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Abstract 

Large-scale assessments in education often involve the measurement of latent competence, with 

the aim to perform comparisons between groups in subsequent analyses. The assessment of 

latent competence is thereby often performed within the institutionalized context of schools, or 

with the help of interviewers visiting respondents’ homes. In addition, sample selection for 

educational assessments might focus on groups as sampling units. For example, German 

secondary school types are used as primary sampling units in a multi-stage sampling procedure 

in educational studies. Subsequently, several schools per school type are selected for student 

competence assessment and in consequence, students are nested within clusters of schools. 

Hence, hierarchical data structures in large-scale educational assessments are caused by 

contexts of assessments, the sampling design or the combination of both. Regarding the 

resulting measures of latent competence, construct-irrelevant variance could be introduced by 

the context of educational assessments in the form of variance between clusters. This can 

potentially reduce the quality of measurement and impair a fair and valid interpretation of test 

scores. Further uncertainty in latent competence assessment arises by using as set of item 

indicators to measure the latent trait of interest. Besides the overall latent trait, also single items 

can vary by assessment contexts, indicated by random item effects that denote item variation 

across clusters. In addition, item differences can occur between groups (i.e., fixed item effects) 

and, if severe, indicate measurement non-invariance in the form of differential item functioning 

between groups. Item bias is indicated when item differences between groups favor a particular 

group. If item bias is found between groups that were used as sampling units (e.g., school type), 

item bias is associated with the context of competence assessment. Hence, group differences of 

items are then found on the cluster-level of the hierarchical data structure.   

For the detection of such sources of construct-irrelevant variance stemming from the assessment 

context, as well as item bias and item variances associated with the assessment context, 

multilevel latent variable models are presented and applied to competence and cognitive ability 

assessments. Competence measurements in the domains mathematic and reading are examined, 

as well as a measure of the cognitive ability perceptual speed, all assessed within the National 

Educational Panel Study. In the first study, interviewer and area clusters were investigated in 

an adult mathematic competence assessment, as hierarchical structures that might introduce 

construct-irrelevant variance. The examination of cross-classified multilevel item response 

theory models showed substantial interviewer variance in mathematic competence, while area 

effects were small. Subsequent analyses revealed some interviewers with undue influence, that 
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were in addition associated with the respondents’ number of missing values in the assessed test 

and participation rates at the subsequent competence assessment. The second study investigated 

consequences of item bias, in the form of cluster-level group differences in items by school 

type, for students reading competence development from fifth to ninth grade of German 

secondary school. Measurement non-invariance occurred especially between the highest and 

lowest school type of German secondary schools at all measurement occasions. Nevertheless, 

the school type comparisons of reading competence development were not sensitive to found 

measurement non-invariance between school types and a parallel development of reading 

competence between German secondary school types was presented. In the third study, in 

addition to cluster-level group differences in item estimates by school type (i.e., fixed item 

effects), also random item effects across school clusters per school type were investigated for 

three items measuring perceptual speed for German secondary school students at ninth grade. 

Fixed- and random-group differential item functioning was investigated in comparison of 

students from several types of regular schools and students with special educational needs. 

Random-group differential item functioning was found for two out of the three items, indicating 

that estimated item difficulties differed across school clusters. Such differences across 

assessment contexts (i.e., school clusters) might stem from problems of standardized test 

assessment. Finally, the results of the three studies are discussed with regard to test standards 

for educational and psychological testing. The results are furthermore compared to empirical 

evaluations of context effects in other educational large-scale assessments. 

 

Key words: assessment context, item response theory, multilevel latent variable modeling, 

large-scale educational assessments, National Educational Panel Study 
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1. Introduction 
 

Large-scale assessments in educational research are used for comparisons within or across 

educational systems and compare at regional, national or international levels with the purpose 

to evaluate effectiveness of educational systems (Tierney, 2016). A central aim of large-scale 

educational assessments is in this regard to compare test results by groups, and furthermore, 

explain found group differences by relevant variables. It is thereby of interest, how competence 

assessments have to be designed, executed and evaluated, in order to assess the theoretically 

defined constructs at justifiable efforts for the respondents, while having high measurement 

precision (i.e., reliability), validity and fair group comparisons.  

While group differences signify differences between respondents who share a specific 

characteristic (e.g., gender, school type, migration background), also clusters of respondents 

can exist and can be associated with differences regarding constructs of competence 

assessments. A cluster refers to respondents that share a similar or the same context of an 

assessment (e.g., respondents interviewed by the same interviewer, students visiting the same 

school or class). Respondents comprising a cluster are often more similar regarding 

characteristics of themselves and their environment. For example, students of the same class 

visit the same school type, share a learning environment at school, can be more similar with 

regard to their socioeconomic background and live in geographical proximity. In the evaluation 

of large-scale assessments of educational research, little attention has been given to the context 

of competence assessment, even though educational assessments of school students regularly 

assess tests within clusters of schools or classes. Apart from institutionalized contexts of testing, 

adult respondents are for example supervised by interviewers during test assessment within 

their private homes. Due to these various assessment contexts, when comparing individuals 

across different contexts, evidence should be presented that administered measures are 

measurement invariant across clusters, groups and groups comprised of various clusters (e.g., 
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school types comprising several schools where the assessment was conducted). Measurement 

invariance means that a psychological instrument assesses the unobserved construct equally 

across different groups of individuals or over time and that therefore the scale equally mirrors 

the latent construct in all instances (Finch, 2014). Measurement non-invariance in the form of 

differential item functioning (DIF; Camilli, 2006; Zumbo, 2007) across clusters and groups 

(i.e., item by group interactions), as well as different item variance across clusters within groups 

(i.e., cluster bias) can affect valid comparisons and in the worst-case lead to wrong conclusions 

(Borsboom, 2006). The validity of inferences about changes in proficiency levels by 

longitudinal large-scale assessments might be impaired by effects related to the overall context 

of the assessment and several investigated groups can be affected to a different extent by context 

effects.  

Therefore, the here presented models and methods follow the aim to detect sources of construct-

irrelevant variance stemming from the assessment context, as well as detecting item bias 

between cluster-level groups (e.g., school type groups comprising several school clusters) and 

item variances associated with the assessment context for comparisons between groups. As item 

variance refers to random effects, such as items varying across clusters, item bias is present 

when item differences between groups mainly favor one group in particular. Such sources of 

variance and bias might limit comparisons between assessed groups, as well as group 

comparisons on latent competence development. Please note, that measurement invariance and 

absence of DIF are necessary but not sufficient conditions for test fairness (Borsboom, 2006; 

Meredith, 1993). Test fairness not solely concerns item functioning in statistical terms, but all 

aspects of educational testing, including test construction, execution and administration with 

equal treatment of all test takers, as well regarding test evaluation. 

In case of longitudinal assessments, comparability over time within and between groups is an 

additional challenge. Furthermore, it is of question when measurement invariance matters 
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(Borsboom, 2006) and therefore, beyond the investigation of the existence of cluster-level or 

group effects in educational LSAs, research strategies are presented to assess if found effects 

impair longitudinal competence assessment. Besides the necessity to identify items that work 

to the advantage or disadvantage of any particular group the test is assessed to, it is necessary 

to evaluate the impact of found effects on group comparisons for single-occasion competence 

measurements as well as competence development.  

The next section portrays context effects within standards for educational and psychological 

testing. In the subsequent section, empirical assessments of various context effects in 

(international) LSAs are presented. Thereafter, statistical models and methods for the 

investigation of context effects in latent competence and ability assessment are introduced and 

furthermore, the three manuscripts of this dissertation that applied these methods and models 

for the examination of context effects are summarized. Finally, the findings of the manuscripts 

are discussed in light of test standards and comparable empirical assessments of context effects 

in large-scale educational assessments. 

2. Context effects in the realm of test standards 
 

The Standards for Educational and Psychological Testing (Standards; AERA, APA, NCME, 

2014), were first published in 1966, last revised in 2014 and are edited jointly by the American 

Educational Research association (AERA), the American Psychological Association (APA) 

and the National Council on Measurement in Education (NCME). The foundation of the 

Standards mainly concerns validity, reliability and fairness of educational and psychological 

testing and provide criteria for test development and evaluation. As criterion for the evaluation 

of large-scale assessments, validity is defined as the degree to which a test measures what it 

was intended to measure, reliability concerns the consistency and dependability of assessment 

results and fairness means absence of bias toward any particular group of examinees (Klein and 

Hamilton, 1999). Fairness in educational assessments concerns all parts of the testing 
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procedure, from construction, administration and scoring of a test to evaluation of test results 

and their use for performance comparisons (Dorans and Cook, 2016). It signifies equity 

between groups under study given the whole test procedure, evaluation and use of results, but 

no equity with regard to test results. 

Construct validity, as one of the main types of validity evidence (e.g., besides content and 

criterion validity), defines how appropriate inferences are, that are made based on observations 

and measurements. It therefore determines if a test measures the intended construct and therein 

construct validity and the fairness principle cohere: if construct validity is given across all 

groups of interest, measurement bias is absent and fairness of the test instrument toward any 

particular group of examinees can be deduced. The Standards furthermore contain guidelines 

for assessing the validity of test score interpretation and discuss measurement bias as a primary 

threat to fairness (Zimmermann and Grudnitski, 2017). As group comparisons are the goal of 

LSAs in education, consistency in the form of equal treatment during the test procedure is 

necessary (Tierney, 2016). For example, in group-mean comparisons of latent constructs, item 

bias can severely affect mean differences. The size of bias is decisive and criteria for the 

evaluation of bias need to be relative in size to the group-effect of interest. It is furthermore 

recommended to study robustness of effects under investigation of various levels of 

measurement bias (Borsboom, 2006) and mean comparisons of latent variables can even be 

validly made with partial or approximate measurement invariance (van de Schoot et al., 2013). 

However, investigations of measurement invariance are a prerequisite for the assumption of 

(partial or approximate) measurement invariance. 

Fairness issues first appeared in year 1974 in the Standards (Nisbet and Shaw, 2019) and define 

principles, but no statistical methods or analysis strategies that adhere to these principles. 

Hence, there is a demand for the development of statistical methods and research strategies to 

assure that the fairness principles of the Standards are met. With regard to the here presented 
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work on context effects, fairness is among others defined in the Standards by fairness in 

treatment during the testing procedure and fairness as a lack of measurement bias. For the first 

principle, standardized test procedures and administration conditions as well as scoring 

procedures are essential to have comparable contexts in which test takers can demonstrate the 

abilities to be measured. The principle of absence of measurement bias can be assessed through 

DIF and DTF (differential test functioning) detection and evaluation. Test items favoring one 

side, group or person are considered biased or measurement non-invariant. Bias concerns 

systematic error in test scores and it is the case when factors irrelevant to the intended construct 

of an assessment influence the results. Such evidence of bias can be found through the statistical 

analysis of item differences. In this regard, measurement invariance is given when in each group 

the same attribute relates in the same way to the same set of observations. More precisely, in 

each group under comparison the mathematical function relating latent variables to 

observations must be the same (Borsboom, 2006). Aside from these theoretical definitions the 

assessment of this “sameness” is not straightforward, as measurement invariance and item bias 

encompass very different statistical models from item response theory (IRT) and factor-analytic 

approaches. Such methods for DIF detection have different statistical assumptions (e.g., relation 

between observed and latent variables, shape of population distribution on the latent variable) 

and use different modeling strategies and selection criteria for biased items (Borsboom, 2006). 

In applications to educational research, choices of DIF detection methods might make a 

difference to the findings on measurement invariance. 

A further threat to the fair and valid interpretation of test scores, as examined by the Standards 

(2014), is when tests or test procedures produce construct-irrelevant variance in scores. 

Inappropriate score interpretations between groups might be the consequence, as scores might 

be lowered or raised. Sources of construct-irrelevant components of scores can be introduced 

in various ways, for example through inappropriate sampling of test content, aspects of the test 
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context such as lack of clarity in test instructions or problems with standardized test 

instructions, item complexities unrelated to the measured construct and further characteristics 

of test items, scoring criteria favoring one group over another, interactions of the test examiner 

with the test taker, or complex demands in test processing that are unrelated to the measured 

construct (e.g., demands of language proficiency). Empirical research investigating test context 

effects is rather limited even though the test context encompasses various aspects of tests and 

the test environment, which might influence the test takers performance and thereby increase 

construct-irrelevant variance in test scores.  

When latent constructs are compared between groups and over time, reliability and validity are 

associated, as the level of reliability indicates the consistency of estimated scores across 

replications of the testing procedure (precision). Thereby, reliability can depend on the 

population and the overall variability of the construct being measured. In the evaluation of 

group performances, variation stemming from the sampling of individuals can be a major error 

source, but it is anticipated to diminish with growing sample sizes. However, even with high 

precision in individual test scores, error associated with the sampling of individuals can be a 

source of error in inferences about the assessed construct. The estimation of group means can 

involve error sources that are different from those at the individual-level (Standards, 2014). 

Particular sources of error on the group-level can for example stem from clusters actively 

sampled of populations (e.g., school clusters) or arising from the assessment procedure (e.g., 

interviewer clusters). This can lead to varying reliabilities in comparison of populations. 

Therefore, reliability of a measured construct depends on assessment procedures and the 

population being assessed. Standard error estimation and conditional standard error estimation 

of measurement can thereby be informative for conclusions drawn from assessments, as they 

reflect variation in the measured construct from error sources, similar to reliability and 

generalizability coefficients. As not all sources of error can be identified or captured, the 
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Standards recommend to evaluate those sources of error that are likely to have the highest 

impact. Overall, reliability is high, when variability stemming from errors is small in 

comparison to observed variation in scale scores. When tests have differential reliability across 

groups, associations with the observed score might be different across groups, as regression 

coefficients will be constricted in groups where reliability is lower (Borsboom, 2006). Hence, 

besides overall standard error of measurement, conditional standard errors of measurement 

should be reported when there is an expectation that standard errors are not constant across 

subgroups. Furthermore, the extent and impact of such differences should be investigated and 

reported when feasible (Standards, 2014). 

3. Context effects in large-scale educational assessments  
 

In research using data from large-scale educational assessments, sources of construct-irrelevant 

variance or measurement invariance are not routinely investigated and some researchers assume 

measures to be invariant across groups without providing evidence for this assumption 

(Borsboom, 2006). Subtle violations of measurement invariance can lead to erroneous 

conclusions, especially when point hypotheses (e.g., population means of a test score are equal) 

are researched (Borsboom, 2006). However, some issues with regard to context effects of 

testing have been investigated for (international) large-scale assessments and results were 

sometimes discussed in light of test fairness across the compared groups. For international 

LSAs special attention is thereby on consequences for country comparisons, while studies 

focusing on national comparisons investigate consequences for comparisons of subpopulations. 

In Germany, several LSAs assess latent competences for national and international 

comparisons. LSAs conducted within respondents’ homes in Germany are for example the 

Programme for the International Assessment of Adult Competencies (PIAAC), and several 

cohorts of the National Educational Panel Study (NEPS). Among the most prominent LSAs 

conducted in school settings are the Programme for International Student Assessment (PISA), 
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Progress in International Reading Literacy Study (PIRLS), Trends in International 

Mathematics and Science Study (TIMMS), the National Educational Panel Study (NEPS) and 

IQB Trends in Student achievement comparing German federal states. All face methodological 

challenges, such as missing values in competence or questionnaire data, measurement 

invariance over time and across groups (i.e., DIF), stability of longitudinal development (e.g., 

correct linking methods), response times and speed sensitivity of administered tests, the 

evaluation of test context effects (e.g., effects of test design and mode of administration), or 

rater effects in paper based assessments and constructed-response items in computer based 

assessments (Shin, von Davier and Yamamoto, 2019).  

Focusing on the evaluation of context effects as one challenge, that may have undesired effects 

on test performance, surrounding conditions of the assessment setting (e.g., noises, disturbances 

during test assessment, presence of third parties during assessment), motivational factors and 

test endurance associated with context groups (e.g., school types, test administrators) can be an 

issue. Furthermore, the context can be associated with the design of the test instrument. For 

example, there can be differences in booklet design across groups, effects of item difficulty 

(e.g., because of the sequencing of items or sections), effects of testing time, or the ordering of 

response options (Nagy, Lüdtke and Köller, 2016). To conclude, the context can affect the 

assessed instrument as a whole, several sections, or single items of an assessed test. 

The assessment setting of large-scale educational assessments can be broadly divided into 

studies that are conducted in respondents’ homes and studies conducted in institutional settings 

such as schools. In both cases, test administrators or interviewers are regularly present and there 

are differences in the performed tasks in comparison of these settings. For studies assessed 

within respondents’ homes, interviewers conduct the interview based on a questionnaire, while 

the assessment of cognitive tests is typically self-administered and the interviewer should stay 

rather passive throughout. As a study conducted in respondents’ homes, the PIAAC Survey of 
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Adult Skills is conducted in over 40 countries (with each N = 5,000 participants) and is assessed 

as a computer-delivered survey for adult respondents (from 16 to 65 years of age), including 

multi-stage adaptive testing (Kirsch and Lennon, 2017). Comparable scales are created for the 

assessment of cognitive skills (i.e., literacy, numeracy and problem-solving), based on IRT 

methods. Even though PIAAC is self-administered by respondents using the computer, the 

quality of the assessment relies on interviewers working independently in the field. Hibben, 

Pennell and Scott (2018) described how PIAAC interviewers could deviate from survey 

protocols, such as the task to select household members for surveying, location of the 

assessment, and how much time a respondent may take to complete the assessment (e.g., 

experienced interviewers may encourage respondents to rush through the assessment or 

terminate it), as well as the presence of a third party that respondents could draw upon during 

the assessment to help with answers.  

For the first PIAAC data collection cycle (between 2011-2018), the testing conditions (e.g. 

assessed in respondents’ homes or some other agreed-upon location) and the quality of 

interviewers were described as factors that potentially influence the data quality and the validity 

of country comparisons (Keslair, 2018). The testing conditions (i.e., frequency of distractions 

and the type of space in which tests were assessed) were found to vary between countries but 

were not expected to impact quality differences among countries. In contrast, interviewer 

assignment size and interviewer effects were assumed to exert influences. However, the report 

(Keslair, 2018) only assumed that cognitive measures were affected by these differences, but 

no empirical evidence (e.g., statistical analyses considering cognitive measures) was presented. 

Furthermore, personal information on interviewers was not collected in the first PIAAC cycle, 

sampling areas and interviewer assigned areas overlapped and information why an interview 

was not completed (e.g., due to respondent refusal, unavailability, person could not be reached) 

was not reported with the PIAAC data.  
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In addition, a qualitative study based on audio interview recordings found for the PIAAC 

fieldwork in Germany, conducted in 2011 to 2012, that interviewer behavior systematically 

deviated from standardized interviewing techniques (Ackermann-Piek and Massing, 2014). 

Unfortunately, the researchers only examined the behavior for the background questionnaire 

and did not consider the data collected in the skills assessment. Furthermore, estimating 

interviewer variance (varying effects across interviewers) is not feasible, as the sampling design 

was not interpenetrated (i.e., interviewers are administered to several areas and areas are visited 

by various interviewers) and in consequence, area clusters and interviewer clusters mostly 

overlapped (Hibben et al., 2018; Keslair, 2018). Hence, the sampling variance is confounded 

with interviewer variance. 

Research on studies conducted in school settings also reported several context effects. 

Evaluating PISA data from 2006 and 2009, Oliveri and von Davier (2017) found violations of 

the assumption of complete item parameter invariance by language of test administration, item 

type, item function and item format. They therefore proposed for an internationally comparable 

scale the use of models that acknowledge partial invariance and demanded for further research 

on partial invariance models in score scale calibration approaches. Based on the PISA 

Assessment 2012, item position effects were found to vary between countries and schools, with 

position effects being stronger in groups with lower average achievement (Debeer, Buchholz, 

Hartig and Jannsen, 2014; Hartig and Buchholz, 2012) and item position effects being 

associated with the students’ school type (Qian, 2014). Hence, the occurrence of test context 

effects can be related to the observed achievement scores, making it difficult to measure the 

‘true’ proficiency for each group under study. Furthermore, longitudinal comparisons of student 

competence by the German PISA 2012 assessment with a longitudinal extension to year 2013, 

was found to be affected by item position effects (i.e., items becoming more difficult when later 

positioned in a test) stemming from a booklet design, that varied between assessment occasions 
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and school type groups (Nagy et al., 2016). Ignoring this test context effect in the IRT estimation 

led to an underestimation of achievement gains. This was most pronounced in the domains 

reading and science, as they were most affected by item position effects. Furthermore, these 

effects were different in comparison of school types (i.e., classified within two categories: upper 

secondary track “Gymnasium” vs. middle secondary school track “Realschule” or 

comprehensive schools “Gesamtschulen”). As a result, these test context effects had 

consequences for assessing group differences in reading and science competence, because when 

ignoring them, a larger achievement difference in favor for the upper secondary school track 

resulted. The assessment of mathematic competence was on the contrary robust to found 

position effects. A further underestimation of achievement gains occurred because of selective 

sample dropout in the science domain, where science competence development for students of 

the middle secondary or comprehensive school track would be underestimated when it was not 

corrected for this dropout effect (Nagy, Köller, Lüdtke and Heine, 2017).  

For the PISA 2015 study, the assessment mode changed from paper-based assessment to 

computer-based assessment and Robitzsch et al. (2017) concluded from a re-analysis of the 

PISA data that declines in mathematics and science competence among German students could 

be associated with an unfamiliarity with computer use in the classroom setting, as computer-

administered items were more difficult when compared to paper-based assessed items. In 

addition, a further investigation on the change in the PISA assessment mode between 2012 and 

2015 found that trend changes for the assessment of mathematic competence in the Netherlands 

was to some degree related to DIF between modes (Feskens, Fox and Zwitser, 2019). However, 

it was concluded that that the methodology adopted by PISA was sufficient to account for these 

mode effects.  

Analyzing results from PIRLS of year 2006 on reading comprehension in fourth grade of 

school, Oliveri and von Davier (2014) found that for a large proportion of groups (i.e., 33 out 
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of 40 participating countries) 75 percent of items were well-fitting and hence, common between 

all countries. Therefore, a quasi-international scale was created with a minority of items having 

country-unique parameters. Assuming partial measurement invariance and using a subset of 

country-based parameters led to improved model fit of the data. However, it was found that 

country comparisons were not altered by using the model considering some country-unique 

parameters in comparison to a model with item parameters constrained to be the same for all 

countries. On a further note, they found that groups with higher levels of item misfit were at the 

upper and lower spectrum of achievement and Oliveri and von Davier (2014) assumed that it is 

due to less information at both ends of the achievement spectrum. 

To conclude from these (international) LSAs, construct-irrelevant variance can be introduced 

by the assessment context (i.e., presence of test administrators or interviewers). Investigations 

of such sources of variance and its consequences for the assessed competence can be unfeasible 

due to the study design (i.e., non-interpenetrated samples). Furthermore, differences in item 

parameters stemming from the test context can be associated with estimates of group 

comparison and mean estimates of change. In addition, context effects can be unequal across 

groups under study and in consequence unequally impact estimates of mean trend change.  

4. Analyzing context effects with multilevel latent variable modeling 
 

For the investigation of context effects on assessments of latent competence, statistical models 

and methods, as well as research strategies are needed. A central goal of the here presented 

models and methods is the detection of sources of construct-irrelevant variance stemming from 

the assessment context, as well as item bias and item variances associated with the assessment 

context. Therefore, multilevel structural equation modeling (MSEM; Kamata and Vaughn, 

2010) is beneficial when cluster effects and cluster-level group effects are of interest. The 

MSEM is the more general framework to multilevel IRT models (Fox, 2010; Fox and Glas 

2001; Kamata and Vaughn, 2010; Lu, Thomas, and Zumbo, 2005; Muthén and Asparouhov, 
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2012) and a translation of item thresholds and loadings to difficulty and discrimination 

parameters of the IRT normal ogive model was presented by Lord, Novick and Birnbaum 

(1968). Further information on the equivalence of the presented factor-analytic model to the 

normal ogive model can be found in McDonald (1967) and Finch (2005). 

To investigate context effects in competence measurement, a MSEM framework is proposed, 

where the measurement part is comparable to a two-parameter IRT model: 

                                      yijc
* = νjc + Λj θic + εijc.                                                                                 (1) 

 Here, yijc
* represents a J x 1 vector of unobserved latent response scores for respondent i  1 

… I, nested within cluster c  1 … C with j  1 … J items in the test. Thereby, νjc is the 

intercept of indicator variable j which can be allowed to vary across clusters c, θic is a K x 1 

vector of ability scores for K latent factors; in case of a unidimensional model, K = 1. 

Furthermore, Λj is a J x K matrix of discrimination parameters (factor loadings) and the εijc are 

the zero mean normally distributed residuals.  

Using a unidimensional IRT model with K = 1, both Λj and εijc are J x 1 vectors. In case of 

observed dichotomous responses, yji
 is defined as 

                                     yji = 1, if yji
* ≥ τj and  

                                     yji = 0, if yji
* < τj,                                      (2) 

with τj denoting the item difficulty parameter (threshold) for item j  1 … J. Likewise, for 

polytomously scored items, the scoring categories range from 0 to M with  

                                     yji = M, if yji
* ≥ τjM, 

                                                       yji = M-1, if τj(M-1) ≤ yji
* ≤ τjM,, 

                                                       … 

                                     yji = 1, if τj1 ≤ yji
* ≤ τj2, and 

                                     yji = 0, if yji
* < τj1.                                       (3) 
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The structural model part of this two-level SEM allows to regress latent factors 𝜃𝑖𝑐  on the 

cluster-level covariates 𝑥𝑐 (e.g., school type, interviewer or area characteristics): 

                                     𝜃𝑖𝑐 = 𝛼𝑐 + 𝛤𝑐𝑥𝑐 + 𝑢𝑖𝑐.                                                                       (4) 

Intercepts are given by 𝛼𝑐 and when no latent variable is specified as a predictor, the intercepts 

simply become factor means. The slopes for the observed cluster-level covariates are denoted 

by Γ𝑐. The residuals 𝑢𝑖𝑐 are assumed to be normally distributed with zero mean and K x K 

covariance matrix.  In cases of two (or more) sources of clustering, which are not hierarchically 

nested within each other, a cross-classified MSEM is presented for the measurement of two 

separate cluster-levels (i.e., interviewer and area clusters exist as two separate levels besides 

each other). The structural model part allows for varying intercepts and regression coefficients 

across separate clusters with c  1 … C denoting one cluster-level (i.e., interviewers) and g  

1 … G indicating another, parallel cluster-level (i.e., area clusters). This can be expressed as:  

             𝜃𝑖𝑐𝑔 = 𝛼𝑐𝑔 + 𝛤𝑐𝑔𝑥𝑖𝑐𝑔 + 𝑢𝑖𝑐𝑔           

             with c = 1, 2, …, C and g = 1, 2, …, G,  (5) 

where the latent factor θicg for respondent i nested in clusters c and g is regressed on individual-

level covariates xicg. The intercept αcg and the slopes Γcg are allowed to vary across each cluster-

level as a function of between-cluster variables wc and wg: 

                                    𝛼𝑐𝑔 = 𝛼00 + 𝛢𝑐𝑤𝑐 + 𝛢𝑔𝑤𝑔 + 𝜀𝑐 + 𝜀𝑔, (6) 

                                    𝛤𝑐𝑔 = 𝛤00 + 𝛤𝑐𝑤𝑐 + 𝛤𝑔𝑤𝑔 + 𝜉𝑐 + 𝜉𝑔. (7) 

The residual uicg is assumed to be normally distributed with zero mean and variance Var(uicg) = 

σ2
u, whereas the residuals for the cluster-levels, εc, ξc, εg and ξg, are each multivariate normally 

distributed with zero means and variance-covariance structures 𝛴 = (
𝜎𝜀

2 𝜎𝜀𝜉

𝜎𝜀𝜉 𝜎𝜉
2 ). When 

denoted as an unconditional cross-classified model without predictor variables, (5),  (6) and (7) 

reduce to the mixed-effects formulation:  
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                     𝜃𝑖𝑐𝑔 = 𝛼00 + 𝜀𝑐 + 𝜀𝑔 + 𝑢𝑖𝑐𝑔.                                                             (8) 

Here, the achievement of respondent i equals the sum of the grand-mean achievement of all 

respondents α00, the random effect εc introduced by cluster c, the random effect εg of the cluster 

g, and a random respondent effect uicg. These random effects introduced by clusters are 

indicators of the amount of construct-irrelevant variance in latent factors, stemming from the 

assessment context. 

