning that allows people to efficiently process novel visual stimuli and
quickly react to them. In educational studies, tests measuring perceptual speed are frequently developed using students from regular schools
without considering students with special educational needs. Therefore, it is unclear whether these instruments allow valid comparisons
between different school tracks. The present study onN = 3,312 students from the National Educational Panel Study evaluated differential item
functioning (DIF) of a short test of perceptual speed between four school tracks in Germany (special, basic, intermediate, and upper secondary
schools). Bayesian Rasch Poisson counts modeling identified negligible DIF that did not systematically disadvantage specific students.
Moreover, the test reliabilities were comparable between school tracks. These results highlight that perceptual speed can be comparably
measured in special schools, thus enabling educational researchers to study schooling effects in the German educational system.
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Educational research frequently involves comparisons
between different school tracks, for example, to evaluate
the effect of different curricula or instructional approaches
on academic achievement. To properly address these re-
search questions, the administered measures must be
comparable across contexts. Otherwise, comparisons are
unfair and might lead to biased conclusions. In practice,
systematic differences in the measurement properties of
cognitive tests might be expected if tests are administered
in contexts they have not been developed or validated for.
Many commercially available tests and even custom-
designed tests administered in educational large-scale
assessments are developed using students attending reg-
ular schools. However, if these tests are also administered
to students with cognitive impairments (e.g., with special
educational needs [SENs]), themeasured constructs might
differ to some degree, for example, because these students
process instructions or item contents differently than
regular students (Nusser & Weinert, 2017; Pohl et al.,
2016; Südkamp et al., 2015). Before comparing a mea-
sured cognitive ability between different educational
contexts, measurement invariance must be demonstrated.
Therefore, the present study evaluates differential item
functioning (DIF) in a test for figural perceptual speed. Of
particular interest are students with SENs in the area of
learning who attend various special schools in Germany
(cf. Heydrich et al., 2013). Using a latent variable approach
in a Bayesian framework, we examined whether the test

allows for fair comparisons between different school
tracks.

Theoretical Background

Perceptual Speed as a Facet of Processing
Speed

Processing speed is a component of cognitive functioning
and represents the ability to quickly identify, discriminate,
and decide about visual, auditory, or kinesthetic sensory
information of different types of complexity (Holdnack,
2019). Measures of processing speed indicate how effi-
ciently an individual can perform basic tasks in early stages
of information processing. Slowprocessing speedmaymake
a cognitive task (e.g., solving a math problem) more diffi-
cult, whereas higher speed can support thinking and
learning. In the three-stratum model of cognitive abilities
(Carroll, 1993), processing speed represents one of the eight
broad abilities of which perceptual speed is one narrow
facet. Perceptual speed indicates the automaticity and ef-
ficiency of processing novel visual information and the
speed of decision-making. It is typically assessed with
speeded tests that require the quick identification of specific
targets from a set of stimuli. In these tests, perceptual speed
is quantified either as the time until all targets are identified
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or as the number of correctly identified targets per time.
Perceptual speed is routinely assessed in various contexts
because of its ability to predict various real-life outcomes.
For example, in occupational and educational settings, it
was associated with job (Mount et al., 2008) and school
performance (Rindermann & Neubauer, 2004). Moreover,
meta-analytic evidence highlighted the importance of
processing speed for learning because children and adults
with mathematical difficulties or reading disorders typically
show substantially impaired speed performance compared
to healthy comparison groups (Kudo et al., 2015; Peng et al.,
2018). Thus, individual differences in perceptual speed can
have a profound impact on learning outcomes and aca-
demic success.

The Educational System in Germany

Germany has a tiered system of educational tracking that
separates children at the age of about 10 years by ability into
different school tracks. Low-achieving students attend
Hauptschule (basic secondary school) and receive simplified
educational training up to the ninth school grade, while
students in Realschule (intermediate secondary school) re-
ceive extended education combined with more practical
elements that may lead to an apprenticeship after tenth
grade. High-achieving students attend Gymnasium (upper
secondary school) and receive more advanced instructions
in the same academic subjects and qualify for university
entrance after the twelfth grade. Exceptions are students
with cognitive difficulties and, therefore, SENs, for example,
in the area of learning (SEN-L). These have problems in
comprehending complex and abstract information which
frequently leads to performance difficulties in regular
schools (e.g., Nusser & Weinert, 2017). Moreover, SEN-L as
compared to regular students shows frequently impaired
cognitive performance in various domains such as reasoning
abilities (Gnambs & Nusser, 2019), different components of
working memory (Pickering & Gathercole, 2004), or
reading competencies (Pohl et al., 2016). Therefore, stu-
dents with SEN-L typically attend Förderschule (special
school) that provides training and support targeted at the
difficulties of these students.

