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Abstract
Background: After elementary school, students in Germany are separated into different school tracks (i.e., school types) with the aim of creating homogeneous student
groups in secondary school. Consequently, the development of students’ reading
achievement diverges across school types. Findings on this achievement gap have
been criticized as depending on the quality of the administered measure. Therefore,
the present study examined to what degree differential item functioning affects estimates of the achievement gap in reading competence.
Methods: Using data from the German National Educational Panel Study, reading
competence was investigated across three timepoints during secondary school: in
grades 5, 7, and 9 (N = 7276). First, using the invariance alignment method, measurement invariance across school types was tested. Then, multilevel structural equation
models were used to examine whether a lack of measurement invariance between
school types affected the results regarding reading development.
Results: Our analyses revealed some measurement non-invariant items that did not
alter the patterns of competence development found among school types in the
longitudinal modeling approach. However, misleading conclusions about the development of reading competence in different school types emerged when the hierarchical
data structure (i.e., students being nested in schools) was not taken into account.
Conclusions: We assessed the relevance of measurement invariance and accounting
for clustering in the context of longitudinal competence measurement. Even though
differential item functioning between school types was found for each measurement
occasion, taking these differences in item estimates into account did not alter the
parallel pattern of reading competence development across German secondary school
types. However, ignoring the clustered data structure of students being nested within
schools led to an overestimation of the statistical significance of school type effects.
Keywords: Alignment method, Competence development, Measurement invariance,
Multilevel item response theory, Multilevel structural equation modeling
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Introduction
Evaluating measurement invariance is a premise for the meaningful interpretation of
differences in latent constructs between groups or over time (Brown, 2006). By assessing measurement invariance, it is made certain that the observed changes present true
change instead of differences in the interpretation of items. The present study investigates measurement invariance between secondary school types for student reading
competence, which is the cornerstone of learning. Reading competences develop in
secondary school from reading simple texts, retrieving information and making inference from what is explicitly stated, up to the level of being a fluent reader by reading
longer and more complex texts and being able to infer from what is not explicitly stated
in the text (Chall, 1983). In particular, students’ reading competence is essential for the
comprehension of educational content in secondary school (Edossa et al., 2019; O’Brien
et al., 2001). Reading development is often investigated either from a school-level perspective or by focusing on individual-level differences. When taking a school-level perspective on reading competence growth within the German secondary school system,
the high degree of segregation after the end of primary school must be considered. Most
students are separated into different school tracks on the basis of their fourth-grade
achievement level to obtain homogenous student groups in secondary school (Köller &
Baumert, 2002). This homogenization based on proficiency levels is supposed to optimize teaching and education to account for students’ preconditions, enhancing learning
for all students (Baumert et al., 2006; Gamoran & Mare, 1989). Consequently, divergence in competence attainment already exists at the beginning of secondary school and
might increase among the school tracks over the school years. Previous studies comparing reading competence development between different German secondary school
types have presented ambiguous results by finding either a comparable increase in reading competence development (e.g., Retelsdorf & Möller, 2008; Schneider & Stefanek,
2004) or a widening gap between upper, middle, and lower academic school tracks (e.g.,
Pfost & Artelt, 2013) for the same schooling years. Increasing performance differences
in reading over time are termed “Matthew effects”, in the biblical analogy of rich getting
richer and the poor getting poorer (e.g., Bast and Reitsma, 1998; Walberg & Tsai, 1983).
This Matthew effect hypothesis was first used in the educational context by Stanovich
(1986) to examine individual differences in reading competence development. Besides
this widening pattern, as described by the Matthew effect phenomena, also parallel or
compensatory patterns in reading development can be present. Parallel development is
the case, when studied groups initially diverge in their reading competence and similarly
increase over time. A compensatory pattern describes a reading competence development, where an initially diverging reading competence between groups converges over
time.
Moreover, findings on the divergence in competence attainment have been criticized
as being dependent on the quality of the measurement construct (Pfost et al., 2014; Protopapas et al., 2016). More precisely, the psychometric properties of the administered
tests, such as the measurement (non-)invariance of items, can distort individual- or
school-level differences. A core assumption of many measurement models pertains to
comparable item functioning across groups, meaning that differences between item
parameters are zero across groups, or in case of approximate measurement invariance,

Page 2 of 26

Rohm et al. Large-scale Assess Educ

(2021) 9:23

approximately zero. In practice, this often holds for only a subset of items and partial
invariance can then be applied, where some item parameters (i.e., intercepts) are held
constant across groups and others are allowed to be freely estimated (Van de Schoot
et al., 2013). Using data from the German National Educational Panel Study (NEPS;
Blossfeld et al., 2011), we focus on school-level differences in reading competence across
three timepoints. We aim to examine the degree to which measurement non-invariance
distorts comparisons of competence development across school types. We therefore
compare a model that assumes partial measurement invariance across school types
with a model that does not take differences in item estimates between school types into
account. Finally, we demonstrate the need to account for clustering (i.e., students nested
in schools) in longitudinal reading competence measurement when German secondary
school types are compared.
School segregation and reading competence development