Using the MSEM formula (1), cluster specific item parameters can be allowed:  

                                    νjc = 𝜔j + Λj θc + εjc.                                                                                            (9) 

where 𝜔j is the cross-cluster grand intercept of indicator variable j, which equals the grand mean 

of the latent variable when the between-level latent variable is zero. The term Λj refers to the 

cluster-level factor loading of indicator variable j with θc being the score of cluster c on the 

cluster-level latent variable. The cluster-level error term εjc is the random intercept denoting 

item variance across clusters. Item bias across cluster-level groups can be detected when 

cluster-level covariates are added that interact with the intercept of indicator variable j: 

                                    νjc = 𝜔𝑗 + Λj θc + βj 𝑥𝑐 + ϒj θc 𝑥𝑐 + εjc.                                                         (10) 

A significant regression coefficient βj would indicate non-invariant intercepts (i.e., latent 

means) of the latent trait between groups and a significant regression coefficient ϒj indicates if 

there is a difference in response probabilities across groups (i.e., non-invariant factor loadings). 

Setting this extension by a grouping variable into formula (1), a MSEM considering different 

intercepts and item properties across the between-level groups results: 

                                   yijc
* = 𝜔𝑗 + Λj θc + βj 𝑥𝑐 + ϒj θc 𝑥𝑐 + Λj θic + εjc + εijc.                                     (11) 

Furthermore, using this modeling framework, item variances associated with the assessment 

context can be examined by investigating random loading and threshold effects across clusters 

(Hartig, Köhler and Naumann, 2020; Verhagen, Levy, Millsap and Fox, 2015). Through 

inclusion of an additional random item effect εjc. such item variance can be examined and 
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random item variance is present when 𝜎𝜀𝑗𝑐
2

 is larger than 0 per item. However, slight deviations 

from zero might not impair group comparisons. In addition, random item effects can be different 

in comparison of cluster-level groups, which is termed cluster bias (Jak, Oort, and Dolan, 2014).  

With regard to estimation methods, Bayesian approaches have shown to be beneficial in the 

estimation of MSEM when categorical variable models are estimated and when there are several 

measurement occasions, as is the case using longitudinal data (Muthén and Asparouhov, 2012; 

Steele and Goldstein, 2006). Furthermore, Bayesian analysis is helpful to obtain correct 

variance estimates in MSEM and to obtain admissible estimates where a frequentist estimation 

method is likely to fail (Kaplan and Deapoli, 2013; Deapoli and Clifton, 2015; Verhagen et al., 

2015). 

Nevertheless, a problem of model identification is inherent when using the thus far presented 

MSEM for DIF detection between fixed groups, for example through the inclusion of groups 

as cluster-level covariates and regressing them on item parameters: as one item needs to be 

constraint, DIF actually measures the difference between the constraint and the respective jth 

item (Penfield and Camilli, 2007). Further details on this indeterminacy of latent variables and 

solutions for measurement invariance testing using an approach of relative DIF are discussed 

by Bechger and Maris (2015) and Schulze and Pohl (2020). Methods to select item sets free of 

DIF for anchor selection in multiple group comparison were presented by Kopf, Zeileis and 

Strobl (2015) or Huelmann, Debelak and Strobl (2019).  

When interested in item bias across cluster-level variables, applying the method of Alignment 

Optimization (AM), as proposed by Asparouhov and Muthén (2014), is another way to 

investigate if measurement invariance is violated through DIF between the cluster-level 

covariates. A comparison of AM to other methods of measurement invariance testing with many 

groups was presented by Kim et al. (2017). This maximum likelihood-based method follows 

the logic of multiple group factor analysis and searches for an optimal set of measurement 
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parameters. Items with invariant factor means and variances across multiple groups are detected 

while nested data structures can be fitted, because standard errors are computed using the 

Huber-White sandwich estimator (Huber, 1967; White, 1980).  

Measurement invariance is investigated by starting with a configurational model assuming no 

invariance, with zero mean and factor variance set to one in all groups. Subsequently, factor 

means and variances are allowed to vary across the groups, with the attempt to find as much 

invariance as possible. Finally, an alignment fitting function identifies the model by performing 

pairwise comparisons for all groups of both intercept and loading parameters, thereby finding 

the optimal measurement invariant model by minimizing the amount of measurement non-

invariance: 

𝐹 = ∑ ∑ 𝑤𝑔1,𝑔2

𝑔1<𝑔2𝑝

 𝑓(𝑎𝑝𝑔1 − 𝑎𝑝𝑔2) 

+ ∑ ∑ 𝑤𝑔1,𝑔2𝑔1<𝑔2𝑝  𝑓(𝛿𝑝𝑔1 − 𝛿𝑝𝑔2).    (12) 

With p being the number of observed indicators, g1 and g2 represent the group for every pair 

of groups in the data, 𝑎𝑝𝑔1 and 𝑎𝑝𝑔2 represent the factor loadings of the compared groups, while 

𝛿𝑝𝑔1 and 𝛿𝑝𝑔2 denote the intercepts of the respective groups. For every measurement parameter 

in function F, the difference of every pair of groups is scaled through the component loss 

function f, defined as:  

𝑓(𝑥) =  √√𝑥2 + 0.01 .    (13) 

This also called total loss, simplicity or component loss function (Jennrich, 2006) accumulates 

the total measurement non-invariance over the items and optimizes at a few large non-invariant 

loading and intercept parameters and many approximately invariant parameters. Hence, the 

problem of constraining one item used as a reference is circumvented. A detailed presentation 

and a further IRT application using the AM approach is presented in Muthén and Asparouhov 

(2014).  
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5. Manuscripts of this dissertation 
 

This dissertation comprises three manuscripts that all concern context effects in educational 

LSAs of latent competence, but focus on various consequences of the presence of such effects 

for the assessment. For each manuscript, the title, a brief summary of the research question and 

main results are presented. The here depicted topics and results are discussed in the subsequent 

section in light of test standards, comparable research on context effects of LSAs, as well as 

methods and analysis strategies using multilevel latent variable modeling. 

5.1. Manuscript 1: Construct-irrelevant variance from the assessment context  
 

Rohm, T., Carstensen, C. H., Fischer, L. & Gnambs, T. (2021). Disentangling Interviewer  
and Area Effects in Large-Scale Educational Assessments using Cross-Classified 
Multilevel Item Response Models. Journal of Survey Statistics and Methodology, 9(4), 
722-744. https://doi.org/10.1093/jssam/smaa015 

 

Summary 

As outlined, construct variance can be associated with the context of the assessment. Construct-

irrelevant variances stemming from the context factors can be a threat to the fair and valid 

interpretation of test scores. For the assessment of mathematic competence to the adult cohort 

of the German National Educational Panel Study (NEPS), interviewer and area clusters were 

identified as two possible sources of variance stemming from the assessment context. Hence, 

an analysis of construct variance stemming from two separate cluster-levels was conducted. 

Both levels were disentangled using cross-classified multilevel IRT models and Bayesian 

methods were applied. The measurement model of mathematic competence was thereby 

specified as a two-parameter logistic IRT model (Kamata and Vaughn, 2010), which in 

comparison to the Rasch Model (Rasch, 1960) allows for unequal item discrimination among 

respondents with different abilities. In educational and psychological contexts, such multilevel 

IRT models were presented by Fox and Glas (2001), Fox (2003), and Skrondal and Rabe-

Hesketh (2004). In the structural part of the model, latent mathematical ability was regressed 
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on individual-level covariates of respondent characteristics (i.e., age, gender, ethnicity, 

educational level, employment status, cultural capital, political area size per respondent) and 

interviewer characteristics (i.e., age, gender, educational attainment, working experience as an 

interviewer).   

Besides regression coefficients and the overall amount and share of variance due to both cluster-

levels, the Bayesian residual estimates of each cluster unit were of interest. These residual 

estimates demonstrate heterogeneity in mathematical competence per specific cluster. 

Furthermore, they reflect the similarity between the measurements of respondent mathematical 

competence within the clusters. To identify exceptional clusters, random effects were drawn 

for each cluster from the posterior distribution of mathematic competence estimation. 

Furthermore, the posterior standard deviation was used to obtain confidence intervals for the 

random intercepts of cluster specific competence values.  

Results of the estimated models were threefold: (1) Observed variance in mathematical 

competence was much higher between interviewers (6.6 percent) than between areas (0.8 

percent). Hence, substantial interviewer variance in the assessment of adult mathematic 

competence is present, while area effects are small. (2) While all respondent characteristics 

exerted significant effects on mathematic competence, none of the observed interviewer 

characteristics was found to be significantly related to respondent mathematical competence. 

(3) Using interviewer residuals sampled from the posterior distribution and investigating their 

posterior probability interval (PPI) revealed some interviewers with undue influence on the 

measurement of respondent mathematic competence. Four out of the 200 interviewers had a 

PPI above zero and twelve interviewers had a PPI below zero, indicating that their estimated 

competence intercept deviates significantly from the survey population mean. Such deviations 

were not found for area clusters. To assess the impact of the deviating interviewers, the 

respondents’ numbers of missing values in the administered mathematic competence test and 
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the participation rates at the subsequent competence assessment (about five to six years later) 

were compared. Respondents interviewed by interviewers with significantly higher residual 

estimates had, in comparison to the respondents interviewed by non-outlying interviewers, 

significantly lower missing values in the competence test, but also lower participation rates at 

the subsequent measurement occasion (five to six years later). For respondents who were 

interviewed by interviewers with significantly lower residual estimates, no significant 

differences were found. 

To sum up, while area effects were negligible, a noteworthy amount of construct-irrelevant 

variance stemming from the assessment context was present and a considerable number of 

interviewers with effects on the assessment were found. However, a comparison between 

individual assessment scores of a model considering the random interviewer effects and a model 

ignoring the nested structure, showed that interviewer effects do not distort the individual 

assessments of mathematical competence. Nevertheless, variance in mathematic competence is 

higher due to interviewer presence. Our work demonstrates the effects of clusters of the 

assessment context on the measurement of a latent construct (i.e., mathematic competence), 

using multilevel IRT modeling. Construct-irrelevant variance due to the context of the 

assessment was observed and specific clusters were found to exert an undue influence on 

competence measurement. 

5.2. Manuscript 2: Context-level group differences in competence development  
 

Rohm, T., Carstensen, C. H., Fischer, L. & Gnambs, T. (2021). The achievement gap   
            in reading competence: the effect of measurement non-invariance across school types.    
            Large-scale Assessments in Education, 9(23).  
            https://doi.org/10.1186/s40536-021-00116-2 
 
Summary 

Context-level group differences in the measurement of latent constructs (i.e., item bias) might 

affect the outcome of measurements. The groups in this study were school types of students and 
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they are associated with the assessment context insofar, as the school type groups comprise the 

sampled school clusters (i.e., specific schools that students visit) of the assessment. Differences 

of item estimates can be present when items of the measured construct function differently 

across groups. In effect, the results of comparisons between the here investigated school type 

groups might be associated with the item differences. When some items are non-invariant 

between groups, the underlying relationship among item indicators and the measured construct 

might be unequal between the groups under study. As the absence of measurement bias is one 

precondition for the principle of test fairness, non-invariances between groups can limit 

inferences that are made based on assessments containing item bias and inference about group 

differences with regard to the measured construct can be invalid.  

In the conducted study, it was assumed that differences between groups in measurement 

constructs might impact the longitudinal measurement of competence development. The groups 

were cluster-level covariates (i.e., school types), as clusters could be attributed to a specific 

group (i.e., schools belonging to a specific school type). Students’ reading competence 

development from fifth to ninth school grade was compared between school types and it was 

examined if differential item functioning between school types affects estimates of reading 

competence development from fifth to ninth school grade. For the identification of differential 

item functioning and for the longitudinal comparison of reading competence, the clustered data 

structure was taken into account, as students were nested within schools. Reading competence 

was thereby assessed at three measurement occasions: at fifth, seventh and ninth school grade, 

with N = 7,276 participating students. Differential item functioning between school types was 

assessed using the alignment optimization method (Asparouhov and Muthén 2014; Kim et al. 

2017; Muthén and Asparouhov 2014) and multilevel structural equation models (Kaplan, Kim 

and Kim, 2009; Marsh et al. 2009; Rabe-Hesketh, Skrondal and Zheng, 2007) were used to 

assess weather measurement non-invariance between school types is associated with reading 
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competence development. Therefore, item information of items functioning differently between 

school types was treated as unique to the respective non-aligning school type versus the 

remaining school types.  

Results of differential item functioning indicated some measurement non-invariance between 

school types for each measurement occasion and most non-invariance occurred between the 

lowest and highest school type (i.e., lower secondary school vs. high school). One-third of the 

items assessed in fifth grade and about one-fourth of the items in seventh and ninth grade 

exhibited measurement invariance. Furthermore, most item non-invariances were present for 

items positioned in the last part of the competence tests. Nevertheless, taking these 

measurement non-invariances into account by estimating school type specific item 

discrimination and difficulty parameters, did not alter the parallel pattern of competence 

development between the school types. Hence, school type comparisons of reading competence 

development were not sensitive to found measurement non-invariance between school types. 

However, measurement non-invariance between school types was more frequent in fifth grade 

where one test form was assessed to all students and less frequent in seventh and ninth grade 

when two booklets (i.e., easy and difficult test version) were administered. 

As the study focused on the measurement of reading competence development between school 

types, it was found that differences in reading competence development from fifth to ninth 

grade follow a parallel pattern. Thereby, three distinct school type groups can be identified (i.e., 

high school vs. middle secondary school/comprehensive school/schools offering all school 

tracks vs. lower secondary school). Besides the assessment of differential item functioning 

across school types, it was tested if the found pattern of competence development between the 

different school types is robust to the ignorance of the hierarchical structure (i.e., students 

nested in schools). Misleading conclusions about the development of reading competence 
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between German secondary school types resulted, when the hierarchical data structure was not 

considered, either through multilevel modeling or cluster-robust standard error estimation. 

The conducted study adds to the research on reading competence development among German 

secondary school types, where either a parallel development (e.g., Retelsdorf and Möller 2008; 

Schneider and Stefanek 2004) or a widening gap (e.g., Pfost and Artelt, 2013) for the same 

schooling years was found. Previous studies used cluster-robust maximum likelihood 

estimation methods, but did not report analyses of measurement invariance between school 

types. We therefore emphasize the necessity to present evidence and discuss findings of 

measurement invariance for such group-mean comparisons in studies on competence 

development. Findings should thereby be discussed in the light of comparability of the 

measured construct across groups and over measurement occasions, as constructs should have 

the same meaning for all groups and at all assessments. 

5.3. Manuscript 3: Random item effects in ability assessment 
 

Gnambs, T., Scharl, A., & Rohm, T. (in press). Comparing perceptual speed between  
educational contexts: The case of students with special educational needs. Psychological 
Test Adaptation and Development. Accepted for publication. 
https://doi.org/10.1027/2698-1866/a000013 
 

Summary 

Besides cluster-effects and group-level differences in large-scale educational assessments, 

random item effects across clusters can be another source for differences in the measurement 

of latent constructs across contexts that impair principles of fair and valid assessment. Item 

differences can thereby be divided into fixed-group and random-group DIF, where the former 

indicates item bias across groups and the latter indicates random item effects across clusters. 

Our study compared three items measuring perceptual speed between students of regular 

schools (i.e., basic secondary schools, intermediate schools, upper secondary schools) and 

students with special educational needs for German secondary school students at ninth grade 
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(N = 3,312). Using the Rasch (1960) Poisson counts model with a zero-inflation process, 

parameterized as a general linear mixed-effects model (Fox, 2010), differential item functioning 

between school types was investigated for zero-inflation and item difficulty parameters. 

Furthermore, random school-level item effects were examined for item difficulty parameters. 

Model comparisons revealed that the most complex model, considering both fixed- and 

random-group DIF effects, had the best fit.  

Only modest fixed-group DIF between special and regular school students of basic and 

intermediate secondary schools was present. Students from a specific school track were not 

systematically disadvantaged, as the direction of DIF was unequal between the two items 

exhibiting DIF. However, random-group DIF was found for two out of the three items. 

Especially for the first item, the estimated item difficulties differed across school clusters. These 

differences across assessment contexts (i.e., school clusters) might indicate problems of 

standardized test assessment. Found random variances might be due to differences in test 

instruction and test execution, as assessments were supervised by trained test administrators. 

However, it remains unclear if these random effects are associated with the specific school or 

with the quality of test administration. Nevertheless, the findings highlight the importance of 

standardized test assessments to obtain comparable test information on groups of interest for 

educational and psychological research.   
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6. Discussion 
 

As declared in the Standards for Educational and Psychological Testing (Standards, 2014), test 

fairness, reliability and validity can be impaired by features of the test context, such as 

measurement non-invariance between cluster-level groups, error sources distorting standard 

error estimation and construct-irrelevant variance. However, studies of educational and 

psychological LSAs have rarely investigated effects stemming from the assessment context on 

measurement invariance in (longitudinal) group comparisons.  

For a valid assessment of competence and valid inferences for group comparisons, equal 

treatment during the test procedure is one premise (Tierney, 2016). In light of competence 

assessment settings, equal treatment might be impaired when interviewers or test administrators 

do not adhere to standardized protocols of test assessment. The first manuscript presented 

evidence for consequences of unequal treatment of respondents through interviewers in 

mathematic competence assessment for the first assessment cycle of the NEPS adult cohort. 

Construct-irrelevant variance in mathematic competence was introduced to a considerable 

extent by interviewers, but not by areas in which the respondents were nested. It also showed 

that unequal treatment of respondents during the test assessment is not necessarily associated 

with bias, as none of the interviewer variables was significantly related to the respondent’s 

mathematic competence. Similarly, the principle of fairness presupposes fairness in treatment 

during the testing procedure and the found associations between some interviewers with 

significantly higher residual estimates with characteristics of their respondents (i.e., 

significantly decreased number of missing values; significantly lower participation rates at the 

subsequent measurement occasion five to six years later) challenge the fairness principle. It is 

of question if these results occurred due to problems with standardized test assessments and a 

lack of interviewer training, or due to unwarranted interactions of the test examiner with the 

test taker. From this study, that was conducted in respondents’ homes, it can be concluded that 
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the test context (i.e., presence of interviewers) affected the assessed test as a whole for some 

respondents. Deviations from standardized test assessment procedures through a limited 

number of interviewers can lead to considerable construct-irrelevant variance, even though the 

tests were self-administered and interviewers were advised to stay passive during test 

assessment.  

A comparable test setting is employed by the PIAAC Survey of Adult Skills and likewise, the 

quality of assessed competence depends on independently working interviewers. However, for 

the assessment of competence in PIAAC, effects stemming from interviewers were only 

assumed and potential sources of error introduced by interviewers were described for example 

by Hibben, Pennell and Scott (2018) and Keslair (2018), or solely investigated for their impact 

on the questionnaire data (Ackermann-Piek and Massing, 2014). Hence, some proposed 

impairments for the PIAAC study (i.e., interviewer work experience, interviewer assignment 

size and interviewer effects) were investigated with the here presented study (Rohm, 

Carstensen, Fischer and Gnambs, 2021) and found to exert influence on adult competence 

assessment (i.e., interviewer effects). However, as no statistical evidence was presented for 

interviewer effects in PIAAC assessments, results cannot be comparatively discussed. 

Furthermore, for the first cycle of PIAAC competence assessment, the sampling areas and 

interviewer assigned areas overlapped and personal information on interviewers was not 

collected. One can therefore conclude that the detection of potential context effects stemming 

from the deployment of interviewers in the field work process is not a mere statistical task. The 

detection of context effects already starts with the planning and design implementation of 

competence assessment studies. Elaborate statistical models and methods are of no use when 

potential error sources of the assessment context cannot be distinguished (i.e., when sampling 

and interviewer variance cannot be divided as the sampling design is not interpenetrated). To 
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conclude, strategies for fair group comparisons start before data collection and evaluation, 

already with the design of the study and sampling of the respondents. 

Besides fairness in the treatment during the test procedure, the absence of measurement bias is 

another requirement for the principle of fairness in test assessment. With regard to the context 

of the assessment, item differences can be attributable to groups comprised of cluster units. For 

example, in student competence assessments, item differences can occur across school types 

and the school types are comprised of school clusters that were the primary unit of sampling. 

Hence, methods for the statistical analysis of item bias between school types shall at best take 

these dependencies of clustered sampling into account. For the analysis of item bias in cluster-

level variables, the AM method was presented in chapter 4 and applied for DIF detection in the 

second manuscript of this dissertation (Rohm, Carstensen, Fischer and Gnambs, 2021). When 

compared to other DIF detection methods, for example using a SEM or IRT approach as 

presented in chapter 4, the AM method has the advantage that none of the items needs to be 

constrained to be used as reference, as the simplicity function optimizes at non-invariant loading 

and intercept parameters after accumulating the total measurement non-invariance over the 

items. However, one has to be cautious when applying the AM procedure, as this method 

produces satisfying results only if the majority of items is measurement invariant across the 

groups (Asparouhov and Muthén, 2014). As proposed before, the context can affect the assessed 

instrument as a whole, several sections, or single items of an assessed test. Applying the AM to 

three measurement occasions of reading competence in NEPS from fifth to ninth grade, most 

measurement non-invariance occurred for items positioned in the last part of the competence 

tests. Hence, measurement non-invariance associated with school type groups affected only 

several sections of the competence tests and not the instrument as a whole. Furthermore, most 

measurement non-invariance occurred between the highest and lowest school type group and 

one can therefore add that the test context can be associated differently across sampled groups. 



33 
 

One of the main questions of this dissertation is if found measurement non-invariance related 

to context groups or clusters matters. Hence, after the identification of items that work on the 

advantage or disadvantage of school types using the AM, the MSEM framework was used to 

examine if some item bias between school types affects results of reading competence 

development in school type comparison. This strategy to investigate consequences of 

measurement non-invariance showed that patterns of competence development among German 

secondary school types were not altered when school type specific item estimates were included 

for items exhibiting DIF.  Nevertheless, as students were sampled within their school context 

(i.e., students nested in schools), it was found to be important to statistically correct for these 

dependencies, either through multilevel modeling or cluster-robust standard error estimation. 

When this error source introduced by sampling of the individuals is not considered, misleading 

conclusions about reading competence development between different school types resulted. 

Therefore, ignoring nested data structures in group comparisons would reduce reliability of the 

results. The error source of students nested within school contexts is quite known and regularly 

accounted for in school type comparisons of reading competence, mostly through cluster-robust 

estimation methods (e.g., Pfost and Artelt, 2013; Retelsdorf and Möller, 2008; Schneider and 

Stefanek, 2004). In comparison, interviewer clusters introducing errors is not as frequently 

researched or accounted for, which might be due to the fact that school clusters are actively 

sampled from the population while interviewer clusters arise from the test assessment 

procedure.   

Comparing the findings of the second manuscript to similar research on item bias associated 

with the assessment context in reading competence measurement, varying item effects across 

school types have been previously reported in evaluation of PISA 2012 (Debeer et al., 2014; 

Hartig and Buchholz, 2012; Qian, 2014) and the German longitudinal PISA extension from 

2012 to 2013 (Nagy et al., 2016). When statistical models did not account for these test context 
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effects (i.e., item position effects across secondary school types), larger achievement 

differences favoring the upper secondary school track resulted (Nagy et al., 2016). The study 

on NEPS reading competence assessment in secondary school, presented through the second 

manuscript of this dissertation, did find item bias across school types. In comparison to the 

PISA 2012 and 2012 to 2013 studies, it was hereby found that accounting for theses item effects 

with statistical modeling did not alter the differences in reading competence development across 

school types. Nevertheless, please note that the studies using PISA data focused on item 

position effects that varied across school types while the second manuscript of this dissertation 

investigated item bias across school types and item positions did not vary in the reading 

competence assessments of the NEPS.  

In addition, results of the second manuscript can be compared to results on item effects in 

PIRLS (Oliveri and von Davier, 2014) insofar, that in both cases the number of measurement 

invariant items across assessment contexts (i.e., school type comparisons in NEPS vs. country 

comparisons in PIRLS) was quite high and the consideration of partial measurement invariance 

improved model fit but did not alter group comparisons. In both studies the number of 

measurement invariant reading competence items amounted to 75 percent (i.e., PIRLS 

assessment at fourth grade; NEPS assessment at seventh and ninth grade) with an exception of 

NEPS assessment in fifth grade, where about two-third of items were measurement invariant 

across the groups (i.e., school types). Another similarity between the studies is given therein, 

that higher levels of misfit were found for groups at the upper and lower spectrum of 

achievement, where Oliveri and von Davier (2014) assumed this might be due to less 

information at both ends of the achievement spectrum. Likewise, for all three reading 

competence assessments in NEPS from fifth to ninth grade, most measurement non-invariance 

was found between school types with lowest and highest average achievement, hinting to this 

assumption. 
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Besides measurement non-invariance arising from fixed groups (i.e., school types), random-

group DIF can be present, which is measurement non-invariance across clusters (i.e., school 

clusters). When random-group DIF is observed, item properties such as item difficulty vary 

across cluster units, which might indicate problems of standardized test assessment and limit 

principles of fairness and validity in competence assessments. As stated in chapter 2, the choice 

of selection criteria for item bias and also the choice of DIF detection methods could make a 

difference to findings on measurement invariance. For example, the third manuscript of this 

dissertation (Gnambs, Scharl and Rohm, in press), demonstrated the presence of random 

school-level item effects for item difficulty parameters, which is random-group DIF. Variance 

in item difficulty across school clusters was found for two out of the three items and especially 

pronounced for the first assessed item. When indicating fixed-group DIF through school type 

by item interactions, the first item would regularly be set as the constrained reference item. 

With the presence of such pronounced random item variance across school clusters, this is not 

a suitable choice and the item with random-group measurement invariance was set as reference. 

This choice of reference group can make a difference to the detection of DIF between the fixed 

groups (i.e., school types).  

Altogether, the analyses of the third manuscript on random-group DIF also demonstrate how 

construct-irrelevant variance stemming from the assessment context is associated with single 

items of the assessed test. Such random deviations of item parameters have rarely been 

investigated as violations of measurement invariance. The development of Bayesian methods 

has enabled the estimation of item specific variance components and the inclusion of 

covariances of random effects on the group-level (Hartig et al., 2020; Verhagen et al., 2015). 

Nevertheless, item variances across cluster units and their associations with estimates of group 

comparisons have rarely been investigated or discussed. Hence, investigations on the relevance 

of random item effects across clusters are desiderata for future research.   
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7. Conclusion 
 

In this dissertation, effects on competence and ability measurement in psychological and 

educational testing stemming from the context of the assessment have been analyzed using 

multilevel latent variable modeling methods. The three presented studies focusing on (1) 

construct-irrelevant variance from the assessment context, (2) context-level group differences 

in item estimates and their relevance for the measurement of competence development and (3) 

random item effects across clusters, have been set in relation to standards for educational and 

psychological testing, was well as to results of similar LSA studies. Regarding the content of 

the three studies, contexts exerting effects on assessments can be manifold and for example 

stem from interviewer or test administrator presence, where clusters are a feature of the 

assessment procedure. Furthermore, clusters can arise from the sampling procedure, as is the 

case when schools or areas are the primary sampling unit. However, clustered data does not 

necessarily present context effects on assessments and there are statistical methods to correct 

for dependencies in the data stemming from clustered sampling (e.g., cluster-robust standard 

error estimation methods or multilevel models). 

As demonstrated through three studies, the presence of context effects can have consequences 

for competence and ability assessments and unequal treatment of respondents across contexts 

can for example lead to construct-irrelevant variance, item bias between context groups or 

random item variance. Because of manifold contexts in which competence is assessed in LSAs 

and the various effects it might have on results, researchers have to decide which assessment 

contexts to investigate and how to examine possible effects on the assessment. As stated in the 

standards for educational and psychological testing (2014), not all error sources can be 

identified or captured and it is therefore recommended to evaluate those which are likely to 

have the highest impact. Statistical methods, research strategies and some likely error sources 

associated with contexts of competence and ability assessment in LSAs have been presented in 
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this dissertation. Thereby, the here presented work on context effects in LSAs is 

interdisciplinary, as the work is associated with different research disciplines. While the 

investigation of interviewer and area effects is in the area of survey statistics, the work on 

reading competence development between secondary school types is in the field of educational 

research and the comparison of the perceptual speed assessment between school types is among 

pedagogical and psychological test assessment.  

What can be generalized over all these research disciplines with regard to context effects is, 

that critical evaluations of assessment practices and reflections on study designs are important 

to recognize features of the assessment that might lead to increased variance of the construct, 

increased item variance, or item bias (Tierney, 2016). Hence, thoughtful preparation and critical 

reflection of assessments are desired. Finally, following the recommendation from Borsboom 

(2006), educational research needs to transition from the question if a test is biased to ‘does the 

amount of bias in that test matter?’. As the first question is empirical, the second question 

demands from researchers to critically review the purpose of assessments and reflections on 

sources of biasing effects. 
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In large-scale educational assessments, interviewers should ensure stan­

dardized settings for all participants. However, in practice many inter­

viewers do not strictly adhere to standardized field protocols. Therefore, 

systematic interviewer effects for the measurement of mathematical 

competence were examined in a representative sample of N = 5,139 

German adults. To account for interviewers working in specific geo­

graphical regions, interviewer and area effects were disentangled using 

cross-classified multilevel item response models. These analyses showed 
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that interviewer behavior distorted competence measurements, whereas 
regional effects were negligible. On a more general note, it is demon-
strated how to identify conspicuous interviewer behavior with Bayesian 
multilevel models. 

