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Themenblock V: Modellierung 
der Wirkungen von Unterrichtsqualität

Alexander Naumann/Susanne Kuger/Carmen Köhler/Jan Hochweber

Conceptual and Methodological Challenges 
in Detecting the Effectiveness of Learning 
and Teaching

Abstract: One major goal of research on educational effectiveness is to detect the effects 
of teaching and learning. Reliably detecting the effects of teaching and learning requires 
the identification and adequate measurement of (a) the relevant classroom processes 
and (b) outcomes on the student and the classroom level and also (c) modeling the link 
between both. The present paper aims to identify and discuss current conceptual and 
methodological challenges in regard to making inferences on the effectiveness of teach-
ing and learning. We give a brief overview of current practices, discuss key quality crite-
ria with respect to these three aspects, and identify areas in need of further development.

Keywords: Educational Effectiveness, Measurement, Student Outcomes, Multilevel 
Modeling, Validity

1. Introduction

Key to research on educational effectiveness is detecting the effects of teaching and 
learning. However, learning in schools and classes is a complex interaction of students 
and teachers (Helmke, 2015). Accordingly, the detection of factors fostering students’ 
learning in schools and classes is a demanding task that requires both sound theory and 
elaborate research methodology. Thus, our paper focuses on conceptual and methodo-
logical challenges that one faces in detecting the effectiveness of teaching and learning. 
We address three different yet interrelated methodological aspects of effectiveness re-
search: (a) the identification and measurement of relevant processes, (b) the measure-
ment of outcome variables, and finally (c) modeling the link between these processes 
and outcomes of interest. Our focus is on multilevel modeling, as multilevel models 
have become standard in educational effectiveness research (e. g., Marsh et al., 2012). 
Multilevel models account for nested data structures and allow for the partitioning of 
variances at the different levels. In the following sections, we first give a brief overview 
of current practice, before discussing quality criteria and pointing to recent develop-
ments that may have the potential to improve future effectiveness research.
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2. Identification and Measurement of the Relevant Processes 
and Outcomes

In general, detecting the effectiveness of teaching and learning requires the identifica-
tion and measurement of the relevant variables. Essentially, this initial step involves 
two central questions: (1) what are the key variables and (2) what are adequate ways of 
measuring them ?

Engaging the first question requires researchers to define their study’s key variables. 
That is, researchers need to explicitly state and theoretically substantiate which varia-
bles they expect to be associated with or to contribute to their evaluation of effective-
ness. These key variables comprise the independent variables and at least one or more 
dependent variables or outcomes, respectively. Prominent frameworks highlighting key 
dependent and independent variables in educational research are, for example, the dy-
namic model of educational effectiveness (Creemers & Kyriakides, 2008) or the utiliza-
tion of opportunity to learn models (e. g., Helmke, 2015; Seidel, 2014). Such utilization 
of opportunity to learn models distinguish characteristics related to (a) the provision of 
learning opportunities, (b) the use of the learning opportunities, and (c) the learning out-
comes. Further, they visualize potential empirical relationships and interactions.

Moreover, these models demonstrate that key variables are located at different lev-
els. Following Seidel (2014), the provision of learning opportunities comprises charac-
teristics related to the context (e. g., context of the educational system, the school, the 
classroom), the teacher (e. g., professional experience, competence), and the teaching 
processes (e. g., quality of the materials). That is, different layers of the model cover 
variables at the system, school, classroom or teacher levels. In contrast, characteris-
tics related to the use of the learning opportunities (e. g., learning prerequisites) or the 
learning outcomes (e. g., achievement) are predominantly located at the level of indi-
vidual students. Accordingly, in many cases, modeling educational effectiveness means 
modeling the cross-level effects of group-level processes on individual-level outcomes 
(Creemers, Kyriakides & Sammons, 2010; Marsh et al., 2012). In addition, the vari-
ous levels have implications for the second question relating to the measurement of the 
group-level processes and the individual-level outcomes themselves.

2.1 Measurement of the Processes

Suppose the aim of a study is to evaluate whether teaching quality (e. g., Klieme, 2018) 
is effective in fostering students’ learning. The relevant processes related to teaching 
quality dimensions are located at the classroom level. Such classroom level processes 
are typically measured in three ways: via (a) classroom observations, (b) teacher ratings 
or (c) student ratings (e. g., Fauth, Decristan, Rieser, Klieme & Büttner, 2014). Observ-
ers and teachers provide information on the same level as the process is located on, 
while students provide individual level data that are aggregated to provide information 
on the classroom level (De Jong & Westerhof, 2001; Lüdtke, Robitzsch, Trautwein & 
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Kunter, 2009). Recent research has provided a methodological foundation for dealing 
with measurement error and sampling error in such situations.