Ability tracking of students can take place within schools (e.g., differentiation through
course assignment as, for example, in U.S. high schools) or between schools with a curricular differentiation between school types and with distinct learning certificates being
offered by each school track, as is the German case (Heck et al., 2004; LeTendre et al.,
2003; Oakes & Wells, 1996). The different kinds of curricula at each school type are tailored to the prerequisites of the students and provide different learning opportunities.
German students are assigned to different school types based on primary school recommendations that take primary school performance during fourth grade into account,
but factors such as support within the family are also considered (Cortina & Trommer,
2009; Pfost & Artelt, 2013; Retelsdorf et al., 2012). Nevertheless, this recommendation
is not equally binding across German federal states, leaving room for parents to decide
on their children’s school track. Consequently, student achievement in secondary school
is associated with the cognitive abilities of students but also with their social characteristics and family background (Baumert et al., 2006; Ditton et al., 2005). This explicit
between-school tracking after fourth grade has consequences for students’ achievement
of reading competence in secondary school.
There might be several reasons why different trajectories of competence attainment
are observed in the tracked secondary school system (Becker et al., 2006). First, students
might already differ in their initial achievement and learning rates at the beginning of
secondary school. This is related to curricular differentiation, as early separation aims to
create homogenous student groups in terms of student proficiency levels and, in effect,
enhances learning for all students by providing targeted learning opportunities (Baumert
et al., 2003; Köller & Baumert, 2002; Retelsdorf & Möller, 2008). Hence, different learning rates are expected due to selection at the beginning of secondary school (Becker
et al., 2006). Second, there are differences in learning and teaching methods among the
school tracks, as learning settings are targeted towards students’ preconditions. Differences among school types are related to cognitive activation, the amount of support
from the teacher in problem solving and demands regarding students’ accomplishments
(Baumert et al., 2003). Third, composition effects due to the different socioeconomic and
ethnic compositions of schools can shape student achievement. Not only belonging to
a particular school type but also individual student characteristics determine student
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achievement. Moreover, the mixture of student characteristics might have decisive
effects (Neumann et al., 2007). For example, average achievement rates and the characteristics of students’ social backgrounds were found to have additional effects on competence attainment in secondary school (Baumert et al., 2006), beyond mere school track
affiliation and individual characteristics. Hence, schools of the same school type were
found to differ greatly from each other in their attainment levels and their social compositions (Baumert et al., 2003).
Findings from the cross-sectional Programme for International Student Assessment
(PISA) studies, conducted on behalf of the OECD every three years since 2000, unanimously show large differences between school tracks in reading competence for German
students in ninth grade (Baumert et al., 2001, 2003; Nagy et al., 2017; Naumann et al.,
2010; Weis et al., 2016, 2020). Students in upper academic track schools have, on average, higher reading achievement scores than students in the middle and lower academic
tracks. Reading competence is thereby highly correlated with other assessed competencies, such as mathematics and science, where these differences between school tracks
hold as well.
A few studies have also examined between-school track differences in the development
of reading competence in German secondary schools, with most studies focusing on
fifth and seventh grade in selected German federal states (e.g., Bos et al., 2009; Lehmann
& Lenkeit, 2008; Lehmann et al., 1999; Pfost & Artelt, 2013; Retelsdorf & Möller, 2008).
While some studies reported parallel developments in reading competence from fifth to
seventh grade between school types (Retelsdorf & Möller, 2008; Schneider & Stefanek,
2004), others found a widening gap (Pfost & Artelt, 2013; Pfost et al., 2010). A widening
gap between school types was also found for other competence domains, such as mathematics (Baumert et al., 2003, 2006; Becker et al., 2006; Köller & Baumert, 2001), while
parallel developments were rarely observed (Schneider & Stefanek, 2004).
In summary, there might be different school milieus created by the processes of selection into secondary school and formed by the social and ethnic origins of the students
(Baumert et al., 2003). This has consequences for reading competence development during secondary school, which can follow a parallel, widening or compensatory pattern
across school types. The cross-sectional PISA study regularly indicates large differences
among German school types in ninth grade but does not offer insight into whether these
differences already existed at the beginning of secondary school or how they developed
throughout secondary school. In comparison, longitudinal studies have indicated a pattern in reading competence development through secondary school, but the studies conducted in the past were regionally limited and presented inconsistent findings on reading
competence development among German secondary school types. In addition to differences in curricula, learning and teaching methods, students’ social backgrounds, family
support, and student composition, the manner in which competence development during secondary school is measured and analyzed might contribute to the observed pattern in reading competence development.
Measuring differences in reading development

A meaningful longitudinal comparison of reading competence between school types
and across grades requires a scale with a common metric. To be more specific, the
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relationships between the latent trait score and each observed item should not depend
on group membership. The interpretability of scales has been questioned due to scaling issues (Protopapas et al., 2016). While the item response theory (IRT) calibration
is assumed to be theoretically invariant, it depends in practice on the sample, item fit,
and equivalence of item properties (e.g., discrimination and difficulty) among test takers
and compared groups. Hence, empirically discovered between-group differences might
be confounded with the psychometric properties of the administered tests. For example, Pfost et al. (2014) concluded from a meta-analysis of 28 studies on Matthew effects
in primary school (i.e., the longitudinally widening achievement gap between good and
poor readers) that low measurement precision (e.g., constructs presenting floor or ceiling effects) is strongly linked with compensatory patterns in reading achievement. Consequently, measuring changes using reading competence scores might depend on the
quality of the measurement. Regarding competence development in secondary school,
measurement precision is enhanced through the consideration of measurement error,
the consideration of the multilevel data structure, and measurement invariance across
groups. A biased measurement model might result when measurement error or the
multilevel data structure are ignored, while the presence of differential item functioning (DIF) can be evidence of test-internal item bias. Moreover, the presence of statistical
item bias might also contribute to test unfairness and, thus, invalid systematic disadvantages for specific groups (Camilli, 2006).
Latent variable modeling for reading competence, such as latent change models
(Raykov, 1999; Steyer et al., 2000), can be advantageous compared to using composite
scores. When using composite scores representing latent competences, measurement
error is ignored (Lüdtke et al., 2011). Hence, biased estimates might be obtained if the
construct is represented by composite scores instead of a latent variable measured by
multiple indicators and accounting for measurement error (Lüdtke et al., 2008). Investigating student competence growth in secondary school poses a further challenge, as
the clustered structure of the data needs to be taken into account. This can for example
be achieved using cluster robust standard error estimation methods or through hierarchical linear modeling (cf. McNeish et al., 2017). If the school is the primary sampling
unit, students are nested within schools and classes. Ignoring this hierarchical structure
during estimation might result in inaccurate standard errors and biased significance
tests, as standard errors would be underestimated. In turn, the statistical significance
of the effects would be overestimated (Finch & Bolin, 2017; Hox, 2002; Raudenbush &
Bryk, 2002; Silva et al., 2019). As one solution, multilevel structural equation modeling
(MSEM) takes the hierarchical structure of the data into account while allowing for
the estimation of latent variables with dichotomous and ordered categorical indicators
(Kaplan et al., 2009; Marsh et al., 2009; Rabe-Hesketh et al., 2007). Although explicitly
modeling the multilevel structure (as compared to cluster robust standard error estimation) involves additional assumptions regarding the distribution of the random effects
and the covariance structure of random effects, it allows for the partitioning of variance
to different hierarchical levels and for cluster-specific inferences (McNeish et al., 2017).
Furthermore, regarding the longitudinal modeling of performance divergence, an
interpretation of growth relies on the assumption that the same attributes are measured
across all timepoints (Williamson et al., 1991) and that the administered instrument
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(e.g., reading competence test items) is measurement invariant across groups (Jöreskog,
1971; Schweig, 2014). The assumption of measurement invariance presupposes that all
items discriminate comparably across groups as well as timepoints and are equally difficult, independent of group membership and measurement occasion. Hence, the item
parameters of a measurement model have to be constant across groups, meaning that
the probability of answering an item correctly should be the same for members of different groups and at different timepoints when they have equal ability levels (Holland &
Wainer, 1993; Millsap & Everson, 1993). When an item parameter is not independent of
group membership, DIF is present.
The aim of our study is to investigate the effects of measurement non-invariance
among school types on the achievement gap in reading competence development in
German secondary schools. Measurement invariance between secondary school types
is investigated for each measurement occasion to test whether items are biased among
the school types. Then, we embed detected DIF into the longitudinal estimation of reading competence development between school types. A model considering school-typespecific item discrimination and difficulty for items exhibiting non-invariance between
school types is therefore compared to a model that does not consider these school-type
specificities. To achieve measurement precision for this longitudinal competence measurement, we consider measurement error and the clustered data structure through
multilevel latent variable modeling. Finally, we present the same models without consideration of the clustered data structure and compare school type effects on reading
competence development.
It is our goal to investigate whether the longitudinal development of reading competence is sensitive to the consideration of measurement non-invariance between the
analyzed groups and to the consideration of the clustered data structure. This has practical relevance for all studies on reading competence development, where comparisons
between school types are of interest and where schools were the primary sampling unit.
Such evaluations increase the certainty that observed changes between school types
reflect true changes.