KEYWORDS: Administration effects; Competence measurement; 
Interviewer effects; Large-scale assessment; Multilevel item response 
theory. 

1. INTRODUCTION 
Interviewer behavior is an essential factor in large-scale educational assess-
ments to guarantee valid measurements of, for example, cognitive abilities, 
motivations, or attitudes (Moss, Girard, and Haniford 2006). By adhering to 
standardized field protocols, interviewers need to accomplish a variety of tasks 
such as creating comparable settings that avoid unnecessary disruptions or pro-
viding similar assistance to all participants who does not give an undue advan-
tage to some respondents. Typically, not all interviewers are equally capable; 
depending on their abilities or motivations, some interviewers might be more 
likely to succeed in creating standardized assessment conditions than others 
(Schaeffer, Dykema, and Maynard 2010; West and Olson 2010; West, 
Kreuter, and Jaenichen 2013; Turner, Sturgis, Martin, and Skinner 2014). If 
specific interviewer behavior affects the responses of some participants, 
responses from different respondents being assessed by the same interviewer 
are likely correlated and, thus, exhibit a systematic interviewer-specific vari-
ance. This variance might even depend on specific interviewer characteristics 
(e.g., age or experience) or interactions between interviewer and respondent 
characteristics. Consequently, a test taker's responses not only reflect the con-
struct of interest (i.e., attitudes, cognitive abilities) but also context effects in-
troduced by nonstandardized assessment conditions. Ignoring these 
dependencies in the analysis of respondent data risks underestimating standard 
errors and, in turn, overestimating the statistical significance of eff ects 
(Durrant, Groves, Staetsky, and Steele 2010; Finch and Bolin 2017). 

Because interviewers often work in a specific geographical region, inter-
viewer effects can be confounded with regional characteristics 
(O'Muircheartaigh and Campanelli 1998). To deal with the possible related-
ness of respondents being assessed by the same interviewer and of respondents 
living in the same sampling area, the present study adopts cross-classified mul-
tilevel models to disentangle both sources of variance. In this way, dependen-
cies introduced by interviewer behavior and geographical areas are 
distinguished by estimating separate random effect structures (Maas and Hox 
2004). We demonstrate cross-classified multilevel modeling in a German 
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large-scale assessment of mathematical competences and evaluate the impact 
of interviewers on competence measurement. 

2. INTERVIEWER AND AREA EFFECTS IN LARGE-
SCALE ASSESSMENTS 
Domain-specific competences such as mathematical or reading competence 
represent central factors for successful performance in many educational and 
professional situations (Hartig, Klieme, and Leutner 2008). They explain edu-
cational trajectories, occupational choices, and even differences in wages 
(Heckman, Stixrud, and Urzua 2006) and, thus, determine the social and eco-
nomic success of individuals. Moreover, from the perspective of cross-country 
comparisons, enhanced cognitive sk:ills improve economic well-being of 
nations (Hanushek and Woessmann 2008). Therefore, various large-scale 
assessments such as the Programme for International Student Assessment 
(PISA), the Trends in International Mathematics and Science Study (TIMMS), 
the Progress in International Reading Literacy Study (PIRLS), or the 
Programme for the International Assessment of Adult Competencies (PIAAC) 
have been initiated to identify determinants of sk:ill inequality and provide pol-
icy makers recommendations for political action. The study of competences 
requires standardized measurements that allow for the estimation of reliable 
competence scores (Pohl and Carstensen 2013). Importantly, respective test 
scores should only reflect individual differences in the measured competence 
and not situational influences or context effects from, for example, different as-
sessment modes (e.g., computer versus paper; cf. Wang, Jiao, Young, Brooks, 
and Olson 2007), distractive environments (e.g., disturbance by other test tak-
ers or media devices; cf. Shelton, Elliott, Eaves, and Exner 2009), or different 
forms of assistance (e.g., lengthy versus limited test instructions). In this re-
gard, interviewers are assigned an essential role. They are responsible for the 
implementation of standardized assessment settings for all participants and, 
thus, should give each test taker equal opportunities to achieve good test 
scores. 

2.1 Interviewer Effects 

Interviewers can aff ect the quality of the obtained data through the contact 
with possible respondents (nonresponse error) and the actual process of inter-
viewing (interviewer bias). Nonresponse error is produced because inter-
viewers influence the propensity of the respondents to participate in the survey 
(Schaeffer et al. 2010; West and Olson 2010; West et al. 2013 ; Vassallo, 
Durrant, Smith, and Goldstein 2015). In contrast, interviewer bias is introduced 
during the administration of the questionnaire or test. V arious directly 
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observable interviewer characteristics such as the interviewers' age, gender, or 
ethnicity as well as unobservable characteristics (e.g., experiences, stereotypes 
about the respondent, attitudes toward the surveyed topic, expectations about 
item difficulty) can exert nonnegligible effects on survey responses (Groves 
1989; Hox 1994; O'Muircheartaigh and Campanelli 1998; Rosenthal 1967, 
2002; Tourangeau and Yan 2007; Brunton-Smith, Sturgis, and Williams 
2012). For example, a well-known systematic influence on survey results are 
interpersonal expectancy effects (Rosenthal 1994 ). Interviews are a social pro-
cess: not only do respondents provide information to the interviewer, but inter-
viewers also provide information to the respondents. If interviewers hold 
certain beliefs about the topic of a survey, they might unintentionally commu-
nicate subtle hints (e.g., by body language, tone of voice) to which respondents 
might react. In survey research, interviewer effects have sometimes been found 
to be small, often explaining less than 10 percent of variance in nationally rep-
resentative household surveys (e.g., Groves 1989; Brunton-Smith, Sturgis, and 
Leckie 2016). Rarely, cross-country studies show intra-interviewer variance 
approaching 20 percent (e.g., Beullens and Loosveldt 2014, 2016). However, 
even small effects can have an undue impact on the quality of the obtained 
data, particularly when each interviewer surveys many respondents (Kish 
1965; Collins 1980; Hox, de Leeuw, and Kreft 1991; Schaeffer et al. 2010). 

Differences in interviewer behavior can also systematically bias the assess-
ment of competences (Rosenthal 1994, 2002). Although great effort is invested 
into standardizing large-scale assessments, for example, with the help of ad-
ministration manuals and mandatory interviewer trainings, empirical investiga-
tions on the effectiveness of these efforts are rather limited. One exception is 
an analysis of interviewer effects within institutional contexts (classroom set-
ting) of student educational assessments (Lüdtke, Robitzsch, Trautwein, 
Kreuter, and Ihme 2007). These authors found negligible interviewer effects in 
the 2002 PISA assessment of mathematical competence, explaining less than 1 
percent of variance. Furthermore, neither interviewer characteristics (e.g., gen-
der, experience) nor interactions between respondents' and interviewers' gen-
der yielded an effect on the observed achievement scores. So far, little is 
known about interviewer effects on competence measurement in noninstitu-
tional individual settings. Because of the less standardized assessment situation 
in the respondents' private homes, differences in interviewer behavior might 
have stronger effects on competence measurements. 

2.2 Area Effects 
Another source of imprecision in the estimation of respondents' proficiency is 
variance introduced through the sampling of respondents through regional 
clusters. In complex sampling designs, respondents are selected from a popula-
tion using multistage duster sampling. Thereby, the responses of survey 
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participants belonging to the same area duster can be correlated. The homoge-
nizing effect of sampling points is also termed "spatial homogeneity" (Schnell 
and Kreuter 2005). lt results from similar sociodemographic characteristics of 
respondents who live in the same area (Schnell and Kreuter 2002; Gabler and 
Lahiri 2009), as well as socioeconomic and cultural characteristics, accessibil-
ity or factors of urbanicity (Haunberger 2010). For example, within a regional 
duster income, age and ethnicity of the respondents are likely to be more simi-
lar than across different dusters (Lee, Forthofe, and Lorimor 1989); conse-
quently, measured attitudes, proficiencies, and behaviors related to these 
characteristics are likely to be correlated with the regional dustering. 

In face-to-face surveys, interviewers are often assigned to respondents based 
on spatial proximity. However, when each interviewer works in a specific re-
gion, effects of interviewers and areas can be confounded. This confounding 
could be minimized with the use of an interpenetrated design (Mahalanobis 
1946; Hox 1994), where interviewers are assigned at random to respondents, 
living in different areas. Consequently, explanatory variables on the inter-
viewer and area level can be assumed to be no longer correlated. However, this 
is often rather impractical for national surveys because this design is associated 
with high travel expenses for interviewers. In contrast, partially or limited 
interpenetrated designs allow to empirically disentangle interviewer and area 
effects, although interviewer and area dusters do overlap to some extent. As a 
requirement for this limited interpenetrated design, some interviewers work in 
more than one area and areas are visited by more than one interviewer. For ex-
ample, a recent simulation study (Vassallo, Durrant, and Smith 2017) on cross-
dassified multilevel logistic models predicting survey nonresponse suggests 
that three areas per interviewer can be sufficient interviewer dispersion across 
areas, resulting in good precision of survey estimates. Particularly, the random 
variance structure can be severely biased when interviewers work in only one 
area, whereas intercept estimates seem tobe less affected by restrictive inter-
viewer allocation schemes. 

Therefore, empirical analyses of interviewer effects need to account for pos-
sible dustering of interviewers within specific areas (Durrant et al. 2010; 
Brunton-Smith et al. 2012; Turner et al. 2014). In survey research, joint estima-
tions of interviewer and area effects typically found that interviewers made a 
higher contribution to the homogenizing effect in survey estimates as com-
pared to sampling point dusters (Hansen, Hurwitz, and Bershad 1961 ; 
O'Muircheartaigh and Campanelli 1999; Schnell and Kreuter 2002). These 
studies were similar in trying to randomly allocate respondent addresses to 
interviewers within geographical pools or districts. Main differences were the 
purpose of the study (accuracy of US census data versus refusal and noncon-
tact in the British Household Panel Study versus a design-effects study), the 
strategy of random allocation of interviewers to areas ( e. g., the amount of inter-
viewers allocated to respondents within and across areas ), and the statistical 
method used to separate the interviewer and area effects (F-test versus 
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multilevel cross-classified models versus three-level models). However, in 
large-scale educational assessments of adult competencies, confounded inter-
viewer and area effects have rarely been investigated. 

3. IDENTIFICATION OF INTERVIEWER AND AREA 
EFFECTS 
Multilevel modeling is useful to separate construct variance from context 
effects. If substantial interviewer or area effects occur, individual observations 
are not completely independent. These dependencies can be acknowledged in 
the modeled error structure by specifying different random effects (Maas and 
Hox 2004 ). Multilevel cross-classified models allow for more than one effect 
of nesting to occur at the same level (Raudenbush 1993; Rasbash and 
Goldstein 1994; Goldstein 2011). Hence, they can alleviate the problem of 
confounded effects that occur from interviewer nesting and spatial clustering 
(Hox and de Leeuw 1994; O'Muircheartaigh and Campanelli 1998; Durrant 
et al. 2010). Especially when the implementation of a completely interpene-
trated design (respondents are randomly assigned to interviewers, independent 
of any regional allocation) is not feasible, multilevel modeling approaches are 
beneficial to obtain unbiased estimates from partially interpenetrated designs. 

To investigate cross-classified interviewer and area effects in competence 
measurement, we adopt a multilevel structural equation modeling (SEM) 
framework where the measurement part is specified as a two-parameter item 
response theory (IRT) model as y/ = A · ei + ai (Kamata and Vaughn 2011). 
Here, y/ represents the vector of J unobserved latent response variables for re-
spondent i E 1 ... / that gives rise to the observed dichotomous responses Yi 
such that for item1· y·· = 1 ify-·* > T· and y·· = 0 ify-·* < T· Tue latent variable lj l]-] lj lj ]" 

ei is a vector of K factor scores representing the measured ability; in the case of 
a unidimensional model, K = 1. Finally, A is an / x K matrix of discrimination 
parameters and a are the I zero mean normally distributed residuals. 

Tue structural model part allows for varying intercepts and regression coeffi-
cients across C interviewers and G area clusters (for further details see Kamata 
and Vaughn 2011 ; Kaplan 2014). This can be expressed as 

Bieg= IY,,eg + regXieg + Uieg with c = 1, 2, ... , C and g = 1, 2, ... , G, (1) 

where the latent factor Bieg for respondent i nested in interviewer c and area g 
is regressed on individual-level covariates Xieg• The intercept r:t.,eg and the slopes 
reg are allowed to vary across interviewers and areas as a function of between-
interviewer variables w e and between-area variables wg: 

IY,,eg = r:t.,oo + AeWe + Ag Wg+ Be+ Bg, 

reg= roo + rewe + rgwg + ~e + ~g-

(2) 

(3) 
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Tue residual uicg is assumed tobe normally distributed with zero mean and var-
iance V ar(uicg) = a2 u, whereas the residuals for the interviewer, Sc and ~c, and 
area duster, sg and ~g, are each multivariate normally distributed with zero 

means and variance--covariance structures L = e ; • The three resid-( 
(j2 (j ) 

a e~ a 
ual structures a2 u, Lc, and Lg are usually assumed to be independent. As the 
interviewer-to-area distribution is not random due to the design of the analyzed 
study, Lc and Lg might be correlated. Consequently, even though theoretically 
assumed, the model cannot reveal interviewer-by-region interaction effects. 
When the model is presented as an unconditional cross-classified model with-
out predictor variables, (1), (2), and (3) reduce to the mixed-effects formulation 
in (4): 

(4) 

Here, the achievement of respondent i equals the sum of the grand-mean 
achievement of all respondents ~00, the random effect sc introduced by inter-
viewer c, the random effect sg of the region g, and a random respondent effect 
Uicg• 

Cross-classified multilevel models can be estimated in a Bayesian frame-
work with a Markov Chain Monte Carlo (MCMC) algorithm. Parameter esti-
mates are obtained from posterior distributions using a Gibbs-sampler that are 
generated by repeated sampling from conditional distributions based upon ob-
served data given prior information about the parameters. Thus, the uncertainty 
about parameter estimates is reflected in the posterior distribution. This allows 
for the calculation of point estimates (posterior mean) and posterior credibility 
intervals, which do not rely on anormal approximation of the posterior distri-
bution (Van den Noortgate, De Boeck, and Meulders 2003). Nevertheless, us-
ing noninformative priors leads to results that are asymptotically equivalent to 
respective maximum likelihood estimates (Muthen and Asparouhov 2016). 
Tue Bayesian method using MCMC estimation has several advantages: For 
one, complex multilevel models can be fitted to the data that might not be esti-
mable using likelihood-based frequentist methods (Finch and Bolin 2017). 
Furthermore, the method is helpful for noncontinuous (binary) item responses 
with missing values and unbalanced designs. MCMC-based Bayesian models 
for binary responses have been examined by Fox and Glas (2001) or Goldstein 
and Browne (2005); respective MCMC-based Bayesian approaches for contin-
uous and ordinal responses are described in Lee and Song (2004). Tue flexibil-
ity of MCMC-based Bayesian methods for model fitting is especially 
beneficial for the structural model part of multilevel models, as it does not rely 
on asymptotic theory, presents posterior distributions for random effects, and 
results in more accurate parameter estimates (Muthen and Asparouhov 2012; 
for an application of a Bayesian multilevel SEM, see Kaplan 2014). 
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Cross-classified multilevel latent variable models are not often presented in 
large-scale educational assessments. There are applications, for example, in the 
context of school effectiveness research (Fox 2010) and for the measurement 
of attainment targets of Dutch reading comprehension for students at the end 
of primary school (Van den Noortgate et al. 2003). In addition, multilevel 
cross-classified testlet models were explored to analyze the dependency of 
items from clustering factors, such as testlet and content areas, as weil as per-
son factors (Jiao, Kamata, and Xie 2016). Furthermore, there are applications 
to longitudinal data, where, for example, students' performance scores are clus-
tered within students and within teachers (Luo and Kwok 2012). In addition, 
cross-classified structural equation models were examined for a longitudinal 
measurement of teacher-ratings of US students' aggressive-disruptive behav-
ior (Asparouhov and Muthen 2016). 

In the present study, multilevel models with cross-classifications of inter-
viewer and area clusters are presented to account for possibly confounded 
effects on the measurement of adult mathematic competence. These analyses 
have two aims: first, we want to identify to what degree competence measure-
ments in large-scale assessments are distorted by interviewer and area effects. 
For this purpose, interviewer and area residual variance ( (j\ and (j2 c;) are set in 
relation to the overall residual variance ((j2 u) of the latent factor (Bieg). Second, 
we demonstrate with a hands-on example how to identify interviewers that un-
duly influence the test results, based on the random effect variance ( (j2 

8 ) intro-
duced by interviewer c. 

4. PRESENT STUDY 
Our methodological goal is to identify interviewer effects on mathematic 
achievement through multilevel cross-classified analysis using Bayesian 
MCMC methods. This is very similar to the aim of Lüdtke et al. (2007). 
Nevertheless, our study differs in classification factors (test administrator and 
school versus interviewer and area), study population (school students versus 
adults), setting (group testing versus face-to-face settings), as well as the 
modeling of the latent construct. While Lüdtke et al. (2007) used manifest 
mathematics scores at the respondent level that were scaled in advance of the 
analysis, we incorporate the measurement model directly into our cross-
classified multilevel model. As the mathematics construct cannot be assessed 
directly, it is measured by a set of items reflecting the hypothetical construct. 
Thereby, the variable of interest cannot be measured perfectly and, in effect, 
measurement error is present. U sing a cross-classified multilevel latent variable 
model, we account for measurement error of the latent variable. Tue measure-
ment part of our model is specified as a two-parameter logistic IRT model, 
which is a model that is frequently presented in educational and psychological 
measurement on multilevel IRT modeling (e.g., Fox and Glas 2001 ; Fox 2003; 
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Skrondal and Rabe-Hesketh 2004). In comparison to the Rasch Model (Rasch 
1980), the assumption of equal item discriminations is relaxed to allow that 
items discriminate unequally among respondents with different abilities. 

5.METHODS 
5.1 Sample and procedure 

Tue participants were part of the National Educational Panel Study (NEPS; 
Blossfeld, Roßbach, and von Maurice 2011) that induded a representative 
sample of German adults (see Hammon, Zinn, Aßmann, and Würbach 2016, 
for details on the stratified multistage sampling procedure ). Primary sampling 
units of a two-stage sampling procedure served as area dusters (strata) in the 
analyses. Respondents were randomly drawn from local registers of residents 
within each area duster and a private research institute supervised the distribu-
tion of addresses to interviewers. Although respective information was not ex-
plicitly provided, we assume that respondents were allocated to interviewers 
based on proximity of the living addresses. 

Originally, 5,245 respondents participated. However, about 2 percent of the 
sample was exduded due to an excessive number of missing values on the 
competence test (n = 24), background information on the respondents or inter-
viewers (n = 81 ), or failure to match respondent records to an interviewer 
(n = 1). Thus, the analyses are based on a sample of N = 5,139 respondents 
(50.9 percent women) aged between 25 and 72 years (Mdn = 52.33, SD = 
10.96). Nearly half of the sample attained matriculation standard or holds a 
graduate degree (47.1 percent). Overall, the respondents lived in ninety-two 
area dusters (strata) with an average of Mdn = 37 .5 (Min = 1, Max = 360) 
persons per regional duster. The respondents were interviewed by 200 differ-
ent interviewers (40.0 percent women) who each tested Mdn = 21 (Min= 1, 
Max= 123) persons (three interviewers interviewed only one respondent). 
Furthermore, the interviewers visited Mdn = 2 regions (Min= 1, Max= 8); 
each region was visited by Mdn = 3 interviewers (Min = 1, Max = 30). Tue 
distribution of regions per interviewer (see online Supplementary Material) 
shows that most of the interviewers (n = 114, 57 percent) worked in at least 
two different regions. Nevertheless, a considerable number of interviewers 
(n = 86, 43 percent) worked in only one region. The respondents were tested 
individually in their private homes by a professional survey institute. The inter-
viewers had the complex task of administering the competence test within a 
computer-assisted personal interview. Thus, they had to switch from being re-
sponsive to the respondent during the completion of the computerized ques-
tionnaire to the application of strict rules of standardization during the 
subsequent paper-based competence test (Fellenberg, Sibbems, Jesske, and 
Hess 2016). Important tasks for the interviewers during the personal interview 
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were to motivate the respondent and to present the items and response options, 
whereas they had to standardize the competence assessment by minimizing 
disturbances in the respondents' home environment. Further details on the data 
collection process and the survey execution are provided on the project website 
(http://www.neps-data.de ). 

5 .2 Instruments 

Mathematical competence was measured with a paper-based achievement test 
including twenty-one items that were specifically constructed for administra-
tion in the NEPS. All items were accompanied by multiple choice or short-
constructed response formats that were dichotomously scored. The construc-
tion rationale and development of the test are described by Neumann, 
Duchhardt, Grüßing, Heinze, Knopp, et al. (2013). Following the NEPS frame-
work for mathematical competence, each item belonged to one of the four con-
tent areas: (1) quantity, (2) space and shape, (3) change and relationships, and 
( 4) data and chance. Thereby, the content areas of the NEPS do not follow the 
canonical categorization of mathematical disciplines (e.g., geometry, algebra, 
analysis, probability theory) but refer to four content areas encompassing ev-
eryday problems. Mathematical competence in adulthood is characterized by a 
strong focus on the literacy aspect (e.g., apply mathematical concepts to a vari-
ety of contexts) as compared to younger cohorts (e.g., students at school). 
Hence, the measured concept is assumed to have high variance among the 
adult population, with some items covering mathematical issues that are neces-
sary for everyday life and other items being very specific for typical contexts 
(e.g., relevant for specific careers/occupations). In addition, but not related to 
the content areas, six cognitive components were required to solve the tasks: 
(1) mathematical communication, (2) mathematical argumentation, (3) model-
ing, (4) using representational forms, (5) mathematical problem solving, and 
(6) technical abilities and skills. These cognitive processes condition the math-
ematical ability of adults as they need to be activated when solving the respec-
tive item. Both dimensional concepts, the four content areas and the six 
cognitive components, are closely linked to the PISA framework (OECD 
2004; for details see Neumann et al. 2013). Despite the different components 
specified in the construction rationale, these are not assumed to represent dis-
tinct dimensions. Rather, the test is dominated by a single mathematical factor. 
In-depth psychometric analyses corroborated a unidimensional structure and 
measurement invariance across several respondent characteristics (see Jordan 
and Duchhardt 2013). In addition, hierarchical IRT models with random dis-
crimination and threshold eff ects did not indicate substantial item variances 
across interviewer or area clusters. 

We acknowledged several respondent characteristics that might be associ-
ated with mathematical competence: age (in years ), gender ( coded O for men 
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and 1 for women), ethnicity (coded O for no migration background and 1 other-
wise), educational level (with four categories: lower secondary degree or less, 
secondary education, matriculation standard, graduate degree ), employment 
status (coded O as employed and 1 otherwise), and cultural capital (as reflected 
by the number of books in the household). In addition, the political area size 
per respondent (measured as number of inhabitants of the respondents' munici-
pality with seven categories ranging from "below 2,000 inhabitants" to 
"500,000 and more inhabitants") was acknowledged. Considering these indi-
vidual characteristics in our analyses should increase the comparability be-
tween regional clusters because geographical areas might differ on key 
sociodemographic characteristics. Otherwise, differences between interviewers 
could reflect differences between areas. 

Finally, several interviewer characteristics were available. Besides gender 
(coded O formen and 1 for women), the interviewers' age and educational at-
tainment were each measured with three categories using either "less than 
50 years," "50-65 years," and "older than 65 years" or "up to lower secondary 
degree," "secondary education," and "matriculation standard." Work experi-
ence as an interviewer, recorded as the general interviewing experience of be-
ing employed at the private institute that supervised the assignment of 
interviewers to the sampled respondents of the NEPS, was indicated on four 
categories including "up to 2 years," "2-3 years," "4-5 years," and "more than 
5 years." Descriptive statistics for these variables are summarized in the online 
Supplementary Material. 

5.3 Statistical Analyses 

As previous analyses supported a unidimensional scale (Jordan and Duchhardt 
2013), a unidimensional two-parametric IRT model (Kamata and Vaughn 
2011) was fitted to the mathematical test. Continuous predictors of the latent 
ability (i.e., respondents' age, number of books in the household, and political 
area size) were grand-mean centered. Because interviewer effects were 
expected to be statistically confounded with effects at the area level, cross-
classified multilevel models with MCMC and noninformative priors were esti-
mated in Mplus 8 (Muthen and Muthen 1998-2017). All variance parameters 
were estimated using inverse-gamma priors JG ( -1, 0), while loading and 
threshold parameters were estimated with normal distribution priors of zero 
mean and variance of 5, N (0, 5). The prior for the parameters of all first- and 
second-level covariates was the normal distribution with zero mean and infin-
ity variance, N (0, oo ). A discussion and additional model estimation results on 
the sensitivity of variance components to the choice of prior are found in the 
online Supplementary Material. 

All parameter estimates and standard errors are the means and standard devi-
ations of two parallel MCMC chains using a bum-in of half of the minimum 
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5,000 iterations. Thinning of the chains was applied to reduce autocorrelations 
(use of every 20th iteration). A convergence criterion of 0.05 was set for each 
model, indicating that parameter convergence is achieved when the Potential 
Scale Reduction (PSR) values fall below 1.05. Trace plots were used for each 
parameter to evaluate successful convergence of the estimates. Likewise, auto-
correlation function plots were investigated to determine whether the estimated 
models delivered reliable estimates. For the evaluation of model parameters, 
the mean of the posterior distribution and the Bayesian 95 percent credibility 
interval were used. Posterior predictive checks that compared the predictive 
distribution to the observed data involved the PSR criterion (Gelman and 
Rubin 1992) for which values below 1.1 indicate convergence (Gelman, 
Carlin, Stern, and Rubin 2004) and the Kolmogorov-Smimov test. The latter 
evaluates the hypothesis that both MCMC chains have an equal distribution, 
using 100 draws from each ofthe two chains perparameter. 

Finally, the Bayesian residual estimates are used to visualize heterogeneity 
stemming from interviewer and area dusters, as well as the dependence be-
tween units nested within the dusters. To identify exceptional interviewer and 
area dusters, the posterior standard deviations are used as standard errors for 
making inferences about the random interviewer and area eff ects of interest. 
Random effects are drawn for each duster based on the posterior distribution 
of (Jicg given the observed data for the duster. The random effects distribution 
can thereby be viewed as mirroring the variation in (Jicg in the survey popula-
tion (Skrondal and Rabe-Hesketh 2009). In addition, the posterior standard de-
viation is used to form confidence intervals for the estimated random intercepts 
of interviewer- and area-specific measured competence values. 

5.4 Data Availability and Analyses Syntax 

The complete data set analyzed in this study is available at http://www.neps-
data.de. Moreover, the analyses syntax used to generate the reported results are 
provided in an online repository at https://doi.org/10.17605/OSF.IO/FKA9X. 

6. RESULTS 
Because respondents were nested in interviewers and geographical areas, 
mathematical competence was modeled in a cross-dassified multilevel IRT 
framework as outlined above. We estimated a series of increasingly complex 
models to evaluate potential interviewer effects (see table 1). The trace and au-
tocorrelation plots for all models indicated sufficient convergence of the pa-
rameter estimation. Moreover, after 1,000 iterations, the PSR criterion fell 
below 1.1 for all parameters and the Kolmogorov-Smimov statistics were not 
significant (all ps > .01). Thus, the models showed appropriate posterior pre-
dictive quality for the parameters on the within and between level. 
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Table 1. Results of Cross-Classified Multilevel IRT Models Estimating Adult Mathematical Achievement(-0.202, -0.147) 

Model 1 Model2 Model 3 

M SD 95% PPI M SD 95% PPI M SD 95% PPI -1:::,.. 