Comparison of Cognitive Abilities Between
Educational Contexts

Evaluating the impact of different educational contexts on
student outcomes requires valid and fair assessments of
cognitive abilities in the examined contexts. Otherwise,
test scores may not be comparable. However, cognitive

tests are typically developed using samples from regular
schools that rarely include SEN-L students. But those
students might have more difficulties in appropriately
understanding standard test instructions and testing
procedures (Nusser & Weinert, 2017). Similarly, they
might interpret item contents differently or adopt less
effective task solution strategies. All of this can contribute
to differential test functioning between school tracks and
result in incomparable measurements.

The few studies that evaluated the measurement prop-
erties of cognitive tests among SEN-L students concluded
that comparative analyses are difficult or even impossible
because the administered tests seemed tomeasure different
constructs in different educational contexts (Bolt &
Ysseldyke, 2008; Pohl et al., 2016; Südkamp et al., 2015).
For example, a test for mathematical competence showed
substantial DIF between groups of students with different
SENs (Bolt & Ysseldyke, 2008). Similarly, Südkamp et al.
(2015) showed that a valid comparison of reading compe-
tencies between students from regular and special schools
was impossible because of substantial rates of missing re-
sponses, low item discrimination, and an inferior test reli-
ability among SEN-L students. In contrast, Gnambs and
Nusser (2019) reported that a short instrument measuring
reasoning abilities exhibited comparable measurement
properties among students from special and regular schools.
Thus, the matter of measurement invariance across edu-
cational contexts seems to be test-specific and needs to be
explored for each test setting anew.

Present Study

The comparison of cognitive abilities across educational
contexts requires comparable measurements in the studied
settings. Therefore, the present study examinesDIF of a test
measuring figural perceptual speed between students from
four educational tracks in Germany. Of particular interest
are students with SEN-Lwho attend special schools because
these were not considered during the development of the
instrument (Lang et al., 2014). If the learning difficulties of
students in special schools affect how they process and
respond to the test items, comparisons between school
tracks might be distorted. Like other frequently employed
tests of cognitive speed (cf. Schmitz & Wilhelm, 2019), the
present study evaluated an economical instrument that can
be administered in less than 2 minutes and, thus, is ideally
suited for educational large-scale studies where assessment
times are costly. The testwas limited to figural itemmaterial
and, thus, is intended as a quick screening instrument to
study population effects rather than a broad measure of
mental speed for precise individual assessments.
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Materials and Methods

Sample and Procedure

The National Educational Panel Study (NEPS; Blossfeld
et al., 2011) is a multicohort, large-scale assessment of
student characteristics and educational outcomes in
Germany. We draw on starting cohort 4 of the NEPS that
included 11,580 students. To reduce confounding effects
from systematic differences in the students’ background
characteristics, the students were matched across school
tracks. While the matching worked well for sex, age, and
migration background, it could not improve the distribu-
tion of the cultural capital indicator (for details, see
Electronic Supplementary Material 1 [ESM 1]). Thus, the
present study examined a matched sample of N = 3,312
(45% girls) students from ninth grade attending 396
special (n = 901), basic (n = 818), intermediate (n = 789),
and upper secondary schools (n = 804). Students attending
specialized school types such as comprehensive schools
(Gesamtschule) were not considered because of smaller
sample sizes in these groups. Their Mage was 15.9 years
(SD = 0.6). All students were tested in small groups at their
respective institutions by experienced supervisors who
received a priori training to guarantee standardized as-
sessment conditions.