Method
Sample and procedure

The sample consisted of N = 7276 German secondary school students, repeatedly tested
and interviewed in 2010 and 2011 (grade 5), 2012 and 2013 (grade 7), and 2014 and 2015
(grade 9) as part of the NEPS. Approximately half of the sample was female (48.08%),
and 25.46% had a migration background (defined as either the student or at least one
parent born abroad). Please note that migration background is unequally distributed
across school types: 22.1% high school students, 26.9% middle secondary school students, 38.5% lower secondary school students, 31.2% comprehensive school students
and 15.2% students from schools offering all tracks of secondary education except the
high school track had a migration background. In fifth grade, the students’ ages ranged
from 9 to 15 years (M = 11.17, SD = 0.54). Students were tested within their class context
through written questionnaires and achievement tests. For the first timepoint in grade
5, immediately after students were assigned to different school tracks, a representative
sample of German secondary schools was drawn using a stratified multistage sampling
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design (Aßmann et al., 2011). First, schools that teach at the secondary level were randomly drawn, and second, two grade 5 classes were randomly selected within these
schools. The five types of schools were distinguished and served as strata in the first step:
high schools (“Gymnasium”), middle secondary schools (“Realschule”), lower secondary
schools (“Hauptschule”), comprehensive schools (“Gesamtschule”), and schools offering all tracks of secondary education except the high school track (“Schule mit mehreren Bildungsgängen”). The schools were drawn proportional to their number of classes
from these strata. Finally, all students of the selected classes for whom a positive parent’s
consent was obtained before panel participation were asked to take part in the study.
At the second measurement timepoint in 2012 to 2013, when students attended grade
7, a refreshment sample was drawn due to German federal state-specific differences in
the timing of the transition to lower secondary education (N = 2170; 29.82% of the total
sample). The sampling design of the refreshment sample resembles the sampling design
of the original sample (Steinhauer & Zinn, 2016). The ninth-grade sample in 2014 and
2015 was taken at the third measurement timepoint and was a follow-up survey for the
students from regular schools in both the original and the refreshment sample. Students
were tested at their schools, but N = 1797 students (24.70% of the total sample) had to
be tested at least one measurement timepoint through an individual follow-up within
their home context. In both cases, the competence assessments were conducted by a
professional survey institute that sent test administrators to the participating schools or
households. For an overview of the students being tested per measurement timepoint
per school type, within the school or home context, as well as information on temporary
and final sample attrition, see Table 1.
To group students into their corresponding school type, we used the information on
the survey wave when the students were sampled (original sample in grade 5, refreshment sample in grade 7). Overall, most of the sampled students attended high schools
(N = 3224; 44.31%), 23.65% attended middle secondary schools (N = 1721), 13.95%
attended lower secondary schools (N = 1015), 11.96% of students attended schools offering all tracks of secondary education except the high school track (N = 870), and 6.13%
attended comprehensive schools (N = 446). Altogether, the students attended 299 different schools, with a median of 24 students per school. Further details on the survey and
the data collection process are presented on the project website (http://www.neps-data.
de/).
Instruments

During each assessment, reading competence was measured with a paper-based achievement test, including 32 items in fifth grade, 40 items in seventh grade administered in
easy (27 items) and difficult (29 items) booklet versions, and 46 items in ninth grade
administered in easy (30 items) and difficult (32 items) booklet versions. The items were
specifically constructed for the administration of the NEPS, and each item was administered once (Krannich et al., 2017; Pohl et al., 2012; Scharl et al., 2017). Because memory
effects might distort responses if items are repeatedly administered, the linking of the
reading measurements in the NEPS is based on an anchor-group design (Fischer et al.,
2016). With two independent link samples (one to link the grade 5 and grade 7 reading
competence tests and the other to link the grade 7 with the grade 9 test), drawn from the
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Table 1 Number of students per school type and per measurement occasion (N = 7276)
Type of school

N (%) tested
overall

N (%) tested at
all timepoints

N (%) tested
grade 5

High school

3224 (44.31)

1457 (51.01)

2302 (47.12)

N (%) tested
grade 7

N (%) tested
grade 9

2909 (47.06)

2112 (46.18)

Refreshment
sample

835

542

Tested in home
context

176

706

Temporary attrition

176

586

Final attrition

22

142

1474 (23.84)

1096 (23.97)

Refreshment
sample

554

340

Tested in home
context

163

426

Temporary attrition

130

301

Middle sec. school

1721 (23.65)

688 (24.12)

1114 (22.80)

Final attrition

14

118

706 (11.42)

501 (10.96)

Refreshment
sample

278

164

Tested in home
context

242

393

Temporary attrition

206

353

Lower sec. school

1015 (13.95)

293 (10.27)

698 (14.29)

Final attrition

1

51

685 (11.08)

551 (12.05)

Refreshment
sample

352

287

Tested in home
context

146

206

Temporary attrition

98

189

Schools offering
all tracks of sec.
education (except
high school)

870 (11.96)

230 (8.06)

487 (9.97)

Final attrition

1

40

408 (6.59)

313 (6.84)

Refreshment
sample

123

98

Tested in home
context

23

66

Temporary attrition

24

74

Final attrition

2

25

Comprehensive
school

446 (6.13)

184 (6.45)

284 (5.81)

Absolute numbers are presented with percentages in parentheses. The percentages are to be read column wise

same population as the original sample, a mean/mean linking was performed (Loyd &
Hoover, 1980). In addition, the unidimensionality of the tests, measurement invariance
of the items regarding reading development over the grade levels, as well as for relevant
sample characteristics (i.e., gender and migration background) was demonstrated (Fischer et al., 2016; Krannich et al., 2017; Pohl et al., 2012; Scharl et al., 2017). Marginal reliabilities were reported as good, with 0.81 in grade 5, 0.83 in grade 7, and 0.81 in grade 9.
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Each test administered to the respondents consisted of five different text types
(domains: information, instruction, advertising, commenting and literary text) with subsequent questions in either a simple or complex multiple-choice format or a matching
response format. In addition, but unrelated to the five text types, the questions covered
three types of cognitive requirements (finding information in the text, drawing textrelated conclusions, and reflecting and assessing). To answer the respective question
types, these cognitive processes needed to be activated. These dimensional concepts
and question types are linked to the frameworks of other large-scale assessment studies,
such as PISA (OECD, 2017) or the International Adult Literacy Survey (IALS/ALL; e.g.,
OECD & Statistics Canada 1995). Further details on the reading test construction and
development are presented by Gehrer et al. (2003).
Statistical analysis