Fixed effects 
Age -0.175 0.014 (-0.202, -0.147) -0.175 0.014 
Gender (ref. male) -0.325 0.012 (-0.348, -0.301) -0.324 0.012 ( -0.348, -0.300) 
Migration background (ref. no) -0.064 0.013 ( -0.089, -0.040) -0.064 0.013 ( -0.090, -0.039) 
Educational attainment (ref. secondary education) 

No degree or lower sec. degree -0.149 0.015 (-0.178, -0.120) -0.149 0.015 (-0.179, -0.120) 
Matriculation standard 0.176 0.014 (0.146, 0.204) 0.175 0.014 (0.146, 0.203) 
Graduate degree 0.347 0.015 (0.318, 0.376) 0.347 0.015 (0.318, 0.376) 

Employment status (ref. employed) -0.044 0.014 (-0.070, -0.017) -0.044 0.014 ( -0.071, -0.017) 
Cultural capital 0.165 0.015 (0.136, 0.194) 0.165 0.015 (0.136, 0.194) 
Political area size -0.041 0.019 ( -0.078, -0.005) -0.041 0.019 (-0.079, -0.004) 

Interviewer-level covariates 
Gender (ref. male) -0.139 0.088 ( -0.308, 0.040) 
Age (ref. up to 49 years) 

50--65 years -0.091 0.102 (-0.293, 0.109) 
Older than 65 years -0.007 0.107 (-0.197, 0.217) 

Educational attainment (ref. lower sec. degree) 
Secondary education 0.150 0.128 (-0.095, 0.401) 
Matriculation standard 0.011 0.129 ( -0.239, 0.260) 

Work experience as interviewer (ref. up to 2 years) 
2-3 years 0.087 0.129 (-0.169, 0.345) 
4-5 years 0.248 0.126 (-0.016, 0.488) 
More than 5 years 0.045 0.126 ( -0.202, 0.289) >= Q 

V ariance components of random effects ;i 
Respondents 0.425 0.033 (0.363, 0.492) 0.236 0.020 (0.197, 0.275) 0.244 0.019 (0.209, 0.284) .... 
Interviewers 0.030 0.006 (0.020, 0.045) 0.032 0.006 (0.022, 0.046) 0.033 0.006 (0.023, 0.046) :-,. 
Areas 0.004 0.003 (0.000, 0.013) 0.001 0.001 (0.000, 0.005) 0.001 0.001 (0.000, 0.005) 

NoTE.- Standardized results are presented for fixed effects. M, posterior mean; SD, posterior standard deviation; PPI, posterior probability inter-

val (2-5th and 97 z5t8ffff8~~o0f~ llf?~ffißWoWffll}{tf~~t ~069/ZZL/P/6/ap1:µe;wessf;wo~rdno·~1wape~e11:sdn4 WOJJ papeo1uMoa 
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6.1 Interviewer and Area Effects 

In the first step, we estimated the amount of variance in competence measure-
ment that is attributable to the different interviewers and areas without consid-
ering any predictors (i.e., a null model; see Model 1 in table 1). The impact of 
clustering on the outcome variable was investigated using intraclass correlation 
coefficients (ICCs) that indicate the proportion of variance attributable to a 
higher-order duster (i.e., interviewers, areas) in the total variance. Larger ICCs 
indicate larger dependencies for interviewer or area clusters and, thus, a greater 
need for multilevel analyses (Hox 2010; Finch and Bolin 2017). The variance 
in mathematical achievement between interviewers was much higher than the 
variance between areas: about 6.6 percent of the observed variance in mathe-
matical competence was attributable to interviewers, whereas only 0.8 percent 
was attributable to the nesting of respondents in geographical areas. 

Moreover, the design effect highlights the accuracy of the results in compar-
ison to random sampling; at the same time, it denotes how much larger the 
sample size must be to obtain the same precision in survey estimates (Schnell 
and Kreuter 2005). For example, a design effect of 2 is assumed to reduce the 
effective sample size by half (Schaeffer et al. 2010). In the present study, the 
design effects for the interviewer and area clusters were 2.60 and 1.44, respec-
tively. Thus, there was substantial interviewer variance, but negligible area 
effects. 

In the second step (see Model 2 in table 1), the respondent characteristics 
and the size of the political area the respondents live in were added as fixed 
effects. This revealed significantly (p < .05) worse achievement for women, 
respondents with migration background, lower education, or a lower socioeco-
nomic status, and those without employment. Moreover, test takers living in 
smaller areas (as measured by political area size) achieved slightly better math-
ematical competence as compared to people living in strongly populated areas. 
Although the inclusion of these variables reduced the respondent-specific ran-
dom variance by nearly a half, the interviewer variance remained unaffected. 

6.2 Identification of Influential Interviewers 

Even though the variance in mathematical competences traceable to inter-
viewer presence was rather high, none of the investigated interviewer charac-
teristics (e.g., gender, age, education, and work experience) was found to be 
significantly related to the latent competence of the respondents (see Model 3 
in table 1 ). Furthermore, the interaction of interviewer and respondent gender 
did not affect mathematical achievement. Thus, sociodemographic differences 
were unable to identify interviewers with aberrant test administration behav-
iors. Therefore, we used the interviewer residual terms (second-level errors) 
that were sampled from the posterior distribution of our estimated multilevel 
model (Model 1) to identify exceptional interviewers. Because these residuals 
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1.5 ----------------------------

-1 ----------------------------

Figure 1. Residuals of Interviewers with Corresponding Posterior Probability 
lnterval (2.Sth and 97 .Sth Percentiles of the Posterior Distribution). 

were sample estimates and, therefore, incorporated a level of uncertainty (e.g., 
they depend on the number of interviewed respondents and on the amount of 
within- and between-interviewer variation), we ranked the interviewers accord-
ing to the interviewer residual effects with their 95 percent probability interval 
(see figure 1). Residuals whose posterior probability intervals do not overlap 
with the general mean indicate interviewers with undue influence on the com-
petence measurement of the respondents. Out of 200 interviewers, 4 had an in-
terval above and 12 had an interval below zero. Hence, their estimated 
competence intercept deviates from the survey population mean. 

To confirm that the results did not depend on the number of regions an inter-
viewer worked in, we refitted Models 1-3 to data collected by the 57 percent 
of interviewers who worked in at least two different regions. These results did 
not indicate substantial differences from the findings reported above, as the es-
timated fixed and random effects remained nearly identical (see table S12 in 
the online Supplementary Material). In addition, interviewer residual effects 
whose 95 percent posterior probability interval did not overlap with the general 
mean in the original estimation also had significant deviation in their residual 
effect in these sensitivity analyses. 

In multilevel IR T analyses, shrinkage to the general mean can be expected 
for interviewer residuals if a large number of respondents were assigned to an 
interviewer. Then, the posterior mean resembles the intercept of a separate re-
gression for this interviewer. Hence, the identification of exceptional inter-
viewers also depends on the group size (i.e., the number of respondents per 
interviewer), which is also termed sensitivity of interviewer residuals to group 
size (Pickery and Loosveldt 2004). However, in our case, the interviewer resid-
ual was not correlated to the number of completed test administrations, r = 
. 07, p = .30. Thus, the amount of uncertainty on the interviewer level did not 
depend on the size of the clusters. In addition, as 3 out of the 200 interviewers 
only interviewed one respondent, we refitted all models excluding these three 
cases. The exclusion did not alter the results presented above. Finally, we 
tested the sensitivity of individual assessment scores to the presence of random 
interviewer effects, by using posterior means of estimated mathematical com-
petence. Comparing these estimated values of individual assessments between 
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(1) the model with random interviewer effects and (2) the model ignoring the 
nested structure (hence, the 2PL model) resulted in a high correlation (r = .97, 
p <.001), an average mean deviation in individual competence scores of 
.00, and a root-mean-squared error of .22. In conclusion, interviewer differen-
ces do not cause distortions in the individual assessments of mathematical 
competence, although variance in the outcome is higher due to interviewer 
presence. 

6.3 Impact of Influential Interviewers 

The impact of the identified interviewers were examined by evaluating ( 1) the 
number of missing values in the administered mathematics test and (2) partici-
pation rates in a subsequent competence assessment about five to six years 
later. First, respondents tested by interviewers with significantly higher 
residual estimates (M = 2.18, SD = 2.23, N = 223) had significantly (p < .05) 
missing values on the competence test as compared to respondents tested by 
non-outlying interviewers [M = 3.15, SD = 3.67, N = 4,406; t(286.72) = 6.15, 
p < .001, d = 0.27]. In contrast, for respondents tested by interviewers with 
significantly lower residual estimates (M = 3.42, SD = 3.68, N = 510), no sig-
nificant difference in the number of missing values was found [t(631.99) = 
-1.57, p = .118, d=0.07]. Second, we compared the average participation 
rates for the subsequent competence assessment. For the respondent group 
tested by interviewers with non-outlying residual estimates, 37 .20 percent did 
not participate at the next assessment as compared to 47.98 percent for the 
interviewers with significantly higher residual estimates and 40.78 percent for 
the interviewers with significantly lower residual estimates. These differences 
in response rates were significant at [z(l) = 11.21, p < .001], for the inter-
viewers with significantly higher residual estimates, but not significant for the 
interviewers with significantly lower residual estimates [z(l) = 3.00, p = 
.083]. 

7. DISCUSSION 
Interviewers play a decisive role in social surveys and educational large-scale 
assessments. Particularly, in household studies that visit respondents in their 
private homes, interviewers have a great responsibility and need to create stan-
dardized settings while administering questionnaires and achievement tests un-
der comparable conditions. If specific interviewer behavior affects the 
responses of participants, the validity of the measured constructs might be 
called into question. Therefore, survey managers need to evaluate the interview 
process and identify interviewers with an undue impact on respondent 
behavior. 
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The present study examined interviewer effects on mathematical achieve-
ment in a German large-scale assessment. Our Bayesian estimation of higher-
order random effects in adult mathematical achievement identified a consider-
able number of interviewers that exhibited pronounced effects on the compe-
tence measurement, while area effects were negligible. These interviewer 
effects can yield important consequences. For one, statistical analyses that ig-
nore the multilevel structure, especially the clustering of respondents in differ-
ent interviewers, might result in underestimation of standard errors and, 
consequently, in the overestimation of statistical significance of found effects 
(Durrant et al. 2010; Finch and Bolin 2017). As an alternative to multilevel 
modeling a Huber/White correction to obtain robust standard errors in statisti-
cal analysis is appropriate (Huber 1967; White 1982) if estimates of second-
level standard errors are biased. More information on that procedure can be 
found in Goldstein (2011) and Raudenbush and Bryk (2002). 

7 .1 Implications for Large-Scale Assessments 

What are the implications of the presented results? First, practitioners engaged 
in large-scale assessments need to minimize interviewer effects on competence 
measurements. Even though large efforts are already invested into interviewer 
training and standardization of test situations, our results stress the need for fur-
ther improvements, with the goal of achieving comparable settings for all test 
takers. Interviewer abilities are decisive in obtaining answers from different 
respondents that can be aggregated and compared across respondents to derive 
generalizable conclusions about population effects. Nevertheless, considering 
the sensitivity of individual assessment scores in the presented study, the pres-
ence of interviewer variance does not lead to bias in individual assessments. 

To reduce interviewer variance on population effects, educational measure-
ment could be improved by switching to an institutionalized setting that tests 
all respondents in highly standardized test centers. Further studies are needed 
that compare adult competence measurements in both individual and institu-
tional settings. This might give invaluable insight into interviewer effects intro-
duced by different modes of administration. In comparison, large-scale 
educational data administered to students in a classroom setting found less 
than 1 percent of interviewer variance (Lüdtke et al. 2007). 

Second, we presented a versatile methodological approach to empirically 
quantify interviewer effects on competence measurement. Bayesian analyses 
of cross-classified multilevel IRT models allowed us to disentangle interviewer 
from regional effects. Moreover, by investigating posterior draws of 
interviewer-level random effect structures, inferences about effects from spe-
cific interviewers on competence testing can be made. Our study found that 
respondents interviewed by interviewers with significantly higher residual esti-
mates had, in comparison to the respondents interviewed by non-outlying 

0 

::::, 
0 
Q) 
a. 
CD a. a 
3 
::, 
::::: 

"C 
(J) 

::::: 
Q) 
(") 
Q) 
a. 
CD 
3 c=;· 
0 
C: 

"C 
(") 
0 
3 .:::-: 
(J) 
(J) 
Q) 

3 
Q) 

o" 

:is: ----.J 
1\.) 
1\.) 

ai 
CO 
0 
->. 
w w 
01 
O'" 
'< 
2S 

I 
0 ::, 
CD ::::, 
::, 
CD 
~!r 
C: 
(J) 
CD -, 
0 
::::, 
1\.) 
1\.) 

)> 
"C 
:::::!. 
1\.) 
0 
1\.) 
1\.) 



Interviewer and Area Effects in La,rge-Scale Educational Assessments 739 

interviewers, significantly lower missing values in the competence test, but 
also lower participation rates at the subsequent measurement occasion. For 
respondents who were interviewed by interviewers with significantly lower re-
sidual estimates, no significant differences were found. So far, the precise rea-
sons why outlying interviewers exerted these effects are unclear. lt might be 
the case that they (unintentionally) interfered with the competence assessment 
(e.g., gave unrequested assistance) that bothered respondents and refrained 
them from further participation. Survey managers can use this approach as a 
tool for intervention, by having regular updates of the posterior distributions 
during data collection. As the posterior distributions point to interviewers with 
a significant effect on the survey measures, these interviewers can be addition-
ally trained. Furthermore, to minimize the relatedness between interviewer and 
area clusters, we recommend a sampling design where each interviewer works 
in more than one area and each area is visited by more than one interviewer. 

7 .2 Limitations and Directions for Future Research 

As a limitation of our study, a considerable number of interviewers worked in 
only one sample area and unobservable confounding of interviewer and area 
effects exists. Hence, the dependencies cannot be fully distinguished by the 
measurement of separated random effect structures. Consequently, our results 
might be slightly distorted as compared to results obtained from a design, 
where interviewers are randomly distributed across areas. Nevertheless, this 
design limitation is common to national surveys. Moreover, a recent simulation 
study (Vassallo et al. 2017) found that three regions per interviewer are suffi-
cient dispersion to obtain accurate estimates. 

Interviewers were assigned to respondents based on spatial proximity of the 
living addresses, limiting the validity of our results. The multilevel cross-
classified model assumes that the residual structures ( a2 u, Lc, and Lg) are inde-
pendent, but given the design of the study the interviewer-to-area distribution 
is not random. Hence, the assumption of independent residual structures (Lc 
and Lg) is violated by the design of interviewer-to-respondent allocation. Even 
though we assume a limited interpenetrated design as being sufficient to disen-
tangle interviewer and area clusters as sources of variance, unobservable con-
founding remains. In a fully interpenetrated design, where interviewers are 
assigned randomly to respondents, differences in interviewer means would al-
low a causal interpretation. With such a design, differences in interviewer 
means would reflect true differences in interviewer behavior. Unfortunately, a 
random allocation of interviewers across areas implies high costs for nation-
wide studies. 

Although the presented results highlighted the influence of interviewer be-
havior on competence measurements, more research is needed to identify po-
tential predictors of non-ignorable interviewer effects. In our analyses, the 
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heterogeneity of survey estimates across interviewers was not related to ob­

served interviewer characteristics. Therefore, future research should examine 

additional background information on the interviewers and the test administra­

tion process to understand the origin of interviewer effects. This might help al­

leviate respective effects by adapting the study design or improving the 

recruitment and training of interviewers. Moreover, our approach of identify­

ing influential interviewers could be refined. Finding some interviewers with 

larger random effects might be expected because of the assumption of multi­

variate normally distributed intercepts on the second level of our multilevel 

model (Finch and Bolin 2017). So far, it is unknown whether significantly out­

lying interviewers also adversely affect the validity of the competence esti­

mates in large-scale educational assessments. Future research needs to develop 

measures that give further insights into the amount of deviation per inter­

viewer; especially measures of severity for found outliers are needed. 

8. CONCLUSION

Tue presented analyses reemphasize the conclusion of Schaeffer et al. (2010): 

interviewers are important in complex samples, helpful when critical response 

rates are expected, and especially useful in complex measurements. Therefore, 

we recommend intensified training and close monitoring for all tasks per­

formed by the interviewers in the field, starting from respondent recruitment 

and persuasion for survey participation up to the standardized test administra­

tion. For this purpose, our Bayesian multilevel approach can be implemented 

to identify conspicuous interviewers during the ongoing data collection 

process. 

Supplementary materials 

Supplementary materials are available online at academic.oup.com/jssam. The 

online supplementary material contains summary statistics of selected variables 

by hierarchical level, a summary of area to interviewer distribution, a summary 

of interviewer to area distribution, a discussion on the sensitivity of variance 

components to prior choice, tables of random item effects for interviewer and 

area clusters, estimation results for the sample of interviewers having worked 

in at least two different regions (57% of the interviewers) as well as a figure on 

residuals of area clusters with corresponding posterior probability interval. 
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Table S1. Summary statistics of selected variables by hierarchical level 

Variable M/ % SD Min. Max. Information on Recoding Name in original 
Dataset 

 

Respondent Level (N = 5,139) 
Age 51.41 10.96 25 72 Grand-mean centred tx29000 

Gender (female) 0.51 - 0 1  t700001 

Migration Background (yes) 0.17 - 0 1  t400500 

Highest CASMIN 
    no degree or lower secondary education 

secondary education 
matriculation standard 

graduate degree 

 
0.19 
0.33 
0.19 
0.29 

 
- 
- 
- 
- 

  Recoded into 3 binary variables, reference 
category is ‘secondary education‘ 

tx28101 

Employment Status (unemployed) 0.20 - 0 1  tx29060 

Cultural capital (Number of books) 4.11 1.33 1 (0 to 10 books) 6 (more than 500) Grand-mean centred t34005a 

Political Area Size 4.17 1.78 1 (below 2000  
    inhabitants) 

7 (more than 500k  
    inhabitants) 

Grand-mean centred tx80103 

 

Interviewer Level (N = 200) 
Gender (female) 0.40 - 0 1  tx80301 

Age 
below 50 years 
50 to 65 years 

older than 65 year 

 
0.22 
0.58 
0.20 

 
- 
- 
- 

  Recoded into 2 binary variables, ref. categ. 
is ‚below 50 years‘ 

tx80302 

Educational Attainment 
lower secondary degree 

secondary education 
matriculation standard 

 
0.14 
0.31 
0.55 

 
- 
- 
- 

  Recoded into 2 binary variables, ref. categ. 
is ‚lower secondary degree‘  

tx80303 

Work experience as interviewer  
up to 2 years 
2 to 3 years 
4 to 5 years 

more than 5 years 

 
0.15 
0.31 
0.25 
0.29 

 
- 
- 
- 
- 

  Recoded into 3 binary variables, ref. categ. 
is ‚up to 2 years‘ 

tx80304 
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Table S2. Summary of area to interviewer distribution       

  Number of areas (regional clusters/ strata) per interviewer  

   1 2 3 4 5 6 7 8 Sum 

N
um

be
r o

f t
es

t a
dm

in
is

tra
tio

ns
 p

er
 in

te
rv

ie
w

er
 

1 3 0 0 0 0 0 0 0 3 
2 1 0 0 0 0 0 0 0 1 
3 2 0 0 0 0 0 0 0 2 
4 5 0 0 1 0 0 0 0 6 
5 7 0 0 0 0 0 0 0 7 
6 1 1 0 0 0 0 0 0 2 
7 5 3 0 0 0 0 0 0 8 
8 7 1 1 0 0 0 0 0 9 
9 7 2 0 0 0 0 0 0 9 

10 1 0 1 0 0 0 0 0 2 
11 3 1 0 0 0 0 0 0 4 
12 5 1 0 0 0 0 0 0 6 
13 6 0 1 0 0 0 0 0 7 
14 3 1 2 0 0 0 0 0 6 
15 4 2 0 0 0 0 0 0 6 
16 3 0 0 0 0 0 0 0 3 
17 2 2 0 0 1 0 0 0 5 
18 1 3 1 0 0 0 0 0 5 
19 3 1 0 0 0 0 0 0 4 
20 2 0 2 0 0 0 0 0 4 
21 2 3 0 0 0 0 0 0 5 
22 2 2 0 0 0 0 0 0 4 
23 2 3 2 2 0 0 0 0 9 
24 2 8 1 0 0 0 0 0 11 
25 1 1 1 0 0 0 0 0 3 
26 2 2 0 0 1 0 0 0 5 
27 0 0 2 0 0 0 0 0 2 
28 1 1 0 2 0 0 0 0 4 
29 0 2 0 0 0 0 0 0 2 
30 0 0 2 0 0 0 0 0 2 
31 0 2 1 0 0 0 0 0 3 
33 1 0 0 1 0 0 0 0 2 
34 0 2 1 1 0 0 0 0 4 
35 0 1 1 0 0 0 0 0 2 
36 0 0 0 2 0 0 0 0 2 
37 0 1 0 0 0 0 0 0 1 
38 0 0 1 0 0 0 0 0 1 
40 0 0 1 0 0 0 0 0 1 
42    1  1   2 
43 0 0 0 1 0 0 0 0 1 
44 0 0 1 0 0 0 0 0 1 
45 1 0 0 0 0 0 0 0 1 
46 0 0 0 1 2 0 0 1 4 
48 0 0 0 2 0 0 0 0 2 
49 0 0 1 0 0 0 0 0 1 
50 0 0 1 0 0 0 0 0 1 
52 0 0 0 1 0 0 0 0 1 
53 0 0 0 1 0 0 0 0 1 
55 0 0 0 0 0 0 1 0 1 
56 0 0 1 0 0 0 0 1 2 
57 0 0 0 1 0 0 0 0 1 
58 0 0 0 1 0 0 0 0 1 
60 1 0 0 1 0 0 0 0 2 
63 0 0 0 1 0 0 0 0 1 
67 0 0 0 1 0 0 0 0 1 
68 0 0 1 0 1 0 0 0 2 
70 0 0 0 0 1 0 0 0 1 
71 0 0 0 0 1 0 0 0 1 
73 0 0 0 0 1 0 0 0 1 
76 0 0 0 0 0 1 0 0 1 
77 0 0 0 0 1 0 1 0 2 
78 0 0 1 0 0 0 0 0 1 
80 0 0 0 1 0 0 0 0 1 
84 0 0 0 0 0 0 1 0 1 
91 0 0 0 0 1 0 0 0 1 
95 0 0 0 0 1 0 0 0 1 

123 0 0 0 0 0 1 0 0 1 
 Sum 86 46 27 22 11 3 3 2 200 
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Table S3. Summary of interviewer to area distribution 

  
Number of interviewer per area (strata) 

   1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 17 26 28 Sum 

N
um

be
r o

f I
nt

er
vi

ew
s p

er
 A

re
a 

1 1                  1 
7 1                  1 

10 2                  2 
12  1                 1 
13 1                  1 
14 2 1                 3 
15 3 1 2                6 
17 2 2 1                5 
18  1                 1 
19  1                 1 
20 2 1                 3 
21 1                  1 
22 1  1                2 
24     1              1 
25  2 1                3 
26 2 1                 3 
28   1                1 
29  1 1 1               3 
30     1              1 
31      1             1 
33  1                 1 
34    1               1 
35    1               1 
36   1                1 
37  1                 1 
38   1                1 
39   2 1               3 
40   1                1 
42  1                 1 
43  1  1               2 
44    1 1              2 
45   1                1 
46  1 1                2 
49   1                1 
52    1 1              2 
53    1               1 
60    1               1 
61       1            1 
67      1             1 
69      1             1 
70     1              1 
73    1  1             2 
74       1            1 
75      1             1 
83    1               1 
84            1       1 
86         1          1 
87         1          1 
95       1            1 
97              1     1 
98        1           1 
99          1         1 

110            1       1 
113         1          1 
119           1        1 
122         1          1 
126           1        1 
155             1      1 
162              1     1 
174               1    1 
195                1   1 
199             1      1 
239                  1 1 
360                 1  1 

 Sum 18 17 15 11 5 5 3 1 4 1 2 2 2 2 1 1 1 1 92 
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Table S4. Summary of interviewer to area distribution (German federal states) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  Number of visited German federal states per interviewer 
   1 2 3 4 5 6 Sum 

N
um

be
r o

f t
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t a
dm

in
is

tra
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ns
 p

er
 in

te
rv

ie
w

er
 

1 3 0 0 0 0 0 3 
2 1 0 0 0 0 0 1 
3 2 0 0 0 0 0 2 
4 5 1 0 0 0 0 6 
5 7 0 0 0 0 0 7 
6 1 1 0 0 0 0 2 
7 7 1 0 0 0 0 8 
8 9 0 0 0 0 0 9 
9 8 1 0 0 0 0 9 

10 1 1 0 0 0 0 2 
11 3 1 0 0 0 0 4 
12 5 1 0 0 0 0 6 
13 6 1 0 0 0 0 7 
14 4 2 0 0 0 0 6 
15 6 0 0 0 0 0 6 
16 3 0 0 0 0 0 3 
17 4 0 0 1 0 0 5 
18 2 2 1 0 0 0 5 
19 4 0 0 0 0 0 4 
20 2 1 1 0 0 0 4 
21 5 0 0 0 0 0 5 
22 3 1 0 0 0 0 4 
23 5 2 2 0 0 0 9 
24 10 1 0 0 0 0 11 
25 1 1 1 0 0 0 3 
26 2 3 0 0 0 0 5 
27 1 1 0 0 0 0 2 
28 2 0 2 0 0 0 4 
29 1 1 0 0 0 0 2 
30 2 0 0 0 0 0 2 
31 2 0 1 0 0 0 3 
33 1 1 0 0 0 0 2 
34 2 1 1 0 0 0 4 
35 1 0 1 0 0 0 2 
36 0 1 1 0 0 0 2 
37 1 0 0 0 0 0 1 
38 1 0 0 0 0 0 1 
40 1 0 0 0 0 0 1 
42   2    2 
43 0 1 0 0 0 0 1 
44 0 1 0 0 0 0 1 
45 1 0 0 0 0 0 1 
46 1 1 1 0 0 1 4 
48 0 2 0 0 0 0 2 
49 1 0 0 0 0 0 1 
50 0 1 0 0 0 0 1 
52 0 1 0 0 0 0 1 
53 1 0 0 0 0 0 1 
55 0 0 0 1 0 0 1 
56 0 0 2 0 0 0 2 
57 0 1 0 0 0 0 1 
58 0 1 0 0 0 0 1 
60 1 1 0 0 0 0 2 
63 1 0 0 0 0 0 1 
67 1 0 0 0 0 0 1 
68 0 2 0 0 0 0 2 
70 0 0 1 0 0 0 1 
71 1 0 0 0 0 0 1 
73 0 0 0 1 0 0 1 
76 0 0 0 0 1 0 1 
77 0 0 2 0 0 0 2 
78 1 0 0 0 0 0 1 
80 0 1 0 0 0 0 1 
84 0 0 0 1 0 0 1 
91 0 1 0 0 0 0 1 
95 0 1 0 0 0 0 1 

123 0 0 0 1 0 0 1 
 Sum 133 41 19 5 1 1 200 
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As an example, for the highlighted rows in Tables S2 to S4 it is demonstrated how to read the 

presented information.  

S2: It occurred two times, that 42 interviews were conducted per interviewer, one of these two  

      interviewers worked in four areas and the other interviewer worked in six areas.  

S3: It occurred two times that 46 interviews were realized per area and that in each of these  

      two areas, the interviews were conducted in one of these regions by 2 different  

      interviewers and in the other region by 3 different interviewers. 

S4: Two interviewers visited 3 German Federal States and each interviewed 42 respondents.  

      Furthermore, more than one-third of the interviewers worked in more than one German     

      federal state (n= 75, 37.5 percent). Each interviewer worked on average in 1.52 German   

      federal states (min = 1, max = 6, SD = 0.87).  
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Sensitivity of variance components to prior choice 

Variance components in hierarchical models can be sensitive to the choice of priors 

(Gustafson, Hossain and MacNab 2006). We conducted sensitivity analyses for priors of the 

estimated latent factor variances of the first model. Setting an inverse gamma prior of IG 

(.001, .001) for the interviewer latent factor variance estimate, or for all three estimates of 

latent factor variances, did not change the results substantially compared to model 1 (see 

results in last column of the subsequent table S5). Using an inverse gamma prior of IG (1,1) led 

to an increase in estimated latent factor variances, compared to the variances obtained using 

the Mplus default setting of IG (-1,0). Surprisingly, using the IG (1,1) specification for all 

three latent factor variances increased the area variance to nearly the same amount as 

interviewer variance. Hence, the random area variance might be sensitive to the choice of the 

prior to some degree, whereas the random interviewer variance is rather robust. However, an 

inverse gamma prior specification is not recommended for near-zero variance parameters in 

hierarchical models (Gelman 2006). As the area variance parameter is close to zero in the 

default prior setting, this high value might show misspecification by using the alternative 

prior IG (1,1). 