Manifest or observed scale scores carry measurement error, due to the sampling 
of the items serving as indicators for the latent variables (Skrondal & Rabe-Hesketh, 
2004). Thus, latent variable models like item response theory (IRT; e. g., Embretson & 
Reise, 2000) or confirmatory factor analysis (CFA; e. g., Bollen, 1989) models are com-
monly-applied tools for dealing with such measurement error. Still, in situations where 
individual level indicators are aggregated to form group-level constructs, additional 
sampling error arises, due to the sampling of students within classrooms.

More specifically, Marsh and colleagues (2009, 2012) distinguish two types of 
group-level constructs: namely, constructs based on (a) true group-level measures (e. g., 
classroom observations, teacher responses) and those based on (b) aggregates of indi-
vidual level responses (e. g., student ratings of teaching quality, gender ratio). While 
variables in both categories are subject to measurement error, variables in the latter cat-
egory additionally contain sampling error. The latter category comprises so-called con-
textual variables and climate variables.1 Contextual and climate variables differ insofar 
as the former are reflective aggregations, while the latter are formative aggregations of 
the individual level measures to the group level (Lüdtke et al., 2008). Reflective and 
formative aggregation have different referents; this has implications for sampling error.

For classroom climate variables, the referent is a student’s classroom or teacher. That 
is, each student rates some aspect of his or her classroom or teacher. Conceptually, the 
classroom level construct is a latent variable based on multiple indicators (i. e., individ-
ual students’ ratings). The underlying assumption is that each student rates the same 
classroom level construct. Hence, the expectation is to achieve high agreement among 
students within the same classroom. In line with this reasoning, the suggestion has been 
made to treat the idiosyncratic proportion of the students’ ratings as sampling error: that 
is, students’ ratings are treated as exchangeable (Lüdtke et al., 2009, 2011; Marsh et al., 
2009). To handle both measurement error and sampling error in climate variables as-
sessed by individual student ratings, Lüdtke, Marsh and colleagues recommend latent 
measurement and latent aggregation using multilevel CFA or structural equation (SEM) 
models, given that the sample size is sufficiently large (Lüdtke et al., 2011; Marsh et al., 
2009, 2012).

Nevertheless, within-classroom variation in ratings does not necessarily represent 
merely undifferentiated ‘noise’, but will often be of substantial interest and importance 
(Cole, Bedeian, Hirschfeld & Vogel, 2011; Schweig, 2016). Among other possibilities, 
such variation may point to actual or perceived differences in treatment by teachers (e. g., 
based on differential teacher expectations) between students or subgroups of students, 
or may indicate interpersonal friction in a classroom. Student characteristics (e. g., de-
mographic variables) can be systematically related to student ratings, potentially lead-
ing to bias in the group-level measures if classrooms differ considerably in their student 

1 Other terms in the literature that have been used synonymously to ‘climate’ and ‘contextual’ 
are ‘shared’ and ‘configural’ (see Stapleton, Yang, & Hancock, 2016).
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composition (Wagner, Göllner, Helmke, Trautwein & Lüdtke, 2013). Also, systematic 
error may be introduced in measures of group-level constructs by certain specifics of 
the measurement situation or item content (Lüdtke et al., 2011). Hence, to facilitate the 
reliable and valid measurement of group-level constructs, the factors introducing varia-
tion in students’ ratings between and within classrooms should be further investigated.

For contextual variables, the referent is the individual student; the group-level con-
struct is an aggregation of the individual level characteristics. That is, in contrast to cli-
mate variables, the students are not interchangeable, as the expectation is that students 
within the same group differ with respect to their individual characteristics. Conse-
quently, the measurement precision of contextual variables depends on the proportion of 
students assessed per class: For example, if all students within a classroom are assessed, 
a classroom’s gender ratio can be determined perfectly. On the other hand, measurement 
error increases as the number of students decreases (Lüdtke et al., 2008; Marsh et al., 
2012). In the latter case, latent aggregation of formative variables is still appropriate to 
account for sampling error, while in the former case, it is reasonable to assume that the 
contextual variable is free of sampling error (Lüdtke et al., 2008).