We adopted the multilevel structural equation modelling framework for the modeling
of student reading competence development and fitted a two-level factor model with
categorical indicators (Kamata & Vaughn, 2010) to the reading competence tests. Each
of the three measurement occasions was modeled as a latent factor. Please note that
MSEM is the more general framework to fitting multilevel item response theory models
(Fox, 2010; Fox & Glas, 2001; Kamata & Vaughn, 2010; Lu et al., 2005; Muthén & Asparouhov, 2012), and therefore, each factor in our model resembles a unidimensional, twoparametric IRT model. The model setup was the same for the student and the school
level and therefore discrimination parameters (i.e., item loadings) were constrained to
be equal at the within- and between-level, while difficulty estimates (i.e., item thresholds) and item residual variances are measured on the between-level (i.e., school-level).
School type variables were included as binary predictors of latent abilities at the school
level.
The multilevel structural equation models for longitudinal competence measurement
were estimated using Bayesian MCMC estimation methods in the Mplus software program (version 8.0, Muthén and Muthén 1998–2020). Two Markov chains were implemented for each parameter, and chain convergence was assessed using the potential
scale reduction (PSR, Gelman & Rubin, 1992) criterion, where values below 1.10 indicate
convergence (Gelman et al., 2004). Furthermore, successful convergence of the estimates
was evaluated based on trace plots for each parameter. To determine whether the estimated models delivered reliable estimates, autocorrelation plots were investigated. The
mean of the posterior distribution and the Bayesian 95% credibility interval were used
to evaluate the model parameters. Using the Kolmogorov–Smirnov test, the hypothesis
that both MCMC chains have an equal distribution was evaluated using 100 draws from
each of the two chains per parameter. For all estimated models, the PSR criterion (i.e.,
Gelman and Rubin diagnostic) indicated that convergence was achieved, which was confirmed by a visual inspection of the trace plots for each model parameter.
Diffuse priors were used with a normal distribution with mean zero and infinite
variance, N (0, ∞), for continuous indicators such as intercepts, loading parameters
or regression slopes; normal distribution priors with mean zero and a variance of 5,
N (0, 5), were used for categorical indicators; inverse-gamma priors IG (− 1, 0) were
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used for residual variances; and inverse-Wishart priors IW (0, − 4) for variances and
covariances.
Model fit was assessed using the posterior predictive p-value (PPP), obtained
through a fit statistic based on the likelihood-ratio χ 2 test of an H0 model against an
unrestricted H1 model, as implemented in Mplus. A low PPP indicates poor fit, while
an acceptable model fit starts with PPP > 0.05, and an excellent-fitting model has a
PPP value of approximately 0.5 (Asparouhov & Muthén, 2010).
Differential item functioning was examined using the invariance alignment
method (IA; Asparouhov & Muthén, 2014; Kim et al., 2017; Muthén & Asparouhov,
2014). These models were estimated with maximum likelihood estimation using
numerical integration and taking the nested data structure into account through
cluster robust estimation. One can choose between fixing one group or free estimation. As the fixed alignment was shown to slightly outperform the free alignment
in a simulation study (Kim et al., 2017), we applied fixed alignment and ran several
models fixing each of the five school types once. Item information for items exhibiting DIF between school types were then split to the respective non-aligning group
versus the remaining student groups. Hence, new pseudo-items are introduced for
the models that take school-type specific item properties into account.
In the multilevel structural equation models, for the students selected as part of
the refreshment sample at the time of the second measurement, we treated their
missing information from the first measurement occasion as missing completely at
random (Rubin, 1987). Please note that student attrition from the seventh and ninth
grade samples can be related to features of the sample, even though the multilevel
SEM accounts for cases with missing values for the second and third measurement
occasions. We fixed the latent factor intercept per assessment for seventh and ninth
grade to the value of the respective link constant. The average changes in item difficulty to the original sample were computed from the link samples, and in that manner, an additive linking constant for the overall sample was obtained. Please note
that this (additive) linking constant does not change the relations among school type
effects per measurement occasion.
Furthermore, we applied weighted effect coding to the school type variables, which
is preferred over effect coding, as the categorical variable school type has categories
of different sizes (Sweeney & Ulveling, 1972; Te Grotenhuis et al., 2017). This procedure is advantageous for observational studies, as the data are not balanced, in contrast to data collected via experimental designs. First, we set the high school type as
the reference category. Second, to obtain an estimate for this group, we re-estimated
the model using middle secondary school as the reference category. Furthermore,
we report the Cohen’s (1969) d effect size per school type estimate. We calculated
this effect size as the difference per value relative to the average of all other school
type effects per measurement occasion and divided it by the square root of the factor variance (hence the standard deviation) per respective latent factor. For models where the multilevel structure was accounted for, the within- and between-level
components of the respective factor variance were summed for the calculation of
Cohen’s d.
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Data availability and analysis syntax

The data analyzed in this study and documentation are available at https://doi.org/
10.5157/NEPS:SC3:9.0.0. Moreover, the syntax used to generate the reported results
is provided in an online repository at https://osf.io/5ugwn/?view_only=327ba9ae72
684d07be8b4e0c6e6f1684.

Results
We first tested for measurement invariance between school types and subsequently
probed the sensitivity of school type comparisons when accounting for measurement
non-invariance. In our analyses, sufficient convergence in the parameter estimation
was indicated for all models through an investigation of the trace and autocorrelation plots. Furthermore, the PSR criterion fell below 1.10 for all parameters after 8000
iterations. Hence, appropriate posterior predictive quality for all parameters on the
between and within levels was assumed.
DIF between school types

Measurement invariance of the reading competence test items across the school types
was assessed using IA. Items with non-aligning, and hence measurement non-invariant, item parameters between these higher-level groups were found for each measurement occasion (see the third, sixth and last columns of Table 2). For the reading
competence measurement in fifth grade, 11 out of the 32 administered items showed
measurement non-invariance in either discrimination or threshold parameters across
school types. Most non-invariance occurred for the lowest (lower secondary school)
and the highest (high school) types. For 5 of the 11 non-invariant items, the school
types with non-invariance were the same for both the discrimination and threshold
parameters. In seventh grade, non-invariance across school types was found for 11
out of the 40 test items in either discrimination or threshold parameters. While noninvariance occurred six times in discrimination parameters, it occurred seven times
in threshold parameters, and most non-invariance occurred for the high school type
(10 out of the 11 non-invariant items). Applying the IA to the competence test administered in ninth grade showed non-invariance for 11 out of the 44 test items. Nearly
all non-invariances were between the lowest and highest school types, and most item
non-invariance in discrimination and threshold parameters occurred for the last test
items.
Consequences of DIF for school type effects

Comparisons of competence development across school types were estimated using
MSEM. Each timepoint was modeled as a latent factor, and the between-level component of each latent factor was regressed on the school type. Furthermore, the
latent factors were correlated through this modeling approach, both at the within and
between levels. Please note that the within- and between-level model setup was the
same, and each factor was modeled with several categorical indicators. In Models 1a
and 1b, no school-type specific item discrimination or item difficulty estimates were
accounted for, while in Models 2a and 2b, school-type specific item discrimination
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Table 2 Results from the invariance alignment method per measurement occasion
Grade 5 (N = 4885)
Item