Measure

Figural perceptual speed was measured with three items
from the Bilder-Zeichen-Test (Lang et al., 2014). For each

item, a set of nine target stimuli including a figure and a
corresponding number was presented on the top of the
page (see Figure 1). Beneath the targets, 31 figures had to
be matched to their target within 30 seconds by noting the
number corresponding to the respective target stimulus.
The number of correctly matched figures represented the
item score (see left plot in Figure 2). The density plots of
the z-standardized test scores in Figure 2 showed a dis-
tribution with two modes for each school track. Despite a
time constraint of 30 seconds, the test exhibited ceiling
effects for a non-negligible part of the sample. For
methodological reasons (see below), we thus decided to
reverse-code the items to indicate the number of errors
(instead of correct responses).

Statistical Analyses

Item Response Model
The total error scores of each item weremodeled using the
Rasch (1960) Poisson counts model parameterized as a
generalized linear mixed-effects model (GLMM; Fox,
2010). In this approach, item difficulty parameters are
represented by fixed effects, while person abilities are

Figure 1. Target stimuli of an example item for the perceptual speed
test (Lang et al., 2014, p. 9). © Leibniz Institute for Educational Tra-
jectories (LIfBi). Reproduced with permission.

Figure 2. Item and test score distributions by school track. Box plots of item scores are given on the left, while kernel density estimates of the
z-standardized test score distributions are given on the right. Descriptive statistics for these distributions are reported in ESM 1.
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given by a random effect. Because students were nested in
different schools, we included an additional random
school effect. To account for the second mode of the re-
sponse distribution (see Figure 2), the model was extended
by a zero-inflation process that accounts for the excess
zeros of the error scores (see Lambert, 1992). As a ro-
bustness check, we compared several response distribu-
tions: (a) a Poisson distribution (without zero-inflation), (b)
a zero-inflated Poisson counts distribution, (c) a zero-
inflated Poisson-lognormal distribution, and (d) a zero-
inflated Poisson-Gamma distribution. All but the Poisson-
Gamma distribution were truncated at 31, the maximum
number of errors in the administered items, because
software constraints prevented us from truncating the
Poisson-Gamma distribution. The dispersion parameter φ
was calculated from (d) following Doebler and Holling
(2016) to check if it substantially deviated from 1 (as
implied by the Poisson counts model). Model comparisons
were based on the Watanabe–Akaike information criterion
and leave-one-out cross-validation (LOO; Vehtari et al.,
2017) for which lower values indicate better fit. Over-
lapping confidence intervals for these indices were in-
terpreted as comparable fit. The reliability of the scale
along the proficiency distribution was estimated following
Baghaei and Doebler (2019).

Differential Item Functioning
In theGLMM framework, DIF is represented by significant
cross-level interactions between the item parameters and
some grouping variable (i.e., school track) after accounting
for the main effects (Bürkner, 2020). In our application,
both the probability for excess zeros and the rate pa-
rameter of the Poisson counts distribution can be re-
gressed on covariates and, thus, allow for the examination
of DIF. Therefore, we compared different models: (a) a
model that included only main effects of school track and
assumes noDIF, (b) amodel with school track-specific DIF
for the zero-inflation and item difficulty parameters, and
(c) a model that additionally included school-level random
item effects in both parts of the model. The latter allowed
for distinguishing further differences stemming from the
individual school’s context (Hartig et al., 2020). The
formal model specifications are given in ESM 1.

DIF effects were evaluated using 95% credible intervals
(CrIs); effects that did not include 0 indicated DIF. The
meaningfulness of the identified DIF was evaluated using
a Cohen’s d-like measure by standardizing the difference
in item difficulties between two school tracks at their
pooled population variances. Following the Educational
Testing Service (Holland &Wainer, 1993), absolute values
up to 0.25 (i.e., a quarter of a SD) were considered neg-
ligible, while values exceeding 0.50 were viewed as
substantial DIF.

Bayesian Model Estimation
All models were estimated using the R package brms
(Bürkner, 2017) that provides an interface to Stan’s
(Carpenter et al., 2017) implementation of a Hamiltonian
Monte Carlo algorithm. Fixed effects (e.g., the item dif-
ficulties and school track main effects) were modeled with
weakly informative priors whose density mostly covered
the commonly expected parameter space of the effects
(see ESM 1 for details). For the DIF models, 8,000 pos-
terior draws were obtained for each parameter. Conver-
gence diagnostics for the focal models are reported in ESM
1. The posterior distributions of the parameters are sum-
marized using the median and a 95% highest density in-
terval to determine whether the parameter was different
from zero.