Nevertheless, the boundaries between contextual and climate variables are fluid. 
Hence, a group-level construct may simultaneously be both a contextual and a climate 
variable (Stapleton, Yang & Hancock 2016). In such cases, group-level constructs com-
prise both aforementioned sources of variation – that is, variation due to individual level 
differences (i. e., the contextual part) – and sampling error due to the idiosyncratic pro-
portions of the individual ratings (i. e., the climate part).

2.2 Measurement of the Outcomes

Education has manifold outcomes, comprising student achievement, cognitive out-
comes, and motivational-affective outcomes (e. g., Seidel & Shavelson, 2007). In recent 
years, non-cognitive outcomes such as well-being or interest have received increasing 
attention as prerequisites for successful student learning (e. g., Cappella, Aber & Kim, 
2016). Nevertheless, the most commonly applied criterion for judging educational ef-
fectiveness is student achievement (Klieme, 2018).

Student achievement may be assessed in multiple forms, such as educational degrees 
or grades; in educational research, student achievement is usually conceived of as a la-
tent variable measured via multiple indicators in standardized tests. Standardized tests 
may be administered at one time point or on multiple measurement occasions, in order 
to assess growth. A first step in constructing the outcome measure is scaling.

In recent years, IRT has become the method of choice for scaling achievement test 
data. Typical IRT models, such as the Rasch model (Rasch, 1961) relate students’ ob-
served item responses to underlying latent variables – that is, parameters describing a 
student’s ability and parameters related to item characteristics. While the Rasch model 
is unidimensional, as it assumes one latent ability dimension, student achievement is 
oftentimes more complex, with tasks requiring multiple abilities and skills (Klieme, 
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Hartig & Rauch, 2008). Multidimensional IRT models (MIRT; Reckase, 2009) allow for 
the incorporation of multiple person characteristics that describe the abilities and skills 
needed to solve the items, thus increasing the assessment’s informative value. Within 
MIRT models, each test item may be related to either one dimension only or to multiple 
ability dimensions at the same time (Adams, Wilson & Wang, 1997; Hartig & Höhler, 
2008). Also, IRT models may be extended to account for (a) multilevel structures, with 
students nested in classes, courses, schools or measurement occasions (e. g., Hartig & 
Kühnbach, 2006; Kamata, 2001) or (b) predictors, to explain variation in ability or item 
parameters (De Boeck & Wilson, 2004), thus providing a flexible framework for scal-
ing and analyzing cross-sectional and longitudinal data. Alternatively, researchers may 
resort to, for example, mixture distribution Rasch models (Rost, 2004) or cognitive di-
agnosis models (e. g., Leighton & Gierl, 2007).

Still, not all of the aforementioned features of IRT are used in educational research 
practice. While many studies rely on IRT for scaling (e. g., Decristan et al., 2015), very 
few use IRT or – more generally – latent variable models when analyzing process and 
outcome variables, thereby accounting for the different sources of error.

2.3 Modeling the Link between Processes and Outcomes

The previous sections have addressed the measurement of the relevant processes and 
outcome variables located at different levels within the educational system. Accordingly, 
linking processes to outcomes also requires multilevel modeling approaches. In the fol-
lowing, we address the issue of modeling the link beween processes and outcomes from 
a conceptual perspective, while an accompanying empirical paper by Köhler, Kuger, 
Naumann, and Hartig in this issue presents different modeling examples.

Essentially, researchers need to specify (a) the level of analysis, (b) the model, and 
(c) control variables. Specifying the level of analysis relates to the question of where 
we expect effectiveness to become visible (Morin, Marsh, Nagengast & Scalas, 2014). 
That is, researchers are required to clarify the level(s) that may exhibit the effects of 
processes on outcomes. These levels affect the ways data are analyzed and interpreted.

In recent years, multilevel regression (MLR) models (e. g., Raudenbush & Bryk, 
2002) have become the standard method for determining the effectiveness of learning 
and teaching (e. g., Creemers et al., 2010; Marsh et al., 2012). MLR models account for 
nested data structures with students in classes, schools or time points, respectively. Even 
when all variables are on the same level, multilevel analysis is usually advised, since 
neglecting nested data structures may lead to biased estimates (Gelman & Hill, 2006). 
Moreover, MLR models offer great flexibility when relating individual- or group- level 
independent variables to individual-level dependent variables – for example, by allow-
ing the inclusion of both manifest and latent dependent and independent variables in the 
model (e. g., Lüdtke et al., 2008).