Grade 7 (N = 6182)
IA

Item

Grade 9 (N = 4573)
IA

Item

Discrimination

Discrimination

Discrimination

reg50110_c

reg70110_c

reg90610_c

reg5012s_c

reg70120_c

reg50130_c

reg7013s_c

reg50140_c

LS

reg90620_c
HS

reg9063s_c

reg70140_c

reg90640_c

reg50150_c

reg7015s_c

reg90660_c

reg5016s_c

reg7016s_c

reg90670_c

reg50170_c

reg70610_c

reg50210_c

reg70620_c

reg50220_c

reg7063s_c

reg90820_c

reg50230_c

reg70640_c

reg9083s_c

reg50240_c

reg70650_c

reg90840_c

reg50250_c

reg7066s_c

reg90850_c

reg5026s_c

reg70210_c

reg90860_c

reg50310_c

reg70220_c

reg90870_c

reg50320_c

reg7023s_c

reg90210_c

reg50330_c

reg7024s_c

reg90220_c

reg50340_c

reg70250_c

reg90230_c

reg50350_c

reg7026s_c

reg90250_c

reg50360_c

reg70310_c

reg90710_c

reg90680_c
HS

reg90810_c

reg50370_c

MS, HS

reg70320_c

reg50410_c

LS

reg7033s_c

reg5042s_c

LS

reg70340_c

reg9074s_c

reg50430_c

LS

reg70350_c

reg90750_c

reg50440_c

HS

reg70360_c

reg9091s_c

reg50460_c

LS

reg70410_c

reg90920_c

reg50510_c

reg70420_c

reg90930_c

reg5052s_c

reg70430_c

reg90940_c

reg50530_c

reg70440_c

reg90950_c

reg50540_c

reg7045s_c

reg90960_c

reg5055s_c

reg70460_c

reg9097s_c

reg50560_c

reg7051s_c

reg90410_c

reg50570_c

reg70520_c

reg90420_c

reg7053s_c

reg90430_c

reg7055s_c

reg90720_c

reg90440_c

HS

reg70560_c

reg90730_c

reg90450_c

reg7071s_c

MS

reg90460_c

reg70720_c

HS

reg9047s_c

reg70730_c

reg90510_c

reg70740_c
reg7075s_c

IA

LS

reg90520_c

LS

reg90530_c

LS

reg90540_c
reg90550_c

LS

reg90560_c

HS

reg90570_c
Threshold

Threshold

Threshold

reg50110_c

reg70110_c

reg90610_c

reg70120_c

reg90620_c

reg5012s_c, cat.1

HS
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Table 2 (continued)
Grade 5 (N = 4885)
Item

Grade 7 (N = 6182)
IA

Item

Grade 9 (N = 4573)
IA

Item

reg5012s_c, cat.2

reg7013s_c, cat.1

reg50130_c

reg7013s_c, cat.2

reg9063s_c, cat.2

reg70140_c

reg90640_c

reg50150_c

reg7015s_c

reg90660_c

reg5016s_c, cat.1

reg7016s_c, cat.1

reg90670_c

reg5016s_c, cat.2

reg7016s_c, cat.2

reg90680_c

reg5016s_c, cat.3

reg7016s_c, cat.3

reg90810_c

reg5016s_c, cat.4

reg70610_c

reg90820_c

reg50140_c

LS

reg9063s_c, cat.1

reg5016s_c, cat.5

HS

reg70620_c

reg9083s_c

reg50170_c

HS

reg7063s_c, cat.1

reg90840_c

reg50210_c

reg7063s_c, cat.2

reg90850_c

reg50220_c

reg70640_c

reg90860_c

reg50230_c

reg70650_c

reg90870_c

reg50240_c

reg7066s_c, cat.1

reg90210_c

reg50250_c

reg7066s_c, cat.2

reg90220_c

reg5026s_c

reg7066s_c, cat.3

reg90230_c

reg50310_c

reg7066s_c, cat.4

reg90250_c

reg50320_c

reg70210_c

reg90710_c

reg50330_c

reg70220_c

reg90720_c

reg50340_c

reg7023s_c, cat.1

reg90730_c

reg50350_c

reg7023s_c, cat.2

reg9074s_c, cat.1

reg50360_c

reg7024s_c, cat.1

reg9074s_c, cat.2
reg9074s_c, cat.3

reg50370_c

MS, HS

reg7024s_c, cat.2

reg50410_c

LS

reg70250_c

reg9074s_c, cat.4

reg5042s_c, cat.1

LS

reg7026s_c, cat.1

reg90750_c

reg5042s_c, cat.2

LS

reg7026s_c, cat.2

reg9091s_c, cat.1

reg5042s_c, cat.3

LS

reg7026s_c, cat.3

reg9091s_c, cat.2

reg50430_c

AT, HS

reg7026s_c, cat.4

reg90920_c

reg50440_c

HS

reg70310_c

reg90930_c

reg50460_c

HS

reg70320_c

reg90940_c

reg50510_c

reg7033s_c, cat.1

reg90950_c

reg5052s_c, cat.1

reg7033s_c, cat.2

reg90960_c

reg5052s_c, cat.2

reg7033s_c, cat.3

reg9097s_c, cat.1

reg5052s_c, cat.3

reg70340_c

reg9097s_c, cat.2

reg50530_c

reg70350_c

reg9097s_c, cat.3

reg50540_c

AT

reg70360_c

reg5055s_c, cat.1

reg70410_c

reg5055s_c, cat.2

reg70420_c

reg5055s_c, cat.3

reg70430_c

reg50560_c

reg70440_c

reg50570_c

reg7045s_c, cat.1

IA

AT

HS

LS

LS

reg90410_c
HS

reg90420_c
reg90430_c

HS

reg90440_c

LS, HS

reg90460_c

reg90450_c

HS

reg7045s_c, cat.2

reg9047s_c, cat.1

reg7045s_c, cat.3

reg9047s_c, cat.2

reg70460_c

reg90510_c

reg7051s_c, cat.1

reg90520_c

LS, HS

reg7051s_c, cat.2

reg90530_c

HS

reg70520_c

reg90540_c

HS

reg7053s_c, cat.1

reg90550_c

LS
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Table 2 (continued)
Grade 5 (N = 4885)
Item

Grade 7 (N = 6182)
IA

Item

Grade 9 (N = 4573)
Item

IA

reg7053s_c, cat.2

reg90560_c

HS

reg7055s_c, cat.1

reg90570_c

LS, HS

AII grade 9

0.492

reg7055s_c, cat.2

IA

HS

reg7055s_c, cat.3
reg70560_c

HS

reg7071s_c, cat.1
reg7071s_c, cat.2

HS

reg70720_c
reg70730_c

MS

reg70740_c
reg7075s_c, cat.1
reg7075s_c, cat.2
reg7075s_c, cat.3
AII grade 5

0.644

AII grade 7

0.631

IA invariance alignment method for school types, presenting non-invariant groups (HS high schools, MS middle secondary
schools, CS comprehensive schools, AT schools offering all school tracks except high school, LS lower secondary schools).
AII Average Invariance Index: Average R2 across all parameters ranging from 0 (indicating full non-invariance) to 1 (indicating
perfect scalar invariance)