Open Practices

The anonymized data including information on the assess-
ment procedure are available after registration at https://doi.
org/10.5157/NEPS:SC4:10.0.0. Moreover, the R code in-
cluding the analysis results is available at https://osf.io/yfecp.

Results

The distributions of the z-standardized number correct scores
for all school tracks substantially overlapped (see Figure 2).
However, themode for SEN-L students wasmarkedly shifted
to the left, while students in upper secondary schools had, on
average, the highest test scores. First, we fitted four different
item response models to the data without acknowledging
differences between school tracks. Model comparisons (see
Table 1) showed that acknowledging a zero-inflation process
improved model fit compared to the ordinary Poisson counts
model. Because differences between the selected response
distributions were negligible, and little overdispersion was
observed (φ = 1.02, 95% CrI [1.01, 1.03]), we proceeded with
the zero-inflated Poisson counts distribution model. The item
difficulty parameters (on the log-scale) were 2.33, 95% CrI
[2.31, 2.36], 2.65, 95% CrI [2.62, 2.67], and 2.52, 95% CrI
[2.49, 2.54] for the three items which corresponded to error
scores (on a scale from 0 to 31) of 10.28, 14.12, and 12.37,
respectively. Thus, the first item was slightly easier than the
other two. For the zero-inflation process, the item parameters
(on the logit-scale) were�4.13,�6.19, and�5.42. Hence, the
probability of observing a ceiling effect was only about 1% for
item 1 and less than half this size for the remaining items.
Given the negligible size of the zero-inflation parameters, we
focus on DIF for the rate parameters of the Poisson process
indicating the item difficulties.

Psychological Test Adaptation and Development © 2021 The Author(s). Distributed as a Hogrefe OpenMind article
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Next, we compared three models that acknowledged
differences between school tracks (see Table 1). Model
comparisons showed the best fit for the most complex
model with fixed-effects DIF for the item parameters and,
additionally, random group DIF across schools for each
item. The estimated model parameters for the Poisson
process are summarized in Table 2. The item difficulty
parameters for the three perceptual speed items were
similar to the previously reported results, with item 1 being
the easiest and item 2 the most difficult. This pattern was
rather robust and emerged for all four school tracks.
As expected, we observed mean differences (on the log

scale) in the latent proficiencies between school tracks with
respondents in regular schools exhibiting substantially larger
perceptual speed compared to students in special schools,
β = �.16, 95% CrI [�0.22, �0.10] for basic secondary
schools, β = �.26, 95% CrI [�0.32, �0.19] for intermediate
secondary schools, and β =�.29, 95%CrI [�0.35,�0.23] for
upper secondary schools. These mean differences corre-
sponded to standardized effect sizes Δ of �0.62, �0.99,
and �1.16, respectively. Since we modeled error scores, the
negative effects indicate fewer errors in, for example, upper
secondary schools than in special schools and, thus, a higher
proficiency. In contrast, the variances of the proficiency
distributions did not differ markedly between school tracks
with SDs of 0.23, 0.29, 0.27, and 0.24, respectively (see
Table 2).
Moreover, the DIF model contained evidence for DIF

for SEN-L students. Using item 3 as anchor item, item 1
was easier in basic schools than in special schools
(β =�.07, 95%CrI [�0.14,�0.01]), while item 2wasmore
difficulty in basic schools (β = .05, 95% CrI [0.01, 0.09])
and intermediate schools (β = .07, 95% CrI [0.03,�0.11]).
These DIF effects corresponded to about 0.93 to 1.17
percentage changes in mean scores and standardized ESs
Δ of�0.27, 0.19, and 0.28, respectively. Following rules of
thumb for the interpretation of these ESs, two of them can