Lüdtke, Marsh, Robitzsch and Trautwein (2011) have provided a framework to dis-
tinguish approaches using either manifest or latent variables or a mixture of both. Four 
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types of such manifest or latent covariate models are distinguished: (1) doubly manifest 
(no dealing with measurement or sampling error), (2) manifest-latent (no dealing with 
measurement error, but accounting for sampling error in contextual and climate varia-
bles), (3) latent-manifest (accounting for measurement error, but manifest aggregation), 
and (4) doubly latent models (accounting for both measurement and sampling error in 
covariates). While the doubly latent models are conceptually preferable, estimates of 
group-level effects may be unstable in practice – for example, due to small group-level 
sample sizes (Lüdtke et al., 2008, 2009). Hence, applying either manifest-latent or la-
tent-manifest models is recommended if the doubly latent approach is not feasible.

In addition, linking processes and outcomes requires specifying linear or nonlinear 
relationships in the model. While there is theoretical support for nonlinear relationships 
(e. g., Creemers, 2006), the empirical evidence is ambiguous. For example, Polikoff 
(2016) recently investigated linear and nonlinear relationships in various measures of 
teaching quality and student achievement. His teaching quality measures comprised stu-
dent ratings as well as observations, including, amongst others, the CLASS observation 
system (Pianta & Hamre, 2009). Polikoff found some indication supporting linear re-
lationships, but no evidence supporting nonlinear relationships. In contrast, both Caro, 
Lenkeit, and Kyriakides (2016) and Teig, Scherer, and Nilsen (2018) recently found in-
dications supporting curvilinear relationships of student achievement and teaching prac-
tices in 62 countries’ PISA 2012 and Norwegian TIMSS 2015 data. While the latter find-
ings are in line with positions arguing that curvilinear relationships require extensive 
data to prevent variance restrictions (Creemers, 2006), results stemming from stronger 
experimental studies would be desirable.

Finally, modeling the link of processes and outcomes entails choosing a reasonable 
set of control variables. Control variables may be conceived of as study design factors 
that, if neglected, are detrimental to the drawing of valid inferences. In practice, re-
searchers often control for specific variables because (a) it is common practice in their 
field, (b) treatment groups differ significantly on these variables, or (c) due to theoreti-
cal considerations. In educational research, controlling for students’ background or prior 
achievement has become standard practice (Sammons, 2012). In practice, many more 
control variables are used. Consequently, a more systematic approach to covariate se-
lection would appears beneficial. We elaborate on this issue in a following section, de-
scribing causal models.

3. Future Methodological Developments in Educational 
Effectiveness Research

In the previous sections, we briefly described current practices associated with detect-
ing the effectiveness of teaching and learning. In this concluding section, we address 
recent methodological developments that we expect to have the potential to open new 
possibilities for future educational effectiveness research. Specifically, we point to three 
selected areas where recent developments may foster the connection of theory and re-
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search practice: the use of causal models in effectiveness research, Bayesian inference, 
and recent trends in validity.

3.1 Causal Models

Although many effectiveness studies aim to establish causal relationships, strict causal 
claims are oftentimes precluded, due to the use of cross-sectional or correlational de-
signs (Creemers et al., 2010). In recent years, educational research has put increasing 
emphasis on quasi-experimental and longitudinal designs, as well as analytical meth-
ods that allow for a more unequivocal attribution of outcomes to classroom- or school-
level processes (Rowan & Raudenbush, 2016; Sammons, 2012). In particular, for non-
randomized designs, matching methods (e. g., propensity score matching) have become 
increasingly common alternatives to linear regression with adjustment for covariates 
(e. g., Becker, Lüdtke, Trautwein, Köller & Baumert, 2012). Still, thinking and express-
ing causal relationships in educational settings in a more formal way may be helpful in 
fostering the development of more rigorous research designs backed by sound theory. 
For example, Hedges (2007) suggested distinguishing between an inference model that 
is used to specify the relationship between a hypothesized causal factor and its predicted 
effect, and the statistical procedures that are used to determine the strength of this re-
lationship. One way to articulate such inference models is in directed acyclic graphs 
(DAGs; e. g., Pearl, Glymour & Jewell, 2016).