 
References: 
 
Gelman, A. (2006) Prior distributions for variance parameters in hierarchical models 

(comment on article by Browne and Draper). Bayesian Anal., 1, 515-534. 

doi:10.1214/06-BA117A. (Available online: 

http://www.stat.columbia.edu/~gelman/research/published/taumain.pdf) 

 

Gustafson, P., Hossain, S., and MacNab, Y. (2006). Conservative Prior Distributions for 

Variance Parameters in Hierarchical Models. The Canadian Journal of Statistics / La 

Revue Canadienne De Statistique, 34(3), 377-390. 
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Table S5. Sensitivity of latent factor variance estimates to choice of prior  

Parameter Interviewer latent factor 
variance only 

All latent factor variances Latent factor 
variances of Model 1 

 IG (1,1) IG (.001, .001) IG (1,1) IG (.001, .001) IG (-1, 0) 

Interviewer 
Variance 0.056 0.029 0.057 0.029 0.030* 

Area  
Variance 0.003* 0.004* 0.054 0.003 0.004* 

Within Variance 
(first Level) 0.465* 0.422* 0.508 0.418 0.425* 

*Parameters were estimated with an inverse gamma prior specification of IG(-1, 0). 
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Table S6. Random item effects for interviewer clusters (estimated with Mplus, Version 8) 

Parameter M SD Item variance 
across interviewers 

95% PPI 

Discrimination 
Item 1 0.848 0.041 0.041 (0.005, 0.104) 
Item 2 0.994 0.048 0.021 (0.002, 0.086) 
Item 3 0.835 0.045 0.067 (0.030, 0.125) 
Item 4 0.784 0.044 0.020 (0.002, 0.068) 
Item 5 1.206 0.054 0.059 (0.007, 0.154) 
Item 6 1.292 0.061 0.070 (0.007, 0.179) 
Item 7 0.869 0.047 0.100 (0.049, 0.177) 
Item 8 0.846 0.048 0.059 (0.012, 0.131) 
Item 9 1.053 0.049 0.038 (0.004, 0.113) 
Item 10 0.622 0.041 0.079 (0.041, 0.138) 
Item 11 1.159 0.048 0.030 (0.002, 0.101) 
Item 12 0.944 0.061 0.102 (0.026, 0.213) 
Item 13 1.325 0.060 0.093 (0.021, 0.202) 
Item 14 0.800 0.043 0.045 (0.006, 0.107) 
Item 15 0.594 0.049 0.149 (0.077, 0.255) 
Item 16 1.329 0.063 0.108 (0.023, 0.236) 
Item 17 0.670 0.036 0.036 (0.005, 0.091) 
Item 18 1.021 0.056 0.091 (0.022, 0.196) 
Item 19 1.063 0.050 0.036 (0.003, 0.115) 
Item 20 1.167 0.086 0.019 (0.002, 0.097) 
Item 21 1.459 0.075 0.182 (0.083, 0.335) 
Threshold 

Item 1 -0.258 0.029 0.011 (0.002, 0.031) 
Item 2 -1.049 0.038 0.018 (0.002, 0.053) 
Item 3  0.939 0.038 0.058 (0.027, 0.102) 
Item 4 -1.213 0.034 0.005 (0.001, 0.021) 
Item 5 -0.484 0.036 0.006 (0.001, 0.022) 
Item 6  0.535 0.042 0.042 (0.011, 0.086) 
Item 7 -0.126 0.032 0.029 (0.008, 0.060) 
Item 8 -1.117 0.034 0.006 (0.001, 0.026) 
Item 9 -0.080 0.036 0.033 (0.010, 0.065) 
Item 10  0.361 0.030 0.033 (0.011, 0.066) 
Item 11 -0.185 0.038 0.047 (0.021, 0.084) 
Item 12  0.912 0.046 0.035 (0.004, 0.089) 
Item 13 -0.003 0.037 0.012 (0.002, 0.037) 
Item 14 -0.638 0.032 0.029 (0.009, 0.057) 
Item 15  0.834 0.033 0.032 (0.007, 0.071) 
Item 16 -0.032 0.039 0.023 (0.003, 0.057) 
Item 17 -0.008 0.030 0.032 (0.011, 0.061) 
Item 18 -0.632 0.036 0.023 (0.004, 0.054) 
Item 19 -0.466 0.038 0.039 (0.010, 0.084) 
Item 20 -2.033 0.089 0.146 (0.056, 0.283) 
Item 21  0.797 0.047 0.021 (0.002, 0.063) 
Latent Trait Variance 

Observations  0.635    -   

Interviewer  0.068 0.012   

Note. M = posterior mean. SD = posterior standard deviation. Item variance across interviewers = the item-
specific random effect variance across interviewers. PPI = posterior probability interval (2.5th and 97.5th 
percentile of the posterior distribution). 
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Table S7. Random item effects for interviewer clusters (estimated with R-package SIRT) 

Parameter M SD Item variance 
across interviewers 

95% PPI 

Discrimination 
Item 1 0.860 0.036 0.091 (0.057, 0.137) 
Item 2 1.010 0.045 0.085 (0.053, 0.133) 
Item 3 0.832 0.039 0.098 (0.064, 0.144) 
Item 4 0.791 0.042 0.079 (0.050, 0.121) 
Item 5 1.223 0.047 0.112 (0.068, 0.176) 
Item 6 1.309 0.052 0.117 (0.068, 0.188) 
Item 7 0.871 0.037 0.109 (0.072, 0.162) 
Item 8 0.853 0.043 0.097 (0.060, 0.149) 
Item 9 1.074 0.045 0.099 (0.060, 0.160) 
Item 10 0.626 0.035 0.098 (0.063, 0.144) 
Item 11 1.184 0.043 0.094 (0.059, 0.148) 
Item 12 0.946 0.052 0.135 (0.081, 0.215) 
Item 13 1.333 0.049 0.127 (0.077, 0.204) 
Item 14 0.811 0.037 0.085 (0.053, 0.126) 
Item 15 0.594 0.036 0.159 (0.100, 0.244) 
Item 16 1.342 0.052 0.151 (0.086, 0.244) 
Item 17 0.677 0.033 0.079 (0.051, 0.118) 
Item 18 1.028 0.046 0.126 (0.076, 0.199) 
Item 19 1.083 0.047 0.088 (0.055, 0.135) 
Item 20 1.099 0.076 0.100 (0.057, 0.162) 
Item 21 1.452 0.064 0.189 (0.109, 0.297) 
Threshold 

Item 1 -0.301 0.022 0.048 (0.033, 0.067) 
Item 2 -1.123 0.030 0.063 (0.042, 0.091) 
Item 3  0.904 0.028 0.083 (0.058, 0.117) 
Item 4 -1.274 0.029 0.048 (0.032, 0.071) 
Item 5 -0.554 0.026 0.047 (0.032, 0.067) 
Item 6  0.468 0.028 0.075 (0.050, 0.109) 
Item 7 -0.174 0.023 0.062 (0.042, 0.089) 
Item 8 -1.186 0.030 0.051 (0.034, 0.072) 
Item 9 -0.134 0.025 0.064 (0.045, 0.088) 
Item 10  0.331 0.023 0.064 (0.044, 0.089) 
Item 11 -0.250 0.024 0.070 (0.048, 0.099) 
Item 12  0.870 0.039 0.081 (0.052, 0.122) 
Item 13 -0.078 0.024 0.054 (0.037, 0.077) 
Item 14 -0.693 0.026 0.059 (0.042, 0.082) 
Item 15  0.813 0.028 0.069 (0.046, 0.099) 
Item 16 -0.102 0.025 0.062 (0.042, 0.089) 
Item 17 -0.040 0.022 0.061 (0.042, 0.085) 
Item 18 -0.694 0.028 0.062 (0.041, 0.089) 
Item 19 -0.529 0.027 0.072 (0.048, 0.104) 
Item 20 -2.078 0.077 0.162 (0.091, 0.260) 
Item 21  0.729 0.034 0.070 (0.045, 0.102) 
Latent Trait Variance 

Observations  0.635 0.011   

Interviewer  0.062 0.021   

Note. M = posterior mean. SD = posterior standard deviation. Item variance across interviewers = the item-
specific random effect variance across interviewers. PPI = posterior probability interval (2.5th and 97.5th 
percentile of the posterior distribution). 
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Table S8. Absolute differences between values of Table S6 and Table S7  

Parameter M SD Item variance 
across interviewers 

95% PPI 

Discrimination 
Item 1 0.012 0.005 0.050 (0.052, 0.033) 
Item 2 0.016 0.003 0.064 (0.051, 0.047) 
Item 3 0.003 0.006 0.031 (0.034, 0.019) 
Item 4 0.007 0.002 0.059 (0.048, 0.053) 
Item 5 0.017 0.007 0.053 (0.061, 0.022) 
Item 6 0.017 0.009 0.047 (0.061, 0.009) 
Item 7 0.002 0.010 0.009 (0.023, 0.015) 
Item 8 0.007 0.005 0.038 (0.048, 0.018) 
Item 9 0.021 0.004 0.061 (0.056, 0.047) 
Item 10 0.004 0.006 0.019 (0.022, 0.006) 
Item 11 0.025 0.005 0.064 (0.057, 0.047) 
Item 12 0.002 0.009 0.033 (0.055, 0.002) 
Item 13 0.008 0.011 0.034 (0.056, 0.002) 
Item 14 0.011 0.006 0.040 (0.047, 0.019) 
Item 15 0.000 0.013 0.010 (0.023, 0.011) 
Item 16 0.013 0.011 0.043 (0.063, 0.008) 
Item 17 0.007 0.003 0.043 (0.046, 0.027) 
Item 18 0.007 0.010 0.035 (0.054, 0.003) 
Item 19 0.020 0.003 0.052 (0.052, 0.020) 
Item 20 0.068 0.010 0.081 (0.055, 0.065) 
Item 21 0.007 0.011 0.007 (0.026, 0.038) 
Threshold 

Item 1 0.043 0.007 0.037 (0.031, 0.036) 
Item 2 0.074 0.008 0.045 (0.040, 0.038) 
Item 3 0.035 0.010 0.025 (0.031, 0.015) 
Item 4 0.061 0.005 0.043 (0.031, 0.050) 
Item 5 0.070 0.010 0.041 (0.031, 0.045) 
Item 6 0.067 0.014 0.033 (0.039, 0.023) 
Item 7 0.048 0.009 0.033 (0.034, 0.029) 
Item 8 0.069 0.004 0.045 (0.033, 0.046) 
Item 9 0.054 0.011 0.031 (0.035, 0.023) 
Item 10 0.030 0.007 0.031 (0.033, 0.023) 
Item 11 0.065 0.014 0.023 (0.027, 0.015) 
Item 12 0.042 0.007 0.046 (0.048, 0.033) 
Item 13 0.075 0.013 0.042 (0.035, 0.040) 
Item 14 0.055 0.006 0.030 (0.033, 0.025) 
Item 15 0.021 0.005 0.037 (0.039, 0.028) 
Item 16 0.070 0.014 0.039 (0.039, 0.032) 
Item 17 0.032 0.008 0.029 (0.031, 0.024) 
Item 18 0.062 0.008 0.039 (0.037, 0.035) 
Item 19 0.063 0.011 0.033 (0.038, 0.020) 
Item 20 0.045 0.012 0.016 (0.035, 0.023) 
Item 21 0.068 0.013 0.049 (0.043, 0.039) 
Latent Trait Variance 

Observations  - -   

Interviewer  0.006 0.009   
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Table S9. Random item effects for area clusters (estimated with Mplus, Version 8) 

Parameter M SD Item variance 
across areas 

95% PPI 

Discrimination 
Item 1 0.865 0.043 0.025 (0.003, 0.082) 
Item 2 1.018 0.051 0.017 (0.002, 0.068) 
Item 3 0.833 0.048 0.045 (0.011, 0.108) 
Item 4 0.809 0.047 0.019 (0.002, 0.072) 
Item 5 1.212 0.054 0.039 (0.004, 0.118) 
Item 6 1.303 0.059 0.033 (0.003, 0.119) 
Item 7 0.828 0.051 0.074 (0.029, 0.150) 
Item 8 0.850 0.048 0.025 (0.002, 0.082) 
Item 9 1.070 0.049 0.019 (0.002, 0.077) 
Item 10 0.593 0.048 0.074 (0.030, 0.144) 
Item 11 1.170 0.049 0.024 (0.002, 0.093) 
Item 12 0.938 0.059 0.023 (0.002, 0.098) 
Item 13 1.366 0.068 0.087 (0.020, 0.207) 
Item 14 0.789 0.043 0.025 (0.003, 0.074) 
Item 15 0.512 0.053 0.101 (0.045, 0.196) 
Item 16 1.329 0.058 0.031 (0.003, 0.108) 
Item 17 0.682 0.040 0.030 (0.004, 0.081) 
Item 18 1.025 0.056 0.047 (0.006, 0.128) 
Item 19 1.063 0.055 0.039 (0.003, 0.117) 
Item 20 1.130 0.090 0.062 (0.005, 0.202) 
Item 21 1.475 0.094 0.267 (0.128, 0.515) 
Threshold 

Item 1 -0.254 0.031 0.005 (0.001, 0.020) 
Item 2 -1.036 0.039 0.011 (0.001, 0.038) 
Item 3  0.904 0.043 0.063 (0.027, 0.118) 
Item 4 -1.199 0.035 0.007 (0.001, 0.030) 
Item 5 -0.469 0.040 0.017 (0.003, 0.046) 
Item 6  0.577 0.048 0.036 (0.006, 0.091) 
Item 7 -0.082 0.032 0.011 (0.001, 0.034) 
Item 8 -1.097 0.037 0.012 (0.002, 0.037) 
Item 9 -0.094 0.039 0.016 (0.002, 0.046) 
Item 10  0.387 0.032 0.022 (0.005, 0.054) 
Item 11 -0.145 0.040 0.019 (0.004, 0.046) 
Item 12  0.912 0.048 0.025 (0.003, 0.072) 
Item 13  0.009 0.040 0.007 (0.001, 0.027) 
Item 14 -0.627 0.034 0.016 (0.003, 0.043) 
Item 15  0.847 0.034 0.016 (0.002, 0.048) 
Item 16 -0.033 0.042 0.013 (0.002, 0.041) 
Item 17 -0.002 0.030 0.009 (0.001, 0.030) 
Item 18 -0.623 0.041 0.025 (0.006, 0.058) 
Item 19 -0.451 0.038 0.014 (0.002, 0.047) 
Item 20 -1.956 0.081 0.053 (0.008, 0.146) 
Item 21  0.812 0.053 0.023 (0.002, 0.080) 
Latent Trait Variance 

Observations  0.632    -   

Area  0.035 0.010   

Note. M = posterior mean. SD = posterior standard deviation. Item variance across areas = the item-specific 
random effect variance across areas. PPI = posterior probability interval (2.5th and 97.5th percentile of the 
posterior distribution). 
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Table S10. Random item effects for area clusters (estimated with R-package SIRT) 

Parameter M SD Item variance 
across areas 

95% PPI 

Discrimination 
Item 1 0.875 0.039 0.085 (0.052, 0.132) 
Item 2 1.042 0.048 0.084 (0.052, 0.133) 
Item 3 0.833 0.041 0.094 (0.057, 0.144) 
Item 4 0.823 0.045 0.086 (0.052, 0.141) 
Item 5 1.210 0.048 0.099 (0.059, 0.158) 
Item 6 1.320 0.052 0.101 (0.059, 0.171) 
Item 7 0.836 0.039 0.102 (0.064, 0.154) 
Item 8 0.852 0.044 0.081 (0.051, 0.128) 
Item 9 1.096 0.046 0.090 (0.054, 0.145) 
Item 10 0.599 0.036 0.108 (0.067, 0.165) 
Item 11 1.177 0.045 0.091 (0.056, 0.147) 
Item 12 0.972 0.055 0.107 (0.062, 0.172) 
Item 13 1.375 0.051 0.123 (0.072, 0.203) 
Item 14 0.787 0.037 0.079 (0.049, 0.125) 
Item 15 0.508 0.038 0.133 (0.080, 0.202) 
Item 16 1.355 0.053 0.102 (0.061, 0.165) 
Item 17 0.678 0.034 0.080 (0.051, 0.127) 
Item 18 1.041 0.047 0.106 (0.063, 0.171) 
Item 19 1.085 0.047 0.094 (0.058, 0.151) 
Item 20 1.083 0.075 0.132 (0.072, 0.231) 
Item 21 1.452 0.064 0.257 (0.147, 0.410) 
Threshold 

Item 1 -0.293 0.023 0.049 (0.033, 0.070) 
Item 2 -1.104 0.032 0.061 (0.040, 0.089) 
Item 3  0.865 0.027 0.093 (0.061, 0.141) 
Item 4 -1.250 0.032 0.059 (0.039, 0.087) 
Item 5 -0.537 0.027 0.063 (0.041, 0.092) 
Item 6  0.525 0.030 0.082 (0.052, 0.127) 
Item 7 -0.115 0.024 0.055 (0.036, 0.080) 
Item 8 -1.158 0.031 0.057 (0.038, 0.084) 
Item 9 -0.171 0.026 0.062 (0.041, 0.093) 
Item 10  0.359 0.024 0.062 (0.040, 0.089) 
Item 11 -0.198 0.025 0.060 (0.040, 0.086) 
Item 12  0.881 0.039 0.080 (0.050, 0.125) 
Item 13 -0.069 0.025 0.054 (0.036, 0.079) 
Item 14 -0.681 0.025 0.060 (0.040, 0.086) 
Item 15  0.841 0.029 0.066 (0.043, 0.098) 
Item 16 -0.118 0.026 0.060 (0.040, 0.089) 
Item 17 -0.022 0.024 0.057 (0.037, 0.081) 
Item 18 -0.691 0.028 0.065 (0.042, 0.097) 
Item 19 -0.517 0.029 0.066 (0.043, 0.097) 
Item 20 -2.034 0.068 0.109 (0.064, 0.178) 
Item 21  0.734 0.035 0.087 (0.054, 0.133) 
Latent Trait Variance 

Observations  0.632 0.011   

Area  0.031 0.023   

Note. M = posterior mean. SD = posterior standard deviation. Item variance across areas = the item-specific 
random effect variance across areas. PPI = posterior probability interval (2.5th and 97.5th percentile of the 
posterior distribution). 
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Table S11. Absolute differences between values of Table S9 and Table S10  

Parameter M SD Item variance 
across areas 

95% PPI 

Discrimination 
Item 1 0.010 0.004 0.060 (0.049, 0.050) 
Item 2 0.024 0.003 0.067 (0.050, 0.065) 
Item 3 0.000 0.007 0.049 (0.046, 0.036) 
Item 4 0.014 0.002 0.067 (0.050, 0.069) 
Item 5 0.002 0.006 0.060 (0.055, 0.040) 
Item 6 0.017 0.007 0.068 (0.056, 0.052) 
Item 7 0.008 0.012 0.028 (0.035, 0.004) 
Item 8 0.002 0.004 0.056 (0.049, 0.046) 
Item 9 0.026 0.003 0.071 (0.052, 0.068) 
Item 10 0.006 0.012 0.034 (0.037, 0.021) 
Item 11 0.007 0.004 0.067 (0.054, 0.054) 
Item 12 0.034 0.004 0.084 (0.060, 0.074) 
Item 13 0.009 0.017 0.036 (0.052, 0.004) 
Item 14 0.002 0.006 0.054 (0.046, 0.051) 
Item 15 0.004 0.015 0.032 (0.035, 0.006) 
Item 16 0.026 0.005 0.071 (0.058, 0.057) 
Item 17 0.004 0.006 0.050 (0.047, 0.046) 
Item 18 0.016 0.009 0.059 (0.057, 0.043) 
Item 19 0.022 0.008 0.055 (0.055, 0.034) 
Item 20 0.047 0.015 0.070 (0.067, 0.029) 
Item 21 0.023 0.030 0.010 (0.019, 0.105) 
Threshold 

Item 1 0.039 0.008 0.044 (0.032, 0.050) 
Item 2 0.068 0.007 0.050 (0.039, 0.051) 
Item 3 0.039 0.016 0.030 (0.034, 0.023) 
Item 4 0.051 0.003 0.052 (0.038, 0.057) 
Item 5 0.068 0.013 0.046 (0.038, 0.046) 
Item 6 0.052 0.018 0.046 (0.046, 0.036) 
Item 7 0.033 0.008 0.044 (0.035, 0.046) 
Item 8 0.061 0.006 0.045 (0.036, 0.047) 
Item 9 0.077 0.013 0.046 (0.039, 0.047) 
Item 10 0.028 0.008 0.040 (0.035, 0.035) 
Item 11 0.053 0.015 0.041 (0.036, 0.040) 
Item 12 0.031 0.009 0.055 (0.047, 0.053) 
Item 13 0.078 0.015 0.047 (0.035, 0.052) 
Item 14 0.054 0.009 0.044 (0.037, 0.043) 
Item 15 0.006 0.005 0.050 (0.041, 0.050) 
Item 16 0.085 0.016 0.047 (0.038, 0.048) 
Item 17 0.020 0.006 0.048 (0.036, 0.051) 
Item 18 0.068 0.013 0.040 (0.036, 0.039) 
Item 19 0.066 0.009 0.052 (0.041, 0.050) 
Item 20 0.078 0.013 0.056 (0.056, 0.032) 
Item 21 0.078 0.018 0.064 (0.052, 0.053) 
Latent Trait Variance 

Observations  - -   

Area  0.004 0.013   
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Interpretation of random item effects for interviewer and area clusters 

Two separate hierarchical item response models with random discrimination and 

threshold effects were estimated. Furthermore, the results obtained from using the software 

Mplus (Version 8) were confirmed by using the function mcmc.2pno.ml from the R-Package 

sirt (Robitzsch 2019). We obtained comparable results from both programs for discrimination 

and threshold parameters as well as their item variances across interviewers or across areas 

(Table S8 and Table S11). The average deviation across interviewers for item variances 

between both programs was M = 0.042, SD = 0.020 (Min = 0.007, Max = 0.081) for the 

discrimination parameter and for the threshold parameter item variances the difference was M 

= 0.036, SD = 0.008 (Min = 0.016, Max = 0.049). Across areas, the average deviation for item 

variances between programs was M= 0.055, SD = 0.018 (Min = 0.010, Max = 0.084) for the 

discrimination parameter and for the threshold parameter item variances, the average 

difference was M = 0.047, SD = 0.007 (Min = 0.030, Max = 0.064).  

The results for item variance across interviewer clusters (Table S6 and Table S7) and 

for item variance across area clusters (Table S9 and Table S10) are presented. Item 

discrimination and difficulty (threshold) parameters are depicted as well as the uncertainty 

which is given by the posterior standard deviation. Furthermore, random item effects at the 

interviewer level (Table S6 and Table S7) and area level (Table S9 and Table S10) with 

respective standard deviations are presented. In addition, 95% posterior probability intervals 

are given to evaluate significant deviations of the discrimination and threshold parameters. 

All estimated random effects at the interviewer level significantly deviate from zero when 

examining the 95% posterior probability interval. Nevertheless, it must be considered that 

variance estimates cannot become negative and in effect the probability interval will never 

include zero.  

We assume that no strong violation of the measurement invariance is present. The 

share of variance in the latent trait across interviewers was 9.7 percent using Mplus (see last 
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two rows of Table S6) and 8.9 percent using the sirt-package for estimation (see last two rows 

of Table S7). The average variances of item parameters among interviewers across all items 

was 0.051 (average of item variances in Table S6; average of discrimination item variances 

was 0.069; average of threshold item variances was 0.032). The share of variance in the latent 

trait across areas was 5.2 percent using Mplus (see the last two row of Table S9) and 4.7 

percent using the sirt-package for estimation (see the last two rows of Table S10). The 

average variance of item parameters was 0.036 (average of item variances in Table S9; 

average of discrimination item variances was 0.053; average of threshold item variances was 

0.020). Hence, we assume that mathematic competence was measured as a unidimensional 

construct among interviewers and areas. 
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Robitzsch, A. (2019), sirt: Supplementary Item Response Theory Models. R package version 
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Table S12. Estimation results for the sample of interviewers having worked in at least two different regions (57 % of the interviewers) 

 Model 1   Model 2   Model 3   
 M SD 95% PPI M SD 95% PPI M SD 95% PPI 
Fixed effects          
  Age    -0.165 0.016 (-0.197, -0.134) -0.165 0.016 (-0.195, -0.133) 
  Gender (ref. male)    -0.319 0.013 (-0.346, -0.293) -0.318 0.014 (-0.345, -0.291) 
  Migration Background (ref. no)    -0.064 0.015 (-0.092, -0.035) -0.064 0.014 (-0.093, -0.036) 
  Educational Attainment  
  (ref. secondary education) 

no degree or lower sec. degree    -0.144 0.017 (-0.177, -0.111) -0.144 0.017 (-0.178, -0.111) 
matriculation standard     0.177 0.016 ( 0.145,   0.209)  0.177 0.016 ( 0.145,   0.208) 

graduate degree     0.351 0.017 ( 0.318,   0.383)  0.351 0.017 ( 0.318,   0.383) 
  Employment status (ref. employed)    -0.056 0.015 (-0.087, -0.026) -0.056 0.016 (-0.086, -0.026) 
  Cultural capital     0.160 0.017 ( 0.127,   0.193)  0.160 0.017 ( 0.127,   0.192) 

  Political Area Size    -0.043 0.021 (-0.084, -0.004) -0.044 0.021 (-0.085, -0.003) 

Interviewer Level Covariates 
         

  Gender (ref. male)       -0.075 0.107 (-0.282,  0.141) 
  Age (ref. up to 49 years) 

50 to 65 years       -0.070 0.134 (-0.329,  0.194) 
older than 65 years        0.103 0.136 (-0.166,  0.361) 

  Educational Attainment  
  (ref. lower sec. degree) 

Secondary education       0.227 0.160 (-0.102,  0.521) 
Matriculation standard       0.039 0.159 (-0.284,  0.338) 

  Work experience as interviewer  
  (ref. up to two years) 

2 to 3 years       0.064 0.172 (-0.276,  0.394) 
4 to 5 years       0.150 0.157 (-0.164,  0.454) 

more than 5 years       0.000 0.170 (-0.330,  0.330) 
Variance components of random effects 

         

  Respondents 0.423 0.039 ( 0.355,  0.506) 0.243 0.024 ( 0.199,  0.290) 0.249 0.023 ( 0.208,  0.299) 
  Interviewers 0.029 0.007 ( 0.018,  0.045) 0.031 0.007 ( 0.021,  0.047) 0.031 0.007 ( 0.020,  0.048) 
  Areas 0.003 0.003 ( 0.000,  0.011) 0.001 0.001 ( 0.000,  0.006) 0.001 0.002 ( 0.000,  0.006) 
Note. Standardized results are presented for fixed effects. M = posterior mean. SD = posterior standard deviation. PPI = posterior probability interval (2.5th and 97.5th percentile 
of the posterior distribution). 
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Figure S1. Residuals of area clusters with corresponding posterior probability interval (2.5th and 97.5th percentile of the posterior distribution).             
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Design Effect for Interviewer and Area Clusters 

There are two main consequences resulting from interviewer effects on survey 

outcomes: first, an increased variance of a statistic and second, a reduction in effective sample 

size. The impact of the first consequence on the measurement of mathematic achievement was 

tested by indicating interviewer and area variance proportions based on variance component 

testing (Intraclass Correlation Coefficient, ICC). It showed that most variance is attributable 

to interviewer clusters and a much smaller amount to sampling clusters, which is a finding 

shared by previous surveys (Brunton-Smith et al., 2012; Brunton-Smith et al., 2016; Durrant 

et al., 2010; Schnell and Kreuter, 2005). The second consequence stems from the overall 

increase of variance due to the high interviewer effects, as both lead to a decrease in effective 

sample size. For this reason, even small effects per interviewer can have an undue impact on 

the data quality, especially if the caseload per interviewer is high (Collins, 1980; Hox, 1994; 

Kish, 1965; Schaeffer et al., 2010). 

The amount of dependence of resulting competence estimates on the test administrator 

can furthermore be expressed by the design effect. By this, the average size of interviewers’ 

caseloads is considered additional to the ICC:  

Deff = 1 + (𝑚 − 1)𝜌.             

Thereby, m is the average number of test takers per interviewer and 𝜌 is the ICC for all 

interviewers. Likewise, the design effect can be calculated for the area clusters, representing 

the effect of the two-stage sampling. Based on the intraclass correlation of Model 1 (see Table 

1), the design effect for interviewer clusters amounts to 2.60 and to 1.44 for the area clusters. 

The design effect gives insight on how accurate the results are in comparison to a random 

sampling and at the same time it denotes how much larger the sample size must be to obtain 

the same precision in survey estimates (Schnell and Kreuter, 2005). Hence, it illustrates the 

increase in variance and also the decrease in effective sample size. For example, a design 
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effect of 2 reduces the effective sample size by half (Schaeffer et al., 2010). As the design 

effect has no unit of measurement, its values are comparable across different survey estimates. 

Sensitivity of interviewer variance (ICC) to outlying interviewers 

As interviewers with deviating residuals introduce variance to the estimation of latent 

mathematic competence, we tested how much the intraclass correlation reduces when first, the 

most outlying interviewer with respective respondents and second, all outlying interviewers 

with respective respondents are excluded from the analysis. The estimation of our null model 

without the most outlying interviewer resulted in a reduced interviewer variance of 3.5 

percent (in comparison to 6.6 percent of variance in Model 1 of Table 1), whereas the 

variance attributable to the respondents nesting in areas slightly increased to 1.1 percent (in 

comparison to 0.8 percent of variance in Model 1 of Table 1). Estimating the null model 

without all 12 outlying interviewers resulted in a further reduction of interviewer variance. 

The interviewer clusters now account for 0.9 percent of variance, with area clusters showing 

likewise a variance of 0.9 percent. 