be considered as exhibiting moderate DIF. For the re-
maining school tracks, no substantial DIF was observed
(see Table 2). Recently, it has been argued (Hartig et al.,
2020) that, in addition to average DIF across fixed groups
(i.e., school tracks), random group DIF should be studied
to determine whether relevant differences in item diffi-
culties exist between schools. The respective random
school effects for item 2, σ = .03, 90% CrI [0.00, 0.06],
and item 3, σ = .05, 90% CrI [0.01, 0.08], were rather
small. Moreover, the posterior probabilities that these
variances equaled 0 were 98% and 88%, thus giving weak
evidence for random school DIF. In contrast, for item 1, the
respective effect was substantially larger, σ = .17, 90%
CrI [0.15, 0.19], with a posterior probability of no variance
of 0%, which suggests differences in the difficulty of item 1
between schools. These results also replicated in sensi-
tivity analyses using unmatched samples across school
types (see ESM 1).
Finally, we explored the reliability of the administered

test in the four school tracks. The average reliability co-
efficients were .74 in special schools, .78 in basic secondary
schools, .75 in intermediate secondary schools, and .73
in upper secondary schools. These model-based reliability
estimates were slightly smaller than traditional omega
reliabilities of .80, .80, .82, and .76, respectively. More-
over, the reliabilities along the proficiency scale are given
in Figure 3. Although students with lower ability exhibited
slightly lower reliabilities, the reliability estimates were
reasonably high for a range of abilities and, typically,
exceeded .70. Importantly, reliabilities did not differ
substantially between school tracks.

Discussion

Measurement is a cornerstone of educational and psy-
chological research. If tests are not comparable across

Table 1. Model comparisons of estimated item response models

Response models WAIC SEWAIC ΔWAIC SEΔWAIC LOO SELOO ΔLOO SEΔLOO

Models without DIF and different response distributions

Poisson counts distribution without zero-inflation 60,370 293 4,777 251 60,912 301 5,007 255

Zero-inflated Poisson counts distribution 55,593 213 — — 55,923 216 18 10

Zero-inflated Poisson-lognormal distribution 55,595 213 2 5 55,920 215 15 9

Zero-inflated Poisson-Gamma distribution 55,608 212 15 7 55,905 214 — —

Zero-inflated Poisson counts distribution models with DIF

Model 1: Model without DIF 55,582 214 859 60 55,925 217 702 61

Model 2: DIF model with school track-specific DIF 55,504 214 781 57 55,859 218 636 59

Model 3: DIF model with school-level random items effects 54,723 198 — — 55,224 202 — —

Note. DIF = differential item functioning, LOO = leave-one-out cross-validation, WAIC = Watanabe–Akaike information criterion, Δ = difference to the lowest
WAIC/LOO.

Psychological Test Adaptation and Development© 2021 The Author(s). Distributed as a Hogrefe OpenMind article
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relevant groups, DIF can bias cross-group comparisons
and lead to inappropriate conclusions. Particularly, in
representative large-scale assessments, it is important to
show that the administered measures can be used to
compare individuals across different contexts. There-
fore, the present study evaluated a short test measuring
figural perceptual speed. We examined whether the test
allows valid comparisons between different school tracks
in the German educational system. These analyses re-
vealed only modest DIF effects between special and
regular schools. Importantly, the direction of DIF did not
systematically disadvantage a specific school track:

While item 1 was more difficult for SEN-L students, item
2 was easier for them. Thus, it is unlikely that differences
in the measurement properties of the test would sys-
tematically bias school track comparisons in substantial
research. Interestingly, item-specific random school DIF
was more pronounced (cf. Hartig et al., 2020). Partic-
ularly for the first item, notable differences in the esti-
mated item difficulties were identified across schools.
This might be a sign of problems in the standardization of
the test procedure. Despite elaborated test protocols and
extensive training of the test administrators, test in-
structions or organization of the test setting (e.g., the

Table 2. Summary of model parameters for DIF effects

Parameters Mdn MAD LL CrI UL CrI eMdn

Fixed effects

Item 1 2.53 0.03 2.47 2.58 12.50

Item 2 2.79 0.02 2.74 2.83 16.22

Item 3 2.69 0.02 2.64 2.73 14.71

School track (ref. cat.: Special schools)

BS �0.16 0.03 �0.22 �0.10 0.85

IS �0.26 0.03 �0.32 �0.19 0.77

US �0.29 0.03 �0.35 �0.23 0.75

DIF effects (ref. cat.: Special schools, item 3)