DAGs are formal visual representations of researchers’ (expert) knowledge and be-
liefs about the working mechanisms within a domain (Elwert, 2013). The two basic el-
ements of DAGs are nodes (i. e., variables) and arrows, which express relationships be-
tween the nodes. Missing arrows denote the lack of a relationship. Connections of two 
nodes via one or more arrows are called paths. “Acyclic” means that DAGs may not 
contain paths that can be traced along the direction of the arrows so as to arrive back at 
the starting point. Given at least three nodes A, B, and C, there are three types of paths:

 ● Causal paths with A influencing C through B (A → B → C).
 ● Non-causal paths with A and C being influenced by B (A ← B → C). Then, B is a 

so-called confounder.
 ● Non-causal paths with A and C influencing B (A → B ← C). Then, B is a so-called 

collider.

Using this notation, DAGs make explicit the assumptions on central interactions of var-
iables, in a way that is very similar to path diagrams. However, DAGs are not statistical 
but rather are hypothesized causal models (cf. Hedges, 2007). Hence, if specified cor-
rectly, a DAG captures the hypothesized (causal) structure of the relevant elements of 
a process.

In addition to making theoretical assumptions on relations explicit, DAGs provide 
one potentially beneficial way of supporting the choice of control variables. Consider 
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again three nodes A, B, and C, and suppose we would like to investigate the influence of 
A on C using linear regression. There are three causal models for these variables which 
have implications for statistical control: (1) If the ‘true’ causal model (i. e., the DAG) 
is a mediation model with A influencing C directly and also indirectly through B, con-
trolling for B in a linear regression model would only reveal the direct effect of A on C, 
while not controlling for B would reveal the total effect of A on C. (2) If B is not a me-
diator but a confounder in the causal model, controlling for B is necessary in the linear 
regression model. Otherwise, associations of A and C might be overestimated up to the 
point where an artificial relationship is found between A and C. (3) Finally, if B is a col-
lider, controlling for B in the linear regression model leads to biased estimates of the re-
lationship of A and C. In summary, whether or not to control for variable B depends on 
its status in the causal model, which should be substantiated by theory.

As an illustration, we draw on a study from medical education, which investi-
gated the relationship between medical educators’ teaching performance and the ex-
tent to which they were perceived by students as a role model as (a) teacher-supervisor, 
(b) physician, and (c) person (Boerebach, Lombarts, Scherpbier & Arah, 2013). DAGs 
were used to depict alternative conceptions of the causal associations between these 
variables. For the sake of brevity, we focus on the association between teaching perfor-
mance, teacher-supervisor and physician role models. Several control variables consid-
ered in Boerebach et al. (2013) are not included here. Figure 1 shows three of the DAGs 
that were considered as theoretically plausible in Boerebach et al. in a simplified form.

In Figure 1 A, teaching performance (TP) affects both teacher-supervisor (RM-TS) 
and physician (RM-phy) role models. Hence, teaching performance is a confounder and 
has to be controlled for when estimating the association between the role model varia-
bles. On the other hand, given no directed paths between the role model variables, the 
paths from teaching performance to each of the role model variables can be estimated 
without considering the other role model variable, respectively. In Figure 1 B, teach-
ing performance and teacher-supervisor role model are linked causally by a direct path, 
and additionally by an indirect path via physician role model. That is, at least part of the 
causal effect of teaching performance on role model as teacher-supervisor is mediated 
by the educator being perceived as a role model as physician. To estimate the paths of 
role model as teacher-supervisor, teaching performance and physician role models have 
to be controlled for. In contrast, the teacher-supervisor role model should not be con-
trolled for when estimating the path from teaching performance to role model as phy-
sician.

Finally, in Figure 1 C, physician role model acts as a collider, having directed paths 
pointing toward both teaching performance and teacher-supervisor role models. Thus, 
role model as physician must not be controlled for when estimating the directed path 
from teaching performance to teacher-supervisor role models. In contrast, to estimate 
the paths for role model as physician, teaching performance and teacher-supervisor role 
models have to be controlled for. As noted, the example adapted for this illustration has 
been simplified considerably. A more comprehensive treatment, including empirical re-
sults, can be found in Boerebach et al. (2013). Nevertheless, although we have only 
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Fig. 1: Examples for DAGS (adapted from Boerebach et al., 2013)
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considered three variables, the underlying principles are also applicable to more com-
plex settings. Accordingly, we are confident that such a way of thinking and expressing 
the hypothesized interconnections of variables and their theoretical role in our studies, 
might strengthen the ties between theory and research practice, and contribute to a more 
thoughtful and theory-based selection of control variables beyond simple statistical sig-
nificance.