and item difficulty estimates were taken into account for items exhibiting DIF. The
amount of variance attributable to the school type (intraclass correlation) was high in
both of these longitudinal models and amounted to 43.0% (Model 1a)/42.4% (Model
2a) in grade 5, 40.3% (Model 1a)/40.6% (Model 2a) in grade 7 and 43.4% (Model
1a)/43.3% (Model 2a) in grade 9. After including the school type covariates (Model
1b and Model 2b), the amount of variance in the school-level random effects was
reduced by approximately two-thirds for each school-level factor, while the amount of
variance in the student-level random effects remained nearly the same.
The development of reading competence from fifth to ninth grade appeared to be
almost parallel between school types. The results of the first model (see Model 1b in
Table 3) present quite similar differences in reading competence between school types
at each measurement occasion. The highest reading competence is achieved by students
attending high schools, followed by middle secondary schools, comprehensive schools
and schools offering all school tracks except high school. Students in lower secondary
schools had the lowest achievement at all timepoints. As the 95 percent posterior probability intervals overlap between the middle secondary school type, the comprehensive
school type and the type of schools offering all school tracks except high school (see
Model 1b and Model 2b in Table 3), three distinct groups of school types, as defined by
reading competence achievement, remain. Furthermore, the comparison of competence
development from fifth to ninth grade across these school types was quite stable. The
Cohen’s d effect size per school type estimate and per estimated model are presented in
Table 4 and support this finding. A large positive effect relative to the average reading
competence of the other school types is found for high school students across all grades.
A large negative effect is found across all grades for lower secondary school students
relative to the other school types. The other three school types have overall small effect
sizes across all grades relative to the averages of the other school types.

  LS

  LS

0.047

(0.301, 0.491)

− 0.221

0.383

0.154

0.277

Grade 5

Grade 7

Grade 9

Variance components of random effects
Student level

0.030

0.019
(0.223, 0.340)

(0.120, 0.192)
0.281

0.160

0.404

− 0.682

  LS

  AT

− 0.111

  CS

0.861
− 0.214

  HS

− 0.712

  MS

Grade 9

− 0.119

− 0.174

  AT

  CS

0.844
− 0.206

  HS

− 0.689

  MS

Grade 7

− 0.207

− 0.206

  AT

  CS

0.865
− 0.174

  HS

   MS

Grade 5

Fixed effects:
School level covariates

M

95% PPI

M

SD

Model 1b

Model 1a

0.029

0.016

0.056

0.030

0.039

0.038

0.039

0.031

0.027

0.038

0.035

0.036

0.029

0.030

0.041

0.039

0.039

0.031

SD

(− 0.283, − 0.129)

(− 0.188, − 0.049)

(0.227, 0.338)

(0.135, 0.196)

(0.319, 0.551)

(− 0.735, − 0.617)

(− 0.298, − 0.142)

(− 0.185, − 0.037)

(− 0.288, − 0.138)

(0.797, 0.917)

(− 0.762, − 0.656)

(− 0.247, − 0.100)

(− 0.278, − 0.137)

(0.783, 0.897)

(− 0.743, − 0.624)

(− 0.286, − 0.124)

(− 0.252, − 0.099)

(0.802, 0.920)

95% PPI

0.265

0.151

0.353

M

Model 2a

Table 3 Results of multilevel structural equation models for longitudinal competence measurement (N = 7276)

0.025

0.016

0.042

SD

(0.217, 0.313)

(0.125, 0.187)

(0.286, 0.445)

95% PPI

− 0.201

− 0.120

0.275

0.153

0.359

− 0.676

− 0.232

− 0.110

− 0.206

0.856

− 0.710

− 0.179

− 0.209

0.848

− 0.692

− 0.210

− 0.158

0.851

M

Model 2b

0.021

0.012

0.044

0.032

0.040

0.038

0.038

0.031

0.027

0.038

0.035

0.036

0.029

0.030

0.041

0.040

0.040

0.032

SD

(− 0.279, − 0.123)

(− 0.187, − 0.050)

(0.237, 0.320)

(0.131, 0.176)

(0.289, 0.458)

(− 0.734, − 0.608)

(− 0.308, − 0.152)

(− 0.183, − 0.037)

(− 0.282, − 0.134)

(0.790, 0.912)

(− 0.762, − 0.655)

(− 0.252, − 0.102)

(− 0.277, − 0.138)

(0.788, 0.902)

(− 0.746, − 0.627)

(− 0.291, − 0.130)

(− 0.238, − 0.080)

(0.784, 0.909)

95% PPI
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0.212

Grade 9

0.723

Grade 7 with Grade 9

0.001

0.027

Grade 7 with Grade 9

PPP

0.030

0.016

0.044

0.000

0.000

0.000

0.163

0.223

0.172

Covariance

(0.162, 0.280)

(0.079, 0.139)

(0.217, 0.388)

0.019

0.002

0.001

0.001

0.722

0.652

0.632

Correlation

0.060

0.030

0.078
0.009

0.004

0.014

SD

0.000

0.000

0.000

0.160

0.232

0.179

Covariance

(0.045, 0.080)

(0.023, 0.040)

(0.057, 0.111)

95% PPI

0.179

0.003

0.002

0.002

0.722

0.662

0.631

Correlation

0.202

0.103

0.260

M

Model 2a

0.027

0.014

0.039

SD

0.001

0.000

0.000

0.156

0.210

0.139

Covariance

(0.157, 0.262)

(0.080, 0.135)

(0.196, 0.349)

95% PPI

0.196

0.000

0.003

0.002

0.721

0.650

0.634

Correlation

0.061

0.029

0.071

M

Model 2b

0.009

0.004

0.012

SD

0.000

0.001

0.000

0.131

0.185

0.139

Covariance

(0.047, 0.080)

(0.023, 0.037)

(0.052, 0.097)

95% PPI

Note. Standardized results are presented for fixed effects. M = posterior mean. SD = posterior standard deviation, PPI posterior probability interval (2.5 and 97.5 percentile of the posterior distribution). School level
covariates: HS high schools, MS middle secondary schools, CS comprehensive schools, AT schools offering all school tracks except high school, LS lower secondary schools, PPP posterior predictive p value. In Models 1a
and 1b, no school-type specific item discrimination or item difficulty estimates were accounted for. In Models 2a and 2b, school-type specific item discrimination and item difficulty estimates were taken into account for
items exhibiting DIF. Correlations and covariances were reported based on sample statistics

0.000

0.000

Grade 5 with Grade 7

Grade 5 with Grade 9

School Level

0.644

0.649

Grade 5 with Grade 7

Grade 5 with Grade 9

Correlation

0.104

Correlations and Covariances between latent
factors
Student Level

0.289

M

Grade 7

Model 1b
95% PPI

M

SD

Model 1a

Grade 5

School Level

Table 3 (continued)
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Table 4 Effect sizes (Cohen’s d) for school type covariates per estimated model
Type of School