Item 1 × BS �0.07 0.03 �0.14 �0.00 0.93

Item 2 × BS 0.05 0.02 0.01 0.09 1.05

Item 1 × IS �0.01 0.03 �0.08 0.05 0.99

Item 2 × IS 0.07 0.02 0.03 0.11 1.07

Item 1 × US �0.04 0.03 �0.10 0.03 0.96

Item 2 × US 0.03 0.02 �0.01 0.07 1.03

Random effects (SD)

Students

Special schools 0.23 0.01 0.21 0.25

BS 0.29 0.01 0.27 0.31

IS 0.27 0.01 0.25 0.30

US 0.24 0.01 0.22 0.26

Schools

Special schools 0.18 0.02 0.15 0.22

BS 0.13 0.02 0.09 0.16

IS 0.16 0.02 0.12 0.20

US 0.12 0.02 0.09 0.15

Items in schools

Item 1 0.17 0.01 0.15 0.19

Item 2 0.03 0.02 0.00 0.07

Item 3 0.05 0.02 0.01 0.08

Note. BS = basic schools, CrI = credibility interval, DIF = differential item functioning, IS = intermediate school, LL CrI = lower limit of the 95% CrI,MAD =median
absolute deviation of the posterior distribution, Mdn = median of the posterior distribution, UL CrI = upper limit of the 95% CrI; US = upper schools.
eMdn = exponentiated parameter estimate indicating the expected percentage change for a unit change in the predictor. Values in boldface indicate fixed
effects for which zero is not contained in the CrI or the posterior probabilities of a variance of 0 exceeds 90%. Full results are given in ESM 1.

Psychological Test Adaptation and Development © 2021 The Author(s). Distributed as a Hogrefe OpenMind article
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seating of students, promoting test engagement, and
adherence to time limits) might have varied between
schools to some degree and, thus, affected student
performance at the beginning of the test. This under-
scores the importance of standardized assessment
conditions in educational large-scale assessments for
comparable cognitive measures across different educa-
tional contexts. Finally, the test exhibited acceptable
levels of reliabilities across different levels on the pro-
ficiency scale. Importantly, no substantial differences in
the measurement precision were observed for SEN-L
students.
Despite the encouraging findings, the generalizability of

our results might be limited by solely relying on figural
itemmaterial. Given the higher prevalence of dyslexia and
dyscalculia among SEN-L students (e.g., Van der Veen
et al., 2010), more pronounced DIF effects might be ob-
served for instruments with numeric or verbal item ma-
terial. Furthermore, even though a three items scale might
be considered short, each item of the figural speed test
provided counts data and was, thus, substantially more
informative than binary correct/incorrect responses in
typical power tests. Moreover, for unidimensional cogni-
tive scales, test shortening does not systematically impair
criterion validities or mean-group comparisons (Heene
et al., 2014). Finally, recent advancements in the model-
ing of counts data have suggested alternative modeling

strategies that involve more realistic assumptions for
empirical data (e.g., Forthman et al., 2020). Although
software constraints prevented us from exploring these
modeling strategies, we have little reason to believe that
this would have substantially affected our findings, as
model comparisons did not suggest substantial over-
dispersion in our data.
In summary, the reported results demonstrate that the

administered test of perceptual speed can be validly used
for school track comparisons in educational large-scale
assessments. These results fall in line with recent re-
search (e.g., Gnambs & Nusser, 2019), showing that
some measures originally developed for students in regu-
lar schools can be comparably administered to SEN-L
students. However, we want to emphasize that these re-
sults do not render comparable analyses for other
cognitive measures obsolete. For other tests requiring
higher reading abilities or higher-order thinking, or
adopting more complex response formats, comparisons
between special and regular schools might be more
challenging (cf. Bolt & Ysseldyke, 2008; Pohl et al.,
2016; Südkamp et al., 2015). Future research is also
encouraged to extend comparable analyses to other
school types such as comprehensive or Waldorf schools.
This would strengthen comparative educational re-
search for schools with substantially different curricula
and pedagogical concepts.

Figure 3. Reliability by school track across the proficiency scale.
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Electronic Supplementary Material

The electronic supplementary material is available with
the online version of the article at https://doi.org/
10.1027/2698-1866/a000013
ESM 1. The ESM includes information on (a) the matching
of samples across school types, (b) descriptive statistics, (c)
formal model specifications, (d) the Bayesian estimation
and statistical software, (e) the parameter estimates, and
(f) sensitivity analyses.
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