3.2 Bayesian Inference

Bayesian inference plays an increasingly important role in the social and psychologi-
cal sciences (Kaplan, 2014). While Bayesian inference in the past has been exclusive to 
a rather small community, due to the high computational demands, great progress has 
been made in making Bayesian inference accessible to a wider scientific public. Today, 
Bayesian estimation is readily available in R (R Core Team, 2017) through, for example, 
JAGS (Plummer, 2003) or Stan (Stan Development Team, 2017) interfaces, and it has 
also been implemented in the widely-used Mplus software (Muthén & Muthén, 1998 –  
2017). The enhanced availability of software has led to an increasing application of 
Bayesian inference to IRT (e. g., Fox, 2010), SEM (e. g., Kaplan, 2014) and multilevel 
regression (e. g., Gelman & Hill, 2006).

Bayesian inference relies on Bayes’ theorem to make probability statements about 
hypotheses or model parameter values (e. g. Gelman et al., 2013). Probability state-
ments are expressed as probability distributions. That is, parameters are treated not as 
fixed but as random quantities. Three components are key to Bayesian inference: (a) the 
likelihood, describing the relationships within the data, (b) the prior distribution, which 
expresses the researcher’s prior knowledge or belief with respect to the parameter val-
ues, and (c) the parameter’s posterior distribution, which is the product of the prior dis-
tribution and the likelihood, and thus the foundation of Bayesian inference: The more 
uncertainty there is with respect to a parameter’s values, the wider is its correspond-
ing posterior distribution, and thus the wider is the range of values the parameter might 
probably take on. Contrariwise, if there is high certainty in a parameter’s value, its pos-
terior distribution becomes comparably narrow, with the highest probability mass or 
density in areas of the most probable values that the parameter might take on. That is, 
the posterior distribution provides information on the given probability of values a pa-
rameter might take on. Usually, posterior distributions are summarized using point esti-
mates (i. e. mean, median or mode) and interval-based measures (e. g., Bayesian credible 
intervals). For example, if a regression coefficient’s posterior mean is 0.5 and the 95 % 
Bayesian credible interval ranges from 0.3 to 0.7, one may infer that there is at least 
95 % certainty that the regression coefficient is unequal to zero, indicating a statistically 
meaningful association of the predictor and the dependent variable.

With respect to educational effectiveness research, Bayesian inference offers two 
potential benefits. From a conceptual perspective, Bayesian inference allows for “learn-
ing” about parameters by updating prior knowledge with new data, resulting in a poste-
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rior distribution that may in turn serve as a prior distribution in future analyses (Gelman 
et al., 2013). The concept of the prior distribution is thus key to Bayesian inference. 
Prior distributions may be either non-informative – that is, they carry no information 
on whether specific values are more likely than others – or informative: that is, specific 
values are a priori more likely than others. Whether researchers choose informative or 
non-informative prior distributions should depend on how much information is avail-
able, and how accurate researchers believe this information to be. On the one hand, 
Bayesian inference has regularly been criticized for its incorporation of such so-called 
subjective beliefs (e. g., Gelman, 2008). On the other hand, it has been argued that pre-
vious findings play a major role in designing empirical studies, and therefore the incor-
poration of substantiated knowledge into statistical models is consistent with common 
research practice. Still, this idea of Bayesian learning has rarely been implemented in 
educational research so far. Hence, there is little systematic knowledge available on the 
consequences of the purposeful inclusion of prior information obtained from previous 
effectiveness studies.

One of the few studies comparing informative and non-informative approaches has 
been conducted by Kuger, Kluczniok, Kaplan and Roßbach (2016). They specified 
highly informative priors from previous research on relations between structural con-
ditions and the quality of interactions in a classroom, and compared the results to those 
of a model with non-informative priors. In this case, due to major changes in classroom 
composition and educational standards, the ten-years-old information included in the 
prior was less informative than what the authors had hoped for, and model fit turned out 
to be better with uninformative priors.