Sensitivity of interviewer residuals to group size 

For most of the obtained interviewer residuals from our estimated multilevel IRT 

analyses, shrinkage to the general mean is expectable. If an interviewer interviewed a high 

number of respondents, posterior means resemble practically the intercept of separate 

regression estimations for this interviewer. Hence, the identification of exceptional 

interviewers might depend on the group size (the number of respondents per interviewer), also 

termed sensitivity of interviewer residuals to group size (Pickery and Loosveldt, 2004). We 

tested if the amount of residual deviation per interviewer cluster is correlated with the number 

of test administrations per interviewer. The correlation coefficient (r = .074, p = .303) does 

not indicate that the amount of uncertainty on the interviewer level depends on the size of the 

clusters. 
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Abstract 
Background: After elementary school, students in Germany are separated into dif-
ferent 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 esti-
mates of the achievement gap in reading competence. 

Methods: Using data from the German National Educational Panel Study, reading 
competence was investigated across three timepoints du ring secondary school: in 
grades 5, 7, and 9 (N= 7276). First, using the invariance alignment method, measure-
ment 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 develop-
ment 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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lntroduction 
Evaluating measurement invariance is a premise for the meaningful interpretation of 
differences in latent constructs between groups or over time (Brown, 2006). By assess-
ing measurement invariance, it is made certain that the observed changes present true 
change instead of differences in the interpretation of items. Tue present study investi-
gates 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 infer-
ence 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 per-
spective or by focusing on individual-level differences. When taking a school-level per-
spective 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 opti-
mize teaching and education to account for students' preconditions, enhancing learning 
for all students (Baumert et al., 2006; Gamoran & Mare, 1989). Consequently, diver-
gence in competence attainment already exists at the beginning of secondary school and 
might increase among the school tracks over the school years. Previous studies com-
paring reading competence development between different German secondary school 
types have presented ambiguous results by finding either a comparable increase in read-
ing 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 develop-
ment, 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 ofthe measurement construct (Pfost et al., 2014; Pro-
topapas 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, 
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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 cur-
ricular 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). Tue different kinds of curricula at each school type are tai-
lored to the prerequisites of the students and provide different learning opportunities. 
German students are assigned to different school types based on primary school rec-
ommendations 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 charac-
teristics 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 learn-
ing 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. Differ-
ences 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 

Page 3 of26 



Rohm et al. Large-scale Assess Educ (2021) 9:23 

achievement. Moreover, the mixture of student characteristics might have decisive 
effects (Neumann et al., 2007). For example, average achievement rates and the charac-
teristics of students' social backgrounds were found to have additional effects on compe-
tence 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 compo-
sitions (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, unani-
mously 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 aver-
age, higher reading achievement scores than students in the middle and lower academic 
tracks. Reading competence is thereby highly correlated with other assessed competen-
cies, such as mathematics and science, where these differences between school tracks 
hold as weil. 

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 math-
ematics (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 selec-
tion 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 dur-
ing 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 pat-
tern in reading competence development through secondary school, but the studies con-
ducted in the past were regionally limited and presented inconsistent findings on reading 
competence development among German secondary school types. In addition to differ-
ences in curricula, learning and teaching methods, students' social backgrounds, family 
support, and student composition, the manner in which competence development dur-
ing secondary school is measured and analyzed might contribute to the observed pat-
tern 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. Tue interpretability of scales has been questioned due to scal-
ing 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 exam-
ple, Pfost et al. (2014) conduded 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 ceil-
ing effects) is strongly linked with compensatory patterns in reading achievement. Con-
sequently, 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 function-
ing (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 disadvan-
tages 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). Inves-
tigating student competence growth in secondary school poses a further challenge, as 
the dustered structure of the data needs to be taken into account. This can for example 
be achieved using duster robust standard error estimation methods or through hierar-
chical linear modeling (cf. McNeish et al., 2017). If the school is the primary sampling 
unit, students are nested within schools and dasses. 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 duster robust standard error estima-
tion) 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 duster-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). Tue assumption of measurement invariance presupposes that all 
items discriminate comparably across groups as well as timepoints and are equally dif-
ficult, 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 dif-
ferent 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. 

Tue 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 read-
ing competence development between school types. A model considering school-type-
specific 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 meas-
urement, we consider measurement error and the clustered data structure through 
multilevel latent variable modeling. Finally, we present the same models without con-
sideration of the clustered data structure and compare school type effects on reading 
competence development. 

lt is our goal to investigate whether the longitudinal development of reading com-
petence is sensitive to the consideration of measurement non-invariance between the 
analyzed groups and to the consideration of the clustered data structure. This has practi-
cal 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 
Tue 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 stu-
dents, 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 dass 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 

Page 6 of 26 



Rohm et al. Large-scale Assess Educ (2021) 9:23 

design (Aßmann et al., 2011). First, schools that teach at the secondary level were ran-
domly drawn, and second, two grade 5 classes were randomly selected within these 
schools. Tue 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 offer-
ing all tracks of secondary education except the high school track ("Schule mit mehr-
eren Bildungsgängen"). Tue 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 ofthe transition to lower secondary education (N=2170; 29.82% ofthe total 
sample). Tue sampling design of the refreshment sample resembles the sampling design 
of the original sample (Steinhauer & Zinn, 2016). Tue 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, refresh-
ment 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 offer-
ing 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 differ-
ent 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 achieve-
ment 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. Tue items were 
specifically constructed for the administration of the NEPS, and each item was adminis-
tered 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 N (%) tested at N (%)tested N (%)tested N (%)tested 
overall all timepoints grade 5 grade 7 grade 9 

Highschool 3224 (44.31) 1457(51.01) 2302 (47.12) 2909 (47.06) 2112 (46.18) 

Refreshment 835 542 
sarnple 

Tested in harne 176 706 
context 

Ternparary attri- 176 586 
tian 

Final attritian 22 142 

Midd/e sec. schoo/ 1721 (23.65) 688 (24.12) 1114 (22.80) 1474 (23.84) 1096 (23.97) 

Refreshrnent 554 340 
sarnple 

Tested in harne 163 426 
cantext 

Ternparary attri- 130 301 
tian 

Fi na I attritian 14 118 

Lower sec. schoal 1015 (13.95) 293 (10.27) 698 (14.29) 706 (11.42) 501 (10.96) 

Refreshrnent 278 164 
sarnple 

Tested in harne 242 393 
cantext 

Ternparary attri- 206 353 
tian 

Final attritian 1 51 

Schools offering 870 (11.96) 230 (8.06) 487 (9.97) 685 (11.08) 551 (12.05) 
all tracks of sec. 
education (except 
highschool) 

Refreshrnent 352 287 
sarnple 

Tested in harne 146 206 
context 

Ternporary attri- 98 189 
tian 

Final attritian 1 40 

Comprehensive 446 (6.13) 184 (6.45) 284 (5.81) 408 (6.59) 313 (6.84) 
schaal 
Refreshrnent 123 98 
sarnple 

Tested in harne 23 66 
context 

Ternporary attri- 24 74 
tian 

Final attritian 2 25 

Absolute numbers are presented with percentages in parentheses. The percentages are tobe 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 (Fis-
eher et al., 2016; Krannich et al., 2017; Pohl et al., 2012; Scharl et al., 2017). Marginal reli-
abilities 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 sub-
sequent 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 text-
related 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; Muthen & Aspa-
rouhov, 2012), and therefore, each factor in our model resembles a unidimensional, two-
parametric 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 thresh-
olds) 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. 

Tue multilevel structural equation models for longitudinal competence measurement 
were estimated using Bayesian MCMC estimation methods in the Mplus software pro-
gram (version 8.0, Muthen and Muthen 1998-2020). Two Markov chains were imple-
mented 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 ofthe estimates 
was evaluated based on trace plots for each parameter. To determine whether the esti-
mated models delivered reliable estimates, autocorrelation plots were investigated. Tue 
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 con-
firmed 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, oo), 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, O) 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 x2 test of an Ho 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 & Muthen, 2010). 

Differential item functioning was examined using the invariance alignment 
method (IA; Asparouhov & Muthen, 2014; Kirn et al., 2017; Muthen & Asparouhov, 
2014). These models were estimated with maximum likelihood estimation using 
numerical integration and taking the nested data structure into account through 
duster robust estimation. One can choose between fixing one group or free estima-
tion. As the fixed alignment was shown to slightly outperform the free alignment 
in a simulation study (Kirn et al., 2017), we applied fixed alignment and ran several 
models fixing each of the five school types once. Item information for items exhibit-
ing 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 dif-
ficulty to the original sample were computed from the link samples, and in that man-
ner, 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 proce-
dure is advantageous for observational studies, as the data are not balanced, in con-
trast 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 fac-
tor variance (hence the standard deviation) per respective latent factor. For mod-
els 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 autocorrela-
tion 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-invar-
iant, item parameters between these higher-level groups were found for each meas-
urement 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 non-
invariance 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 admin-
istered 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 com-
ponent 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 la 
and lb, no school-type specific item discrimination or item difficulty estimates were 
accounted for, while in Models 2a and 26, school-type specific item discrimination 
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Table 2 Results from the invariance alignment method per measurement occasion 

Grade 5 (N = 4885) Grade 7 (N =6182) Grade 9 (N = 4573) 

ltem IA ltem IA ltem IA 

Discrimination Discrimination Discrimination 
regS0l l0_c reg70110_c reg90610_c 

reg5012s_c reg70120_c reg90620_c 

reg50130_c reg7013s_c HS reg9063s_c 

reg50140_c LS reg70140_c reg90640_c 

reg50150_c reg7015s_c reg90660_c 

reg5016s_c reg7016s_c reg90670_c 

reg50170_c reg70610_c reg90680_c 

reg50210_c reg70620_c HS reg90810_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 reg7021 0_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 reg7031 0_c reg90710_c 

reg50370_c MS,HS reg70320_c reg90720_c 

reg50410_c LS reg7033s_c HS reg90730_c 

reg5042s_c LS reg70340_c reg9074s_c 

reg50430_c LS reg70350_c reg90750_c 

reg50440_c HS reg70360_c reg9091 s_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 reg7051 s_c reg90410_c 

reg50570_c reg70520_c reg90420_c 

reg7053s_c reg90430_c 

reg7055s_c reg90440_c 

reg70560_c reg90450_c 

reg7071 s_c MS reg90460_c 

reg70720_c HS reg9047s_c 

reg70730_c reg90510_c 

reg70740_c reg90520_c LS 
reg7075s_c LS reg90530_c LS 

reg90540_c 

reg90550_c LS 
reg90560_c HS 
reg90570_c 

Threshold Threshold Threshold 
regS0l l0_c reg70110_c reg90610_c 

reg5012s_c, cat.l HS reg70120_c reg90620_c 
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Table 2 (continued) 

Grade 5 (N = 4885) Grade 7 (N =6182) Grade 9 (N = 4573) 

ltem IA ltem IA ltem IA 

reg5012s_c, cat.2 reg7013s_c, cat. l reg9063s_c, cat. l 
reg50130_c reg7013s_c, cat.2 reg9063s_c, cat.2 AT 
reg50140_c LS reg70140_c reg90640_c 
reg50150_c reg7015s_c reg90660_c 
reg5016s_c, cat.l reg7016s_c, cat. l 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 HS 
reg5016s_c, cat.5 HS reg70620_c reg9083s_c 
reg50170_c HS reg7063s_c, cat. l 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. l 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 reg7021 0_c reg90710_c 
reg50330_c reg70220_c reg90720_c 
reg50340_c reg7023s_c, cat. l reg90730_c 
reg50350_c reg7023s_c, cat.2 reg9074s_c, cat. l 
reg50360_c reg7024s_c, cat. l reg9074s_c, cat.2 
reg50370_c MS,HS reg7024s_c, cat.2 reg9074s_c, cat.3 
reg50410_c LS reg70250_c reg9074s_c, cat.4 LS 
reg5042s_c, cat. l LS reg7026s_c, cat. l reg90750_c 
reg5042s_c, cat.2 LS reg7026s_c, cat.2 reg9091 s_c, cat. l 
reg5042s_c, cat.3 LS reg7026s_c, cat.3 reg9091 s_c, cat.2 
reg50430_c AT, HS reg7026s_c, cat.4 reg90920_c 
reg50440_c HS reg7031 0_c reg90930_c 
reg50460_c HS reg70320_c reg90940_c 
reg50510_c reg7033s_c, cat. l reg90950_c 
reg5052s_c, cat. l reg7033s_c, cat.2 reg90960_c LS 
reg5052s_c, cat.2 reg7033s_c, cat.3 reg9097s_c, cat. l 
reg5052s_c, cat.3 reg70340_c reg9097s_c, cat.2 
reg50530_c reg70350_c reg9097s_c, cat.3 
reg50540_c AT reg70360_c reg90410_c 
reg5055s_c, cat. l reg70410_c HS reg90420_c 
reg5055s_c, cat.2 reg70420_c reg90430_c 
reg5055s_c, cat.3 reg70430_c HS reg90440_c 
reg50560_c reg70440_c reg90450_c HS 
reg50570_c reg7045s_c, cat. l LS, HS reg90460_c 

reg7045s_c, cat.2 reg9047s_c, cat. l 
reg7045s_c, cat.3 reg9047s_c, cat.2 
reg70460_c reg90510_c 
reg7051 s_c, cat.l reg90520_c LS, HS 
reg7051 s_c, cat.2 reg90530_c HS 
reg70520_c reg90540_c HS 
reg7053s_c, cat.l reg90550_c LS 
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Table2 (continued) 

Grade 5 (N = 4885) Grade 7 (N =6182) Grade 9 (N = 4573) 

ltem IA ltem IA ltem IA 

reg7053s_c, cat.2 reg90560_c HS 
reg7055s_c, cat.l reg90570_c LS, HS 
reg7055s_c, cat.2 HS 
reg7055s_c, cat.3 
reg70560_c HS 
reg7071 s_c, cat.l 
reg7071 s_c, cat.2 HS 
reg70720_c 
reg70730_c MS 
reg70740_c 
reg7075s_c, cat. l 
reg7075s_c, cat.2 
reg7075s_c, cat.3 

All grade 5 0.644 All grade 7 0.631 All grade 9 0.492 

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). 
Al/Average lnvariance Index: Average R2 across all parameters ranging from O (indicating full non-invariance) to 1 (indicating 
perfect scalar invariance) 

and item difliculty 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 la)/42.4% (Model 
2a) in grade 5, 40.3% (Model la)/40.6% (Model 2a) in grade 7 and 43.4% (Model 
la)/43.3% (Model 2a) in grade 9. After including the school type covariates (Model 
lb 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 lb 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 prob-
ability 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 
Modellband 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. 
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Table 3 Results of multilevel structural equation models for longitudinal competence measurement (N = 7276) 
8 n;-
),. 

"' Model 1a Model 1b Model2a Model2b "' "' "' "' 
M SD 95%PPI M SD 95%PPI M SD 95%PPI M SD 95%PPI C: 

" 
Fixed effects: 
School level covariates 

Grade 5 ..__ 
HS 0.865 0.031 (0.802, 0.920) 0.851 0.032 (0.784, 0.909) 
MS -0.174 0.039 (- 0.252, - 0.099) - 0.158 0.040 (- 0.238, - 0.080) v.J 

CS - 0.207 0.039 (- 0.283, - 0.129) - 0.201 0.040 (- 0.279, - 0.123) 
AT - 0.206 0.041 (- 0.286, - 0.124) - 0.210 0.041 (- 0.291, - 0.130) 
LS - 0.689 0.030 (- 0.743, - 0.624) - 0.692 0.030 (- 0.746, - 0.627) 

Grade 7 
HS 0.844 0.029 (0.783, 0.897) 0.848 0.029 (0.788, 0.902) 

MS - 0.206 0.036 (- 0.278, - 0.137) - 0.209 0.036 (- 0.277, - 0.138) 
CS -0.119 0.035 (- 0.188, - 0.049) - 0.120 0.035 (- 0.187, - 0.050) 

AT -0.174 0.038 (- 0.247, - 0.100) - 0.179 0.038 (- 0.252, - 0.102) 
LS - 0.712 0.027 (- 0.762, - 0.656) - 0.710 0.027 (- 0.762, - 0.655) 

Grade 9 
HS 0.861 0.031 (0.797, 0.917) 0.856 0.031 (0.790, 0.912) 
MS -0.214 0.039 (- 0.288, - 0.138) - 0.206 0.038 (- 0.282, - 0.134) 

CS -0.111 0.038 (- 0.185, - 0.037) - 0.110 0.038 (- 0.183, - 0.037) 
AT -0.221 0.039 (- 0.298, - 0.142) - 0.232 0.040 (- 0.308, - 0.152) 
LS - 0.682 0.030 (- 0.735, - 0.617) - 0.676 0.032 (- 0.734, - 0.608) 

Variance components of random effects 
Student level 

Grade 5 0.383 0.047 (0.301, 0.491) 0.404 0.056 (0.319, 0.551) 0.353 0.042 (0.286, 0.445) 0.359 0.044 (0.289, 0.458) 
Grade 7 0.154 0.019 (0.120, 0.192) 0.160 0.016 (0.135, 0.196) 0.151 0.016 (0.125, 0.187) 0.153 0.012 (0.131, 0.176) 
Grade 9 0.277 0.030 (0.223, 0.340) 0.281 0.029 (0.227, 0.338) 0.265 0.025 (0.217, 0.313) 0.275 0.021 (0.237, 0.320) 

"U 

"' lO n, 

0 -tv 
°' 



Table 3 (continued) 

School Level 

Grade 5 

Grade 7 

Grade 9 

Correlations and Covari-
ances between latent 
factors 
Student Level 

Grade 5 with Grade 7 

Grade 5 with Grade 9 

Grade 7 with Grade 9 

School Level 

Grade 5 with Grade 7 

Grade 5 with Grade 9 

Grade 7 with Grade 9 

PPP 

Model 1a 

M SD 

0.289 0.044 

0.104 0.016 

0.212 0.030 

Correlation 

0.644 

0.649 

0.723 

0.000 

0.000 

0.001 

0.027 

Model 1b 

95%PPI M SD 

(0.217, 0.388) 0.078 0.014 

(0.079, 0.139) 0.030 0.004 

(0.162, 0.280) 0.060 0.009 

Covariance Correlation Covariance 

0.172 0.632 0.179 

0.223 0.652 0.232 

0.163 0.722 0.160 

0.000 0.001 0.000 

0.000 0.001 0.000 

0.000 0.002 0.000 

0.019 

Model2a Model2b 

95%PPI M SD 95%PPI M SD 95%PPI 

(0.057, 0.111) 0.260 0.039 (0.196, 0.349) 0.071 0.012 (0.052, 0.097) 

(0.023, 0.040) 0.103 0.014 (0.080, 0.135) 0.029 0.004 (0.023, 0.037) 

(0.045, 0.080) 0.202 0.027 (0.157, 0.262) 0.061 0.009 (0.047, 0.080) 

Correlation Covariance Correlation Covariance 

0.631 0.139 0.634 0.139 

0.662 0.210 0.650 0.185 

0.722 0.156 0.721 0.131 

0.002 0.000 0.002 0.000 

0.002 0.000 0.003 0.001 

0.003 0.001 0.000 0.000 

0.179 0.196 

Note. Standardized results are presented for fixed effects. M= posterior mean. 50= posterior standard deviation, PP/ 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, ATschools offering all school tracks except high school, LS lower secondary schools, PPP posterior predictive p value. In Models 1 a 
and 1 b, 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 
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Table 4 Effect sizes (Cohen's d) for school type covariates per estimated model 

Type of School Model 1b Model2b Model3b Model4b 

Grade 5 
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 
AT -0.08 -0.10 -0.13 -0.15 
LS -0.94 -0.95 - 1.01 -1.02 

Grade 7 
HS 1.16 1.16 1.12 1.13 
MS -0.01 -0.01 -0.04 -0.04 
CS -0.06 -0.06 0.06 0.06 
AT -0.06 -0.07 -0.08 -0.08 
LS -1.02 - 1.01 - 1.06 - 1.06 

Grade 9 
HS 1.21 1.21 1.15 1.15 
MS -0.02 0.00 -0.04 -0.03 
CS -0.01 0.00 0.15 0.16 
AT -0.17 -0.20 -0.20 -0.23 
LS -0.98 -0.97 -1.03 -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 1 band 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 1 band 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 accept-
able fit with PPP> 0.05 when school type-specific item discrimination and item diffi-
culty estimates for items exhibiting DIF were accounted for. Furthermore, single-level 
regression analyses with duster 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 
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Table 5 Results of structural equation models for longitudinal competence measurement ignoring clustered structure (N = 7276) 

Model3a Model3b Model4a 

M SD 95%PPI M SD 95%PPI M SD 95%PPI 

School Type Covariates 

Grade 5 

HS 0.627 0.014 (0.600, 0.653) 

MS -0.129 0.014 (- 0.156, - 0.101) 

CS - 0.098 0.013 (- 0.124, - 0.073) 

AT -0.138 0.014 (- 0.165, - 0.109) 

LS - 0.404 0.012 (- 0.427, - 0.380) 

Grade 7 

HS 0.609 0.012 (0.584, 0.633) 

MS -0.156 0.012 (-0.180,-0.131) 

CS - 0.053 0.012 (- 0.076, - 0.030) 

AT -0.111 0.013 (- 0.136, - 0.086) 

LS - 0.406 0.012 (- 0.428, - 0.382) 

Grade 9 

HS 0.631 0.014 (0.604, 0.658) 
MS -0.162 0.014 (- v0.188, - 0.135) 

CS - 0.043 0.013 (- 0.068, - 0.018) 

AT -0.148 0.014 (- 0.174, - 0.120) 

LS - 0.398 0.013 (- 0.425, - 0.372) 

Variance components of the random effects 

Grade 5 0.542 0.072 (0.401, 0.689) 0.391 0.050 (0.291, 0.490) 0.490 0.069 (0.368, 0.666) 

Grade 7 0.126 0.015 (0.103, 0.157) 0.094 0.012 (0.074, 0.119) 0.123 0.013 (0.101, 0.152) 

Grade 9 0.307 0.045 (0.216, 0.390) 0.221 0.028 (0.174, 0.282) 0.255 0.035 (0.202, 0.340) 

Model4b 

M SD 

0.614 0.015 
-0.117 0.015 
- 0.094 0.014 
-0.140 0.015 

- 0.403 0.013 

0.615 0.013 
-0.158 0.013 
- 0.054 0.012 
-0.113 0.013 
- 0.406 0.012 

0.628 0.014 
-0.155 0.014 
-0.041 0.013 
-0.155 0.014 
- 0.396 0.013 

0.337 0.046 
0.098 0.014 
0.204 0.029 

95%PPI 

(0.587, 0.644) 
(- 0.145, - 0.089) 
(- 0.119, - 0.066) 
(- 0.170, - 0.112) 

(- 0.428, - 0.378) 

(0.589, 0.640) 

(- 0.184, - 0.133) 
(- 0.078, - 0.031) 
(- 0.138, - 0.088) 

(- 0.429, - 0.382) 

(0.599, 0.656) 
(- 0.184, - 0.128) 

(- 0.066, - 0.015) 

(-0.183,-0.127) 
(- 0.421, - 0.370) 

(0.255, 0.438) 
(0.078, 0.133) 

(0.154, 0.266) 
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Table 5 (continued) 

Model3a Model3b Model4a Model4b 

M SD 95%PPI M SD 95%PPI M SD 95%PPI M SD 95%PPI 

Correlations and Covari- Correlation Covariance Correlation Covariance Correlation Covariance Correlation Covariance 
ances between latent 
factors 

Grade 5 with Grade 7 0.754 0.188 0.753 0.194 0.743 0.178 0.751 0.192 

Grade 5 with Grade 9 0.771 0.281 0.767 0.304 0.766 0.242 0.766 0.275 

Grade 7 with Grade 9 0.810 0.168 0.808 0.155 0.807 0.134 0.809 0.142 

PPP 0.005 0.003 0.117 0.045 

Standardized results are presented for fixed effects. M posterior mean, SOposterior standard deviation, PP/ posterior probability interval (2.5 and 97.5 percentile ofthe posterior distribution). School type covariates: 
HS high schools, MS middle secondary schools, CS comprehensive schools, ATschools 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 

Correlations and covariances were reported based on sample statistics 
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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 devel-
opment using point estimates of student reading competence. Tue 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 duster 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 devel-
opment between German secondary school types and the three distinct school type 
groups. When it was not accounted for the clustered data structure, the misleading find-
ing 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-invar-
iance. 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). 

Tue results on the longitudinal estimation of reading competence revealed a paral-
lel pattern between German secondary school types, and that pattern remained when 
school-type-specific item estimates were included for items exhibiting DIE Neverthe-
less, estimations of the same models without consideration of the clustered data struc-
ture 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 compe-
tence, we emphasize the use of hierarchical modeling when a nested data structure is 
present. 

Furthermore, although we recommend the assessment of measurement invari-
ance, 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 exhib-
iting 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 dis-
cussion on the reasoning behind (partial) measurement invariance for group com-
parison 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 quan-
tify 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 invari-
ance. Even when a measured construct is only partially invariant, comparisons of 
school types can be valid. Nevertheless, no statistical method alone can define con-
struct validity without further theoretical reasoning and expert evaluation. As 
demonstrated in this study, the sensitivity of longitudinal reading competence devel-
opment to partial measurement invariance between school types can be assessed. 

lmplications for research on the achievement gap in reading competence 
Studies on reading competence development have presented either parallel develop-
ment (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 meth-
ods 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 com-
parisons, studies should present evidence of measurement invariance between inves-
tigated groups and in the longitudinal case, across measurement occasions, or refer 
to the respective sources where these analyses are presented. Also, to enhance com-
parability of results across studies on reading competence development, research-
ers 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 lim-
ited and considered only one or two German federal states. In comparison, the sam-
ple we used is representative on a national level, and we encourage future research 
to strive to indude more regions. Please note that the dustered data structure was 
always accounted for in previous analyses on reading competence development 
through duster robust maximum likelihood estimation. When the focus is on regres-
sion coeffi.cients and variance partitioning or inference on the duster-level is not of 
interest, researchers need to make less assumptions of their data when choosing the 
duster 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 dustered data structure can result in misleading condu-
sions about the pattern of longitudinal reading competence development in compari-
sons of German secondary school types. 
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Limitations 
One focus of our study was to investigate the consequences for longitudinal measure-
ments of latent competence when partial invariance is taken into account in the esti-
mation model. lt was assumed that the psychometric properties of the scale and the 
underlying relationship among variables can be affected when some items are non-
invariant and thus unfair between school types. With the NEPS study design for read-
ing 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. Tue 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. Tue 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 clus-
ters 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 meas-
urement 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 avail-
able information on school types for our study is not exhaustive, as the German sec-
ondary school system is very complex and offers several options for students regarding 
schooling trajectories. A detailed variable on secondary school types and an identifica-
tion 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. There-
fore, we assessed measurement invariance between school types. Differences in item 
estimates between school types were found for each of the three measurement occa-
sions. Nevertheless, taking these differences in item discrimination and difficulty esti-
mates into account did not alter the parallel pattern of reading competence development 
when comparing German secondary school types from fifth to ninth grade. Further-
more, the necessity of taking the hierarchical data structure into account when compar-
ing competence development across the school types was demonstrated. Ignoring the 
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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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Table S1. Results of models for longitudinal competence measurement (N= 7,276) with cluster robust standard error estimation. 