Model 1b

Model 2b

Model 3b

Model 4b

HS

1.26

1.23

1.22

1.21

MS

0.11

0.13

0.08

0.10

CS

− 0.31

− 0.29

− 0.13

− 0.11

Grade 5

AT
LS
Grade 7

− 0.08

− 0.94

− 0.10

− 0.95

− 0.13

− 1.01

− 0.15

− 1.02

HS

1.16

1.16

1.12

1.13

MS

− 0.01

− 0.01

− 0.04

− 0.04

− 0.07

− 0.08

− 0.08

CS
AT
LS
Grade 9

− 0.06

− 0.06

− 1.02

− 0.06

− 1.01

0.06

− 1.06

0.06

− 1.06

HS

1.21

1.21

1.15

1.15

MS

− 0.02

0.00

− 0.04

− 0.03

− 0.20

− 0.23

CS
AT
LS

− 0.01

− 0.17

− 0.98

0.00
− 0.20

− 0.97

0.15

− 1.03

0.16

− 1.02

School level covariates: HS high schools, MS middle secondary schools, CS comprehensive schools, AT schools offering all
school tracks except high school, LS lower secondary schools. Cohen’s d effect size: calculated as the difference per value
from the average of all other school type effects and divided by the square root of the factor variance per respective latent
factor. The average of all school type effects can differ slightly from zero due to effect coding and model re-estimation using
the reference group to obtain a reference group estimate. In Models 1b and 3b, no school-type specific item discrimination
or item difficulty estimates were accounted for. In Model 2b and 4b, school-type specific item discrimination and item
difficulty estimates were taken into account for items exhibiting DIF. The multilevel data structure was taken into account for
estimation of Models 1b and 2b but not for Models 3b and 4b

The results of the second model (see Model 2b in Table 3) show similar differences
between the school types when compared to the former model. Additionally, effect
sizes are similar between the two models. Hence, differences in the development of
reading competence across school types are parallel, and this pattern is robust to the
discovered school-type specific DIF of item discrimination and difficulty estimates.
With regard to model fit, only two models (Models 2a and 2b) showed an acceptable fit with PPP > 0.05 when school type-specific item discrimination and item difficulty estimates for items exhibiting DIF were accounted for. Furthermore, single-level
regression analyses with cluster robust standard error estimation using the robust
maximum likelihood (MLR) estimator were performed to investigate if the findings
were robust to the application of an alternative estimation method for hierarchical
data. Please note that result tables for these analyses are presented in the Additional
file 1. The main findings remain unaltered, as a parallel pattern of reading competence
development between the school types was found, as well as three distinct school
type groups.

Consequences when ignoring clustering effects

Finally, we estimated the same models without accounting for the clustered data
structure (see Table 5). In comparison to the previous models, Model 3a and Model

0.542

0.126

0.307

Grade 5

Grade 7

Grade 9

Variance components of the random effects
0.072
0.045

0.015

(0.401, 0.689)
(0.216, 0.390)

(0.103, 0.157)
0.221

0.094

0.391

− 0.398

  LS

− 0.148

  AT

− 0.043

− 0.162

  MS

  CS

0.631

  HS

Grade 9

− 0.406

  LS

− 0.111

  AT

− 0.053

− 0.156

  MS

  CS

0.609

  HS

Grade 7

− 0.404

  LS

− 0.138

  AT

− 0.098

− 0.129

  MS

  CS

0.627

  HS

Grade 5

School Type Covariates

M

95% PPI

M

SD

Model 3b

Model 3a

0.028

0.012

0.050

0.013

0.014

0.013

0.014

0.014

0.012

0.013

0.012

0.012

0.012

0.012

0.014

0.013

0.014

0.014

SD

(0.174, 0.282)

(0.074, 0.119)

(0.291, 0.490)

(− 0.425, − 0.372)

(− 0.174, − 0.120)

(− 0.068, − 0.018)

(− v0.188, − 0.135)

(0.604, 0.658)

(− 0.428, − 0.382)

(− 0.136, − 0.086)

(− 0.076, − 0.030)

(− 0.180, − 0.131)

(0.584, 0.633)

(− 0.427, − 0.380)

(− 0.165, − 0.109)

(− 0.124, − 0.073)

(− 0.156, − 0.101)

(0.600, 0.653)

95% PPI

0.255

0.123

0.490

M

Model 4a

0.035

0.013

0.069

SD

(0.202, 0.340)

(0.101, 0.152)

(0.368, 0.666)

95% PPI

Table 5 Results of structural equation models for longitudinal competence measurement ignoring clustered structure (N = 7276)

0.204

0.098

0.337

− 0.396

− 0.155

− 0.041

− 0.155

0.628

− 0.406

− 0.113

− 0.054

− 0.158

0.615

− 0.403

− 0.140

− 0.094

0.614
− 0.117

M

Model 4b

0.029

0.014

0.046

0.013

0.014

0.013

0.014

0.014

0.012

0.013

0.012

0.013

0.013

0.013

0.015

0.014

0.015

0.015

SD

(0.154, 0.266)

(0.078, 0.133)

(0.255, 0.438)

(− 0.421, − 0.370)

(− 0.183, − 0.127)

(− 0.066, − 0.015)

(− 0.184, − 0.128)

(0.599, 0.656)

(− 0.429, − 0.382)

(− 0.138, − 0.088)

(− 0.078, − 0.031)

(− 0.184, − 0.133)

(0.589, 0.640)

(− 0.428, − 0.378)

(− 0.170, − 0.112)

(− 0.119, − 0.066)

(− 0.145, − 0.089)

(0.587, 0.644)

95% PPI
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0.810

0.168

0.281

0.188

Covariance

0.003

0.808

0.767

0.753

Correlation

SD

0.155

0.304

0.194

Covariance

95% PPI

0.117

0.807

0.766

0.743

Correlation

M

Model 4a
SD

0.134

0.242

0.178

Covariance

95% PPI

0.045

0.809

0.766

0.751

Correlation

M

Model 4b
SD

0.142

0.275

0.192

Covariance

95% PPI

Correlations and covariances were reported based on sample statistics

Standardized results are presented for fixed effects. M  posterior mean, SD posterior standard deviation, PPI posterior probability interval (2.5 and 97.5 percentile of the posterior distribution). School type covariates:
HS high schools, MS middle secondary schools, CS comprehensive schools, AT schools offering all school tracks except high school, LS lower secondary schools, PPP posterior predictive p value. In Models 3a and 3b,
no school-type specific item discrimination or item difficulty estimates were accounted for. In Models 4a and 4b, school-type specific item discrimination and item difficulty estimates were taken into account for items
exhibiting DIF

0.005

Grade 7 with Grade 9

PPP

0.754

0.771

Grade 5 with Grade 7

Correlation

M

95% PPI

Model 3b
SD

Model 3a

M

Grade 5 with Grade 9

Correlations and Covariances between latent
factors

Table 5 (continued)

Rohm et al. Large-scale Assess Educ
(2021) 9:23
Page 19 of 26

Rohm et al. Large-scale Assess Educ

(2021) 9:23

4a show that in seventh and ninth grade the comprehensive school type performed
significantly better than the middle secondary schools and schools offering all school
tracks except high school.
Additionally, we replicated the analyses of longitudinal reading competence development using point estimates of student reading competence. The point estimates are
the linked weighted maximum likelihood estimates (WLE; Warm, 1989) as provided
by NEPS and we performed linear growth modelling with and without cluster robust
standard error estimation. Results are presented in Additional file 1: Tables S3–S5. As
before, these results support our main findings on the pattern of competence development between German secondary school types and the three distinct school type
groups. When it was not accounted for the clustered data structure, the misleading finding resulted that the comprehensive schools performed significantly better in seventh
and ninth grade than middle secondary schools and schools offering all school tracks
except high school.