From a more practical perspective, a second benefit of Bayesian estimation is that 
it conveniently allows for estimating parameters in very complex models – for exam-
ple, longitudinal multilevel growth curves, IRT or SEM models with multiple (latent) 
variables, or cross-classified multilevel structures (van den Noortgate, De Boeck & 
Meulders, 2003). Bayesian estimation does not rely heavily on large sample asymp-
totic assumptions (Fox, 2010). Thus, Bayesian statistics allows for complex modeling 
even in situations with comparatively small sample sizes. Small sample sizes usually are 
detrimental to parameter estimation using maximum likelihood (ML) estimation (e. g., 
Maas & Hox, 2005). In Bayesian estimation, the data will still dominate the posterior 
distribution if the data contain a sufficient amount of information. For example, Zitz-
mann, Lüdtke and Robitzsch (2015) recently demonstrated for the aforementioned mul-
tilevel latent covariate model that Bayesian estimation, in comparison to ML provides 
more stable estimates of group-level effects in settings with a small number of groups 
(n < 50 groups). However, researchers still need to be aware that if the data contain little 
information, estimates will be sensitive to the specification of the prior distribution.

In summary, Bayesian inference bears the potential to foster educational effective-
ness research (a) on a conceptual level by integrating prior knowledge into statisti-
cal modeling and (b) on a practical level by allowing the application of sound models 
(e. g., dealing with measurement and sampling error) that fit the demands of theory in 
the complex field of educational effectiveness. As there is increasing literature on the 
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application of Bayesian estimation of latent variable models, including very complex 
multilevel, structural equation or IRT models (e. g., Levy & Mislevy, 2016), adapta-
tion of Bayesian estimation in applied educational research should in the future become 
straightforward.

3.3 Validity

Stimulated by the release of the latest Standards for Educational and Psychological 
Testing (AERA, APA & NCME, 2014), there has been a paradigm shift in the process 
of validation. The focus of validity has moved from the validity of instruments to the 
validity of the diverse uses and interpretations of educational assessments (Kane, 2001, 
2013; Messick, 1995). Following this argumentative approach to validity, essentially, 
researchers are no longer required to provide all kinds of information on internal, con-
tent, criterion-related (and so on) validity, but rather are expected to provide such valid-
ity evidence fitting and supporting their intended use and interpretation of assessments.

In educational assessments, evidence may relate either to cognitive, instructional or 
inferential components of validity (Pellegrino, DiBello & Goldman, 2016). A cognitive 
validity component addresses domain knowledge and skills tapped by an assessment, 
while instructional components target the assessment’s alignment with the curriculum 
and teaching. Finally, the inferential component relates to the degree an assessment pro-
vides information on student achievement.

The living debate on how to assess student achievement and competencies is a prom-
inent example of this emphasis on the need for adequate validity evidence related to 
the cognitive component. For example, Blömeke, Gustafsson, and Shavelson (2015) 
argue that achievement or competency measures serve different purposes (e. g., test-
ing whether a person will be able to accomplish a job or whether a student as success-
fully mastered the content of teaching) that impact the sampling of tasks (items), how 
the tasks are implemented (e. g., assessment center vs. paper-pencil tests), and scaling 
procedures. Essentially, the authors suggest that test developers and users should be re-
quired to provide corresponding evidence suitable to the purpose of their study.

More generally, the question arises how individual level measures are conceived of 
when used to make inferences at the group level, especially on student achievement. 
While educational research has put much effort into fostering valid measurements of 
group-level constructs using individual level data, comparatively less effort so far has 
been put into the meaning of achievement measures at the group level. For example, 
relevant classroom, school or teacher characteristics are oftentimes assessed via student 
reports (e. g., Fauth et al., 2014). In such scenarios, the general strategy is to aggregate 
the student level variables to form group-level constructs that serve as predictors of stu-
dent achievement (Marsh et al., 2012). Lüdtke and colleagues (2011) argue that when 
applying this strategy, it is important to evaluate the psychometric properties of the ag-
gregated student ratings and to determine whether it even makes sense to form aggre-
gate variables in the first place.
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Consequently, researchers have investigated the multilevel factor structure of many 
group-level constructs, especially when it comes to students’ perceptions or evaluations 
of teaching. For example, Fauth and colleagues (2014) analyzed the multilevel factor 
structure of primary school students’ ratings on the three basic dimensions of teaching 
quality (Klieme, 2018). They found a three-dimensional structure both on the individual 
and on the group levels. Similarly, Kuger and colleagues (2017) investigated the dimen-
sionality of student ratings on teaching quality obtained from PISA participants. Other 
constructs under consideration include motivation (e. g., Martin, Malmberg & Liem, 
2010) and subject-related interest (e. g., Drechsel, Carstensen & Prenzel, 2011). Yet, 
while the dimensional structure of student ratings at the different levels is investigated 
regularly nowadays, the dimensional structure of student achievement at the group level 
is not. Consequently, whether the same dimensional structure of achievement holds 
at the different levels or – with respect to growth or change measures – at different 
points in time, is far less frequently investigated for achievement than for question-
naire measures. In particular, there is little knowledge on the dimensional structure, 
with respect to repeated measurements of student ability at the level of schools or class-
rooms.