 Model S1a  Model S1b  Model S2a  Model S2b  
 Estim. S.E. 95% CI Estim. S.E. 95% CI Estim. S.E. 95% CI Estim. S.E. 95% CI 
School Covariates 
Grade 5             

HS     0.632 0.027  (0.578,  0.685)     0.618 0.028  (0.563,  0.674) 
MS    -0.134 0.024 (-0.180, -0.088)    -0.123 0.024 (-0.171, -0.075) 
CS    -0.097 0.039 (-0.173, -0.021)    -0.094 0.038 (-0.169, -0.018) 
AT    -0.140 0.028 (-0.195, -0.086)    -0.141 0.027 (-0.195, -0.088) 
LS    -0.400 0.018 (-0.436, -0.364)    -0.399 0.019 (-0.437, -0.361) 

Grade 7             
HS     0.611 0.025  (0.563,  0.660)     0.617 0.025  (0.568,  0.665) 
MS    -0.159 0.023 (-0.204, -0.115)    -0.162 0.023 (-0.206, -0.117) 
CS    -0.054 0.029 (-0.111,  0.002)    -0.056 0.028 (-0.111,  0.000) 
AT    -0.113 0.022 (-0.155, -0.070)    -0.114 0.022 (-0.157, -0.072) 
LS    -0.402 0.016 (-0.433, -0.371)    -0.403 0.016 (-0.434, -0.372) 

Grade 9             
HS     0.631 0.028  (0.577,  0.685)    0.628 0.027  (0.574,  0.682) 
MS    -0.165 0.023 (-0.209, -0.120)    -0.159 0.023 (-0.204, -0.113) 
CS    -0.045 0.031 (-0.105,  0.015)    -0.042 0.031 (-0.103,  0.018) 
AT    -0.148 0.026 (-0.199, -0.097)    -0.154 0.027 (-0.207, -0.102) 
LS    -0.393 0.019 (-0.430, -0.355)    -0.392 0.020 (-0.432, -0.352) 

Variance components 
of random effects 

            

Grade 5  3.042 0.419 (2.221, 3.862) 2.054 0.286 (1.494, 2.614) 2.989 0.425 (2.157, 3.822) 2.046 0.294 (1.468, 2.623) 
Grade 7  0.191 0.049 (0.094, 0.288) 0.137 0.037 (0.065, 0.210) 0.188 0.070 (0.051, 0.325) 0.136 0.048 (0.042, 0.230) 
Grade 9  1.029 0.161 (0.714, 1.344) 0.729 0.115 (0.503, 0.955) 1.051 0.170 (0.719, 1.384) 0.750 0.120 (0.514, 0.985) 

Correlations and 
covariances between 
latent factors 

 
Correlation 

 
Covariance 

 
Correlation 

 
Covariance 

 
Correlation 

 
Covariance 

 
Correlation 

 
Covariance 

Grade 5 with Grade 7 0.893 0.534 0.889 0.528 0.889 0.518 0.888 0.521 
Grade 5 with Grade 9  0.915 1.227 0.910 1.215 0.915 1.221 0.911 1.223 
Grade 7 with Grade 9  0.922 0.322 0.922 0.327 0.922 0.322 0.923 0.331 
Model Fit 
Information 

            

AIC 470006  467556   474113   471748   
BIC 471916  469547   476807   474526   
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Note. Standardized results are presented for fixed effects. Estim. = Estimated model parameters from robust maximum likelihood estimation. S.E. = Standard error. CI = 
Confidence interval. 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. In Models S1a and S1b, no school-type specific item discrimination or item difficulty estimates were accounted for. In Models S2a 
and S2b, school-type specific item discrimination and item difficulty estimates were taken into account for items exhibiting DIF. 
AIC = Akaike information criterion, BIC = Bayes information criterion. Correlations and covariances were reported based on sample statistics. 
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Table S2. Effect sizes (Cohen’s d) for school type covariates per estimated model. 

Type of School Model S1b Model S2b 
Grade 5   

HS 1.23 1.20 
MS 0.06 0.08 
CS -0.12 -0.11 
AT -0.14 -0.15 
LS -1.00 -1.00 

Grade 7   
HS 1.14 1.16 
MS -0.05 -0.05 
CS 0.05 0.05 
AT -0.09 -0.09 
LS -1.05 -1.05 

Grade 9   
HS 1.18 1.18 
MS -0.06 -0.04 
CS 0.13 0.15 
AT -0.21 -0.24 
LS -1.02 -1.01 

Note. 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 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. The clustered data structure was taken into  
account in both models. In Models S1b, school-type specific item discrimination or  
item difficulty estimates were accounted for. In Model S2b school-type 
specific item discrimination and item difficulty estimates were taken into 
account for items exhibiting DIF. 
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Table S3. Results of models for longitudinal competence development using WLEs            
(N= 7, 276) with cluster robust standard error estimation. 

Note. Standardized results are presented for fixed effects. Estim. = Estimated model parameters from  
robust maximum likelihood estimation. S.E. = Standard error. CI = Confidence interval. 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. AIC = Akaike  
information criterion, BIC = Bayes information criterion. RMSEA = Root mean square error of  
approximation. CFI = Comparative fit index. TLI = Tucker–Lewis index. SRMR = Standardized root  
mean square residual. 
  

 Model S3a  Model S3b  
 Estim. S.E. 95% CI Estim. S.E. 95% CI 

Intercept  0.040 0.041 (-0.040, 0.121)  0.045 0.030 (-0.015, 0.104) 
Competence Growth  1.479 0.087  (1.309, 1.649)  1.782 0.130  (1.527, 2.038) 

School Effects 
Grade 5 

      

HS     0.546 0.032  (0.464,  0.607) 
MS    -0.109 0.021 (-0.151, -0.067) 
CS    -0.083 0.038 (-0.158, -0.009) 
AT    -0.114 0.027 (-0.167, -0.062) 
LS    -0.360 0.023 (-0.406, -0.315) 

Grade 7       
HS     0.556 0.030  (0.497,  0.615) 
MS    -0.139 0.022 (-0.183, -0.095) 
CS    -0.048 0.028 (-0.102,  0.006) 
AT    -0.097 0.022 (-0.141, -0.053) 
LS    -0.378 0.022 (-0.422, -0.334) 

Grade 9       
HS     0.550 0.032  (0.487,  0.613) 
MS    -0.142 0.021 (-0.183, -0.101) 
CS    -0.034 0.027 (-0.086,  0.019) 
AT    -0.129 0.026 (-0.181, -0.077) 
LS    -0.348 0.024 (-0.396, -0.300) 

Variance components        
Grade 5 0.306 0.045 (0.219, 0.394) 0.416 0.038 (0.341, 0.491)  
Grade 7 0.863 0.030 (0.805, 0.922) 0.797 0.027 (0.744, 0.851) 
Grade 9 0.157 0.037 (0.084, 0.229) 0.258 0.033 (0.193, 0.323) 

 Model Fit Information       
AIC 46684 44330   
BIC 46739  44468   

RMSEA 0.067   0.104   
CFI 0.993   0.982   
TLI 0.978   0.736   

SRMR 0.026   0.012   
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Table S4. Results of models for longitudinal competence development using WLEs
(N= 7, 276) without cluster robust standard error estimation. 

Note. Standardized results are presented for fixed effects. Estim. = Estimated model parameters from  
robust maximum likelihood estimation. S.E. = Standard error. CI = Confidence interval. 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. AIC = Akaike  
information criterion, BIC = Bayes information criterion. RMSEA = Root mean square error of  
approximation. CFI = Comparative fit index. TLI = Tucker–Lewis index. SRMR = Standardized root 
mean square residual.

Model S4a Model S4b 
Estim. SD 95% CI Estim. SD 95% CI 

Intercept  0.040 0.015  (0.012, 0.069)  0.045 0.016  (0.013, 0.076) 
Competence Growth  1.479 0.081  (1.321, 1.638)  1.782 0.126  (1.536, 2.029) 

School Effects 
Grade 5 

HS  0.546 0.014  (0.519,  0.573) 
MS -0.088 0.014 (-0.115, -0.060) 
CS -0.064 0.014 (-0.090, -0.037) 
AT -0.050 0.015 (-0.079, -0.022) 
LS -0.310 0.013 (-0.336, -0.285) 

Grade 7 
HS  0.556 0.013  (0.531,  0.581) 
MS -0.140 0.012 (-0.163, -0.118) 
CS -0.047 0.011 (-0.068, -0.026) 
AT -0.109 0.012 (-0.132, -0.086) 
LS -0.400 0.011 (-0.422, -0.378) 

Grade 9 
HS  0.550 0.014  (0.522,  0.578) 
MS -0.109 0.014 (-0.137, -0.082) 
CS -0.011 0.013 (-0.036,  0.014) 
AT -0.116 0.014 (-0.142, -0.089) 
LS -0.359 0.014 (-0.386, -0.331) 

Variance components 
Grade 5 0.306 0.039 (0.230, 0.383) 0.416 0.035 (0.347, 0.485) 
Grade 7 0.863 0.022 (0.820, 0.906) 0.797 0.019 (0.759, 0.835) 
Grade 9 0.157 0.033 (0.091, 0.222) 0.258 0.030 (0.199, 0.316) 

 Model Fit Information 
AIC 46684 44330 
BIC 46739 44468 

RMSEA 0.099 0.093 
CFI 0.984 0.991 
TLI 0.951 0.861 

SRMR 0.026 0.012 
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Table S5. Effect sizes (Cohen’s d) for school type covariates per estimated model. 

Type of School Model S3b Model S4b 
Grade 5 

HS  1.02  1.02 
MS  0.07  0.07 
CS -0.10 -0.10
AT -0.09 -0.09
LS -0.87 -0.87

Grade 7 
HS  0.96  0.96 
MS -0.03 -0.03
CS 0.05 0.05
AT -0.05 -0.05
LS -0.92 -0.92

Grade 9 
HS  0.94  0.94 
MS -0.04 -0.04
CS 0.13 0.13
AT -0.17 -0.17
LS -0.83 -0.83

Note. 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 variance per  
respective indicator (i.e., reading competence per measurement occasion). 
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. The clustered data structure was taken into  
account for estimation of Model 3b but not for Model 4b. 
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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 iftests 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, ifthese tests are also administered 

to students with cognitive impairments (e.g., with special 

educational needs [SENs]), the measured 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 

© 2021 The Author(s). Distributed as a Hogrefe OpenMind article 

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. Slow processing speed may make 

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 ofthe 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. lt 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 leaming 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-Las 
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 to measure 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 examines DIF of a test 
measuring figural perceptual speed between students from 
four educational tracks in Germany. Of particular interest 
are students with SEN-L who attend special schools because 
these were not considered during the development of the 
instrument (Lang et al., 2014). Ifthe 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 test was limited to figural item material 
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. 

Psycho/ogica/ Test Adaptation and Oevelopment © 2021 The Author(s). Distributed as a Hogrefe OpenMind article 
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Materialsand 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 11). 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 
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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 (LlfBi). Reproduced with permission. 

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 

ltem Response Model 
The total error scores of each item were modeled 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 

-2 (] 
Testscore 

(z-standardized) 

School type 

D Special schools 

D Basic schools 

D lntermediate schools 

D Upper schools 

Figure 2. ltem 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 <p 
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 ltem Functioning 

In the GLMM 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 no DIF, (b) a model 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 O indicated DIF. The 
meaningfulness ofthe 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, the mode for SEN-L students was markedly 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 (cp = 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 O 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 ofthe zero-inflation parameters, we 
focus on DIF for the rate parameters of the Poisson process 
indicating the item difficulties. 

Psycho/ogica/ Test Adaptation and Oevelopment © 2021 The Author(s). Distributed as a Hogrefe OpenMind article 
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Table 1. Model comparisons of estimated item response models 

Response models WAIC SEwA1c fiwAJC SE11wA1c LOO SEwo liwo SE11wo 

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, LI= difference to the lowest 
WAIC/LOO. 

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, 
ß = -.16, 95% CrI [-0.22, -0.10] for basic secondary 
schools, ß = -.26, 95% CrI [-0.32, -0.19] for intermediate 
secondaryschools, and ß = -.29, 95% CrI [-0.35, -0.23] for 
upper secondary schools. These mean differences corre-
sponded to standardized effect sizes /J. 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 
(ß = -.07, 95% Crl [-0.14, -0.01]), while item2was more 
difficulty in basic schools (ß = .05, 95% CrI [0.01, 0.09]) 
and intermediate schools (ß = .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 
/J. of -0.27, 0.19, and 0.28, respectively. Following rules of 
thumb for the interpretation ofthese ESs, two ofthem can 

© 2021 The Author(s). Distributed as a Hogrefe OpenMind article 

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, a = .03, 90% CrI [0.00, 0.06], 
and item 3, a = .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, a = .17, 90% 
CrI [0.15, 0.19], with a posterior probability ofno variance 
of0%, which suggests differences in the difficulty ofitem 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 

Psychological Test Adaptation and Oevelopment 
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Table 2. Summary of model parameters for DIF effects 

Parameters Mdn MAO LL Cr/ UL Cr/ eMdn 

Fixed effects 

ltem 1 2.53 0.03 2.47 2.58 12.50 

ltem 2 2.79 0.02 2.74 2.83 16.22 

ltem 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) 

ltem 1 x BS -0.07 0.03 -0.14 -0.00 0.93 

ltem 2 x BS 0.05 0.02 0.01 0.09 1.05 

ltem 1 x IS -0.01 0.03 -0.08 0.05 0.99 

ltem 2 x IS 0.07 0.02 0.03 0.11 1.07 

ltem 1 x US -0.04 0.03 -0.10 0.03 0.96 

ltem 2 x US 0.03 0.02 -0.01 0.07 1.03 

Random effects (SO) 

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 

ltems in schools 

ltem 1 0.17 0.01 0.15 0.19 

ltem 2 0.03 0.02 0.00 0.07 

ltem 3 0.05 0.02 0.01 0.08 

Note. BS = basic schools, Crl = credibility interval, DIF = differential item functioning, IS = intermediate school, LL Cr/= lower limit of the 95% Crl, MAO= median 
absolute deviation of the posterior distribution, Mdn = median of the posterior distribution, UL Cr/ = upper limit of the 95% Crl; 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 Crl or the posterior probabilities of a variance of O exceeds 90%. Full results are given in ESM 1. 

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 ofDIF 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 ofproblems 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 
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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 
item material. 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 

© 2021 The Authar(s). Distributed as a Hagrefe OpenMind article 
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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. 
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Matching of Samples across School Types 

The study aims at examining context effects of different school types. Because students do 

not choose schools at random, the choice of a specific school type may depend on various 

background characteristics. Thus, school types are confounded with various student attributes. 

For example, substantially more girls attend upper secondary schools as compared to basic 

secondary schools, while the proportion of students with a migration background is typically 

higher in special and basic schools. To be able to draw causal conclusions on schooling 

effects, students were matched on gender, age (in years), migration background, and the 

number of books at home (as a proxy for cultural capital; cf. Sieben & Lechner, 2019) across 

school types. Because the number of missing values on these background variables was small 

(i.e., less than 3%), students with missing values on these variables were excluded from the 

matching procedure. To account for the nested sample structure resulting from students 

attending the same schools, we performed multilevel matching (Pimental et al., 2018). The 

goal of this procedure is to simultaneously identify schools and students that are comparable 

on the covariates. Special schools were used as the treatment group in the matching procedure 

to which the other school types were matched. 

The matching resulted in a total sample size of N = 3,313. Table S1 shows the original and 

matched samples’ characteristics broken down by school type. Overall, the matching 

procedure worked well for gender, age, and migration background. In contrast, the matching 

was unable to substantially improve the distribution of the cultural capital variable because 

the available data did not allow an exact match.  

Table S1 also reports z-standardized mean scores of a short test measuring reasoning 

abilities (Lang et al., 2014) to emphasize differences in general cognitive abilities between 

school types. As expected, the students in special schools had substantially lower reasoning 

abilities as compared to students in basic schools (d = -0.77), intermediate schools (d = -1.36), 

and upper schools (d = 1.81). These differences were negligibly affected by the matching 
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procedure, thus, emphasizing the robustness of the cognitive differences between school 

types. 

 

Table S1 

Characteristics of the Original and Matched Samples by School Type 

 Original Sample  Matched Sample 
Variable SS BS IS US  SS BS IS US 
N 911 2913 3002 4754  901 818 789 804 
n 9 17 29 33  9 8 8 8 
Number of schools 99 158 103 147  99 99 99 99 
Female (%) 0.44 0.44 0.49 0.55  0.44 0.44 0.45 0.45 
Age (M) 15.98 15.89 15.62 15.37  15.98 15.97 15.84 15.68 
       (SD) 0.64 0.69 0.59 0.50  0.64 0.64 0.61 0.58 
Migration (%) 0.28 0.38 0.23 0.18  0.28 0.28 0.27 0.25 
Cultural capital (M) 2.38 2.96 3.71 4.56  2.40 2.52 2.96 3.57 
                         (SD) 1.34 1.40 1.34 1.23  1.34 1.25 1.24 1.24 
Reasoning (M) -1.29 -0.52 0.07 0.52  -0.84 -0.17 0.38 0.75 
                  (SD) 0.87 0.87 0.84 0.79  0.80 0.81 0.81 0.76 

Note. N = Total sample size, n = Median number of students per school, SS = Special schools, 
BS = Basic secondary schools, IS = Intermediate secondary schools, US = Upper secondary 
schools. 
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Descriptive Statistics for Test Items by School Type 

The means and standard deviations of the three perceptual speed items by school type are 

summarized in Table S2. The means for the three item scores increased across school types as 

would be expected of the ability levels within the German ability-tiered school system. 

 

Table S2 

Means, Standard Deviations, and Correlations for Item Scores by School Type 

 Means (Standard deviations) 
 Item 1 Item 2 Item 3 
Special schools 18.84 (6.24) 14.43 (5.42) 15.98 (5.50) 
Basic secondary schools 21.63 (5.94) 16.41 (5.68) 18.56 (5.81) 
Intermediate secondary schools 21.51 (5.22) 17.33 (5.34) 19.58 (5.66) 
Upper secondary schools 22.37 (4.84) 18.51 (5.04) 20.34 (5.40) 
 Correlations 
 Items 1 / 2 Items 1 / 3 Items 2 / 3 
Special schools .55 .48 .69 
Basic secondary schools .53 .51 .65 
Intermediate secondary schools .57 .48 .72 
Upper secondary schools .41 .41 .64 

Note. The reported statistics are based on the number correct scores (and not the error scores). 
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Formal Specifications of the Generalized Linear Mixed-Effects Models 

The three perceptual speed items indicated the number of errors (i.e., missed targets) and, 

thus, can be described by a Poisson distribution (Baghaei & Doebler, 2019; Doebler & 

Holling, 2015) that expresses the probability to observe an error score of yvi on item i for 

respondent v as 

 𝑃(𝑌𝑣𝑖 = 𝑦𝑣𝑖) = 𝑒−𝜆𝑣𝑖𝜆𝑣𝑖 
𝑦𝑣𝑖 𝑦𝑣𝑖!⁄ . [1] 

Here, λvi represents the expected number of errors of person v on item i which is a function of 

a person’s ability θv and an item’s difficulty βi (Rasch, 1960). Applying a log-link allows 

expressing λvi as  

 log(𝜆𝑣𝑖) = log(𝜃𝑣) + log(𝛽𝑖). [2] 

In this way, the item response model can be specified as a generalized linear mixed-effects 

model (GLMM; Fox, 2010; Van den Noortgate & De Boeck, 2005) with fixed effects 

representing the item difficulties and a random effect for the person abilities: 

 
log[𝐸(𝑌|𝐼𝑖 ∈ {1,2,3}, 𝜃)] = ∑(β𝑖 ⋅ 𝐼𝑖)

𝑖

+ 𝑈𝜃 
[3] 

In [3], Ii represents three dummy-coded variables that take the value 1 if the score refers to 

item i and 0 otherwise. Because the model does not include an intercept, item difficulty 

parameters βi can be estimated for each item. As described above, the response variable Y is 

assumed to follow a Poisson distribution, while a normal distribution N(0, σθ) is assumed for 

the random person effect Uθ. 

To account for the bimodality of the response distribution (see Figure 2), the model in [3] 

can be extended by a zero-inflation process (Lambert, 1992). In zero-inflation models, two 

processes are assumed: The excess number of zeros in the data is modeled by a binomial 

distribution with the zero-inflation probability z, while a second random process occurring 

with probability (1 - z) describes the count data as in [1].  
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(1) 𝑃𝑧(𝑌 = 0) = 𝑧 + (1 − 𝑧) ⋅ 𝑃(𝑌 = 0)   if 𝑦 = 0

(2) 𝑃𝑧(𝑌 = 𝑦) = (1 − 𝑧) ⋅ 𝑃(𝑌 = 𝑦)          if 𝑦 > 0

[4] 

Using a logit-link function for the zero-inflation process enables the estimation of the zero-

inflated process as a GLMM: 

logit[𝐸(𝑌𝑧|𝐼𝑖 ∈ {1,2,3}, 𝜃𝑧)] = ∑(γ𝑖 ⋅ 𝐼𝑖) + 𝑈𝜃𝑧

𝑖

[5] 

In [5], θz represents a student’s ability to show a ceiling effect. As described above, the 

response variable Yz is assumed to follow a binomial distribution, while a normal distribution 

is assumed for the random person effect 𝑈𝜃𝑧
. However, the random effects for the zero-

inflation process and the Poisson count process are not independent but follow a joint normal 

distribution with 

[
Uθ

𝑈θ𝑧

] = 𝑁 ([
0
0

] ; [
σθ,θ σθ,θ𝑧

σθ𝑧,θ σθ𝑧,𝑧
]).

[6] 

Because students are nested in different schools, these dependencies can be acknowledged 

by including respective random school effects s: 

(1) logit[𝐸(𝑌𝑧|𝐼𝑖 ∈ {1,2,3}, 𝜃𝑧 , 𝑠𝑧)] = ∑(γ𝑖 ⋅ 𝐼𝑖)

𝑖

+ 𝑈𝜃𝑧
+ 𝑈𝑠𝑧

[7] 

(2) log[𝐸(𝑌|𝐼𝑖 ∈ {1,2,3}, 𝜃, 𝑠)] = ∑(β𝑖 ⋅ 𝐼𝑖)

𝑖

+ 𝑈𝜃 +  𝑈𝑠

Again, the random effects for the zero-inflation process and the Poisson count process are 

assumed to follow a joint distribution with 

[

𝑈θ

𝑈θ𝑧

𝑈𝑠

𝑈𝑠𝑧 ]

= 𝑁

(

[

0
0
0
0

] ;

[

σθ,θ σθ,θ𝑧
0 0

σθ𝑧,θ σθ𝑧,θ𝑧
0 0

0 0 σ𝑠,𝑠 σ𝑠,𝑠𝑧

0 0 σ𝑠𝑧,𝑠 σ𝑠𝑧,𝑠𝑧])

. 

[8]
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Finally, differential item functioning can be described as cross-level interactions between 

the item parameters Ii in [7] and the school type (Bürkner, 2019; Van den Noortgate & De 

Boeck, 2005): 

 (1) logit[𝐸(𝑌𝑧|𝐼𝑖 ∈ {1,2,3}, 𝑇𝑡 ∈ {𝑆𝑆,𝐵𝑆,𝐼𝑆,𝑈𝑆}, 𝜃𝑧 , 𝑠𝑧)] = 

        ∑ (γ𝑖 ⋅ 𝐼𝑖)𝑖 + ∑ (γ𝑡 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆} + ∑ ∑ (γ𝑖,𝑡 ⋅ 𝐼𝑖 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆}𝑖 ∉ {3} + 

        ∑ (𝑈𝜃𝑧,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠𝑧,𝑡 ⋅ 𝑇𝑡)𝑡  

[9] 

 (2) log[𝐸(𝑌|𝐼𝑖 ∈ {1,2,3}, 𝑇𝑡 ∈ {𝑆𝑆,𝐵𝑆,𝐼𝑆,𝑈𝑆}, 𝜃, 𝑠)] = 

       ∑ (β𝑖 ⋅ 𝐼𝑖)𝑖 + ∑ (β𝑡 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆} + ∑ ∑ (β𝑖,𝑡 ⋅ 𝐼𝑖 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆}𝑖 ∉ {3} + 

       ∑ (𝑈𝜃,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠,𝑡 ⋅ 𝑇𝑡)𝑡  

 

In [9], Tt represents dummy-coded variables that take the value 1 if the score was obtained in 

school type t and 0 otherwise. Here, the school types are represented as basic (BS), 

intermediate (IS), and upper (US) secondary schools. Special schools were used as reference 

category, while item 3 was used as an anchor item. Again, the random effects are jointly 

normally distributed. However, to allow for differently homogeneous ability distributions in 

the four school types, different variance components are estimated in each school type, thus, 

resulting in different variance-covariance matrices in [8] for each school type. The model in 

[9] can be flexibly extended to include, for example, item-specific random school effects Us,i 

or even interactive random school effects Us,t,i. 

As described in the main manuscript, we evaluated three different models to examine DIF: 

1. The baseline model included main effects for the school type without DIF. 

 (1) logit[𝐸(𝑌𝑧|𝐼𝑖 ∈ {1,2,3}, 𝑇𝑡 ∈ {𝑆𝑆,𝐵𝑆,𝐼𝑆,𝑈𝑆}, 𝜃𝑧 , 𝑠𝑧)] = 

       ∑ (γ𝑖 ⋅ 𝐼𝑖)𝑖 +∑ (γ𝑡 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆} + 

       ∑ (𝑈𝜃𝑧,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠𝑧,𝑡 ⋅ 𝑇𝑡)𝑡  

[10] 

 (2) log[𝐸(𝑌|𝐼𝑖 ∈ {1,2,3}, 𝑇𝑡 ∈ {𝑆𝑆,𝐵𝑆,𝐼𝑆,𝑈𝑆}, 𝜃, 𝑠)] =  
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∑ (β𝑖 ⋅ 𝐼𝑖)𝑖 + ∑ (β𝑡 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆} + 

∑ (𝑈𝜃,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠,𝑡 ⋅ 𝑇𝑡)𝑡

The corresponding random effects followed a diagonal-block structure with the block 

structure in school type t given in [11]. 

[

𝑈θ,𝑡

𝑈θ𝑧,𝑡

𝑈𝑠,𝑡

𝑈𝑠𝑧,𝑡]

= 𝑁

(

[

0
0
0
0

] ;

[

σ(θ,𝑡),(θ,𝑡) σ(θ,𝑡),(θ𝑧,𝑡) 0 0

σ(θ𝑧,𝑡),(θ,𝑡) σ(θ𝑧,𝑡),(θ𝑧,𝑡) 0 0

0 0 σ(𝑠,𝑡),(𝑠,𝑡) σ(𝑠,𝑡),(𝑠𝑧,𝑡)

0 0 σ(𝑠𝑧,𝑡),(𝑠,𝑡) σ(𝑠𝑧,𝑡),(𝑠𝑧,𝑡)])

. 

[11] 

2. The second model included DIF for the item difficulty and zero-inflation parameters.

(1) logit[𝐸(𝑌𝑧|𝐼𝑖 ∈ {1,2,3}, 𝑇𝑡 ∈ {𝑆𝑆,𝐵𝑆,𝐼𝑆,𝑈𝑆}, 𝜃𝑧 , 𝑠𝑧)] =

∑ (γ𝑖 ⋅ 𝐼𝑖)𝑖 + ∑ (γ𝑡 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆} + ∑ ∑ (γ𝑖,𝑡 ⋅ 𝐼𝑖 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆}𝑖 ∉ {3} +

∑ (𝑈𝜃𝑧,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠𝑧,𝑡 ⋅ 𝑇𝑡)𝑡

[12] 

(2) log[𝐸(𝑌|𝐼𝑖 ∈ {1,2,3}, 𝑇𝑡 ∈ {𝑆𝑆,𝐵𝑆,𝐼𝑆,𝑈𝑆}, 𝜃, 𝑠)] =

∑ (β𝑖 ⋅ 𝐼𝑖)𝑖 + ∑ (β𝑡 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆} + ∑ ∑ (β𝑖,𝑡 ⋅ 𝐼𝑖 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆}𝑖 ∉ {3} +

∑ (𝑈𝜃,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠,𝑡 ⋅ 𝑇𝑡)𝑡

The corresponding random effects structure in school type t is given in [11]. 

3. The third model additionally added item-specific random school effects Us,i.

(1) logit[𝐸(𝑌𝑧|𝐼𝑖 ∈ {1,2,3}, 𝑇𝑡 ∈ {𝑆𝑆,𝐵𝑆,𝐼𝑆,𝑈𝑆}, 𝜃𝑧 , 𝑠)] =

∑ (γ𝑖 ⋅ 𝐼𝑖)𝑖 + ∑ (γ𝑡 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆} + ∑ ∑ (γ𝑖,𝑡 ⋅ 𝐼𝑖 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆}𝑖 ∉ {3} +

∑ (𝑈𝜃𝑧,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠𝑧,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠𝑧,𝑖 ⋅ 𝐼𝑖)𝑖

[13] 

(2) log[𝐸(𝑌|𝐼𝑖 ∈ {1,2,3}, 𝑇𝑡 ∈ {𝑆𝑆,𝐵𝑆,𝐼𝑆,𝑈𝑆}, 𝜃, 𝑠)] =

∑ (β𝑖 ⋅ 𝐼𝑖)𝑖 + ∑ (β𝑡 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆} + ∑ ∑ (β𝑖,𝑡 ⋅ 𝐼𝑖 ⋅ 𝑇𝑡)𝑡 ∉ {𝑆𝑆}𝑖 ∉ {3} +

∑ (𝑈𝜃,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠,𝑡 ⋅ 𝑇𝑡)𝑡 + ∑ (𝑈𝑠,𝑖 ⋅ 𝐼𝑖)𝑡
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The corresponding random effects followed a diagonal-block structure with the block 

structure in school type t given in [11] and an additional diagonal-block for the random 

item effects. 
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Bayesian Model Specifications 

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, the adaptive no-U-turn sampler (Hoffman & Gelman, 2014). We chose weakly 

informative prior distributions for the models to focus the exploration of the parameters space 

on plausible values without restricting it. Fixed effects (e.g., the item difficulties and school 

type main effects) were modeled with normally distributed priors of N(0, 4) that are based on 

recommendations from the item response theory literature and cover the expected range of the 

latent proficiency distribution (e.g., Patz & Junker, 1999). Random effects were modeled with 

zero-truncated normal distributions of N(0, 2) to allow for larger variances as typically 

observed in item response modeling (i.e., values around 1) and accommodate the expected 

context effects of the German ability-tiered school system. Correlations between the model 

parameters were estimated using the LKJ prior distribution which allows easier sampling 

from the distribution of correlation matrices (Lewandowski, Kurowicka, & Joe, 2009). We 

used the default prior distribution of the brms package for the standard deviation of the zero-

inflation parameter, a t-distribution with t(3, 0, 2.5) because we did not have any prior 

expectations regarding that parameter The basic models without school track specific effects 

were run with two chains for 4,000 iterations of which 2,000 were discarded as warm-up 

iterations. In total, this resulted in 4,000 posterior draws for each parameter. For the more 

complex models with school track specific effects, we used four chains for 4,000 iterations 

with 2,000 burnin samples that resulted in a total of 8,000 posterior draws for each parameter. 