Discussion
We evaluated measurement invariance between German secondary school types and
tested the sensitivity of longitudinal comparisons to the found measurement non-invariance. Differences in reading competence between German secondary school types from
fifth to ninth grade were investigated, while reading competence was modeled as a latent
variable with measurement error taken into account. Multilevel modeling was employed
to account for the clustered data structure, and measurement invariance between school
types was assessed. Based on our results, partial invariance between school types is
assumed (i.e., more than half of the items were measurement invariant/ free of DIF;
Steenkamp & Baumgartner, 1998; Vandenberg & Lance, 2000).
The results on the longitudinal estimation of reading competence revealed a parallel pattern between German secondary school types, and that pattern remained when
school-type-specific item estimates were included for items exhibiting DIF. Nevertheless, estimations of the same models without consideration of the clustered data structure led to misleading assumptions about the pattern of longitudinal reading competence
development. In these models, students attending the comprehensive school type are
estimated to be significantly better in seventh and ninth grade than students attending
the middle secondary school type and those attending schools offering all school tracks
except high school. For research focusing on school type comparisons of latent competence, we emphasize the use of hierarchical modeling when a nested data structure is
present.
Furthermore, although we recommend the assessment of measurement invariance, it is not (or not only) a statistical question whether an item induces bias for
group comparisons. Rather, procedures for measurement invariance testing are at
best part of the test development process, including expert reviews on items exhibiting DIF (Camilli, 1993). Items that are measurement non-invariant and judged to
be associated with construct irrelevant factors are revised or replaced throughout
the test development process. Robitzsch and Lüdtke (2020) provide a thoughtful discussion on the reasoning behind (partial) measurement invariance for group comparison under construct relevant DIF and DIF caused by construct irrelevant factors.
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Information about the amount of item bias for a developed test is also useful to quantify the uncertainty in group comparisons, which is analogous to the report of linking
errors in longitudinal large-scale assessments (cf. Robitzsch & Lüdtke, 2020). While
the assumption of exact item parameter invariance across groups is quite strict, we
presented a method to assess the less strict approach of partial measurement invariance. Even when a measured construct is only partially invariant, comparisons of
school types can be valid. Nevertheless, no statistical method alone can define construct validity without further theoretical reasoning and expert evaluation. As
demonstrated in this study, the sensitivity of longitudinal reading competence development to partial measurement invariance between school types can be assessed.

Implications for research on the achievement gap in reading competence

Studies on reading competence development have presented either parallel development (e.g., Retelsdorf & Möller, 2008; Schneider & Stefanek, 2004) or a widening gap
(e.g., Pfost & Artelt, 2013) among secondary school types. In these studies, samples
were drawn from different regions (i.e., German federal states), and different methods of statistical analysis were used. We argued that group differences, such as school
type effects, can be distorted by measurement non-invariance of test items. As these
previous studies have not reported analyses of measurement invariance such as DIF,
it is unknown whether the differences found relate to the psychometric properties of
the administered tests. With our analyses, we found no indication that the pattern of
competence development is affected by DIF. As a prerequisite for group-mean comparisons, studies should present evidence of measurement invariance between investigated groups and in the longitudinal case, across measurement occasions, or refer
to the respective sources where these analyses are presented. Also, to enhance comparability of results across studies on reading competence development, researchers should discuss if the construct has the same meaning for all groups and over all
measurement occasions. On a further note, the previous analyses were regionally limited and considered only one or two German federal states. In comparison, the sample we used is representative on a national level, and we encourage future research
to strive to include more regions. Please note that the clustered data structure was
always accounted for in previous analyses on reading competence development
through cluster robust maximum likelihood estimation. When the focus is on regression coefficients and variance partitioning or inference on the cluster-level is not of
interest, researchers need to make less assumptions of their data when choosing the
cluster robust maximum likelihood estimation approach, as compared to hierarchical
linear modeling (McNeish et al., 2017; Stapleton et al., 2016). As mentioned before,
inaccurate standard errors and biased significance tests can result when hierarchical
structures are ignored during estimation (Hox, 2002; Raudenbush & Bryk, 2002). As a
result, standard errors are underestimated and the confidence intervals are narrower
than they actually are, and effects become statistically significant more easily. As our
results showed, ignoring the clustered data structure can result in misleading conclusions about the pattern of longitudinal reading competence development in comparisons of German secondary school types.
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Limitations

One focus of our study was to investigate the consequences for longitudinal measurements of latent competence when partial invariance is taken into account in the estimation model. It was assumed that the psychometric properties of the scale and the
underlying relationship among variables can be affected when some items are noninvariant and thus unfair between school types. With the NEPS study design for reading competence measurement, this assumption cannot be entirely tested, as for each
measurement occasion, a completely new set of items is administered to circumvent
memory effects. The three measurement occasions are linked through a mean/mean
linking approach based on an anchor-group design (Fischer et al., 2016, 2019). Hence,
a unique linking constant is assumed to hold for all school types. The computation of
the linking constant relies on the assumption that items are invariant across all groups
under investigation (e.g., school types). Due to data restrictions, as the data from the
additional linking studies are not published by NEPS, we could not investigate the effect
of item non-invariance across school types on the computation of linking constants.
Therefore, we cannot test the assumption that the scale score metric, upon which the
linking constant is computed, holds across measurement occasions for the school clusters and the school types under study. Overall, we assume that high effort was invested
in the item and test construction for the NEPS. However, we can conclude that the
longitudinal competence measurement is quite robust against the findings presented
here regarding measurement non-invariance between school types, as the same measurement instruments are used to create the linking constants. Whenever possible, we
encourage researchers to additionally assess measurement invariance across repeated
measurements.
On a more general note, and looking beyond issues of statistical modeling, the available information on school types for our study is not exhaustive, as the German secondary school system is very complex and offers several options for students regarding
schooling trajectories. A detailed variable on secondary school types and an identification of students who change school types between measurement occasions is desired
but difficult to provide for longitudinal analyses (Bayer et al., 2014). As we use the school
type information that generated the strata for the sampling of students, this information
is constant over measurement occasions, but the comparability for later measurement
timepoints (e.g., ninth grade) is rather limited.

Conclusion
In summary, it was assumed that school-level differences in measurement constructs
may impact the longitudinal measurement of reading competence development. Therefore, we assessed measurement invariance between school types. Differences in item
estimates between school types were found for each of the three measurement occasions. Nevertheless, taking these differences in item discrimination and difficulty estimates into account did not alter the parallel pattern of reading competence development
when comparing German secondary school types from fifth to ninth grade. Furthermore, the necessity of taking the hierarchical data structure into account when comparing competence development across the school types was demonstrated. Ignoring the

Page 22 of 26

Rohm et al. Large-scale Assess Educ

(2021) 9:23

fact that students are nested within schools by sampling design in the estimation led
to an overestimation of the statistical significance of the effects for the comprehensive
school type in seventh and ninth grade.
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