Moreover, validity evidence is required not only for substantiating the measurement 
of achievement, but also for analyzing its relation to other variables. Educational effec-
tiveness research regularly uses student test scores as dependent variables in statistical 
models (e. g., Klieme, 2018; Marsh et al., 2012). However, the assumption that the in-
dividual-level student outcome measures are indeed sensitive to classroom-level teach-
ing is scarcely substantiated in effectiveness research, although researchers have regu-
larly asserted the need for evidence of instructional sensitivity (e. g., Naumann, Musow, 
Aichele, Hochweber & Hartig, 2019; Popham, 2007). Recent studies have found the 
association of teaching measures and student achievement to vary across different tests 
(e. g., Grossman, Cohen, Ronfeldt & Brown, 2014; Polikoff, 2016). That is, the capac-
ity to capture the effects of teaching may vary across tests, resulting in inconsistent con-
clusions on teaching effectiveness. Consequently, if the degree of instructional sensitiv-
ity of a test has not been clarified prior to effectiveness analyses, it may remain unclear 
whether the teaching was ineffective or whether the test was insensitive (Naumann, 
Hartig & Hochweber, 2017). Accordingly, substantiating whether, or to what degree, 
tests are actually capable of capturing the effects of teaching is vital to establishing the 
validity of inferences based on the scores.

In summary, the instructional sensitivity and dimensionality of achievement meas-
ures are two exemplary areas addressing the validity of inferences and uses of assess-
ments in educational effectiveness research. In general, we recommend that research-
ers adapt the principles of the argumentative approach to validity, as promoted by the 
latest Standards for Educational and Psychological Testing (AERA et al., 2014), as it 
may strengthen the persuasive power of their studies when they provide validity evi-
dence fitting to their claims on the effectiveness of teaching and learning. While we are 
aware that the Standards themselves do not provide hands-on guidelines on how to im-
plement the argumentative approach in research practice, there are frameworks avail-
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able that offer at least some practical guidelines on the incorporation of validity evi-
dence: for example, evidence-centered design (e.g, Levy & Mislevy, 2016; Mislevy & 
Haertel, 2006).

4. Concluding Comments

In this paper, we have discussed methodological and conceptual challenges associated 
with current practices, and future directions in educational effectiveness research. Our 
focus was on multilevel modeling. The following paper by Köhler and colleagues (this 
issue) addresses these and related issues from a more applied perspective and provides 
a demonstration of how elaborate multilevel modeling can be implemented in educa-
tional effectiveness research.
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Zusammenfassung: Ein zentrales Ziel der Schul- und Unterrichtseffektivitätsforschung 
ist die Erfassung der Effektivität von Lernen und Unterricht. Die zuverlässige Erfassung 
der Wirkungen erfordert die Identifizierung und angemessene Messung von (a) den re-
levanten Unterrichtsprozessen und (b) den Ergebnissen auf Schüler- und Klassenebene 
sowie (c) die Modellierung der Verbindung zwischen eben diesen. Unser Beitrag zielt dar-
auf ab, aktuelle konzeptuelle und methodische Herausforderungen zu identifizieren und 
zu diskutieren, wenn es um Rückschlüsse auf die Effektivität von Lernen und Unterricht 
geht. Wir geben einen kurzen Überblick über die aktuelle Praxis, erörtern wichtige Quali-
tätskriterien in Bezug auf die drei genannten Aspekte und benennen Bereiche, die weiter-
entwickelt werden müssen.

Schlagworte: Schul- und Unterrichtseffektivität, Schulische Lernergebnisse, Measure-
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