The posterior distributions of the parameters are summarized using the median and the 

median absolute deviation. Moreover, a 95% credibility interval was used to determine 

whether the parameter was different from zero. 
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Statistical Software 

All analyses were conducted on a 64-bit Windows 10 machine using R (version 3.5.3, R 

Core Team, 2020) and the following packages: tidyverse (version 1.3.0, Wickham et al., 

2019), tidyr (version 1.0.2, Wickham, 2020), TAM (version 3.5-19, Robitzsch, Kiefer, & Wu, 

2020), sjlabelled (version 1.1.1, Lüdecke, 2020), rstan (version 2.19.2, Stan Development 

Team, 2020), rmarkdown (version 2.0, Xie, Dervieux, & Riederer, 2020), psych (version 

1.8.12, Revelle, 2020), optmatch (version 0.9-13, Hansen & Klopfer, 2006), MBESS (version 

4.8.0, Kelley, 2020), matchMulti (version 1.1.7, Keele, Pimentel, & Rosenbaum, 2018), 

lavaan (version 0.6-7, Rosseel, 2012), labelled (version 2.2.1, Larmarange, 2020), knitr 

(version 1.25, Xie, 2020), here (version 0.1, Müller, 2020), haven (version 2.2.0, Wickham & 

Miller, 2020), ggplot2 (version 3.2.1, Wickham, 2016), dplyr (version 1.0.2, Wickham, 

Francois, Henry, & Müller, 2020), cowplot (version 1.0.0, Wilke, 2020), brms (version 

2.13.5, Bürkner, 2018), Rcpp (version 1.0.3, Eddelbuettel, 2013), gtools (version 3.8.2, 

Warnes, Bolker, & Lumley, 2020), broom.mixed (version 0.2.6, Bolker & Robinson, 2020), 

DescTools (version 0.99.41, Signorell et al., 2021), and bayestestR (version 0.4.0, Makowski, 

Ben-Shachar, & Lüdecke, 2019) as well as possible dependencies. 
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Convergence Diagnostics 

We checked several diagnostic statistics and plots to ensure the convergence of our models 

to a stationary distribution. The mixing behavior of our chains was assessed in two ways: 

visually by examining the trace plots and by considering the potential scale reduction factor 

(𝑅̂). Trace plots with chains that overlap to a large degree indicate good mixing behaviors, 

while a 𝑅̂ below 1.01 indicates convergence (Gelman et al., 2013). Moreover, the effect of 

autocorrelations within chains was evaluated visually using autocorrelation plots and the 

effective sample size (ESS). Because MCMC samples are dependent, the amount of 

correlations between subsequent draws can affect the precision of the estimates. The ESS of 

the posterior draws represents the number of independent samples with the same precision as 

the autocorrelated MCMC samples. Vehtari et al. (2021) suggest that an ESS greater than 100 

times the number of chains (in our case: 100 x 4 = 400) is sufficient for stable estimates. 

Finally, we inspected the kernel density plots of each parameter. 

Zero-Inflated Poisson Count Model without School Track-Specific Effects (see [13]) 

The trace plots (see Figure A) show good mixing behavior since the chains overlap well 

and only some spikes of the individual chains can be discerned. This finding is corroborated 

by the potential scale reduction factors (see Figure B) which range around 1 for all parameters 

and, thus, indicate good convergence (Gelman et al., 2013). The autocorrelation plots (see 

Figures C to E) show a steep decline of autocorrelations for most of the parameters and low 

coefficients by a lag of 5. Moreover, the ESS of the posterior draws were greater than 1,000 

for all parameters. Thus, autocorrelations did not bias the results and provided reliable 

parameter estimates. Finally, the kernel density plots showed symmetric distributions for all 

parameters (see Figure F). These results support the convergence of the Bayesian estimation 

model and allow interpreting the estimated model parameters. 
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Figure A 

Trace Plots for Zero-Inflated Poisson Counts Model 

Figure B 

Potential Scale Reduction Factors for Zero-Inflated Poisson Counts Model 
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Figure C 

Autocorrelation Plots for Zero-Inflated Poisson Counts Model and a Lag of up to 20 for each 

Chain (Part 1). 

 

 

 

Figure D 

Autocorrelation Plots for Zero-Inflated Poisson Counts Model and a Lag of up to 20 for each 

Chain (Part 2). 
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Figure E 

Autocorrelation Plots for Zero-Inflated Poisson Counts Model and a Lag of up to 20 for each 

Chain (Part 3). 

Figure F 

Kernel Density Plots for Zero-Inflated Poisson Counts Model 
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Zero-inflated Poisson Count Model with School Track-Specific DIF and Item-Specific 

Random School Effects (see [13]) 

The trace plots (see Figures G to M) show good mixing behavior since the chains overlap 

well and only some spikes of the individual chains can be discerned. This finding is 

corroborated by the potential scale reduction factors (see Figure N) which range around 1 for 

most parameters. Only some parameters related to the item-specific random school variances 

exhibited larger values around 1.01 or slightly above. However, overall, these results indicate 

sufficient convergence (Gelman et al., 2013). The autocorrelation plots (see Figures O to Y) 

show a steep decline of autocorrelations for most of the parameters and low coefficients by a 

lag of 10. Moreover, the ESS of the posterior draws were greater than 400 for all parameters. 

Thus, autocorrelations did not bias the results and provided reliable parameter estimates. 

Finally, the kernel density plots showed symmetric distributions for most parameters (see 

Figures Z to FF). Only the correlation between random effects in intermediate schools and the 

random school effect for item 2 seems somewhat skewed. A large part of the density groups at 

the edge of the parameter space. Since diagnostics of autocorrelation and ESS give confidence 

in sufficiently large independent posterior samples, the skewness reflects a high correlation 

among the parameters (in intermediate schools) and a random school variance close to zero 

(for item 2), rather than problems in the exploration of the parameter space. Overall, these 

results support the convergence of the Bayesian estimation model and allow interpreting the 

estimated model parameters. 
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Figure G 

Trace Plots for DIF Model (Part 1) 

Figure H 

Trace Plots for DIF Model (Part 2). 
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Figure I 

Trace Plots for DIF Model (Part 3) 

 

Figure J 

Trace Plots for DIF Model (Part 4) 
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Figure K 

Trace Plots for DIF Model (Part 5) 

Figure L 

Trace Plots for DIF Model (Part 6) 
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Figure M 

Trace Plots for DIF Model (Part 7) 

Figure N 

Potential Scale Reduction Factors for DIF Model 
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Figure O 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 1) 

Figure P 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 2) 
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Figure Q 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 3) 

 

 

Figure R 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 4) 
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Figure S 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 5) 

Figure T 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 6) 
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Figure U 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (part 7) 

Figure V 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (part 8) 
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Figure W 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 9) 

 

 

Figure X 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 10) 
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Figure Y 

Autocorrelation Plots for DIF Model and a Lag of up to 20 for each Chain (Part 11) 

Figure Z 

Kernel Density Plots for DIF Model (Part 1) 
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Figure AA 

Kernel Density Plots for DIF Model (Part 2) 

Figure BB 

Kernel Density Plots for DIF Model (Part 3) 
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Figure CC 

Kernel Density Plots for DIF Model (Part 4) 

Figure DD 

Kernel Density Plots for DIF Model (Part 5) 
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Figure EE 

Kernel Density Plots for DIF Model (Part 6) 

 

 

Figure FF 

Kernel Density Plots for DIF Model (Part 7) 
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Parameter Estimates of Zero-Inflated Poisson-Counts Models 

Model without DIF Model with DIF 
Mdn MAD l.CrI u.CrI ESS 𝑅̂ Mdn MAD l.CrI u.CrI ESS 𝑅̂ 

Zero-Inflation Process 
Fixed Effects 
Item 1 (𝛾1) -4.31 0.22 -5.89 -4.91 1319 1.00 -5.17 0.57 -6.40 -4.12 917 1.01 
Item 2 (𝛾2) -6.18 0.27 -6.69 -5.63 1400 1.00 -7.63 0.81 -9.32 -6.22 1116 1.00
Item 3 (𝛾3) -5.41 0.25 -6.75 -5.66 1235 1.00 -7.19 0.76 -8.74 -5.83 955 1.00 
School type (ref. cat.: SS) 
   Basic schools (𝛾𝐵𝑆) 0.90 0.94 -0.85 2.74 1223 1.00 
   Intermediate schools (𝛾𝐼𝑆) 0.92 0.96 -0.83 2.92 1225 1.00 
   Upper schools (𝛾𝑈𝑆) 1.60 0.88 -0.24 3.38 1110 1.00 
DIF effects (ref. cat.: SS, item 3) 
   Item 1 x BS (𝛾1,𝐵𝑆) 0.07 0.60 -1.17 1.16 2023 1.00 
   Item 2 x BS (𝛾2,𝐵𝑆) -0.21 0.55 -1.29 0.95 3541 1.00 
   Item 1 x IS (𝛾1,𝐼𝑆) -1.46 0.59 -2.61 -0.32 2176 1.00
   Item 2 x IS (𝛾2,𝐼𝑆) -0.43 0.56 -1.62 0.65 3414 1.00 
   Item 1 x US (𝛾1,𝑈𝑆) -1.45 0.58 -2.58 -0.32 2119 1.00
   Item 2 x US (𝛾2,𝑈𝑆) -0.93 0.55 -2.02 0.20 3775 1.00 
Random Effects (SD) 
Students 

σ(θ𝑧),(θ𝑧) 2.38 0.15 2.10 2.69 1020 1.01 
σ(θ𝑧,𝑆𝑆),(θ𝑧,𝑆𝑆) 2.24 0.34 1.59 2.99 972 1.01 
σ(θ𝑧,𝐵𝑆),(θ𝑧,𝐵𝑆) 3.08 0.37 2.43 3.85 2013 1.00 
σ(θ𝑧,𝐼𝑆),(θ𝑧,𝐼𝑆) 3.31 0.38 2.57 4.10 2224 1.00 
σ(θ𝑧,𝑈𝑆),(θ𝑧,𝑈𝑆) 2.79 0.33 2.17 3.48 2153 1.00 

Schools 
σ(𝑠𝑧),(𝑠𝑧) 1.72 0.14 1.44 2.01 1367 1.00 
σ(𝑠𝑧,𝑆𝑆),(𝑠𝑧,𝑆𝑆) 1.99 0.34 1.38 2.71 1521 1.00 
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σ(𝑠𝑧,𝐵𝑆),(𝑠𝑧,𝐵𝑆) 1.40 0.32 0.83 2.10 1655 1.00 
σ(𝑠𝑧,𝐼𝑆),(𝑠𝑧,𝐼𝑆) 1.47 0.30 0.87 2.10 1933 1.00 
σ(𝑠𝑧,𝑈𝑆),(𝑠𝑧,𝑈𝑆) 2.25 0.33 1.61 2.98 2329 1.00 

Items in schools 
σ(𝑠𝑧,1),(𝑠𝑧,1) 1.55 0.22 1.15 2.02 2297 1.00 
σ(𝑠𝑧,2),(𝑠𝑧,2) 0.27 0.23 0.00 0.74 2059 1.00 
σ(𝑠𝑧,3),(𝑠𝑧,3) 0.68 0.36 0.00 1.21 1020 1.00 

Poisson process 
Fixed Effects 
Item 1 (β1) 2.33 0.01 2.31 2.36 1280 1.00 2.53 0.03 2.47 2.58 1220 1.01 
Item 2 (β2) 2.65 0.01 2.62 2.67 1235 1.01 2.79 0.02 2.74 2.83 1287 1.01 
Item 3 (β3) 2.52 0.01 2.49 2.54 1290 1.00 2.69 0.02 2.64 2.73 1066 1.01 
School type (ref. cat.: SS) 
   Basic schools (β𝐵𝑆) -0.16 0.03 -0.22 -0.10 1386 1.00

Intermediate schools (β𝐼𝑆) -0.26 0.03 -0.32 -0.19 1448 1.00
   Upper schools (β𝑈𝑆) -0.29 0.03 -0.35 -0.23 1580 1.00
DIF effects (ref. cat.: SS, item 3) 
   Item 1 x BS (β1,𝐵𝑆) -0.07 0.03 -0.14 -0.00 2379 1.00
   Item 2 x BS (β2,𝐵𝑆) 0.05 0.02 0.01 0.09 4377 1.00 
   Item 1 x IS (β1,𝐼𝑆) -0.01 0.03 -0.08 0.05 2356 1.00 
   Item 2 x IS (β2,𝐼𝑆) 0.07 0.02 0.03 0.11 4687 1.00 
   Item 1 x US (β1,𝑈𝑆) -0.04 0.03 -0.10 0.03 2232 1.00 
   Item 2 x US (β2,𝑈𝑆) 0.03 0.02 -0.01 0.07 4338 1.00 
Random Effects (SD) 
Students 
   σ(θ),(θ) 0.26 0.01 0.25 0.27 1603 1.00 
   σ(θ,𝑆𝑆),(θ,𝑆𝑆) 0.23 0.01 0.21 0.25 2547 1.00 
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   σ(θ,𝐵𝑆),(θ,𝐵𝑆) 0.29 0.01 0.27 0.31 2377 1.00 
   σ(θ,𝐼𝑆),(θ,𝐼𝑆) 0.27 0.01 0.25 0.30 2394 1.00 
   σ(θ,𝑈𝑆),(θ,𝑈𝑆) 0.24 0.01 0.22 0.26 2624 1.00 
Schools 
   σ(𝑠),(𝑠) 0.18 0.01 0.16 0.20 1174 1.00 
   σ(𝑠,𝑆𝑆),(𝑠,𝑆𝑆) 0.18 0.02 0.15 0.22 2008 1.00 
   σ(𝑠,𝐵𝑆),(𝑠,𝐵𝑆) 0.13 0.02 0.09 0.16 1279 1.00 
   σ(𝑠,𝐼𝑆),(𝑠,𝐼𝑆) 0.16 0.02 0.12 0.20 1798 1.00 
   σ(𝑠,𝑈𝑆),(𝑠,𝑈𝑆) 0.12 0.02 0.09 0.15 1723 1.00 
Items in schools 
   σ(𝑠,1),(𝑠,1) 0.17 0.01 0.15 0.19 3061 1.00 
   σ(𝑠,2),(𝑠,2) 0.03 0.02 0.00 0.06 411 1.01 
   σ(𝑠,3),(𝑠,3) 0.05 0.02 0.01 0.08 548 1.01 

Correlations between Random Effects 
σ(θ),(θ𝑧) -0.57 0.04 -0.65 -0.49 985 1.00 
σ(θ,𝑆𝑆),(θ𝑧,𝑆𝑆) -0.52 0.09 -0.70 -0.34 1472 1.00
σ(θ,𝐵𝑆),(θ𝑧,𝐵𝑆) -0.60 0.06 -0.73 -0.48 1397 1.00
σ(θ,𝐼𝑆),(θ𝑧,𝐼𝑆) -0.60 0.08 -0.74 -0.46 1275 1.00
σ(θ,𝑈𝑆),(θ𝑧,𝑈𝑆) -0.60 0.08 -0.76 -0.44 1031 1.00
σ(𝑠),(𝑠𝑧) -0.68 0.06 -0.79 -0.57 1501 1.00
σ(𝑠,𝑆𝑆),(𝑠𝑧,𝑆𝑆) -0.75 0.10 -0.93 -0.55 2000 1.00
σ(𝑠,𝐵𝑆),(𝑠𝑧,𝐵𝑆) -0.73 0.16 -1.00 -0.42 1196 1.00
σ(𝑠,𝐼𝑆),(𝑠𝑧,𝐼𝑆) -0.90 0.09 -1.00 -0.69 1523 1.00
σ(𝑠,𝑈𝑆),(𝑠𝑧,𝑈𝑆) -0.55 0.15 -0.82 -0.24 1368 1.00

Note. Mdn = Median of posterior distribution, MAD = Median absolute deviation of posterior distribution, l.CrI = Lower boundary 
of the 95% credibility interval, u.CrI = Upper boundary of the 95% credibility interval, ESS = Effective sample size, 𝑅̂ = Potential 
scale reduction factor, SS = Special schools, BS = Basic secondary schools, IS = Intermediate secondary schools, US = Upper 
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secondary schools. Values in boldface indicate fixed effects for which zero is not contained in the credible interval or the posterior 
probabilities of a variance of 0 exceeds 90%. Parameter names correspond to equations [11] and [13]. 
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Sensitivity Analyses 

It could be argued that specific background characteristics of students are defining 

attributes of specific school types. For example, it is well known that girls are more likely to 

attend upper secondary schools, while boys are more likely to attend basic schools. By 

matching our analyzed samples on sociodemographic characteristics (i.e., sex, age, migration 

background, cultural capital), we examined hypothetical effects while controlling for these 

sociodemographic characteristics. This allowed us to investigate whether specific 

psychological profiles of students with SEN-L or specific context conditions associated with 

different school tracks introduced DIF. Because applied researchers might also be interested 

in knowing whether the observed samples including their specific sociodemographic patterns 

exhibit DIF, we replicated our primary analyses for a random sample of schools from each 

school track. Because the available sample sizes for the three school tracks were highly 

unbalanced with substantially more students attending, for example, upper school as 

compared to special schools, we tried to create roughly equally sized samples for each school 

track. Therefore, we conducted a two-step sampling approach. First, we randomly drew 99 

schools (i.e., the number of schools available for special schools) from basic, intermediate, 

and upper schools. In the second step, we randomly drew a proportion of students from each 

of these schools to create a total sample size in each school track that matched the sample size 

available for special schools. Basic information on the original sample and the thus created 

random sample are given in Table S3. The summary highlights that the random samples 

exhibited similar differences in the background characteristics as the original sample. For 

example, 55% of students in upper schools were girls, while this was the case for only 44% of 

students in special schools. Thus, the random samples allowed us to examine DIF across 

school types while maintaining sociodemographic differences across school types. 
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Table S3 

Characteristics of the Original and Random Samples by School Type 

 Original Sample  Random Sample 
Variable SS BS IS US  SS BS IS US 
N 911 2913 3002 4754  911 981 968 956 
n 9 17 29 33  9 9 10 10 
Number of schools 99 158 103 147  99 99 99 99 
Female (%) 0.44 0.44 0.49 0.55  0.44 0.45 0.48 0.55 
Age (M) 15.98 15.89 15.62 15.37  15.98 15.90 15.60 15.40 
       (SD) 0.64 0.69 0.59 0.50  0.64 0.71 0.56 0.51 
Migration (%) 0.28 0.38 0.23 0.18  0.28 0.40 0.23 0.20 
Cultural capital (M) 2.38 2.96 3.71 4.56  2.38 2.89 3.70 4.54 
                         (SD) 1.34 1.40 1.34 1.23  1.34 1.39 1.48 1.26 
Reasoning (M) -1.29 -0.52 0.07 0.52  -1.75 -0.72 0.07 0.63 
                  (SD) 0.87 0.87 0.84 0.79  1.14 1.10 1.07 0.96 

Note. N = Total sample size, n = Median number of students per school, SS = Special schools, 
BS = Basic secondary schools, IS = Intermediate secondary schools, US = Upper secondary 
schools. 

 

The parameter estimates of the DIF model for the unmatched samples are given in Table 

S4. For a large part, these results replicated the findings from the matched samples. The 

estimated item difficulties were equivalent and did not change. Also, standardized mean 

differences Δ between school tracks of -0.68, -0.95, and -1.15 were comparable to the 

respective results found for the matched samples. Using item 3 as an anchor item, item 1 was 

again easier in basic schools as compared to special schools, while item 2 was more difficult 

in basic schools and intermediate schools. Importantly, the respective standardized effects Δ 

of -0.20, 0.13, 0.23 were slightly smaller as compared to the DIF effects reported for the 

matched samples and, thus, did not reach our threshold for non-negligible DIF. Moreover, 

only the credible interval for the DIF effect for intermediate schools did not contain 0. Finally, 

we found comparable reliabilities in the four school tracks as compared to the matched 

samples (.74, .78, .75, and .73). In conclusion, these results give even greater confidence in 

using the administered test for perceptual speed in special schools because even the 
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unmatched sample found no pronounced DIF that might bias comparisons across school 

tracks. 

Table S4 

Parameter Estimates of Zero-Inflated Poisson-Counts Models for Random Sample 

Mdn MAD l.CrI u.CrI ESS 𝑅̂ 
Zero-Inflation Process 

Fixed Effects 
Item 1 (𝛾1) -5.09 0.57 -6.26 -4.07 837 1.00 
Item 2 (𝛾2) -7.54 0.76 -9.16 -6.20 995 1.00 
Item 3 (𝛾3) -7.05 0.72 -8.42 -5.68 978 1.00 
School type (ref. cat.: SS) 
   Basic schools (𝛾𝐵𝑆) 0.64 0.89 -1.10 2.38 1013 1.00 
   Intermediate schools (𝛾𝐼𝑆) 1.30 0.87 -4.06 2.93 880 1.00 
   Upper schools (𝛾𝑈𝑆) 1.20 0.87 -5.54 2.93 932 1.00 
DIF effects (ref. cat.: SS, item 3) 
   Item 1 x BS (𝛾1,𝐵𝑆) -0.01 0.55 -1.03 1.09 1997 1.00 
   Item 2 x BS (𝛾2,𝐵𝑆) 0.43 0.51 -5.12 1.43 3494 1.00 
   Item 1 x IS (𝛾1,𝐼𝑆) -1.30 0.53 -2.43 -0.35 2333 1.00
   Item 2 x IS (𝛾2,𝐼𝑆) -0.23 0.50 -1.21 0.75 3644 1.00 

Item 1 x US (𝛾1,𝑈𝑆) -1.13 0.53 -2.19 -0.09 2131 1.00
   Item 2 x US (𝛾2,𝑈𝑆) -0.24 0.50 -1.18 0.79 3712 1.00 
Random Effects (SD) 
Students 

σ(θ𝑧),(θ𝑧)

σ(θ𝑧,𝑆𝑆),(θ𝑧,𝑆𝑆) 2.21 0.35 1.56 2.89 1427 1.01 
σ(θ𝑧,𝐵𝑆),(θ𝑧,𝐵𝑆) 3.00 0.30 2.42 3.61 2067 1.00 
σ(θ𝑧,𝐼𝑆),(θ𝑧,𝐼𝑆) 2.74 0.30 2.17 3.37 1603 1.00 
σ(θ𝑧,𝑈𝑆),(θ𝑧,𝑈𝑆) 2.77 0.32 2.17 3.44 2004 1.00 

Schools 
σ(𝑠𝑧),(𝑠𝑧)

σ(𝑠𝑧,𝑆𝑆),(𝑠𝑧,𝑆𝑆) 1.97 0.33 1.37 2.68 1009 1.00 
σ(𝑠𝑧,𝐵𝑆),(𝑠𝑧,𝐵𝑆) 1.95 0.31 1.39 2.62 2011 1.00 
σ(𝑠𝑧,𝐼𝑆),(𝑠𝑧,𝐼𝑆) 1.51 0.29 0.94 2.08 1733 1.00 
σ(𝑠𝑧,𝑈𝑆),(𝑠𝑧,𝑈𝑆) 1.65 0.28 1.11 2.27 1464 1.00 

Items in schools 
σ(𝑠𝑧,1),(𝑠𝑧,1) 1.39 0.20 1.01 1.81 2313 1.00 
σ(𝑠𝑧,2),(𝑠𝑧,2) 0.15 0.13 0.00 0.44 2925 1.00 
σ(𝑠𝑧,3),(𝑠𝑧,3) 0.40 0.31 0.00 0.91 1191 1.00 

Poisson Process 
Fixed Effects 
Item 1 (β1) 2.53 0.03 2.48 2.73 1157 1.00 
Item 2 (β2) 2.79 0.02 2.74 2.58 1049 1.00 
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Item 3 (β3)  2.69 0.02 2.64 2.83 928 1.00 
School type (ref. cat.: SS)        
   Basic schools (β𝐵𝑆)  -0.18 0.03 -0.24 -0.11 1221 1.00 
   Intermediate schools (β𝐼𝑆)  -0.25 0.03 -0.31 -0.19 1131 1.00 
   Upper schools (β𝑈𝑆)  -0.28 0.03 -0.34 -0.22 1190 1.00 
DIF effects (ref. cat.: SS, item 3) 
   Item 1 x BS (β1,𝐵𝑆)  -0.05 0.03 -0.12 0.01 2261 1.00 
   Item 2 x BS (β2,𝐵𝑆)  0.04 0.02 -0.01 0.08 3383 1.00 
   Item 1 x IS (β1,𝐼𝑆)  -0.00 0.03 -0.07 0.06 2389 1.00 
   Item 2 x IS (β2,𝐼𝑆)  0.06 0.02 0.01 0.10 3085 1.00 
   Item 1 x US (β1,𝑈𝑆)  -0.03 0.03 -0.10 0.03 2161 1.00 
   Item 2 x US (β2,𝑈𝑆)  0.04 0.02 -0.01 0.08 3441 1.00 
Random Effects (SD)        
Students        
   σ(θ),(θ)        
   σ(θ,𝑆𝑆),(θ,𝑆𝑆)  0.23 0.01 0.21 0.25 1831 1.00 
   σ(θ,𝐵𝑆),(θ,𝐵𝑆)  0.29 0.01 0.26 0.31 1225 1.00 
   σ(θ,𝐼𝑆),(θ,𝐼𝑆)  0.26 0.01 0.24 0.28 1758 1.00 
   σ(θ,𝑈𝑆),(θ,𝑈𝑆)  0.24 0.01 0.22 0.26 1695 1.00 
Schools        
   σ(𝑠),(𝑠)        
   σ(𝑠,𝑆𝑆),(𝑠,𝑆𝑆)  0.18 0.02 0.15 0.22 2729 1.00 
   σ(𝑠,𝐵𝑆),(𝑠,𝐵𝑆)  0.14 0.02 0.10 0.17 2038 1.00 
   σ(𝑠,𝐼𝑆),(𝑠,𝐼𝑆)  0.14 0.02 0.11 0.18 1867 1.00 
   σ(𝑠,𝑈𝑆),(𝑠,𝑈𝑆)  0.12 0.02 0.09 0.15 2884 1.00 
Items in schools        
   σ(𝑠,1),(𝑠,1)  0.16 0.01 0.14 0.18 2594 1.00 
   σ(𝑠,2),(𝑠,2)  0.02 0.02 0.00 0.06 504 1.01 
   σ(𝑠,3),(𝑠,3)  0.08 0.01 0.06 0.10 1045 1.00 
  Correlations between Random Effects 
   σ(θ),(θ𝑧)        
   σ(θ,𝑆𝑆),(θ𝑧,𝑆𝑆)  -0.55 0.09 -0.72 -0.37 1831 1.00 
   σ(θ,𝐵𝑆),(θ𝑧,𝐵𝑆)  -0.63 0.06 -0.74 -0.52 1225 1.00 
   σ(θ,𝐼𝑆),(θ𝑧,𝐼𝑆)  -0.68 0.07 -0.81 -0.54 1758 1.00 
   σ(θ,𝑈𝑆),(θ𝑧,𝑈𝑆)  -0.70 0.08 -0.85 -0.54 1695 1.00 
   σ(𝑠),(𝑠𝑧)        
   σ(𝑠,𝑆𝑆),(𝑠𝑧,𝑆𝑆)  -0.72 0.10 -0.90 -0.51 2729 1.00 
   σ(𝑠,𝐵𝑆),(𝑠𝑧,𝐵𝑆)  -0.73 0.12 -0.94 -0.49 2038 1.00 
   σ(𝑠,𝐼𝑆),(𝑠𝑧,𝐼𝑆)  -0.73 0.12 -0.98 -0.49 1867 1.00 
   σ(𝑠,𝑈𝑆),(𝑠𝑧,𝑈𝑆)  -0.47 0.17 -0.77 -0.13 2884 1.00 

Note. Mdn = Median of posterior distribution, MAD = Median absolute deviation of posterior 
distribution, l.CrI = Lower boundary of the 95% credibility interval, u.CrI = Upper boundary 



38 

of the 95% credibility interval, ESS = Effective sample size, 𝑅̂ = Potential scale reduction 
factor, SS = Special schools, BS = Basic secondary schools, IS = Intermediate secondary 
schools, US = Upper secondary schools. Values in boldface indicate fixed effects for which 
zero is not contained in the credible interval or the posterior probabilities of a variance of 0 
exceeds 90%. Parameter names correspond to equation [13].  
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